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Abstract. Text-to-logic conversionis studiedin a systemapproach
which extractsaconceptuatepresentationf temporaldevelopments
within aroadtraffic scenaecordedy avideocameraA FuzzyMet-
ric TemporalHorn Logic (FMTHL) facilitatesa schematicepresen-
tation of roadvehiclebehaior atintersectionsGeometricresultsof
amodel-basedehicledetectionandtrackingsubsystenare usedto
interpretthis genericconceptuaFMTHL representatioin orderto
obtaina conceptuablescriptionof the specificdevelopmentsn the
recordedraffic scene.

Onetaskaccepta naturallanguaggNL) Englishtext formulation
of thegenericconceptuaknowledgeandcorvertsthisinto theinter-
nal FMTHL representationThis requiresto distinguishalgorithmi-

cally betweendiscourse-relatednd scheme-relatedllL statements.

A separatsecondaskcreates syntheticvideosequencérom aNL
text, usingasmuchaspossiblethe sameapparatusisthefirst one.A
comparisorbetweengenuineroadtraffic video sequenceandthose
generatedyntheticallyallows to testboththe text-to-logic transfor
mationandthe useof geometricknovledgerepresentedvithin the
entiresystenfor imagesequencevaluationandsubsequerihterpre-
tation.Resultsobtainedoy theexecutionof bothtasksarediscussed.

1 INTRODUCTION

An (artificial) cognitive vision systemdoesnot only evaluateimage
sequencesp to the level of numericalresults,it shouldalsoderive
a conceptualdescriptionof temporaldevelopmentsin the recorded
scend14]. Suchataskrequiresschematiknowledgeaboutthe do-
mainof discoursej. e. aboutthe — stationaryandtime-dependent
scenggeometryandaboutthetemporalkevolution within therecorded
scenelt will beanadwantagef theuserof suchasystencanprovide
therequiredknowledgewithouthelpby a systemspecialist We thus
proceedn the hypothesidhata userprefersto provide therequired
knowledgein his ownwords— see for example,[16].

We thus need an automatictransformationprocessderiing a
machine—usableepresentatiorof knovledge from a natural lan-
guagetext input. In our systemapproach,the knowledge about
the behaior of agentsis representedn form of situation graph
trees(SGTs)asdescribedn [17]. Thesegraphsconsistof situation
schemegnodes)whichdescribehestateof anagentandits erviron-
mentat onediscretepoint of time — correspondinge. g., to a (half-)
frameof animagesequence- andthe actionthe agentis supposed
to carryoutin thatstate Theseschemesireconnectedy prediction
edgesleadingfrom oneschemeo (potential)successoschemesor
thenext time step,building a directedsituationgraph In additionto
thesepredictionedges specializationedges canconnecta situation
schemewith anothersituationgraph,which meanshatthe situation
is temporallyor conceptuallydescribedy this additionalgraphin a
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moredetailedway. Thesespecializatioredgeghusestablisha tree—
like structurewith more detailedschematicdescriptionsat the leaf
nodes For anautomaticexploitation of thesebehaviorschemesthe
SGTsaretransformednto alogic programof afuzzymetrictempoal

Horn logic (FMTHL [17, 8]). An automatidransformatiorof anatu-
ral languagedescriptionof schematidehaior knowledgetherefore
aimsatthisrepresentationf an SGTdescribedn alogic programas
aresult.

It turnsoutto be desirablefor testingpurposedo be ableto invert
this processnamelyto generatea syntheticimagesequencéy ana-
lyzing atext: anoriginal image sequenc€OIS)is evaluatedresulting
in anaturallanguagedextual description basedon schematicknowl-
edgederived from naturallanguageaexts. The resultof this process
is visualizedin theform of a synthetidmage sequencéSIS),which
canbecomparedvith the OIS. In thisway, contradictionsndshort-
comingsof the machinevision system the knovledgebaseandthe
visualizationprocesshouldberecognizednucheasier

For both tasks— the automaticacquisitionof behaioral knowl-
edgefrom naturallanguagéeexts andtheanalysiof naturallanguage
texts for generatingsyntheticimage sequences- we usethe same
systemapproachandthe sameintermediaterepresentations form
of FMTHL—programs.

