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Abstract. Thispaperdescribesheconstructiorof aqualitatve spa-
tial reasoningsystembasednthesensodataof amobilerobot. The
spatialknowledgeof the robotis formalisedin threesetsof axioms.
First of all, axiomsfor relationsbetweenpairs of spatial regions
are presentedAssumingthe distancebetweenregions as a primi-
tive functionin the languagethe main purposeof this initial axiom
setis the classificatiorof relationsbetweenimagesof objects(from
therobot’s vision system)accordingto their degreeof displacement.
Changesn the sensordata,due to the movementeither of objects
in the robot's ervironmentor of the robotitself, arerepresentedby
transitionsbetweerthe displacementelations. Thesetransitionsare
formalisedby the secondsetof axioms.The predicateslefiningthe
transitionsbetweenimagerelationsare connectedo possibleinter-
pretationsfor the sensordatain termsof object-obserer relations,
this issueis handledby the third setof axioms.Thesethreeaxiom
setsconstitutethree layersof logic-basedmageinterpretationvia
abductioron transitionsin the sensodata.

1 Introduction

Much researchin robotics concernslow-level tasks(e.g. sensory
processingmanipulatordesignandcontrol) leaving asidequestions
about high-level information processingsuch as reasoningabout
space.time, actionsand statesof other agents[3][8]. Suchissues
have beenaddressedby the knowledge representatiorsub-field of
Artificial Intelligence[17][13]. KnowledgerepresentatiofKR) the-
ories,however, have largely beendevelopedin isolationfrom empir
ical issuessuchashow knowledgeaboutthe world is acquiredand
what the physicalmechanismsre by which it is embodiedin the
agents.

Thepresenpaperdescribeslogic-basedormalismfor represent-
ing knowledgeaboutobjectsin spaceandtheirmovementandshavs
how to build up suchknowledgefrom the sensordataof a mobile
robot. One of the main purposeof this theoryis to bridgethe gap
betweerkR theoriesandpracticalrobotics,equippingtherobotwith
thebasicmachineryfor deriving andmanipulatingnformationabout
physicalobjects(includingtherobotitself).

Briefly, this work proposeghatincoming sensormatacanbe ex-
plainedby hypothesisingheexistenceof physicalobjectsalongwith
thedynamicrelationshipghathold betweerthem,all with respecto
a(possiblymoving) viewpoint. Theapproachusedrecallstheabduc-
tive accountof sensomdataassimilatiorfirst proposedn [16]. How-
ever, while this earlierwork dealswith spatialoccupany, it doesnot
dealwith the questionof the relationshipbetweenspatially-located
objectsand the viewpoint of an obserer. One motivation for the
presentpaperis to proposea spatialrepresentatioriramevork ca-
pableof copingwith thisissue Moreover, aspointedoutin [19], the
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knowledgerepresentatioeommunityhasproducedvery little work
on formalismsthat handleboth spaceandtime, a combinationthat
playsa centralrole in the representationadystemdescribedn this
paper

Two theoriesof qualitative spatialreasoningare particularly rel-
evantto this work, namelythe Region ConnectionCalculus(RCC)
[11][1] andthe Region OcclusionCalculus(ROC) [12]. FromRCC,
this paperinheritsthe useof regionsandconnectiity relationsin the
constructiorof the spatialontology On the otherhand,the way we
dealwith obserer’s viewpoint is reminiscentof ROC. The present
framework, however, extendsboth RCCandROC, in the sensethat
it assumesensoryinformationasthe foundationof the knowvledge
representatioformalism.

A brief overview of the RCCandROC formalismsfollows. RCC
is a mary-sortedfirst-orderaxiomatisatiorof spatialrelationsbased
on a dyadic primitive relation of connectivity(C'/2) betweentwo
regions.Assumingtwo regionsz andy, therelationC(z, y), readas
“ z is connectedvith y” , is trueif andonly if theclosuresf z andy
have atleasta pointin common.

