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Abstract. Text-to-logicconversionis studiedin a systemapproach
whichextractsaconceptualrepresentationof temporaldevelopments
within aroadtraffic scenerecordedby avideocamera.A FuzzyMet-
ric TemporalHornLogic (FMTHL) facilitatesa schematicrepresen-
tationof roadvehiclebehavior at intersections.Geometricresultsof
a model-basedvehicledetectionandtrackingsubsystemareusedto
interpretthis genericconceptualFMTHL representationin orderto
obtaina conceptualdescriptionof the specificdevelopmentsin the
recordedtraffic scene.

Onetaskacceptsanaturallanguage(NL) Englishtext formulation
of thegenericconceptualknowledgeandconvertsthis into theinter-
nal FMTHL representation.This requiresto distinguishalgorithmi-
cally betweendiscourse-relatedandscheme-relatedNL statements.
A separatesecondtaskcreatesasyntheticvideosequencefrom aNL
text, usingasmuchaspossiblethesameapparatusasthefirst one.A
comparisonbetweengenuineroadtraffic videosequencesandthose
generatedsyntheticallyallows to testboththetext-to-logic transfor-
mationandthe useof geometricknowledgerepresentedwithin the
entiresystemfor imagesequenceevaluationandsubsequentinterpre-
tation.Resultsobtainedby theexecutionof bothtasksarediscussed.

1 INTRODUCTION

An (artificial) cognitive visionsystemdoesnot only evaluateimage
sequencesup to the level of numericalresults,it shouldalsoderive
a conceptualdescriptionof temporaldevelopmentsin the recorded
scene[14]. Sucha taskrequiresschematicknowledgeaboutthedo-
mainof discourse,i. e. aboutthe– stationaryandtime-dependent–
scenegeometryandaboutthetemporalevolutionwithin therecorded
scene.It will beanadvantageif theuserof suchasystemcanprovide
therequiredknowledgewithouthelpbya systemsspecialist. Wethus
proceedon thehypothesisthata userprefersto provide therequired
knowledgein his ownwords– see,for example,[16].

We thus need an automatictransformationprocessderiving a
machine–usablerepresentationof knowledge from a natural lan-
guagetext input. In our systemapproach,the knowledge about
the behavior of agentsis representedin form of situation graph
trees(SGTs)asdescribedin [17]. Thesegraphsconsistof situation
schemes(nodes),whichdescribethestateof anagentandits environ-
mentat onediscretepoint of time – corresponding,e.g., to a (half-)
frameof an imagesequence– andthe actiontheagentis supposed
to carryout in thatstate.Theseschemesareconnectedby prediction
edgesleadingfrom oneschemeto (potential)successorschemesfor
thenext time step,building a directedsituationgraph. In additionto
thesepredictionedges,specializationedgescanconnecta situation
schemewith anothersituationgraph,which meansthatthesituation
is temporallyor conceptuallydescribedby this additionalgraphin a
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moredetailedway. Thesespecializationedgesthusestablisha tree–
like structurewith moredetailedschematicdescriptionsat the leaf
nodes.For anautomaticexploitationof thesebehaviorschemes, the
SGTsaretransformedinto alogicprogramof a fuzzymetrictemporal
Horn logic (FMTHL [17,8]). An automatictransformationof anatu-
ral languagedescriptionof schematicbehavior knowledgetherefore
aimsat this representationof anSGTdescribedin a logic programas
a result.

It turnsout to bedesirablefor testingpurposesto beableto invert
this process,namelyto generatea syntheticimagesequenceby ana-
lyzing atext: anoriginal imagesequence(OIS) is evaluatedresulting
in anaturallanguagetextualdescription,basedon schematicknowl-
edgederived from naturallanguagetexts. Theresultof this process
is visualizedin theform of a syntheticimage sequence(SIS),which
canbecomparedwith theOIS.In thisway, contradictionsandshort-
comingsof themachinevision system,theknowledgebaseandthe
visualizationprocessshouldberecognizedmucheasier.

