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Abstract. Basedon geometricresultsobtainedby an algorithmic
video(sequencegvaluation,agenericconceptuatepresentatiowill
be instantiatednto a representationf the specifictemporaldevel-
opmentswithin the recordedscene Suchaninstantiatedconceptual
representatiowill in turnprovide theinputfor atext generatiorsub-
system.

This contritution outlines a systemimplementationwhich re-
lies on a fuzzy metric-temporalHorn) logic to realizethe system-
internal genericrepresentationThe instantiationstepis realizedas
the searchfor a suitableinterpretationof the correspondingset of
logic formulaewherethe geometricresultsobtainedby image se-
guenceevaluationprovide the setof individuals. The practicality of
this approachs demonstratetly abstractiorprocessewhichaggre-
gatesuitablyselectedsehiclesfrom recordedoadtraffic scenesnto
avehiclequeue

1 INTRODUCTION

A suneillance systembasedon computervision usually charac-
terisesindividual — or at mostsmallsubsequenceasf —imageframes
by their assignmento onefrom a small setof admittedcateyories,
for example {no.alert, alert, congestion, inm-
nent .danger, nol estation_of others, vandalism}.
This correspondgo a patternrecognitionprocesselying on a few
discriminatingfeatures’derivedfrom local spatiotemporahtensity
or color variationsin therecordedvideodata.Suchanapproactcan
be perfectlyjustified if a systemhasto be developedundersevere
price andruntimeconstraintsln casefinely differentiatedphenom-
enahave to be distinguished however, their detectionand correct
categorisationbecomesnoreinvolved. The sameobsenation canbe
madeif the evaluationof a very local spatiotemporaknvironment
no longersufiices.A single-stepcatgory assignmenthenhasto be
replacediy anincreasinglymulti-stepanalysisprocess.

Froma slightly moredetachedgoint of view, the aforementioned
catgorisationcan be looked at as a link betweenthe video input
signhalanda conceptuatescriptionof temporaldevelopmentsn the
recordedsceneAlternativesandgeneralisationthencometo (some)
mind(s)almosteffortlessly Theextractionof a ‘featurevector’ from
imageswill be generalisedo a computervision subsystenandthe
catgoriesto a natural language textual description The process
which mediateshetweenthe video signaland the naturallanguage
termsrepresentinglifferentcateyorieswill evolve into the manipu-
lation of a full-fledgedsystem-internatonceptuatepresentatiorof
the depictedsceneand of temporaldevelopmentscapturedby the
videorecording Differentresearclavenuesopenthemselesin such
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Figure1l. Two representate imageframes(top: #400;bottom:#875)
from aroadtraffic intersectiorsequencevhich comprisesa total of 2320
frames.Theframerateof this sequencés equialentto a samplingrateof 50
framespersecondj. e.theentireimagesequenceoversslightly morethan
45 second®f roadtraffic.

acontet. It thusis no surprisethatthesebecomencreasinglypopu-
latedin recentimes,nottheleastdueto thefactthatthecontinuously
improving computingcapacityof workstationsfacilitatesthe neces-
saryexperiments:

¢ Significantefforts arerequiredto createrobustandfastcomputer
vision (sub-)systemsThesehave to extractevidencefor thoseas-
pectswhich aremostimportantfor a subsequerntonceptuatreat-
mentof temporaldevelopmentsn therecordedscene.

e Oncerelevant ‘cues’ canbe extractedwith suficient reliability,



it appeargemptingfor someresearcher devise a— preferably
unsupervised- learning appmoacd which promisesto extractthe
desiredconcepts’automaticallyfrom alearningsampleof videos.

e An alternatve approachattemptgo designa system-internatep-
resentation.

e In bothcaseghequestionariseshow thespatio-temporatievelop-
mentswithin the recordedsceneshouldbe representecht a con-
ceptuallevel. The gamutof representationso be consideredat
leastreachedrom a variety of ad-hocapproachesia grammars
andvariouskindsof automatdo differentvariantsof formallogic.

e This problemis aggraatedby the necessityto take uncertainties
with quite differentbackgroundsnto account:stocasticproper
tiesof theinputsignal,artefactsof thecomputewision subsystem
dueto simplificationsand numericalapproximationgnot to talk
aboutundetectedmplementatiorerrors;afterall, computewision
subsystemwith desireccapabilitiesarenon-trivial), andin partic-
ularthevaguenes®f naturallanguageconceptsnvolved.