2 RELATED WORK

A suney of systemapproachesreatinghigh—level descriptiongrom
imagesequencesanbe found in [9]. Several differentknowledge
representatioformalismsare usedin the systemsited there— both
for knowledgeaboutstatic andtime-varyingscenecomponentsf4]
proposea machine—learningpproachto acquireknowledge about
eventsin theobseredscenesequencesf primitive object-relations
are automaticallyextractedand clusteredduring a learning phase.
Theseclusteredsequencesre usedto classify nev sequence®f
object—relationg1] alsoapplyamachine—learningpproachpnthe
basisof ConceptuaBpacegsed5]) andtime—delayneuralnetworks.
As pointedout in [4], onecould criticize the machine—learningp-
proachin two points:first, a suficienttraining sethasto be provided
covering everything the systemis meantto learn, and secondly it
is not alwaysclearhow the training methodinfluenceshe resulting
knowledge obtainedfrom the training set.In addition,the associa-
tion of learnedeventswith linguistic conceptshasto be established
by the humanoperatoror useragain[4]. In [1], only the association
of basicconceptavith occurrenciei thescends learnedy thesys-
tem.A knowledgebase(‘Linguistic Area’), which describedinkages
betweerbasicconceptasto beprovidedexplicitly by theusertoo.
For the visualizationof texts several approachesan be found.
The project WordsEye(see[2]) visualizestexts which containde-
scriptionsof staticaswell asdynamicaspectf a sceneThemain
focus, however, lies on the staticrelations,i.e. the look of objects



(e.g.,color, size) and spatialrelationsbetweenobjects.The Kairai
virtual actorsystem(se€[18]) is designedn orderto understanchat-
urallanguagenstructionsrom verbalandwritten inputwherebythe
usercancontrol softwarerobotswithin a givenvirtual world. In the
projectUlysse[7] the usercanutterinstructionsin orderto navigate
in a virtual world. The Mrtual Director project(see[13]) analyses
bothstaticanddynamicaspect®f ascenean aparkdomaindescribed
in the text. The systemCarSim(see[3]) generates 3D simulation
from atext describinga caraccident.

3 TEXT TRANSFORMATION

The processwhich transformsa naturallanguagenput text into an
FMTHL-representatiorof the knowledge given by the text is de-
picted in Figure 1. Each (intermediate)representatiorof the dis-

courseenteredasatext is shavn asarectanglewhile processteps
which transformonerepresentatiomto anotheronearedepictedas
numberechexagons. Additional knowledgeusedto supporta trans-
formationstepis representetly ovals. Thick arravs represena flow

of data,while dashedarrons depicttherelation‘is usedin’ whenaer

aprocesqeedsadditionalknonledge.

Firstatext is parsedn orderto determindts syntaxtree(process
1). This syntaxtreeis transformedy (2) into a DiscourseRepresen-
tationStructurg DRS)by usingconstructiorrules(CRs)asproposed
in the DiscourseRepresentatiofheory (DRT) [10]. A CR consists
of atriggering structue anda setof actions A triggeringstructure
represents branchof a syntaxtree.If the syntaxtreefor the given
text containsthe triggering structureof a CR, this rule’s setof ac-
tionsis applied.Suchactionscomprisemodificationsof the syntax
treeand/oradditionsof elementgo the DRS. A DRSis called‘re-
duced’if the correspondingyntaxtree hasbeencompletelyerased
while executingthe actionsof matchedCRs.In a next transforma-
tion step(3), alogic programis derived from sucha DRS basedon
TransformatiorRules(TR9. A TR consistsof a pattern—-DRSnda
setof actionsIf thepattern—-DR®f a TR matchegpartof aDRS,the
TR’s actionsare carriedout. Theseactionscan comprisemodifica-
tions of the existing DRS and/oradditionsof rulesto the logic pro-
gram.While performingthesetransformationstwo typesof knowl-
edgehave to bedistinguished:

e discouse-specifilkknowledgerefersto behaior of agentsin the
scenedomain.

e scheme-specifiknovledgerefersto knonvledgeabouthow thedo-
main specificstatementsn the text have to be corvertedinto a
logic representationf the behaior of agents.

