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Abstract

In this paper, a novel model of object-basedvisual attention extending Duncan's Inte-
grated Competition Hypothesis[24]is preseried. In corntrast to the attention mecanisms
usedin most previous machine vision systemswhich drive attention basedon the spa-
tial location hypothesis,the mecanismswhich direct visual attention in our systemare
object-driven as well as feature-driven. The competition to gain visual attention occurs
not only within an object but also between objects. For this purpose,two hew meda-
nismsin the proposedmodel are described and analyzedin detail. The rst medanism
computes the visual salienceof objects and groupings; the secondone implemernts the
hierarchical selectivity of attentional shifts. The results of the new approac on synthetic
and natural imagesare reported.

Key words: Visual attention, object-basedvisual attention, integrated competition,
grouping salience,hierarchical selectivity.

1 Intro duction

It is well known that the primate visual systememploys an attention meda-
nism to limit processingto important information that is currertly relevant to be-
haviours or visual tasks. It canezciently dealwith the balancebetweencomputing
resourcestime costand performing di®eren visual tasksin a normal, cluttered and
dynamic ervironmernt [69]. Visual attention selectivity can be either overt to drive
and guide eye movemernts, picking up useful information over time [32,53,62],or
covert, internally shifting the focusof attention from onelocusto another without
eye movemernts [45,68,p. 519-570].

1.1 Geneil problemsof modelling visual attention

Modelling visual attention is a challenging problem for madhine vision. Three
closely-relatedbasic questionsare immediately identi able:
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How can the visual system know what information is important enoughto
capture attention?

Modern researt on visual attention from psydophysical and neuroplysio-
logical experimerts have found that there exist two ways by which information
can be usedto direct attention (see[94,96]for reviews). One approad uses
bottom-up information including basic features suc as colour, orientation,
motion, depth, conjunctions of features sud as objects in 2D or 3D space
and ewven learnedfeatures.In this case,visually saliert features(a feature or
stimulus di®ersfrom its immediate surround in somedimensionsand the sur-
round is reasonablyhomogeneous thosedimensions[20]) are mostly usedto
attract visual attention. A great number of models make use of \saliency" to
direct attention [1,2,9,54,88]Howeer, saliencycannot always capture atten-
tion in a purely bottom-up fashionif attention is focusedor directed elsewhere
in advance[94,96]. Thus it is necessaryto recognizethe importance of how
attention is also cortrolled by top-down information relevant to current vi-
sual behaviours. The deployment of attention is determinedby an interaction
betweenbottom-up input and top-down attentional priming or setting [96].
How doesthe visual systemknow whenand how to direct attention and choose
important information rather than doing soat random times and by random
selection?

This is the paradox of intelligent selectionof attention in visual systems.
We would like to know whether selectionhappensearlier or later, to what ex-
tent visual processingis serial or parallel, and what interplay exists between
these factors. A number of researters have proposed two-stage models in
which the preattentiv e stageperformsindependert detection or extraction of
primary visual featuresautomatically in parallel (without attention) and the
secondstage of attention processeghe combination of primitiv e featureshby
serially shifting the focusof attention to scansubsetsof the incominginforma-
tion available from the previous stage (see[94] for a review). This proposed
strategy, howewer, con’icts with many modern psydophysical experimerts
that con rm that attention can arise from very early visual processingstages
(e.g.feature detection) or arise from relatively late processingstages(e.g. ob-
ject represemation or recognition) in di®eren circumstancesn which parallel
and serial processingeciprocally intertwine for excient performanceof visual
tasks[44,58,61].Thus, this problem is far from well understood and requires
further investigation.

Where is (are) the next potential target(s) of visual attention shifts? That is,
how doesattention know whereto go and what to do next?

There are two traditional assumptionsin the literature attempting to ac-
court for this. The space-basedttention theory holds that attention is allo-
cated to a region of space,with processingof everything within this spatial
window of attention like a spotlight, internal eye, or zoom-lens[29,72,85,86].
Object-basedattention theory arguesthat attention is actually directed to
an object or a group of objects to processany properties of selectedobject(s)
rather than regionsof space[17,19,49,78]Somerecert ndings support a view



that the two accouns are not mutually exclusiwe [23,31,44Jand they may ac-
tually sharecommonneural medanismsin the parietal lobes[33]. Until now,
few researters have proposedattentional modelsthat integrate space-based
and object-basedviews (but see[60]). As suggestedby S. E. Palmer in [68,
p. 547-549],both hypothesesmay be true to accour for di®eren processing
levels respectively in the visual systemand may be necessaryto supply and
interact at multiple processinglevelsfor coheren behaviour.

These three problems lead to a general question: How does visual attention
work to perform excient selectivity? The dominart theory of visual attention is
basedon the hypothesisthat attention works in spacelike a \spotlight" or \zoom
lens", scanningthe sceneby shifting attention from one location to the next to
limit processingto a variable size of spacein the visual eld. There have beena
number of attentional models that usethis hypothesis.Most of them are derived
from Treisman'sFeature Integrated theory [85] which consistsof separatelow-level
feature mapsthat are combined together by a spatial attention window operating
on a master map or saliency map. We will brie°y review the most in°uential
accouns of visual attention in psydiophysics and the correspndingly inspired
computable models below.

1.2 Psychophysial madels of attention

There are two divisions of theoriesin the vast literature being deweloped to un-
derstandvisual attention. Oneis the very in°uential space-basedttention theory.
Another is the deweloping theory concerningobject-basedattention. Sofar Treis-
man's model is the most successfumodel of space-basedttention and doespro-
vide a generalframework for understandingvisual attention. Following her theory,
a number of computational modelsof attention in the psydophysicsand computer
vision elds have beendeweloped. The main di®erencebetweenthem is that they
usedi®erem methods to construct and conbine the low-level feature mapsand to
model the cortrol medanismsof attentional movemerts. In addition, there are lots
of other well-known models of spatial attention aswell, sud asthe guided seart
model of Wolfe [93], the spotlight or zoom lens model of Eriksen et al. [28,29],
the saliencymap model of Koch and Ullman [54], the dynamic routing model of
Olshausenet al. [67] and the like.

The essenhal bifurcation betweenobject-basedattention and space-basedtten-
tion liesin the questionof what are the underlying units of attentional selection.In
cortrast to the traditional modelsof space-baseattention, object-basedattention
holdsthat visual attention candirectly selectdiscreteobjects rather than only and
always selectingcortin uousspatial areasof the visual eld. The researt on object-
basedattention is still quite new. Howewer, somefundamertal theorieshave been
deweloped in recer years.In the \Biased Competition Model" of Desimoneand
Duncan [15] and the \In tegrated Competition" hypothesisof Duncan [24], visual
attention is taken asan emergemn e®ectof competition betweenneural represema-
tions in multiple systemswhich work together to sere the sameselectedobject.



Other pioneerreseart can be seenin the work of Humphreys and his colleagues
[20,42,43],Grosslerg [40], Behrmann [4], and a corvergedreview [78].

1.3 Computablemadels of space-kasel attention

Koch and Itti have built the most sophisticatedsaliency-basedpatial attention
model [54,46].The saliencymap is usedto encale and conbine information about
ead saliert or conspicuouspoint (or location) in an imageor a sceneto evaluate
how di®eren a given location is from its surrounding. A Winner-Take-All (WTA)
neural network implemerts the selectionprocessbhasedon the saliencymap to gov-
ern the shifts of visual attention. This model performswell on many natural scenes
and has received somesupport from recern electroptysiological evidence[35,76].
Tsotsoset al. [88] preserted a selective tuning model of visual attention that used
inhibition of irrelevant connectionsin a visual pyramid to realize spatial selection
and a top-down WT A operation to perform attentional selection.In the model pro-
posedby Clark et al. [9,10],ead task-speci c feature detectoris assaiated with a
weight to signify the relative importance of the particular feature to the task and
WT A operateson the saliencymap to drive spatial attention (aswell asthe trigger-
ing of saccades)In [37,75],colour and stereoare usedto Tter imagesfor attention
focus candidatesand to perform gure/ground separation. Grosskerg proposeda
newART model for solvingthe attention-preattention (attention-perceptualgroup-
ing) interface and stability-plasticity dilemma problems[38,39].He also suggested
that both bottom-up and top-down pathways cortain adaptive weights that may
be modi ed by experience.This approad has beenusedin a sequenceof models
created by Grosslerg and his colleaguegsee[8,39]for an overview). In fact, the
ART Matching Rules suggestedin his model tends to produce later selection of
attention and is partly similar to Duncan's integrated competition hypothesis[23]
which is an object-basedattention theory and di®eren to the above models.

Someresearbers have exploited neural network approadiesto model selective
attention. In [2,3], the saliency maps which are derived from the residual error
between the actual input and the expected input are usedto create the task-
speci ¢ expectations for guiding the focus of attention. Kazanovich and Borisyuk
proposeda neural network of phaseoscillators with a certral oscillator (CO) as
a global sourceof syndironization and a group of peripheral oscillators (PO) for
modelling visual attention [52]. Similar ideashave also beenfound in other work
[12,13,56,64,65hnd are supported by many biological investigations [56,81,89].
There arealsosomemodelsof selectiwe attention basedon the medanismsof gating
or dynamic routing information °ow by dynamically modifying the connection
strengths of neural networks [38,43,67,73].

In some models, medanisms for reducing the high computational burden of
selectie attention have beenproposedbasedon space-ariant data structures or
multiresolution pyramid represemations and have beenenbeddedwithin foveation
systemsfor robot vision [7,77,11,30,82,84,92But it is noted that these models
deeloped the overt attention systemsto guide xations of saccadiceye movemeris
and partly or completely ignored the covert attention medanisms. Fisher and



Grove [41] have also deweloped an attention model for a foveated iconic madine
visual systembasedon an interest map. The low-level featuresare extracted from
the currently foveatedregion and top-down priming information are derived from
previous matching resultsto compute the salienceof the candidate foveate points.
A suppressiormedianismis then employed to prevent constartly re-foveating the
sameregion.

