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Abstract. We proposea methodof describing humanactivities from video imagesbased
on concept hierarchiesof actions.Major difficulty in transformingvideoimagesinto textual
descriptions is how to bridgea semantic gapbetweenthem,which is alsoknown asinverse
Hollywoodproblem.In general, theconceptsof eventsor actionsof humancanbeclassified
by semanticprimitives.By makingcorrespondencebetweentheseconceptsandthesemantic
featuresextractedfrom videoimages, appropriatesyntactic componentssuchasverbs,objects,
etc.aredeterminedandthentranslatedinto naturallanguagesentences.We alsodemonstrate
theperformanceof theproposedmethodby severalexperiments.

Keywords: naturallanguagegeneration,concepthierarchy,semantic primitive,position/posture
estimationof human,case frame

1. Introduction

It is becomingpopular to introduce naturallanguageconceptsinto a vision
system.Traffic surveillancesystem,for instance,representsmoving vehicles
by seriesof verbsor short sentencesin placeof numericalexpressionsof
theobjects’location(Kollnig et al., 1994;Nagel,1994).In their method,the
motionof vehiclesareestimatedfrom displacementvectorfield andassoci-
atedwith motion verbsby evaluating attributesof eachtrajectorysegment,
suchas vehiclespeed.Comparingwith vehiclemovements,description of
humanbehavior in imagesequencesis morecomplicated.In avisualsurveil-
lancesystem(Thonnat and Rota, 1999),humanbehavior is representedby
scenarios,i.e. predefinedsequencesof events.Thescenariois thentranslated
into text by filling a templateof naturallanguagesentence.Similarly, in an
automaticannotationsystemfor a sportscene,eachformationof playersis
representedby belief networksbasedon visualevidenceandtemporalcon-
straints(Intille andBobick, 1998).Theseworks focuson the way ratherto
expressthe contents of the imagesimply thanto generaterich expressions
usingavarietyof notion of verbs

Ontheotherhand,naturallanguagehasvariousconceptsof actions,events
andstatesinherently;an appropriateverb for an observed eventcanconvey
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the meaningsof the event effectively. To this end,contribution from artifi-
cial intelligenceandnaturallanguageprocessing have beenintroducedinto
severalworks.HerzogandRohr(1985)presentthreelevelsof representation
from low-level geometricaldescriptionestimatedfrom imagesto high-level
textual description. Okada(1980)demonstratetextual explanationof activi-
tiesof entitiesin a seriesof line drawingsthroughsimulatedmind modelin
theirpioneeringworks(Okada,1996). Kitahashiet al. (1997)andBabaguchi
et al. (1996)presentschemesfor integrating patterninformationandnatural
languagenotions.They alsodemonstrateapplications to generateaninstruc-
tion for machineassemblyor routeguidancefor a mapfrom mechanicalor
geographicalinformation.

For humanactivitiesonrealvideoimages,wehave proposedamethodof
generatingtextual descriptions from position andorientation of humanhead
in behalfof whole bodyposture(Kojima et al., 2000).Thismaybesufficient
for actionswithout any movement of hands:walking, standing andseeing.
Thehumanbody, however, is highly articulatedandthemotionof eachbody
partscanbe expressedindependently. Thesesub-activities of humanbody,
suchasdirection of a line of sight, positionsof hands,postureof bodyand
relation to other objects, mustbe consideredsimultaneously. In particular,
interaction with otherobjectshasrelevanceto mostof humanactivities in
naturallanguagenotion.

In thispaper, weproposeamethodof generatingtextualdescription which
explainshumanbehavior appearedon real video imagesby extracting se-
manticfeaturesof humanmotionsandmakingcorrespondencewith concept
hierarchyof actions.Wefinally demonstratetextualsurveillancesystemasan
exampleof theapplicationof ourmethod.

2. Outline of the process

First of all, we will show an outline of the proposed methodas shown in
Figure1. At present,it is notsoeasyto estimateaccuratepostureandmotion
of highlyarticulatedobjectlike humanin realtime.For thisreason,weassume
the following threeclueswhich can be obtainedby relatively light-weight
processesareenoughfor ordinarycases,e.g.office-workscenes,to detecta
posture of a human.

