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Abstract. We proposea methodof descibing humanactiities from video imagesbased
on concet hierarchief actions.Major difficulty in transformingvideoimagesinto textual
desciptionsis how to bridgea sematic gapbetweerthem,which is alsoknown asinverse
Hollywood problem.In geneal, the concets of eventsor actionsof humancanbe classified
by semantigrimitives.By makingcorresponencebetweertheseconc@ts andthe sematic
featuresxtractedfrom videoimagesappropriatesyntatic comporntssuchasverbs objects,
etc.aredeterminedandthentranslatednto naturallanguagesentenes.We alsodemongate
the performancef the proposednethodby severalexperiments.

Keywor ds: naturallangug@gegeneation,con@pthierarchysematic primitive, position/posture
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1. Introduction

It is becomingpopukr to introduwce naturallanguageconceptsnto a vision
sysem. Traffic sunweillancesystemfor instance representsnoving vehicles
by seriesof verbsor shortsentencesn placeof numericalexpressionsof
theobjects’location(Kollnig etal., 1994;Nagel,1994).In their method the
motion of vehiclesare estimatedrom disgacementvectorfield andassoci-
atedwith motion verbsby evaluatirg attributesof eachtrajectorysegment,
suchas vehicle speed.Comparingwith vehicle movements,descripton of
humanbehaior in imagesequenceis morecomplicatedin avisualsuneil-
lance system(Thonat and Rota, 1999), humanbehaior is representedby
scenariosi.e. predefinedsequencesf events.The scenarids thentranslated
into text by filling a templateof naturallanguagesentenceSimilarly, in an
automaticannotationsystemfor a sportscene gachformationof playersis
representetby belief networksbasedon visual evidenceandtemporalcon-
strains(Intille and Bobick, 1998). Theseworks focus on the way ratherto
expressthe contens of the image simply thanto generateaich expressions
usingavariety of notion of verbs

Ontheotherhand haturallanguagénasvariousconcept®f actionsgvents
andstatesnherently;an appropriateverb for an obsened eventcancorvey
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the meaningf the event effectively. To this end, contritution from artifi-
cial intelligenceandnaturallanguageprocessig have beenintroducedinto
severalworks.HerzogandRohr (1985)presenthreelevels of representation
from low-level geometricadescriptionestimatedrom imagesto high-level
textual description Okada(1980)demonstrateéextual explanationof activi-
tiesof entitiesin a seriesof line dravingsthroughsimulatedmind modelin
their pioneeringworkgOkada,199§. Kitahashietal. (1997)andBabaguchi
etal. (1996)presenschemedor integratirg patterninformationandnatural
languagenotions. They alsodemonstratapplicatiors to generateninstuc-
tion for machineassemblyor route guidancefor a mapfrom mechanicabr
geographicainformation.

For humanactivities onrealvideoimageswe have proposed methodof
generatingextual descriptios from positon andorientaton of humanhead
in behalfof whole body postire(Kojima et al., 2000).This may be sufiicient
for actionswithou ary movement of hands:walking, standing and seeing.
Thehumanbody, however, is highly articulatedandthe motion of eachbody
partscan be expressedndependey. Thesesub-actities of humanbody;
suchasdirectio of aline of sight positons of handspostureof body and
relationto other objects mustbe consideredsimultaneoaly. In particular
interaction with other objectshasrelevanceto mostof humanactiities in
naturallanguagenotion.

In thispaperwe proposeamethodof generatingextualdescriptiom which
explains humanbehaior appearedn real video imagesby extracting se-
manticfeaturesof humanmotionsandmakingcorrespondenceith concept
hierarchyof actions We finally demonstratéextual sureillancesystemasan
exampleof theapplicationof our method.

2. Outline of the process

First of all, we will shav an outline of the propogd methodas shovn in
Figurel. At presentit is notsoeasyto estimateaccuratgpostureandmotion
of highly articulatedbbjectlike humanin realtime For thisreasonywe assume
the following threeclueswhich can be obtainedby relatively light-weight
processeare enoughfor ordinarycaseseg.g. office-work scenesto detecta
postue of a human.