1.4 Inducementsand innovations of the proposel madel

The computablemodels of space-baseattention reviewed above, howewer, have
someintrinsic disadvantages. They have only concertrated on medanismsof vi-
sual attention basedon selectivity by spatial locations. Thus they inherertly lack
medanismsaccouring for object-basedselection(see[25,26]and [68, p. 547-549]
for reviews). The normal sceneis usually cluttered: objects may overlap or share
somecommon properties. In this caseattention may needto work in seeral dis-
corntinuous spatial regionsat the sametime. Somedi®eren visual featureswhich
constitute the sameobject can comefrom the sameregion of space:in this case
maybe no attention shift is required. The structure of oneobject may be very com-
plex and hierarchical: in this casethe interaction or cooperation of object-based,
location-basedselectionand selectivity by visual featuresis required. Object-based
attention hasadvantagesthat space-basedttention doesnot have:

2 more excient visual seart: speedand accuracy;

2 lesschanceto selecta nonsenseor empty location;

2 naturally hierardical selectivity.

Thus it is important to properly integrate the two accours of space-basednd
object-basedattention.

The above problems led us to propose another macdiine vision approad for
modelling visual (covert) attention. The model descriked here is an alternative
computational model of visual attention which is object-based.It absorbsse\eral
ideasand many ndings from modern literature in psydophysics and computer
vision, including recen researt on: 1) object-basedvisual attention sud asDun-
can's Integrated Competition theory [22{24], and [15,16];2) visual saliency suc
as Koch and Itti's model of saliency-basedsisual attention [54,46];3) bottom-up
and top-down interaction of visual attention [94,96];4) integration of object-based
and location-basedattention [60]; 5) visual represemations of within-objects and
between-ohects [44]; and 6) other investigations[5,39].

One of the novel medanismsin our model is the grouping-basedsaliencecom-
putation for attentional competition between features, objects, and groupings of
featuresand objects, and competition within objects and groupingsof featuresand
objects. The early visual featuresof the scene(colours, intensity, and orientations)
are extracted by multiresolution pyramids. The visual salienceof points, objects
and regionsis calculated for di®eren groupingson the feature pyramids, which
builds up the basisof the purely bottom-up attention competition amongvarious
visual inputs. The competition for visual attention is modulated by the interaction
betweenbottom-up visual saliencyand the top-down attentional setting which is



decommsedinto positive priming, negative priming, free, and occupied cases(in-
troduced later). The main goal of this paper is to present our model for
the visual saliency of groupings and the mechanism of covert atten tional
movements.

Another novel medanism usedin the proposedmodel is hierarchical selectiv-
ity for guiding covert attentional movemeris, which can be regardedas a kind of
multiple selectivity [68, p. 547-554]integrating attentional selectionby spatial lo-
cations, visual featuresand their complexconjunctions(e.g. objects or groupings).
The competition for attention takes place rstly from the most coarselevel on
multiresolution pyramids, then gradually to the ner level, aswell asfrom coarser
groupingsto ner groupingswithin and between groupings and resolutions. The
‘nest grouping is set to a pixel or point in our model. This medanism is thus
biologically plausible. Clearly, the strategiesfrom coarseto ne occur on the mul-
tiple architecture of visual resolution and groupingsincluding objects, featuresand
locations related to the relevant resolution. At ead pyramid level, the winner of
selectiwe attention in eat competition is generatedby a Winner-Take-All (WTA)
strategy.

The presened model exploresthe rst machine-vision implemertation of a hi-
erardhical object-basedvisual attention system.The paper shavs that it produces
plausibleattention shifts on realimageryand alsothat its performanceon synthetic
displays is similar to human psydophysical results. To simplify the researt, we
have assumedthat a perceptual organisation of the imageinto a hierarchical set
of groupings has beendone. (We assumethat other researt from elsewherewill
ewvertually supply this input. Seesection 2.6 for the further discussion)Further,
our approat has a medanism to respond to top-down behavioural inputs, but
we have not completely investigatedthe actual top-down selectionprocess(as this
is a complex processinvolving both visual and non-visual reasoning).Lastly, the
presened model only considerscovert attention (where the fovea doesnot move)
rather than overt eye movemers that might lead to signi cant changesin visual
salience.

2 Mo del
2.1 Overviewof the model

Our work is concernedwith the dewelopmen of etcient medanismsof visual
attention for a madine vision system.The model developed hereshovsthat object-
basedand location-basedattention canwork in a uniform framework dependingon
both the current sceneand the obsener's goalsto deal with complexvisual tasks
(see[78] for a comprehensie review of object-basedvisual attention). The model,
for this purpose,brings together seweral issuesfound in the modern literature. The
critical aspectsof our theory are:

1. Integrated competition for visual attention



Our approad extendsDuncan's Integrated Competition hypothesis[16,23,24].
The main adjustmert is that we think his model of object-basedattention can be
extendedto work in both object-basedand space-basedelds by replacing object-
certered with grouping-cenered (see one of the few psydiophysical attentional
models [5] and [39] for integrating object-basedwith location-basedevidence).
A grouping is a unit involving object(s) and related features and locations (see
[18,44,78]for detailed discussionon theseissues).In this way, a grouping in our
model can be a point (a pixel here), an object or a feature, a group of objects or
features,or a region. At any given momert, enhancedresponsesto one grouping
will decreaseesponsesto other competitors. Once one grouping gains the domi-
nanceof selectiwe attention, all other relevant processingto this grouping and all
componerts belongingto this grouping sharethe samedominance.This is why it
is termed \in tegrated competition".

2. Bottom-up and top-down interaction

The nature of attentional competition comesfrom dynamic interaction based
on visual saliency [54,46] between bottom-up visual grouping and top-down at-
tentional biasing or setting [94,96].That is, purely bottom-up or top-down driven
information for attention canonly biasthe competition for selectionprocesspartly.
In this case,saliert visual groupingscan capture attention quickly and automat-
ically only if the current attention is not deliberately directed to other groupings
or propertiesin advance.

3. Hierarchical selectivity of visual attention

Hierarchical selectivity is proposedto guide the attentional movemerns shift-
ing from one locus of attention to another under multiscale transformation and
directly builds upon the above two issues.lt implies that visual attention can di-
rectly selecta continuous area of space,discrete object(s), feature(s), point(s), or
their grouping. The space-base@nd object-basedattentional selectivity are either
cooperative or independert of eat other for excient selective actsaccordingto the
current visual situations and tasks. This strategy is especially useful for madine
vision. For example, space-basedelectioncan be applied to region segmeration
whereasobject-basedselectioncan be usedfor object recognitionor ne analysis.

Keeping the above issuesin mind, our model of visual (covert) attention is
depicted schematically in Figure 1. The model rstly extracts primary features
colours, intensity, and orientations from one xated image sampledfrom a given
scene by multiscale pyramid Tters. After perceptual grouping preprocessingthe
bottom-up saliency mappings of various groupings are created via the grouping-
basedsaliencecomputation. These saliency mappings are dynamically varied ac-
cording to competition conditions among the groupings at di®erern resolutions
and related surroundingsduring the attentional movemeris. The results produced
from this stageare fed to the attention competition pool whereall coarsestgroup-
ings compete againstead other for preferertially obtaining the selective attention.
The competition procedureis a dynamic interaction between bottom-up salience
and the top-down attentional setting. The rules of winner-take-all and inhibition
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Fig. 1. The schematic description of the model

of return are applied here to ensurethe winner bene ts and prevert attention
from returning to the previously attended groupings. The attentional movemerns
amongthe winning competitors are guidedby hierarchical selectivity. The detailed
description of eady module in the model is given in the following sections.

2.2 Eye/ xation image

Our model is built for covert visual attention rather than overt eye movemeris
suc asgazecortrol in active vision researtl. At any momen, a xed image,which
is a transformation of the world image into retinal image at ead xation point,
is obtained by simulating the functional mapping of resolution decreasingfrom
the foveato the periphery of the retina. The following modulesinvolved in visual
attention operate on one given xed image and the sampling function of a gaze
at that momert is preseried as follows. Future researt will considerovert eye
movemeris sud1 as saccadesand how saliency is integrated with overt multiple
xations.

2.3 Primary feature extraction

Colour imageinput is decommsedinto setsof multiscale feature mapsvia over-
completesteerablepyramid Tters [36], to generatefour colour, oneintensity, and
four orientation pyramids [46]. Supposethat F is the input image, with r, g, b
being the red, green,and blue colour componerts of F. An intensity imagel (p; )
is createdby:

() = [r(p) + 9(py ) + b(p; )]=3 1)

wherep; isapoint of F, 12 [1:::n],j 2 [1:::m], n £ m is the sizeof the image.



Then, four colour channelsR (red), G (green), B (blue), and Y (yellow) are
obtained as [46] (negative valuesare setto zero):

R(pj) = r(py) i [9(p;) + b(pj)]=2

G(py) = 9P ) i [r(py) + b(p;)l=2
B(pj) = blpj)i [r(py)+ 9(p)]=2
Y(pi) = [r(pi) + 9 )=2i jr(pi)i 9(pi)i=2i b(p;) (2)
Let Wip, Whpt (, ;M) be Gaussianand orientated Gabor steerable Tters respec-
tively. With these lters actingonthe vel, R, G, B, andY channels(see[36,46]

for more details), we can construct intensity, colour (red, green,blue, and yellow)
and orientation pyramids:

| v = Wig CWipr 61 1o = | (3)

R« = Wi Wit ¢R . Ro= R
G 41 = Wit CWip ¢6G ;. Go= G
B v = Wy ¢Wr 6B, Bo=B
Y a1 = Wi CWipr Y, Yo=Y (4)

O, (W) = Wy (, ;1) ¢l (5)
where, 2 [1:::1]isthe pyramid's scaleand p 2 [0°; 45°; 90°; 13%] or [0°%; 22:5°; 4%;
67:5°;90P; 1125°%; 13%; 1575°] (in this paper, we usedboth orientation setsfor dif-
ferert experimert ervironments but the rst is the generalone) is the preferred
oriertation. The Andersonkernel usedfor W,y is (1=16, 1=4; 3=8; 1=4; 1=16). The
Gabor Tter comesfrom modulating the related Lapacian pyramids with a set of
oriented sine waves, then being followed by low-passoperation, and nally taking
the modulus (see[36] for thesetwo Tters in detail).

2.4 Grouping-lasel saliency mapping

Salienceevaluation basedon groupingsis the bridge to achieve object-basedat-
tention and integrate space-basedattention in this paper. In our approad, group-
ings are the primary perceptual units upon which attentional processe®perate.
The term \grouping” (or \segmeration”) is a common conceptin the long re-
seard history of perceptual grouping by the Gestaltists (see[68, p. 257-266]for
a review). We evaluate saliencebasedon groupingshere becausegrouping” itself
hasalready embedded\ob ject" and\space". This usageconstitutes a fundamertal
di®erenceo most of the previous computable models of space-basedttention.

