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Abstract. Thispaperdescribestheconstructionof aqualitativespa-
tial reasoningsystembasedonthesensordataof amobilerobot.The
spatialknowledgeof therobot is formalisedin threesetsof axioms.
First of all, axioms for relationsbetweenpairs of spatial regions
are presented.Assumingthe distancebetweenregions as a primi-
tive function in the language,themainpurposeof this initial axiom
setis theclassificationof relationsbetweenimagesof objects(from
therobot’s visionsystem)accordingto theirdegreeof displacement.
Changesin the sensordata,due to the movementeitherof objects
in the robot’s environmentor of the robot itself, arerepresentedby
transitionsbetweenthedisplacementrelations.Thesetransitionsare
formalisedby thesecondsetof axioms.Thepredicatesdefiningthe
transitionsbetweenimagerelationsareconnectedto possibleinter-
pretationsfor the sensordatain termsof object-observer relations,
this issueis handledby the third setof axioms.Thesethreeaxiom
setsconstitutethreelayersof logic-basedimageinterpretationvia
abductionon transitionsin thesensordata.

1 Introduction

Much researchin robotics concernslow-level tasks(e.g. sensory
processing,manipulatordesignandcontrol) leaving asidequestions
about high-level information processingsuch as reasoningabout
space,time, actionsand statesof other agents[3][8]. Such issues
have beenaddressedby the knowledgerepresentationsub-fieldof
Artificial Intelligence[17][13]. Knowledgerepresentation(KR) the-
ories,however, have largelybeendevelopedin isolationfrom empir-
ical issuessuchashow knowledgeabouttheworld is acquiredand
what the physicalmechanismsare by which it is embodiedin the
agents.

Thepresentpaperdescribesalogic-basedformalismfor represent-
ingknowledgeaboutobjectsin spaceandtheirmovement,andshows
how to build up suchknowledgefrom the sensordataof a mobile
robot.Oneof the main purposesof this theoryis to bridgethe gap
betweenKR theoriesandpracticalrobotics,equippingtherobotwith
thebasicmachineryfor deriving andmanipulatinginformationabout
physicalobjects(includingtherobotitself).

Briefly, this work proposesthat incomingsensordatacanbe ex-
plainedby hypothesisingtheexistenceof physicalobjectsalongwith
thedynamicrelationshipsthatholdbetweenthem,all with respectto
a(possiblymoving) viewpoint.Theapproachusedrecallstheabduc-
tive accountof sensordataassimilationfirst proposedin [16]. How-
ever, while thisearlierwork dealswith spatialoccupancy, it doesnot
dealwith the questionof the relationshipbetweenspatially-located
objectsand the viewpoint of an observer. One motivation for the
presentpaperis to proposea spatialrepresentationframework ca-
pableof copingwith this issue.Moreover, aspointedout in [19], the�
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knowledgerepresentationcommunityhasproducedvery little work
on formalismsthat handleboth spaceandtime, a combinationthat
playsa centralrole in the representationalsystemdescribedin this
paper.

Two theoriesof qualitative spatialreasoningareparticularlyrel-
evant to this work, namelythe Region ConnectionCalculus(RCC)
[11][1] andtheRegion OcclusionCalculus(ROC) [12]. FromRCC,
thispaperinheritstheuseof regionsandconnectivity relationsin the
constructionof thespatialontology. On theotherhand,theway we
dealwith observer’s viewpoint is reminiscentof ROC. The present
framework, however, extendsbothRCCandROC, in thesensethat
it assumessensoryinformationasthe foundationof the knowledge
representationformalism.

A brief overview of theRCCandROC formalismsfollows. RCC
is a many-sortedfirst-orderaxiomatisationof spatialrelationsbased
on a dyadic primitive relation of connectivity( ����� ) betweentwo
regions.Assumingtwo regions 	 and 
 , therelation ���
	���
�� , readas
“ 	 is connectedwith 
 ” , is trueif andonly if theclosuresof 	 and 

have at leasta point in common.