e The necessityto treattime and uncertaintiesn an appropriate
mannerraisesquestionsregarding the competenceand perfor
manceof algorithmic approachegxploredin this context. The
moreambitiousa systemapproachthe morerelevant suchques-
tionswill become.

e In general,peoplewill not be satisfiedby dehugging a system-
internalconceptuatepresentationf temporalvariationswithin a
scenaecordediy avideocameraAfter aninitial reliefto beable
to inspectcommentsconsistingof a singleword conceptogether
with the actualor arepresentatie imageframe,the desirebegins
to grow to have amore‘naturallanguagdik e’ textual description
of relevant developmentsin the recordedscene.This then adds
computationalinguisticsto the setof disciplineswhich have to
bemasteredn orderto realizethe original aspirations.

Gettingall of this to work togethemrequiresaneffort which necessi-
tatesto think aboutsystemarchitecturendsystenengineeringjues-
tions. It is mucheasier however, to judgethe adequag of a textual
description-i. e.to assesshe systenperformance- thanto decide
in isolationwhethera particularapproachor intermediateresultis
‘good enough’.

2 RELEVANT LITERA TURE

‘Motion Understanding’constitutesa prominent part of ary ap-
proachto describetemporalvariationsin a scene A vivid recollec-
tion of earlyattemptsn this areacanbefoundin [20, Section3.1].

The goal to describethe ‘story corveyed by animagesequence’
in theform of a naturallanguagedext hasbeendiscussedlreadyfor
almosta quarterof a century(see,e. g., [14]). Dueto the difficul-
tiesto extractareliablegeometricdescriptionfrom real-world video
sequencediowever, mostearly publicationsrelied at leaston inter
actively extractedor correctedmageevaluationresultsasinput for
atext generationapproach- see,e.g.,[1]. As an alternatve, com-
pletelysynthesizedesultsprovidedastartingpointto testatext gen-
erationapproachVehicle trajectoriesextractedfrom real innercity
road traffic videoswere associatedvith a large numberof motion
verbshy finite stateautomatebasedon fuzzy predicate$12].

More recentpublicationdike[2] or [8] studiedthetransformation
of video sequenceto abstractconceptuabescriptionsagainstan
Al backgroundOf particularinterestin our context are Al-oriented
investigationsconcerningthe aggreation of several moving agents
into groups[10]. A morerecentlypublished broaddiscussiorof re-
latedliteratureprovidesthe backgroundor asystemapproachested
for asimplifiedassemblyscenarid3].

Alreadyin the mid-eighties Neumanrhasstudiedthe useof for-
mal logic for a system-internatepresentationf temporaldevelop-
mentsin a discoursedomain[15]. Gradually approache®asedon
formal logic asa meansfor system-internatepresentatioand ma-
nipulationof conceptuatescriptiondeganto be appliedto geomet-
ric resultsextractedby computervision subsystem&om realvideo
sequencessee[7]. The increasingmportanceof formal logic for a
conceptuahknalysisof imagesequencess alsoreflectedby contri-
butionsto a workshopin connectiorwith IJCAI-1999[18] andin a
specialissueof Imageand Vision Computingon ‘Conceptualizing
Images’(editedby BuxtonandMukerjee),in particular[9] and[6].
A similar line of reasoninchasbeenemphasizedhn [17] discussing
additionalreferences.

Alternativesfor algorithmictext generatiorhave beendiscussed
recentlyin [13]: theseapproachedo notstartfrom imageevaluation
resultsand are heaily biasedtowardsreal-time performance(not
relevantin our case).BayesianNets have beenusedto classifythe
behaior of a singleagentin parkinglot videosequenceaswell as
situationscomprisingtwo agentsin orderto insertappropriateref-
erencesnto sentenceemplateg16]. Transformation®f geometric
resultsobtainedfrom extendedreal-world image sequenceinto a
naturallanguagetext have beenreported(e. g., [4]), albeit without
treatingthe aggreationof severalvehiclesinto a queue

3 SYSTEM STRUCTURE

Dueto spacdimitations,the extractionof geometridrackingresults
from imagesequenceby a computervision subsystenwill not be
treatechere Detailscanbefound,for example,in recentpublications
citedin theprecedingsectionandin [5]. We proceednthebasisthat
akind of ‘GeometricSceneDescription(GSD)’ [15] is available.