— Posiion of headimpliesnotonly a postion wherethehumanis but also
aposturewhetherhe/shds standingor sitting.

— Directian of headimplieswhathe/shes looking at.

— Posiionsof handsimply a sortof gestureandinteractian with objects
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[PRED: enter, GO-LOC: room, ...]
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Natural language tex
A person entered the room.
A person went toward the table.
L]
. ‘

Figure 1. Outline of theproposednethod.

For more accurateunderstandig of interactionwith an objectsuchas
“pick up a cup” or “put a bookon the table’ it is necessaryo estimatethe
relative positon andmotionof thehumanandtheobjectaswell asto identify
theobject.

For eachframe of input video images,the body and skin regions of a
humanare extractedby calculatingdifferenceof colors betweeninput and
backgroundmagespixel by pixel. Positbns of the headand the handsare
foundby perspectie transformationOrientationof theheadis alsoestimated
by calculatingcorrelationbetweeninput headregion andthe headmodels
with multiple aspectsvhich arepreparedeforehand.

Ontheotherhand actionof transferringanobjectin particubris detected
in a separatevay. Examiningshape®f theregionsof ahumanandanobject
appearedn differenceimages,it canbe verified whetherthe humanbring
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andput the object,or pick up andtakeit out. In addition the objectcanbe
identfied by comparingedgesandcolorhistogram®f extractedobjectregion
with thoseof objectmodels.

Next, conceptuabescriptbnsof actionsaregeneratedor eachbodypart
by applying domainknowledge suchasallocationof equipmentn aroom,to
the postion/postureof the humanobtanedfrom thevideoimagesin natural
languageconceptof motionverbsinclude a numberof semantigorimitives.
Themeaningof averbtendsto be moreconcreteandspecificasthe number
of semantigrimitivesincreasesSowe constret concepthierarchiesof ac-
tionsfor eachbodypartsclassifiedoy combinatbn of semantigrimitives.By
makingcorrespondere betweera semantigrimitive of actionandafeature
extractedfrom the videoimagesthe mostappropriateredicate pbject,etc.
areselected.

We fill thesesyntactt componentsnto a caseframewhichis oftenused
asasemantiagepresentationf asentencén theareaof naturallanguag pro-
cessingFinally, caseframesof bodypartsareintegratednto aframeexpress-
ing total body action. Applying syntacticrulesandnaturalword dictionary
the caseframeis translatednto a naturallanguagesentence.

3. Recognition of human behavior from video images

In thissectionwe present& methodof recognizingpostion andorientaton
of humanhead,positon of handsand interactionwith objectsfrom video
images.

3.1. EXTRACTION OF HUMAN HEAD REGIONS

In theareaof computervision, a numberof methodshave beenusedto de-
tecthumanface andhandsfrom videoimagesfor gesturerecogniton. It is,
however, hardto detectthemfrom compoundackgroundasin office room.
In this paper we usea methodwe propogd previoudy (Asanumaetal.,
1999)in which humanskinregionscanberobustly trackedundercompound
background. Thismethods basedn probabiity of occurrencef colorscal-
culatedfrom bothbackgroundindskinregion pixel by pixel. Thedistibution
of abackgroungixel is foundfrom pixelsonthesameposiion of sequential
backgroundmagesduring a certainperiodwherenobodyappearswhereas
thedistribution of skin pixel is foundfrom facial skin regionsextractedfrom
mary humanpictures.The probabiity thata pixel belongsto backgroud or
skin region canthenbe calculatedrom the chromaticityvaluesof the pixel
andthe distributions Consequety, changesand noisesof the background
areexpectedo beabsorbedin addition inertiaof motionof eachskinregion
is alsotookinto accounty calculatirg motionof theregionin recentirames.

ijcv2001-01-submit.tex; 27/06/2001; 20:08; p.4



Image plane

Figure2. Coordinatesystenof cameraandhuman.