Assumingthe C/2 relation,andthatz, y andz arevariablesfor
spatialregions, somemereotopologicatlyadic relationscan be de-
finedonregions.They are,P(x,y) (xis part of y), O(z, y) (X over
lapsy), DR(z,y) (X is discrete fromy), PP(z,y) (X is a proper
partofy), Pi/2 andPPi/2 (theinversesof P/2 and PP/2 respec-
tively), DC(z, y) (x is disconnectedromy), EQ(z,y) (x is equal
toy), PO(z,y) (x partially overlapsy), EC(z,y) (X is externally
connectedvith y), TPP(z,y) (x is a tangential proper part of y),
NTPP(z,y) (xis a non-tangntial properpart of y), andT' P Pi/2
andNT PPi/2 (theinverserelationsof TPP/2 and NT PP/2 re-
spectvely).

ExtendingRCC, ROC was designedto model the spatialocclu-
sionof arbitraryshapedbjects.The theorycapturesa setof spatial
relationsexpressingobjectinterpositionthatcanhold betweerpairs
of regions,eachcorrespondingo the imageof a body asseenfrom
someviewpoint. The presenpaperbuilds on this by supplyinga dy-
namiccharacterizationf occlusion basednthesortof information
thatis obtainabledirectly from the visual systemof a mobilerobot.

Accordingto thepresenpapertheproces®f sensodatainterpre-
tationis composedf threesub-tasksFirst, visual snapshot®f the
world arerepresenteas 2D spatialregions. The relationsbetween
theseregionsare characterisedh a logic-basedanguagesimilar to
RCC.Thislanguagés presentedn Section2. Secondfrom chrono-
logical sequencesf thesesnapshotsa representatioms formed of
the transitionsbetweenthem, in termsof dynamicpredicatesover
imagesof objects.The way thesepredicatesare mappedto transi-
tionsin theraw sensoiatais describedn Section3.

Encodedn thesesensordatatransitionsis informationaboutthe
changingrelationshipsbetweenobjectsmoving aboutin the world.
Sothethird stepin theinterpretatiorprocesss to hypothesissetsof



dynamicspatialrelationsbetweenphysicalobjectsthat canaccount
for thetransitionsn thevisualsensodata.The mappingbetweerthe
predicatesisedto represenimagetransitionsandthoseusedto rep-
resentchangingrelationshipsbetweenphysicalobjectsis described
in Section4. Section5 presentsa brief discussionof how to make
inferencewwithin this framework.

For brevity, thevariablesusedin this paperareuniversallyquanti-
fied unlessexplicitly mentioned.

2 A Spatial Logic Based on Regions

Thissectionpresentsmary-sortedfirst-orderaxiomatisatiorof spa-
tial relationsassumingi,initially, sortsfor spatial regions and real
numbers Similarly to RCC (briefly introducedin the previous sec-
tion), the axiomaticsystempresentedelov hasspatialregionsand
the connectiity betweenthem asfundamentakoncepts However,

this paperassumeshe distancebetweerpairsof regionsasa primi-

tive functionwith whichthedegreeof connectiity is defined.There-
fore, the relationsbetweenspatialregions are definedaccordingto
thedegreeof displacemenfratherthanconnectity) betweerthem.

Thereasorfor assuminglistanceasa primitive functionfor defin-
ing region relationsis that an estimateof the relative distancebe-
tweenobjectsin arobot's environment(andbetweerpairsof regions
in images)can be extracteddirectly from the robot’s sensordata,
assumingthe basicproblemsof image segmentationare overcome
usingoff-the-shelfmachinevision techniques.

The conceptof distancein this work shouldbe understoodas a
qualitatve notion of displacementi.e., we are not interestedn an
accuratameasurebut on how the distancebetweenpairsof regions
changesn time. Defining qualitative notionsof distance however,
is nota straightforvardtasksincethe commonsenseconcepof dis-
tanceis context dependenf9]. Initial work on qualitative notionsof
distancéor artificial intelligenceis presentedn [7].

For the purposesof this paper however, we assumea distance
function on pairsof spatialregions. This function canbe intuitively
understoodas the length of the shortestline connectingany two
pointsin the two region boundaries In this work, assumingspatial
regionsz andy, the distancebetweenr andy is representedyy the
functiondist(z, y), readas‘the distancebetweerthe regionsz and

Y.
With the dist/2 function, three dyadic relationson spatial re-

gionsaredefined:DC(z, y), standindor ‘ z is disconnecteftomy’;
EC(z,y), readas'z is externallyconnectedrom y’; and,Co(z, y),
readas'z is coalescentwith y'. Theserelations,andthe continuous
transitionsbetweerthem,areshavn in Figurel.