3.1 Representationformalism

In our case sucha GSDis provided by ‘facts’ obtainedby interpre-
tation of a setof formulaegivenin a Fuzzy Metric-TemporalHorn
Logic (FMTHL) [19]. The interpretationprocesdor theseelemen-
tary or conceptualprimiti ves’ takes placewhile the resultsof the
computervision subsystenareimportedinto the subsystenfor the
conceptuatepresentationf thebehaior of singlevehiclesand—the
topicof this contritution— of groupsof vehicles,n particularvehicle
gueuesAn FMTHL inferenceengineexploits theseimported’ facts
in orderto searchfor an interpretationof FMTHL-formulae which
constitutea genericconceptuatepresentationf the behavior of cer
tain kinds of vehiclegroups.With otherwords,aninstantiatedsSD
codedasFMTHL factsprovidesthebasisto infer higherabstractions
by aninterpretatiorof correspondingchemegodedtoo, asa setof
FMTHL formulae.

All FMTHL rulesfollow theusualcorventionsin thatlogical vari-
ablesbeggin with capitalletters,whereasdentifiersfor logical con-
stant,function, and predicatesymbolsstartwith lower caseletters.
The characterpair ;- denoteshe (re-)implicationoperator a con-
junction(disjunction)betweertwo predicatess denotecbhy acomma
(semicolon) respectrely. Thetime argumentof functionsandpred-
icatesaswell asthe fuzzy ‘ degree-of-validity arehandledautomat-
ically by the FMTHL inferencesystem.The operatoralways’ indi-
cateshepremisethatthe subsequergxpression-whichis enclosed
in parentheses is valid with a fuzzy degree-of-walidity equalto 1
for atemporalinterval extendingfrom minusinfinity to plusinfinity.
Resultsof the computervision subsystenareimportedinto the con-
ceptualrepresentatiosubsystenby a (hybrid, i. e. importrelated)



predicatet r aj ect ory( Agent, X, Y, T, V, W whichis assumed
to have a dggree-of-walidity equalto 1 for eachtime point associ-
atedwith the time intenal correspondindo a framenumber in our
case20 msec.ThevariableAgent denotesa particularvehicleand
will besetto anidentifierassignedautomaticallyto a vehicleduring
its detectionandinitialisation phase X andY denotethe roadplane
coordinateof the vehiclereferencepoint, T the vehicle orientation
relative to the X-coordinateaxis of the world coordinatesystemin
theroadplane,V thevehicles speedandWits steeringanglé.

3.2 Linking geometricand conceptual
representationsof an intersection

We first needto representll relevant lanesof the scenewithin the
field of view of the recordingcamerain a manneraccessible¢o the
FMTHL inferenceengine This conceptuatepresentationf thelane
structureis derived from the geometricalmodel preparedfor the
model-basedomputervision subsystemin additionto the geome-
try, thisintersectiorrepresentatiomdicatesthe hierarchywithin the
lanestructureandotherrelationsbetweernits differentelements.

An intersectionis conceved to comprisean accessarea,a cross-
ing areaproper and an exit area.Eachof theseconstitutesa lane
elementLaneelementsareconcatenatetb form alane—seee.g.,
Figure2. Thetuple S of laneelement<E forming alaneis internally
representeadsa list which is manipulatedusingrules accordingto
the FMTHL format:
al ways (| ane(LaneEl enent, Lane) : -

access_area( LaneFEl ement
ner ge_i nt o( LaneEl emant 2 LaneEl enent )
cr OSSI ng_ar ea( LaneEl e t2
?e |nt‘o LaneEl ement3 LaneEI enment 2)
exi t_area(LaneEl enent 3)
aggregat e_| ane_el ement s(LaneEl ement , LaneEl enent 2,
aneEl ement 3, Laneg)
s & Eat e I ane eI )ements( LE1 LE2, LE3, Lane -

tupl e”add LE2. anel Lane2 s
tupl e_add( LE3, Lane2, Lane)

al ways nmenber (E [E _]).

al ways (menber(E [_|S]) :- nmenber(E S)).

al ways (tuple_add(E S, S) :- nenber(ES)).

al ways (tuple_add(E, S, [E|S]) :- not menber(ES)).

al ways (agg

3.3 Terminology

As a preparatorystepfor text generationfrom geometrictracking
results we mustprovide the naturallanguageconceptdo beused.

3.3.1 Selectiorandaggregationof vehiclegroups

Out of the setof all vehicleswhich have beendetectedandtracked
by the computervision subsystenandfor which resultshave been
‘imported’ into the conceptuakepresentatiosubsystemye select
asubsetdenotedasvehicle‘group. This selectionis alreadyimple-
mentedas an FMTHL inferencebasedon someaggreation crite-
rion, for examplethe temporalinterval within which vehiclesenter
or leave thefield of view of therecordingcameratheir typeor size,
or therequirementhatthe membersf theselectedsubsetanall be
foundalongcertainlanesin thescene.