A groupingis a hierarchical structure of objects and space.n this sensea group-
ing may be a point, an object, a region, or a hierarchical structure of groupings.
Howewer, we are not implemerting the grouping processin this paper but assume
in the work below that it exists. That is, we assumethat a given sceneat eadh
scalehasalreadybeensegmeted into groupingsaccordingto the Gestalt principles
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(or other grouping approades). Somefurther discussionson grouping are givenin
Section2.6. The theory proposedhere for saliencecomputation is independen of
the approad usedfor perceptual grouping.
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Fig. 3. An example of grouping salience

The salienceof a groupingis a function of all saliencycortributions comingfrom
the componerts within the grouping working togetherto compete with their com-
mon competitors and competing with ead other. This notion covers two issues.
Oneissueis the relationship of spatial location, objects, and featuresto the group-
ing they belongto, asshawn in Figure 2. The gure shaws that grouping salience
is computed from its componerts of spatial location, feature(s), and/or object(s).
The other issueis the competition betweena grouping and its surroundingsby co-
operation and the competition betweenits componerts. The e®ectof a competition
betweentwo competitors may either enhanceor suppresstheir salienceaccording
to their cortrast properties(Figure 3 (a)). Two simpleexamplesare givenin Figure
3 (b) and (c).

Suppose the red circle (grouping A) is the target. We want to calculate its
salience.lts surroundingsconsistof four groupings(B, C, D, E) and other badk-
ground points (greenpixels). In Figure 3 (b), all red pixels within grouping A work
togetherto enhancethe grouping salienceby feature cortrast to compete with the
surroundings. Along with this global competition, local competitions among pix-
els within grouping A also produce a negatively enhancede®ecton the grouping
saliencedueto the samefeaturesof thesepixels. In Figure 3 (c), the greenstar sub-
groupingin grouping A brings a suppressie e®ecton the total A grouping salience
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whenit competeswith greenpixelsin the badkground but a enhancede®ectwhen
it competeswith the non-greengroupingsand pixels with A and elsewhere The
“nal salienceof grouping A dependson the competitive e®ectsbrought by all of
the componerts within A (including red pixels, white star and greenstar).

Basedon the above considerations,the cortrast betweenany two points is the
primitiv e operation in the computation of grouping salience.Howewer, we are not
claiming that the saliencecomputation theory introducedbelow is complete. The
paper in fact is concernedwith saliencederiving from the colour, intensity, ori-
ertation, and distance factors only. Many other factors a®ectingsalienceare not
included here, such as motion, shape, size,depth and the like (see[94] for the re-
lated issuesn visual seard). One unconsideredactor about relative sizedi®erence
betweengroupingswill be discussedater (seesection2.4.3).

The salienceof a grouping is calculatedby conbining the colour, intensity, and
orientation salienceof the componerts of the grouping. Due to the closerelationship
betweenthe chromatic opponert-colour channelsand the achromatic (white-black)
channelin the visual perception and contrast process[90,91],we calculate colour
and intensity saliencetogether.

Suppose< is any given grouping at the current resolution scale, at time t, £
is the surroundingsof <. If 8<; 2 <, 8<; 2 (<[ £) andi 6 j, we calculate the
colour-intensity salienceSc, and orientation salienceSg of <; by:

Sci(<i;, t) = fa(<if<jg, ;1)

So(<ii, ;1) = fo(<iif< g, ;1) (6)
wheref¢,, fo are the calculating function of colour-intensity, orientation salience
between<; and <; respectively. The salienceS of grouping < is given as:

S(<i;, 1) =i [Sci(<i;, ;1) So(<i;, ;)]

S(<i,i0) =3[ S(<i;, ;0] (7)
wherej, @ are normalization and integration functions respectively. Thesefunc-
tions are de ned in detail below.

This computational model of saliencyis built upon the principle of localization,
relativity and the dynamicsof visual input in the sceneas covert attention occurs.
As pointed out in [35], most (stable) objects in a normal environment are not
intrinsically saliert but can becomesaliert if they are behaviourally signi cant.
The normal scenehas a hierarchical structure, thus featuresmay not always have
the samesaliencewhen viewed in extendedregionsor larger cortexts. In other
words, the saliert di®erenceamong objects or featuresmay changeover time, or
as badground or the cortext of the scenechanges.The saliency computation is
a complex and dixcult problem. Until now few researt studiesin the eld of
attention in madine vision have dealt with it (howewer, see[46,47,79]for some
discussionrelated to spatial saliencymap). From our point of view, visual saliency
arisesfrom the competition betweendi®eren groupingsand betweena grouping
and its surroundings.
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For simplicity in formulas, all computations below are de ned for a given cur-
rent time and resolution scale.The saliencecomputation at other times and spatial
scalesis similar becausethe salienceof a grouping is decidedonly by the current
constitution of the grouping and its surroundings. Thus the changing of salience
over time (saliencedynamics)of a grouping dependsupon the varying of the group-
ing's current constitution and surroundingsover time. That is, the samecomputa-
tion rules are usedfor any time and scalewhen the segmetation of groupingsat
that time and scaleis given. In this way, the full details of the computableapproat
are given below.

2.4.1 Colour and intensity saliene@

Assumex, y are two arbitrary pixelsin a grouping < on level , of pyramids of
colours,intensity, and orientations. Then, the properties of x and y canbe denoted
by a tensor composedof a 4-dimensioncolour vector, a 1-dimensionachromatic
intensity vector, and a 4-dimensionorientation vector. For example,pixel x =
(FRx: <1 Gx:i <1 Bxi <3 Yx: <G Flx; <0 F Ox: < (M) Ox: ; < (o) Ox: ; < (1) Ox:; < (Ha)0)-
In the following sectionwe supposeall calculationsare within a given group on a
given pyramid level, sothe subscripts< and , will be generallyomitted. We rst
computethe property cortrast betweenpixelsx andy. Let RG andBY bethe two
colour\double-opponert channels” of red-green/green-recand blue-yellow/y ellow-
blue [27,48],s0 we have:

RG(x;y) = j(Rxi Gx)i (Ryi Gy)j=2

BY(X;¥) =i(Bxi Yx)i (Byi Yy)i=2 (8)
The colour chromatic cortrast ¢ C betweenx andy is calculatedas:

q
¢C(xy) = “RsRGAxy)+ "yBY3(xy) (9)
where” rg and gy arethe weighting parameters.In this paper, we setthem as:

RG

) 2q B+ Bi+ Y2+ Y7

BY © 3£ 255 (10)
wherethe 255 parameteris usedhere becauseof the represetations of colour and
intensity in this paper have the maximum value 255. The weighs "rg and “gy
can be optimized further accordingto more colour discrimination experimerts or
referencesn the colour researt literature. The results produced by setting " rg
and “gy asthosein formulae (10) are very closeto L*u*v* (see[63,74]for related
issues).We obtain equal maximal corntrasts betweenopponert colourssud asred
and green,blue and yellow, or white and black. The cortrasts betweenother colours
are alsoreasonableFor example,it is acceptablethat the colour cortrast between
yellow and black is greater than yellow and white, etc. (see[50,63,95]for more
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discussion).All valuesof colour-intensity cortrasts betweenx and y fall into the
range[0:::255].
The intensity cortrast betweenthe two pixelsx andy is:

CLOGY) = 1(x) i 1(Y)] (11)

So,the formula for calculating salienceSc, (X; y) of colour-intensity betweenx and
y is:

Sci(x;y) = ) ® C(X;y)2+ " ¢I(x;y)? (12)

where® and  are weighting coexcients and we here setthem to 1.
Supposedyauss IS the Gaussiandistancefunction betweenx andy. The Gaussian
distanceis de ned as:

kx i yk

L T)e e (13)
|

dgauss(X; y)=(1i

with the scale¥sanddistancejjxj yjj. In the experimerts in this paper, the Gaussian
scale¥is setto A=Yavheren is the maximum of the width and length of the feature
mapson the current pyramid level , . %2is a positive integer and generally 1=%anay
be setto a perceriage of A, sud as2%, 4%, 5%, or 20%,25%,50%,etc. The greater
¥4s, the smallerthe radius betweenthe neighborhood and its surroundingcerter is.
In this way, the Gaussiandistanceguararteescompetition throughout the attention
window but the strength varieswith distance. This function producesstrong local
competition betweenshort-rangeneighbours and weak competition betweenlong-
rangeneighbours. Sud similar e®ectwf attention competition have beenfound in
visual cortex [16]. Researt on cortico-cortical connectionsshaws that inhibition
from the surround of the samestimulus properties as the certer is strongest[80].
The distancejjx j yjj can be the Euclidean distance but we prefer a chessloard
distance:jjx j yjj = MAX (i i hj;jj i Kj), (i;]), (h;k) are the coordinates of
X, y on the current pyramid level. M AX denotesthe maximizing operator. The
reasonfor selectingthe chesslward distanceis that with the aid of this operator,
the neighbours within the same,8-adjacencyneighbourhood have equal distance
e®ectson their commoncerter and the \center-surround” function can be easily
simulated.

Let N H¢, bethe neighbourhood surroundingx, yi 2N Hc¢, (i = 1:::n£ mj 1)
be a neighbour. We use the following formula to calculate the colour-intensity
salienceof x:

nEmi 1

- SCI (X; y.) ¢dgauss(X; yl)

Sci (X) = =t nEm 1 (14)
dgauss (X; yl)
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2.4.2 Orientation saliene

We de ne ., asthe orientation di®erencebetween pixels x and y. Let uy (L)
and uy(A) be the orientation vectorsof x andy in the currert orientation pyramid
respectively. Note that u, p, and A themsehesall consistof multiple componerts.
For example,uy () = [ux(0); ux(¥); ux(3); ux(39)], if we have four preferredorien-
tations. We de ne the orientation salienceCo(X;y) of X to y as:

Co(X;y) = dgauss(X; Y) Sin(by) (15)

where dgauss has already beende ned in equation (13). A major reasonthat we
selecta sinusoid function for orientation cortrast is that this function is a nonlinear
and monotonically increasingfunction from 0 to 1 over the range[0; 7] and sym-
metric in [0; ¥]. Nothdurft hassuggestedhat the salienceof pop-out targets hasa
nonlinear (enhanced)character from threshold and saturation e®ectswith increas-
ing orientation cortrast from 0 to g [66]. If ux and uy have orientation strengths
at all oriertations, then the generalcalculation for p., can be given by:

" #
R . R p .
A U (Wuy((u+ A) mod ¥jdu dA
0 0

L WUy (ur &) mod Y)dpdA

i&w = (16)

For practical computation in this paper, we give the following discrete form for
My -

Pl pl ) . .
I (@ )uy((it +j") mod )
— j=0 i=0
I-lX;y = J 3P 13 '1 (17)

o W )uy((® +37)  mod )

j:O i=

where mod is the standard modulus operator, 3 is the number of orientation
pyramids or preferredorientations, ' = ¥&3. When?3 is4 or 8,' is ¥#4 or ¥#8.