� Position of headimpliesnotonly aposition wherethehumanis but also
aposturewhetherhe/sheis standingor sitting.

� Direction of headimplieswhathe/sheis looking at.

� Positionsof handsimply asortof gestureandinteraction with objects.
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Video images Human and object information
Model data

[PRED: go-toward, GO-LOC: table, ...]

[PRED: enter, GO-LOC: room, ...]

A person entered the room.

A person went toward the table.

Environmental
conditions

Body movements Head movements Hand movements

Natural language text

Translation into natural language

Case frame expression
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Integration

Figure1. Outlineof theproposedmethod.

For more accurateunderstanding of interactionwith an object suchas
“pick up a cup” or “put a bookon the table,” it is necessaryto estimatethe
relativepositionandmotionof thehumanandtheobjectaswell asto identify
theobject.

For eachframe of input video images,the body and skin regions of a
humanareextractedby calculatingdifferenceof colorsbetweeninput and
backgroundimagespixel by pixel. Positionsof the headand the handsare
foundby perspectivetransformation.Orientationof theheadis alsoestimated
by calculatingcorrelationbetweeninput headregion and the headmodels
with multiple aspectswhicharepreparedbeforehand.

Ontheotherhand,actionof transferringanobjectin particular is detected
in a separateway. Examiningshapesof theregionsof ahumanandanobject
appearedon differenceimages,it canbe verified whetherthe humanbring
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andput theobject,or pick up andtakeit out. In addition, theobjectcanbe
identifiedbycomparingedgesandcolorhistogramsof extractedobjectregion
with thoseof objectmodels.

Next, conceptualdescriptionsof actionsaregeneratedfor eachbodypart
by applying domainknowledge,suchasallocationof equipmentin aroom,to
theposition/postureof thehumanobtainedfrom thevideoimages.In natural
language,conceptsof motionverbsincludeanumberof semanticprimitives.
Themeaningof a verbtendsto bemoreconcreteandspecificasthenumber
of semanticprimitivesincreases.Sowe construct concepthierarchiesof ac-
tionsfor eachbodypartsclassifiedby combinationof semanticprimitives.By
makingcorrespondencebetweena semanticprimitive of actionanda feature
extractedfrom thevideoimages,themostappropriatepredicate,object,etc.
areselected.

We fill thesesyntactic componentsinto a caseframewhich is oftenused
asasemanticrepresentationof asentencein theareaof naturallanguagepro-
cessing.Finally, caseframesof bodypartsareintegratedintoaframeexpress-
ing total body action.Applying syntacticrulesandnaturalword dictionary,
thecaseframeis translatedinto a naturallanguagesentence.

3. Recognition of human behavior from video images

In thissection,we presentsa methodof recognizingposition andorientation
of humanhead,position of handsand interactionwith objectsfrom video
images.

3.1. EXTRACTION OF HUM AN HEA D REGIONS

In theareaof computervision, a numberof methodshave beenusedto de-
tecthumanfaceandhandsfrom video imagesfor gesturerecognition. It is,
however, hardto detectthemfrom compoundbackgroundasin office room.

In this paper, we usea methodwe proposed previously (Asanumaet al.,
1999)in whichhumanskinregionscanberobustly trackedundercompound
backgrounds.Thismethodis basedonprobability of occurrenceof colorscal-
culatedfrom bothbackgroundandskinregionpixel by pixel.Thedistribution
of abackgroundpixel is foundfrom pixelsonthesameposition of sequential
backgroundimagesduringa certainperiodwherenobodyappears,whereas
thedistributionof skinpixel is foundfrom facial skinregionsextractedfrom
many humanpictures.Theprobability thata pixel belongsto background or
skin region canthenbecalculatedfrom thechromaticityvaluesof thepixel
andthe distributions. Consequently, changesandnoisesof the background
areexpectedto beabsorbed.In addition, inertiaof motionof eachskinregion
is alsotookinto accountby calculating motionof theregionin recentframes.
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Figure2. Coordinatesystemof cameraandhuman.