For both tasks– the automaticacquisitionof behavioral knowl-
edgefrom naturallanguagetextsandtheanalysisof naturallanguage
texts for generatingsyntheticimagesequences– we usethe same
systemapproachandthesameintermediaterepresentationsin form
of FMTHL–programs.

2 RELATED WORK

A survey of systemapproachescreatinghigh–level descriptionsfrom
imagesequencescan be found in [9]. Several differentknowledge
representationformalismsareusedin thesystemscitedthere– both
for knowledgeaboutstaticandtime-varyingscenecomponents.[4]
proposea machine–learningapproachto acquireknowledgeabout
eventsin theobservedscene:sequencesof primitiveobject–relations
are automaticallyextractedand clusteredduring a learningphase.
Theseclusteredsequencesare usedto classify new sequencesof
object–relations.[1] alsoapplyamachine–learningapproach,on the
basisof ConceptualSpaces(see[5]) andtime–delayneuralnetworks.
As pointedout in [4], onecould criticize the machine–learningap-
proachin two points:first, a sufficienttrainingsethasto beprovided
covering everything the systemis meantto learn,and secondly, it
is not alwaysclearhow the trainingmethodinfluencestheresulting
knowledgeobtainedfrom the training set.In addition,the associa-
tion of learnedeventswith linguistic conceptshasto beestablished
by thehumanoperatoror useragain[4]. In [1], only theassociation
of basicconceptswith occurrenciesin thesceneis learnedby thesys-
tem.A knowledgebase(‘Linguistic Area’), whichdescribeslinkages
betweenbasicconceptshasto beprovidedexplicitly by theuser, too.

For the visualizationof texts several approachescan be found.
The project WordsEye(see[2]) visualizestexts which containde-
scriptionsof staticaswell asdynamicaspectsof a scene.Themain
focus,however, lies on the static relations,i.e. the look of objects



(e.g.,color� , size)andspatialrelationsbetweenobjects.The Kairai
virtual actorsystem(see[18]) is designedin orderto understandnat-
ural languageinstructionsfrom verbalandwritten inputwherebythe
usercancontrolsoftwarerobotswithin a givenvirtual world. In the
projectUlysse[7] theusercanutter instructionsin orderto navigate
in a virtual world. The Virtual Director project (see[13]) analyses
bothstaticanddynamicaspectsof ascenein aparkdomaindescribed
in the text. The systemCarSim(see[3]) generatesa 3D simulation
from a text describinga caraccident.

3 TEXT TRANSFORMATION

The processwhich transformsa naturallanguageinput text into an
FMTHL–representationof the knowledgegiven by the text is de-
picted in Figure 1. Each (intermediate)representationof the dis-
courseenteredasa text is shown asa rectangle,while processsteps
which transformonerepresentationinto anotheronearedepictedas
numberedhexagons.Additional knowledgeusedto supporta trans-
formationstepis representedby ovals.Thick arrowsrepresentaflow
of data,while dashedarrowsdepicttherelation‘ is usedin’ whenever
a processneedsadditionalknowledge.

First a text is parsedin orderto determineits syntaxtree(process
1). Thissyntaxtreeis transformedby (2) into a DiscourseRepresen-
tationStructure(DRS)byusingconstructionrules(CRs)asproposed
in theDiscourseRepresentationTheory(DRT) [10]. A CR consists
of a triggering structure anda setof actions. A triggeringstructure
representsa branchof a syntaxtree.If thesyntaxtreefor thegiven
text containsthe triggeringstructureof a CR, this rule’s setof ac-
tions is applied.Suchactionscomprisemodificationsof the syntax
treeand/oradditionsof elementsto the DRS.A DRS is called‘re-
duced’if thecorrespondingsyntaxtreehasbeencompletelyerased
while executingthe actionsof matchedCRs.In a next transforma-
tion step(3), a logic programis derived from sucha DRSbasedon
TransformationRules(TRs). A TR consistsof a pattern–DRSanda
setof actions.If thepattern–DRSof aTR matchespartof aDRS,the
TR’s actionsarecarriedout. Theseactionscancomprisemodifica-
tionsof theexisting DRSand/oradditionsof rulesto the logic pro-
gram.While performingthesetransformations,two typesof knowl-
edgehave to bedistinguished:

� discourse-specificknowledgerefersto behavior of agentsin the
scenedomain.� scheme-specificknowledgerefersto knowledgeabouthow thedo-
main specificstatementsin the text have to be convertedinto a
logic representationof thebehavior of agents.