TherelationsDC, EC andCo receve aspeciaktatusn thiswork
(amongsall of the possiblerelationsbetweerspatialregions)dueto
thefactthatthey canbedistinguishedria analyse®nthesensodata.

Assumingthe symbol § as representinga pre-defineddistance
value, the relations DC, EC and Co are axiomatisedby the for-
mulae(A1), (A2) and(A3).

(A1)
(A42)
(43)

DC(z,y) + (dist(z,y) > J)
EC(,1) ¢ (dist(z, ) < 6) A (dist(z,y) # 0)
Co(z,y) + dist(xz,y) =0

The distanced is determinedwith respectto the applicationdo-
main. For instancejn the domainof a mobile robot, assuminghat
thespatialregionsin thecalculusrepresentheregionsof spaceoccu-
piedby physicalbodiesé canbeassumedo bethesizeof therobot.
Thereforeaxiom (A2) canbe understoodhs “tw o objectsare exter-
nally connectedf the distancebetweerthemconstitutesanobstacle

to therobot's motion”. Thus, EC in this casecanbe usedto define
pathswithin a spatialplanningsystem.Similar agumentsapply for
CoandDC.
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Figurel. Relationsonregionsandthecontinuoudransitionsbetween
them.

Transitionsbetweenspatial relationsplay a centralrole in this
work. Thenext sectiondescribeshe setof axioms(T1) to (T4) char
acterisingthe possibletransitionsbetweertherelationsabove.

3 Interpreting Transitions

In this sectionthe setof axioms(Al), (A2) and(A3) areextendedn
orderto expresstheimagesof physicalbodieswith respecto view-
pointsandthetransitionshetweertheseéimagesn time.

In orderto representransitions the ontologyfor spacedescribed
above is extendedby assuminga sortfor time points.New sortsfor
viewpointsandvisual objectsare alsointroducedin orderto repre-
sentrespectrely, the obserer’s viewpoint andthe objectsnotedby
the sensorslt is worth pointing out that the visual objectssort rep-
resentsll informationobtainedby therobotsensorswhichincludes
objectreflectionspcclusionsandsensomnoise.A discussiorof how
thesdssuesaffect thelogic-basednterpretatiorof robotsensodata
wasinitiated in [14]. However, further investigationshouldbe con-
ductedin orderto properlysolve theseproblems.

In orderto representheraw imagesof visualobjectsobtainedby a
robot'svision systemtheimagefunctioni/3 is introduced12]. The
functioni(z, v, t) is readas‘the imageof x asseemfrom v attime
t'. l.e.,i/3 representa mappingfrom visualobjects viewpointsand
time pointsto spatialregionsin the sensoimages.

Assumingthe agumentsof Co, DC and EC to be the outputof
thefunctioni/3, theaxioms(A1), (A2) and(A3) (asdescribedn the
previoussection)canbeincludedin the extendedontology

In this language,the transitionsbetweenthe displacementre-
lations are representecby the dynamic predicatesreceding/3,
approaching/3, splitting/3 andcoalescing/3. Assumingthata
andb aretwo distinct visual objectsobsered by the robot’s vision
systemthepreviouspredicatesreintuitively definedbelow.

e approaching(i(a,v,t),i(b,v,t)), readas‘the imageof a andb

areappmoading eachotherasnotedfrom the viewpoint v attime
t;

o receding(i(a,v,t),i(b,v,t)), readas'the imagesof a andb are
recedingrom eachotherasnotedfrom theviewpointv attimet’;

e coalescing(i(a,v,t),i(b,v,t)), ‘the imagesof a andb arecoa-
lescingasnotedfrom theviewpointv attimet’;

o splitting(i(a,v,t),i(b, v, t)), the imagesof a andb aresplitting
from eachotherasnotedfrom theviewpointv attime¢'.

Thesepredicatesare axiomatisedin the formulae (7'1) to (7'4)
belov. For theseaxiomsto be usefulin an abductve setting, it is
assumedhatthe interval [t1, t2] is shortenoughto rule out the oc-
currenceof multiple discontinuitiesbetweenconsecutie snapshots
of theworld.



