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Abstract: We proposea bio-inspiredfeedforwardspikingnetwork modelingtwo brainareasdedi-
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vision application:actionrecognition.In orderto analyzespike trains,we considertwo character-
isticsof theneuralcode:mean�ring rateof eachneuronandsynchrony betweenneurons.Interest-
ingly, we show thatthey carrysomerelevantinformationfor theactionrecognitionapplication.We
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Taux dedéchargeou synchronisationpour la reconnaissancede
mouvementshumains

Résumé: Nousproposonsunréseaudeneuronesimpulsionnelsbio-inspiréqui modélisedeuxaires
corticalesdédiéesau mouvement(V1 et MT), et nousmontronscommentla sortieimpulsionnelle
peutêtreexploitéedansuneapplicationdevision parordinateur:la reconnaissanced'action. Pour
analyserles trainsd'impulsions,nousconsidéronsdeuxcaractéristiquesdu codeneural: le tauxde
décharge de chaqueneuroneet la synchronieentreles neurones.Nousmontronsquechacundes
deuxcodesvéhiculeuneinformationpertinentepouvantêtreutiliséepour la reconnaissance.Pour
cela, nouscomparonsnos résultatsavec Jhuanget al. (2007) sur la basede séquenced'images
Weizmann. En conclusion,noussommesconvaincusque les réseauxde neuronesimpulsionnels
représententune méthodologiealternative ef�cace pour les applicationde vision arti�cielle, qui
béné�cieradesavancéesrécentesdansle domainedesneurosciencescomputationelles.

Mots-clés: Réseauxdeneuronesà impulsions,modèlesbio-inspirés,analysedemouvement,V1,
MT, reconnaissancedemouvementhumain
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Rateversussynchronycodefor humanactionrecognition 3
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4 M-J. Escobar, G. S.Masson,T. Vieville, P. Kornprobst

1 Intr oduction

Theoutputof a spikingneuralnetwork is a setof events,calledspikes,de�ned by their occurrence
times,up to someprecision. Spikesrepresentthe way that the nervoussystemchooseto encode
andtransmittheinformation.But decodingthis information,that is understandingtheneuralcode,
remainsanopenquestionin theneurosciencecommunity.

Thereareseveralhypotheseson how neuralcodeis formed,but thereis a concensuson thefact
that rate, i.e., the averagespiking activity, is certainlynot the only characteristicanalyzedby the
nervoussystemto interpretspike trains(see,e.g.,someearlyideasin [55]).

For example,rankordercodingcouldexplain our performancesin ultra-fastcategorization. In
[75], theauthorsshow thattheclassi�cationof staticimagescanbeperformedby thevisualcortex
within very short latencies:150 ms and even faster. However, if one considerlatency times of
the visual stream[51], suchtimings canonly be explainedby a speci�c architectureandef�cient
transmissionmechanisms.As anexplanationto theextraordinaryperformanceof fastrecognition,
rankordercodingwasintroduced[76, 28]: So onecould interprettheneuralcodeby considering
the relative order of spiking times. The idea is that most highly excited neurons�re in average
morebut alsofaster. With this ideaof rankordercoding,theauthorsin factdevelopeda complete
theoryof informationprocessingin thebrainby successive wavesof spikes[79]. Interestingly, the
informationcarriedby this �rst wavehasbeencon�rmed by somerecentexperimentsin [33], where
theauthorsshow thatcertainretinalganglioncellsencodethespatialstructureof abrie�y presented
imagewith therelative timing of their �rst spikes.

Anotherexampleof relevant spike train characteristicscould be synchroniesandcorrelations.
Thebinding-by-synchronizationhypothesisholdsthatneuronsthatrespondto featuresof oneobject
�re at thesametime, but neuronsrespondingto featuresof differentobjectsdo not necessarily. In
vision,neuronalsynchrony couldtherebybind togetherall thefeaturesof oneobjectandsegregate
themfrom featuresof otherobjectsandthebackground.Severalstudieshavesupportedthishypoth-
esisby showing thatsynchrony betweenneuronalresponsesto thesameperceptualobjectis stronger
thansynchrony betweenresponsesto differentobjects. Among the numerousobservationsin this
direction,let usmention[49, 27, 5].1

Back to vision application,thereare,up to our knowledge,very few attemptsto usespikesin
realapplications.Moreover, existing work concernstaticimages.For example,let usmentiontwo
contributionsabout imagerecognition(see,e.g., [74] as an applicationof rank order coding) or
imagesegmentation(see,e.g.,[81] modeledby oscillatornetworks),which referrespectively to the
two characteristicsmentionedabove: rankandsynchronies.

But analyzingspikesmeansbeingableto correctlygeneratethem,which is a dif�cult issue.At
the retina level, somemodelsexist suchas [74, 85] with differentdegreesof plausibility. When
we go deeperin thevisualsystem,this requiresevenmoresimpli�cations sinceit is not possibleto
renderthecomplexity of all thesuccessiveareasandneuraldiversity. Here,weproposeasimpli�ed
spikingmodelof theV1/MT architecturewith onegoal:Canthespikingoutputbeexploitedin order
to extractsomecontentlike theactiontakingplace?

1Notethat the link betweensynchrony andsegmentationis still controversial. Resultscouldsometimesbeexplainedby
othermechanismstakingover thesegmentationby synchrony (see,e.g.,[61]).
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Rateversussynchronycodefor humanactionrecognition 5

Thearticleis organizedasfollows. Section2 describesthestate-of-the-artin actionrecognition,
from computervisionapproachesto bio-inspiredones.Section3 describestheframeworkof spiking
networksin moredetails.Section4 presentsour two-stagesmotionmodel.Section5 indicateshow
theresultingspiketrainscanbeanalyzedfocusingontwo characteristics:therateandthesynchrony
betweenspike trains. In Section6, we clearly leave thebio-inspiredmodelingto presenthow our
motion mapscould be appliedin the action recognitionapplication. In this computationalpart,
a supervisedclassi�cation protocol is proposedandwe show how featurevectorscanbe de�ned
from spike trains(motionmaps).We alsocompareour resultswith [40] with thesameWeizmann
database.Finally, the discussionis in Section7, wheresomeperspectivesmainly relatedwith the
richnessof informationcontainedin spike trainsarealsopresent.

2 Stateof the art in action recognition

2.1 How computer vision does?

Action recognitionhasbeenaddressedin the computervision communitywith many ideasand
concepts. Proposedapproachesoften rely on simpli�ed assumptions,scenereconstructions,or
motion analysisandrepresentation.For example,someapproachesexploit periodicity of motion
[15, 17, 57, 65], or model and track body parts[69, 29, 30], or considergenerichumanmodel
recovery[34, 37, 62], or considertheshapeof thesilhouetteevolutionacrosstime [8, 47, 82, 7].

An importantcategoryof approachesin computervisionis basedonthemotioninformation.For
example,it wasshown thataroughdescriptionof motion[22] or theglobalmotiondistribution [89]
canbesuccessfullyusedto recognizeactions.Localmotioncuesarealsowidely used.For example,
in [42], theauthorsproposeto useevent-basedlocal motionrepresentations(here,spatial-temporal
chunksof avideocorrespondingto 2D+tedges)andtemplatematching.This ideaextractingspatial-
temporalfeatureswasproposedin several contributionssuchas[21], andthen[50, 86], usingthe
notionof cuboids.Anotherstreamof approacheswasinspiredby thework by Serreet al. [67], �rst
appliedto objectrecognition[68, 48] andthenextendedto actionrecognition[70, 40].

2.2 How the brain does?

Action recognitionhasbeenaddressedin psychophysicswhereremarkableadvanceshavebeenmade
in theunderstandingof humanactionperception[6]. Theperceptionof humanactionis a complex
taskthat combinesnot only the visual information,but additionalaspectsassocial interactionsor
motor systemcontributions. From several studiesin psychophysics,it hasbeenshown that our
ability to recognizehumanactionsdoesnot neednecessarilya realmoving sceneasinput. In fact,
wearealsoableto recognizeactionswhenwewatchsomepoint-lightstimuli correspondingto joint
positionsfor example. This kind of simpli�ed stimuli, known as biological motion, was highly
usedin the psychophysicscommunityin order to obtaina betterunderstandingof the underlying
mechanisminvolved. Theneuralmechanisms,processingform or motiontakingpartof biological
motion recognition,remainunclear. On the onehand,[3] suggeststhat biological motion canbe
derivedfrom dynamicform informationof bodyposturesandwithout local imagemotion. On the
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6 M-J. Escobar, G. S.Masson,T. Vieville, P. Kornprobst

otherhand,[12] proposesa new typeof point-light stimulussuggesting,in this case,thatonly the
motioninformationis enoughandthedetectionof speci�c spatialarrangementsof opponent-motion
featurescanexplain our ability to recognizeactions. Finally, [13] showed that biological motion
recognitioncanbedonewith a coarsespatiallocationof themid-level optic �o w features.

This dichotomybetweenmotionandform �nds someneuralbasisin thebrainarchitectureand
it hasbeencon�rmed by fMRI studies[46]. A simpli�ed representationof thevisualprocessingis
that thereexists two distinctpathways: thedorsal stream(motionpathway) with areassuchasV1,
MT, MST, andtheventral stream(form pathway)with areassuchasV1, V2, V4. Bothof themseem
to beinvolvedin thebiologicalmotionanalysis.

2.3 Towards a bio-inspired system

Basedon thedorsal andventral streamsof visualprocessing,theseminalwork doneby Gieseand
Poggio[32] evaluatesboth pathwaysin biological motion recognition.Theanalysisis donesepa-
rately for eachpathway andnever combined.Afterwards,usingonly the informationof thedorsal
stream,[70] proposeda biological motion recognitionsystemusinga neurallyplausiblememory-
tracelearningrule.

Startingalso from the work doneby [32] and [68, 48], the recentwork presentedby Jhuang
et. al. [40] shows a hierarchicalfeedforwardarchitecture,that the authorsmappedto the cortical
architecture,essentiallyV1 (with simple and complex cells). Their approachis composedby a
sequelof local operations,pooling,maxoperators,and�nally featurescomparisons.Thanksto this
analogy, theauthorsclaimedthattheir approachwasbio-inspired.

In this article, our goal is to proposea bio-inspiredmodel for real video analysis. By bio-
inspired,it is meantherethatour modelwill communicatethroughdiscreteevents(i.e.,spikes)and
its architecturewill beinspiredby motion-relatedbrainareasV1 andMT. As farascategorizationis
concerned,we will usesomestandardalgorithmswith no link to biology.