Thesetwo kinds of knowledge are distinguishedby meansof a
so-calledsemanticdictionary. Theentriesof this dictionaryconsist
of apatternof oneor moreDRS-predicatesandasetof actionswhich
is processedif thepatternis foundin aDRS.Thesepatternsallow to
actwith thenamesof conditionsin contrastto thepatternsof atrans-
formationrule which containstructuralinformationonly. A condi-
tion calleddecompose thuswill be treatedin a differentmanner
thana conditioncalledconcatenation. Thesemanticdictionary
andthe transformationrulesallow to derive a logic programwhich
correspondsto thesituationgraphdescribedin theprocessedtext.

(1) and (2) are automaticallygeneratedby the so–calledDRS–
Creator–Generator. This tool takesthe textual definition of a gram-
maraswell asof CRsandautomaticallybuilds a DRS–Creatorac-
cordingto thesedefinitions.This approachfacilitatesusto focuson
linguistic problemsinsteadof programmingdetailswhile generating
a new DRS–Creator(e.g.,for Germantexts) andto quickly extend
anexistinggrammar. Theonly additionalknowledgeneededthenfor
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Figure 1. Transformationprocessfrom anaturallanguagetext input to an
FMTHL logic representation.

theDRS–creationis thesyntacticdictionary, which yieldssyntactic
informationaboutwords,e.g.,partof speech,gender, etc..

4 EXPERIMENTAL RESULTS

4.1 Behavioral knowledge extraction

Thefirst exampleconcernstheprocessingof thetext:

‘crossingan intersection’ is decomposedinto a concatenation
of ‘driving to theintersection’,‘driving acrosstheintersection’
and‘leaving theintersection’.

This text describesthesituationof anagentcrossingan intersection
to betemporallydecomposedinto a concatenationof threeothersit-
uations(see,e.g., [8]). The analysisof this text – given a suitable
grammarandalsosuitableCRs– resultsin thefollowing DRS:

DRS1
DR1 DR2 DR5 DR6 DR7 DR8 DR9

PDR1 PDR2
ER44 ER46 ER48 ER50 ER52

leaving the intersection(ER50)
crossing an intersection(ER48)

driving across the intersection(ER46)
driving to the intersection(ER44)

concatenation(DR2)
intersection(DR1)
CONJUNCTIVE(PDR2)
CONJUNCTIVE(PDR1)

agens(DR9)
agens(DR8)
agens(DR7)
agens(DR6)
agens(DR5)

of(DR2,PDR2)

PDR1= � (ER46,ER50)

PDR2= � (ER44,PDR1)

ER44:
DRS2

drive(DR5)
to(DR1)

ER46:
DRS3

drive(DR6)
across(DR1)

ER48:
DRS4

cross(DR7,DR1)

ER50:
DRS5

leave(DR8,DR1)

ER52:
DRS6

into(DR2)
decompose(DR9,ER48)

Accordingto [10], a DRSalwaysconsistsof a universeof referents
andasetof conditions.Thefirst threelinesof theDRSabove list the
referentsof theDRS,whereDR standsfor discoursereferents(for in-
dividuals),PDR meansplural discoursereferent (setsof otherrefer-
ents)andER alwaysdenotesreferentsfor events(eventreferent). The
restof this DRS comprisesthe setof conditions.Theseconditions
canexpressfeaturesof referents(agens(DR9)), relationsbetween
referents(leave(DR8,DR1)), but alsomorecomplex conditions
like the definition of PDRsor ER–definitionscomprisingthe name
of theER anda DRSdefiningthepartof thediscourseconnectedto
thatER.