The axiomsmale useof a notion of location, which is ontologi-
cally indistinguishabld€rom that of a viewpoint Accordingly loca-
tions and viewpoints are assignedo the samesort. Intuitively, the
ideaof a viewpointincludesthe directionof gazeaswell asthelo-
cationof the obserer, but the directionof gazeplaysnorole in the
presenformalisation.

Axioms (T'1) to (T'4) alsoassumeTarski’s primitive betweeness
(between/3) in orderto capturean ordering on viewpoints. The
statemenbetween(z,y, z) is readas“z lies in betweeny and z”,
andit is intuitively definedas‘x, y, z areco-linearand eachcircle
throughy, z cutsboth circles(y, yz) and(z, zz)' [20] (a morere-
centtreatmentf betweenesis presentedn [4]). In fact,as[t1, t2]
is a shorttime interval, thereis no lossin generalityon assuming
co-linearityof viewpoint pairstakenat¢; andt,.

(T1) approaching(i(a,v,t),i(b,v,t)) —
Ft1 ta v va (1 < t) A (E < t2) Abetween(v, vy, va2)A
DC(i((I, Vi, tl), Z(b, Vi, tl))/\
ﬂC’O(i(a: V2, t2)a Z(b: V2, t2))
A(dist(i(a,vi,t1),4(b,v1,t1)) >
dist(i(a, v2, t2), i(b, v2,t2)))

Axiom (T'1) expresseghatif two imagesare approacing each
otheratatime pointt thenatsometime pointt; beforet theimages
weredisconnectedt is notthe casethattheimagesof a andb were
coalescingtts, andthe distancebetweerthemwaslargerthanata
timeinstantt, aftert,. Theconditionthati(a, v2,t2) andi(b, v2, t2)
are non coalescentt t, guaranteeshat approaching/2 doesnot
includecoalescing/2 (axiom(T'2)).

(T2) coalescing(i(a,v,t),i(b,v,t)) —
Jt1 t2 1 v2 (b1 < E) A (E < t2) Abetween(v,vr, v2)A
[EC(i(a; V1, tl)a 1(b’ V1, t1))V
DC(i(a,v1,t1),i(b, v1,1)]
/\Co(i(a, va, tz), l(b, va, tz))

If two imagesarecoalescingatatime instantt (asrepresentetly
(T'2)) thenthey areexternally connectedor disconnectedat atime
pointt; beforet andcoalescen{Co) atat. laterthant.

(T3) splitting(i(a,v,t),i(b,v,t)) —
Jt1 t2 1 v2 (b1 < E) A (E < t2) Abetween(v,vr,v2)A
Co(i(aa V1, tl): 'L(ba Vi, tl))/\
[EC(i(a, V2, t2)a l(b: V2, tz))
VDC(i(a: V1, tZ)a Z(b: V1, tZ))]

Axiom (T'3) expresseshatif two imagesare splitting at a time
instantt thenthey arecoalescenttt¢; beforet andexternally con-
nected(or disconnectedatt, aftert.

(T4) receding(i(a,v,t),i(b,v,t)) —
Ft1ta 1 o (01 < t) A (E < t2) Abetween(v, vy, v2)A
[E'C(i(a, V1, tl)a Z(b: V1, tl))v
DC(i(a,v1,t1),4(b,v1,t1))]
A(dist(i(a,v1,t1),1(b,v1,t1))
< dist(i(a, V2, t2), l(b, Va2, tQ)))

If two imagesarerecedingfrom eachotherat a time point¢, ac-
cordingto (7'4), then at sometime point ¢; beforet the images
were externally connected(or disconnectedand the distancebe-
tweenthemwas shorterthan the distanceat a time instantt. after
t.

Finally, if two imagesarestaticattimet thenthedistancebetween
themdoesnotchangerom time pointt; to t asexpressedy axiom
(T5).