Thesetwo kinds of knowledge are distinguishedby meansof a
so-calledsemantiadictionary. The entriesof this dictionary consist
of apatternof oneor moreDRS-predicateandasetof actionswhich
is processedf thepatternis foundin aDRS.Thesepatternsallow to
actwith thenamesf conditionsin contrasto the patternf atrans-
formationrule which containstructuralinformationonly. A condi-
tion calleddeconpose thuswill be treatedin a differentmanner
thana conditioncalledconcat enat i on. The semantidictionary
andthe transformatiorrulesallow to derive a logic programwhich
correspondso the situationgraphdescribedn the processediext.

(1) and (2) are automaticallygeneratedy the so—calledDRS—
CreatorGeneratarThis tool takesthe textual definition of a gram-
mar aswell asof CRsandautomaticallybuilds a DRS—Creatoac-
cordingto thesedefinitions.This approaclifacilitatesusto focuson
linguistic problemsinsteadof programmingletailswhile generating
a nev DRS—Creatole.g.,for Germantexts) andto quickly extend
anexistinggrammarTheonly additionalknonledgeneededhenfor
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Figurel. Transformatiorprocessrom anaturallanguageext inputto an
FMTHL logic representation.

the DRS—creations the syntacticdictionary, which yields syntactic
informationaboutwords,e.g.,partof speechgenderetc..

4 EXPERIMENTAL RESULTS
4.1 Behavioral knowledge extraction

Thefirst exampleconcernghe processingf thetext:

‘crossingan intersection’is decomposeéhto a concatenation
of ‘driving to theintersection’,'driving acrosstheintersection’
and‘leaving theintersection’.
This text describeghe situationof anagentcrossingan intersection
to betemporallydecomposethto a concatenatiowf threeothersit-
uations(see,e.g.,[8]). The analysisof this text — given a suitable
grammarandalsosuitableCRs—resultsin thefollowing DRS:

DRST
DRI DR DR DR6 DR7 DR8 DRO
DR2

PDRL P
ER44 ER46 ER48 ER50 ER52
| eavi ng-t he.i nt er sect i on( ER50)
crossi ng-an.i ntersecti on( ER48)
driving.across.t hed ntersecti on( ER46)
drivingto.the.ntersecti on( ER44)
concat enat i on( DR2)
intersection(DRl)
CONJUNCTI VE( PDR2)
CONJUNCTI VE( PDR1)
agens( DR9)
agens( DR8)
agens( DR7)
agens( DR6)
agens( DR5)
of ( DR2, PDR2)

PDR1= ( ER46, ER50)
PDR2= ( ER44, PDRL)
[ DRz |
drive(DR5

t o( DR1)
[ _DrRs3 |

drive(DR6

ER44:

ER46:
acr oss( DR1)
—

ERA48:

D
cross(DR7, DRI)
DRSS

ER50:

Teave( DR, DRI)
DRSG

ER52: into(DR2
deconpose( DR9, ER48)

Accordingto [10], a DRS alwaysconsistsof a univeseof referents
anda setof conditions.Thefirst threelinesof the DRSabove list the
referentof the DRS,whereDR standdor discouserefeents(for in-
dividuals),PDR meangplural discouserefeent(setsof otherrefer
ents)andER alwaysdenoteseferentdor events(eventrefeent. The
restof this DRS comprisesthe setof conditions.Theseconditions
canexpressfeaturesof referentyagens( DR9) ), relationsbetween
referents(l eave( DR8, DR1) ), but alsomore comple conditions
like the definition of PDRsor ER—definitionscomprisingthe name
of theER anda DRSdefiningthe partof the discourseconnectedo
thatER.

