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Abstrad B. Computational attention interest in Hum&womputer

Gestureso expressivity, as pernesaces{dClyy humans, may be related
to the amount of attention thgy attract. In th.is paper, we present In many real situations, where people interact freely together,
three experiments that quantify behavior salieng by the rarity of it can be difficult to select the participants that exhidit
selected motion and gestural features in a given context. The first hehavior worthy of attention.

woonesdeawi t h the current quanti gy g8fgn &F leidreéddve)ybstufes MiBrfate®car gain from a

silhouette compared to a brief history of his quantity of motion - L
valuesand with the current speed compaed to a brief history of better underst.andlng of |nd|V|duabnq conte')gdependent
the per s oThethird snp flecigks on the motion speed of human' pehawqr. It can ensure their gsablllty in a more

him. Considering both features (speed and quantity of motion) able to simplify information access in those complex
and contexts (space and time), we computen attention index  Situations which leads, in theCl domain at foster interaction,
providing cues on the behavior novelty. This can be considered as anticipating focus of attentioms automatic zoom on the
a preliminary step to an expressive gesture analysis based onRegion Of InterestROI).

behavioral. In order to achieve accurate tracking, a fusion

between color and IR camera streams is achievedhis fusion let

us have a robust tracking system with respect to illumination and C. Work overview

partial occlusions issues. The project consisted in twoain steps

Index Term$ computational attention, saliency, rarity, data e A robust tracking system
fusion, tracking, gestures This system uses both color video cameras and -isfta
cameras to beobust enough to illumination changes and
partial occlusions. Infraed (IR) camera is much less sensitive
. PRESENTATION OF THE ROJECT to light changes if those lights are ritectly in the camera

A. Introduction towards a contet-based gestural analysis field of view (FOV). The color camera FOV is larger and it is

ble to keep on the tracking process if inked markers are
lot of research effort has been devoted to robustly tra P gp

- . ccluded or out of the infreed camera FOV.
humans in a scene and to analyze their gestures in

order to individuate andcharacterize their behavior
Gestural analysis, often applies in ditas where either
the human on which the analysis is carried grégiously
selected or the same kind of analysis is performed to all
subjects that can be distinguished in the scarmecent
field of research aims at investigatingllective behaviors 1].
Still, the objectof the analysis is alreadlefined and the
work mainly focuses on characterizingcollective
displacementsThe possibility of dynamicallyselecting the
personto carry analysion or to adapt analysie the current
behavior of a person in a contedeépendent way would open
new directionsfor gestureresearch. Human beings naturally
show the capacityo dedicate limited perceptuedsources to
what is of particular interesHowever, computers capacity
exhibit a behavior wrthy of attention remains vetiynited.

Motion attention humanlike reactions
Once participant teking is robust enough to handle
tﬁaturalistic scenarios, aautomatic attention index can be
8mputed which highlights which movemersisould be the
mo st fi i n foe @ ehsimhan nogserver. Attention is
computed both in a spatial and in a temporal context
several features: speed and quantity of motion.

In section Il, after a hardware and software overview, we will
describe the video data acquisition and processing (blob
segmentation) for each one of the two video modalities. In
section lll, the fusionrmechanism which leaded to a robust
tracking system will be explained. Section IV deals with
attention computation both in spatial and temporal context.
Finally, we will conclude by a discussion section V. The
source code of this project and some videonds can be
found on the eNTERFACE 2008 workshagbsite P].
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Il. SIGNAL ACQUISITION
; ; A nornrinvasive videebased approach was adopted based on
A. Material and system overview )
4 .. the EyesWeb XMfree software platform. We were interested
We developed a setup that analyzes human behavior in,a, iomatically extracting the displacement of people moving
flexible environment with regard to illumination changesi front of the camera and computing their motion features.
Three cameras were used to teag video: twofEneo VKG a5y detection and tracking solutionere privileged to fully

1354 color analogical cameras with a 752*582 pixelyp|oit the reduced available space, obtain depth information
resolutionat 25 frames per second (fpand onefimaging 504 avoid occlusions due to the interactions between
Source DMK 31BF08 monochrome digital camera delivering participants.