UsingDempster-Shafertheory(Shafer, 1976),thesethreekindsof proba-
bilitiesareintegratedinto oneprobability thatthepixel belongs to a skin re-
gionof thehuman.Thehumanskinregionsarethenextractedby thresholding
eachpixel.

At thistime,weassumethatthereis onlyonehumanin ascene.Therefore,
the humanskin regionsmustbe threeat most:the faceandbothhands.So
weregardthehighestand/orlargestskinregionasa facial region.Now, fore-
groundregionsareextractedatthesametimeastheinverseof thebackground
probability. Including foregroundpixelsaroundthefacial region, i.e. thehair
region,aheadregionareextracted.

Thenthe position of the headandhandsareestimatedin the following
manner. Figure2 shows the coordinatesystemsof a cameraanda human.
Here O � XY indicatesthe imageplanesuchthat the centerof the image
capturedfrom the camerais locatedon theorigin. Oc

� xcyczc indicatesco-
ordinatesystemfor thecamerain which theview point (of thecamera)is on
theorigin. And let ttt NPO tx ty tzQ T betheposition of thehumanhead.

A point O xc yc zcQ T onOc
� xcyczc canbecomputedfrom projectedposition

X R Y on the imageplane,providedthatthedistance zc in thedepth-direction
is given,usingperspective transformationasfollows:

xc

yc
N d

f S zc
X
Y

(1)

whered and f are the size of a pixel and the focal length of the camera
respectively; botharecalibratedbeforehand.

Let usassumethatthesizeof humanheadis known. Thenthedistance t z

from thecameraonzc axiscanbecomputedfrom apparentsizeontheimage
plane.Now, wecanfind theheadposition ttt by assigningzc N tc. In thesimilar
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comparison

Figure3. Orientationestimationof head.

way, eachhandposition canbefoundprovidedthatadistanceof handequals
to tz.

On the other hand,orientation of the headis estimatedby evaluating
similarity betweenhuman-headimageextractedfrom the input imagewith
pre-recordedimagesof human-headmodelwith multiple aspectsasshown in
Figure3. Let I beaninputheadimagenormalizedto thesamesizeof model
images,andMφ T θ beamodelimageviewedfrom pitchφ, yaw θ. Considering
an imageasa vectorwhich consists of elementsvaluedby chromaticityof
eachpixel,wedefinesimilarity asasummationof squareddifferenceof each
elementon thetwo vectors:I andMφ T θ. Thesimilarity becomessmallwhen
correlationof two imagesis high; the orientation U φ R θ V of a modelwhich
showsthesmallestsimilarity is supposedto betheestimatedorientation.

3.2. INTERACTION WITH OBJECTS

Most of humanactionshave relevanceto interaction with objects.In this
paper, we focusonactionsconcerningtransferringanobject,suchaspicking
upor puttinganobject.

As mentionedpreviously, the foregroundregions, i.e. the differencere-
gions, are extractedout of the background. Let us considerthe shapesof
regionsof a humanandan objectappearedon the differenceimageat the
instant of occurringof an action.In casethat an isolatedregion other than
humanregion is detected,it canberegardedthateitherthehumanplacedan
objectin thesceneor tookanobjectout.

Figure4(a)showsdifferenceimagesat theinstantof appearingof isolated
regions;but it is not enoughto detectwhetherthe humanis picking up an
objector putting one.On the contrary, on the original imagesat the same
instant,shown in Figure4(b), we canseeapparentdifferences;theobjectis
not in the circumscribedregion whenpicking, while the object is in when
putting. Thus we can distinguish thesetwo typesof actionsby evaluating
a ratio of overlappingedgepoints betweenoriginal and differenceimages
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(a) Differenceimagesin whichahumanis pickingup(left) or putting(right) anobject.

(b) Input image for each image above. Human and object regions are circumscribedin
rectangles.

