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Abstract.
This article presentsa framework for extracting relevant quali-

tative chunksfrom a video sequence.The notion of qualitative de-
scriptors,usedto performthequalitative extraction,will befirst de-
scribed.A groupingalgorithm operateson the qualitative descrip-
tions to generatea real-timequalitative segmentationof the image
flow. Then,simplepatternrecognitionmethodsareusedto extract
abstractdescriptionof basicactionssuchas”push”, ”take” or ”pull”.
Themethodproposedhereprovidesan unsupervisedlearningtech-
nique to generateabstractdescriptionof actionsfrom a video se-
quence.

1 INTRODUCTION

1.1 The perception problem

Perceptionis probablyoneof themostchallengingproblemsin Ar-
tificial Intelligence.Evenif we coulddesigna smartsystemto com-
putedifficult andsubtlereasoninginferences,we still needa strong
perceptioncapabilityfor thesystemto beableto learnandto beof
someusein therealworld. Patternrecognition[3, 1], artificial vision
or active vision [2] aresomewell known researchareasthataddress
this problem.

In this work, we focusour attentionon symbolicrepresentation,
which meansthatwe will not discusstheapproachesbasedon con-
nectionist,non-symbolicviews. We assumethat theaim of thesys-
tem is to generatea completeor partial symbolic representationof
the world it perceives.In 1998,StuartRusselproposeda challenge
for Artificial Intelligence:building a systemcapableof driving a car
from PaoloAlto to SanFrancisco.His point of view wasto useonly
numerical,nonsymbolicinformationwith no internalrepresentation
of the problem.This contradictsthe usual trendsof classicalAI,
which aremainly concernedwith symbolicdata.The approachwe
proposelies somewherebetweenthesetwo views, aswe usesym-
bolic dataflows computedfrom numericaldataflows. In fact, we
believe the whole perceptionproblemstartswith this well-known
transitionfrom numericaldatato symbolicandqualitativedata.This
will bethemainscopeof thearticle.

1.2 Qualitative modules and psychocognitive
analysis

Themodelweproposeis to usewhatwecall qualitativedescriptors,
that we shall describein moredetail below. However, it would be
interestingto startwith thepsychocognitive backgroundthatguided
usin this research.�
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We startwith theclassicalideathata complex problemshouldbe
divided into small partsto facilitateits solution.Therefore,we will
considertheproblemof perceptionastheextractionof differentqual-
itative featuresfrom araw dataflow. Eachqualitative featureis to be
takenin chargeby a qualitative descriptor. But our perceptioncapa-
bilities seemto go a little further thanjust extractinga collectionof
qualitative featuresfrom a dataflow. Let us take an example:on a
table,we seetwo redballs,onerolling to theright edgeof thetable.
Ourclaim is thatwedonotonly perceive two ballsin aflow of qual-
itative positions,with a flow of qualitative colors.We alsoperceive
thefact that they areof thesamecolor, thatoneball is moving with
constantspeedto theright andthatthedistancebetweenthetwo balls
is increasing.Qualitativedescriptorsallow usto doexactly thesame,
by generatingsymbolic,qualitative descriptionflows from the data
flowsandby extractingqualitative regularitiesfrom thesequalitative
flows.

2 DESCRIPTION OF THE PROBLEM

In computationalterms,our problemis to designa transitionsystem
thatallowsusto transformquantitativedatainto qualitativedata.But
we want a little morethan just a translationfrom numericto sym-
bolic. We also want, as we said in the previous section,a system
capableof extractingqualitative propertiesof thedataandrelations
betweenthem.Our systemshouldbedesignedasfollows:

Input: raw dataflow, mostof the time numerical(for example,
images,numericalflows),but notonly.

Output: a qualitative flow anda setof qualitative propertiesde-
scribingcertainqualitative regularitiesin theflow.

Constraint: real-timeprocessing
Properties: amodularsystem,eachqualitativepropertybeingde-

scribedby a singlequalitative descriptor. Becausethey arereusable,
thesetof qualitative descriptorsis akind of toolbox.

Qualitativedescriptorsarethetoolsweuseto build suchasystem.