The saliencecomputation for oriertation is more complicated than for colour-
intensity. It is mostimportant to take into accourt the homogeneiy/heterogeneity
of the neighbourhood of ead point which is currertly taken asa certer for certer-
surround calculation. Psychophysical ndings show that \p op-out” is closely re-
lated to the distribution of orientations in the local neighbourhood [57,69,85,87,94].
Aiming at a practical computation of orientation salience,further considerations
of \center-surround" operations are provided as follows.

Lety; (i = 1:::ng, ng is the number of neighbours in the k-th neighbourhood)
be a neighbour in the distancek or k-th neighbourhood N H (k) surrounding x.
It is clear that the distance 1 or rst neighbourhood of x has 8 closestneigh-
bours surrounding x, and that the distancek neighbourhood has 8k neighbours. A
boundary chedk must be applied to ensureall data comesfrom within the current
imagelayer. Then the averageorientation cortrast of x to its k-th neighbourhood
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_ 1 X
Co(X;NHo(k)) = — Co(X; i) (18)

K yion H o (k)

Supposeng is the number of di®eren directions within N Ho(k), we have ! =
Noj 1. This is usedfor chedking and evaluating how heterogeneousghe orientations
are in the neighbourhood of x. ng can be obtained by a simple method: setngy = 0;
then ng = ng + 1 if the orientation on which y; has the maximum value on all
orientation maps (this meansthe maximum sub-oriertation vector of y; is on that
map) is di®eren from the maximum sub-oriertation vector of y;.; .

We usethe sameset of histogramsabove to evaluate the orierntation homogeneiy
of the whole surround of x. Let wj« bey;'s value on the orientation () feature
maps on k-th neighbour \ring”, n, be the number of \rings" in the whole neigh-
bourhood of x, then the method to calculate homogeneiy weight ! for the whole
surround is given in formulae (20).

Under these considerations,we have the orientation corirast of x to its k-th
neighbourhood:

Co(x; N Ho(k))
»+ 1y

Co(x; N Ho(k)) =

(19)

where» is a parameterusedto prevent a zerodenominatorand usually setto 1.
Let m, be the number of \rings" in a neighbourhood, and dgauss(K) (de ned in
equation (13)) be the Gaussiandistance of the k-th neighbourhood to x. Because
of the chesslward distance, dg,ss(k) is the samefor ead point within Xx's k-th

neighbourhood. Finally, the orientation salienceof x to all of its neighboursis:

F; Co(X; N Ho(K)) ¢dgauss (k)
Co(x) = (»+1!)¢m, ¢i dgauss(k)

where

X
m, = landjCo(x;NHo(k))j> 0;
k

I is given by:

8 - - 9
X n o <x  Hu)i HW)™ =
=" H(u): MW= H = o ;
| () AW M) =. CMAX He ) H )

X _ 1 X
Hi(l) = Wi k(5Yi)s B 2 [laiiipe]; H(u)=n— Hi (1) (20)

Yi2N Ho (k) "k
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2.4.3 The saliene of a grouping

Supposex; is an arbitrary componert within a grouping <. Here, Xx; may be
either a point or a sub-groupingwithin <. Then the visual salienceS of a grouping
< is obtained from the following formula:

X X
S(<)="°cr Sci(Xi)+°0  So(xi) (21)
| |
where°c|, °o are the weighting coezxcients for the c¢olour-intensity, and orienta-
tion saliencecortributing to the grouping salience. ; Spo(X;) is computed from
the primary oriented componerts of grouping < but not from the shape of < it-
self. The shape distribution or boundary of a grouping may be arbitrary and may
con’ict with orientations of the componerts in the grouping. This causessome
uncertainty about how to ewaluate the direction of a grouping. Here we employ
a simple statistical method to deal with this problem (See[14] for other complex
statistical methods involved in this eld). Supposethat x;,, :::, Xijy 115 Xigg 2 <
are componerts of a given grouping with orientation componerts o, :::, W, ::,
b, respectively. Co(X; ;1) is the oriertation salienceof x;; with orientation ,
O denotesthe primary orientation on which (orientation) map the grouping <
has the maximum sum value at the current layer of the orientation pyramids. A
simple method to compute O is: calculate the value sum on ead | oriertation
map of all componerts within < to obtain a distribution histogram of di®eren
oriented vectors(as the horizortal ordinates); then take the orier[,ation which has
the maximum valuein the histogram. The formula for calculating  Sp(x;) is then:
|

X
So(xi) =  Co(Xi) whenpy = o) (22)
| |
The above formulae for the saliencecomputation of a groupingis a practical imple-
mertation basedupon the theory discussedn equation (7). As mertioned before,
someother factors in°uencing salienceare not consideredat the momert, for ex-
ample, the relative sizefactor betweena grouping and its surrounding groupings.
When the sizeof a target is di®eren from the surrounding distractors but shares
all other properties with thesedistractors, the target will \p op-out". The current
computation method is inapplicablein this special case.This factor lookslike very
simple and seemseasyto implemert but it is not in practice. There are a lot of
problemsassaiated with it and someare dizcult to resole. One problem is how
to evaluate the homogeneiy of the target's surround, especially to surrounding ob-
jects or regions.The homogeneiy of a surroundis a®ectedby many factors sut as
shape, orientation, or colour. The shape of an object or a regionmay be arbitrary,
so the \p op-out" by the relative sizefactor would depend upon the shape factor
as well even if excluding other factors sud as how to quartify the relationship
betweensalienceand the relative size.
Another problemis how to evaluate the degreeof homogeneiy and heterogeneiy
of the surround of a grouping, especially under the consideration of orientation.
The method (formulae (18), (19), and (20)) usedin this paper is simple and may
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Fig. 4. An examplefor saliencevarying with relative size betweenthe certer target and
surrounding distractors

work under many homogeneou®r heterogeneougrnvironmens. For example,the
homogeneiy surround: all neighbourswith the sameorientation shouldbe di®eren
from another homogeneiy surround: somedi®eren neighbour rings have (some)
di®eren orientations but on ead ring the neighbours have the sameorientation.
But this method is not completeespecially whenthe surround consistsof arbitrary
objects. As mertioned above, an object hasa shape and the shape may bearbitrary.
Evenif ignoring other factors sud ascolours,how to calculatean object orientation
is not easyand this directly a®ectsthe homogeneiy of a surround. The ditcult y
is that there is no referencewhich can be usedto ewaluate an exact order of
the di®erem homogeneiy distributions of oriertations. Solutions for the above
problemsneedmore evidencefrom other researtr elds sud aspsycophysicsand
neuroscience.

Figure 4 showns an exampleabout the relative sizefactor. In Figures4 (a) and
(b), the red target \p ops-out” in (b) when it becomessmaller. But in Figures 4
(c) and (d), which greentarget is more saliert? Although (c) and (d) arethe same
to (a) and (b) exceptthe target's colour, it may be that the target in (c) is more
saliert than the target in (d).

2.5 Competition pool of attention

In this module, di®eren groupingsare dynamically formed on di®eren layers of
pyramids and compete for attention selectionfrom the coarsestlevel to the nest
level by visual saliencyinteracting with top-down attentional biasing. The output
is the dominart signal of the competitive winner(s) which is usedto cortrol the
preferenial processingor selectivitiesof visual attention. Accordingto [15,16,24],
the competition for visual attention can occur at multiple processinglevels from
low-level feature detection and represemation to high-level object recognition in
multiple neural systems.Also, \attention is an emergen property of many neural
medanismsworking to resolve competition for visual processingand cortrol of
behaviour\ [15]. The above studies provide the direct support for the integrated
competition for visual attention by binding object-selection,feature-selectionand
space-selectionThe grouping-basedsaliency computation and hierarchical selec-
tivit y processproposedhere, therefore, is a possibleapproad for adcieving this
purpose.Hierarchical selectivity operateson bottom-up visual saliencefrom var-
ious groupings on eat pyramid layer in the space-timecorntext and top-down
attentional setting. The outline of top-down attentional setting logic is showvn in
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Figure 5. It isimplemerted asa cortrol setof four attentional statesfor the currert
bottom-up visual input at any competitive momen:

(1) Positive priming by which consistert bottom-up input will gain a competitiv e
advantage;

(2) Negative priming which is cortrary to positive priming;

(3) Aimlessor free state in which visual attention presens a neutral state to any
visual input and thus the competition for attention is completely decidedby
bottom-up visual saliency;

(4) Unavailability state in which visual attention is occupiedat the momern. It
meansno visual attention is available.

As pointed out in [34,51],top-down priming and bottom-up visual saliencyboth
play important biasingrolesin attention capture. Top-dovn biasing signalsa®ect
the competition for selectiwe attention by increasingor decreasingthe baselineof
neural activity. Until suzcient psycophysical ndings are found to shov how top-
down in°uence directly ampli es or reducesthe intrinsic salienceof targets, it is
feasibleto take the top-down setting into the threshold of attentional competition
as proposedbelow. If employing a competitive neural network sud as a WTA
(winner-take-all) network, a top-down setting could be implemerted by installing a
dynamic threshold for neuron ring but the overall computational costfor dynamic
attention competition is expensive. A complexstructure with an enormousnumber
of neuronswith population competition is needed.

