Action categorization from video sequences
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Abstract.

This article presentsa framevork for extracting relevant quali-
tative chunksfrom a video sequenceThe notion of qualitative de-
scriptors,usedto performthe qualitative extraction,will befirst de-
scribed.A groupingalgorithm operateson the qualitative descrip-
tions to generatea real-timequalitatve segmentationof the image
flow. Then, simple patternrecognitionmethodsare usedto extract
abstractlescriptionof basicactionssuchas”push”, "take” or "pull”.
The methodproposecherepraovides an unsupervisedearningtech-
nigue to generateabstractdescriptionof actionsfrom a video se-
guence.

1 INTRODUCTION
1.1 The perception problem

Perceptioris probablyoneof the mostchallengingproblemsin Ar-
tificial Intelligence Evenif we could designa smartsystemto com-
putedifficult andsubtlereasoningnferencesywe still needa strong
perceptioncapabilityfor the systemto be ableto learnandto be of
someusein therealworld. Patternrecognition[3, 1], artificial vision
or active vision [2] aresomewell known researclareaghataddress
this problem.

In this work, we focusour attentionon symbolicrepresentation,
which meangthatwe will notdiscusshe approachebdasedon con-
nectionist,non-symbolicviews. We assumehatthe aim of the sys-
tem s to generatea completeor partial symbolic representatiomf
theworld it perceves.In 1998, StuartRusselproposeca challenge
for Artificial Intelligence:building a systemcapableof driving a car
from PaoloAlto to SanFranciscoHis point of view wasto useonly
numerical,nonsymbolicinformationwith nointernalrepresentation
of the problem. This contradictsthe usualtrendsof classicalAl,
which are mainly concernedvith symbolicdata.The approachwe
proposelies somavhere betweenthesetwo views, aswe usesym-
bolic dataflows computedfrom numericaldataflows. In fact, we
believe the whole perceptionproblem startswith this well-knovn
transitionfrom numericaldatato symbolicandqualitatve data.This
will bethemainscopeof thearticle.

1.2 Qualitative modules and psychocognitive
analysis

Themodelwe proposss to usewhatwe call qualitativedescriptos,
that we shall describein more detail belon. However, it would be
interestingto startwith the psychocognitie backgroundhatguided
usin thisresearch.
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We startwith the classicalideathata complex problemshouldbe
dividedinto small partsto facilitateits solution. Therefore we will
considetheproblemof perceptiorastheextractionof differentqual-
itative featurefrom araw dataflow. Eachqualitative featureis to be
takenin chage by a qualitative descriptor But our perceptioncapa-
bilities seemto go alittle furtherthanjust extractinga collectionof
qualitatve featuresirom a dataflow. Let us take an example:on a
table,we seetwo redballs, onerolling to theright edgeof thetable.
Ourclaimis thatwe do notonly perceve two ballsin aflow of qual-
itative positions,with a flow of qualitatve colors.We alsoperceve
thefactthatthey areof the samecolor, thatoneball is moving with
constanspeedo theright andthatthedistancebetweerthetwo balls
isincreasingQualitative descriptorsllow usto do exactly thesame,
by generatingsymbolic, qualitative descriptionflows from the data
flows andby extractingqualitative regularitiesfrom thesequalitative
flows.

2 DESCRIPTION OF THE PROBLEM

In computationaterms,our problemis to designa transitionsystem
thatallows usto transformquantitatve datainto qualitatve data.But
we want a little morethanjust a translationfrom numericto sym-
bolic. We also want, aswe said in the previous section,a system
capableof extractingqualitative propertiesof the dataandrelations
betweerthem.Our systemshouldbe designedasfollows:

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

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

Constraint: real-timeprocessing

Properties: amodularsystemgachqualitatve propertybeingde-
scribedby a singlequalitative descriptorBecausdhey arereusable,
the setof qualitative descriptorss akind of toolbox.

Qualitatve descriptorarethetoolswe useto build suchasystem.