By consideringmotiononly, ourmodelis relatedto severalothercomputervisionmodelswhich
areonly motion-basedanddonot considerform, seefor example[22, 89, 42].

But, by consideringmotiononly, thebio-inspirationof themodelis clearly limited and,in term
of performance,we canexpect that we won't be able to dealwith any kind of videos(including
scaleandrotationinvariance,complex backgrounds,multiple persons,etc.). As we mentionedin
Section2.2, we do not considertheotherbrainareasinvolvedin humanmotionanalysis,specially
interactionswith the form pathway but alsoothermotionprocessingareas.Anothersimpli�cation
comesfrom thestructureof theproposedarchitecturewhich is a feedforwardarchitecture,similarly
to [40]. Finally, attentionmechanismsarealsohereignored.Thesesimpli�cations certainlyaccount
for thelimitationsof whatpuremotion-basedmodelscanhandle.

Having in mind thoselimitations, our goal is to proposea competitive modelbasedon a bio-
inspiredspikingmotionmodel.
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Rateversussynchronycodefor humanactionrecognition 7

3 Spiking networks?

3.1 Spikes

The elementaryunitsof thecentralnervoussystemareneurons.Neuronsarehighly connectedto
eachother forming networks of spiking neurons.The neuronscollect signalsfrom otherneurons
connectedto it (presynapticneurons),do somenon-linearprocessing,andif thetotal input exceeds
a threshold,an outputsignal is generated.The outputsignalgeneratedby the neuronis what is
known asspikeor action-potential: it is a shortelectricalpulsethatcanbephysicallymeasuredand
hasanamplitudeof about100mVandatypicaldurationof 1-2ms.A chainof spikesemittedby one
neuronis calledspike train. Theneuralcodecorrespondsto thepatternof neuronalimpulses(see
also[31]).

Altough spikescanhave differentamplitudes,durationsor shapesthey aretypically treatedas
discreteevents.By discreteevents,we meanthat in orderto describea spike train, oneonly needs
to know thesuccessionof emissiontimes:

F i = f : : : ; tn
i ; : : :g; with t1

i < t2
i < : : : < tn

i < : : : ; (1)

wheretn
i correspondsto thenth spikeof theneuronof index i .

3.2 The neural code

The setof all spikesfrom a setof neuronsin a periodof time is generallyrepresentedin a graph
calledrasterplot, asillustratedin Figure1. Many hypothesiswereproposedon theway that this
patternof neuronalimpulsesis analyzedby thenervoussystem.Themostintuitiveis to estimatethe
mean�ring rateover time, which is theaveragenumberof spikesinsidea temporalwindow (rate
coding).

But whatmakestherichnessof sucha representationis themany otherwaysto analyzespiking
networksactivity, andthatis theideawewish to pushforwardfor this framework. Methodsinclude
ratecodingoverseveraltrials or overpopulationof neurons,time to �rst spike,phase,synchroniza-
tion andcorrelations,interspike intervalsdistribution,repetitionof temporalpatterns,etc.

In spiteof thesenumeroushypotheses,"decoding"theneuralcoderemainsanopenquestionin
neuroscience[80, 59, 26], which is far beyondthescopeof this work. Differentmetricsor weaker
similarity measuresbetweentwo spike trainshavealsobeenproposed(see[14] for a review).

Hereour goalwill beto illustratehow theanalysisof simulatedspike trainscanbesuccessfully
usedin a givenvision application.To do this,we will usethemean�ring rateanda measureof the
synchrony betweenspike trains(seeSection5).

3.3 Spiking neuron model

Many spiking neuronmodelshave beenproposedin the literature. They differ by their biological
plausibilityandtheir computationalef�ciency (see[39] for a review).
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8 M-J. Escobar, G. S.Masson,T. Vieville, P. Kornprobst

Figure1: Exampleof a rasterplot andillustrationof somedifferentmethodsto analyzetheneural
code(seetext for moredetails).Eachhorizontalline canbeinterpretedasanaxonin which we see
spikestraveling (from left to right).

In this article,a spikingneuronwill bemodeledasa conductance-drivenintegrate-and-�reneu-
ron [84, 20]. Consideringaneuroni , de�ned by its membranepotentialu i (t), theintegrate-and-�re
equationis givenby:

dui (t)
dt

= Gexc
i (t)(E exc � ui (t)) + Ginh

i (t)(E inh � ui (t))

+ gL (E L � ui (t)) + I i (t); (2)

With the spike emissionprocess:the neuroni will emit a spike whenthe normalizedmembrane
potentialof thecell reachesthresholdui (t) = � , thenui (t) is reinitializedto its restingpotentialE L .
Theneuronmembranepotentialui (t) will evolve accordingto inputsthrougheitherconductances
(Gexc

i (t) or Ginh
i (t)) or externalcurrents(I i (t)).

Eachvariablehasindeedsomebiologicalinterpretation(see[84] for details).Gexc
i (t) is thenor-

malizedexcitatoryconductancedirectly associatedwith thepre-synapticneuronsconnectedneuron
i . TheconductancegL is thepassive leaksin thecell's membrane.I (t) is anexternalinput current.
Finally, Ginh

i (t) is an inhibitory normalizedconductancedependenton, e.g.,lateralconnectionsor
feedbacksfrom upperlayers.The typical valuesfor the reversepotentialsE exc , E inh andE L are
0mv, -80mVand-70mv, respectively (seeFigure2 for anillustration.

4 Bio-inspired motion analysismodel

Severalbio-inspiredmotionprocessingmodelshave beenproposedin theliterature[78, 52, 63, 71,
35], thosemodelswerevalidatedconsideringcertainpropertiesof primatevisualsystems,but none
of themhasbeentestedin a realapplicationsuchasAR. More complex motionprocessingmodels
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Rateversussynchronycodefor humanactionrecognition 9

Figure2: Temporalevolution of themembranepotentialof a neuronandits correspondingspikes
generated.A spike is generatedwhenthemembranepotentialexceedsthethreshold� (E L < � <
E exc ). Whenthespike is emittedmembranepotentialreturnsto its restingvalueE L .

combiningnotonly motioninformationbut alsoconnectionsfrom differentbrainareascanbefound
in, e.g.,[4, 2].

Visualmotionanalysishasbeenstudiedduringmany yearsin several �elds suchasphysiology
andpsychophysics.Many of thosestudiestriedto relateourperceptionwith theactivationof thepri-
maryvisualcortex V1 andextrastiatevisualareasasMT/MST. It seemsthattheareamostinvolved
in motionprocessingis MT, who receivesinputmotionafferentmainly from V1 [25]. Severalwork
suchas[16, 19] have establishedexperimentallythe spatial-temporalbehavior of simple/complex
V1 cells andMT cells, in the form of activation maps(seeFigure4 (a)). With differentmethods,
both have found directionallyselective cells sensitive to motion for a certainspeedanddirection.
MorepropertiesaboutMT canbefoundin thesurvey [10].

Here we proposespiking neuronmodelsfor V1 andMT cells, de�ning also the connections
betweenthe cells of thesetwo areas. The model for the spiking V1 neuronsis inspiredby [1]
(Section4.1). Then,our contribution comeswith thespikingMT cellssimulator, their interactions
andtheir connectionswith theunderlyingV1 level (Section4.2).

4.1 V1 layer: local motion detectors

Theprimaryvisualcortex V1 correspondsto the �rst areainvolvedon thevisualprocessingin the
brain.Thisareacontainsspecializedcellsfor motionprocessing(motiondetectors).

Our spikingV1 modelis built with a bankof energy motiondetectorsasa local motionestima-
tion. Themodelis dividedin two stages:Theanalogprocessing,wherethemotion informationis
extracted,andthespikinglayer, whereeachneuronis modeledasa spikingentity whoseinputsare
theinformationobtainedin thepreviousstage.Theanalogprocessingis donethroughenergy �lters
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10 M-J. Escobar, G. S.Masson,T. Vieville, P. Kornprobst

Figure3: Block diagramshowing thedifferentstepsof ourapproachfrom theinput imagesequence
asstimulusuntil its �nal classi�cation.(a)We userealvideosequenceasinput, theinputsequences
arepreprocessedin orderto have contrastnormalizationandcenteredmoving stimuli. To compute
the motion mapsrepresentingthe input imagewe considera sliding temporalwindow of length
� t. (b) Directional-selectivity �lters areappliedover eachframeof the input sequencein a log-
polardistribution grid obtainingspike trainsasV1 output. Thesespike train feedthe spikingMT
which integratesthe informationin spaceandtime. (c) The motion maps(meanmotionmapand
synchronymotionmap) areconstructedcalculatingeitherthemean�ring ratesof MT spike trains
or a synchrony map of the spikes trains generatedby MT cells. Both motion mapsare created
consideringthe spike trains inside the sliding temporalwindow of length � t. (d) Classi�cation
stagewhere,startingfrom themotionmapsandthetrainingsetcontent,a �nal actionis assignedto
theinput imagesequence..
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Rateversussynchronycodefor humanactionrecognition 11

Figure4: (a) Exampleof spatial-temporalmapof onedirectionally-selective V1 simplecell [19].
(b)-(c) Space-timediagramsfor F a(x; t) and its power spectrumj ~F a(� ; ! )j2. Both graphswere
constructedconsideringjustonespatialdimensionx. (b) It is possibleto seedirectionality-selective
obtainedafter the linear combinationof cells. It is importantalsoto observe the similaritieswith
the biological activation mapsmeasuredby [19] (a). (c) Spatio-temporalenergy spectrumof the
directional-selective �lter F a(x; t). The slopeformedby the peakof the two blobs is the speed
tuning of the �lter . (d) Different �lters tunedat the samespeedusedto tile the spatial-temporal
frequency space.

which is a reliableandbiologically plausiblemethodfor motioninformationanalysis[1]. Eachen-
ergy motion detectorwill emulatea complex cell, which is formedby a nonlinearcombinationof
V1 simplecells(see[38] for V1 cellsclassi�cation).

4.1.1 V1 cellsmodel

In [35], theauthorsshowedthatseveralpropertiesof simple/complex cells in V1 canbedescribed
with energy �lters andin particularusingGabor�lters. Theindividualenergy �lters arenotvelocity
tuned,however it is possibleto useacombinationof themin orderto havea velocityestimation.

Simplecells arecharacterizedwith linearreceptive�elds wheretheneuronresponseis aweighted
linear combinationof the input stimulusinsideits receptive �eld. By combiningtwo simplecells
in a linearmannerit is possibleto getdirection-selectiveneurons,that is, simplecellsselective for
stimulusorientationandspatialfrequency.