The transformationof this DRS into a logic programrepresent-
ing an SGT startswith the (repeatedppplicationof a particularTR
identifying explicitly mentionedsituationsThis TR hastheform:



TR.SITMATCH1

PatternDRS:
DRST

VERT
VNAMEL( VERL)
VERL:

Actions:

col | ect DRKnow edge( DRS2) ;

addNewAt t ri but e( SI T(vERl))

addNewAt t ri but e( EVAL( vERl))

d = DRS2. copy();

e = new DRS();

e. addl\leml\lane(vl\lANEl(vERl))
addNewPr edi cat e( SI TSTATE(VERL, d) ) ;
addNewPr edci at e( SI TNAME( VERL, e) )
addNewPr edci at e( PREDI CT(vERl vERl))
renovePr edi cat e( VNAMVE(VERL) ) ;

This TR searchesn the DRS for an ER anda name—conditiorfor
that ER. Oncethis patternhasbeenfound, the actionslisted in the
actions—blockof the TR are executed,adding several new condi-
tionsto the DRS (for examplean attribute—conditionSI T( vER1)
which marksthe ER asrepresentinga situation). Then thosecon-
ditions which led to the applicationof the TR (namelythe name—
conditionandthe ER itself) are deletedfrom the DRS. Other TRs
analogouslytransformthe DRS—conditionsconcerningthe collec-
tion of threesituationg expresse@dsPDRs)andshift remainingcon-
ditions from inside of ER—definitionsup to the top—level DRS. This
for exampletransformsthe conditionsdeconpose( DR9, ER48)
and i nt o( DR2) of the definition of ER52 in the DRS into
conditions of the form deconpose( ER52, DR9, ER48) and
i nt o( ER52, DR2) of theDRS.Thenext transformatiorstepscon-
cernthe distinction of discourse-and scheme-specifiknowledge.
With TRslike

TR_DICTPRED3

PatternDRS:
5 S
VERL
Actions:

cal I Actions(VvATTRI BUTEL(VDRL)) ;
renovePr edi cat e(VATTRI BUTEl(vDRl))

and

TR_DICTPRED4
PatternDRS:

DRST
vDRL

VERL  VER2

VPREDI CATE1( VERL, VDR1, VER2)
. DRS2

VERL:

VER2: S

Actions:

cal | Acti ons(vPREDI CATE1(VER1, VDRI, VER?) ) ;
renpvePr edi cat e( vPREDI CATE1( VERL, vDR1, VER2) ) ;

(amongothersusingslightly differentpatterngdueto differentnum-
bersandtypesof agumentsof conditions)this distinction can be
achieved. As canbe seenabove, eachof theseTRs comprisesa pat-
ternwith onecondition.This is an attribute—conditiorwith oneDR
astheargumentin thefirst caseanda predicate—conditiowith three
argumentspneER, oneDR andanothelER, in thesecondtaseThe
actions—bloclof theseTRsalwaysconsistof themethodcal | Ac-
tions(<condition>) and the deletion of the one pattern—
condition. The methodcal | Act i ons causeshe transformation
processo querythesemantidictionaryfor themeaningftheDRS—
conditionwhichwasmatchedy the TR. Within thesemantidictio-
narythesetwo entriesareimportantfor the exampledescribechere:

ATTR: concat enat i on(vDR 1) {
PRED: of (VDR 1, VvPDR 1) {
[ replaceCeccurrenci es(vDR 1, vPDR 1)]
}

PRED: deconpose(VER 1, VDR 1, VER 2) {
PRED: i nto(VER 1, VvPDR 1) {
ATTR: S| TLI ST(VPDR 1) {
[ concatenateSituations(vPDR 1)
speci al i zeSit WthG aph(vER 1, VER 2, VPDR 1)]
11}