a 1024*768 pi>_<el resolution at 30 fps. They were equallyne EyesWeb XMI (www.eyesweb.org) is feee software
placedon the side of a 3 x feters area, at a height of 2.5, 5tt0rm [3]. It consists of two main componensskernel and

meters, downward looking above the participants andgranhical user interface (GUI). The GUI manages interaction
recording with constant shutter, manual gain and fo€be. i, the user and provides all features needed to design

participants used each one a red hat (for color segmentatig@} hes. It allows hand fast development of custom interfaces
and a halogen light whichmats visible but als infra-red light

(for IR segmentation) in all space directiofsgure 1 shows
the setup configuration.

for use in artistic performances and interactive multimedia
installations. The kernel manages rgale data processing,
synchronization of multimodal signals. It supports the
integration of usedeveloped plugins; an SDK (Software
Development Kit) is provided to simplify the creation of such
plugins by means of Miosoft Visual C++. The user
developed plugins, together with the ones provided with
EyesWeb are the building blocks that the end user can
interconnect to create an applicatipatch.

B. Blob Detection

The present systemds anfoomysi
foreground segmentation based on the analysis of the color
and infrared video streamsThis analysis provides a binary
mask of the spatial extension of the region of interest through
time (blob detection).

e Color video stream
A skin color detectionalgorithm was used on the signal

. : coming from the color camera. Weeveloped a modified
Fig. 1: Experimental setup versionof the Continuously Adaptive Mean Shift Algorithm
(Camshift) which is itself an adaptation of the Mean Shift
As described onFigure 2, two computers were used toglgorithm for object tracking. Our method consistéd
perform the IR video and color video stream asifjon and  manually selecting the color of interest (COl) which is
processing (IRand Colofbased blob detection and tracking). converted into a HSV colorimetric system. The set of colored
The third PC was used to achieve data fusion between theﬂRe| is quantized in a orgimensional histogram to create the

and color stream data and to further higlesel processing coOl 6 s model . Further mor e, a
and rendering. and Saturation alues are defined to allow the tracker to
compute the probability that any given pixel value

Rimckim = corresponds to the selected colam. order to enhance the
(0) m— ’{_" - e | systemrobustness to illumination changes, the color model

: was updated in several areas of the scenehnimve different

. illumination. In that way the col model was resistant to
E‘ n.—-—-' moderate illumination changesas those present on our
qe Y '

“

.

MultiBlob detection

L

Color Tracking
@- q 49 «

(@) == :E= R € e ——

scenario visible orFigure 3 between the lefside and the
right-side of the scene.

System overview

Rendering

Fig. 2: System overview
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Fig. 6. From left to right, illustration of (] a 4connectivity: the four
filled circles (pixels) are connected to the one of interest (the cross);
we defined this case as adjacg 1. (3 8-connectivity,defined as
adjacency= 2; (3) 20-connectivitydefined as adjacency 3. This
adjacency measure can be generalized-tmmnectivity

" \
Fig. 3: Color-basedred hat blob detection Basing on this definition, we have used the following
algorithm for image segmentation and triagk
e Infra-red video stream
o Definitions
The signal coming from the IR camera is not affected biynage s@mentation image_sgm(video framef) returns the
illumination variations but might be artefacted by lightset of distinct connected componemts (f) such that each
reflections or some static infrared sources. We processed pigel of an item incc (f) is at distance % threshold from any
video stream with a backgroundtgraction to eliminate static other pixel belonging to other itemsaa (f)
elements. Then, we binarized the signal with an empirically/alid region valid_reg is user defined as the maximum
tested threshold value to extract the moving regarinterest gyclideandi st ance between two bl ob
(blobs. Figure4 showsthat the IR lights located on the top ofcgnsecutive frames.

the red hats are very clearly detgtt Minimum difference min_diffretums the following
min_diff = U x distlo, by)  + | &realp) i area )| (1)

where dist (b1, b2) is theEuclideandistance between the
baricentres of blobs b1 and b2 ddandb are the weights of

area and positionpenprised between:

] = [0,1] and b = [0, 1]

These values are manually dec
FOV and the foreground objects to track (e.g. humans)

Fig. 4: Infra-red lightslocatedon the top of the red hats detection
e Procedure
C. Single and MultBlob Tracking Initialization :t= 0