The solution presered hereis to implemert attentional setting via a threshold
at the decision-wints in the hierarchical selectivity process.Top-dovn attention
setting here plays two roles: one is top-down biasing for globally and locally at-
tentional competition; anotheris an intention requestof whetherto \view details"
of a grouping (e.g. its sub-groupings)when attention is deployed at a grouping.
Howewer, top-down priming for special objects or groupingsis very complicated
sinceintricate object recognition from higher level processingis at least required.
At presen, top-down biasing here aims to act only on the level of basic features
which hereare the colour, intensity, and orientation feature pyramids.

The top-down signals(Table 1) include two °ags for colour (which alsoincludes
intensity) and orientation top-down biasing and one °ag for \view details". Each
°ag encalesthe statesof its correspndingly top-down signal. For colour and ori-
ertation °ags, \00" is the default casein which all groupings compete for visual

[Top-Down Attention Settingj

PQSII_IVE Unavailability
Priming

Negative
Priming

Aimless

Fig. 5. Top-down attention setting
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colour °ag | colour input | orientation °ag | orientation input | \view details" °ag

Table 1 Top-down attention setting to the basic features

attention in the pure bottom-up way; \01" encales positive priming in which all
groupingswith the positively primed feature prefererially compete for attention
and at the sametime other competitors are suppressed\10" encales negative
priming which is the inverseto positive priming; \11" is the unavailable state in
which all groupingshaving thesefeaturesare preverted from attracting visual at-
tention. For the \view details" °ag, \0" signals\continue” to explore details of a
grouping (i.e. its sub-groupingsif they exist at the currert resolution or the ner
resolution)and\1" means\shift" attention from the current winner to the next po-
tential winning grouping. The next winner will be generatedfrom the unattended
groupings at the sameresolution as the current winner if these groupings exist,
otherwisefrom the unattended groupingsthat lie at the samecoarserresolution as
the parernt grouping of the current winner (seehierarchical selectivity below). This
processlinks from the \lineal chain" to the \collateral chain".

Hierarchical selectivity operateson the interaction betweengroupingsalienceand
the top-down attentional setting at any competitive momer. The competition for
visual attention occurs rst amongthe coarsestgroupings(existing at the coarsest
resolution) by global competition. Through a WTA (Winner Take All) medanism,
visual attention is rstly deployed to the winning competitor. Then, a top-down
or goal-driven (request) cortrol of whether\continuing" to view the details within
the current grouping or \shifting" attention out of this grouping takesplace.

If switching attention, the next winning competitor gainsvisual attention with
the aid of an \inhibition of return" medanismwhich prohibits attention from in-
stantly returning to a previously attendedwinner. The priority orderfor generating
the next potertial winner is:

(1) The mostsaliert unattendedgroupingthat is a sibling of the current attended
grouping. This winning grouping hasthe sameparert asthe currernt attended
grouping and both lie at the sameresolution.

(2) The most saliert unattended grouping that is a sibling of the parent of the
current attended grouping, if the above winner can not be obtained.

(3) The badtracking cortinuesif the above is not satis ed.

Temporary inhibitions to the attended groupings can be usedto implemert in-
hibition of return. More elaborate implemertations may introduce dynamic time
cortrol into di®eren winners so that somepreviously-attendedgroupingscan be
visited again. But herewe are only concernedthat ead winner is attended once.

If cortinuing to ched the current attended grouping, the competition for atten-
tion basedon bidirectionally bottom-up and top-down interaction by local competi-
tion istriggered rstly amongthe sub-groupingsthat exist at the current resolution
and then amongthe sub-groupingsthat exist at the ner resolution. This indicates
that the sub-groupingsat the ner resolution do not gain attention until their sib-
lings at the coarserresolution are attended. By the forceof WTA, the most saliert
sub-groupingwins visual attention.
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Hierarchical Selectivity

Grouping J
(The Next Winner)

ok "t
-or "

Hiwrarshical Selaxtivity
within Sub-grouping I,

ub-grouping within 1,
. \

Sub-grouping I,
(The Next Winner)

Fig. 6. Diagram of hierarchical selectivity: seetext for detailed explanation.

After attention has been directed to the winning grouping/sub-grouping, the
same(top-down) goal-driven method is usedto determinewhether or not to \con-
tinue" to look into the details within this grouping/sub-grouping. If not, another
attention \shift" takes place. If cortinuing to examine the particulars of this
grouping/sub-grouping, another local competition triggers. When \continuing" to
ched an attended grouping/sub-groupingis requested,if there is no sub-grouping
existing at the current or a ner resolution, hierarchical selectivity goes badk to
the parent of the current attended grouping. At this momert, the same\continu-
ing/shift" attention occurs. This \continuing/shift" recursive procedurecorntinues
until the desiredgoalis reated or all groupingsin a sceneare attended.

As we mertioned before, the grouping saliencecomputation is independen of
how to segmeh the groupingsin a scene(Section 2.4). The medanism for hi-
erarchical selectivity is also independert of what/how a segmetation is usedat
multiple resolutionsor a singleresolutionfor a scene.The choiceof segmetation or
grouping method is not included in thesetwo medanisms.Hierarchical selectivity
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. competition beginsamongthe coarsestgroupings at the coarsestresolution;
. if (no unattended grouping exists at the current resolution) goto step 10;
3. unattended groupingsat the current resolution are initialised to compete for attention
basedon their salienceand top-down attentional setting;
4. che the colour-°ag and orientation-°’ag and apply corresponding top-down processing
to modify the active statesof the groupings(details are not implemernted in this paper);
. all (modi ed) groupings compete for attention;
6. attention is directed to the winner (the most saliert grouping) by the WTA rule;
set\inhibition of return" to the current attended winner;
. if (the desiredgoal is reached) goto step 12;
8. if (\view details" °“ag=1) (i.e. don't view details and shift the current attention)
f set\inhibition" to all sub-groupingsof the current attended winner; g
if (the current attended winner has unattended siblings at the current resolution)
f competition starts betweenthesesiblings; goto step 2 and replacethe grouping(s)
by thesesiblings; g
elsegoto step 11;
9. if (\wiew details" °ag=0) (i.e. cortinue to view the details of the current attended
winner)
if (the current attended winner has no sub-grouping at the current resolution)
goto step 10;
elsef competition starts betweenthe winner's sub-groupingsat the current
resolution; goto step 2 and replacethe grouping(s) by the winner's
sub-groupings;g
10.if ((a ner resolution exists) and (unattended groupings/sub-groupingsexist at the
“ner resolution))
f competition starts on groupings/sub-groupingsat the ner resolution; goto step 2;g
11.if (the current resolution is not the coarsestresolution)
f go badck to the parent of the current attended winner and goto step 2; g
12. stop.

N

(21

\]

Table 2 The algorithmic description of hierarchical selectivity

runs on a given segmeted sceneand is driven by both the top-down attentional
setting and the current distribution of the given segmetation and the correspnd-
ing salience.Switching attention between groupings/sub-groupings(and between
the coarseand ne resolutionsif multiple resolutionsare used)is then cortrolled.
A diagram summarizingthe recursive procedurefor hierarchical selectivity is given
in Figure 6. Its algorithmic descriptionis givenin Table 2.

Two goalscan be achieved by taking advantage of hierarchical selectivity. One
is that attention shifting from a grouping to another and from groupings/sub-
groupingsto sub-groupings/groupingscan be easily carried out. Another is that
the model may simulate the behaviour of humans observing something from far
to near and from coarseto ne. Mearnwhile, it also easily operates at a single
resolution level. In addition, a declaration we made here is that the top-down
attentional setting in hierardhical selectivity is not completelyimplemerted in this
paper although its possibleapproad is givenin the algorithm. Except of \colour-
°ag=00", \orientation-°ag=00" and \view details °ag"”, other caseswill berealized
in the future.

21



Support for this approad to hierarchical selectivity has been found in recen
psydophysical researt on object-basedvisual attention. It hasbeenshown that
featuresor parts of a single object or grouping can gain an object-basedattention
advantage in comparisonwith thosethat are separatedfrom di®erern objects or
groupings. Also, visual attention can occur at di®eren levels of a structured hi-
erarchy of objects at multiple spatial scales.At ead level all elemerts or features
coded as properties of the samepart or the whole of an object are facilitated in
tandem (see[4] for a review of theseviewpoints and detailed ndings).

2.6 Perceptual grouping

It has beensuggested4] that grouping processesand perceptual organization
play an integral role in object-basedattention. Featuresthat are grouped together
compete against other feature groupings and obtain faster processingthan fea-
tures that do not belongtogether. Perceptualgrouping is a complexcombinatorial
problem which involvesin a lot of in°uence factors including top-down interfer-
encein many conditions. Thesefactors work together to a®ecthow groupingsare
segmeted, sud as spatial proximity, similarity, commonfate, sharedproperties,
and even experienceand learning [68, p.257-309]In many casesthe rules for seg-
mertation and interpretations of groupings are assaiated with visual tasks and
experience.Newertheless,study of this eld is out of the current scope of our re-
seard. The groupingsusedin this paper are produced by manual preprocessing
basedon Gestalt principles and heuristic knowledge,to provide the basisfor ex-
perimerts with our attentional model. The principles of grouping used are some
commonrules: proximity, closure,cortinuity, commonfate, familiarity, and shared
properties. A visual groupingis de ned asan e®ectiw hierarchical structure formed
by all componerts accordingto theseprinciples. For example,objects which share
a common colour or oriertation and are separatedfrom their surrounding which
doesnot sharethis colour or oriertation may be organizedas a grouping. Objects
belongingto a large group or sharethe samespatial location may be segmered
into a multi-level structured grouping. In Figure 14, the white stripesin the road
are grouped into three groupingsby their familiarity. The four cars are organized
as a grouping by their common fate. Two people are grouped together by their
proximity.

In fact, the \grouping” we are addressinghereis the \p erceptual units" which
sene asthe potential units of attention. For object-basedattention, it is the \proto-
objects" produced by various segmetation processesather than the conceptual
or recognizable\ob jects” we commonly experiencein real word. \Evidence sug-
geststhat "object-based' attention and "group-based'attention may re°ect the
operation of the sameunderlying attentional circuits" [78]. One generalcriticism
of object-basedattention is the question whether objects are recognizedbefore
or after the selectivity by attention or visual segmeration processesccurs with
attention/without attention, that is, also the traditional story in terms of \early
selection" and \later selection” or the degreeof preattentiv e processingin the vi-
sual systems.The issueswe stresshere may lead to clear this misunderstanding
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and the detailed discussionof issuescan be found in [18,78].