The direction-selectivity (DS) refer to the propertyof a neuronto respondselectively to the
directionof themotionof a stimulus.Theway to modelthis selectivity is to obtainreceptive �elds
orientedin spaceandtime. Let usde�ne thefollowing spatial-temporalorientedsimplecells

F a
� ;f (x; y; t) = F odd

� (x; y)H f ast (t) � F even
� (x; y)H slow (t);

F b
� ;f (x; y; t) = F odd

� (x; y)H slow (t) + F even
� (x; y)H f ast (t); (3)

wheresimplescell de�ned in (3) arespatiallyorientedin thedirection� , andspatio-temporalori-
entedto f = ( �� ; �! ), where �� and �! arethe spatialandtemporalmaximalresponses,respectively
(seeFigure4 (b)). ThespatialpartsF odd

� (x; y) andF even
� (x; y) of eachconformingsimplecell are
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12 M-J. Escobar, G. S.Masson,T. Vieville, P. Kornprobst

formedusingthe�rst andsecondderivativeof a Gaborfunctionspatiallyorientedin � . Thetempo-
ral contributionsH f ast (t) andH slow (t) comefrom thesubstractionof two Gammafunctionswith
adifferenceof two in their respectiveorders.

H f ast (t) = T3;� (t) � T5;� (t);

H slow (t) = T5;� (t) � T7;� (t); (4)

andT� ;� (t) is de�ned by

T� ;� (t) =
t �

� � +1 � !
exp

�
�

t
�

�
; (5)

whichmodelstheseriesof synapticandcellulardelaysin signaltransmission,from retinalphotore-
ceptorsto V1 afferentservingasaplausibleapproximationof biological�ndings [60]. Thebiphasic
shapeof H f ast (t) andH slow (t) could be a consequenceof the combinationof cells of M andP
pathways[19], [64] or berelatedto thedelayedinhibitionsin theretinaandLGN [16].

Thinking aboutthedesignof our �lter bank,we areinterestedin theestimationof thespatial-
temporalbandwidthsof our V1 simplecell model. For simplicity andwithout lossof generality,
we will usejust onespatialdimensionx andfocuson thefunctionF a

� ;f (x) (from now on notedas

F a(x)). Thepowerspectrum~F a(� ; ! ) of F a(x) is shown in Figure4 (c). Thequotientbetweenthe
highesttemporalfrequency activationandthehighestspatialfrequency is thespeedof the�lter . It is
alsopossibleto seea smallactivationfor thesamespeedbut in theoppositemotiondirection. The
activationin theanti-preferreddirectiontuningis aneffect alsoseenin realV1-MT cellsdata[73],
whereV1 cellshave a weaksuppressionin anti-preferreddirection(30%)comparedwith MT cells
(92%).

As we can see,for a given speed,the �lter coversa speci�ed region of the spatial-temporal
frequency domain.So,the�lter will beableto seethemotionfor astimuluswhosespatialfrequency
is insidetheenergyspectrumof the�lter . To paveall thespacein ahomogeneousway, it is necessary
to takemorethanone�lter for thesamespatial-temporalfrequency orientation.A diagramwith the
�lter banktunedat thesamespeedcanbeseenin Figure4 (d).

In our case,the causalityof H f ast (t) andH slow (t) generatesa morerealisticmodel thanthe
oneproposedby [71], wherea Gaussianis proposedasa temporalpro�le which is non-causaland
inconsistentwith V1 physiology. Using thetemporalpro�les de�ned in (4) -unlike [71] wherethe
choiceof a Gaussianastemporalpro�le is computationallyconvenient-the searchof an analytic
expressionfor j ~F a(� ; ! )j2 is notaneasytask,speciallydueto thenon-separabilityof F a(x; t).

Complexcells arealsodirection-selectiveneurons,howeverthey includeothercharacteristicsthat
cannotbe explainedby a linear combinationof the input stimulus. Their responsesarerelatively
independentof theprecisestimuluspositioninsidethereceptive �eld, whichsuggesta combination
of asetof V1 simplecellsresponses.Thecomplex cellsarealsoinvariantto contrastpolaritywhich
indicatesakind of recti�cation of theirON-OFFreceptive �eld responses.

Basedon[1], wede�ne thei th V1 complex cells,locatedatxi = (x i ; yi ), with spatialorientation
� i andspatio-temporalorientationf i = ( �� i ; �! i ) as

Cxi ;� i ;f i (t) =
��

F a
� i ;f i

� L
�

(xi ; t)
� 2

+
��

F b
� i ;f i

� L
�

(xi ; t)
� 2

(6)
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Rateversussynchronycodefor humanactionrecognition 13

wherethesymbol� representsthespatio-temporalconvolution,andF a
� i ;f i

andF b
� i ;f i

arethesimple
cellsde�ned in (3). This de�nition givesa cell responseindependentof stimuluscontrastsignand
constantin time for adrifting sinusoidalasstimulus.

4.1.2 Foveatedorganizationof V1

Given V1 cells modeledby (6), we considerNL layersof V1 cells (seeFigure5). Eachlayer is
built with V1 cellswith thesamespatial-temporalfrequency tuningf i = ( �� i ; �! i ) andNor different
orientations.Therelatedspatial-temporalfrequency, andthephysicalpositionof thecell insideV1
de�ne its receptive �eld. All theV1 cells belongingto onelayer, with receptive �elds centeredin
theposition(x i ; yi ), form whatwe call a column. Onecolumnhasasmany elementsasthenumber
of orientationsde�ned Nor . SeeFigure5 for anillustration.

Figure5: Diagramwith the architectureof oneV1 layer. Therearetwo differentregions in V1,
the foveaandperiphery. Eachelementof the V1 layer is a columnof N or V1 cells, whereNor

correspondsto thenumberof orientations.

Thecentersof the receptive �elds aredistributedalonga radial log-polarschemewith a foveal
uniformzone.Therelatedone-dimensionaldensityd(r ), dependingof theeccentricityr , is takenas

d(r ) =
�

d0 if r � R0;
d0R0=r if r > R0;

(7)

Thecellswith aneccentricityr lessthanR0 haveanhomogeneousdensityandtheir receptive�elds
refer to the retinafovea(V1 fovea). The cells with an eccentricitygreaterthanR0 have a density
dependingon r andreceptive �elds lying outsidetheretinafovea(V1periphery).

4.1.3 Analogousto spike conversion

Theresponseof theV1 complex cell -formedasacombinationof theV1 simplecellsde�ned in (3)-
is analogous.To transformtheanalogousresponseto aspikingresponse,thecell will bemodeledas
theconductance-drivenintegrate-and-�reneurondescribedin (2).

So, let usconsidera spikingV1 complex cell i whosecenteris locatedin xi = (x i ; yi ) of the
visualspace.For this neuron,Gexc

i (t) is thenormalizedexcitatoryconductancedirectly associated
with thepre-synapticneuronsconnectedto V1 cells. Theexternalinput currentI i (t) is hereasso-
ciatedwith the analogousV1 complex cell response.Finally, Ginh

i (t) is an inhibitory normalized
conductancedependenton thespikesof neighboringcellsof thesameV1 layer.

RR n° 6669

in
ria

-0
03

26
58

8,
 v

er
si

on
 1

 -
 3

 O
ct

 2
00

8



14 M-J. Escobar, G. S.Masson,T. Vieville, P. Kornprobst

We modeltheexternalinput currentI i (t) of thei th cell in (2) astheanalogresponse

I i (t) = kexc � i (t)Cxi ;� i ;f i (t); (8)

wherekexc is anampli�cation factor, Cxi ;� i ;f i refersto thecomplex cell responsede�ned in (6) and
� i groupstheinteractionswithin V1 cellsprovokedby local andglobaldivisiveinhibitions[71].

Theinhibitory conductanceGinh
i (t) andtheexcitatoryconductanceGexc

i (t) of (2) arenot con-
sideredin this �rst approach,equallythantheleakconductancegL .

4.2 MT layer: global motion analysis

4.2.1 MT cellsmodel

Ourmodelis a feedforwardspikingnetwork whereeachentityor nodeis aMT cell. EachMT cell i
canbemodeledasconductance-drivenintegrate-and-�reneurondescribedin (2).

Theneuroni is a partof a spikingnetwork wherethe input conductancesGexc
i (t) andGinh

i (t)
areobtainedconsideringtheactivity of all thepre-synapticneuronsconnectedto it. For example,if
a pre-synapticneuronj has�red a spike at time t ( f )

j , this spike re�ects aninput conductanceto the

post-synapticneuroni duringatimecourse� (t � t ( f )
j ). In ourcasethepre-synapticneuronsreferto

theV1 outputs(seeFigure7). Accordingto this, thetotal input conductancesGexc
i (t) andGinh

i (t)
of thepost-synapticneuroni areexpressedas

Gexc
i (t) =

X

j

w+
ij

X

f

� (t � t ( f )
j )

Ginh
i (t) =

X

j

w�
ij

X

f

� (t � t ( f )
j ) (9)

wherethefactorw+
ij (w�

ij ) is theef�cacy of thepositive(negative)synapsefrom neuronj to neuroni
(See[31] for moredetails).Thetimecourse� (s) of thepost-synapticcurrentin (9) canbemodeled
asanexponentialdecaywith time constant� s asfollows

� (s; � s) =
�

s
� s

�
exp

�
�

s
� s

�
: (10)

EachMT cell hasa receptive �eld madefrom the convergenceof afferentV1 complex cells.
TheV1 afferentarethepre-synapticneuronsj in (9). Thoseinputswill beexcitatoryor inhibitory
dependingon thecharacteristicandshapeof thecorrespondingMT receptive �elds [88], [87]. Half
of MT surfaceis assignedto processtheinformationcomingfrom thecentral15� of thevisual�eld,
which receptive �eld size of a MT cell inside this region is about4-6 times bigger than the V1
receptive�eld [45].

TheMT cellsaredistributedin a log-polararchitecture,with ahomogeneousareaof cellsin the
centerandaperipherywherethedensitydecreaseswith thedistanceto thecenterof focus.While the
densityof cellsdecreaseswith theeccentricity, thesizeof the receptive �elds increasespreserving
its original shape.Figure6 showsanexampleof thelog-polardistributionof MT cells.
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Rateversussynchronycodefor humanactionrecognition 15

Figure6: Sampleof log-polararchitectureusedfor a MT layer. Thecell distribution law is divided
into two zones,a homogeneousdistribution in thecenterwith a certainradiusandthena periphery
wherethedensityof cellsdecayswith theeccentricity.