Resulting from the prerocessing step (color ¢R based), we  co(t=0) =image_sgm( frame(0) ),
obtained a binary image where white represents the storecc(0) and assign a new label¢ach item irc(0)

foreground objest The next step is to assign a label thdfort= 1, 2, ¢
identifies the different white blobs, and to track theéfhe cqt) = image_ sgm( frame(t);)i.e. the set of distinct blobs
tracking result can be seen Figure5. in current frame ( frame(t) );

storecc(t)

for each itenxin cc(t)
find X in cq(t-1) which minimizegmin_diff
if xis invalid_reg then
{
assigny the same label as
if X is recognized in N consecutive frames,
thenthe item is considered to be trackable (i.e.,
we can measure its velocity, direction, etc.)

1) ) else

Fig. 5: Multi-blob tracking : from left to right the labeling the item is unstable (recognized but not tracked)
(identification) of(1) thethree bbbs of the IR video streaf) the }
three blobs of the color video stream else

yis assigned aaw distinct label
To achieve the image trackingye defined a adjacency

measure based ohe rrconnectivity of two pixelgFigure6).
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[ll. DATA FUSION Figure 7 displaysthe entire transformation process. We first
A. A common eference sele¢ed four points in a snapshot of the IR and color video
' streamsusing Matlab. Tien, the coordinates of those points

Prior to any fusion algorithm, we need to provide a COMMOLyg sed by EyesWeb to compute the transformation matrix.
reference to the signals to be fused. As we worked Wiy, this matrix is used to warp the initial image: the

different cameras,.tlilefields of view (FOV)were differ.e.nt. A superposition of thecolor and IR image show a good
ropust transformation was cessary to mat(_:h the position of aregistration in the plane where the points in the two images
point computed on a frame from one video camera, 10 g e chosenFigure 8 showshow the initial video stream is

position of the same point computed on a frame from anothgLhstormed into a new video stream according to a projection
video camera. The projective transformation meets our negg;yix H,,

because the perspective is subject to chantiferaspect to the
camera focal distance. A correction of the radial distortias
not neessary ashe distortion due tavide-angle lensesvas
not very important.

The projective transformation conserves the proportiong
between two sets of two points: aaglrilateral is projected
onto another oneSinceit is not a linear transformation, we
usal homogeneous coordinates to compute the transformatio
with a matrix product.

The transformatiommatrix H,, performing the projection of
the pointsRi n i maatie pdins® n | mage
written in homogeneous coordinates as follofpsints are
located on the same subjective plane)

Fig. 8. Left initial video frames, right: realtime projective warping
using OpenCibased EyesWeb block

o x h hio  ha: . . . . .
! Ty iz Oncethe registration was visually validated, the matriy, H
b

/
Fo= y{ = f;) Mo = ;:i :::jj ;:jj was used to compute tpeojectivetransformation for the blob
' ' a baricenters and not for the whole imad&e use ofa newly
Then: implemented EyesWeb block which performsmatrix
multiplication greatly reduceé the computational costthis
T solution avoided the compugtion of the projective
Pl=H,,-P, and P,=F/uv=| y ) transformationfor all pixelsin each frame of the video stream.

1 Figure9 shows therendeing of the final video stream with the
surimposition of IR(green markersand color video tracking

In order tovisually test the acuracy of our transformatiome ~ (€d markers) which converges onto the participants hats.

developed EyesWeb blockshich performprojective image
transformationaccording to a input matrix Hy, We also
developed a block which composesibrojective matrix from

the correspondence of four points in the original and the
referent image.