Eachentryin this dictionary startswith one DRS—condition(the
key—entry, whereATTR describesn attribute—conditiorand PRED
a predicate—conditionThis key—entrythen canbe followed by one
or moresub—entriesgachconstraininghe meaningof the key—entry
by additionalconditions which themselesagaincancomprisesub—
entries.The leaves of this entry—tee are given by a list of actions
which at last definethe meaningof all the conditionstogethercol-
lectedon a pathfrom the key—entryto thatleaf. The readingof the
first entry given above could thus be circumscribedas: the mean-
ing of concat enati on(vDR 1) — giventhe additional condi-
tion of (VDR 1, vPDR 1) —is the executionof the actionr e-
pl aceCccurrenci es(vDR 1, vPDR 1). The occurrenceof
the conditionconcat enat i on( DR2) in the DRS shavn above
thuswill leadto the applicationof TR_DICTPREDS3 (seeabove).
Thisinvokesa queryto the semantidictionaryand— because con-
ditionof (DR2, PDR2) canbefoundin theactualDRS,too— this
will leadto the executionof the methodmentionedaborve.

The whole transformationof the example—DRS- which could
only be outlined heredueto spaceimitations — comprisesA3 TR—
applicationsusing 14 different TRs. The remainingTRs not treated
heresene differentotheraspect®f thetransformationThelastTRs
appliedare thosewhich actually write the desiredresultasa logic
program.Thetext given at the beginning of this sectionthusresults
in:

-i ¢ +i | (state_ER44(DR7, DR1)

(drive(DR7),to(DR1), agens( DR7),intersection(DRL1))).

-i o+ ! (acti ER44(DR7 DR1) :- (true)).

-i ¢ 4+ ! (state_ER46(DR7,DRL) :
(drive(DR7), across(DRl) agens(DR?) intersection(DRL))).

i !

i L :

(acti ER48(DR7
(state_ER48(DRY, DRl -
(cross(DR7, DR1), agens(DR?) intersection(DR1))).
(acti_ER48(DR7, DR1) :- (true)).
(st ate_ER50(DR7, DR1)
(1 eave(DR7, DR1), agens(DR7) intersection(DR1))).
oo+ (acti ERSO(DR7 DR1) - (true))
: +i ! (actn_ER44(DR7,DR1) :- note(driving_to_the_intersection(DR7,DRl))).
: 4 ! (actn_ER46(DR7,DR1) :- note(driving_across_the_intersection(DR7,DR1))).
!
]
]

i 4
i L

© +i ! (actn_ER48(DR7,DR1) :- note(crossing_an int ersection(DR7,DR1))).
: +i ! (actn_ER50(DR7, [Rl) :- note(leaving_the_intersection(DR7,DRL))).
: +i ! (pred_ER44(DR7,DR1) :-

+1 : 41! (fslale ERAB(DR? DR1),!, eval _ER46(DR7,DR1)))).

Epr ed |_ER46( DR7
,eval _ER50(DR7,DR1)))).