Assumingthe ����� relation,andthat 	 , 
 and � arevariablesfor
spatialregions,somemereotopologicaldyadic relationscanbe de-
finedon regions.They are, ���
	���
�� (x is part of y), ���
	���
�� (x over-
laps y), �����
	���
�� (x is discrete from y), �����
	���
�� (x is a proper
part of y), �! "��� and ���! "��� (theinversesof �#��� and ���#��� respec-
tively), �$���
	���
�� (x is disconnectedfrom y), %'&��
	��(
�� (x is equal
to y), �����
	��(
�� (x partially overlapsy), %)���
	���
�� (x is externally
connectedwith y), *������
	���
�� (x is a tangential proper part of y),+ *������
	��(
�� (x is a non-tangential properpart of y), and *����! "���
and

+ *����! "��� (the inverserelationsof *����#��� and
+ *����#��� re-

spectively).
ExtendingRCC, ROC wasdesignedto model the spatialocclu-

sionof arbitraryshapedobjects.Thetheorycapturesa setof spatial
relationsexpressingobjectinterpositionthatcanhold betweenpairs
of regions,eachcorrespondingto the imageof a bodyasseenfrom
someviewpoint.Thepresentpaperbuildson this by supplyinga dy-
namiccharacterizationof occlusion,basedonthesortof information
thatis obtainabledirectly from thevisualsystemof a mobilerobot.

Accordingto thepresentpaper, theprocessof sensordatainterpre-
tation is composedof threesub-tasks.First, visual snapshotsof the
world arerepresentedas2D spatialregions.The relationsbetween
theseregionsarecharacterisedin a logic-basedlanguagesimilar to
RCC.This languageis presentedin Section2. Second,from chrono-
logical sequencesof thesesnapshots,a representationis formedof
the transitionsbetweenthem, in termsof dynamicpredicatesover
imagesof objects.The way thesepredicatesaremappedto transi-
tionsin theraw sensordatais describedin Section3.

Encodedin thesesensordatatransitionsis informationaboutthe
changingrelationshipsbetweenobjectsmoving aboutin the world.
Sothethird stepin theinterpretationprocessis to hypothesisesetsof



dynamicspatialrelationsbetweenphysicalobjectsthatcanaccount
for thetransitionsin thevisualsensordata.Themappingbetweenthe
predicatesusedto representimagetransitionsandthoseusedto rep-
resentchangingrelationshipsbetweenphysicalobjectsis described
in Section4. Section5 presentsa brief discussionof how to make
inferenceswithin this framework.

For brevity, thevariablesusedin thispaperareuniversallyquanti-
fied unlessexplicitly mentioned.

2 A Spatial Logic Based on Regions

Thissectionpresentsamany-sortedfirst-orderaxiomatisationof spa-
tial relationsassuming,initially, sorts for spatial regions and real
numbers.Similarly to RCC (briefly introducedin the previous sec-
tion), theaxiomaticsystempresentedbelow hasspatialregionsand
the connectivity betweenthemasfundamentalconcepts.However,
this paperassumesthedistancebetweenpairsof regionsasa primi-
tivefunctionwith whichthedegreeof connectivity is defined.There-
fore, the relationsbetweenspatialregionsaredefinedaccordingto
thedegreeof displacement(ratherthanconnectivity) betweenthem.

Thereasonfor assumingdistanceasaprimitivefunctionfor defin-
ing region relationsis that an estimateof the relative distancebe-
tweenobjectsin a robot’senvironment(andbetweenpairsof regions
in images)can be extracteddirectly from the robot’s sensordata,
assumingthe basicproblemsof imagesegmentationareovercome
usingoff-the-shelfmachinevision techniques.

The conceptof distancein this work shouldbe understoodasa
qualitative notion of displacement,i.e., we arenot interestedin an
accuratemeasure,but on how thedistancebetweenpairsof regions
changesin time. Defining qualitative notionsof distance,however,
is nota straightforwardtasksincethecommonsenseconceptof dis-
tanceis context dependent[9]. Initial work on qualitative notionsof
distancefor artificial intelligenceis presentedin [7].

For the purposesof this paper, however, we assumea distance
functionon pairsof spatialregions.This functioncanbe intuitively
understoodas the length of the shortestline connectingany two
points in the two region boundaries. In this work, assumingspatial
regions 	 and 
 , thedistancebetween	 and 
 is representedby the
function ,- ".0/1�
	���
�� , readas‘the distancebetweentheregions 	 and
 ’.

With the ,- ".1/���� function, three dyadic relationson spatial re-
gionsaredefined:�$���
	��(
�� , standingfor ‘ 	 is disconnectedfrom 
 ’;%)���
	��(
�� , readas‘ 	 is externallyconnectedfrom 
 ’; and, ��23�
	���
�� ,
readas‘ 	 is coalescentwith 
 ’. Theserelations,andthecontinuous
transitionsbetweenthem,areshown in Figure1.