Selected points Transformation matrix Image warping
(Matlab) - (EyesWeb) ‘ (EyesWeb)

\
Fig. 9. IRtracking of the lights on top of the red hats (green), color
tracking of the top ofhie red hats (red

Fig. 7. IR and color video stream registratiomgzess. From left to
right: selection of the four corresponding points in a color and |
snapshot in Matlab, computation of the transformation matrix
EyesWeb, image warping in EyesWeb

unctions already implemented in Open@@pen Computer
Vision) [4]. OpenCVis a library developed by Intel with a
BSD licenseEyesWeb can easily wrap OpenCV functions to
handlethem as blocks the software platform

?‘,rhe projective transform blocks weaehievedby using some
i
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B. Confidencd.evel C. Fusion algorithm
The second step performed before the fusion was to compute a
confidence level on each modality (IR and color). e Single blob fusion

The weight (confidence level) changes according to the order to fuse th@D coordinates coming from tH& and
partidpants' visibility with espectto the camera's field of the color video stream, a weighted mean rule was applied. The
view (FOV) and obstructiomccurrences. Data rangeom 0 weights are the respective confidentevels previously
when theparticipantsare notvisible by the camerto 1 when computed for botimodalities.

they arevisible. For the color modality, the confidence level

also gradually changes between 0 anddebending on e Extension to mukblob fusion

blob area vari#ons: abrupt variations dufor example to |n the case of mukblob tracking,each blob coordinateset
sudden illumination changes decrease the confidence lexgls extracted and computed in each modality (colorIRyd

whereas stable blob areas over time increase it. together with their confidence level.
Nevertheless, the fact thiite blobs fromrboth modalitieswill
e Color video stream confidence level remain linked to the same target during the experirigenot

Blob tracking with skin color detection can have ack of obviows. To prevent thisissue our method needed to test
accuracy due to illuminatiorvariation or even a loss of continuouslythe relation between the coordinates of shene
coordinates due to \visibility issueg(obstruction or blobs located in the twmodalities We created aew fusion
disappearancizom the cameraBOV). EyesWeb blockwhere ve considered only the non null
This confidence levels built on two hypotheses. The fimbe confidencelevel elements andve matched each ored them

is to consider location informatioobsolete after a short delayin a modality with the nearest neighbor poiffollowing a
(mobile objects tracking)Thesecondhypothesids that blob's Euclidian distance) in the other modality. Vilesed these
area abrupt variation can be related either to some undeteatedples with the same weighted mean rule described in the
surface or to unwanted detections. Acdogd to these previoussection. Figurd0showsthe fusionresuls.

assumtions, the confidence level Gk is computed aghe
conjunctions of two terms

CLyip = (blob in FOV) A (stable blob's arepn 3

whereCLyp € [0, 1].

For the blob in FOV' indicator computation, we used a clock
generator to check & the elapsed time since théast
coordinates' acquisition keeps below an acceptable delay. T
"stable blob's area indicator is computed on a temporal
sliding window. We compartkthe current blob's area value
with its mobile average and retach an invese variation rate
(minimum value between the ratio and its inverse).

¢ Infra-red video stream confidence level

The IR light tracking might be interrupted in two situations:Fig. 10: Top-left: color image tracking, bottosieft: IR image
the blobs might be obstructed by tleeclusion of one tracking, right: modality fusion

participant with respect tthe othersor they can come out

from the camera FOV. The blob detection could also be

corrupted when the tracked participants move closefty IV. SALIENT GESTURES AN ATTENTION FILTER
binary confidence level was developed to handle these

tracking issues. We measured the elapsed time since the last

valuable detection. If this delay exceeded an empirically testéd Computational Attention

threshold, the confidence degree was set to 0 until a n&e aim of computational attention is to automatically predict
detectionoccurred The confidence level Ghis computed as  pyman attention on differérkinds of data such as sounds,

] i mages, video sequences, smel |
CLir = (blob in FOV) (4)  of a crucial importance in artificial intelligence and its
applications are numberless from signal coding to object
whereCLj € {0, 1}. recognition. Intelligence is not due only tdestion, but there

We measured the elapsed time since the last valuadeno intelligence without attention.

detection. If this delay is over a threshold that we fl)(%b Attention is also very C|ose|y related to memory through a

in FOVois fixed at O until a new detectimtcus. continuous competition between a bottomor unsupervised
approach which uses the features of the acquired signahh
top-down or superisedappr oach which uses
priori knowledge about the observed sign&ke focused here
only on bottomup attentiordue to motion.
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While numerous models were provided for attention on still Card(M) ®)
imagestime-evolving twadimensional signals as \@ds have Z ‘m _mj‘

been much less investigated. B(m) =
Nevertheless, some of the authors providing static attention
approachegieneralized theimodels to the time dimension: ) . .
Dhale and Itti §], Yee and Pattanail6], Parkhurst and Niebur !f @ message is very different from all the oth&gn) will be
[7], Itti and Baldi[8], Le Meur [B] and Liu [L0]. Motion has a low so the occurrence likelihoga{m) will be lower and the

predominant place and the temporal contrast of its featsred"€SSage attention will be higheB(m) was introduced to
mainly used to highlight important movemenghang and avoid the cases where two messages have the same occurrence