Figure4. Differenceregionwhenobjectregionappears.

inputedgeimage differenceedgeimage
(a) Edgeof objectregionwhenobjectis pickedup.

inputedgeimage differenceedgeimage
(b) Edgeof objectregionwhenobjectis put.

Figure5. Edgeof objectregionwhenobjectis pickedupor put.

shown in Figure 5. In casethat the numberof overlappingedgepoints is
greaterthana threshold, thesameobjectmustappearon thebothregion; we
regardthehumanis putting theobject.

Besides,we continually updatethebackgroundimagesaroundobjectre-
gions; anobjectregion onceplacedin a scenewill betreatedasbackground
aftera certainseconds.

3.3. IDENTIFYI NG OBJECTS

Sincethe objectregion wasextractedin the previous subsection, we apply
two-way matchingon this region with preparedobjectmodels:shapebased
matchingandthe color matching.In this paper, we presumeseveral object
modelscommonlyusedin humanactivitiesof usualoffice work: cup,book,
radio,notebook PC,etc.
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Shapeinformationof the modelsconsistof edgeimagesfrom multiple
aspects,becausethe shapeof an object may vary by a direction of view.
We prepared4 to 8 aspectsfor eachobject. Edgeextraction and scaling,
preservingaspectratio,areappliedto theobjectregionfrom theinputimage.
In addition, dimming by Gaussianfilter is alsoappliedto avoid subtle gap
betweenedgepoints.A similarity betweenedgeimagesarethendefinedas
a numberof overlappingedgepoints divided by the total numberof edge
points.

Next, as for color matching,we use chromaticity of a W and b W from
CIE1976L W aW bW UCS.For eachpixel of theobjectregion,RGB-coloris con-
vertedto L W aW bW andaccumulatedinto a histogramof two-dimensionala W �
bW plane.Thehistogramis normalizedby thenumberof pixelsandcompared
with thatof objectmodels.Thus,theinputobjectis supposedto beidentified
astheobjectmodelwhichshowsthehighestsimilarity.

4. Perceiving human activities

In general,thereis a semanticgapbetweengeometricinformationdirectly
obtained from imagesandconceptualinformationcontained in naturallan-
guage.In this section,we first clarify the correspondencebetweennumeri-
cal/geometricalinformationof position andposture of humanandconcepts
of actionsof thehuman.Eachconceptof anactionis expressedin theform
of a caseframewhichconsistsof syntacticcomponentsof asentence.

Wealsoconstructstatetransition modelsbasedontheconcepthierarchies
in orderto dealwith dynamicallychangingposition andpostureof subjected
human.

4.1. EXPRESSING HUM AN ACTI VITIES IN CASE FRA MES

Caseframeis a kind of frameexpressionspecificallyrepresentingthe rela-
tionshipbetweencasesin a naturalsentence.Accordingto Fillmore (1968),
casesareclassifiedinto eightcategories:agent, object, locus, sourceandso
on.A caseframeis thendefinedasa frameconsisting of slotsindicating the
sortof thecasesandtheirvaluesasfollows:

[PRED:walk,AG:person, GO-LOC:by(door), SO-LOC:front(table)]

wherePRED,AG,GOandSOindicateapredicate,agentive,goalandsource
casesrespectively. Thegoalandsourcearesometimesqualifiedby LOC, like
GO-LOC,for thepurposeof qualification of semanticcategories:a locusin
thisexample.
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[PRED:verb1,LOC:loc1]

[PRED:verb2,LOC:loc1] [PRED:verb1,LOC:loc2]

f1

Figure6. Generalform of concept hierarchy.

4.2. CONCEPT HIERA RCHY OF ACTIONS

A generalform of a concepthierarchyof actionsis presentedin Figure6,
in which eachnodeis expressedby a caseframe.Here,a parentnodeof the
form [PRED:verb1, LOC:loc1] derivestwo child nodes.Oneis thereification
aboutthemeaningof verb: A verb verb2 is derivedfrom verb1 by addinga
new geometric/semanticfeaturef1. For example,averb‘move’ derivesmore
concreteverb‘walk’ if thefeature‘move_slow’ is added,whichindicatesthe
speedof movementis relatively slow. In addition, accompanying casesmay
alsobeaddedaccordingto verbs.