The transformationof this DRS into a logic programrepresent-
ing anSGTstartswith the(repeated)applicationof a particularTR
identifyingexplicitly mentionedsituations.This TR hastheform:



TR SITMATCH1
PatternDRS:

DRS1
vER1

vNAME1(vER1)

vER1:
DRS2

Actions:
collectDRKnowledge(DRS2);
addNewAttribute(SIT(vER1));
addNewAttribute(EVAL(vER1));
d = DRS2.copy();
e = new DRS();
e.addNewName(vNAME1(vER1));
addNewPredicate(SITSTATE(vER1,d));
addNewPredciate(SITNAME(vER1,e));
addNewPredciate(PREDICT(vER1,vER1));
removePredicate(vNAME(vER1));

This TR searchesin the DRS for an ER anda name–conditionfor
that ER. Oncethis patternhasbeenfound, the actionslisted in the
actions–blockof the TR are executed,addingseveral new condi-
tions to the DRS (for examplean attribute–conditionSIT(vER1)
which marksthe ER as representinga situation).Then thosecon-
ditions which led to the applicationof the TR (namelythe name–
conditionand the ER itself) aredeletedfrom the DRS. OtherTRs
analogouslytransformthe DRS–conditionsconcerningthe collec-
tion of threesituations(expressedasPDRs)andshift remainingcon-
ditionsfrom insideof ER–definitionsup to the top–level DRS.This
for exampletransformsthe conditionsdecompose(DR9,ER48)
and into(DR2) of the definition of ER52 in the DRS into
conditions of the form decompose(ER52,DR9,ER48) and
into(ER52,DR2) of theDRS.Thenext transformationstepscon-
cern the distinctionof discourse–andscheme–specificknowledge.
With TRslike

TR DICTPRED3
PatternDRS:

DRS1
vDR1

vATTRIBUTE1(vDR1)

Actions:
callActions(vATTRIBUTE1(vDR1));
removePredicate(vATTRIBUTE1(vDR1));

and

TR DICTPRED4
PatternDRS:

DRS1
vDR1

vER1 vER2
vPREDICATE1(vER1,vDR1,vER2)

vER1:
DRS2

vER2:
DRS3

Actions:
callActions(vPREDICATE1(vER1,vDR1,vER2));
removePredicate(vPREDICATE1(vER1,vDR1,vER2));

(amongothersusingslightly differentpatternsdueto differentnum-
bersand typesof argumentsof conditions)this distinction can be
achieved.As canbeseenabove, eachof theseTRscomprisesa pat-
ternwith onecondition.This is anattribute–conditionwith oneDR
astheargumentin thefirst caseandapredicate–conditionwith three
arguments,oneER,oneDR andanotherER,in thesecondcase.The
actions–blockof theseTRsalwaysconsistsof themethodcallAc-
tions(<condition>) and the deletion of the one pattern–
condition. The methodcallActions causesthe transformation
processto querythesemanticdictionaryfor themeaningof theDRS–
conditionwhichwasmatchedby theTR. Within thesemanticdictio-
narythesetwo entriesareimportantfor theexampledescribedhere:
...
ATTR:concatenation(vDR 1) {

PRED:of(vDR 1, vPDR 1) {
[ replaceOccurrencies(vDR 1, vPDR 1)]

}}

PRED:decompose(vER 1, vDR 1, vER 2) {
PRED:into(vER 1, vPDR 1) {
ATTR:SITLIST(vPDR 1) {

[ concatenateSituations(vPDR 1)
specializeSitWithGraph(vER 1, vER 2, vPDR 1)]

}}}
...