Using DempstetShafertheory(Shaferl976),thesethreekinds of proba-
bilitiesareintegratedinto one probabiity thatthe pixel belong to a skinre-
gionof thehuman.Thehumanskinregionsarethenextractedoy thresholéhg
eachpixel.

At thistime, we assuméhatthereis only onehumanin asceneTherefore,
the humanskin regionsmustbe threeat most: the face and both hands.So
we regardthehighestand/orlargestskin region asa facial region. Now, fore-
groundregionsareextractedatthesametime astheinverseof thebackground
probabiity. Including foregroundpixelsaroundthefacial region, i.e. the hair
region, a headregion areextracted.

Thenthe positon of the headand handsare estimatedn the following
manner Figure 2 shaws the coordinatesystemsof a cameraand a human.
Here O — XY indicatesthe image plane suchthat the centerof the image
capturedrom the camerais locatedon the origin. O¢ — X.YcZ indicatesco-
ordinatesysem for thecameran which the view point(of thecamera)is on
theorigin. And lett = [t t, t,]T bethepositon of thehumanhead.

A point[Xc Ye Z]T onOc — XYz canbecomputedrom projectedpositon
X,Y ontheimageplane,providedthatthe distarce z. in the depth-diection
is given,usingperspectie transformatiorasfollows

1]-4[1

whered and f are the size of a pixel andthe focal lengh of the camera
respectiely; botharecalibratecbeforehand.

Let usassumahatthe sizeof humanheadis known. Thenthe distarcet,
from the cameraon z; axiscanbe computedrom apparensizeontheimage
plane Now, we canfind theheadposiiont by assignig z; = tc. In thesimilar
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Figure 3. Orientationestimationof head.

way, eachhandposition canbefoundprovidedthata distarce of handequals
tot,.

On the other hand, orientaton of the headis estimatedby evaluating
similarity betweenhuman-headmage extractedfrom the inputimagewith
pre-recordedmagesof human-headnodelwith multiple aspectaisshovnin
Figure3. Let| beaninputheadimagenormalizedo the samesizeof model
imagesandM,g bea modelimageviewedfrom pitch ¢, yaw 6. Considering
animageasa vectorwhich consiss of elementsvaluedby chromaticityof
eachpixel, we definesimilarity asa summatiorof squaredifferenceof each
elementon thetwo vectors:l andMgg. The similarity becomesmallwhen
correlationof two imagesis high; the orientation(¢q,8) of a modelwhich
shavsthesmallessimilarity is suppoedto be the estimatedrientatian.

3.2. INTERACTION WITH OBJECTS

Most of humanactionshave relevanceto interactio with objects.In this
paperwe focuson actionsconcerningransferringan object,suchaspicking
up or putting anobject.

As mentionedpreviously, the foregroundregions,i.e. the differencere-
gions are extractedout of the background Let us considerthe shapesof
regionsof a humanand an objectappearedn the differenceimage at the
insiant of occurringof an action.In casethat an isolatedregion otherthan
humanregion is detectedijt canberegardedthateitherthe humanplacedan
objectin thesceneor took anobjectout.

Figure4(a) shavs differencemagesattheinstantof appearingf isolated
regions;but it is not enoughto detectwhetherthe humanis picking up an
objector putting one. On the contrary on the original imagesat the same
insiant, shavn in Figure4(b), we canseeapparentifferencesthe objectis
notin the circumscribedregion when picking, while the objectis in when
puting. Thuswe can disinguish thesetwo typesof actionsby evaluating
a ratio of overlappingedgepoints betweenoriginal and differenceimages
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(a) Differenceimagesn which a humanis picking up (left) or putting(right) anobject.