i L DR1

Do+l (fstate ERSO(DR7 DR1),
(pred ER44( DR, DRL

TTHL ! (fslale ER44(DR7 DR1),
(pred ER48(

: I (fstate_ ER46(DR7 DR1),
(pred ER48( DR7, DRL

+1 1 (fslale ERAS(DR? DR1),

(pred ERSO(

: I (fstate_ERS0(DR7, DRL), !, eval _ERS0(DR7, DR1)))).
(eval ER48(DR7 DR1) :- (state_| ER44(DR7 DR1), !, eval _ER44(DR7, DRL))).
(fstate ER44(DR7, DR1) :- (fstate ER48(DR7, DR1),!,state ER44({DR7, DR1))).
(facti ER44(DR7,DR1) :- (facti_ER48(DR7,DR1), acti _ER44(DR7, DR1))) .
(fact_ER44(DR7,DR1) : -
(factT_ER48(DR7, DR1) , act n_ER44( DR7, DR1) , acti _ER44( DR7, DR1)) ).
(pred_ER44(DR7,DR1) :- (pred_ER48(DR7, DR1)))-
(eval _ER48(DR7,DR1) :- (state_ER46(DR7,DR1),!, eval _ER46(DR7, DR1))).
(fstate_ER46(DR7, DR1) :- (fstate ER48(DR7, DRl) !, state ER46(DR7,DR1))).
(facti ERA6(DR7, DR1) :- (facti_ER48(DR7,DR1), acti _ER46(DR7,DR1))).
(fact _ER46(DR7, DR1) : -
(facti _ER48(DR7, DR1), act n_ER46(DR7, DR1), acti _ER46(DR7, DR1)) ).
(pred_ER46(DR7,DR1) :- (pred_| ER48(DR7 DRl)))
(eval _ER48(DR7,DR1) :- (state_ERS0(DR7,DR1),!,eval _ER50(DR7,DR1))).
(fstate_ER50(DR7, DR1) :- (fstate ER48(DR7,DR1),!, state ER50(DR7, DRl))).
(facti _ER50( DR7, DRl) :- (facti_ER48(DR7, DR1), acti _ERS0(DR7, DR1)))
(fact _ER50( DR7, DRL
(facti _ER48(DR7, DRl) actn _ER50( DR7, DR1) acti _ER50(DR7,DR1)) ).
(pred_ERS0(DR7, DRL) " : - (pred_ER48(DR7, DRL))

-

,eval _ER44(DR7,DR1)))).
, eval _ER46(DR7, DR1)))) .

i L

S

, eval _ER48(DR7, DR1)))).
-+

Do
|
|
H

|
|
Do
o
|

|
o
o
|
|

Do

)
Do (eval _ER44(DR7,DR1) :- (fact_ER44(DR7,DR1),!, pred_ER44(DR7,DR1)))
Do (eval _ER46(DR7,DR1) :- (fact_ER46(DR7,DR1),!, pred_ER46(DR7,DR1))).
Do (eval _ER48( DR7, DR1) :- (fact_ER48(DR7,DR1),!, pred_ER48(DR7,DR1))).
o (eval _ER50(DR7, DR1) :- (fact_ER50(DR7,DR1),!, pred_ERS50(DR7, DR1)))

|
|
o
o
|

- (fail)).
;- (state_ER48(DR7,DR1))).
(facti _ER48(DR7, DR1) : -

- (acti_ER48(DR7, DRL
(fact_ER48(DR7, DRL) :- (acti ER48(DR7 DR1), act n_ER48( DR7, DR1))) .
(run_traversal _ER48( DR7 DR1)
(state_ER48(DR7,DR1),! eval _ER48 DR7, DR1)

(traversal :- (run traversal ER48(DR7 DRl)))

i+

The FMTHL—programsepresentingsGTsarenot easyto under
standand— moreimportant— not at all easyto inspectin orderto
find errorsin the actualtransformation—procegs detaileddescrip-
tion of the way the above programrepresentan SGT is given in
[8]). In orderto simplify the inspectionof SGTsbuilt from natural
languageexts, we startedto implementa graphicaluserinterfaceto
SGTsusingtheDiaGen-tool(se€[12]). Thistool takesadefinitionof
(almost)arbitrarydiagram-typegiivenasa hypegraphgrammarand
generateaninitial editorin form of Java-classeswhich thencanbe
adaptedo furtherrequirementgoncerninghe userinterface.