Eachentry in this dictionarystartswith oneDRS–condition(the
key–entry), whereATTR describesanattribute–conditionandPRED
a predicate–condition.This key–entrythencanbe followed by one
or moresub–entries,eachconstrainingthemeaningof thekey–entry
by additionalconditions,which themselvesagaincancomprisesub–
entries.The leavesof this entry–tree aregiven by a list of actions
which at last definethe meaningof all the conditionstogethercol-
lectedon a pathfrom thekey–entryto that leaf. The readingof the
first entry given above could thus be circumscribedas: the mean-
ing of concatenation(vDR 1) – given the additional condi-
tion of(vDR 1, vPDR 1) – is the executionof the action re-
placeOccurrencies(vDR 1, vPDR 1). The occurrenceof
the conditionconcatenation(DR2) in the DRS shown above
thus will lead to the applicationof TR DICTPRED3(seeabove).
This invokesaqueryto thesemanticdictionaryand– becauseacon-
dition of (DR2,PDR2) canbefoundin theactualDRS,too– this
will leadto theexecutionof themethodmentionedabove.

The whole transformationof the example–DRS– which could
only be outlinedheredueto spacelimitations – comprises43 TR–
applicationsusing14 differentTRs.The remainingTRs not treated
hereservedifferentotheraspectsof thetransformation.ThelastTRs
appliedare thosewhich actuallywrite the desiredresultasa logic
program.Thetext givenat thebeginningof this sectionthusresults
in:

-i : +i ! (state_ER44(DR7,DR1) :-
(drive(DR7),to(DR1),agens(DR7),intersection(DR1))).

-i : +i ! (acti_ER44(DR7,DR1) :- (true)).
-i : +i ! (state_ER46(DR7,DR1) :-

(drive(DR7),across(DR1),agens(DR7),intersection(DR1))).
-i : +i ! (acti_ER46(DR7,DR1) :- (true)).
-i : +i ! (state_ER48(DR7,DR1) :-

(cross(DR7,DR1),agens(DR7),intersection(DR1))).
-i : +i ! (acti_ER48(DR7,DR1) :- (true)).
-i : +i ! (state_ER50(DR7,DR1) :-

(leave(DR7,DR1),agens(DR7),intersection(DR1))).
-i : +i ! (acti_ER50(DR7,DR1) :- (true)).
-i : +i ! (actn_ER44(DR7,DR1) :- note(driving_to_the_intersection(DR7,DR1))).
-i : +i ! (actn_ER46(DR7,DR1) :- note(driving_across_the_intersection(DR7,DR1))).
-i : +i ! (actn_ER48(DR7,DR1) :- note(crossing_an_intersection(DR7,DR1))).
-i : +i ! (actn_ER50(DR7,DR1) :- note(leaving_the_intersection(DR7,DR1))).
-i : +i ! (pred_ER44(DR7,DR1) :-

(+1 : +1 ! (fstate_ER46(DR7,DR1),!,eval_ER46(DR7,DR1)))).
-i : +i ! (pred_ER46(DR7,DR1) :-

(+1 : +1 ! (fstate_ER50(DR7,DR1),!,eval_ER50(DR7,DR1)))).
-i : +i ! (pred_ER44(DR7,DR1) :-

(+1 : +1 ! (fstate_ER44(DR7,DR1),!,eval_ER44(DR7,DR1)))).
-i : +i ! (pred_ER46(DR7,DR1) :-

(+1 : +1 ! (fstate_ER46(DR7,DR1),!,eval_ER46(DR7,DR1)))).
-i : +i ! (pred_ER48(DR7,DR1) :-

(+1 : +1 ! (fstate_ER48(DR7,DR1),!,eval_ER48(DR7,DR1)))).
-i : +i ! (pred_ER50(DR7,DR1) :-

(+1 : +1 ! (fstate_ER50(DR7,DR1),!,eval_ER50(DR7,DR1)))).
-i : +i ! (eval_ER48(DR7,DR1) :- (state_ER44(DR7,DR1),!,eval_ER44(DR7,DR1))).
-i : +i ! (fstate_ER44(DR7,DR1) :- (fstate_ER48(DR7,DR1),!,state_ER44(DR7,DR1))).
-i : +i ! (facti_ER44(DR7,DR1) :- (facti_ER48(DR7,DR1),acti_ER44(DR7,DR1))).
-i : +i ! (fact_ER44(DR7,DR1) :-