For each'imported’ (seeabore, Section3.1) vehicle, it is recur
sively testedwhetherit is locatedon oneof thelaneelementsonsti-
tuting the laneunderconsiderationThe predicateget _gr oup col-
lectsatuple of vehicleson the specifiedane.

2 Someof theresultspresentedh the sequehave beenobtainedwith anolder
versionof the vehicle detectionand tracking— i. e. the computervision
— subsystemwhich originally usedthe rotational velocity aboutan axis
normalto boththeroadplaneandthe vehiclegroundplane.

al ways (cluster feature ent, Lane
t?aj ((ectory( gent, X, V. (Ag vV, W, 021(Agent Lane)).

on(Agent E) ; on(Agent,S)).
Vehi cl eSet ,
Amount) -

get _group(X, cluster_feature(X Lane)

al ways (on(Agent, [ E| S] ) : -
al ways (aggregate_vehicl e_group(Lane,

hlcieSet Amount ) ) .
al ways groulo(Vars Constrai nt, L|st Amount) ;-
cal | ﬁflndal Li st Vars Constraint })
card i st, Anpunt
al ways card([] 0.0).
al ways (card([H T), N1) :- card(T, N N1 is N+ 1.0).

3.3.2 Differentiatingvehiclegroupsinto subcatgories

Vehicle groups on the selectedlane are assignedto one of the
subcatgories si ngl e_vehi cl e, vehi cl e_pair, or vehi -
cl e_queue accordingto hov mary vehiclessucha group com-
prises:

al ways roup_t ype( Anount, Type) : -
ys (9 P_type ype) get _group(Anmount, Type)) .

al ways (get_group(Anount, free Iane?1 - Amaun = 02.

al ways (get_group(Anount, single_ve |cI e) :- Amaun = 1).
al ways (get _group(Anmount, vehicle_pair) ! unt = %
al ways (get_group(Anmount, vehicl e_queue) :- Ampunt > 2)

Sofar, it did notappeanecessaryo requireanadditionalcriterion
in orderto select,e. g., a vehiclequeue It is perfectlyconcevable,
however, to introducea supplementargonditionsuchthat,e. g., the
vehicleswithin a queuearenottoofar apart.

3.4 Describingthe internal state of a queue

Oncea queuehasbeendefined,it canbe attributedwith properties
relatingto its internal state This characterisethe way a queuehas
beerformedby individual vehicles for exampleaccordingo thefol-
lowing rulefor thedeterminatiorof thelastvehiclein aqueugwhich
formsthe headof thelist comprisingall vehiclesin the queue):

al ways (| ast_vehicl e_of _queue([H T], vehicl e_queue) :-
not e(be(H, the_l ast _vehicl e_of _the_queue))).

If thisrule is applied,a sideefect of thenot e-predicatewill out-
putafact— for useby the subsequeriext generatiorsubsystemsee
Section3.5- indicatingwhich vehicleis the lastoneof the queuein
question(NB the distinction betweenthe conceptof a queueanda
list asits system-internatepresentation)The headof a queuewill
bethelastvehiclein thislist, i. e.its tail element:

al ways head([H T],H).

al ways head _of the queue(Veh| cl eSet vehi I queue; i -
card n‘L ad(Vehjcl e Head
not e be( Head the_| head of the queue)))

al ways (head_of _t he_queue([H T], vehicl e_queue) : -
head_of _t he_queue(T, vehi cl e_queue)).

Additional predicatesdeterminehow mary vehicleshave joined
the queueor which vehicleshave left the queue therebyproviding
supplementarynformationaboutthe internalstateof this queuefor
example
al ways (new_vehicl e_j oi ned( Vehi cl eSet
ehicl eSet Bef ore,
_vehi cl e(Vehi cl eSet

not V = enpty ,

\)ehl cl eSet Bef ore,
cle)

addi ti onal
not e(enter (V, Type))).

al ways (additional VSB, -
y f( Ay V)

Fe

al ways f| | {;p

al ways (addl tional _vehicl e([H T],VSB, H) :-
not menber (H, VSB)).

al ways (additional _vehicle([H T],VSB, V) :-
addi ti onal _vehicle(T,VSB,V)).