One problemusingthis editor generatoarosewith the layoutto
be performedon diagramsrepresentingsGTs:eachsituationgraph
of anSGTcompriseglirected probablyevencyclic, andnotnecces-
sarily connectedyraphsconsistingof situationschemesnd predic-
tion edgesAs no perfectlayoutalgorithmfor sucha kind of graph
wasknown to us,we decidedo usethe so-calledforce layoutmech-
anismto performa layout on the generated/SGT-diagrams A first
resultof thediagramshaving the SGTrepresentetly the FMTHL—
programabove canbe seenin Figure2. The diagramconsistf two
situationgraphstheupperonecomprisingthemostgenerakituation
schemgcrossinganintersectior). This situationis decomposehto
the lower situationgraph consistingof three consecutie situation
schemespnefor eachconceptmentionedn theinput text.

Figure2. Diagramshawing thesituationgraphtree(SGT)generatedrom
thetext exampleshawvn atthe beginning of sectiond.1.

4.2 Visualization

Up to now the systemcanvisualizetexts describingmaneouers of
singlevehiclesatintersectionsThetext

A car camefromKriegsstasselt turnedleft at theintersection.
describesscenatanintersectionA carapproachetheintersection
from Kriegsstrasseurnsleft andleaves.The goalof processinghis
text is to derive aconceptuatiescriptiorof the scenewhichthencan
bevisualized.

In afirst stepthefollowing DRSis computedrom thegiventext:

Kri egsstrasse(DR1)
intersection(DR3)
car (DR2

I R

: at (DR3
turn eft (DR2)

A descriptiorof atraffic scenecontainsno scheme-specifiknow-
ledge.The semanticdictionary thus needsnot to be usedand only
thosetransformatiorrulesconcerninghe discourse-specifiknowl-
edge are applied. The transformationsof the DRS result in the
FMTHL-program:

Do+ Kriegsstrasse(drl).
car(dr2).
intersection(dr3).
fromlerl,drl).
come(erl,dr2).
turn_left(er2,dr2).
at(er2,dr3).

Thislogic programdepictsthe actiities of comingandturning. In
[11] the authorsdescribea hierarchyof actiities. Orderedby their
temporaldurationand aggregation from the smallestto the largest,
theseareoccurrence action episodeandhistory. Thusahistorycon-

sistsof one or more episodesvhich themseles compriseactions.

Figure3. SlISgeneratedrom thegiventext.

Actionsin turnarecomposeaf occurrencesA historycharacterizes
themostcomprehense form of describinganextendedsequencef
relatedactivities. Thestorydescribedn thetext correspondso a his-
tory. Theaimis now to first identify the schematicistory which is
describedn the text andto derive a sequencef occurrencegrom
sucha history in a next step,sinceonly (elementary)occurrences
canbevisualizeddirectly. The historyis representeth FMTHL by
meansf thepredicatehi st ory( Hi st oryNane x Agent x
Road) . A setof rulesis provided for derivation of the validity of
thehistory predicatéfrom FMTHL-programsasfor exampletheone
givenabove. For this examplethevalidity of the history predicate

hi story(turningLeft, dr2, Kriegsstrasse)

is derived. In this casethe history parametet ur ni ngLef t repre-
sentsa left turning maneouer. Now the history predicateallows to
derive a sequencef occurrencepredicatesusing default values. It
hasbeendemonstratedlreadyhow a syntheticimagesequencean
be generatedrom sucha sequence- see[15]. In orderto achieve
this, two primitive concepton andspeed areusedwhich describe
the positionandthe velocity of avehicle. Thepredicateon( Agent
x Lane_obj ect) constituteghatanagents positionedon aspe-
cific laneobject.It thushasbeenassumea-priorithataroadconsists
of severallaneseachof which may compriseseverallaneobjects A
geometricmodel of an intersectionand of its lane objects— which
areof interestfor this example— canbe seenin Figure 3. The pred-
icatespeed( Agent x Speedval ue) describeshevelocity of
anagentwhereasSpeedval ue refersto asymbolic(notanumeric)
descriptionof a speedvalue.The history predicatederived abore al-
lows to derive the following programdescribinga setof occurrence
predicategndtheir temporalrelations:

1 : 500
1 : 500

agent (dr2).

on(dr2,|obj_6).
on(dr2,1obj_20).
speed(dr2, normal ).
speed(dr2, normal ).
speed(dr2, normal ).