Differentlayersof MT cellsconformour model. Eachlayer is built with MT cellsof thesame
characteristics,samespeedanddirectiontuning.Thegroupof V1 cellsconnectedwith aMT cell and
their respectiveconnectionweightsdependonthetuningvaluesdesiredfor theMT cell. Thecriteria
of selectionis to considerall theV1 cells insidetheMT receptive �eld with anabsolutedifference
of motiondirection-selectivity respectMT cell nomorethan� =2 radians.Theweightassociatedto
theconnectionbetweenpre-synapticneuronj andpost-synapticneuroni is proportionalto theangle
' ij betweenthe two preferredmotion direction-selectivity (seeFigure8). The connectionweight
wij betweenthej th V1 cell andthei th MT cell is givenby

wij =
�

kcwcs(xi � xj ) cos(' ij ) if 0 � ' ij � �
2 ;

0 if �
2 < ' ij < � ;

(11)

wherekc is an ampli�cation factor, � ij is the absoluteanglebetweenthe preferredi th MT cell
directionandthe preferredj th V1 cell direction. wcs(�) is theweight associatedto thedifference
betweenthecenterof MT cell xi = (x i ; yi ) andtheV1 cell centerpositionxj = (x j ; yj ). Thevalue
of wcs(�) dependson theshapeof the receptive �eld associatedto theMT cell (seesection4.2.2).
Thesignof wcs will setthevaluesof w+

ij (if wcs > 0) andw�
ij (if wcs < 0).

4.2.2 Receptive �elds: Geometryand interactions

Thegeometryandinteractionsof theMT receptive �elds is far from beingcompletelyunderstood.
Half of MT neuronshave asymmetricsurroundsintroducinganisotropiesin the processingof the
spatialinformation[43]. Theneuronswith asymmetricsurroundsseemto beinvolvedin theencod-
ing of importantsurfacesfeatures,suchasslantandtilt or curvature[11, 88]. Thesurroundgeometry
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16 M-J. Escobar, G. S.Masson,T. Vieville, P. Kornprobst

Figure7: Architectureof thefeedforwardspikingnetwork to modelMT. EachMT cell receivesas
input theafferentV1 cells.

Figure8: The connectionweightsbetweenV1 andMT cells aremodulatedby the cosineof the
angle' ij betweenthepreferreddirectionof i th MT cell andthepreferreddirectionof j th V1 cell.

Figure9: Center-surroundinteractionsmodeledin theMT cells.Theclassicalreceptive �eld (CRF)
is modeledthrougha gaussian(a). The two receptive �elds with inhibitory surround(b), (c) are
modeledwith aDifference-of-Gaussians.Thecellswith inhibitory surroundhaveeitherantagonistic
directiontuningbetweenthecenterandsurroundor thesamedirectiontuning.
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Rateversussynchronycodefor humanactionrecognition 17

andits interactionswith theclassicalreceptive�eld couldbethemainresponsibleof dynamiceffects
seenin MT cells,ase.g.,switchingfrom componentto patternbehavior [72] or showing a direction
reversalfrom preferredto antipreferreddirectiontuning[54].

Regardingorganizationandcenter-surroundinteractions,[9] shows two differenttypesof cells,
the pure integrative cell, whereonly the activation of the classicalreceptive �eld (CRF) is taken
into account,andthecell with an antagonisticsurroundwho modulatestheactivationof theCRF.
Thedirectiontuningof thesurroundis alwaysbroaderthanthecenter. Thedirectiontuningof the
surroundcomparedwith the centertendsto be eitherthe sameor opposite,but rarely orthogonal.
Theantagonisticsurroundsareinsensitiveto wide-�eld motionbut sensitiveto localmotioncontrast.
By theotherhand,thecellswith only CRFarebestsensitive to wide-�eld motion.

Consideringtheresultsfoundby [9], we includethreetypesof MT center-surroundinteractions
in ourmodel.Ourclaim is thattheantagonisticsurroundscontainkey informationaboutthemotion
characterization,which couldhighly helpthemotionrecognitiontask.We proposea cell with only
theactivationof its classicalreceptive �eld (CRF)andtwo cellswith inhibitory surroundsasshown
in Figure9.

5 Spike train analysis

Given the spiking outputfrom the network presentedin Section4, we presentin this sectiontwo
methodsto describeits activity: the mean�ring rate of a spike train and a synchrony measure
betweenpairsof spiketrains.Thesetwo quantitieswill bethendirectlyusedin theactionrecognition
applicationdescribedin Section6.

Remark : Note that we do not considerhigh-level statisticsof spike trains [59], sincethis requireslarge ergodic spike

sequences,whereaswe areinterestedherein recognitiontasksfrom non-stationaryspike trainsgeneratedby somedynamic

input. Also, we do not consideredspike-trainmetricsin thestrict sense[80], sincewe do not have enoughknowledgefrom

thebiology to predictthe®ring timesin a deterministicway. For thesamereason,we do not compare,here,spike patterns

[26]. In fact,theseaspectsareperspectivesof thepresentwork. �

5.1 Mean �ring rate of a neuron

Let usconsideraspikingneuroni . Thespike trainF i associatedto thisneuronis de�ned in (1). We
de�ned thewindowed�ring rate
 i (�) by


 i (t; � t) =
� i (t � � t; t)

� t
; (12)

where� i (�) countsthenumberof spikesemittedbyneuroni insidetheslidingtimewindow [t � � t; t]
(seeFigure10ande.g.,[18]).
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18 M-J. Escobar, G. S.Masson,T. Vieville, P. Kornprobst

5.2 Synchrony betweentwo spike trains

Let usconsiderthe recentapproachproposedby [41] to estimatethesimilarity betweentwo spike
trains,asameasureof synchrony. Theauthorsproposedto compute�rst theinterspikeinterval (ISI)
insteadof thespike asa basicelementof comparison.Theuseof ISI hasthemainadvantageto be
parameter-freeandself-adaptive,so that thereis no needto �x a time scalebeforehand("binless")
or to �t any parameter.

So,for theneuroni theISI representationI SI i (t) is givenby

I SI i (t) = min(t ( f )
i j t ( f )

i > t) � max(t ( f )
i j t ( f )

i < t); (13)

for t ( f )
i < t. ConsideringtheISI representationof two neuronsi andj , thenext stepis to calculate

theratioRij (t) de�ned as

Rij (t) =

8
<

:

I SI i ( t )
I SI j ( t ) � 1 if I SI i (t) � I SI j (t);

�
�

I SI j ( t )
I SI i ( t ) � 1

�
otherwise.

(14)

Rij (t) will bezeroin caseof completelysynchrony betweenI SI i (t) andI SI j (t). In thecasesof a
big differencebetweenthetwo ISI representation,R ij (t) will tendto � 1. (seeFigure11).

Having theratio Rij (t) it is possibleto calculate,for a �nite time � t, a measureof spike train
distance� ij (t; � t), which is anestimatorof thespike trainsynchrony betweenneuronsi andj .

� ij (t; � t) =
1

� t

Z t

t � � t
jRij (s)jds: (15)

Remark : Completelysynchrony � ij (�) = 0 wasassignedfor two cellsnot emittingspikes,while themaximaldesynchro-

nization� ij (�) = 1 wasassignedto thecasewhereonly onecell ®redspikes. �

6 From spikesto action recognition

Thesystemthatwe described(seeFigure3) takesasinput a sequenceof imagesL(x; y; t) wherea
humanactionis performed.Thedirectionally-selectiveV1 �lters areappliedovereachframeof the
inputsequencein a log-polardistributiongrid. Thespike trainsgeneratedfeedtheMT layerswhere
theactivationof eachMT cell dependson theactivationof theV1 stage.TheMT cellsarearranged
in a log-polargrid aswell, working jointly with V1 cellsasa spikingnetwork.

In this section,we show how the activation of MT cells is usedto de�ne motion maps,and
we alsoshow a notionof distancebetweenthesemaps.Basedon this vectorialrepresentationof a
pieceof sequence,we considerherethe actionrecognitionapplicationwith a standardsupervised
classi�cationframework.
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Rateversussynchronycodefor humanactionrecognition 19

Figure10: Mean�ring rate

Figure11: Synchrony betweenthespike trainsof a pair of neurons.F i andF j arethespike trains
of MT neuronsi andj , respectively. Therespective I SI representationsde�ned in (13) areshown
asI SI i (t) andI SI j (t). Finally, theratiobetweenI SI i (t) andI SI j (t) is shown asRij (t).
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20 M-J. Escobar, G. S.Masson,T. Vieville, P. Kornprobst

Figure12: Sampleframesof eachof the nine actionsconformingthe Weizmanndatabase.The actionsare: bending
(bend), jumping-jack(jack), jumping-forward-on-two-legs (jump), jumping-in-place-on-two-legs (pjump), running (run),
galloping-sideways(side),walking (walk), waving-one-hand(wave1)andwaving-two-hands(wave2).

6.1 Databaseand settings

We rantheexperimentusingWeizmann2 database.Weizmanndatabaseconsistsin 9 differentsub-
jectsperforming9 differentactions.A representative frameof eachactionis shown in Figure12.
The numberof framesper sequenceis variableand the original video streamswere resizedand
centeredto havesequencesof 210x210pixels.

GeneralV1 and MT settingsare shown in Table 1. V1 hasa total of 72 layers, formed by
8 orientationsand9 differentspatial-temporalfrequencies,giving a total of 3302cells per layer.
Following thebiological resultmentionedin [83] thevalueof � V 1 is 1:324=(4� f ). The72 layers
of V1 cells aredistributedin the frequency spacein order to tile the whole spaceof interest. We
considereda maximal spatial frequency of 0.5 pixels/secand a maximal temporalfrequency of
12 cycles/sec.In the caseof MT, 8 (1� 8 orientations)or 24 (3� 8 orientations)layerswereused
dependingon thecenter-surroundcon�gurationde�ned in Figure9.

6.2 De�ning motion mapsasfeature vectors

6.2.1 The meanmotion map

Startingfrom the ideaproposedin [24], we de�ne the meanmotionmapH L (�) representingthe
inputstimulusL (x; y; t) by

HL (t; 4 t) =
�


 L
j (t; 4 t)

	
j =1 ;:::;N l � N c

; (16)

2http://www.wisdom.weizmann.ac.il/~vision/Space TimeAct ions.ht ml
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Rateversussynchronycodefor humanactionrecognition 21

Table1: Parametersusedfor V1 andMT layers.
V1 MT

Fovearadius 80[pixels] 40[pixels]
Layerradius 100[pixels] 100[pixels]
Cell densityin fovea 0.4[cells/pixel] 0.1[cells/pixel]
Eccentricitydecay 0.02 0.02
Radiusreceptive �eld in fovea 2� V 1[pixels] 9[pixels]
Numberorientations 8 8
Numbercellsperlayer 3302 161

whereN l is the numberof MT layersandNc is the numberof MT cells per layer. Eachelement

 L

j with j = 1; :::; N l � Nc is thewindowed�ring ratede�ned in (12). Oneillustrationis givenin
Figure3 (c).