(b) Input image for eat image abore. Human and object regions are circumscribedin
rectangles

Figure 4. Differencaegionwhenobjectregion appers.

inputedgeimage differenceedgeimage
(a) Edgeof objectregion whenobjectis pickedup.

=3
3 -.a'i

inputedgeimage differenceedgeimage
(b) Edgeof objectregion whenobjectis put
Figure5. Edgeof objectregionwhenobjectis pickedup or put.

shawvn in Figure 5. In casethat the numberof overlappingedgepointsis
greaterthanathreshdd, the sameobjectmustappeaion the bothregion; we
regardthe humanis putting the object.

Besideswe continwally updatethe backgroundmagesaroundobjectre-
gions anobjectregion onceplacedin a scenewill betreatedasbackground
afteracertainseconds.

3.3. IDENTIFYING OBJECTS

Sincethe objectregion was extractedin the previous subsectin, we apply
two-way matchingon this region with preparedbjectmodels:shapebased
matchingandthe color matching.In this paper we presumeseveral object
modelscommonlyusedin humanactiities of usualoffice work: cup, book,
radio,notebo& PC, etc.
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Shapeinformation of the modelsconsistof edgeimagesfrom multiple
aspectspecausehe shapeof an object may vary by a direction of view.
We prepared4 to 8 aspectdor eachobject. Edge extraction and scaling,
preservingaspectatio, areappliedto theobjectregionfrom theinputimage.
In addition dimming by Gaussiarfilter is alsoappliedto avoid subtk gap
betweenedgepoints.A similarity betweenedgeimagesarethendefinedas
a numberof overlappingedgepoint divided by the total numberof edge
point.

Next, as for color matching,we use chromaticity of a* and b* from
CIE1976.*a*b* UCS.For eachpixel of the objectregion, RGB-coloris con-
vertedto L*a*b* andaccumulatednto a hisbgramof two-dimensbnala™ —
b* plane.Thehistogamis normalizedoy thenumberof pixelsandcompared
with thatof objectmodels.Thus,theinputobjectis supmsedto beidentfied
asthe objectmodelwhich shavsthe highestsimilarity.

4. Perceiving human activities

In general thereis a semanticgap betweengeometricinformation directly
obtaired from imagesand conceptualinformation contaired in naturallan-
guage.In this section,we first clarify the correspondencbetweennumeri-
cal/geometricainformationof positon and postue of humanandconcepts
of actionsof the human.Eachconceptof anactionis expressedn the form
of a caseframewhich consiss of syntacticcomponent®f asentence.

We alsoconstrucstatetransiton modelsbasedntheconcephierarchies
in orderto dealwith dynamicallychangingpostion andpostire of subjected
human.

4.1. EXPRESSING HUMAN ACTIVITIES IN CASE FRAMES

Caseframeis a kind of frame expressionspecificallyrepresentinghe rela-
tionship betweencasesn a naturalsentenceAccordingto Fillmore (1968),
casesareclassifiedinto eight catgyories:agen, object locus source andso
on. A caseframeis thendefinedasa frame consising of slotsindicating the
sortof thecasesandtheirvaluesasfollows

[PRED:walk,AG:persa, GO-LOC:by(dor), SO-LOC:front(tal#)]

wherePRED,AG, GO andSOindicatea predicateagentve, goalandsource
casegespectiely. Thegoalandsourcearesometimesgjualifiedby LOC, like
GO-LOC,for the purposeof qualification of semanticcateyories:a locusin
thisexample.
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[PRED:verbl,LOC:locl]
f

[PRED:verb2LOC:loc]] [PRED:verb1LOC:loc2]
Figure 6. Generaform of concep hierarchy

4.2. CONCEPT HIERARCHY OF ACTIONS

A generalform of a concepthierarchyof actionsis presentedn Figure6,
in which eachnodeis expressedy a caseframe.Here,a parentnodeof the
form [PREDwverly, LOC:loc,] derivestwo child nodesOneis thereification
aboutthe meaningof verb: A verbverh, is derived from verb, by addinga
new geometric/semantieaturef,. For example,averb‘move’ derivesmore
concreteverb‘'walk’ if thefeatureémove_slav’ is addedwhichindicateshe
speedof movementis relatively slow. In addition, accompaying casesnay
alsobe addedaccordingo verbs.