3 QUALITATIVE DESCRIPTORS

A qualitative descriptorcan be seenasa qualitative processor, de-
scribedby aquadruplet
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. It receivesaflow of dataasan

input andproducesa flow of qualitative,symbolicdataasanoutput.
The type of input datawill be calledthe domain

�
of the descrip-

tor. In practice,this domaincanbe anything, not only a numerical
domain.For example,thedomainof a qualitative descriptorcanbe
theoutputof anotherqualitativedescriptor. This leadsto networksof
interconnecteddescriptors,aswe shallseebelow.

A qualitative transformfunction
�

is usedto changethe dataof�
into qualitative dataof

	
, thequalitative descriptiondomain.The



elementsof
	

will be calledqualitative types. The importantidea
is that thereis a generalizationfunction

�
from

	 �
to
	

int order
to generalizetwo qualitative typesof

	
. This particularityis usedto

detectregularitiesandcommonpointsinsidethequalitative flow.
Usually,

	
will be a setof first orderpredicates,for it definesa

naturalgeneralizationfunction
�

.

3.1 Order of descriptors

The notion of descriptororder is very important.Somedescriptors
transformoneelementof

�
into oneof

	
. This is a simplefunction

thatabstractsinformation,accordingto aspecificqualitativeperspec-
tive. It will becalledaqualitative descriptorwith order � . For exam-
ple,a verysimplefirst orderdescriptorcouldbeworking on thesign
of a real number, which is a qualitative featureof this number. If����� then

��� � ����� � �"!$#
else

��� � ����� %'&)(*#
. Notethatweadoptthe

conventionof writing elementsof
	

betweensquarebrackets.
Somedescriptorsneedtwo elementsof

�
to produceaqualitative

responsein
	

. The typical exampleis a descriptorstatingwhether
two numbersare in decreasingor increasingorder. If ��+-, then��� � � , �.�/� + # else

��� � � , �.�0� � # . They arecalledsecondorder
descriptors.

In a way, theorderof a descriptorcanbeseenasthearity of the
function

�
. First orderdescriptorsjust transformonepieceof infor-

mationinto another. Secondorderdescriptorsgive informationabout
theevolution of someelementsof

�
. Onecouldspeakof staticand

dynamicdescriptorsandthenotionof orderis thencloselyrelatedto
thenotionof derivative orderin mathematics.

3.2 Examples

Herearesometypical examplesof qualitative descriptors.The first
andsecondonesarenot directly usedin theactionperceptionprob-
lem but canbeusefulin othersituations(see[4]). The third is used
in theactionperceptionproblemandis quitetypical toosinceit uses
predicatesasanoutput.

3.2.1 Alignmentdescriptor

For this qualitative descriptor, thedomainis thesetof pointsin the
plan.It is asecondorderdescriptor, andthereforeit needstwo points
asan input. The qualitative resultgiven by the function

�
is a de-

scription of the line going throughthe two points.The qualitative
representationof a line (i.e. theelementsof

	
) arecouplesmadeup

of adirectorvectorandonepointof theline, suchas
� ���"12 �
34�5# . Two

lines can be generalizedinto a line, a vectorial line or nothing,as
follows:
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Notethatwe have notexpressedhow pointsaredescribedfor this

descriptor. In any practicalimplementation,a cartesianrepresenta-
tion, usinga given reference,will be appropriate.In this case,the
domainbecomes> � , but it is notnecessary.

3.2.2 Monotonicitydescriptor

This descriptoroperateson numberflows. Its domainis > . It is a
secondorderdescriptorwhichdescribesthemonotonicityof aseries

of numbers.Thefunction
�

is:

if ��+?, �@�A� � � , �:��� BC�ED8#
if ���?, �@�A� � � , �:��� F��GD8#
if � � , �@�A� � � , �:��� �EH<IKJML5� � �5#

As a generalization, we could propose�6�9� �EHNI'JOLP� � �5#��"� �EH<IKJML5� , �5#Q� � � �EH<IKJML5�5;<�5#
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. This could
allow thesystemto recognizea staircasefunctionfor example.

3.2.3 Movedescriptor

This qualitative descriptoris givena speedasan input. Thedomain
is thena vectorialspace.If thespeedmoduleis not zero,with a cer-
tain tolerance,thequalitative resultgivenby

�
is a predicatemove.