Stentiford [L1] provided a motion analysis model based o&lue,hence the same attention value uski{gy) but in fact
comparing image neighborhoods in time. The lichigpatial ©N€ of the two is very different from the others while the other

compa i son | edmattoc hikerdightdach@roviding One IS just a little different. _ _
information on motioralone more than on motion attention, !N order to get a fast model of motion attentionheere hera

Boiman and Irani12] providedan outstanding model which is thréelevel rarity-based approach While the first two
able to compare the current movements \oithers from the @PProaches are bottenp and usemotion features context to

video history or video database. Attention is related to moticf ¢ t ract ~computer 6s att edown on,
similarity. The major problem of this approach is in its higtgnd it learns a model of the scene which will be able to modify
computational cost. bottomup attention by inhibiting some movements for

As we already stated [13] and [14] afeature does not attract example The three levels of motion attention we propose here
attention by itself: bright and dark, locallyteasted areas or &€

not, red or blue can equally attract human attention depending _ ) _

on their contextln the same way, motion can be as interesti?ﬁ4 Low-levelinstantaneousnotion attention:

as the lack of motion depending on the scene configuratidfotion features areompared in the spatial context of the
The main cue which involves attention is the radtythe current perceived frameRare motion behaviors should
contrast 6 a feature in a given contexi pre-attentive immediately popout and attract &ntion. This lowlevel
analysis is achieved by humans in less than 200 millisecon@@Proach is prattentive (reflex) and it uses no memory
How to model rarity in a simple and fast manner? capacities.

The most basic operation is to count similar areas in the . .

context. Within infemation theory, this simple approach® Middle-level shoritermmotionattention:

based on the histogram is close to thecaited self Once a moving object was selected using-level attention,
information. Let us notey a message containing an amount oftS behaviorinto a short temporal contex$ than obsera:
information. This message is part of a messageMsef Shortterm memory(STM) is here used to save an object

i1

- (Card(M)—1)x Max(M)

message selhformationl(m;) is defined as: motion during 2 or 3 seconds (for longer time pesjodotion
detals of an object are forgotten).are behaviors of an object
I (m) =—log(p(m)) (5 through time will be quotedas interestingwhile repeating

. - . i ill beless i .
wherep(m) is the probability that a messageis chosen from motionwill beless important

all possible choices in the message Mebr the occurrence
likelihood. We obtain an attention map by replacing eacﬁ:his third top-down attention approach uses longerm
messagen by its corresponding selfiformation I(m;). The

selfFinformation is also known to describe the amount O?nemory capacities _and itis a f|r§t step through motlon and
scene comprehensioriThe attention level of each pixel

surprise of a message inside its message set: rare messaget%l%r&gh time is accumulateghich leads in areas of the scene
surprising, hence they attract our attention. hich concentrate attention more than the others : a street
We estimate(m) as a tweterms combination: whic . . :
accumulates more attention through time thagrassyarea
p(m) = A(m)xB(m) (6) close to it, a tree which moves because of the wind or a
flickering light will also accumulate attenti through time.
The A(m) term is the direct use of the histogram to comput&he scene cathusbe segmented in several areas of attention
the occurrence probability of the message the contexM: ~ accumulation and the motion in these areas can be
summarized by only onmotion vector per area. If a moving
A(m) = H(m) objectpas.fses through one of the;e_ areas ahas'tg motion.
Card(M) ) vector similar to the one summarizing this area, its attention
will be inhibited. If this object is outside those segmented
attention areas or its motion vector is different from the one
summarizing the area where it passes through,ntbeing
i{)éeect will be asgjned a very high attention score. This third
ntion step builds an attention model learnt from
instantaneous and shaerm dtention steps which is able to
inhibit bottomup attention if it corresponds to the model or to
enhance it if the motion doestmatch with this model.