(facti_ER48(DR7,DR1),actn_ER44(DR7,DR1),acti_ER44(DR7,DR1))).
-i : +i ! (pred_ER44(DR7,DR1) :- (pred_ER48(DR7,DR1))).
-i : +i ! (eval_ER48(DR7,DR1) :- (state_ER46(DR7,DR1),!,eval_ER46(DR7,DR1))).
-i : +i ! (fstate_ER46(DR7,DR1) :- (fstate_ER48(DR7,DR1),!,state_ER46(DR7,DR1))).
-i : +i ! (facti_ER46(DR7,DR1) :- (facti_ER48(DR7,DR1),acti_ER46(DR7,DR1))).
-i : +i ! (fact_ER46(DR7,DR1) :-

(facti_ER48(DR7,DR1),actn_ER46(DR7,DR1),acti_ER46(DR7,DR1))).
-i : +i ! (pred_ER46(DR7,DR1) :- (pred_ER48(DR7,DR1))).
-i : +i ! (eval_ER48(DR7,DR1) :- (state_ER50(DR7,DR1),!,eval_ER50(DR7,DR1))).
-i : +i ! (fstate_ER50(DR7,DR1) :- (fstate_ER48(DR7,DR1),!,state_ER50(DR7,DR1))).
-i : +i ! (facti_ER50(DR7,DR1) :- (facti_ER48(DR7,DR1),acti_ER50(DR7,DR1))).
-i : +i ! (fact_ER50(DR7,DR1) :-

(facti_ER48(DR7,DR1),actn_ER50(DR7,DR1),acti_ER50(DR7,DR1))).
-i : +i ! (pred_ER50(DR7,DR1) :- (pred_ER48(DR7,DR1))).
-i : +i ! (eval_ER44(DR7,DR1) :- (fact_ER44(DR7,DR1),!,pred_ER44(DR7,DR1))).
-i : +i ! (eval_ER46(DR7,DR1) :- (fact_ER46(DR7,DR1),!,pred_ER46(DR7,DR1))).
-i : +i ! (eval_ER48(DR7,DR1) :- (fact_ER48(DR7,DR1),!,pred_ER48(DR7,DR1))).
-i : +i ! (eval_ER50(DR7,DR1) :- (fact_ER50(DR7,DR1),!,pred_ER50(DR7,DR1))).
-i : +i ! (pred_ER48(DR7,DR1) :- (fail)).
-i : +i ! (fstate_ER48(DR7,DR1) :- (state_ER48(DR7,DR1))).
-i : +i ! (facti_ER48(DR7,DR1) :- (acti_ER48(DR7,DR1))).
-i : +i ! (fact_ER48(DR7,DR1) :- (acti_ER48(DR7,DR1),actn_ER48(DR7,DR1))).
-i : +i ! (run_traversal_ER48(DR7,DR1) :-

(state_ER48(DR7,DR1),!,eval_ER48(DR7,DR1))).
-i : +i ! (traversal :- (run_traversal_ER48(DR7,DR1))).

TheFMTHL–programsrepresentingSGTsarenot easyto under-
standand– more important– not at all easyto inspectin order to
find errorsin theactualtransformation–process(a detaileddescrip-
tion of the way the above programrepresentsan SGT is given in
[8]). In orderto simplify the inspectionof SGTsbuilt from natural
languagetexts,we startedto implementa graphicaluser-interfaceto
SGTsusingtheDiaGen-tool(see[12]). Thistool takesadefinitionof
(almost)arbitrarydiagram-typesgivenasahypergraphgrammarand
generatesaninitial editorin form of Java-classes,which thencanbe
adaptedto furtherrequirementsconcerningtheuserinterface.



Oneproblemusingthis editor generatorarosewith the layout to
be performedon diagramsrepresentingSGTs:eachsituationgraph
of anSGTcomprisesdirected,probablyevencyclic, andnotnecces-
sarily connectedgraphsconsistingof situationschemesandpredic-
tion edges.As no perfectlayoutalgorithmfor sucha kind of graph
wasknown to us,we decidedto usetheso-calledforcelayoutmech-
anismto performa layout on the generatedSGT-diagrams.A first
resultof thediagramshowing theSGTrepresentedby theFMTHL–
programabove canbeseenin Figure2. Thediagramconsistsof two
situationgraphs:theupperonecomprisingthemostgeneralsituation
scheme(crossingan intersection). Thissituationis decomposedinto
the lower situationgraphconsistingof threeconsecutive situation
schemes,onefor eachconceptmentionedin theinput text.