The otheris reification aboutthe coverageof locus the locuslocy in a
parentframe is narraved to loc, in a child by addinginformation about
locatian. In otherwords, the relationof loc; andloc; is includve;i.e. locq
D locy. For example,a locusindicatirg merely ‘in(room)’ (in a room) may
bereplacedvith morespecificdenotaibn ‘by(table)’ (by atable).

The featureswe usedhere can be computedfrom geometric/numerical
informationfrom imagesandthe givenknowledge aboutthe ervironmentof
asceneSimilarly, in naturallangua@ processingthe componentiafeatures
aboutmeaningf verbsarecalledsemarit primitives We considersemantic
primitive assemantideatureextractablerom imagesTablel shavssemantic
primitivesaboutthe concept®f actionsof human.

Basically the meaningof an expressiorgoesmore specificasthe further
semantigprimitives are extracted.Someof thesesemanticgprimitives, how-
ever, can not be verified simply. For example, a semantic primitive
‘move_neardg, obj)’ which meansan agents approachto an object will
be computedrom the degreeof decrementn relative distancebetweenthe
agentandthe objectin a unit period.This canbe comparechumericallywith
conflicting siblingsin a commoncriterion. Thuswe apply Logigtic function
to evaluatefeaturevaluex shavnin Tablel. TheLogistic function, definedas
equation(2), hasa sigmoidshapea rangeof eachfeaturevalueis [0, 1], and
themoreapparenthefeatureis indicated thecloserto 1 thevalueis.

1

= T Ae s

(@)

Here A andB areconstantselevantto an offsetandinclination; thesemust
bedeterminecempiricallyfor effective featureselectio.
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semantic primitive  featurevalue(x) meaning
semantigrimitivesaboutmovements

move(oc) |Ahoriz(loc)| movement
move_slav(loc) |Ahoriz(loc)| move slowly
move_fast(oc) |Ahoriz(loc)| move fast
move_near§g,obj)  A|locag—loc;|  move towardobj
move_apartgg,obj) A|locag—loc;|  move away from obj

semantigrimitivesaboutstates

high(oc)
low(loc)
faceg@g, obj)
near@g,obj)

vert(loc)
vert(loc)
dil’ag . diragfobj
||0001g— |OC0bj|

locis high
locis low
agfacesobj
agis nearto obj

semantigrimitivesaboutattributes

prop_gerable
prop_readable
prop_badable

operable
readable
loadable/supprtable

From this a caseframe with the highes featurevalue is selectedout
of conflicting siblings.In casethata nodehasunity child frame, it will be
adoptedf the valuesare higherthanathreshadl. As far asmultiple objects
areconcerneduchas‘move_near’,all the candidatesre evaluatedandthe

highes objectis selected.

4.3. GENERATING CASE FRAMES FOR EACH BODY PART

In thefollowing, we presentoncepthierarchiedor severalbodyparts:body,
headandhand.Figure7 shavsa concephierarchyof bodyactions.Theroot
nodewith verb of ‘be’ asa predicateexpressesa humanmerely existsin a
scenelf asemantigrimitive ‘move’ is addedthepredicatewill bereplaced
with theverb‘move’. Similarly, somepredicategreconsideredwalk, stand,
sit, etc. As for alocus‘in(room)’ in the root frame, it will be replacedwith
more specificdenotatbn suchas ‘by(door)’, (by the door), ‘front(table)’ (in

front of thetable),etc.
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[PRED: be, LOC: in(room), ...]