The other is reificationaboutthe coverageof locus: the locus loc1 in a
parentframe is narrowed to loc2 in a child by adding information about
location. In otherwords, the relationof loc1 and loc2 is inclusive; i.e. loc1X loc2. For example,a locusindicating merely ‘in(room)’ (in a room) may
bereplacedwith morespecificdenotation ‘by(table)’ (by a table).

The featureswe usedherecan be computedfrom geometric/numerical
informationfrom imagesandthegivenknowledgeabouttheenvironmentof
a scene.Similarly, in naturallanguage processing,thecomponentialfeatures
aboutmeaningof verbsarecalledsemantic primitives. Weconsidersemantic
primitiveassemanticfeatureextractablefrom images.TableI showssemantic
primitivesabouttheconceptsof actionsof human.

Basically, themeaningof anexpressiongoesmorespecificasthefurther
semanticprimitivesareextracted.Someof thesesemanticprimitives,how-
ever, can not be verified simply. For example, a semantic primitive
‘move_near(ag, obj)’ which meansan agent’s approachto an object will
be computedfrom thedegreeof decrementin relative distancebetweenthe
agentandtheobjectin a unit period.Thiscanbecomparednumericallywith
conflicting siblingsin a commoncriterion.Thuswe applyLogistic function
to evaluatefeaturevaluex shown in TableI. TheLogistic function, definedas
equation(2), hasa sigmoidshape;a rangeof eachfeaturevalueis O 0R 1Q , and
themoreapparentthefeatureis indicated,thecloserto 1 thevalueis.

f U xVYN 1
1 Z Ae[ Bx (2)

HereA andB areconstantsrelevant to an offsetandinclination; thesemust
bedeterminedempiricallyfor effective featureselection.
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TableI. Semanticprimitives.

semantic primitive feature value (x) meaning

semanticprimitivesaboutmovements

move(loc) \ ∆horiz ] loĉ�\ movement

move_slow(loc) \ ∆horiz ] loĉ�\ move slowly

move_fast(loc) \ ∆horiz ] loĉ�\ move fast

move_near(ag,obj) ∆ \ locag _ locobj \ move towardobj

move_apart(ag,obj) ∆ \ locag _ locobj \ move away from obj`6`�`
semanticprimitivesaboutstates

high(loc) vert ] loĉ loc is high

low(loc) vert ] loĉ loc is low

face(ag, obj) dir ag
` diraga obj ag facesobj

near(ag,obj) \ locag _ locobj \ ag is nearto obj`6`�`
semanticprimitivesaboutattributes

prop_operable – operable

prop_readable – readable

prop_loadable – loadable/supportable`6`�`

From this, a caseframe with the highest featurevalue is selectedout
of conflicting siblings.In casethat a nodehasunity child frame, it will be
adoptedif thevaluesarehigherthana threshold. As far asmultiple objects
areconcernedsuchas‘move_near’,all thecandidatesareevaluatedandthe
highest objectis selected.

4.3. GENERATING CASE FRAM ES FOR EACH BODY PART

In thefollowing,wepresentconcepthierarchiesfor severalbodyparts:body,
headandhand.Figure7 showsa concepthierarchyof bodyactions.Theroot
nodewith verb of ‘be’ asa predicateexpressesa humanmerelyexists in a
scene.If asemanticprimitive ‘move’ is added,thepredicatewill bereplaced
with theverb‘move’. Similarly, somepredicatesareconsidered:walk, stand,
sit, etc.As for a locus‘in(room)’ in the root frame,it will be replacedwith
morespecificdenotation suchas‘by(door)’, (by thedoor), ‘front(table)’ (in
front of thetable),etc.
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[PRED:move, ...]

[PRED:walk, ...] [PRED:run, ...]

[PRED:stay, ...]