S/ehi cle([],



Figure2. Theleft panelshavs animageframefrom the sequencdlustratedin Figurel, overlaidby thelanemodelfor this intersectionOnelaneseggmentof
the‘incoming’ laneenteringthefield of view from thetop left corneris marked by heary boundarylines. Theright panelexhibits the sameimage,but thistime
the ‘intersectioncrossing’'sggmentandthe ‘outgoing’ sggmentof this samelanearemarked by heary boundarylines, too. In addition,thelaneidentifiersfor
thethreesegmentsof this lanearegiven.

3.5 Textgeneration

note predicatesusedin the rules mentionedabore generatetime-
dependenfacts— for more abstractconceptsthan the elementary
importedones- of theform

interval of validity | verbphase(subjectobject)

asa sideeffect. Thesefactsareconceved asa (more abstract)con-
ceptualdescriptionof developmentsn thesceneThedescriptionsn
this form aretreatedasa text in a formal languagewhich is trans-
formedinto a Discouise RepesentatiorStructue (DRS)according
to [11]. It offers a logic-basedinguistically orientedrepresentation
of the temporaldevelopmentwithin the recordedscene.The trans-
formationof aDRSinto anaturallanguageext —i. e.the‘inversion’
of thecomputationaprocessvhich generates DRS startingfrom a
naturallanguagetext — constitutesa problemof computationalin-
guisticswhich hasnot yet beensolved in geneal. In orderto test
our approachwithin the entiresystemscontext, we createda simple
tool to generatea text from the DRS resultingfrom the precedingly
describedstepsin analogyto [4].

4 RESULTS

Theapproactdiscussedh the precedingsectionshasbeentestedus-
ing amongstthersthe imagesequencdlustratedin Figurel. The
computervision subsystemassignedautomaticallya unique object
identifierto eachvehiclewhich hadbeeninitialized for tracking.Fig-
urel shavsidentifiersassignedo thosevehicleswhich queueup on
theleftmostthrough-lanej. e.theonemarkedin Figure2 by heary
boundarylines. The conceptualtepresentatioinstantiatedor these
vehiclesis givenin the form of a list of time-dependenpredicates
(seeSection3.5). Thetwo numbersseparatedby a colonat the start
of eachline indicatethetime (i. e.framenumber)interval wherethe
predicatefollowing afterthe exclamationmarkhasbeeninstantiated.
The treatmentbof motion verbslike ‘enter’ correspondso thatfor a
singleagent4].

1: 80 ! be_free Ef bj_ZL
81 : 81 ! enter(obj_2,the_l ane).

81 81 drive_on(obL_Z fobj _2)
81 219 be(obj_2, the_|ast_vehicle_of the_queue)
81 1654 be(ob] "2, the”head”of _t he_gueue)
220 220 enter(ob) _6 ,The_laneg: .
220 220 forng he Vehicl €5, ve ;cle_palrL
220 349 be(obj 6, the_| ast_vehicl e"of _the_queue)
350 : 350 enter(obj _8, The_lane).
350 350 forng he Vehi cl €5, queue?
350 : 479 be(obj 8, the_| ast_vehicle_of the_queue)
480 : 480 enter(ob) _9 Fhe_lane%
480 560 be(obj 9, “the | ast_vehjcl e_of _the_queue)
561 : 561 enter ob&_lz “the_Tane
561 575 1 be(ob] 127 the | ast_vehjcle_of _the_queue)
576 576 | eave(0obj _12, The_queue
576 709 be(obj _9, “the_| ast_vehj ci e_of _the_queue).
710 710 enter(ob] 15, "the_Tane
710 : 1449 be(obj 157 the_| ast_vehi cl e_of _the_queue)
1361 : 1361 | eave(0bj _8, the_queue
1450 : 1450 | enter obg_ZS the_l an
50 : 1569 be(ob] 257 the Iast ve i cl e_of _the_queue)
570 : 1570 ent er ob%_27 the_| aj
570 : 1749 be(ob] 277 the Iast vehlcle of _t he_queue)
655 : 1655 eave(obj _2 tﬁe_gu
655 : 1725 be(ob] _6, "the_he of _the_queue)
726 : 1726 eave(obj _6, The_queu eg
726 @ 1912 be(ob] _9, "the_head_of the_queue).
1750 : 1750 ent er obb_29 the_Tane
1750 : 2266 be(obj _29; | ast ve i cl e_of _the_queue)
1913 : 1913 eave obg_g tﬁe que
1913 : 2012 be(obj 1 he_head of t he_queue) .
2013 : 2013 eave ob _15, The_queuge
2013 : 2099 | be(ob s the_hea of he_queue) .
2100 : 2100 eave bj_25 the
2100 : 2100 orng he_Temmi ni ng veh|c|es vehjcle_pair).
2100 : 2196 be(o 27, the head of the_queue).
2197 : 2197 eave Obb 27, the
2197 : 2266 be(ob t he head of “the_queue).
2267 : 2320 be free(fobj 2y