The generalizationis the naturalgeneralizationusedon predicates.
In practice,thevectorin input is associatedwith a labelto namethe
objectwhosespeedis given.Here,we call it

J
for example.

if Z 12 Z +�[ �0���*12 �:��� \]& 2 �$�SJM�5#
if Z 12 Z$^ [ �0���*12 �:��� #

3.3 Grouping algorithm

A groupingalgorithmhasbeendesigned(see[4]) to usethegener-
alizationcapabilitiesof qualitativedescriptors.Thisalgorithmworks
in realtimeto provideaqualitativeflow of elementsof

	
from aflow

of elementof
�

, givena specificqualitative descriptor. To illustrate
the resultsof this algorithm,we will usea simpleexample.Let us
considera flow of couple

�SJ_�9`"�
where

J
and

`
arenumbers.We will

usethealgorithmtogetherwith a monotonicitydescriptoroperating
on both elementsof the couple.The following figure describethe
expectedresultwhenrunningthealgorithm.
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Thelabeledarrows on theleft arequalitative groupingsgenerated
by the algorithm. They representmaximal groupingsin the sense
thatit is impossibleto extendthemwithoutchangingtheirqualitative
type.Thealgorithmgenerateseverymaximalgrouping,accordingto
thegeneralizationspecificationof thequalitative descriptor.

3.3.1 Shortdescription

Hereis a shortdescriptionof the algorithm.We considera flow of
elementsof

�
, analyzedby a given descriptor, with order

�
. The

elementsof theflow aregiven in real time to thealgorithm,oneby
one.In thefollowing, we shall call groupinga seriesof elementsof
the flow, consecutive, andboundedby the rank of the first and the
lastelement.A groupingis alsoassociateda qualitative type,i.e. an
elementof

	
, written

	����a!M�
for a grouping

!
.



Two sets of groupingsare used in this algorithm: bdc�e andJCD8f
F 2 � . Initially, they areemptysets.As thealgorithmis run, bgcAe
will befilled with thegroupingsalreadybuilt (i.e.whosefinal rankis
strictly smallerthantherankcurrentlybeingprocessed).Thegroup-
ingsin bdc�e areclosedgroupings.In

JCD8f
F 2 � , we find thegroupings
currentlybeingbuilt.

To seehow it works, let us supposethe algorithm hasalready
startedandis in progress:

current
rank examined

a1

a2

RES active

h e
prev1

prev2

(example with n=2)

The bdc�e list hasthreegroupings.The
JOD�f
F 2 � list contains

J � andJ � . � is thecurrentflow elementthathasto be integrated.
%'h<� 2=i is

theelementlocatedj placesto theleft of
�

(
%'h<� 2)k is

�
itself,

%'h<� 2 �
is the previous element,addedjust before

�
). First, the algorithm

builds a smallgrouping,l , whoseextensionrangesfrom
%'h<� 2)m to

�
andwith qualitativetype

���n%'h)� 2<m �a%'h)� 2<mOo � �"pqpqpr��%Kh)� 2 � �
�N� . Then,for
eachgrouping

J
in
JCD�f
F 2 � , J is extendedto include

�
if
	d�A�SJM���

	d�A� l � . If not, thena new groupingis created,with the extension
of
J

plus
�

andthe qualitative type of
J

generalizedwith the qual-
itative type of l , accordingto

�
. This new groupingis called

!
. If	d�A�SJM���s	d���a!M�

,
J

is replacedby
!

in the
JCD8f
F 2 � list. Else,

J
moves

from
JCD8fPF 2 � to bdc�e sinceit cannotbe extendedwithout changing

its qualitative type. If thereis no groupingin
JOD�f
F 2 � with the same

qualitative type as
!
, then

!
is to be addedto

JCD8fPF 2 � . We proceed
throughthe entire

JCD�f
F 2 � list in this way. If thereis no grouping
J

suchthat
	����SJM���s	d�A� l � , l is addedto

JCD8fPF 2 � .
At theend,thealgorithmjust copiesthegroupingsof

JCD�f
F 2 � into
bdc�e andthenstops.

4 APPLICATION

4.1 Problem

Ourmainapplicationis relatedto actionperception.Wegivethesys-
tem a seriesof video sequencesshowing simplebasicactionslike
“take”, “push” or “pull”. This is unsupervisedlearningsincethese-
quencesarenot labeledand,for this reason,wehave herea different
pointof view from [5, 9, 8]. To beableto learnfrom videosequences,
therearetwo mainstages:first to createa qualitative flow from the
imageflow andthento extract regularpatternsfrom this qualitative
flow. In this article we will focuson the first part mainly, although
we shallbriefly presentanoutlineof thesecondpartat theend.