3 QUALITATIVE DESCRIPTORS

A qualitatve descriptorcan be seenas a qualitative processqrde-
scribedby aquadruple{D, @, T, G). It recevesaflow of dataasan
input andproducesa flow of qualitative, symbolicdataasanoutput.
The type of input datawill be calledthe domainD of the descrip-
tor. In practice,this domaincanbe arything, not only a numerical
domain.For example,the domainof a qualitatve descriptorcanbe
theoutputof anothegualitatve descriptor This leadsto networks of
interconnectedescriptorsaswe shallseebelow.

A qualitative transformfunction T is usedto changethe dataof
D into qualitative dataof @, the qualitatve descriptiondomain.The



elementsof @ will be called qualitative types The importantidea
is that thereis a generalizatiorfunction G from Q? to Q int order
to generalizdwo qualitative typesof Q. This particularityis usedto
detectregularitiesandcommonpointsinsidethe qualitative flow.

Usually @ will be a setof first order predicatesfor it definesa
naturalgeneralizatioriunctionG.

3.1 Order of descriptors

The notion of descriptororderis very important. Somedescriptors
transformoneelementof D into oneof Q. Thisis a simplefunction
thatabstractsnformation,accordingo aspecificqualitative perspec-
tive. It will be calleda qualitative descriptowith order1. For exam-
ple,avery simplefirst orderdescriptorcould beworking onthe sign
of a real number which is a qualitative featureof this number If
z < 0thenT'(z) = [neg] elseT’(z) = [pos]. Notethatwe adoptthe
corventionof writing elementof Q betweersquarebraclets.

Somedescriptorsieedtwo elementof D to producea qualitative
responsén @. Thetypical exampleis a descriptorstatingwhether
two numbersarein decreasingr increasingorder If x > y then
T(z,y) = [>] elseT(x,y) = [<]. They arecalled secondorder
descriptors.

In away, the orderof a descriptorcanbe seenasthe arity of the
functionT'. First orderdescriptorgust transformonepieceof infor-
mationinto anotherSecondrderdescriptorgive informationabout
the evolution of someelementof D. Onecould speakof staticand
dynamicdescriptorsandthenotionof orderis thencloselyrelatedto
thenotion of derivative orderin mathematics.

3.2 Examples

Hereare sometypical examplesof qualitative descriptorsThe first

andsecondonesarenot directly usedin the actionperceptiorprob-

lem but canbe usefulin othersituations(see[4]). Thethird is used
in theactionperceptiorproblemandis quitetypicaltoo sinceit uses
predicatesisanoutput.

3.2.1 Alignmentdescriptor

For this qualitative descriptor the domainis the setof pointsin the
plan.lt is asecondrderdescriptorandthereforet need€wo points
asan input. The qualitative resultgiven by the function T is a de-
scription of the line going throughthe two points. The qualitative
representatioof aline (i.e. the elementf Q) arecouplesmadeup
of adirectorvectorandonepointof theline, suchas[D(%, P)]. Two
lines can be generalizednto a line, a vectorialline or nothing, as
follows:

G(D(vi, P1),D(vi,P1)) = D(vi,P)
G(D(vi, P1), D(vi, P2)) = D(vi,x%)
G(D(vi, P1),D(v3,P2)) = D(x,%)

Notethatwe have notexpressedow pointsaredescribedor this
descriptor In ary practicalimplementationa cartesiarrepresenta-
tion, using a given referencewill be appropriateln this case,the
domainbecome®R?, butit is notnecessary

3.2.2 Monotonicitydescriptor

This descriptoroperateson numberflows. Its domainis R. It is a
secondrderdescriptowhich describeshe monotonicityof aseries

of numbersThefunctionT is:

it z>y, T(z,y) =[dec]
if z<y, T(z,y) = [inc]
it z=y, T(z,y) = equal(z)]

As a generalization, we could propose
G(lequal(z)],[equal(y)]) = [equal(x)]. In other cases,
GX,Y) = [#] if X # Y and G(X,X) = X. This could
allow the systemto recognizea staircasdunctionfor example.