Therelations�$� , %)� and ��2 receiveaspecialstatusin thiswork
(amongstall of thepossiblerelationsbetweenspatialregions)dueto
thefactthatthey canbedistinguishedvia analysesonthesensordata.

Assumingthe symbol 4 as representinga pre-defineddistance
value, the relations �$� , %5� and ��2 are axiomatisedby the for-
mulae �76)89� , �76!��� and �76�:�� .

�76'89�;�$���
	��<
��>=?�
,- ".0/1�
	���
��A@B4���76����;%5���
	���
��C=D�
,- ".1/0�
	��(
��FEB4���GH�
,- �.0/0�
	��(
���IJLK ��76�:M�N��2��
	��(
��O=P,- �.0/0�
	��(
�� JLK
The distance4 is determinedwith respectto the applicationdo-

main.For instance,in the domainof a mobile robot,assumingthat
thespatialregionsin thecalculusrepresenttheregionsof spaceoccu-
piedby physicalbodies,4 canbeassumedto bethesizeof therobot.
Thereforeaxiom (A2) canbe understoodas“two objectsareexter-
nally connectedif thedistancebetweenthemconstitutesanobstacle

to therobot’s motion”. Thus, %)� in this casecanbeusedto define
pathswithin a spatialplanningsystem.Similar argumentsapply for��2 and �$� .
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Figure 1. Relationson regionsandthecontinuoustransitionsbetween
them.

Transitionsbetweenspatial relationsplay a central role in this
work. Thenext sectiondescribesthesetof axioms(T1) to (T4) char-
acterisingthepossibletransitionsbetweentherelationsabove.

3 Interpreting Transitions

In this sectionthesetof axioms(A1), (A2) and(A3) areextendedin
orderto expresstheimagesof physicalbodieswith respectto view-
pointsandthetransitionsbetweentheseimagesin time.

In orderto representtransitions,theontologyfor spacedescribed
above is extendedby assuminga sort for time points.New sortsfor
viewpointsandvisual objectsarealsointroducedin orderto repre-
sent,respectively, theobserver’s viewpoint andtheobjectsnotedby
thesensors.It is worth pointingout that thevisual objectssort rep-
resentsall informationobtainedby therobotsensors,which includes
objectreflections,occlusions,andsensornoise.A discussionof how
theseissuesaffect thelogic-basedinterpretationof robotsensordata
wasinitiated in [14]. However, further investigationshouldbecon-
ductedin orderto properlysolve theseproblems.

In orderto representtheraw imagesof visualobjectsobtainedby a
robot’svisionsystem,theimagefunction  "��: is introduced[12]. The
function  <�
	���^���/�� is readas‘the imageof 	 asseemfrom ^ at time/ ’. I.e.,  "�_: representsamappingfrom visualobjects, viewpointsand
timepointsto spatialregionsin thesensorimages.

Assumingtheargumentsof ��2 , �$� and %)� to betheoutputof
thefunction  "��: , theaxioms(A1), (A2) and(A3) (asdescribedin the
previoussection)canbeincludedin theextendedontology.

In this language,the transitionsbetweenthe displacementre-
lations are representedby the dynamic predicates `�acb0a9,- 7dfe���: ,g9hMh `�2 g b1i� 7dfe���: , . hfj  
/"/( 7dfe���: and bk2 g3j a_.1b0 7dfe���: . Assumingthat g
and l aretwo distinct visual objectsobserved by the robot’s vision
system,thepreviouspredicatesareintuitively definedbelow.m g9hMh `_2 g b1i� ndfeo�
 <� g �(^3�(/<�k�� <�
l_�<^���/���� , readas‘the imageof g and l

areapproaching eachotherasnotedfrom theviewpoint ^ at time/ ’;m `�acb0a9,- 7dfeo�
 <� g ��^��"/<�k�� <�
l���^��(/<��� , readas‘the imagesof g and l are
recedingfrom eachotherasnotedfrom theviewpoint ^ attime / ’;m b02 g3j a_.cbk 7doeo�
 <� g ��^3�(/<�k�� <�
l_�<^���/���� , ‘the imagesof g and l arecoa-
lescingasnotedfrom theviewpoint ^ at time / ’;m . hfj  
/�/� ndfeo�
 <� g ��^��"/<�k�� <�
l_�<^��(/���� , ‘the imagesof g and l aresplitting
from eachotherasnotedfrom theviewpoint ^ at time / ’.
Thesepredicatesare axiomatisedin the formulae( *'8 ) to ( *qp )

below. For theseaxiomsto be useful in an abductive setting,it is
assumedthat the interval r / � �(/<skt is shortenoughto rule out the oc-
currenceof multiple discontinuitiesbetweenconsecutive snapshots
of theworld.