The representation(16) hasseveral advantages.It is invariant to the sequencelength and its
startingpoint(for � t highenoughdependingonthescene).It is alsoincludesinformationregarding
thetemporalevolution of theactivationof MT cells,respectingthecausalityin theorderof events.
Theuseof a slidingwindow allowsusto includemotionchangesinsidethesequence.

Thecomparisonbetweentwo meanmotionmapsH L (t; 4 t) andH J (t; 4 t), canbede�ned by

D(HL (t; 4 t); H J (t0; 4 t0)) =

1
N l � Nc

N l � N cX

l =1

(
 L
l (t; 4 t) � 
 J

l (t0; 4 t0))2


 L
l (t; 4 t) + 
 J

l (t0; 4 t0)
: (17)

Thismeasurerefersto thetriangular discriminationintroducedby [77]. Notethatanothermeasures
derivatedfrom statistics,suchasKullback andLeiber (KL) couldalsobeconsidered.However, we
didn't �nd any signi�cant improvmentwith theKL measurefor example.

6.2.2 The synchrony motion map

As it is shown in Section5.2, for eachpair of cells f i; j g it is possibleto obtain a measureof
synchrony using� ij (�) de�ned in (15).

Thewholepopulationof MT cellsis dividedinto N l subpopulations.Insideeachsubpopulation
we createda mapwith thevaluesof � ij (t; � t) obtainedto every cell in thesubpopulationwithin a
sliding time window of size� t. So, eachsequenceL will be representedby a synchrony motion
map ~HL (t; � t) de�ned as

~HL (t; � t) = f DL
k (t; � t)gk=1 ::N l ; (18)

whereDL
k (�) = f � mn (�)gm =1 ::N c ;n =1 ::N c is a matrixof Nc � Nc elementscontainingthemeasures

� mn (�) betweenthe mth andnth neuronsof the kth layer of MT cells de�ned in (15). The ~HL

constructioncanbesummarizedin Figure3 (c).
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22 M-J. Escobar, G. S.Masson,T. Vieville, P. Kornprobst

Figure13: (a) Rasterplotsobtainedconsideringthe161MT cellswith only CRFof a givenorientationin two different
actions: jumping-jack and bending. Looking at the rasterplots obtained,is evident that the information containedinto
the spike trains is muchricher thana simpli®edmean®ring rate. The framerate is 25 framesper seconds.(b) Matrices
conformingthesynchronymotionmapsde®nedin (18), eachmatrix shows thesynchronization(see(15)) betweenthespike
trainsof iso-orientedcellsmembersof thesameMT population.It is possibleto seethebig differencesbetweenthesynchrony
mapsof jumping-jack actionandbendingaction.

The comparisonbetweentwo synchrony motion maps ~HL (t; � t) and ~H J (t0; � t0). canbe de-
�ned by theeuclideandistance

~D( ~HL (t; � t); ~H J (t0; � t0)) =
s X

N l

kDL
k � DJ

k k2: (19)

A realexampleshowing thesynchronymotionmapsobtainedfor two differentsequences(N l = 8)
canbeseenin Figure13 (b).
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Rateversussynchronycodefor humanactionrecognition 23

6.3 Results

6.3.1 Action recognitionperformance

To evaluaterecognitionperformanceof our approachusing the motion mapsde�ned in Sections
6.2.1and6.2.2, we followeda similar experimentalprotocolthantheoneproposedby Jhuanget al.
[40]. The meanmotionmapsandsynchrony motionmapsof all the 81 sequencesforming Weiz-
manndatabasewerecalculated,removing in both casesthe �rst 5 framescontaininginitialization
information(seeFigure13 (a)). With thesemotionmaps,thetrainingsetandtestingsetwerethen
constructed.The training setwasbuilt consideringactionsof 6 differentsubjects(6 subjects� 9
actions= 54 motionmaps).Thetestingsetwasbuilt with theremaining3 subjects(3 subjects� 9
actions= 27 motionmaps).Unlike Jhuanget al., we ranall thepossibletrainingsets(84) andnot
only 5 randomtrials. Eachmotionmapis comparedto every motionmapin the trainingset. The
matchclasswill betheclassassociatedto themotionmapwith thelowestdistance.

For eachtraining set, the experimentwasperformedtwice: one time considering8 layersof
MT cells (N l = 8) with the activation of the CRFsfor the 8 differentorientations,anda second
time with 24 layersof MT cells(N l = 24) using,for eachorientation,all thesurroundinteractions
shown in Figure9. Weconstructedahistogramwith thedifferentrecognitionerrorratesobtainedby
our approach(seeFigure14) usingmeanmotionmapsandsynchronymotionmaps. As we cansee
in Figure14, the valueshave a strongvariability andthe recognitionperformancehighly depends
on thesequencesusedto constructthe trainingset,reachingin mostof the cases100%of correct
recognition.

A comparisonwith the resultsobtainedby [40] is shown in Table2. It is importantto remark
thatour resultswereobtainedusingthe84 trainingsetsbuilt with 6 subjects(i.e., all possiblecom-
binations)andnotonly 5 trialsasin [40]. As remarkedpreviously, becauseof thehighvariability of
classi�cationperformancedependingon thetrainingsetchosen,resultsin [40] arehardto interpret.

6.3.2 Confusionmatrices

In order to have a qualitative comparisonbetweenthe quality of the humanactionrepresentation
usingthe two motionmapsde�ned in Section6.2, we estimatedtheconfusionmatricesfor the81
sequencesconformingWeizmanndatabase(seeFigure15). Thesequencesweregroupedaccording
to theactionperformed(totalof 9 actions),andfor eachpairof actionsthemeandistancevaluewas
obtained.Thematricesare9� 9 andthey werebuilt usingN l = 8 (just MT CRF)andN l = 8 � 3
(usingthe threeMT center-surroundinteractionsof Figure 9). Interestingly, despiteof the lower
recognitionperformanceof synchronymotionmapscomparedwith meanmotionmaps, spikingmo-
tion mapsbetterseparatesthedatabelongingto differentclasses,speciallyfor actionswereonly a
limited partof thebodyperformstheaction(waving-one-hand, waving-two-hands, bending).

In orderto quantifytheinter-classseparabilityweapplieda simplestatisticalanalysis(t-student
test).Applying thet-studenttestontheobtaineddistancesmatriceswenumericallyobservefor intra-
cassdistancesa rangeof t-value2 [0:20;0:26] for meanmotionmapsandt-value2 [0:29;0:31] for
synchronymotionmaps, which in termof probabilitiesmeansthattheprobabilityto have distances
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24 M-J. Escobar, G. S.Masson,T. Vieville, P. Kornprobst

Figure14: Histogramsrepresentingthe recognitionerror ratesobtainedby our approachin Weizmanndatabase,using:
MT CRFs(graybars)andMT center-surroundinteractionsshown in Figure9 (blackbars).Theresultswereobtainedusing
the 84 possibletraining setsbuilt with 6 differentsubjects.(a) Histogramobtainedfor meanmotionmaps. (b) Histogram
obtainedusingsynchronymotionmaps. INRIA
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Rateversussynchronycodefor humanactionrecognition 25

Table2: Meanrecognitionerrorratesandstandarddeviation obtainedby ourapproachandby [40].

Meanerrorrate� STD #trials

Juanget al. 8:9%=� 5:9 5
Gr C 2 denseC 2 features

Juanget al. 3:0%=� 3:0 5
Gr C 2 denseC 2 features

Meanmotionmaps 9:08%� 4:40 84
CRF

Meanmotionmaps 7:32%� 4:62 84
CRF+ symmetricsurrounds

Synchrony motionmaps 13:89%� 4:95 84
CRF

Synchrony motionmaps 7:19%� 5:15 84
CRF+ symmetricsurrounds

Figure15: Confusionmatricesobtainedusingtwo differentreadouts:(a)-(b)meanmotionmapsde®nedin (16) and(c)-(d)
synchronymotionmapsde®nedin (18). Wealsoherecompare:(a)-(c)consideringonly MT CRFsand(b)-(d)consideringall
theMT center-surroundinteractionsde®nedin Figure9
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26 M-J. Escobar, G. S.Masson,T. Vieville, P. Kornprobst

Table3: The Null hypothesisrejectionprobability associatedwith the t-testvaluesobtainedfrom the distancematrices
built usingmeanmotionmapsandsynchronymotionmaps(caseCRF+ symmetricsurrounds).Thecorrespondingactionfor
eachvalueis thesamethantheonesshown in Figure15.

Meanmotionmap
0:59 0.70 0.71 0.69 0.68 0.62 0.67 0.68 0.72
0.70 0:59 0.69 0.68 0.72 0.65 0.70 0.70 0.74
0.71 0.69 0:60 0.66 0.68 0.63 0.68 0.69 0.72
0.69 0.68 0.66 0:60 0.72 0.62 0.68 0.69 0.75
0.68 0.72 0.68 0.72 0:60 0.59 0.64 0.66 0.72
0.62 0.65 0.63 0.62 0.59 0:59 0.61 0.64 0.65
0.67 0.70 0.69 0.68 0.64 0.61 0:58 0.64 0.69
0.68 0.70 0.69 0.69 0.66 0.64 0.64 0:58 0.68
0.72 0.74 0.72 0.75 0.72 0.65 0.69 0.68 0:59

Synchrony motionmap
0:61 0.86 0.88 0.90 0.97 0.98 1.00 0.99 0.99
0.86 0:62 0.89 0.90 0.97 0.94 0.99 0.98 0.97
0.88 0.89 0:62 0.86 0.98 0.97 1.00 0.96 0.98
0.90 0.91 0.86 0:62 0.99 0.96 1.00 0.99 0.99
0.97 0.97 0.98 0.99 0:61 0.85 0.93 1.00 0.91
0.98 0.94 0.97 0.96 0.85 0:62 0.96 0.93 0.94
1.00 0.99 1.00 1.00 0.93 0.96 0:60 0.76 0.86
0.99 0.98 0.96 0.99 0.99 0.93 0.75 0:60 0.96
0.99 0.97 0.98 0.99 0.91 0.94 0.86 0.96 0:61

differentof zerois P < 0:60andP < 0:61, respectively. A signi�cant differenceis seenin theinter-
classdistances,wheretherangeof t-valuesfor running/all-other-sequencesis t-value2 [1:40;2:93]
(synchronymotionmaps) andt-value2 [0:44;0:55](meanmotionmaps). Thiscanbeinterpreted,for
instance,thatfor jumping/walkingthedistancesaredifferentfrom 0 with a probabilityof P < 0:69
for meanmotionmapsandP < 0:90 for synchronymotionmaps. Altough t-testvaluesobtainedfor
meanmotionmapsarenumericallyhigherfor inter-classthanintra-classdistances,it appearsthat
they arenot "signi�cantly" highercomparedto theonesobtainedwith thesynchronymotionmaps.