3.2.3 Movedescriptor

This qualitative descriptoris givena speedasaninput. The domain
is thenavectorialspacelf the speedmoduleis not zero,with acer
tain tolerancethe qualitative resultgivenby T is a predicatemove
The generalizatioris the naturalgeneralizatiorusedon predicates.
In practice thevectorin inputis associatedvith alabelto namethe
objectwhosespeeds given.Here,we call it a for example.

it 5> T(9)
it |5 <e, T

= [move(a)]

=1

3.3 Grouping algorithm

A groupingalgorithmhasbeendesignedsee[4]) to usethe gener
alizationcapabilitiesof qualitatve descriptorsThis algorithmworks
in realtimeto provide aqualitative flow of element®of @ from aflow
of elementof D, givena specificqualitative descriptor To illustrate
the resultsof this algorithm,we will usea simple example.Let us
considera flow of couple(a, b) wherea andb arenumbersWe will
usethe algorithmtogetherwith a monotonicitydescriptoroperating
on both elementsof the couple.The following figure describethe
expectedresultwhenrunningthealgorithm.
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Thelabeledarraovs on theleft arequalitative groupingsgenerated
by the algorithm. They representmaximal groupingsin the sense
thatit isimpossibleto extendthemwithoutchangingheir qualitative
type.Thealgorithmgeneratesvery maximalgrouping,accordingto
the generalizatiorspecificatiorof the qualitative descriptor

3.3.1 Shortdescription

Hereis a shortdescriptionof the algorithm.We considera flow of
elementsof D, analyzedby a given descriptor with ordern. The
element=f the flow aregivenin realtime to the algorithm,oneby
one.In thefollowing, we shall call groupinga seriesof elementsof
the flow, consecutie, and boundedby the rank of the first andthe
lastelement A groupingis alsoassociatec qualitative type,i.e. an
elementf Q, written QT'(g) for agroupingg.



Two sets of groupingsare usedin this algorithm: RES and
active. Initially, they areemptysets.As the algorithmis run, RE S
will befilled with thegroupingsalreadybuilt (i.e. whosefinal rankis
strictly smallerthantherank currentlybeingprocessed)The group-
ingsin RES areclosedgroupingsin active, we find thegroupings
currentlybeingbuilt.

To seehow it works, let us supposethe algorithm has already
startedandis in progress:
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(exanpl e with n=2)

TheRES list hasthreegroupingsTheactive list containsz; and
as. e is the currentflow elementthathasto be integrated.prevy, is
theelementocatedk placesto theleft of e (prewo is e itself, prevs
is the previous element,addedjust beforee). First, the algorithm
builds asmallgrouping,h, whoseextensionrangesrom prev,, to e
andwith qualitatvetypeT (prev,,, prev,—1, ..., previ, e). Then,for
eachgroupinga in active, a is extendedto includee if QT (a) =
QT (h). If not, thena new groupingis createdwith the extension
of a plus e andthe qualitative type of a generalizedwith the qual-
itative type of h, accordingto G. This new groupingis calledg. If
QT (a) = QT (g),aisreplacedy g in theactive list. Else,a moves
from active to RES sinceit cannotbe extendedwithout changing
its qualitative type. If thereis no groupingin active with the same
qualitative type as g, theng is to be addedto active. We proceed
throughthe entire active list in this way. If thereis no groupinga
suchthatQT'(a) = QT (h), h is addedo active.

At the end,the algorithmjust copiesthe groupingsof active into
RES andthenstops.

4 APPLICATION
4.1 Problem

Ourmainapplicationis relatedto actionperceptionWe give thesys-
tem a seriesof video sequenceshaving simple basicactionslike
“take”, “push” or “pull”. Thisis unsupervisedearningsincethe se-
guencesrenotlabeledand,for this reasonwe have herea different
pointof view from[5, 9, 8]. To beableto learnfrom videosequences,
therearetwo main stagesfirst to createa qualitative flow from the
imageflow andthento extractregular patternsfrom this qualitative
flow. In this article we will focuson thefirst part mainly, although
we shallbriefly presenanoutline of the secondpartattheend.