Theaxiomsmake useof a notion of location, which is ontologi-
cally indistinguishablefrom that of a viewpoint. Accordingly, loca-
tions andviewpointsareassignedto the samesort. Intuitively, the
ideaof a viewpoint includesthedirectionof gazeaswell asthe lo-
cationof theobserver, but thedirectionof gazeplaysno role in the
presentformalisation.

Axioms ( *'8 ) to ( *�p ) alsoassumeTarski’s primitive betweeness
( l1a1/(u�a9acd��_: ) in order to capturean ordering on viewpoints. The
statementl1a1/(u�a9a9dO�
	��"
f�<�-� is readas“ 	 lies in between
 and � ”,
andit is intuitively definedas‘x, y, z areco-linearand eachcircle
through 
 , � cutsboth circles( 
f��
R	 ) and( � , ��	 )’ [20] (a morere-
centtreatmentof betweenessis presentedin [4]). In fact,as r / � ��/ s t
is a short time interval, thereis no loss in generalityon assuming
co-linearityof viewpoint pairstakenat / � and /<s .�v*)8c� g9hMh `_2 g b0i� 7dfeo�
 w� g �(^���/��k�� <�
l��<^���/<���Ax�yz / � / s ^ � ^ s �v/ �|{ /��oG}�v/ { / s �~G�l0a1/(u�a_acdO�7^��(^ � �<^ s ��G�$���
 <� g ��^ � �(/ � �k�� <�
l��<^ � �(/ � ����G� ��2��
 <� g �<^�s��(/<s1�k�( w�
l_�<^Ms���/<s1���G|�
,- ".0/1�
 <� g �<^ � �(/ � �k�( w�
l_�<^ � ��/ � ���A@,- ".1/0�
 <� g ��^ s �(/ s �k�� <�
l��<^ s �(/ s �����

Axiom ( *)8 ) expressesthat if two imagesareapproaching each
otherata timepoint / thenatsometime point / � before/ theimages
weredisconnected, it is not thecasethatthe imagesof g and l were
coalescingat / s , andthedistancebetweenthemwaslarger thanat a
time instant/�s after / ,. Theconditionthat  <� g ��^�s��(/<s1� and  <�
l��<^�s��(/<s1�
are non coalescentat /<s guaranteesthat g_h�h `�2 g b1i� 7dfe���� doesnot
include b02 g3j a_.1b0 7dfe���� (axiom �v*!��� ).�v*!���Nbk2 g3j a_.1b0 7dfeo�
 <� g ��^���/��k�� <�
l��<^���/<���Axfyz / � / s ^ � ^ s �v/ �|{ /��oG}�v/ { / s �~G�l0a1/(u�a_acdO�7^��(^ � �<^ s ��Gr %5���
 <� g �<^ � �(/ � �k�( w�
l_�<^ � �(/ � ������$���
 <� g ��^ � �(/ � �k�� <�
l��w^ � �(/ � �"tGO��2��
 <� g �<^�s��(/<s1�k�( w�
l_�<^Ms���/<s1���

If two imagesarecoalescingat a time instant/ (asrepresentedby
( *�� )) thenthey areexternallyconnected(or disconnected) at a time
point / � before/ andcoalescent( ��2 ) ata /<s laterthan / .�v*�:���. hfj  
/"/( 7dfeo�
 w� g �(^��(/<�k�� <�
l��<^���/<���Axfyz / � / s ^ � ^ s �v/ �|{ /��oG}�v/ { / s �~G�l0a1/(u�a_acdO�7^��(^ � �<^ s ��G��2��
 <� g �<^ � �(/ � �k�( w�
l_�<^ � ��/ � ����Gr %)���
 w� g �<^�s_�(/�sc�k�� <�
l��<^�s_�(/<sc����>�$���
 <� g �<^ � �(/�s1�k�� <�
l���^ � �(/�s1���"t

Axiom ( *�: ) expressesthat if two imagesaresplitting at a time
instant / thenthey arecoalescentat / � before / andexternallycon-
nected(or disconnected) at /<s after / .�v*�pM�N`�acb1ac,- 7doeo�
 <� g ��^3�(/<�k�� w�
l_�<^��(/����Axfyz / � /<s�^ � ^�s��v/ � { /��oG}�v/ { /<sc�~G�l0a1/(u�a_acdO�7^��(^ � �<^�sc��Gr %5���
 <� g �<^ � �(/ � �k�( w�
l_�<^ � �(/ � ������$���
 <� g �<^ � �(/ � �k�� <�
l���^ � �(/ � ���"tG��
,- ".0/1�
 <� g ��^ � ��/ � �k�� <�
l_�<^ � �(/ � ���{ ,- ".0/1�
 <� g ��^�s��(/<s1�k�( w�
l_�<^Ms���/<s1�����

If two imagesarerecedingfrom eachotherat a time point / , ac-
cording to ( *qp ), then at sometime point / � before / the images
were externally connected(or disconnected) and the distancebe-
tweenthemwasshorterthan the distanceat a time instant / s after/ .

Finally, if two imagesarestaticat time / thenthedistancebetween
themdoesnotchangefrom timepoint / � to / s asexpressedby axiom
( *�� ).

�v*�����.1/ g /( 7b��
 <� g ��^���/<�k�( <�
l_�<^��(/�����x�yz / � /<s!�v/ � { /<�~G}�v/ { /�sc��G�
,- ".0/1�
 <� g �<^��"/ � �k�� <�
l_�<^���/ � ��� J,- ".1/0�
 <� g �(^��(/�s1�k�� <�
l��<^3�(/<s1�����
Theaboveaxiomsareusedin thefollowing way. Therobot’scam-

era acquiresa seriesof snapshotsof its environment.The task of
abductionis to find an explanationfor the differencebetweenpairs
of consecutive snapshots,by hypothesisingoneof five dynamicre-
lationsbetweenthe2D regionsthey depict.In practice,the interval
betweenconsecutive snapshotswill bedeterminedby theframe-rate
of therobot’s camera.As we will seein thenext section,furtherab-
ductive inferencethentakesplaceto explain theserelations,in terms
of themotionof 3D objects,includingtherobotitself.

4 From Transitions to Object Relations

In this section, the five possibledynamic relations betweenim-
ageregionspresentedabove ( g9hMh `_2 g b1i� ndfe , b02 g3j a_.1b0 7dfe , . hfj  
/"/( 7dfe ,`�acb1ac,- 7dfe and .0/ g /� nb ) arerelatedto thesevennew relationsonphys-
ical bodiesdescribedbelow.

1. e3a1/�/( 7dfe b j 2M.cac`�� g ��l_�<^��"/<� , read as ‘objects g and l are getting
closerto eachotherat time / from theviewpoint ^ ’;

2. g9h e3ac/"/( 7dfe b j 2�.cac`�� g ��l_�<^���/�� , readas‘objects g and l areappar-
ently getting closer to eachotherat time / dueto motion of the
observer’;

3. e3a1/�/( 7dfe ����`9/�i�ac`3� g ��l��<^3��/<� , readas‘objects g and l aregetting
further from eachotherat time / from theviewpoint ^ ’;

4. g9h e3ac/"/( 7dfe ����`9/�i�ac`3� g �(l��<^��"/<� , readas‘objects g and l areap-
parentlygettingfurther from eachotherat time / dueto motionof
theobserver ^ ’;

5. 2�bkb j ��,- ndfeo� g ��l_�<^��(/�� , readas‘oneof theobjectsg and l is moving
in frontof theotherat time instant/ from theviewpoint ^ ’;

6. /(2_��b1i� ndfeo� g ��l_�<^��(/�� , readas‘ g and l aretouchingeachotherat
time / asnotedby ^ ’;

7. .0/ g /( 7b�� g ��l��<^��"/<� , readas‘ g and l arestaticat time / ’.
For the purposesof rigorously presentingthe connectionbetween
the previous setof relationsand the abstractdefinitionsdefinedin
the previous section,herein we assumethe predicate j 2_b g /(a9,3�_: ;j 2�b g /(ac,f� g �(^���/�� representsthefact thata physicalbody g is located
at ^ attime / . Therefore,theremainingsectionsassumethattherobot
is equippedwith a mapwith which it is ableto locateitself in its en-
vironment.This simplificationshouldbe relaxed in futureresearch,
so thata similar framework to thatdescribedin this papercouldbe
usedin a robotmapbuilding process.

From hereon, for brevity, we assumea constant— `�2_l029/ — of
thesortvisualobjectthatdenotestherobot.

Basedon theinformal definitionsabove, therelationshipbetween
thepredicateson images(describedin Section3) andthepredicates
on physicalbodiesis capturedby the axioms �
�R��8c� to �
�R�Dp-�
below.