/ \ [..., LOC: by(door)]
[..., LOC: by(table)]

move notmove ) oc: fronttable)]

[PRED:move, ...] [PRED:stay, ...]
move_slow move_fast higH Iov\v\
"4 N s N

[PRED:walk, ...] [PRED:run,...] [PRED:stand(ASP:...),...] [PRED:sit(ASP:...), ...]

Figure 7. Concephtierarchyof bodyactions.

v >
stand up

Figure 8. Statetransitiondiagramof bodyactions.

In practice,however, to follow the rapidly changingstatesof human,a
dynamicmodelis need.As showvn in Figure7, therearetwo typesof verbs:
oneis adurativeactionverbsuchas‘'walk’, andtheotheris aninstantaneous
actionverbsuchas‘standup’. By makingeachtype of verb correspondent
to a stateand a statetransition respectiely, we constructeda hierarchical
state-transion diagram(STD) asshowvn in Figure 8. Here,a solid line rep-
resentgeificationassociatedvith a semanticprimitive, anda dashedarrov
representstatetransiton.

Thefollowing is analgorithm to generateaseframesusirg the STD:

1. Let s beacurrentstate.For newly estimatedoositon/pcstureof human,
eachsemantigprimitive are evaluatedalongsolid lines dovnward from
thetop of the STD, thenthe new states’ is determined.

2. In casethestates ands’ areidentical, no caseframesaregeneratedet s
besandgobackto stepl.
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[PRED: ¥, ..]
m(‘)VTface(ag, obj)
[PRED: turn, GO-LOC: *] [PRED: look, OBJ: obj]

T _l_
prop_lreadable(obj)

[PRED: turn, GO-LOC: up]
[PRED: turn: GO-LOC: down] [PRED: read, OBJ: obj]

Figure9. Conceptierarchyof headactions.

[PRED: *, ..]

touch obj)/.\ ut(obj)
have(ob ick(ob P |
/ have(obj) - pick(obj) —

[PRED: touch, OBJ: obj]  [PRED: have, OBJ: obj] [PRED: pick, OBJ: obj, ...]JPRED: release, OBJ: obj, ...]
- 1 - -

prop_usable(obj) on(obj, obj2) &
E prop_loadable(obj2)
[PRED: use, OBJ: obj] A .
[PRED: put, OBJ: obj, GO-LOC: on(obj2), ...]
prop_operable(obj) pro\p‘_writable(obj)
[PRED: operate, OBJ: obj] [PRED: write, OBJ: obj]

Figure 10. Concep hierarchyof handactions

3. Otherwi®, a statetransitonwill occur;if thereis a statetransitbn spec-
ified by adashedarrow in the STD onthepaths — s/, a caseframewith
averbassociateavith thetransitbnis generated.

4. acaseframewith averbassociatesvith thenew states’ is generatedgt
s besandgo backto stepl.

As for insiantaneousctions a resultantstatemustbe specifiedexplicitly
in somecases:be sitting’ or ‘be standing’ after‘sit down’ or ‘standup’. It is
importantfor text generationo disinguishtheseaspectsThey arespecified
in a caseframelike ‘stand(ASP:resudint)’.

In the samemannerasthis, a caseframe for a headactionis generated.
Figure 9 shavs a concepthierarchyof headactions.Orientaton of headis
thoudht to beimportantbecausét indicatesan objector somethingn which
a humanhasinterest.The root nodeis abstraciandrepresentsiothing The
predicatewill bereplacedwith ‘turn’ if thehumanturnshisherhead.Simul-
taneousl, agoalcasemaybeaddedo specifysomeobscuradirections such
as‘up’ or ‘down’. If anobjectis foundon his/herline of view, the predicate
will be replacedwith ‘look’ andthe objectis specifiedas a goal case.In
additon, in casethat the objecthasspecialproperty ‘prop_readald(obj)’,
which indicatesobjectis somethig readabldike books the predicatewill
thenbereifiedas‘read’.