6.3.3 Robustness

To evaluatesomekind of robustnessof the approach,we consideredinput sequenceswith pertur-
bations.Snapshotsof thesequencesconsideredto measuretherobustnessof themodelareshown
in Figure 16. We consideredthreekinds of perturbations:noisy sequence(Figure 16 (2)), legs-
occludedsequence(Figure16 (3)) andmoving-backgroundsequence(Figure16 (4)). Both noisy
andlegs-occludedsequenceswerecreatedstartingfrom thesequenceshown in Figure16(1), which
was extractedfrom the training set for the robustnessexperiments. The legs-occludedsequence
wascreatedplacinga blackbox on theoriginal sequencebeforethecenteredcropping. The noisy
sequencewascreatedaddinga Gaussiannoise.Themoving-backgroundsequencewastakenfrom
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Rateversussynchronycodefor humanactionrecognition 27

[7]. For theoriginal sequenceandthethreemodi�ed input sequencestherecognitionwascorrectly
performedaswalking.

Thebarsof Figure16 representtheratio betweentheshortestdistanceto walking(dwalk ) class
andthedistanceto thesecondclosestclass(d� ), whichcanvaryfrom galloping-sidewaysto bending
or jumping-forward-in-two-legs. Notethat in mostof thecasestheactionwascorrectlyrecognized
aswalking, giving a ratio dwalk =d� < 1. The recognitionfailed in the caseof synchrony motion
maps(a) who consideronly theCRFactivation. In thosecasestheactionwasalwaysmisclassi�ed
asbending(dwalk =dbend > 1). Thisperformanceis considerablyimprovedif theinformationof the
surroundinteractionsis addedto thesynchronymotionmaps(case(b)), con�rming its importantrole
in motionrepresentation.

Figure16: Resultsobtainedin the robustnessexperimentsfor the four input sequencesrepresentedby thesnapshotsat
thetop of the image.Fromleft to right: (1) normalwalker, (2) noisysequence,(3) occluded-legs sequenceand(4) moving-
background sequence.For eachinput sequencethe action recognitionexperimentwasperformed4 times: (a) synchrony
motionmapswith MT CRF, (b) synchronymotionmapswith MT CRF+ symmetricsurrounds,(c) meanmotionmapswith
MT CRF and(d) meanmotionmapswith MT CRF + symmetricsurrounds.The black barsindicatethe ratio betweenthe
distanceto walking classdw alk andthe distanceto the secondclosestclassd� (galloping-sideways, bendingor jumping-
forward-in-two-legs).
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28 M-J. Escobar, G. S.Masson,T. Vieville, P. Kornprobst

7 Discussion

We proposeda genericspikingV1-MT modelthatcanbeusedfor high level taskssuchashuman
actionrecognition. Our model takesas input a sequenceof images. V1 cells implementa linear
spatial-temporal�ltering stagefollowedby both local andglobal nonlinearitiesknown asnormal-
izations.Activities in V1 neuronsarethentransformedinto spike trainsusinga LIF neuronmodel,
addingimplicit nonlinearitiescontainedin the spike generationprocess.Thesespike trainsfeeda
secondlayerof spikingneurons,whichwasdesignedusingbiological�ndings of motionprocessing
in primates,areaMT [10]. Fromtheactivationof theMT cells,we de�ned two kindsmotionmaps
(meanmotionmapsandsynchronymotionmaps) which representtheactivationof thedifferentMT
spikingnetwork in a temporalwindow. Finally, we showedthat thesemotionmapscanbeusedin
a classicalsupervisedclassi�cationtechnique,andwe gave somerecognitionresultson a classical
database.

Of course,morevalidationwouldbeneeded.We testedthemodelwith Weizmanndatabase,ob-
tainingtheresultsshown in Section6.3. Thegoodrecognitionperformanceobtainedwith ourspike-
to-spikemodelreinforcesour hypothesisabouttherepresentabilityof our motionmaps.Weizmann
databasewasalsousedby, e.g.,[7] and[40] to validatetheir model. However, testconditionsand
experimentalprotocolarenot thesamethantheonesconsideredin our experiments,andtherefore
mostof the timesrecognitionperformancescannotbe compared.We only comparedour recogni-
tion performancewith the resultsobtainedby [40], showing thatdueto thehigh variability of the
results,therecognitionpercentagesof [40] arenotsorepresentative.Anotherconcernis thatit is not
possibleto claim thatour systemwill work in any condition. But thatconcernis in factgeneralas
remarkedby [56]: It is anoverclaimto declarethat thewholeactionrecognitionproblemis solved
only basedonsomeresultsobtainedwith a givendatabase.So,morevalidationwith otherdatabase
suchasKTH3 databasewouldbeneeded.

Recognitionresultsobtainedusingsynchrony motion mapsareslightly inferior than the ones
obtainedusingmeanmotionmaps, speciallyif we only considertheactivationof MT CRFs. This
differenceis enhancedin therobustnessexperiments.As anexplanation,we think thatbecausethe
synchrony analysislargely forgetsabouttherate,it lacksa fundamentalinformationaboutnetwork
activity. Nevertheless,by consideringsynchroniesonly, satisfyingrecognitionperformancecanbe
achieved.Also, notethattheuseof thesynchrony to encodetheinput motioninformationimproves
the inter-classseparabilityobtaininga betterclassclustering(seeFigure 15 andTable3). These
resultsareconsistentwith neuroscience�ndings aboutthecomplementarityof rateandsynchrony
codes:Thereareevidencefrom motorandvisualcortex thatboth,rateandsynchrony code,arecon-
jointly usedto extractcomplementaryinformation,[44, 58]. As a futurework, we planto combine
thesetwo motionmapsin orderto haveabetterrepresentationof theinput motioninformation.

Earliermodelshave suggestedthatbiologicalmotionperceptiondependson stronginteractions
betweenmotionandform pathways(see[6] for areview). In themodelproposedby GieseandPog-
gio [32], bothform andmotionpathwayslearnsequencesor "snapshots"of humanshapesandoptic
�o w patterns,respectively. Severalmodelshave beenproposedto dynamicallyconstrainsuchmo-
tion modelusinglocal informationaboutshapes,featuresandcontours(e.g.,[2]). Sincecon�gural

3http://www.nada.kth.se/cvap/actions/
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Rateversussynchronycodefor humanactionrecognition 29

informationareimportantfor biologicalmotionrecognition(e.g.,[36]) futurework will investigate
how local form informationcanbedynamicallymergedandintegratedwith themotionpathway to
improve the representabilityof motion maps,speciallyin thecaseof complex backgroundswhere
motionintegrationcouldplayanimportantrole (seeFigure16(d)).

Speci�cally, GieseandPoggio[32] proposeda neurophysiologicalmodelfor the visual infor-
mationprocessingin the dorsal(motion) andventral(form) pathways. The model is validatedin
the actionrecognitiontaskusingas input stimulusstick �gures constructedfrom real sequences.
Assumingnointeractionbetweenthetwo pathways,they foundthatbothmotionandform pathways
arecapableto do actionrecognition.Oneof themaindifferencewith our approachis thefact that
new parametersneedto be �tted if a new actionmustbe considered.In our case,no parameters
mustbe adjustedandonly thenew motion mapsmustbe insertedinto the trainingset. Moreover,
their modelexhibit several interestingpropertiesfor biologicalpatternmotion recognitionsuchas
spatialandtemporalscaleinvariance,robustnessto noiseaddedto point-like motionstimuli andso
on. More recentwork from [40] implementedthis invariancefor spatialandtemporalscales(i.e.
stimulussizeandexecutiontime,respectively). Theirapproachusesabio-inspiredmodelfor theac-
tion recognitiontaskbasedin [32] and[68]. Theinvarianceto spatialandtemporalscaleis achieved
consideringasmany motiondetectorlayersasthenumberof spatialandtemporalscalesto bede-
tected.Thiscanbeeasilyimplementedin ourapproachaddingmorelayerswith differentspatialand
temporalscalesandthereforeapply themaxoperatorbetweenthedifferentlayerscodingthesame
motiondirection.

Finally, contrarilyto thebio-inspiredmodelof [32], ourmodelreliesonageneralpurposemotion
processingbasedupontheknown propertiesof thetwo-stagesbiologicalmotionpathwaywhereV1
andMT neuronsimplementdetectionandintegrationstage,respectively. Thearchitectureis rooted
on the linear-nonlinear("L-N") model,of a kind that is increasinglyusedin sensoryneuroscience
(see[71], [63] for instance).Recentversionof this L-N modelsproposethatcomplex motionanal-
ysiscanbedonethrougha cascadeof L-N steps,followedby a Poissonspikinggenerationprocess
[63]. Ourgenericmotionmodeldepartsfrom thiscascadedL-N modelin severalimportantway.

• For earlylocal motiondetection,[71] proposedlocal unitsmodeledthroughspatial-temporal
energy �lters. However, those�lters haveatemporalpro�le thatis non-causalandinconsistent
with V1 cell physiology. Our approach,on the otherhandusestemporalpro�les consistent
with V1 cell physiology. Thesebiologically plausibletemporalpro�les bring out not trivial
calculationfor the tuning of the spatial-temporalfrequency orientation. As a consequence,
motionorientationtuningmustbecomputedusingnumericalapproximations.

• EachL-N stageis followed by spike generationprocess,usingLIF neurons.Eachspiking
processintroducesadditionalnonlinearitiesdueto spike generationprocess.Moreover, the
responsesof MT neuronsnow operatesonspiketrainsfrom anafferentpopulationof nonlinear
V1 cells. Given theothersnonlinearitiesfound in theMT layerwe addmorecomplexity to
thesystem,makingit moresuitablefor naturalimagesanalysis.