3 Results and Discussion

For the ewaluation of our object-basedattention model, we ran a number of
experimerts basedon synthetic and natural images.

3.1 Performana in syntheticimages

The goal of the experimerts in this sectionis to comparethe performanceof our
model with human behaviour in visual attention experimerts. The experimerts are
designedfor this purpose.Additional experimerts can be found in [83].

3.1.1 Neighlwurhood in°uence on a grouping

Many psydcophysical studies of visual attention (especially on object-basedat-
tention) have suggestedhat visual seard is greatly a®ectedby the attribute dis-
tribution and interaction betweentarget and its surroundings(see[4,70,94]for a
detailed explanation). Thesee®ectsare clearly obsenedin experimerts testing sim-
ilarity or sharedfeature dimensionsbetweentarget and non-target and homogene-
ity or heterogeneiy of non-targetsthemseles. When the distractors surrounding
the target are more homogeneouso ead other and share lessfeatureswith the
target, searty becomesnore excient or accelerated Perceptualgrouping alsoplays
an important role, by which distractors are grouped by type so stronger grouping
strength leadsto easierpop-out [20,55,59].

We designedthree kinds of experimerts to test the model performance.The ex-
perimerts probe the saliencevariation of the target in responseto the surrounding
changing without top-down attentional priming. It is alsonot necessaryto calcu-
late the target's salienceon all resolutionlevels.For a demonstration, it is sutcient
to compute the target's salienceon the coarsestresolution and set the top-down
attentional setting to the free-state by default. (This kind of considerationruns
through the following synthetic experimerts by default.)

Exp eriment 1: The scalinge®ectof uniform neighbours

The experimertal method is that the target is located at one place and kept
xed. Then we add more and more homogeneouseighbours which have at least
onefeature di®eren to the target. The goal of this test is to prove that whenthe
number of sudh homogeneouseighbours increases(i.e., the facilitated strength
of the neighbours is stronger), the target's salienceincreasesso that the target's
pop-out becomeseasier.We produced two seriesof sub-exgerimerts to examine
the model performance.In experimert A and B, the created imagesare all of
256 256 and the target is always a red bar located at the certer of the displays.
Greenhorizontal bars are gradually addedin the neighbourhood of the target and
kept homogeneousComparedwith experimert A, the target in experimert B is
vertical. So,the target is di®eren from its neighbours by only onefeature of colour
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Fig. 7. The performanceof the model in experiments varying the scalinge®ectof uniform
neighbours. Left and middle columns: two of the displays usedin ead sub-experimert.
The related results of ead experimert are shawvn in the right graphs respectively.

in experimert A, two featuresof colour and orientation in experimert B. Features
consideredin the computation of the target's salienceare colour and orientation.

Both distractors and badkground take part in the saliencecomputation of the
target. That is, the target's salienceis derived from the cortrast not only between
the target and distractors but also betweenthe target and badground. Figure 7
shaws seweral createdimagesand the results of the target's saliencein thesetwo
experimerts.

Discussion: The resultsfrom experimerts A and B clearly show increasingtar-
get saliencewith increasinghomogeneousieighbours (greater strength of neigh-
bourhood). This is consiste with the ndings from psydophysical experimerts.
Furthermore, the curve in experimert B ascendsfaster than that in experiment
A (notice the di®eren scalesof Y-axesin experimerts A and B). It is suggested
that uniform neighbours sharing fewer features with the target make the target
more saliert and henceattract more visual attention. We also did another exper-
iment basedon experimert A (not presened) in which we adjusted the target's
size.When the target becamesmaller its saliencebecamesmaller. But when the
target becamesmallerand sharedthe samecolour with the distractors, the results
becameunpredictable becauseof the relative sizefactor. As we already discussed
in section2.4.3,the model will fail to perform for this special case.

Exp eriment 2: The e®ectof coherencen the target's neighbourhood

This experiment investigatesthe salienceof the target in an originally homoge-
neoussurrounding by gradually changing one attribute of more and more neigh-
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bours to another one (colour or orientation) but keepingthem homogeneousWe
producedtwo seriesof test imageswith size25& 256 for two sub-exgerimerts. In
the rst sub-experimert moreand moreitems surroundingthe target changecolour
to be the sameasthat of the target. The target's saliencecomesfrom its compar-
ison with all other circles and greenbadground. In the secondsub-exgerimert,
the neighbour items becomeorthogonal to the target one by one. In this sub-
experimen, the salienceof the target is derived from its comparisonwith all other
red bars and black badkground. To remove the e®ectof distance varying when a
horizontal bar is rotated, the computation for distancefactor is designedas:all red
bars within the sameneighbourhood have the samedistancewhatever their orien-
tations are. That is, when a horizortal red bar is rotated to vertical, its distance
remainsthe sameas before. Seeral imagesand the results of these experimerts
are given in Figure 8.

Discussion: The resultsshownsthat the target's saliencebecomesveaker asmore
neighbours sharethe samecolour as the target in experimert 2-A, but stronger
as more neighbours turn orthogonally to the target in experimernt 2-B. The rea-
sonis that in experimert 2-A the strength of grouping basedon the colour green
within the target's homogeneousieighbourhood becamewealer while the strength
of grouping basedon colour red is stronger.In experimert 2-B, although the neigh-
boursform two typesof groupings,the new cortin uously growing grouping did not
a®ectthe neighbourhood homogeneiy but enhancedthe cortrast to the target. In
fact, both experimerts have the samenature but re°ect di®eren aspects of the
e®ectof the target's neighbourhood. The result of experimerts 1 and 2, aspointed
out in [21,43]and other researbies on object-basedvisual attention, have shovn
that stronger grouping distractors and greater di®erencedetweenthe target and
distractors enablethe target to be sought more exciently. In other words, stronger
corntrast betweenthe target and its neighbourhood makesthe target more saliert
to capture visual attention in the bottom-up competition.

Exp erimen t 3: E®ectof the target neighbourhood heterogeneiy

This experimernt examinesthe performanceof the model in heterogeneou<ir-
cumstances.In theory, the target should be lesssaliert with a more disorderly
distribution of the neighbourhood. The method usedhereis similar to the two pre-
vious experimerts. The red vertical target was initially located at the certer of a
homogeneousurroundingin which the samecolour bars are orthogonalto the tar-
get. After that, we gradually varied the neighbours' orientations to createa series
of moreand more heterogeneouslisplays. One experimert is showvn in Figure 9. All
displays have added 30% random colour noise. The target's salienceis computed
by colour and orientation of the target contrasting with both of the distractors and
badground. Although we do not give results from all the experimerts, the overall
experimertal results are similar to that in Figure 9.

Discussion: The resultsshavn in the bottom diagramin Figure 9 indicate that
the target's saliencedecreasesvith the growing heterogeneiy of its surroundings.
This meansthat the exciency of visual searty becomesworse and worse. Notice
that the downtrend of salienceis much steeger in the rst four stepsand tends
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Experiment 2-B

Fig. 8. Model performancewhen varying attributes of target's neighbours in a homoge-
neouservironment. 2-A: the target is a red circle located at the certer of the display
and the neighbours change to the colour of the target. 2-B: the target is the vertical
red bar located at the certer of the display and its neighbours changeto the orientation
orthogonal to the target. Left column: rst test display. Middle column: 8th test display.
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Fig. 9. Model performancein an oriented heterogeneousrvironment. The target is the
red vertical bar located at the certer of the display. Its neighbours becomemore and
more heterogeneousby gradually varying their orientations from the target and ead
other. Two members of the sequetiial displays are showvn here.
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to a mild decline afterwards. The saturated tendency e®ectis not surprising but
expected. The Gabor Tter for orientation extraction usedhereis sensitive to four
oriertations of 0°, 45°, 9(P, and 13%. When the number of disorderly orientations
exceedsfour directions, the result is an almost saturated weight ! in equation
(19) (seeSection2.4.2) becausd is limited by the maximum di®eren orientations
(4 here). This ! is usedto ewaluate the orientation disorder within an object's
neighbourhood. Another obsened phenomenorfrom the graphsin Figure 9 is that
the main cortributor to regularly reducethe target's salienceis the orientation
disorder factor rather than feature colour. The explanation for this e®ectis that
the distractors always shared the same colour with the target and the varying
position of ead pixel within ead distractor groupingin this experimernt produced
only a tiny e®ectin the colour cortrast betweenthe target and the distractor, so
the overall trend of the target's salienceis hardly a®ectedby the colour of the
surrounding features.

We have also examinedthe behaviour of the model performancewith varying
target intensity with a random noise badkground, varying target orientation from
0 to 360degre€[66], and the eccettricit y of the target location [94]. The resultson
theseexperimerts are compatible with the correspnding ndings from the human
psydophysicsliterature.

3.1.2 Grouping e®et and related hierarchical seletion

Figure 10 shaws a display in which the target is the only vertical red bar and
no one of the bars has exactly the samecolour as another bar. Three bars have
the sameorientation and others have di®eren orientations. If we do not useany
groupingrule, eat bar may form a singlegroupingby itself. Then we obtain 36 sin-
gle groupings.If segmeting the display by sharedorientation, the only structured
grouping is formed by the 3 vertical bars, which includes the red target (forms
one sub-grouping)and other two vertical greenbars (forms another two-level sub-
grouping). In this way, 34 top groupings(38in total) canbe obtained: a structured
three-lewel grouping (contains 4 sub-groupings)and 33 single groupingsformed by
other distractors respectively. The resulting saliencemapsand attention sequences
for thesetwo segmetations are givenin Figure 10. The badkground, colours,and
orientations are consideredin the saliencecomputation. The top-down attentional
setting is setto the free state, sothis is pure bottom-up attention competition.

The results showv di®eren ordersof paying attention to the targets. The target
belongingto a grouping (seeFigure 10 (C1), (C2), (C3), (C4), and (C5)) hasan
advantage in attracting attention much more quickly than the non-grouped. The
competition starts amongdi®erer groupingsin the display. The structured group-
ing of 3 vertical barsis the most saliert comparedto others and obtains attention
“rstly . Then the competition occurswithin this grouping betweenthe target and
another sub-groupingformed by the two vertical but di®eren colour bars. Atten-
tion is directed to the sub-groupingsaccordingto their salienceorders when we
do not considertop-down attentional priming. The target is attended after the
two-level sub-groupingis attended. This grouping advantage for attentional com-
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Fig. 10. An examplefor structured groups and hierarchical selection.In the display the
target is the vertical red bar at the third row and the secondcolumn. B1: saliencemap
(in shadesof grey) in the caseof no grouping. B2: partial attention sequenceof most
saliert bars for B1. C1: saliencemap in the caseof grouping. C2, C3, C4: saliencemaps
of the grouped bars. C5: partial attention sequenceof most saliert bars for C1. B, C:
saliencehistograms for B1 and C1 respectively. Note target is attended after 7 shifts in
B2 but only 3in C5.

petition hasbeencon rmed by psydcophysical researt on object-basedattention
[4,78].