1 :
201 : 300
301 : 500

1 :
201 : 300

!
!
!
!
!
1
1

301 : 500 !

Here,aninstantof time represents 20 msecinterval (half-period
of avideoframe).Thusthe entirescendasts10 secondsThe setof
occurrencepredicatess interpretedn thefollowing way. Theagent
of this sceneis the individual calleddr 2 whosegeometricmodel
correspondgo a car As can be seenfrom the setof occurrences,
theinitial laneis | obj _5. After 200time instantsthe agentchanges
to thelanecalledl obj _6 andfinally drivesonlanel obj _20 until
thefinal time point 500. For every point of time in this interval the
agentdrives at regular speed- ascanbe noticedby inspectingthe
speed(dr 2, nornmal ) predicates.



Figure4. SlSprojectednto apictureof thecorrespondingntersection.
Thecarmodelhasbeendravn every second.

The effect of the above set of rules is visualizedin Figures
3 and 4. Figure 3 shaws a top view and Figure 4 a projec-
tion of the lane model into an image frame from the intersec-
tion sequencewhich has been downloadedfrom http://i 21
www. i ra. uka. de/ i mage_sequences/ . The car model has
beendravn every 50 points of time in both figures.Only the left
turninglane—thelaneof interest- hasbeenprojectednto animage
of the intersectionin Figure4. The stationarybackgroundmageof
therealintersectionin Figure4 hasbeenaddedfor illustration pur-
posesnly. It shouldjustdemonstratéhatthe geometricnodelused
to calculatethe SISis closeto real-life data.This closerelationmight
allow to comparehe SISwith anOISin thefuture.

5 CONCLUSION

In this contribution two possibleapplicationsof naturallanguage
processingn the context of acognitive vision systemhave beenpro-
posed:the automaticacquisitionof behaioral knowvledge and the
generationof a syntheticimage sequencdrom a text. Non—trivial
textswereprocesseth orderto studythesaasks Thesameapproach
createsalogic representationf texts for bothapplicationsusingthe
sameprocessesnd intermediaterepresentationsThis is achieved
by enablingthe systemto distinguishdomain-and scheme-specific
knowledge.We thususenaturallanguageexts in orderto introduce
schematicknowledge into our system.This schematicknovledge
senes subsequentlyo instantiatethe descriptionof a specificde-
velopmentgiven eitherin theform of aninput videosequencer of
aninput NL text.

6 FUTURE WORK

At the presentpoint of implementationour systemusesdifferent
grammarsgifferentCRsanddifferentTRsfor eachof thetwo kinds
of text exemplifiedin Section4. Furtherinvestigationsarerequired
on how the grammars CRs and TRs can be unified and extended
suchthatmore complex NL—descriptionof genericknovledgeand
traffic scenesanbe processedAnotherproblemconcerngheques-
tion of how SGTscanbe usedto analysetexts describingthe actual
behaior of anagent.In the past,thesebehaior schemesvereused
to recanizethe behaior of anagent.Simpleconceptsierivedfrom

imagesequencevaluationare beingassociateavith complex con-
ceptsdescribingsituations.Using SGTsto analysetexts describing

whatis happeningn arecordedscenaevould needto invertthatpro-
cessandthusassociata sequencef situationsderivedfrom thetext
with simple conceptsAt the presentpoint of implementationthis
invertedprocesss provided by additionala-priorihand-codedogic-
rules.Oncethisis accomplishedtheresultingsimpleconceptsagain
have to betransformednto geometrictrajectorydatadescribingthe
movementof an agentexplicitly. This then correspondgo the in-
versionof the derivation of simpleconceptfrom geometricdataas
describedn [11].
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