Note that our preoccupationis not really imagesegmentationor
artificial vision. Therefore,the objectsin the video sequencesare
very easyto recognize,clzarly coloredon a blackbackground.This
simplificationallows the useof simple,yet robust algorithmsto do
theimagesegmentation.

4.2 Qualitative descriptors used

As alreadymentioned,qualitative descriptorscanbeconnectedone
to the other. The figure below presentsthe structurewe usefor the
qualitative analyzer:

image
flow

extend
matrix

D1

touch
D2

gravity
D3

speed
D4

move
D7

attract
D6

follow
D5

Thequalitativedescriptorsusedaredescribedbelow andtheInput,
OutputandTransferfunctionsgivenin detail:

D1: extendmatrix

Input: theraw imageflow
Ouput:anoccupationgrid whereevery pixel of theimageis asso-

ciatedwith a numbercorrespondingto thelabelof anobject.
Transferfunction:imagesegmentation.Thedescriptorextractsthe

numberof objectsandtheir spatialextension.Notethattheimageis
madeup of clearly coloredobjectsthat are easyto distinguish.A
simpleregion-growing algorithmis used.

D2: touch

Input: anoccupationgrid from
� � .

Ouput:a predicateindicatingwhat objectsaretouching.Theob-
jectsarenamedwith thelabelsfrom theoccupationgrid. Thepredi-
cateis

f
&NI'D l .
Transferfunction:usestheoccupationgrid to detecttwo touching

points(with tolerance)with differentlabels.

D3: gravity

Input: anoccupationgrid from
� � .

Output:a setof positionscorrespondingto thegravity centersof
theobjects

Transferfunction: calculatesthe isobarycenterof the set of all
pointsof a givenlabel.

D4: speed

Input: a setof positionsfrom
�.t

.
Output:a setof vectorscorrespondingto the instantspeedof the

objects.Thisdescriptoris a thesecondorderone.
Transferfunction:simplediscretederivative.

D5: follow

Input: both thegravity centersandthespeedsof theobjects.This is
anexampleof amorecomplex domain.

Output: a predicateindicating which objects are following or
avoidingeachother. Predicates:u &<LaLQ&Nv ,

J 2 &<F�B .
Transferfunction:anobject w is following anobject x if its speed

or thevariationof its speedis directedin aconepointingto thecenter
of gravity of x .



D6: attract

Input: a setof positionsfrom
�.t

.
Output:apredicateindicatingwhichobjectsareattracting,repuls-

ing or equidistant.Predicates:
J$f5f
hNJOD�f

,
h<�
%KI_LS(E�

,
�EHNI'F�B

.
Transferfunction: an object w is attractingan object x if their

relative distanceis decreasing.

D7: move

Input: a setof speedsfrom
��y

.
Output:apredicateindicatingwhichobjectsaremoving or immo-

bile. Predicates:
\�& 2 � , F�\�\]&<`8F5LQ� .

Transferfunction: comparesthe moduleof the speedwith zero,
with a tolerance[ .
4.3 Tracks

With this structureof qualitative descriptors,we only generatequal-
itative flows. To benefitfrom the generalizationcapabilitiesof the
qualitative descriptors,we shouldusethe groupingalgorithmwith
thequalitativeflow. Toconnectthealgorithmto thisstructureof qual-
itative descriptors,we canplug sometrackson to theoutputof any
descriptor. A track recordsthe qualitative flow producedby the de-
scriptor, then,thegroupingalgorithmworkson it to produceuseful
qualitative groupingsaccordingto thegeneralizationfunctionof the
descriptor.

5 RESULTS

Thegroupingalgorithmandthequalitative descriptorstructurehave
beenimplementedon a pentium400MHz, with a Sony EVI-D31
camerafor thevideosequences.

Hereis a typical sequencegivento thesystem:

Wehaveonly oneimageoutof fivehere,thecompletesequenceis
madeup of 80 images.