Finally, a concepthierarchyof handactionsis shovn in Figure10. Many
of humanactionsare relatedwith handusage especiallyhandlingobjects.
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Therearevariousexpressios in naturallanguagedependig on the attribute
of objectsandthedirectionof transfer

In thismethod theverbsof ‘pick’ and‘release’asstatedn 3.2arederived
from theroot node.As for ‘release’,it will bereifiedto ‘put ... on..! if the
transferedobjectis placedon anotherobjectwith loadable propertylike a
table. The verb ‘touch’ may be generatedf the positonsof a handandan
objectare overlappedln this case the predicatemay alsobe replacedwith
‘operate’if theobjecthave specialbpropertyof ‘prop_operat#’ like notebook
PC.

4.4. BUILDING WHOLE BODY EXPRESSION

So far, we obtainedthree caseframesfrom eachbody part. Now we will
integratetheminto unity caseframe of whole body action. However, since
theseframesmay be unevenin concretenesst is not alwaysappropriateo
memging themdirectly. Sowe introducethreepatternsof integration rulesas
follows:

1. Takingthe mostessentiaéxpressiorin behalfof otherframes.
Ex.sit 4+ readabook=- reada book

2. Merging two expressionsn parallel.
Ex.look ataclock + walk
= walk ..., lookingataclock

3. Emeging anew conceptfrom two concepts.
Ex. have anoteb@k PC + move
= carryanotebookPC

For most of caseswe supp@e, the patternl in which the most essential
expressionis selectedn behalfof otherframesmay be suitatbe to natural
expression Therefore we apply the patternl by default. For specificcom-
binaton of conceptsof actions,otherrulesare applied.Table Il shows the
typical rulesfor thesepatterns.

5. Generating textual description
The caseframeis translatednto naturallanguagesentenceisingcasestruc-
turesandverb patterngNishidaand Takamatsu1982;Nishida et al., 1988).

A caseframerepresentselationshp betweera verb andothercasessuchas
object,sourceandgoal.In English, the orderof phrasess dominatedy the
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Tablell. Rulesfor integratingcaseframesof bodyparts.

integration by patternl
body:[PRED:stat(ASP:resultant)AG:ag, LOClloc, ...] +
hand[PRED:pick,0BJob]|
= [PRED:pick,AG:ag, OBJobj, LOCllogc, ...]
integration by pattern2
body:[PRED:mwe,AG:ag, ...] +
headPRED:look,0BJ0hbj]
= [PRED:mae, AG:ag,... SUB:[PRED:look,OBJobj]]
integration by pattern3
body:[PRED:mwee,AG:ag, ...] +
hand[PRED:hae, OBJobj]
= [PRED:carryAG:ag, OBJobj;, ...]

verb patternsclassifiedoy Hornby (1975).For example,theintranstive verb
‘walk’ (VP2)is necessarilyaccompaniedavith only an agentve case,while
goal and/orsourcecaseis optioral: Ex. “A personwalked”. On the other
hand,theverb‘put’ (VP15)is necessarilyaccompaniedvith anagentve, an
objectandagoalcasesEx.“A persorputabookonatable”. In thismanner
accordingo the verb pattern the orderof verbs,adverbsandothersyntactt
componentaredetermined.

Here, we consigtredthe pasttenseis suitabé for the situaton that the
text is generatedne after anotherin realtime. For the resultantaspectof
instantaneousactions the progressie form is usedexceptionally

6. Resultsand discussions

In orderto testthe ability of our methodof text generationyve have imple-
menteda prototype systemto suneillanceof humanactiitiesin a machine
room of our laboratoryandto reportin textual form. We suppos 30" verbs
for in-door humanactiities and9 objectmodels.The allocatonsof a door,
a table and otherequipmentare alsogiven in advance.Our systemis built
by C++ andPrologon a PC with dual Pentiumll266MHz. Its performance
is approximately2 frame/sedor processingmagesof 160x 120 pixels. In
practice wefirst recordedasceneandthenreplayedt in 1/3 of normalspeed
soasto processattheeffective rateof 6 frame/sec.
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Thereis noone.