[PRED: be, LOC: in(room), ...]

[..., LOC: by(door)]

[..., LOC: front(table)]
[..., LOC: by(table)]

move not move

move_slow move_fast

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

high low

Figure7. Concepthierarchyof bodyactions.

bdc&e c
f	g4h i�j

kml
n g4o�p

qsr4t u g4o�p h i r o�v4g4o�pwyx o�ozg4o�p h g i{i{g4o�p

h i r4| g4o�p

h i r o�v x�}
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Figure8. Statetransitiondiagramof bodyactions.

In practice,however, to follow the rapidly changingstatesof human,a
dynamicmodelis need.As shown in Figure7, therearetwo typesof verbs:
oneis adurativeactionverbsuchas‘walk’, andtheotheris aninstantaneous
actionverbsuchas‘standup’. By makingeachtype of verb correspondent
to a stateand a statetransition respectively, we constructeda hierarchical
state-transition diagram(STD) asshown in Figure8. Here,a solid line rep-
resentsreificationassociatedwith a semanticprimitive, anda dashedarrow
representsstatetransition.

Thefollowing is analgorithm to generatecaseframesusing theSTD:

1. Let s bea currentstate.For newly estimatedposition/postureof human,
eachsemanticprimitive areevaluatedalongsolid lines downward from
thetopof theSTD, thenthenew states~ is determined.

2. In casethestatesands~ areidentical,nocaseframesaregenerated,let s~
besandgobackto step1.
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[PRED: *, ...]

[PRED: turn, GO-LOC: *] [PRED: look, OBJ: obj]

[PRED: read, OBJ: obj]

move face(ag, obj)

prop_readable(obj)

[PRED: turn, GO-LOC: up]

[PRED: turn: GO-LOC: down]

Figure9. Concepthierarchyof headactions.

[PRED: *, ...]

[PRED: touch, OBJ: obj] [PRED: release, OBJ: obj, ...][PRED: pick, OBJ: obj, ...]

[PRED: use, OBJ: obj]

[PRED: operate, OBJ: obj] [PRED: write, OBJ: obj]

[PRED: put, OBJ: obj, GO-LOC: on(obj2), ...]

touch(obj)
pick(obj) put(obj)

prop_usable(obj) on(obj, obj2) &
prop_loadable(obj2)

prop_operable(obj)

[PRED: have,OBJ: obj]

have(obj)

prop_writable(obj)

Figure10. Concept hierarchyof handactions.

3. Otherwise, a statetransitionwill occur;if thereis a statetransition spec-
ified by a dashedarrow in theSTDon thepaths � s~ , a caseframewith
averbassociatedwith thetransition is generated.

4. acaseframewith averbassociatedwith thenew states~ is generated,let
s~ besandgobackto step1.

As for instantaneousactions,a resultantstatemustbespecifiedexplicitly
in somecases:‘be sitting’ or ‘be standing’ after‘sit down’ or ‘standup’. It is
importantfor text generationto distinguishtheseaspects.They arespecified
in a caseframelike ‘stand(ASP:resultant)’.

In the samemannerasthis, a caseframefor a headactionis generated.
Figure9 shows a concepthierarchyof headactions.Orientation of headis
thought to beimportantbecauseit indicatesanobjector somethingin which
a humanhasinterest.The root nodeis abstractandrepresentsnothing. The
predicatewill bereplacedwith ‘turn’ if thehumanturnshis/herhead.Simul-
taneously, agoalcasemaybeaddedto specifysomeobscuredirections, such
as‘up’ or ‘down’. If anobjectis foundon his/herline of view, thepredicate
will be replacedwith ‘look’ and the object is specifiedas a goal case.In
addition, in casethat the objecthasspecialproperty‘prop_readable(obj)’,
which indicatesobject is something readablelike books, the predicatewill
thenbereifiedas‘read’.

Finally, a concepthierarchyof handactionsis shown in Figure10.Many
of humanactionsare relatedwith handusage,especiallyhandlingobjects.
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Therearevariousexpressions in naturallanguagedepending on theattribute
of objectsandthedirectionof transfer.