(T5) static(i(a,v,t),i(b,v,t)) —
Tt ta (81 <t)A(t < t2)A
(dist(i(a, v, t1),i(b,v,t1)) =

dist(i(a,v,t2),i(b,v,t2)))

Theabore axiomsareusedin thefollowing way. Therobot'scam-
eraacquiresa seriesof snapshotof its ervironment. The task of
abductionis to find an explanationfor the differencebetweenpairs
of consecutie snapshotshby hypothesisingone of five dynamicre-
lationsbetweenrthe 2D regionsthey depict.In practice the intenal
betweerconsecutie snapshotsvill be determinedy theframe-rate
of therobot’'s cameraAs we will seein the next section further ab-
ductive inferencethentakesplaceto explain theserelations,in terms
of themotionof 3D objects,ncludingtherobotitself.

4  From Transitionsto Object Relations

In this section,the five possible dynamic relations betweenim-
ageregionspresente@bove (approaching, coalescing, splitting,
receding andstatic) arerelatedto the sevennew relationson phys-
ical bodiesdescribedelow.

1. getting_closer(a,b,v,t), readas ‘objectsa and b are getting
closerto eachotherattime ¢t from the viewpointv’;

2. ap_getting_closer(a, b, v, t), readas‘objectsa andb areappar
ently getting closerto eachotherat time ¢ dueto motion of the
obserer’;

3. getting_further(a,b,v,t), readas‘'objectsa andb aregetting
further from eachotherattime t from theviewpointv’;

4. ap-getting_further(a,b,v,t), readas‘objectsa andb areap-
parentlygettingfurther from eachotherattime ¢t dueto motionof
theobsererv’;

5. occluding(a, b, v, t), readas‘one of theobjectsa andb is moving
in frontof the otherattime instantt from the viewpointv’;

6. touching(a,b,v,t), readas‘'a andb aretouchingeachotherat
timet asnotedby v’;

7. static(a,b,v,t), readas'a andb arestaticattimet’.

For the purposesof rigorously presentingthe connectionbetween
the previous set of relationsand the abstractdefinitionsdefinedin
the previous section, herein we assumethe predicatelocated/3;
located(a, v, t) representshefactthata physicalbodya is located
atv attimet. Thereforetheremainingsectionassumehattherobot
is equippedwvith amapwith whichit is ableto locateitself in its en-
vironment.This simplificationshouldbe relaxed in future research,
sothata similar framework to thatdescribedn this papercould be
usedin arobotmapbuilding process.

From hereon, for brevity, we assumea constant— robot — of
thesortvisual objectthatdenotegherobot.

Basedon theinformal definitionsabove, the relationshipbetween
the predicate®nimages(describedn Section3) andthe predicates
on physicalbodiesis capturedby the axioms (IO 1) to (IO 4)
below.



(IO 1) approaching(i(a,v,t),i(b,v,t)) <
located(robot, v, t) A [getting_closer(a,b,v,t)V
ap_getting_closer(a,b,v,t)]

coalescing(i(a,v,t),i(b, v, t))
located(robot, v, t) A [occluding(a, b, v, t)
Vtouching(a,b, v, t)]

(IO 2)

(I0 3) [splitting(i(a,v,t),i(b,v,t))V
receding(i(a,v,t),i(b,v,t))]
located(robot, v, t) A [getting_further(a,b, v, t)V
ap-getting_further(a,b, v,t)]

(I0 4) static(i(a, v, t),i(b,v,t)) +

located(robot, v, t) A static(a,b,v,t)

5 Inference

The purposeof inferencewithin the framevork presentedn this pa-
peris twofold: explanationof sensordataandpredictionof their fu-
ture configurationsExplanationis accomplishedhroughabduction
in a way similar to the proposedin [16]. Prediction,on the other
hand,is handledby deductionThis duality betweerubduction and
deduction wasexploredin [15] for temporalreasoning.

We briefly introducethe conceptof abductionandrelateit to the
definitionspresentedn the previous sections Abductionis the pro-
cesof explainingasetof sentence¥ by finding a setof formulaeA
suchthat, givena backgroundheoryX, I is alogical consequence
of ¥ U A. In orderto avoid trivial explanationsa setof predicatess
distinguishedthe abduciblepredicate} suchthat every acceptable
explanationmustcontainonly thesepredicates.

Assumingthe framewvork proposedn the previous sections the
descriptiorof sensodatain termsof displacementelations(Section
2) compriseghesetI’. ThebackgroundheoryX is, then,assumedo
beconstitutedy thesetof axioms(7'1) to (7'5) and(101) to (104).
Finally, the abduciblesare consideredo be the abstractpredicates,
receding/3, approaching/3, splitting/3 andcoalescing/3, de-
finedin Section3.