3.2 Performancee in natural seenes

In the previous section we examined se\eral aspects of our attentional model
by using somearti cial imagesand successfullycomparedour results with related
‘ndings in psydophysical researt. To investigate the model in complex natural
scenes,we used colour outdoor photographs taken with a digital camera. The
implemertations for both of \from coarseto ne" and \from far to near" human
eye simulations in thesereal imagery are descrited in detail.
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Fig. 11. An outdoor scenephotographed from far and near distance respectively. The
obtained imagesshown here are the samescenebut di®eren resolutions. The salience
maps is shawvn too and the grey scalesindicate the di®eren saliencesof the groupings.

3.2.1 Hierarchical Seletivity

As suggestedn [78],\there may be a hierarchy of units of attention, rangingfrom
intra-object surfacesand parts to multi-ob ject surfacesand perceptual groups".
Hierarchical selectivity is a novel medanismdesignedfor shifting attention from a
grouping to another oneor from a parert grouping to its sub-groupingsas well as
implemerting attention focusingfrom far to nearor from coarseto ne. It canwork
under both multiple (or variable) resolutionsand single resolution ervironmerts.
Resolutionscan be either scaledby pyramid decompsition schemeor by digital
camera.Herean outdoor scends usedto demonstratethe behaviour of hierarchical
selectivity. In gure 11, the sameoutdoor sceneis photographedfrom far and near
distancesrespectively so that two coarse(64£ 64) and ne (512£ 512) resolution
photographsare obtained. In the scene,there are two groupings: a simple shadk
in the hill and a small boat including v e peopleand a red box within this boat
on a lake. The people,red box, and the boat itself constitute seven sub-groupings
respectively for this structured grouping. The 1=%parameterfor Gaussiandistance
is setto 25%and the Gabor TTter is sensitive to 4 orientations [0°; 45°; 9¢°; 135].

The model works with these two images,using the coarseand ne imagesas
di®eren resolution levels. For this purpose, only feature (colour, intensity, and
orientation) maps at the lowest level of the pyramids are created for eat image.
(Multi-lev el pyramids usedto simulate attending a complicatednatural photograph
from far to nearand coarseto ne is alsoimplemerted in this paper. Seethe next
sectionsfor details.) Competition for attention starts in the coarseor far image
(Figure 12). Using hierarchical selectivity, attention is rstly deployedto the winner
(herethe shak) and suppressesther competitors. Then attention shifts to the ne
imagefor further cheding this winner if answering\y es"to the \view details" °ag.
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Fig. 12. The attention movemerts implemented for the outdoor scene:blue arrows indi-
cate attentional movemerns between resolutions and red arrows denote attention shifts
at ne resolution.

If the answer is \no", the model will ched if there is(are) any other grouping(s)
existing at this image. When attention is shifting, an \inhibition of return” is
set for this attended grouping. Becausethe shad has no sub-groupings,attention
switches again to the coarseimage and cheds if there exists any next winner.
Thusthe boat grouping obtains attention. In the sameway asattending the shad,
answering \y es" to the \view details" °ag attention shifts to its sub-groupingsin
the ne image. At this momert the competition for attention triggers amongthe
seen sub-groupings.Attention is deployed to these sub-groupingsby hierarchical
selectivity. The saliencemaps computed for these groupingsare shovn in Figure
11 and the sequencef attention deploymerts is shavn in Figure 12. The attention
deploymert trajectory shavn in Figure 12 revealsreasonablemovemerts for this
natural scene.

3.2.2 Hierarchical Seletivity From Coarse To Fine

The imagepresetted in Figure 13 has512€ 512 pixels and cortains many struc-
tured objects and groupings. The pyramids in the model used here have three
layers, ranging from resolutions 128 128to 512£ 512. The Gabor Iter wassetto
be sensitive to 4 oriertations [0%; 45%; 90°; 13%]. The 1=Y.parameter for Gaussian
distance was set to 50%. The model rstly extracted colours, intensity, and ori-
enations from the photo and constructed altogether 9 three-layer pyramids: one
intensity pyramid (Figure 15), four colour pyramids (Figure 16), and four orien-
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Fig. 13. An outdoor photograph.

tation pyramids (Figure 17). Eleven meaningful groupingsof objects were created
manually by preprocessingaccordingto Gestalt grouping rules (seesection 2.6).
Figure 14 shaws the identi ers of the di®eren groupingsin this image. The nu-
merals pointed to by ead white arrow denotesthe identi er of ead grouping at
multiple resolutions. The groupingswhich have the samepre x iderti er belong
to the sameparert grouping. The depth of eatd grouping is the index of its array
mark. For example,identi er 1-1 indicates that this is the rst sub-grouping of
grouping No. 1. Identi er 1-1-2denotesit is the secondsub-groupingof grouping
No. 1-1. GroupingsNo. 1-1-1and No. 1-1-2have the sameparert grouping No. 1-1.
The black circles or ellipsesare usedto corveniertly distinguish di®erent group-
ings (object(s) in the circles)and not the groupingboundaries.When viewing these
groupingsat di®erer resolutions,somegroupings/sub-groupingswill disappear at
the lower resolution. The hierarchy of groupingsis shavn in Figure 14 and Figure
26 which is discussedater.

The top-down attention setting was always setto the free state in this test. The
decision-mints during hierarchical selectivity to drive whether or not viewing the
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Fig. 15. The intensity pyramid built from the photograph givenin Figure 13.

details within a grouping were always answered \Y es". Although this may make
hierardical selectionlook like an exhaustive exploration, the generalperformance
of the model can be inspected in detail and completely (seethe next sectionfor
an alternative implemertation in this view). As we discussedin section 2.5, the
cortrol for recognizingwhich object is signi cant is very intricate and needshigher
visual processingrelated to the current visual tasks (also seethe following dis-
cussionabout the small white stripesin this scene).Future work will re ne this
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Fig. 16. The four colour pyramids built from the photograph given in Figure 13. (The
graphs are black-white inverted to improve visibilit y.)
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Fig. 17. The four orientation pyramids built from the photograph given in Figure 13.
(Graphs in the secondand third rows are black-white inverted to improve visibilit y.)

complicated cortrol. In the more normal scenestop-down priming proposedfor
the \view details" °ag will cortrol choiceto produce more interesting behaviour.
Here, the competition for visual attention was rstly triggered at the coarsest
resolution, namely the highestlayer of the pyramids. During the attentional move-
menrts, shifting into the higher resolution (lower layers of pyramids) or switching
to the lower resolution (higher layers of pyramids) dynamically changeddepending
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Fig. 18. Salienceof the attending grouping and competing groupings, as well as the se-
guenceof attentional movemerts. The red, green,and blue arrows denotesthat attention
is at or switched to the coarsestresolution, middle resolution, and nest resolution re-
spectively. The small red panel at the top left corner in ead slide shavs a zoomed view
of the objects. The red circle/semi-circle indicates the focus of attention. The grouping
identi ers are also given in ead panel.
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Fig. 19. Continued slides of Figure 18
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Fig. 20. Contin ued slides of Figure 19

on the natural structure of the current grouping being attended and its surround-
ings. When a structured parernt grouping is attended at high resolution, some/all
of its sub-groupingswill be attended next at this current resolution if these sub-
groupingsappear at the sameresolution, or at the lower resolution if some/all of
its sub-groupingsdo not appear at the currert resolution. In this procedure,some
sub-groupingswithin a parert grouping, sud as somesmall white stripesin the
road, may have not much signi cance and may not necessarilybe attended. This
further top-down cortrol for shifting attention will needadditional theory to incor-
porate the measureof object similarity, subject's experienceand the current visual
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Fig. 21. Applying the model for space-basedttention. Each pixel is an individual group-
ing. Only the raw saliencemaps of pixels at three resolutions are shanvn here in shades
of grey.

task, etc. and is not implemerted here. The results of the model performing on all
resolution levels are shovn in Figures 18, 19, and 20.

At ead attentional deploymert, we show the ertire or unitary salienceof the
grouping which is currently being attended. When the related groupingsare ready
to competefor visual attention we presen the degree®f their individual saliencg(in
shadesof grey) in comparisonwith all other competitors. The brighter a grouping
is, the more saliert it is. It is worth noting that no mosaic appearanceis seen
in the results becausethe model theory is basedon object attention in which a
grouping competesfor attention using its ertire salienceintegrating the strength
of all its componerts. Thus, the salienceshown is the grouping saliencerather than
that of ead pixel within the grouping. Howeer, our grouping-basedcomputation
approad can also be applied for spatial attention if we consideread pixel as a
grouping. Figure 21 givesthe saliencemapsobtained from the sameoutdoor scene
for individual pixels at the coarsestresolution (graph C), middle resolution (graph
B), and nest resolution (graph A). The 1=%parameterfor Gaussiandistancefor
this experimert is setto 2%.

Accordingto the obtainedresults, the order of attention shifts is shavn in Figure
22.We cansee the attention movemerts basically coincidewith the saliencedi®er-
encebetweenthe objects in the scene.Somegroupings,sud as grouping 6, which
consistof seweral very small sub-groupings,do not exist at the coarserresolution.
They either have no way to take part in the competition, or lose much support
from their smaller members or componerts or from their surroundingswhich may
be usefulto compete for attention at the ner resolutions.So generally they lost
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Fig. 22. The overall trajectory of attentional movemerts of the model in multiresolution.
Red arrows show attentional shifts from one grouping to another. Yellow and purple ar-
rows shaow attention switcheswithin groupings. The circlesdenotesthe locusof attention.

somepossibleadvantageswhen at the ner resolutions.