In thismethod,theverbsof ‘pick’ and‘release’asstatedin 3.2arederived
from theroot node.As for ‘release’,it will be reifiedto ‘put ... on ...’ if the
transferedobject is placedon anotherobjectwith loadable propertylike a
table.The verb ‘touch’ may be generatedif the positionsof a handandan
objectareoverlapped.In this case,the predicatemay alsobe replacedwith
‘operate’if theobjecthavespecialpropertyof ‘prop_operable’ like notebook
PC.

4.4. BUILDING WHOLE BODY EXPRESSION

So far, we obtainedthreecaseframesfrom eachbody part. Now we will
integratetheminto unity caseframeof whole body action.However, since
theseframesmay be uneven in concreteness,it is not alwaysappropriateto
merging themdirectly. Sowe introducethreepatternsof integration rulesas
follows:

1. Takingthemostessentialexpressionin behalfof otherframes.

Ex.sit Z reada book � reada book

2. Merging two expressionsin parallel.

Ex. look ataclock Z walk

� walk ..., lookingata clock

3. Emerginganew conceptfrom two concepts.

Ex.have a notebook PC Z move

� carryanotebookPC

For most of caseswe suppose, the pattern1 in which the most essential
expressionis selectedin behalfof other framesmay be suitable to natural
expression. Therefore,we apply the pattern1 by default.For specificcom-
bination of conceptsof actions,otherrulesare applied.Table II shows the
typical rulesfor thesepatterns.

5. Generating textual description

Thecaseframeis translatedinto naturallanguagesentenceusingcasestruc-
turesandverbpatterns(NishidaandTakamatsu,1982;Nishida et al., 1988).
A caseframerepresentsrelationship betweena verbandothercasessuchas
object,sourceandgoal.In English, theorderof phrasesis dominatedby the
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TableII. Rulesfor integratingcaseframesof bodyparts.

integrationbypattern1

body:[PRED:stand(ASP:resultant),AG:ag, LOC:loc, . . . ] �
hand:[PRED:pick,OBJ:obj]� [PRED:pick,AG:ag, OBJ:obj, LOC:loc, . . . ]

. . . . . .

integrationbypattern2

body:[PRED:move,AG:ag, . . . ] �
head:[PRED:look,OBJ:obj]� [PRED:move,AG:ag,. . .SUB:[PRED:look,OBJ:obj]]

. . . . . .

integrationbypattern3

body:[PRED:move,AG:ag, . . . ] �
hand:[PRED:have,OBJ:obj]� [PRED:carry, AG:ag, OBJ:obj, . . . ]

. . . . . .

verbpatternsclassifiedby Hornby(1975).For example,theintransitiveverb
‘walk’ (VP2) is necessarilyaccompaniedwith only an agentive case,while
goal and/orsourcecaseis optional: Ex. “A personwalked”. On the other
hand,theverb‘put’ (VP15)is necessarilyaccompaniedwith anagentive,an
objectandagoalcases:Ex. “A personputabookona table”. In thismanner,
accordingto theverbpattern,theorderof verbs,adverbsandothersyntactic
componentsaredetermined.

Here, we consideredthe pasttenseis suitable for the situation that the
text is generatedone after anotherin realtime.For the resultantaspectof
instantaneousactions, theprogressive form is usedexceptionally.

6. Results and discussions

In orderto testtheability of our methodof text generation,we have imple-
menteda prototype systemto surveillanceof humanactivities in a machine
roomof our laboratoryandto reportin textual form. We suppose 30 � verbs
for in-doorhumanactivities and9 objectmodels.The allocationsof a door,
a tableandotherequipmentare alsogiven in advance.Our systemis built
by C++ andPrologon a PC with dual PentiumII266MHz. Its performance
is approximately2 frame/secfor processingimagesof 160� 120 pixels. In
practice,wefirst recordedasceneandthenreplayedit in 1/3of normalspeed
soasto processat theeffective rateof 6 frame/sec.
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...

...