A/The persorentereca/theroom.
AlThepersornis standhg in front of a/thedoor.
A/The personwentneara/thetable.

A/The persoris standhg in front of a/thetable.
A/The persorput a/thenotebookPC ona/thetable.

A/The persorwenttowarda/thedoor.
A/The persorexited a/theroom.
Thereis noone.

A/The persorentereca/theroom.

A/The persorreleased/thecup.

A/The persoris standhg by a/thetable.

A/The persoris standhg in front of a/thetable.
A/The persorsatdown in front of a/thetable.

A/The persorpickedup a/thecup

A/Thepersornis sitting in a/theroom, having a/thecup.
A/The persoroperated/thenotebookPC.

A/The persorreleased/thecup.

A/The persoroperated/thenotbhookPCin a/theroom.

A/The persorstoodupin a/theroom.

A/The persorpickedup a/thenotebak PC.

A/The persorcarrieda/thenotebookPCto a/thedoor.
A/The persorexited a/theroom.
Thereis noone.

Figure 11. Inputimagesandthe geneatedtext.

We performedexperimenton 10differentscenesin eachscenetypically,
ahumanbringsanobject,useit for a while andtookit out. Figure11 shovs
theresultsof generatedext. Fromthis, we canseethatmostof thegenerated
text arealmostsuitabk to explain actionsof the human.Tablelll shavsthe
resultsof selectedverbs.The selectim of verbsare performedwell except
for the verb ‘operate’;insteadof this, the verb ‘use’ is selectedOnereason
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Table 1. Reslts of generated
verbs.
verb appropiate verb (%)
standup 93.8
sitdown 100.0
pick up 87.5
release 79.4
put...on 69.9
operate 20.0

for thisis thatthe positon of the actor's handwasnot estimateccorrectlyin
practiceduring the action,so that a semanticprimitive essentiato the verb
‘operate’couldnotbeextracted.

We have introducedconceptierarchyof actions eachnodeis represented
by a caseframeandhierarchicallyallocatedby notion of verbsandcoverage
of locus.As shown by experimentalresults,we confirmedthat appropriag
verb is selectedaccordingto semanticfeaturesextractedfrom imagesin
mostcasesFor example,in our experimentsall the objectsare put on the
table.In 88% of the trials, a semanticprimitive ‘on(obj, table)’ is correctly
extracted which representtherelationslip betweerthe objectandthetable.
Theresultedsentencearelike ‘put ... onthetable’. Therestof thetrials, the
resultedsentencearemerely‘release... becausef lack of the relation$ip
betweerthe objectandthetable.We shouldnotethatit is notalwaysthebest
selectiorfor theeventbut still seemdo be good.In otherwords,appropriag
verbscanbe selecteceffectively evenif someof the semantigrimitivesare
failed to extract. It is owing to concepthierarchyof actionsthatappropriag
verbscanbe selectedn spiteof lack of semantigrimitives.

Other casesof failure are due to instability on postion/pcsture estima-
tion of a humanor recogniton of objects This is rathertechnicalisste on
the procesf perceving imagefeaturesbeforeunderstandig the meanings
of the image.In fact, an error of posifon of humanheador handmay be
relatively large in the depthdirectionbecausave usedmonocularvision in
thisexperiment.n this paperwe focusedon thetransformatiorof geometric
informationinto symbolc/conceptuainformation this may be improved if
anothetechniguesuchasstereovisionis applied.
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7. Conclusions

We clarified the way of transformingvideo imagesrepresenteés geomet-
rical/numericalinformationinto textual descriptims asconceptualnforma-
tion. We appliedconcepthierarchyof actionsto extraction of meaningsof
imagesby verifying correspondnce betweensemanticfeaturesof human
actionsandthe naturallanguageconceptsConsequenyl appropriag verbs
andobjectscanbe selectedn a sophsticatedway.
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