• Our modelimplementsdifferentMT nonclassicalreceptive �elds by having differentclasses
of center-surroundinteractions(e.g.[87], [9]). Theroleof differentMT receptive�eld shapes
in theactionrecognitiontaskhasnot beenevaluatedbefore(see[32], [66]). Herewe present
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30 M-J. Escobar, G. S.Masson,T. Vieville, P. Kornprobst

someresultsin theactionrecognitionperformanceusingthreedifferentstructuresof recep-
tive�elds asobservedin monkey areaMT [9, 87, 88], showing theircrucialrole in ourmotion
representation(see,e.g.,Figure14 andFigure16). Using thesamearchitecture,we canim-
plementmorecomplex center-surroundinteractionssuchasoriented,non-isotropicinhibitory
surrounds[87, 88] which wasmodeledin [23]. We have shown alreadythat morecomplex
spatialintegrationmechanismhasa signi�cant impacton thediscriminationof motionmaps.
In future work we will considerhow the diversity of center-surroundinteractionsenablea
genericmotionintegrationmodelto processcomplex syntheticandnaturalimages�o ws.

• Lastly, thedynamicalchangesin thereceptive �eld organizationandin MT directiontuning
reported,e.g.,by [53], [54] or [72] suggestthat theconnectivity betweenV1 andMT cells is
highly dynamical,allowing adaptive changesin motion maps. Thosechangescanbe easily
implementedin a wholly spikingnetwork astheoneproposedin our approach.
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Singer, andDanko Nikolić. Brightnessinduction: rateenhancementandneuronalsynchro-
nizationascomplementarycodes.Neuron, 52(6):1073–1083, 2006.07042.

[6] RandolphBlake andMaggieShiffrar. Perceptionof humanmotion. AnnualReview of Psy-
chology, (58):12.1–12.27,2007.

[7] MosheBlank, Lena Gorelick, Eli Shechtman,Michal Irani, and RonenBasri. Actions as
space-timeshapes.In Proceedingsof the10thInternationalConferenceon ComputerVision,
volume2, pages1395–1402,2005.

INRIA

in
ria

-0
03

26
58

8,
 v

er
si

on
 1

 -
 3

 O
ct

 2
00

8



Rateversussynchronycodefor humanactionrecognition 31

[8] A.F. Bobick andJ.W. Davis. Therecognitionof humanmovementusingtemporaltemplates.
IEEETransactionsonPatternAnalysisandMachineIntelligence, 23(3):257–267,March2001.

[9] R.T. Born. Center-surroundinteractionsin themiddletemporalvisualareaof theowl monkey.
Journalof Neurophysioly, 84:2658–2669,2000.

[10] R.T. Born andD.C. Bradley. Structureandfunctionof visualareaMT. Annu.Rev. Neurosci,
28:157–189,2005.

[11] G. T. BuracasandT. D. Albright. Contribution of areamt to perceptionof three-dimensional
shape:a computationalstudy. VisionRes, 36(6):869–87,1996.

[12] A. CasileandM. Giese.Rolesof motionandform in biologicalmotionrecognition.Arti�cal
NetworksandNeural InformationProcessing, LectureNotesin ComputerScience2714, pages
854–862,2003.

[13] A. CasileandM. Giese.Critical featuresfor therecognitionof biologicalmotion. Journal of
Vision, 5:348–360,2005.

[14] B. Cessac,H. Rostro-Gonzalez,J.C.Vasquez,andT. Vieville. To which extendis the"neural
code"ametric?In DeuxièmeconférencefrançaisedeNeurosciencesComputationnelles, 2008.

[15] R. Collins, R. Gross,andJ. Shi. Silhouette-basedhumanidenti�cation from bodyshapeand
gait. In 5th Intl. Conf. onAutomaticFaceandGestureRecognition, page366,2002.

[16] B. ConwayandM. Livingstone.Space-timemapsandtwo-barinteractionsof differentclasses
of direction-selectivecellsin macaqueV1. Journalof Neurophysiology, 89:2726–2742,2003.

[17] R. CutlerandL. Davis. Robustreal-timeperiodicmotiondetection,analysis,andapplications.
IEEETransactionsonPatternAnalysisandMachineIntelligence, 22(8),August2000.

[18] P. Dayanand L. F. Abbott. Theoretical Neuroscience: Computationaland Mathematical
Modelingof Neural Systems. MIT Press,2001.

[19] R De Valois,N. Cottaris,et al. Spatialandtemporalreceptive �elds of geniculateandcortical
cellsanddirectionalselectivity. VisionResearch, 40:3685–3702,2000.

[20] A. Destexhe,M. Rudolph,andD. Paré. Thehigh-conductancestateof neocorticalneuronsin
vivo. NatureReviewsNeuroscience, 4:739–751,2003.

[21] P. Dollar, V. Rabaud,G. Cottrell, andS. Belongie. Behavior recognitionvia sparsespatio-
temporalfeatures.In VS-PETS, pages65–72,2005.

[22] A.A. Efros,A.C. Berg,G.Mori, andJ.Malik. Recognizingactionatadistance.In Proceedings
of the 9th InternationalConferenceon ComputerVision, volume2, pages726–734,October
2003.

RR n° 6669

in
ria

-0
03

26
58

8,
 v

er
si

on
 1

 -
 3

 O
ct

 2
00

8



32 M-J. Escobar, G. S.Masson,T. Vieville, P. Kornprobst

[23] M.-J. EscobarandP. Kornprobst.Action recognitionwith a bio–inspiredfeedforwardmotion
processingmodel: The richnessof center-surroundinteractions. In Proceedingsof the 10th
EuropeanConferenceon ComputerVision, LectureNotesin ComputerScience.Springer–
Verlag,oct2008.

[24] M.-J.Escobar, A. Wohrer, P. Kornprobst,andT. Vieville. Biologicalmotionrecognitionusing
anmt-likemodel. In Proceedingsof 3rd Latin AmericanRoboticSymposium, 2006.

[25] D.J.FellemanandD.C.VanEssen.Distributedhierarchicalprocessingin theprimatecerebral
cortex. CerebCortex, 1:1–47,1991.

[26] Jean-MarcFellous,Paul H. E. Tiesinga,PeterJ. Thomas,andTerrenceJ. Sejnowski. Dis-
coveringspike patternsin neuralresponses.TheJournal of Neuroscience, 24(12):2989–3001,
2004.

[27] P. Fries,S. Neuenschwander, A. K. Engel,R. Goebel,andW. Singer. Rapidfeatureselective
neuronalsynchronizationthroughcorrelatedlatency shifting. Nat Neurosci, 4(2):194–200,
2001.07045.

[28] J.GautraisandS.Thorpe.Ratecodingvstemporalordercoding: atheoricalapproach.Biosys-
tems, 48:57–65,1998.

[29] D. Gavrila and L. Davis. 3-D Model-basedTracking of Humansin Action: a Multi-view
Approach. In Proceedingsof the InternationalConferenceon ComputerVision and Pattern
Recognition, SanFrancisco,CA, June1996.IEEE.

[30] D.M. Gavrila. Thevisualanalysisof humanmovement:A survey. ComputerVisionandImage
Understanding, 73(1):82–98,1999.

[31] W. GerstnerandW. Kistler. SpikingNeuronModels. CambridgeUniversityPress,2002.

[32] M.A. GieseandT. Poggio. Neuralmechanismsfor the recognitionof biological movements
andactions.NatureReviewsNeuroscience, 4:179–192,2003.

[33] T. Gollisch andM. Meister. Rapidneuralcoding in the retinawith relative spike latencies.
Science, 319:1108–1111,2008.DOI: 10.1126/science.1149639.

[34] L. Goncalves,E. DiBernardo,E. Ursella,andP. Perona.Monoculartrackingof thehumanarm
in 3D. In Proceedingsof the5thInternationalConferenceonComputerVision, pages764–770,
jun 1995.

[35] NorbertoGrzywaczandA.L. Yuille. A modelfor theestimateof local imagevelocityby cells
on thevisualcortex. ProcRSocLondB Biol Sci., 239(1295):129–161, mar1990.

[36] Eric Hiris, DevonHumphrey, andAlexandraStout.Temporalpropertiesin maskingbiological
motion. PerceptionandPsychophysics, 67(3):435–443,2005.

INRIA

in
ria

-0
03

26
58

8,
 v

er
si

on
 1

 -
 3

 O
ct

 2
00

8



Rateversussynchronycodefor humanactionrecognition 33

[37] D. Hogg.Model-basedvision: aparadigmto seeawalkingperson.ImageandVisionComput-
ing, 1(1):5–20,1983.

[38] D.H. HubelandT.N. Wiesel.Receptive�elds, binocularinteractionandfunctionalarchitecture
in thecatvisualcortex. J Physiol, 160:106–154,1962.

[39] E.M. Izhikevich. Which modelto usefor corticalspikingneurons?IEEE TransNeural Netw,
15(5):1063–1070, September2004.

[40] H. Jhuang,T. Serre,L. Wolf, andT. Poggio. A biologically inspiredsystemfor actionrecog-
nition. In Proceedingsof the11th InternationalConferenceon ComputerVision, pages1–8,
2007.

[41] ThomasKreuz,JulieS.Haas,Alice Morelli, HenryD.I. Abarbanel,andAntonio Politi. Mea-
suringspike trainsynchrony. Journalof NeuroscienceMethods, 165:151–161,2007.

[42] I. Laptev, B. Capuo,Ch. Schultz,andT. Lindeberg. Local velocity-adaptedmotion events
for spatio-temporalrecognition.ComputerVisionandImageUnderstanding, 108(3):207–229,
2007.

[43] L. L. Lui, J.A. Bourne,andM. G. P. Rosa.Spatialsummation,endinhibition andsideinhibi-
tion in themiddletemporalvisualareaMT. Journalof Neurophysiology, 97(2):1135,2007.

[44] PedroMaldonado,CeciliaBabul, Wolf Singer, EugenioRodriguez,DeniseBerger, andSonja
Grün. Synchronizationof neuronalresponsesin primarly visual cortex of monkeys viewing
naturalimages.Journalof Neurophysiology, 100:1523–1532,2008.

[45] D. R. Mestre,G. S.Masson,andL. S.Stone.Spatialscaleof motionsegmentationfrom speed
cues.VisionResearch, 41(21):2697–2713,September2001.

[46] L. Michels, M. Lappe,and L.M. Vaina. Visual areasinvolved in the perceptionof human
movementfrom dynamicanalysis.Brain Imaging, 16(10):1037–1041, jul 2005.