3.2.3 Hierarchical Seletivity From Far to Near

Three colourimagesshavn in Figure 23 aretakenusingdi®eren resolutionsfrom
far to near distance (64£ 64, 12& 128, and 512 512) for the sameoutdoor scene.
The sceneis segmeited (by hand) into 6 top groupings (identi ed by the black
colour numbers: one object grouping 6 and v e regionshere) and 5 of them are
hierardhically structured exceptgrouping 4. In the coarsesimage,only grouping 6
(one boat including two people)canbe seen.In the ner image, sub-groupingss-1
and 5-3 within top grouping 5 appear but they losedetails at this resolution. The
smallestboat (i.e. sub-grouping5-2 of grouping 5) can only be seenat the nest
resolution. The saliencemaps of groupingsduring attention competition are also
brie°y shawvn in Figure 23 where darker grey shadesdenote lower salience.

The competition rst occurs amongthe top groupings at the coarsestscene.
The most saliert grouping 6 thereforegainsattention. When giving a \y es" to the
top-down attention setting (\view details" °ag), attention will shift to the sub-
groupingsof 6. Two peopleand the boat then begin to compete for attention. If
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Fig. 23. An outdoor scenetaken from di®erer distances.The dotted circles are usedto
identify groupingsbut not their boundaries. The sequenceof saliencemaps usedfor eah
selection of the next attended grouping is shovn at the middle. Attention movemerts
driven by hierarchical selectivity is shavn at the bottom using a tree-like structure.
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Fig. 24. The attention movemerts implemented for the outdoor sceneblue and red arrows
indicate attention shifts betweenand at the sameresolutions respectively. Arrows with
red solid circles denote attention is attending the top groupings.
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a \no" is given or after grouping 6 is attended, attention will shift to the next

winner grouping 2. If a\y es"is giventoo to the \view details" °ag of grouping 2,

attention will rst selectsub-grouping2-1and then shift to sub-grouping2-2. After

attending 2-2,if cortinuing to view the remainderof grouping 2, attention will shift

to the ner resolutionto visit 2-3.When grouping5 is attended, the lake (excluding
grouping 6) is visited rst and then attention shifts to the ner resolution scene
where 5-1 and 5-3 start to compete for attention. In the caseof giving a \y es" to

the top-down °ag of the winner 5-3, attention will shift to the nest resolution
sceneto ched its details. Then attention goesbadk to the previous ner resolution
sceneand shifts to 5-1. After that, attention shifts againto the nest resolution
scene.Thus the smallestboat 5-2 at the nest resolution is attended. Figure 23
shaws the overall behaviour of the model performedon the scene Using this same
scene,when stronger and stronger noise was added above ¥ = 17 for Gaussian
noise, the order of the attention movemerns changed. The above results clearly
show hierarchical attention selectivity and appropriated believable performancein

a complicatednatural sceneln addition, although this model is aimedat computer
vision applications, the resultsare very similar to what we might expect for human
obseners. The attention movemeris shavn in Figure 24 revealthe reasonableshifts
of visual attention for this natural scene.

3.3 Improvea behaviour of hierarchical seletivity in natural senes

We have shown the model performancein the complexnatural sceneFor a com-
plete examination, we gave a positive responseto ead \view details" °ag. Howe\er,
somesmall stripes(on the road) may be irrelevant to the currernt visual task and
are thus unnecessaryto attend in turn. Also sometiny unreadablecharactersare
probably not worth notice by the obsener. One possibleway to improve the per-
formanceon thesetargets is to incorporate a top-down recognition componert or
learning processto producea cortrol function with reasonablesaliencethresholds
accordingto di®eren ervironments and visual tasks. Our current model doesnot
yet implemert this complicated top-down cortrol. Instead, we propose an alter-
native demonstration of our model's abilities by using a simple human-computer
interaction to give a positive or negative responseto the \view details" top-down
attentional setting (seesection2.5 for more details).

Figure 25 shows a logical diagram of attentional movemers in hierarchical se-
lectivity working on a hierardhical scenecortaining three structured groupings.In
this diagram, groupingsA, B, and C have a decreasingsalienceorder and the left
sub-groupingshave greater saliencethan their right siblings. That is, the saliences
of Al, A111,B1, and Cl aregreaterthan that of A2, A112,B2, and C2 respectively.
Supposethat attention is currently deployed at grouping A111 and a negative an-
swer is given to the ched °ag of the top-down attentional setting \view details".
Then there are multiple (here four) possible destinations of the next attention
movemer, shifting to A112, A12, A2, or B (as shown in the diagram). In our
previous strategy, the most saliert sibling of A111 (i.e. A112) would win the next
attention if a positive answer is chedked from the \view details" °ag of A11. This
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Fig. 25. Diagram of attentional movemerts in hierarchical selectivity operating on
multi-lev el structured groupings. Red arrows: attentional movemeris. Blue arrows:
feed-bak chedker of \Wview details" °ag. Green arrows: possible winners competing for
the next attention.

strategy has advantagesof simplicity and following the closestprevioustop-down
setting to the higher level grouping (the parert A11 of A111). Here we presert an
improved strategy for sudh hierarchical attention shifts.

SupposeS(X) represets the salienceof any grouping X . AssumeA and B are
the mostsaliert of the competitive groupingsand S(A) > S(B). Grouping A (or B)
hasa multi-level hierarchial structure. Then a tree-like data structure can be used
to illustrate thesestructured groupings.Let the salienceof the sub-groupingsthat
have the sameclosestparert be decreasingrom the left to the right. Let A, ;i, ...,
be the current attended sub-groupingat the level j of A. Wheni = Oorj = 0,
Aiiyini; = AL Thusthe ‘rst level sub-groupingsof A are::: A, A+« i, the rst
level sub-groupingsof A;; are:::Ai,.i,Ai:i,+ ::: and the restis deducedby this
analogy Clearly, all sub-groupingsleft of A; ;,...;; have already beenattended or
ignored. A;;i,...;i; +1 IS the most saliert unattended sibling of the current attended
grouping and A ;i,;..i;, ,+1 IS the most saliert unattended sibling of its parert.
When attending A; ;,;..i; , if a negative ansver is given to the \view details” °ag
of top-down attentional setting or this sub-groupinghasno child, the next potertial
winner to gain attention is producedby the following rules:

(1) if Aijsi,ij+1 = A then attention shifts to grouping B;
(2) otherwiseattention shifts to the sub-groupingX with salience:

We applied this improved hierarchical selectivity to the natural sceneshavn
in Figure 13. Here the ertire sceneis re-segmeted into sewen top groupings, as
shawvn in Figure 26 (Graph B) by di®eren colour lines. The iderti ers of di®erer
groupingsand their sub-groupingsarealsogivenin Graph B. Certain sub-groupings
which are segmeted within ead top grouping are identi ed and the remainder
(sucth asgreengrassin grouping 7 or treesin grouping 3) are denoted\others" in
Graph A of Figure 26. The \view details" °ags of the parent groupingsof the small
white stripesin the road, treesin the lawns, and sometiny words (and symbols)
below the \30" speedlimit signwereanswered\0" (positive) for the rst attending
(the rst stripe,word or symbol) and\1" (negative) thereafter. Thus most sub-sub-
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Fig. 26. The overall attentional movemerns on the natural sceneproduced by the im-
proved strategy for hierarchical selectivity. Red arrows with a hollow circle indicate that
attention goesto a top grouping and then shifts to the sub-groupingsrespectively. The
dotted ellipsesare not the sub-grouping boundariesand only usedto corveniertly show
attention movemerts.
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groupingssud as those within sub-groupings6-1, 6-2, and 6-3 of top grouping 6
are alsoabbreviatedas\others" in Graph A, exceptseweral rst attended sub-sub-
groupings(for example,grouping 6-1-1). The 1=Y2parameter of Gaussiandistance
is setto 25%for the global competition betweenthe sewenregionsand 4% for the
local competition within theseregions.

Through the improved hierarchical selectivity, more natural attentional move-
merts are clearly seen(Graph C in Figure 26. Note here attention is assumedto
shift to the certer of massof the attended grouping). The completehierarchical se-
lectivity procedurefor this sceneis shavn in Graph A in which the represemations
have the samemeaningsasthosein Figure 25.

4 Conclusion

The medanisms of object-basedand space-based/isual attention have been
widely investigated in psydiophysics and neurosciencereseart, however, mod-
elling visual attention in computer vision is a quickly growing eld, especially for
building computable models of covert attention. Until now, to our knowledge,al-
though some computable models for space-basedovert attention sud as Koch
and Itti's saliency-basedattention model [54,46]have been successfullybuilt, no
computational model for object-basedattention hasbeendeweloped.

We have presened a computablemodel of hierarchical object-basedattention for
computer vision. It suggeststhat object-basedand space-basedttention can be
integrated by using grouping-basedsalienceto deal with dynamic visual tasks. By
using the integrated competition of proto-objects basedon groupings,the selectiv-
ity of attention by objects, locations and featurescan cooperatively work together.
We demonstratedthe behaviour of the model on a number of synthetic and real
images. The experimertal results shoved that its performanceconcurswith the
main ndings in the psydophysical literature on object-basedor space-basedi-
sual attention. Also, the model shovs a good performanceof selectivity by objects,
by features,by spatial regions,and by their groupingson complexnatural scenes.
Sud successfuperformancesdepend on three factors that we proposedhere:

2 grouping-based saliency evaluation
2 integrated competition between groupings
2 hierarchical selectivity

With the grouping-basedsaliency medanism, the pop-out of objects and their
groupingscan be evaluated in a uniform computational framework. By using hi-
erarchical selectivity to drive attentional movemerts, the multiple selectivities of
objects, features,regions,and their groupingsin multiscale resolutionscan be per-
formed in an integrated selectionarchitecture. To our knowledge,the model pro-
posedin this paperis the rst implemerted model of object-basedvisual attention
and of integrated object-basedvisual attention with space-basedisual attention
in computer vision.

Howewer, there arestill seerallimitations to the current model besideghe above
strengths.Onelimitation is that we have not yet built a satisfactorymethod to deal
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with the grouping processing.This is a great challengenot only for visual attention
but also for computer vision. Another limitation is that we did not presen here
a completetheory of goal-driven e®ectson visual attention, which is necessaryor
understanding visual attention. Lastly, if we use a resolution-\varying or retina-
like operator at eat attention movemer, the model will simulate the attention
behaviour of human eyes better, becausehuman eyes have decreasingresolution
from the foveato the periphery of the retina. We are currently investigating these
points.
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