We pluggeda trackon
�{z

,
�.|

and
�{}

to getthefollowing qual-
itativegroupings:

touch(B,floor)

touch(A,B)

attract(A,B) equid(A,B)

repulse(B,floor)

immobile(B)

immobile(A)

move(B)

move(A) move(A)

equid(B,floor)

D2

D6

D7

SEQUENCE 1

Thenamesof thepredicatesareexplicit enough,andwecanrecog-
nizea typical “take” sequence.Theobjectshave beengivenexplicit
labels,so we have herean object w taking an object x left on the
u L~&<&Nh .

Anotherinterestingsequenceare“push” and“pull”. To beableto
distinguishbetweenthesetwo sequences,we have to plug a trackon�{�

:

touch(B,floor)

touch(A,B)

attract(A,B) equid(A,B)

immobile(B)

immobile(A)

move(B)

move(A) move(A)

equid(B,floor)

D2

D6

D7

SEQUENCE 2 (push)

follow(A,B)
D5

touch(B,floor)

touch(A,B)

attract(A,B) equid(A,B)

immobile(B)

immobile(A)

move(B)

move(A) move(A)

equid(B,floor)

D2

D6

D7

SEQUENCE 3 (pull)

follow(B,A)
D5

As wecansee,theonly differencebetweentheseactionsis thefact
that w follows x or thecontrary.

6 EXTRACTING ABSTRACT QUALITATVE
PATTERNS

6.1 Principle

Our future workThenext part of our work will be to extract some
regular patternsfrom the qualitative flow. In the previous example,
thecaseof “take” couldbegeneralizedby:

touch(X,floor)

touch(Y,X)

attract(Y,X) equid(Y,X)

repulse(X,floor)

immobile(X)

immobile(Y)

move(X)

move(Y) move(Y)

equid(X,floor)

D2

D6

D7

TAKE (generalization)

move_seq(Y,Z)

Thedifficulty lies in the fact that this qualitative sequenceis lost
in a wider qualitative flow. Therefore,we have to extract this sub-
sequencefrom theglobalflow. This is indeedthewell-known prob-
lemof patternextraction(see[7, 6]).

To doso,wecanuseasimplealgorithmwith complexity � �n% � � , %
beingthenumberof elementarysub-sequencesto becomparedone
to theother. Thereareotheralgorithms,working in � �n%G� but with a



proportionalityfactor � exponentialwith the sizeof the predicates.
They arenot necessarilybetterfor our particularproblemof action
perception,sincethefactor � maybegreaterthan

%
.

7 CONCLUSION

The notion of qualitative descriptorallows the formalizationof the
transitionfrom numericaldataflow to qualitative flow. This tool is
generalenoughto beusedin any situationandyet canbeprocessed
by the samealgorithm in all cases.It createsqualitative flow and
qualitative groupings,usingthegeneralizationcapabilitiesof thede-
scriptors.It hasbeenusedsuccessfullyin theexampleof actionper-
ceptionandproducesa qualitative flow in which it seemspossible
to recognizetypical “take” or “push” sequences,with simplepattern
extractionalgorithms.

Modularity is alsoanadvantagefor theclarity andtheeaseof use
of thequalitative notionsinvolved.

Many pointsarestill to be studied,both in practicalandtheoret-
ical terms.Onevery interestingquestionis the ability to learnnew
descriptors.Suchlearningcould bebasedon thebuilding of macro
descriptors:in theactionperceptionproblem,for example,oncethe
systemhasidentifieda new action,it couldcreatea descriptorfor it.
We would thenhave a “take” descriptoror a “push” descriptor. An-
otherinterestingquestionis to know how to choosethe descriptors
for a specificproblem.Thefact is that,given the typeconstrainton
adescriptioninput, therearenotmany possibilitiesandthereforethe
right questionwouldbeto know if thereis a “natural” setof elemen-
tary descriptorsthatcouldbeusedin any practicalsituationor if we
have to definea new setfor eachapplication.They is agoodchance
that a “natural” setof elementarydescriptorscan be defined.This
would leadto thebuilding of akind of qualitativedescriptortoolbox,
with possiblecrossreferencesto cognitive psychology. Finally, we
hopeto build a systemcapableof creatingits own abstractionfrom
observationandif possiblefrom interactionwith its environment,re-
producingthuspartof thecapabilitiesof ayoungbaby.
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