High-level longterm motion attention

whereH(m) is the value of the histograhhfor messagen and
Card(M) the cardinality of M. The M set aiantification
provides the sensibility o&(m): a smaller quantification value
will let messages which are not the same but quite close to
seen as the same.

B(m) quantifies the global contrast of a messageon the
contextM:
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Within this project we developed an implementation of the
two bottomup motion attention comparing current motion
features with a spatial and a shtatm temporal contexfhe
third top-down attention model is further discussadsection

V of this article

B. Instantaneous motion attention

An implementation of the spatial moticarity was achieved

as an EyesWeb XMl patdby using Equation(5) with p(m)=
B(m). In the scenario three people were tracked and their
instantaneous spd was usedAs only 3 motion vectors were
available, the computation of the rariy(m) had not much
sensdrom a statistical point of view.

Fig. 11 shows part of the tested scenario. Three people moving
or not are present behind the cameras.irTmstantaneous
velocity vectors Y, V,, and \4 are computed.

Fig. 12: The brutal speed change is more important (red) then the
speed value: the amplitudes of V(T1) and V(T4) are the same but they
have a different attention score. Similar behavior can be seen with
V(T2) and V(T3).

Fig. 12 showsthe tested scenario. One participant moves his
head from left to right very fast, themormally and finally he
stops.When a change in the speed is detected (stop to normal
speed, normal speed to high speed, high speed to stap, etc.
the attention score igery high, but it decreases exponentially
when a stable speed occurs.

FTg. 1L LeftTfast(;st moving object {Vis the most important (hot
red), Right: slower moving obje€¥s) is the most important

On the leftside V; is very different from V, and Vs: V1 has
high speed amplitude whilé¢/, and V; are very slowor

stopped In this case the faster object has a higher attentidr?]snhouettelrela_tid featqresh . . lied b
score (hot red) compared witthe lower attention score |N€Same algorithm as in the previous point was applied but

(darker red) of Yand \4. This situation can be compared withth€ feature used here was the Quantity of Mo{feaM). This
the one which often @ars if a classical motion detectionMeasure is obtained by integratingiime the variations of the

module is usedind where faster motion is well highlighted PodY silhouette (called Silhouette Motion ImageML).
That is not the case on the right image where the most
different speed is Y(stopped while V; and \; are quite the
same (very fast). In this case, the aftamscore is higher (hot
red) on \4 which does not move while fast moving objects do
not attract a large amount of attentiofhe result of this
approach shows a different behavior compared to a simple
motion detection algorithm.This first step enables ¢h
computer to choose the menst
efficiently and then to apply to it shei@rmmotionattention.

C. Short-term motion attention

o Trajectoryrelated features

The moving object speed was computed on a history of 3
seconds andhe speed mean was computed on a 10 frames
sliding window in order to avoid a too high variability of the
speed due to segmentation and tracking noise.

The speed range was divided into 3 bins: static or very low
speed, normal speed and high speguke Equaion (5) was

applied with p(m)= A(m) because there was enough dat%ig. 13 The brutal QoM change is more important (red) than its

within the 3 seconds history to get a statistically reliablg,j,e: the QoM at T1 and T2 are the same but they have a different
occurrence likelihoog(m). Moreover, the contrast betweenattention score. The same belmvian be seen between T3 and T4.
the 3 speed bins is always very high soBlfe) term is here

less important.
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Fig. 13 shows the test case. One participant is stopped, mow@snpute rarity, thus attention indexes which provides
normally and moves a lot. If he moves fast while within hiadditional information compared to a simple motion detection
temporal context he is majorly stopped, this will belgorithm. We showed that motion perception can be radically
interesting. Butif he moves fast while withi his temporal different from simple motion detection: depending tbke
context he also majorly moves fahe computer will classify cont e xt , the | ack of moti on
this movement as uninteresting because it is repetitive andthan motion itself. Spatial context is used to select the
new information is brought. participant which exhibits the highest saliency. Then, the
As in section IV.B, the shottrm motion attention algorithm selected participant can be tracked on a short period of time in
was implemented as an Eyésb XMI patch. order b see if he also has a salient behavior over time. This
project is a first step towards systems athihave more
humanlike reactions and perceive signals instead of only
detecting them.

ap

D. Spatial and temporal motion attention fusion?

The previous two point§B and C) provide raritybased

attention indexes for moving objects based on spatial and on )

shortterm temporal contexts. An interesting point is abmut B- Furtherimprovemers

possible fusiorof the results of those two approaches: hoveveral improvements could be achieved addtion to
simultaneouslytake into account attention based on twamprovethe already implemented system

contexts whicldo not have the same nature?