In orderto clarify theconceptsntroducedn this paperandto give
anideaof thesortof inferencepossibldn thisframeavork, we present
the examplebelawn. This exampleassumesasan abbreiation, that
theorderingof time pointsis implicit in their own notation,i.e.,t; <
t; if andonly if ¢ < j (for time pointst; andt;, andintegers: and
7) andthattheviewpointy; is relatedto thetime pointt; . Moreover,
lower caseromanlettersareusedto represenvariableswhile upper
casdettersareresenedfor groundterms.

Skolemisationis also implicit in this example, lower casebold
lettersare usedto representhe skolem functionsof their non-bold
counterpartzariables(i.e., u is the skolemisedversionof «). Here,
skolemfunctionsareusedto maintainthereferenceof variablesrom
oneinferencestepto the next.

Forthesale of brevity, we omitin theexamplebelov detailsabout
how to malke inferencesaboutthelocationof therobotin its erviron-
ment.

Theexamplebelav assumeslepthmapstakenfrom theviewpoint
of arobot navigating throughan office-like environment(Figures2
and 3). For the sale of simplification, the framewvork developedin
this paperis appliedon cylindrical objectswith addedextures.

Considerthe sequencef snapshotsf theworld in Figure2. The
first stepof sensordataassimilationis the descriptionof this se-
qguencein termsof the displacementelationsdiscussedn Section
2. The result of this taskis exemplified by the formula (1) belov
(whereO; andO, representhetwo objects— rectangulaareas—

01 02

Figure2. DepthmapsatviewpointsV; andVa.

in the sceneand, Vi andV; representshe viewpoints whereboth
picturesin Figure2 weretaken).

(1) located(Robot1, V1, To) A located(Robot1, Va, T1)A
DC(i(0O1,V1,T0),i(02, V1,To)) A DC(i(O1, V2, Th),
1(02, V2, T1)) A (dist(i(O1, V1, To), (02, V1,T0)) >
diSt(i(Oli Va, Tl)a i(02’ Va, Tl)))

Assumingformula (1) andthe axiomsdescribedn Sections2, 3
and4, formulae(2) and(3) canbe abductedasan interpretationof
thesensoilinformationin Figure2.

(2) 3 v tlocated(Robot1,v,t) A between(v, Vi, V2)A
approaching(i(O1,v,t),1(02,v,t)) ATy < tA
t < Tifrom (1) andaxiom (T'1);
(3) ap_getting_closer(O1, O2,v,t),from (2), axiom(101) and
theassumptiorof objectimmovably;;

Formula(3) is a hypothesisaboutthe stateof the objectsin the
world to explainthe givensensodata.

From formulae (1), (2) and (3) we would like to derive a setof
expectationgpredictions)aboutthe future possiblesensordataand
their interpretationsn termsof objectrelations.Onepossiblesetof
predictionss comprisedby theformulaein the Predictions| set.

Predictions|:
(I.1) 3 w1 w1 located(Robot1, w1, u1)A
between(w1, V2, V3)A
EC(i(O1,w1,u1),4(02,w1,u1)) AT < w1
J ws ug located(Roboty, wa, u2) A
coalescing(i(O1, w2, u2),3(02, w2, u2))A
u; < usfrom(1.1) andaxiom(T2),
occluding(O1, O2, w2,uz2);
from (1.2), axiom(102) and
theassumptiorof immovably of objects;

(1.2)

(1.3)

Formula (1.3) is a hypothesisaboutthe future relationshipbe-
tweenobjectsO,, O, andtheobserer.

Thesepredictionsassumehat the obserer continuedits motion
in the samedirectionafterthe snapshotef Figure2 were obtained.
In the generalcase however, mary possiblepredictionscanbe de-
duced Furtherresearclis requiredo designasetof criteriafor rank-
ing competinghypothesesanda methodfor handlingthesepossible
hypothesesvithin theinference.

Figure3 shavs theimagesfrom the robot's cameraat viewpoints
Vs, Va andVs.

Thesensodatanotedat Vs is describedy formulae(4). Formulae
(5) and(6) follow from (4) andthe axioms.