�
�R��8c� g9hMh `_2 g b1i� ndfeo�
 <� g �(^3�(/<�k�� w�
l_�w^���/����O�j 2�b g /�ac,f�
`�2_l029/0�(^��(/��~G}r e3a1/"/( 7dfe b j 2�.ca9`3� g ��l���^���/����g_h e3a1/"/( 7dfe b j 2�.ca9`3� g ��l���^���/��"t�
�R������b02 g3j a_.cbk 7doeo�
 <� g ��^3�(/<�k�� <�
l_�<^���/����O�j 2�b g /�ac,f�
`�2_l029/0�(^��(/��~G}r 2_b0b j ��,- 7dfeo� g ��l��<^3�(/<���/�2���b1i� 7dfeo� g ��l��<^3�(/<�"t�
�R��:���r . h�j  
/�/( 7dfeo�
 <� g ��^��"/<�k�� <�
l���^��(/<�����`�acb1ac,- 7dfeo�
 <� g �(^���/��k�� <�
l��<^3�(/<���"t��j 2�b g /�ac,f�
`�2_l029/0�(^��(/��~G}r e3a1/"/( 7dfe ����`_/(i�ac`�� g ��l_�<^��"/<���g_h e3a1/"/( 7dfe ����`_/(i�ac`�� g ��l_�<^��"/<�"t�
�R�LpM��.0/ g /( 7b��
 <� g ��^3��/<�k�( w�
l_�<^��(/������j 2�b g /�ac,f�
`�2_l029/0�(^��(/��~G�.1/ g /( 7b�� g �(l_�<^��"/<�
5 Inference

Thepurposeof inferencewithin theframework presentedin this pa-
per is twofold: explanationof sensordataandpredictionof their fu-
tureconfigurations.Explanationis accomplishedthroughabduction
in a way similar to the proposedin [16]. Prediction,on the other
hand,is handledby deduction.This duality betweeng lk,-��bk/� 72�d and,Rac,-��bk/� n2_d wasexploredin [15] for temporalreasoning.

We briefly introducetheconceptof abductionandrelateit to the
definitionspresentedin theprevioussections.Abductionis thepro-
cessof explainingasetof sentences� by findingasetof formulae�
suchthat,givena backgroundtheory � , � is a logical consequence
of �H��� . In orderto avoid trivial explanations,asetof predicatesis
distinguished(the abduciblepredicates) suchthat every acceptable
explanationmustcontainonly thesepredicates.

Assumingthe framework proposedin the previous sections,the
descriptionof sensordatain termsof displacementrelations(Section
2) comprisestheset � . Thebackgroundtheory � is, then,assumedto
beconstitutedby thesetof axioms( *'8 ) to ( *�� ) and( �R��8 ) to ( �R�!p ).
Finally, the abduciblesareconsideredto be the abstractpredicates,`�acb0a9,- 7dfe���: , g9hMh `�2 g b1i� 7dfe���: , . hfj  
/"/( 7dfe���: and b02 g�j a�.1bk ndfe��_: , de-
finedin Section3.

In orderto clarify theconceptsintroducedin thispaperandto give
anideaof thesortof inferencepossiblein thisframework,wepresent
the examplebelow. This exampleassumes,asan abbreviation, that
theorderingof timepointsis implicit in theirown notation,i.e., /(� {/7� if andonly if  {L� (for time points / � and /
� , andintegers  and� ) andthattheviewpoint ^ � is relatedto thetimepoint / � . Moreover,
lower caseromanlettersareusedto representvariables,while upper
caselettersarereservedfor groundterms.

Skolemisationis also implicit in this example, lower casebold
lettersareusedto representthe skolem functionsof their non-bold
counterpartvariables(i.e., � is the skolemisedversionof � ). Here,
skolemfunctionsareusedto maintainthereferenceof variablesfrom
oneinferencestepto thenext.

For thesakeof brevity, weomit in theexamplebelow detailsabout
how to make inferencesaboutthelocationof therobotin its environ-
ment.

Theexamplebelow assumesdepthmapstakenfrom theviewpoint
of a robot navigating throughan office-like environment(Figures2
and3). For the sake of simplification,the framework developedin
this paperis appliedon cylindrical objectswith addedtextures.

Considerthesequenceof snapshotsof theworld in Figure2. The
first stepof sensordataassimilationis the descriptionof this se-
quencein termsof the displacementrelationsdiscussedin Section
2. The result of this task is exemplified by the formula (1) below
(where � � and ��s representthetwo objects— rectangularareas—

Figure 2. Depthmapsat viewpoints � � and �Rs .
in the scene;and, � � and �fs representsthe viewpointswhereboth
picturesin Figure2 weretaken).