Basedon this system-internakonceptualrepresentatiorin the
form of a conjunctionof instantiatednetric-temporapredicatesthe
following text hasbeenderived, seeFigure 3. Similar resultshave
beenobtainedfor other lanesat this intersectionand for vehicle
groupsrecordedat otherintersections.

5 CONCLUSIONS

Theentiresystemhasbeendesignedieliberatelyonthebasisof reli-
ablemethodologicabpproaches3D-model-basedracking of vehi-
cles,afuzzy metric-temporakxtensionof first orderpredicatdogic
asaformalismfor conceptuatepresentationgndDiscourseRepre-
sentatioriTheoryto establisha link betweerthe system-internaton-
ceptualrepresentatioandthe naturallanguageext to be generated.
We tried to avoid placingoneheuristicon top of anotherevenif this
still precludeseal-timeexperimentsTheimport of resultsobtained



“Obj _2 enteredhelane.Laterobj_6 enteredhelane.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 wasthe headof thequeue.

In the meantimeobj_9 enteredhelane.lt wasthelastvehicle
of thequeue.

In themeantimeobj_12 enteredhelane.lt wasthelastvehicle
of thequeue.

It left thequeueln themeantimeobj_9 wasthelastvehicleof

thequeue.

In themeantimeobj_15enteredhelane.lt wasthelastvehicle
of thequeue.

In the meantimeobj_8 left thequeue.

In themeantimeobj_25enteredhelane.lt wasthelastvehicle
of thequeue.

In themeantimeobj_27 enteredhelane.lt wasthelastvehicle
of thequeue.

In the meantimeobj_2 left thequeue.

In the meantimeobj_6 wasthe headof the queue.lt left the

queue.

In the meantimeobj_9 wasthe headof the queue.

In themeantimeobj_29 enteredhelane.lt wasthelastvehicle
of thequeue.

In the meantimeobj_9 left thequeue.

In the meantimeobj_15 wasthe headof the queuelt left the

queue.

In the meantimeobj_25 wasthe headof the queue.The re-

mainingvehiclesformeda pair. Obj_25left thelane.

Later obj_27 left the lane.In the meantimeobj_29 remained
assinglevehicle”

Figure3. Outputtext generatedrom theinternalconceptual
representatiom Section4 for the vehiclequeuesllustratedin Figurel.

by a 3D model-basedomputervision subsysteme. g., obviatesthe
needfor theinferenceprocesso compensatéor specialcaseslueto
workingin the2D picturedomain We thusattempto facilitatea sys-
tematicsearchor the currentlywealestlink in theentireprocessing
chain.

Olwviously, the final text outputleaves muchto be improved re-
gardingstyle. This obsenration allows, however, to illustrate some
of the lesson=fferedby a systemsapproachThe monotonougef-
erenceto obj ect _nn could be replacedby adjectves (indicating,
e.g., color) providedthecomputewisionsystemis ableto determine
the correspondingvehicle propertiesrobustly. Even more involved
abstractionsvill beintroducedfor examplemeging andsplitting of
vehicle queuesThe inclusion of representationfor additional be-
havior of vehiclesandotherforms of vehicleaggr@ationsshouldbe
possiblewithout modificationsof the methodologicabpproachEx-
perimentsin thesedirectionswill includerunswith differentvideo
input sequence orderto studythe robustnesof the approachre-
portedhere.Theinterestingpoint will be at which stageof suchex-
plorationsit will becomeadvisableor necessaryo modify or extend
theapproachWe areaware,too, thatwe still usesome'sharp’rather
thanfuzzy spatial predicatesfor exampleon.

Experiencehasshavn, however, that seeminglysimpleimprove-
mentsmay have consequenceall along the processingchain and
thusneedconsiderablefforts until they operatereliably. The possi-
bility to investigatesuchquestiondn the context of a basicallyop-
erationalsystemis likely to provide feedbackfor more theoretical

studiesof representationdbrmalismsand propertiesof relatedin-
ferencemechanisms.
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