[47] A. Mokhber, C. Achard, and M. Milgram. Recognitionof humanbehavior by space-time
silhouettecharacterization.PatternRecognitionLetters, 29(1):81–89,jan2008.

[48] J. Mutch andD. G. Lowe. Multiclassobject recognitionwith sparse,localizedfeatures. In
Proceedingsof the International Conferenceon ComputerVision and Pattern Recognition,
pages11–18,jun 2006.

[49] S. Neuenschwander, M. Castelo-Branco,andW. Singer. Synchronousoscillationsin the cat
retina.VisionResearch, 39(15):2485–2497, 1999.

[50] J. C. Niebles,H. Wang,andL. Fei-Fei. Unsupervisedlearningof humanactioncategories
usingspatial-temporalwords.In British MachineVisionConference, 2006.

[51] L.G. NowakandJ.Bullier. TheTimingof InformationTransferin theVisualSystem, volume12
of Cerebral Cortex, chapter5, pages205–241.PlenumPress,New York, 1997.

RR n° 6669

in
ria

-0
03

26
58

8,
 v

er
si

on
 1

 -
 3

 O
ct

 2
00

8



34 M-J. Escobar, G. S.Masson,T. Vieville, P. Kornprobst

[52] S.NowlanandT.J.Sejnowski.A selectionmodelfor motionprocessingin areaMT of primates.
J. Neuroscience, 15:1195–1214,1995.

[53] C. C. Pack, J. N. Hunter, andR. T. Born. Contrastdependenceof suppressive in�uences in
corticalareamt of alertmacaque.Journalof Neurophysiology, 93(3):1809–1815,Mar 2005.

[54] JánosPerge,BartBorghuis,RogerBours,Martin Lankheet,andRichardvanWezel.Temporal
dynamicsof directiontuning in motion-sensitive macaqueareamt. Journal of Neurophysiol-
ogy, 93:2194–2116,2005.

[55] D. H. Perkel andT. H. Bullock. Neuralcoding. NeurosciencesResearch Program Bulletin,
6:221–348,1968.

[56] NicolasPinto,David D Cox,andJamesJ.DiCarlo.Why is real-worldvisualobjectrecognition
hard?PLoSComputBiol, 4(1):e27,2008.

[57] R. PolanaandR.C. Nelson. Detectionandrecognitionof periodic,non-rigid motion. ijcv,
23(3):261–282,1997.

[58] AlexaRiehle,SonjaGrün,MarkusDiesmann,andAd Aertsen.Spikesynchronizationandrate
modulationdifferentiallyinvolvedin motorcorticalfunction. Science, 278:1950–1953,1997.

[59] F. Rieke, D. Warland,R. de Ruytervan Steveninck,andW. Bialek. Spikes: Exploring the
Neural Code. BradfordBooks,1997.

[60] J.G.Robson.Spatialandtemporalcontrast-sensitivity functionsof thevisualsystem.J. Opt.
Soc.Am., 69:1141–1142,1966.

[61] P. R. Roelfsema,V. A. F. Lamme,andH. Spekreijse.Synchrony andcovariationof �ring rates
in the primary visual cortex during contourgrouping. Nature Neuroscience, 7(9):982–991,
2004.

[62] K. Rohr. Towardmodel-basedrecognitionof humanmovementsin imagesequences.CVGIP,
ImageUnderstanding, 1:94–115,1994.

[63] NC Rust,V Mante,EP Simoncelli,andJA Movshon. How MT cells analyzethe motion of
visualpatterns.NatureNeuroscience, (11):1421–1431,2006.

[64] Alan Saul, PeterCarras,and Allen Humphrey. Temporalpropertiesof inputs to direction-
selectiveneuronsin monkey v1. Journalof Neurophysiology, 94:282–294,2005.

[65] S.M.SeitzandC.R.Dyer. View-invariantanalysisof cyclic motion.TheInternationalJournal
of ComputerVision, 25(3):231–251,1997.

[66] Margaret E. Serenoand Martin L. Sereno. 2-d center-surroundeffects on 3-d structure-
from-motion. Journal of ExperimentalPsychology : HumanPerceptionand Performance,
25(6):1834–1854, 1999.

INRIA

in
ria

-0
03

26
58

8,
 v

er
si

on
 1

 -
 3

 O
ct

 2
00

8



Rateversussynchronycodefor humanactionrecognition 35

[67] T. Serre.Learninga dictionaryof shape-componentsin visualcortex: Comparisonwith neu-
rons,humansandmachines. PhD thesis,MassachusettsInstituteof Technology, Cambridge,
MA, apr2006.

[68] T. Serre,L. Wolf, andT. Poggio. Objectrecognitionwith featuresinspiredby visual cortex.
In Proceedingsof theInternationalConferenceon ComputerVision andPatternRecognition,
pages994–1000,jun 2005.

[69] M. ShahandR. Jain. Motion-basedrecognition. ComputationalImagingandVision Series.
Kluwer AcademicPublisher, 1997.

[70] RodrigoSigala,ThomasSerre,TomasoPoggio,andMartin Giese.Learningfeaturesof inter-
mediatecomplexity for therecognitionof biologicalmotion. ICANN2005,LNCS3696, pages
241–246,2005.

[71] E. P. SimoncelliandD.J.Heeger. A modelof neuronalresponsesin visual areaMT. Vision
Research, 38:743–761,1998.

[72] Matthew Smith,Najib Majaj, andAnthony Movshon. Dynamicsof motionsignalingby neu-
ronsin macaqueareamt. NatureNeuroscience, 8(2):220–228,feb2005.

[73] R. J.Snowden,S.Treue,R. G. Erickson,andR. A. Andersen.Theresponseof areamt andv1
neuronsto transparentmotion. TheJournalof Neuroscience, 11(9):2768–2785,Sep1991.

[74] S.Thorpe. Ultra-rapidscenecategorizationwith a wave of spikes. In Biologically Motivated
ComputerVision, volume2525of Lecture Notesin ComputerScience, pages1–15.Springer-
VerlagHeidelberg, 2002.

[75] S. Thorpe,D. Fize,andC. Marlot. Speedof processingin thehumanvisualsystem.Nature,
381:520–522,1996.

[76] SJ.Thorpe.Spikearrival times:A highly ef�cient codingschemefor neuralnetworks.Parallel
processingin neural systemsandcomputers, pages91–94,1990.

[77] FlemmingTopsoe.Someinequalitiesfor informationdivergenceandrelatedmeasuresof dis-
crimination.IEEE Transactionson informationtheory, 46(4):1602–1609,2000.

[78] J. Tsotsos,Y. Liu, J. Martinez-Trujillo, M. Pomplun,E. Simine,andK. Zhou. Attendingto
visualmotion. ComputerVisionandImageUnderstanding, 100:3–40,2005.

[79] R.VanRullenandS.J.Thorpe.Sur�ng aspikewavedown theventralstream.VisionResearch,
42:2593–2615,2002.

[80] J.D. Victor andK.P. Purpura. Natureand precisionof temporalcoding in visual cortex: a
metric-spaceanalysis.J Neurophysiol, 76:1310–1326,1996.

[81] D. L. WangandD. Terman.Locally excitatoryglobally inhibitory oscillatornetworks. IEEE
Trans.Neural Net., 6:283–286,1995.

RR n° 6669

in
ria

-0
03

26
58

8,
 v

er
si

on
 1

 -
 3

 O
ct

 2
00

8



36 M-J. Escobar, G. S.Masson,T. Vieville, P. Kornprobst

[82] LiangWangandDavid Suter. Recognizinghumanactivitiesfrom silhouettes:Motion subspace
andfactorialdiscriminativegraphicalmodel. In ProceedingsCVPR, 2007.

[83] A.B. Watsonand A.J. Ahumada. A look at motion in the frequency domain. NASATech.
Memo., 1983.

[84] D. J. Wielaard,M. Shelley, D. McLaughlin,andR. Shapley. How simplecellsaremadein a
nonlinearnetworkmodelof thevisualcortex. TheJournalof Neuroscience, 21(14):5203–5211,
July2001.

[85] A. WohrerandP. Kornprobst.Virtual Retina: A biological retinamodelandsimulator, with
contrastgain control. Journal of ComputationalNeuroscience, 2008. DOI 10.1007/s10827-
008-0108-4.

[86] S.-F. Wong,T.-K. Kim, andR. Cipolla. Learningmotioncategoriesusingbothsemanticand
structuralinformation. In Proceedingsof the InternationalConferenceon ComputerVision
andPatternRecognition, pages1–6,jun 2007.

[87] D. Xiao, S. Raiguel,V. Marcar, J. Koenderink,andG. A. Orban. Spatialheterogeneityof
inhibitory surroundsin themiddletemporalvisualarea.Proceedingsof theNationalAcademy
of Sciences, 92(24):11303–11306, 1995.

[88] D. K. Xiao,S.Raiguel,V. Marcar, andG.A. Orban.Thespatialdistributionof theantagonistic
surroundof MT/V5 neurons.CerebCortex, 7(7):662–77,1997.

[89] L. Zelnik-ManorandM. Irani. Event-basedanalysisof video. In Proceedingsof CVPR'01,
volume2, pages123–128,2001.

INRIA

in
ria

-0
03

26
58

8,
 v

er
si

on
 1

 -
 3

 O
ct

 2
00

8



UnitéderechercheINRIA SophiaAntipolis
2004,routedesLucioles- BP93 - 06902SophiaAntipolis Cedex (France)

UnitéderechercheINRIA Futurs: ParcClub OrsayUniversité- ZAC desVignes
4, rueJacquesMonod- 91893ORSAY Cedex (France)

UnitéderechercheINRIA Lorraine: LORIA, TechnopôledeNancy-Brabois- Campusscienti®que
615,rueduJardinBotanique- BP 101- 54602Villers-l�s-Nancy Cedex (France)

UnitéderechercheINRIA Rennes: IRISA, CampusuniversitairedeBeaulieu- 35042RennesCedex (France)
UnitéderechercheINRIA Rhône-Alpes: 655,avenuedel'Europe- 38334MontbonnotSaint-Ismier(France)

Unité derechercheINRIA Rocquencourt: DomainedeVoluceau- Rocquencourt- BP 105- 78153Le ChesnayCedex (France)

Éditeur
INRIA - DomainedeVoluceau- Rocquencourt,BP105- 78153Le ChesnayCedex (France)

http://www.inria.fr
ISSN0249-6399

in
ria

-0
03

26
58

8,
 v

er
si

on
 1

 -
 3

 O
ct

 2
00

8


	Introduction
	State of the art in action recognition
	How computer vision does?

	Spiking networks?