It is impossible to compare a given temporal context with @ Video stream synchronization

spatial one on the same basis: time and spacertiregonal The blob detection data flowserenot synchronized. A delay
which is also confirmed by the fact that time and spaasuldbe foundbetween the trackingchieved orthe IR video
featuresare processedn two separate regions of the brainstream and # oneachieved orthe color video streanThis is
[15]. Insteadof trying to fuse those twdkinds of attention due to the fact thahe analog cameras and the digital camera
indexes, it seems more realistic to state that one of thétad not the same time response. Thepat signal of the first
(spatial context) is preattentive and it occurs first while the ones must be digitalized with an extern Fire\WA2
second one (sheterm) is attentive and it focuses on theconverter. We could observe a time lag between the video
temporal context of arobject previously selected by the output and tk filmed scene.

spatial attention. Once this objectasalyzedoy the temporal Moreover, he compudtiontime for the color video processing
attention, another re which may spatially peput can be is longer thanthe one needeébr the IR video processing
tracked and its attention computed. Thus, spatial attentiGinally, the computers we used for the two video stream
selects potential interestinmoving targets while temporal processing hdinot the same performancas terms of both
attention verifies if those targets have also interestingCPUand graphical card

behaviors through time. The data flow synchronizatiooould be improved if both

In our opinion it is much more relevant to fugbe motion cameras are digital and have the same characteridties

spatial attention map with a statinage attentiormap based
on color and gray levdlarity [16]. As the context is in this
case the same, it isealistic to compue rarity cues and
compare staticimages (as bakground) and motion rarity
(foreground)to get a final spatial attentiowhich takes into
account motion but also the othsatic pre-attentive features
as colors or shape

V. RESULTS ANDDISCUSSION

A. Results and rendering

synchronization could be even simplérboth cameras are

acquired on the same computer using several FireWire ports.

In this case,the EyesWebXMI possibility to synchronize
several processes on a single platfamoold be used and the
two data flows would be perfectly synchronizdglyesWeb

XMI highly improved the multimodal synchronization
possibilities [3]: each block haswo additional pins called
ASyintd an@dwufi8ymwhi ch can be
synchronization clock signals between blocks.

¢ Confidence level improvement

We developed a solution to trablkiman movement based oNThe presentconfidencdevel (CL) characterizes how much we

the fusion oftwo video modalitiesa color andIR system.
This solution showed robustsswith respect to the light
changing conditionand partial occlusions

should be confident in the trackeabject position in each
modality (IR and color video streanm) order to fuse them
using a weighted mearror the current implementation, we

We analyzed spatiemporal profiles of people activities atgnly ysel two assumptionstime since the last valuable
differentlevels of details. At gross level, human activity wagjetected position and smoothness of theetected blob
analyzed in terms of the spatial trajectory of moving blobgyyiation over time The first way to improvehe modality

corresponding to heads. Howewuesjectory, byitself, hardly

confidence levekould consistin adding other assumptions

provided detailed information about the performed gestures,, example, as we are tracking human heads,coud

[17]. A moredetailled | e v el of

Per s onod gssumé thdt Abtupt ¥peel Fafiatioh s 2drr¥lted Hith tracking

in terms of fultbody quantity of motion (QoM) and found inaccuracyand to decrese the positioningL.
more relevant to characterize motion sequences and relaged 5qditional improvement couldconsist in defining a

gestures.