Figure 2. Diagramshowing thesituationgraphtree(SGT)generatedfrom
thetext exampleshown at thebeginningof section4.1.

4.2 Visualization

Up to now thesystemcanvisualizetexts describingmaneouversof
singlevehiclesat intersections.Thetext

A car camefromKriegsstrasse. It turnedleft at theintersection.
describesasceneatanintersection.A carapproachestheintersection
from Kriegsstrasse,turnsleft andleaves.Thegoalof processingthis
text is to deriveaconceptualdescriptionof thescene,whichthencan
bevisualized.

In afirst stepthefollowing DRSis computedfrom thegiventext:
DRS1

DR1 DR2 DR3
ER1 ER2

Kriegsstrasse(DR1)
intersection(DR3)

car(DR2)

ER1:
DRS2

come(DR2)
from(DR1)

ER2:
DRS3

at(DR3)
turn left(DR2)

A descriptionof a traffic scenecontainsnoscheme-specificknow-
ledge.The semanticdictionarythusneedsnot to be usedandonly
thosetransformationrulesconcerningthediscourse-specificknowl-
edge are applied. The transformationsof the DRS result in the
FMTHL-program:

-i : +i ! Kriegsstrasse(dr1).
-i : +i ! car(dr2).
-i : +i ! intersection(dr3).
-i : +i ! from(er1,dr1).
-i : +i ! come(er1,dr2).
-i : +i ! turn_left(er2,dr2).
-i : +i ! at(er2,dr3).

This logic programdepictstheactivitiesof comingandturning. In
[11] the authorsdescribea hierarchyof activities. Orderedby their
temporaldurationandaggregationfrom the smallestto the largest,
theseareoccurrence, action, episodeandhistory. Thusahistorycon-
sistsof one or more episodeswhich themselves compriseactions.

Figure 3. SISgeneratedfrom thegiventext.

Actionsin turnarecomposedof occurrences.A historycharacterizes
themostcomprehensive form of describinganextendedsequenceof
relatedactivities.Thestorydescribedin thetext correspondsto ahis-
tory. Theaim is now to first identify theschematichistorywhich is
describedin the text andto derive a sequenceof occurrencesfrom
sucha history in a next step,sinceonly (elementary)occurrences
canbevisualizeddirectly. Thehistory is representedin FMTHL by
meansof thepredicate:history(HistoryName � Agent �
Road). A setof rules is provided for derivation of the validity of
thehistorypredicatefrom FMTHL-programsasfor exampletheone
givenabove.For this examplethevalidity of thehistorypredicate

history(turningLeft,dr2,Kriegsstrasse)

is derived.In this casethehistoryparameterturningLeft repre-
sentsa left turning maneouver. Now the history predicateallows to
derive a sequenceof occurrencepredicatesusingdefault values.It
hasbeendemonstratedalreadyhow a syntheticimagesequencecan
be generatedfrom sucha sequence– see[15]. In order to achieve
this, two primitive conceptson andspeed areusedwhich describe
thepositionandthevelocity of a vehicle.Thepredicateon(Agent

� Lane object) constitutesthatanagentis positionedonaspe-
cific laneobject.It thushasbeenassumeda-priorithataroadconsists
of several laneseachof which maycompriseseveral laneobjects.A
geometricmodelof an intersectionandof its laneobjects– which
areof interestfor this example– canbeseenin Figure3. Thepred-
icatespeed(Agent � Speedvalue) describesthevelocity of
anagentwhereasSpeedvalue refersto asymbolic(notanumeric)
descriptionof a speedvalue.Thehistorypredicatederivedabove al-
lows to derive thefollowing programdescribinga setof occurrence
predicatesandtheir temporalrelations:

1 : 500 ! agent(dr2).
1 : 500 ! model(dr2,car).
1 : 200 ! on(dr2,lobj_5).
201 : 300 ! on(dr2,lobj_6).
301 : 500 ! on(dr2,lobj_20).
1 : 200 ! speed(dr2,normal).
201 : 300 ! speed(dr2,normal).
301 : 500 ! speed(dr2,normal).