�(89� j 2�b g /(ac,f�7��2�lk2_/ � �w� � ��*~�c��G j 2_b g /�ac,f�7��2_l029/ � �<�fs_��* � ��G�$���
 w�7� � �w� � �(*~�c�k�( w�7��s��k� � �(*~�c���~G��$���
 <�7� � �<�fs��(* � �k� w�7� s �w� s �(* � ���~G}�
,- ".0/1�
 <�7� � �w� � �(* � �k�( w�7� s �w� � �(* � ���A@,- �.0/0�
 w�7� � �w� s �(* � �k�� <�7� s �k� s �(* � �����
Assumingformula (1) andthe axiomsdescribedin Sections2, 3

and4, formulae(2) and(3) canbe abductedasan interpretationof
thesensorinformationin Figure2.

�n��� z�  / j 2�b g /�ac,f�7��2_l029/ � �   ��/<�~G�l1a1/�u�a9acdO�   �<� � �w�fs1��Gg9hMh `_2 g b0i� 7dfeo�
 w�7� � �   �(/��k�� <�7� s �   �(/����oG$* � { /<G/ { * � from (1) andaxiom �v*'89� ;�7:�� g9h e3ac/"/( 7dfe b j 2�.cac`��7� � �<�!s���¡C��¢9�k� from (2), axiom(IO1) and
theassumptionof objectimmovably. £

Formula(3) is a hypothesisaboutthe stateof the objectsin the
world to explain thegivensensordata.

From formulae(1), (2) and(3) we would like to derive a setof
expectations(predictions)aboutthe future possiblesensordataand
their interpretationsin termsof objectrelations.Onepossiblesetof
predictionsis comprisedby theformulaein thePredictions I set.

Predictions I:¤¥¥¥¥¥¥¥¥¥¥
¦

�
��§¨89� z u � � � j 2�b g /(ac,f�7��2�lk2_/ � ��u � ��� � ��Gl1a1/�u�a9acdO�
u � �w�fs_�w��©9��G%)���
 <�7� � ��u � ��� � �k�� <�7� s ��u � �<� � ����G�* �#{ � ��
��§ ��� z uqs|�fs j 2�b g /(ac,f�7��2�lk2_/ � ��uqs����fsc��Gb02 g3j a_.1b0 7dfeo�
 w�7� � ��uqs����osc�k�( w�7��s���uqs_�<�os0����G�Oª { �os from (I.1) andaxiom(T2).£�
��§ :M�N2_b0b j ��,- 7dfeo�7� � �<� s ��«�¬��<��¬-�k£
from �
��§ ��� , axiom �
�R�'��� and
theassumptionof immovably of objects;

­_®®®®®®®®®®
¯

Formula �
��§ :M� is a hypothesisabout the future relationshipbe-
tweenobjects� � , �!s andtheobserver.

Thesepredictionsassumethat the observer continuedits motion
in thesamedirectionafter thesnapshotsof Figure2 wereobtained.
In the generalcase,however, many possiblepredictionscanbe de-
duced.Furtherresearchis requiredto designasetof criteriafor rank-
ing competinghypotheses,anda methodfor handlingthesepossible
hypotheseswithin theinference.

Figure3 shows theimagesfrom therobot’s cameraat viewpoints��© , ��° and �f± .
Thesensordatanotedat ��© is describedby formulae(4).Formulae

(5) and(6) follow from (4) andtheaxioms.

�
pM� j 2_b g /�ac,f�7��2_l029/ � �w� © ��* s ��G�
,- �.0/0�
 w�7� � �w��©��(*�sc�k�( w�7��s��w��©��(*�sc���AEB4�� from sensordata;�n����%)���
 <�7� � �w��©��(*�s0�k�� <�7�!s��w��©��(*�sc��� from (4) andaxiom �76���� ;�7²�� z5  / j 2_b g /�ac,f�7��2_l029/ � �   ��/<�oG$l1a1/(u�a9a9dO�   �w� © �w� ° ��Gg9hMh `_2 g b0i� 7dfeo�
 w�7� � �   �(/��k�� <�7� s �   �(/����oG$* �#{ /<G/ { *�s from (4), (5) andaxiom �v*'89� ;



Figure 3. Depthmapsat viewpoints �-© , �R° and �3± .
Similarly to the first setof predictions,Predictions II hypothe-

sisesaboutthefuturepossiblesensordataandabouttherelationship
betweenobjects� � and � s , andtheobserver.