Note that our preoccupatioris not really image segmentationor
artificial vision. Therefore,the objectsin the video sequencesire
very easyto recognizeclzarly coloredon a black backgroundThis
simplification allows the useof simple,yet robust algorithmsto do
theimageseggmentation.

4.2 Qualitative descriptorsused

As alreadymentioned qualitative descriptorscanbe connectedne
to the other The figure belav presentghe structurewe usefor the
qualitatve analyzer:

ext end
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Thequalitatve descriptorsisedaredescribedelon andthelnput,
OutputandTransferfunctionsgivenin detail:

D1: extendmatrix

Input: theraw imageflow
Ouput:anoccupatiorgrid whereevery pixel of theimageis asso-
ciatedwith anumbercorrespondingdo thelabelof anobject.
Transferfunction:imagesegmentationThedescriptoiextractsthe
numberof objectsandtheir spatialextension.Note thattheimageis
madeup of clearly colored objectsthat are easyto distinguish.A
simpleregion-graving algorithmis used.

D2: touch

Input: anoccupatiorgrid from D1.

Ouput: a predicateindicatingwhat objectsaretouching.The ob-
jectsarenamedwith the labelsfrom the occupatiorgrid. The predi-
cateis touch.

Transferfunction: usesthe occupatiorgrid to detecttwo touching
points(with tolerance)with differentlabels.

D3: gravity

Input: anoccupatiorgrid from D1.

Output: a setof positionscorrespondindo the gravity centersof
theobjects

Transferfunction: calculatesthe isobarycenteiof the set of all
pointsof agivenlabel.

D4: speed

Input: asetof positionsfrom D3.
Output: a setof vectorscorrespondingdo the instantspeedof the
objects.This descriptoiis athe secondrderone.
Transferfunction: simplediscretederivative.

D5: follow

Input: boththe gravity centersandthe speedf the objects. Thisis
anexampleof amorecomplex domain.
Output: a predicateindicating which objects are following or
avoiding eachother Predicatesfollow, avoid.
Transferfunction:anobjectA is following anobjectB if its speed
orthevariationof its speeds directedin aconepointingto thecenter
of gravity of B.



D6: attract

Input: a setof positionsfrom D3.
Output:a predicatdndicatingwhich objectsareattracting repuls-
ing or equidistantPredicatesattract, repulse, equid.
Transferfunction: an object A is attractingan object B if their
relative distancds decreasing.

D7: move

Input: a setof speedsrom D4.

Output:apredicatdndicatingwhich objectsaremoving orimmo-
bile. Predicatesmove, immobile.

Transferfunction: compareghe module of the speedwith zero,
with atolerances.

4.3 Tracks

With this structureof qualitative descriptorsye only generatejual-
itative flows. To benefitfrom the generalizatiorcapabilitiesof the
qualitatve descriptorswe shouldusethe groupingalgorithmwith
thequalitative flow. To connecthealgorithmto this structureof qual-
itative descriptorswe canplug sometracks on to the outputof ary
descriptor A track recordsthe qualitative flow producedby the de-
scriptor then,the groupingalgorithmworks on it to produceuseful
qualitative groupingsaccordingto the generalizatiorfunction of the
descriptor

5 RESULTS

The groupingalgorithmandthe qualitative descriptorstructurehave
beenimplementedon a pentium400MHz, with a Sory EVI-D31
camerdor thevideosequences.

Hereis atypical sequencgivento the system:

i
Fat

We have only oneimageout of five here thecompletesequencés
madeup of 80images.

We pluggedatrackon D2, D6 and D7 to getthefollowing qual-
itative groupings:
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Thenamesf thepredicatesreexplicit enoughandwe canrecog-
nize atypical “take” sequenceThe objectshave beengiven explicit
labels,so we have herean object A taking an object B left on the
floor.