Here,aninstantof time representsa 20msecinterval (half-period
of a videoframe).Thustheentirescenelasts10 seconds.Thesetof
occurrencepredicatesis interpretedin thefollowing way. Theagent
of this sceneis the individual calleddr2 whosegeometricmodel
correspondsto a car. As can be seenfrom the set of occurrences,
theinitial laneis lobj 5. After 200time instantstheagentchanges
to thelanecalledlobj 6 andfinally driveson lanelobj 20 until
thefinal time point 500.For every point of time in this interval the
agentdrivesat regular speed- ascanbe noticedby inspectingthe
speed(dr2,normal) predicates.



Figure 4. SISprojectedinto apictureof thecorrespondingintersection.
Thecarmodelhasbeendrawn every second.

The effect of the above set of rules is visualized in Figures
3 and 4. Figure 3 shows a top view and Figure 4 a projec-
tion of the lane model into an image frame from the intersec-
tion sequencewhich has been downloaded from http://i21
www.ira.uka.de/image sequences/. The car model has
beendrawn every 50 points of time in both figures.Only the left
turninglane– thelaneof interest– hasbeenprojectedinto animage
of the intersectionin Figure4. Thestationarybackgroundimageof
the real intersectionin Figure4 hasbeenaddedfor illustrationpur-
posesonly. It shouldjustdemonstratethatthegeometricmodelused
to calculatetheSISis closeto real-lifedata.Thiscloserelationmight
allow to comparetheSISwith anOIS in thefuture.

5 CONCLUSION

In this contribution two possibleapplicationsof natural language
processingin thecontext of acognitivevisionsystemhavebeenpro-
posed:the automaticacquisitionof behavioral knowledgeand the
generationof a syntheticimagesequencefrom a text. Non–trivial
textswereprocessedin orderto studythesetasks.Thesameapproach
createsa logic representationof texts for bothapplicationsusingthe
sameprocessesand intermediaterepresentations.This is achieved
by enablingthe systemto distinguishdomain-andscheme-specific
knowledge.We thususenaturallanguagetexts in orderto introduce
schematicknowledge into our system.This schematicknowledge
serves subsequentlyto instantiatethe descriptionof a specificde-
velopmentgiveneitherin theform of aninput videosequenceor of
aninputNL text.

6 FUTURE WORK

At the presentpoint of implementation,our systemusesdifferent
grammars,differentCRsanddifferentTRsfor eachof thetwo kinds
of text exemplifiedin Section4. Furtherinvestigationsarerequired
on how the grammars,CRs and TRs can be unified and extended
suchthatmorecomplex NL–descriptionsof genericknowledgeand
traffic scenescanbeprocessed.Anotherproblemconcernstheques-
tion of how SGTscanbeusedto analysetexts describingtheactual
behavior of anagent.In thepast,thesebehavior schemeswereused
to recognizethebehavior of anagent.Simpleconceptsderivedfrom
imagesequenceevaluationarebeingassociatedwith complex con-
ceptsdescribingsituations.Using SGTsto analysetexts describing

whatis happeningin a recordedscenewould needto invert thatpro-
cessandthusassociateasequenceof situationsderivedfrom thetext
with simpleconcepts.At the presentpoint of implementation,this
invertedprocessis providedby additionala-priorihand-codedlogic-
rules.Oncethis is accomplished,theresultingsimpleconceptsagain
have to betransformedinto geometrictrajectorydatadescribingthe
movementof an agentexplicitly. This then correspondsto the in-
versionof thederivationof simpleconceptsfrom geometricdataas
describedin [11].
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