Predictions II:¤¥¥¥¥¥¥¥¥
¦

�
�-��§¨8c� z u � � � j 2_b g /(a9,f�7��2�lk2_/ � ��u � �<� � ��Gl1a1/(u�a9acdC�
u � �w��©��w�f±1��G��2��
 <�7� � ��u � ��� � �k�� <�7� s ��u � ��� � ����G*�s { � ��
�-��§ ��� z uqs��os j 2_b g /(a9,f�7��2�lk2_/ � ��uqs_�<�os0��G. hfj  
/�/� ndfeo�
 <�7� � ��uqs����osc�k�� <�7��s���uqs_�<�os1���k£�
�-��§ :�� g9h e3a1/�/� ndfe ����`9/�i�a9`3�7� � ��� s ��«�¬3�<��¬-�
from �
�-��§¨8c� andaxiom �
�R��:M� ;

­ ®®®®®®®®
¯

�n³�� j 2_b g /(a9,f�7��2�lk2_/ � �w��°��(*~°1��G�
,- ".0/1�
 <�7� � �w� ° �(* ° �k�� <�7� s �w� ° ��* ° ��� J�K � from sensordata;�7´M����23�
 <�7� � �w��°���*~°1�k�� <�7�!s��w��°��(*~°1��� from (6) andaxiom(A3);�7µM� z5  / j 2�b g /(ac,f�7��2�lk2_/ � �   �(/��oG�l1a1/(u�a9acdC�   ����°��w�f±c��Gb02 g3j a_.1b0 7dfeo�
 w�7� � �   �(/��k�� <�7� s �   ��/����~G�* © { /�G�/ { / °
from (7) andaxiom(T2);

Formula(9), derived from theaxiomsandthedescriptionsof the
images,confirmstheprediction(I.2) and,consequently, (I.3).

In thispaper, depthinformationaboutthescenewasignored.Fur-
therresearchwill considertherangedatagivenby thestereo-vision
systemin thereasoningprocess.

6 Discussion

Thispaperdescribedthreesetsof axiomsfor logic-basedsceneinter-
pretation.Theseaxiomsform a hierarchy. The first layer of this hi-
erarchy, constitutedby theaxioms �76'89� , �76!��� and �76�:M� , formalises
relationsbetweenpairsof spatialregionsassuminga distancefunc-
tion asprimitive.Thepurposeof thisfirst setof axiomsis to classify,
in termsof displacementrelations,imagesof the objectsin space
asnotedby a mobile robot’s sensors.Transitionsbetweenthesere-
lationsin a sequenceof sensordatawere,then,axiomatisedby the
secondsetof axioms( �v*'89� to �v*���� ), definingthesecondlayerof the
imageinterpretationsystem.

Thesecondlayerof thehierarchyaimsattheclassificationof tran-
sitionsin the sensordataby meansof abstract predicates(the left-
handsideof axioms �
�R��8c� to �
�R�!p-� ). Thesepredicateswere,then,
rewritten into possibleexplanationsfor thesensordatatransitionsin
termsof object-observer relations.Thelastsetof axioms( �
�R��89� to�
�R�!p-� ) characterisesthisprocess,whichconstitutesthefinal layerof
thehierarchy.

Theuseof abstractpredicatesrecallsthe ideaof abstractreason-
ing [2][6]. Abstractreasoningframeworkshave concentratedmainly
on usingabstractionsto provide generalproofs in automatedtheo-
remproving in orderto guideproofsin thegroundspace[5]. In the
presentpaper, however, abstractionis usedto giveageneralinterpre-
tationof anorderedpair of sensordatadescription.In this sense,the
main purposeof usingabstractdefinitionsis to overlook the ambi-
guities in the sensordata,keepingevery plausibleinterpretationof

a scenarioinside a more generalabstractconcept.Axioms �
�R��89�
to �
�R�!p-� define the abstractpredicatesin termsof more specific
equally-plausiblehypothesesto explainparticulartransitions.There-
fore, not only canabstractioninterleave planningandexecution(as
proposedin [10]) but alsoit caninterleave sensordatainterpretation
andplanning.Furtherexaminationof this issueis asubjectfor future
research.

Anotherpotentialtopic for further investigationis the possibility
of incorporatingfeedbackandexpectationinto thesensordatainter-
pretationprocessdescribedin this paper, alongthelinesproposedin
[18].
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