confidence levelfor the fusion itself that we call fusion

An attention index was developed to highlight motionygnfigence level (FCL)A tracked object position could have
saliency. Both the spatial and tparal contexts were used to 4 highCL in both modalities but the final fusion manpt be
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necessarily accurate if the two positions are very far one fraime trajectory of the moving persam visible and also is the
the other for exampléther elements like speed and directioriree which often moves because of the wind. The bettght
could help in definingif two positiors from two different image show the final attention map after the Higlel
modalitiescan be fused This FCL is able to point ouif the attention inhibition: some noisy areas (grass which also moves

datafusionshould be considered or not. because of the wi nd, arenochibitech g
The moving tree area has also been inhibited and only few
o Additional featuresgetting closer to human attention attention is focused on the tree area. The moving person

An interesting improvement could also be achieved byemains the only area of high attention score.

computing attentiorindexesfor many other feature§Ve can

think first about motion direction which was natken into

account during this implementation: only the speed attention

was computed. If the speed of a moving object is very low, the

motion direction information is not very reliable because it can

be due only to detection noise. Nevertheless, if thedspee

high enough the information brought by motion direction is

very important. From an attentional point of view, if many

people have a common direction while one participant has a

different direction, this is a very important co®a objects

saliency The same idea can be developed for temporal

attention where brutal direction chasgee very interesting.

A future work will consist in reaching a more complete

description of human activities. The head tracking should be

integrated by information about aedl body motion. Camurri

and all[18] revealed that bounding box variat®wor ellipse

inclination, that approximate 2D translation of body, can

account for expressive communication. A more detailed

analysis of upper bodpart should also be accomplishedFig. 14: Top-left: current video frame, tedght: bottomup attention,
Glowinski et al.[19] show that coloibased tracking of head bottomleft: scene model (tedown attention), bottosright: final
and hand can reveal expressive information related to emoti@tention map after higkevel attention inhibition

portrayals. On the basis of this refined description of human . . ) o
movement, we could consider new motor cues (e.g. symmethyiS Simple approach already showed that it can inhibit some
directivity, contraction, energy, smoothnéss ac c o u n @tfgqtgo& argas dues to noise or repetitive movements (trees
the communication of an expressive contdd fhatcould be Which move beause of the wind, flickering i ght s &)

integrated, processed by the attention index for a mofemore complex implementation of the higgvel attention
pertinent contexbased analysis of expressivity. model should segment the areas where a lot of attention

If the fusion between spatial and teanal attention is not accumulated and summarize them with a single motion vector.
interesting (as discussed in sectidhD), it is crucialto fuse AN object moving into these areas shobéinhibited only if
attention information coming from several features in th#S motion vector is close to the motion vector which
same context (space or time). This fusion can simply be dopummarizes that area and its bottom attention score is

by using the maximum operataif a feature higly attracts bellow themodellocal amplitude If the motion vector of this

attentionin a specific place, this area is very interesting &Piect is very different from the segmented attention area i
least from this feature point of view. passes through, the object will not be inhibited.

* High-level motiorattention C. Discussiorand Conclusion
In real life, when we observe a scene which does not change

every time (fixed camera for example), we buildbwhedge
models about those scend%at model will have important
influences on the final attention score and it will be able
modify attention coming from the botteap attention d
mechanisms described in this paper. A first simple
implementation of thishigh level model is to use attim

We developed a contekiased framework working in a non
controlled environment. It can deal with multiple
eterogeneous  situations caused by environmental
isturbances anfibcus on relevant/rare events.

his system is more robust comparing to other applications
) ; L based on videtracking commonly developed for controlled
accumulation as Elnr_eshold .ll?’]: iny _the objects which |mply environment. Stable gnvironmen{al facto?s such as constant
a bottomup attention which is higher than the attentiony .. -+on and stable background greatly faae human

accumulation of the model are really interesting, all the Othe&ctivity monitoring. The present system can be a response to

objects are inhibited. : o !
: . . th d ds, h t t
Figure 14 displays an example of the results of this € growing demancs, hiiman monrioring Systems in many

imol tation: a f £ the video i tracted the t application fields (e.g. videsurveillance, eldepeople
implementation. a frame of the video 1S extracted on e oR,yient assistant living, performing arts, museum spaces, etc.)
left image. The topight image is an attention map of the

; The bottofaft | | del of th "‘Moreover our system open new research perspective for
same frame. 1he botlofelt Image IS a model of the SCene'affecting computing and analysis of human expressivity.