Anotherinterestingsequenceare“push” and“pull”. To beableto
distinguishbetweerthesetwo sequencesye have to plug atrackon
D5:

SEQUENCE 2 (push)

touch(B, floor)

- . touch(A, B) : |:| D2
_ attract (A B) _ : equi d( A, B) :
: Vqud(B.floor) : |:| D6
: i mobi | e(B) L nove(B) :
: move(A) R ‘lmmblle(Ai : nove( A) : |:| D7
fol l om A B)
< » [] D5
SEQUENCE 3 (pull)
P touch(B, floor) _
- . touch(A, B) : |:| D2
_ attract (A B) _ : equi d( A, B) :
: Vqud(B.floor) : |:| D6
: i mobi | e(B) L nove(B) :
: move(A) R ‘lmmblle(Ai : nove( A) : |:| D7
fol | o B, A)
< » [] D5

Aswe canseetheonly differencebetweertheseactionss thefact
that A follows B or thecontrary

6 EXTRACTING ABSTRACT QUALITATVE
PATTERNS

6.1 Principle

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

TAKE (generalization)

touch(X floor)

D P Vtouch(Y,X) _ |:| D2
_ attract (Y, X) _ : equi d( Y, X) :
: equi d( X, floor) : : repul se(X, floor) : |:| D6
: i nmobi | e(:() D o nove(X) :
: nmove(Y) _ ‘IITTTDbI | e(YZ : nove(Y) : |:| D7

nove_seq(Y, 2)

Thedifficulty lies in the factthat this qualitatve sequencés lost
in a wider qualitative flow. Therefore,we have to extract this sub-
sequencérom the globalflow. This is indeedthe well-known prob-
lem of patternextraction(se€[7, 6]).

To doso,we canusea simplealgorithmwith compleity O(p?), p
beingthe numberof elementarysub-sequenceds be comparedne
to the other Thereareotheralgorithms,working in O(p) but with a



proportionalityfactora: exponentialwith the size of the predicates.
They arenot necessarilybetterfor our particularproblemof action
perceptionsincethefactora maybegreaterthanp.

7 CONCLUSION

The notion of qualitatve descriptorallows the formalizationof the
transitionfrom numericaldataflow to qualitative flow. This tool is
generakenoughto beusedin ary situationandyet canbe processed
by the samealgorithmin all caseslt createsqualitative flow and
qualitatve groupingsusingthegeneralizatiorcapabilitiesof thede-
scriptors.It hasbeenusedsuccessfullyn the exampleof actionper
ceptionand producesa qualitative flow in which it seemspossible
to recognizeypical “take” or “push” sequencesyith simplepattern
extractionalgorithms.

Modularity is alsoanadwantagefor the clarity andthe easeof use
of the qualitative notionsinvolved.

Mary pointsarestill to be studied,bothin practicalandtheoret-
ical terms.Onevery interestingquestionis the ability to learnnew
descriptorsSuchlearningcould be basedon the building of macro
descriptorsin the actionperceptiorproblem,for example,oncethe
systemhasidentifieda new action,it couldcreatea descriptorfor it.
We would thenhave a “take” descriptoror a “push” descriptor An-
otherinterestinggquestionis to know how to choosethe descriptors
for a specificproblem.Thefactis that, giventhe type constrainton
adescriptioninput, therearenot mary possibilitiesandthereforethe
right questionwould beto know if thereis a“natural” setof elemen-
tary descriptorghatcould be usedin ary practicalsituationor if we
have to definea new setfor eachapplication.They is agoodchance
that a “natural” setof elementarydescriptorscan be defined.This
would leadto the building of akind of qualitatve descriptortoolbox,
with possiblecrossreferencego cognitive psychology Finally, we
hopeto build a systemcapableof creatingits own abstractiorfrom
obserationandif possiblefrom interactionwith its ervironment,re-
producingthuspartof the capabilitiesof ayoungbaby
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