(4) located(Robot1, V3, Ta)A\
(dist(i(0O1, V3, T2),4(02, V3, T>)) < d) from sensodata,;
(6) EC(i(O1,Vs,T»),i(02, Vs, Ta)) from (4) andaxiom (A2);
(6) 3Fwtlocated(Roboti,v,t) A between(v, V3, Va)A
approaching(i(O1,v,t),i(O2,v,t)) ANT1 < tA
t < T, from (4), (5) andaxiom (7'1);
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Figure3. DepthmapsatviewpointsVs, V4 andVs.
Similarly to the first setof predictions,Predictions Il hypothe-
sisesaboutthefuture possiblesensoidataandabouttherelationship
betweerobjectsO; andO2, andthe obserer.

Predictions||1:

(I1.1) 3 w: w1 located(Roboty, w1, u1)A
between(wi, Vs, Vs)A
Co(i(O1,w1,u1),4(02, w1, u1))A
Ty < up

(I1.2) 3 ws usa located(Roboty, w2, u2)A\
splitting(i(O1, w2, u2), (02, w2, u2));

(I1.3) ap-getting_further(O1,02, w2, u2)
from (I1.1) andaxiom (103);

(7)  located(Roboty, Vy, Ty)A

(dist(i(O1,Va, T4),i(02, Vs, Ts)) = 0) from sensodata;
(8) Co(i(O1,Va, T4),1(02, Vs, Ts)) from (6) andaxiom (A3);
(9) 3w tlocated(Roboty,v,t) A\ between(v, Vi, Vs)A

coalescing(i(O1,v,t),i(02,v,t)) ATs <t At < ta
from (7) andaxiom(T2);

Formula(9), derived from the axiomsandthe descriptionof the
imagesconfirmsthe prediction(l.2) and,consequently(1.3).

In this paper depthinformationaboutthe scenevasignored.Fur-
therresearctwill considertherangedatagiven by the stereo-vision
systemin thereasoningprocess.

6 Discussion

This paperdescribedhreesetsof axiomsfor logic-basedscendnter-
pretation.Theseaxiomsform a hierarchy Thefirst layer of this hi-
erarchy constitutecby theaxioms(A1), (A2) and(A3), formalises
relationsbetweenpairsof spatialregionsassuminga distancefunc-
tion asprimitive. The purposeof thisfirst setof axiomsis to classify
in termsof displacementelations,imagesof the objectsin space
asnotedby a mobile robot’s sensorsTransitionsbetweenthesere-
lationsin a sequenc®f sensomatawere,then,axiomatisedoy the
secondsetof axioms((7'1) to (7'5)), definingthesecondayerof the
imageinterpretatiorsystem.

Thesecondayerof thehierarchyaimsatthe classificatiorof tran-
sitionsin the sensordataby meansof abstiact predicateqthe left-
handsideof axioms(Z0O1) to (I04)). Thesepredicatesvere,then,
rewritten into possibleexplanationsor the sensodatatransitionsin
termsof object-obserer relations.Thelastsetof axioms((O1) to
(I04)) characterisethis processwhich constituteshefinal layerof
thehierarchy

The useof abstracpredicategecallsthe ideaof abstractreason-
ing [2][6]. Abstractreasoningrameworks have concentratednainly
on using abstractiongo provide generalproofsin automatedheo-
remproving in orderto guideproofsin the groundspaceg5]. In the
presenpaper however, abstractions usedto give agenerainterpre-
tationof anorderedpair of sensoidatadescriptionln this sensethe
main purposeof using abstractdefinitionsis to overlook the ambi-
guitiesin the sensordata, keepingevery plausibleinterpretationof

a scenarioinside a more generalabstractconcept.Axioms (101)
to (I04) definethe abstractpredicatesn termsof more specific
equally-plausiblénypotheseto explain particulartransitions There-
fore, not only canabstractioninterleave planningand execution(as
proposedn [10]) but alsoit caninterleave sensodatainterpretation
andplanning.Furtherexaminationof thisissueis a subjectfor future
research.

Anotherpotentialtopic for further investigationis the possibility
of incorporatingfeedbaclkandexpectationinto the sensodatainter-
pretationprocesslescribedn this paper alongthelinesproposedn
[18].
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