Thereis noone.

A/Thepersonentereda/theroom.

A/Thepersonis standing in front of a/thedoor.

A/Thepersonwentneara/thetable.
...

A/Thepersonis standing in front of a/thetable.

A/Thepersonputa/thenotebookPCona/thetable.
...

A/Thepersonwenttowarda/thedoor.

A/Thepersonexiteda/theroom.

Thereis noone.

A/Thepersonentereda/theroom.
...

A/Thepersonreleaseda/thecup.

A/Thepersonis standing by a/thetable.

A/Thepersonis standing in front of a/thetable.

A/Thepersonsatdown in front of a/thetable.
...

A/Thepersonpickedupa/thecup.

A/Thepersonis sitting in a/theroom,having a/thecup.

A/Thepersonoperateda/thenotebookPC.

A/Thepersonreleaseda/thecup.

A/Thepersonoperateda/thenotbookPCin a/theroom.
...

A/Thepersonstoodupin a/theroom.
...

A/Thepersonpickedupa/thenotebook PC.
...

A/Thepersoncarrieda/thenotebookPCto a/thedoor.

A/Thepersonexiteda/theroom.

Thereis noone.
...

Figure11. Input imagesandthegeneratedtext.

Weperformedexperimentson10differentscenes:in eachscene,typically,
a humanbringsanobject,useit for a while andtook it out.Figure11 shows
theresultsof generatedtext. Fromthis, wecanseethatmostof thegenerated
text arealmostsuitable to explain actionsof thehuman.TableIII shows the
resultsof selectedverbs.The selection of verbsareperformedwell except
for the verb ‘operate’;insteadof this, theverb ‘use’ is selected.Onereason
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Table III . Results of generated
verbs.

verb appropriateverb(%)

standup 93.8

sit down 100.0

pick up 87.5

release 79.4

put ... on 69.9

operate 20.0

for this is thattheposition of theactor’s handwasnot estimatedcorrectlyin
practiceduring the action,so that a semanticprimitive essentialto theverb
‘operate’couldnotbeextracted.

Wehaveintroducedconcepthierarchyof actions; eachnodeis represented
by a caseframeandhierarchicallyallocatedby notion of verbsandcoverage
of locus.As shown by experimentalresults,we confirmedthat appropriate
verb is selectedaccordingto semanticfeaturesextractedfrom imagesin
mostcases.For example,in our experiments,all the objectsareput on the
table.In 88% of the trials, a semanticprimitive ‘on(obj, table)’ is correctly
extracted,which representstherelationship betweentheobjectandthetable.
Theresultedsentencesarelike ‘put ... on thetable’.Therestof thetrials, the
resultedsentencesaremerely‘release...’ becauseof lack of therelationship
betweentheobjectandthetable.Weshouldnotethatit is notalwaysthebest
selectionfor theeventbut still seemsto begood.In otherwords,appropriate
verbscanbeselectedeffectively even if someof thesemanticprimitivesare
failed to extract. It is owing to concepthierarchyof actionsthatappropriate
verbscanbeselectedin spiteof lackof semanticprimitives.

Othercasesof failure are due to instability on position/postureestima-
tion of a humanor recognition of objects. This is rathertechnicalissue on
theprocessof perceiving imagefeaturesbeforeunderstanding themeanings
of the image.In fact, an error of position of humanheador handmay be
relatively large in the depthdirectionbecausewe usedmonocularvision in
thisexperiment.In thispaper, we focusedonthetransformationof geometric
informationinto symbolic/conceptualinformation; this may be improved if
anothertechniquesuchasstereovision is applied.
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7. Conclusions

We clarified the way of transformingvideo imagesrepresentedasgeomet-
rical/numericalinformationinto textual descriptions asconceptualinforma-
tion. We appliedconcepthierarchyof actionsto extractionof meaningsof
imagesby verifying correspondencebetweensemanticfeaturesof human
actionsandthe naturallanguageconcepts.Consequently, appropriate verbs
andobjectscanbeselectedin a sophisticatedway.
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