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Abstract

In this paper, a novel model of object-basedvisual attention extending Duncan's Inte-
grated Competition Hypothesis[24] is presented. In contrast to the attention mechanisms
used in most previous machine vision systemswhich drive attention basedon the spa-
tial location hypothesis, the mechanismswhich 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 new mecha-
nisms in the proposedmodel are described and analyzed in detail. The ¯rst mechanism
computes the visual salienceof objects and groupings; the secondone implements the
hierarchical selectivity of attentional shifts. The results of the new approach on synthetic
and natural imagesare reported.

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

1 In tro duction

It is well known that the primate visual system employs an attention mecha-
nism to limit processingto important information that is currently relevant to be-
haviours or visual tasks.It cane±ciently dealwith the balancebetweencomputing
resources,time costand performingdi®erent visual tasksin a normal, cluttered and
dynamic environment [69]. Visual attention selectivity can be either overt to drive
and guide eye movements, picking up useful information over time [32,53,62],or
covert, internally shifting the focusof attention from onelocusto another without
eye movements [45,68,p. 519-570].

1.1 General problemsof modelling visual attention

Modelling visual attention is a challenging problem for machine vision. Three
closely-relatedbasicquestionsare immediately identi¯able:
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(1) How can the visual system know what information is important enough to
capture attention?

Modern research on visual attention from psychophysical and neurophysio-
logicalexperiments have found that there exist two ways by which information
can be usedto direct attention (see[94,96]for reviews). One approach uses
bottom-up information including basic features such as colour, orientation,
motion, depth, conjunctions of features such as objects in 2D or 3D space
and even learnedfeatures.In this case,visually salient features(a feature or
stimulus di®ersfrom its immediate surround in somedimensionsand the sur-
round is reasonablyhomogeneousin thosedimensions[20]) aremostly usedto
attract visual attention. A great number of modelsmake useof \saliency" to
direct attention [1,2,9,54,88].However, saliencycannot always capture atten-
tion in a purely bottom-up fashionif attention is focusedor directedelsewhere
in advance [94,96].Thus it is necessaryto recognizethe importance of how
attention is also controlled 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].

(2) How doesthe visual systemknow whenand how to direct attention and choose
important information rather than doing so at 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 researchers have proposed two-stagemodels in
which the preattentiv e stageperformsindependent detection or extraction of
primary visual featuresautomatically in parallel (without attention) and the
secondstageof attention processesthe combination of primitiv e featuresby
serially shifting the focusof attention to scansubsetsof the incoming informa-
tion available from the previous stage(see[94] for a review). This proposed
strategy, however, con°icts with many modern psychophysical experiments
that con¯rm that attention can arisefrom very early visual processingstages
(e.g. feature detection) or arisefrom relatively late processingstages(e.g. ob-
ject representation or recognition) in di®erent circumstancesin which parallel
and serialprocessingreciprocally intertwine for e±cient performanceof visual
tasks [44,58,61].Thus, this problem is far from well understood and requires
further investigation.

(3) 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-
count for this. The space-basedattention 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].Somerecent ¯ndings support a view
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that the two accounts are not mutually exclusive [23,31,44]and they may ac-
tually sharecommonneural mechanismsin the parietal lobes[33]. Until now,
few researchers have proposedattentional models that integrate space-based
and object-basedviews (but see[60]). As suggestedby S. E. Palmer in [68,
p. 547-549],both hypothesesmay be true to account for di®erent processing
levels respectively in the visual systemand may be necessaryto supply and
interact at multiple processinglevels for coherent behaviour.

These three problems lead to a general question: How does visual attention
work to perform e±cient selectivity? The dominant 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 sizeof spacein the visual ¯eld. There have beena
number of attentional models that usethis hypothesis.Most of them are derived
from Treisman'sFeatureIntegrated 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
accounts of visual attention in psychophysics and the correspondingly inspired
computablemodelsbelow.

1.2 Psychophysical modelsof attention

There are two divisions of theoriesin the vast literature being developed to un-
derstandvisual attention. One is the very in°uential space-basedattention theory.
Another is the developing theory concerningobject-basedattention. So far Treis-
man's model is the most successfulmodel of space-basedattention and doespro-
vide a generalframework for understandingvisual attention. Following her theory,
a number of computational modelsof attention in the psychophysicsand computer
vision ¯elds have beendeveloped. The main di®erencebetweenthem is that they
usedi®erent methods to construct and combine the low-level feature mapsand to
model the control mechanismsof attentional movements. In addition, there are lots
of other well-known modelsof spatial attention as well, such as the guided search
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 essential bifurcation betweenobject-basedattention and space-basedatten-
tion lies in the questionof what are the underlying units of attentional selection.In
contrast to the traditional modelsof space-basedattention, object-basedattention
holds that visual attention candirectly selectdiscreteobjects rather than only and
always selectingcontinuousspatial areasof the visual ¯eld. The research on object-
basedattention is still quite new. However, somefundamental theorieshave been
developed in recent years. In the \Biased Competition Model" of Desimoneand
Duncan [15] and the \In tegrated Competition" hypothesisof Duncan [24], visual
attention is taken asan emergent e®ectof competition betweenneural representa-
tions in multiple systemswhich work together to serve the sameselectedobject.
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Other pioneer research can be seenin the work of Humphreys and his colleagues
[20,42,43],Grossberg [40], Behrmann [4], and a convergedreview [78].

1.3 Computablemodelsof space-based attention

Koch and Itti have built the most sophisticatedsaliency-basedspatial attention
model [54,46].The saliencymap is usedto encode and combine information about
each salient or conspicuouspoint (or location) in an imageor a sceneto evaluate
how di®erent a given location is from its surrounding. A Winner-Take-All (WTA)
neural network implements the selectionprocessbasedon the saliencymap to gov-
ern the shifts of visual attention. This model performswell on many natural scenes
and has received somesupport from recent electrophysiological evidence[35,76].
Tsotsoset al. [88] presented a selective tuning model of visual attention that used
inhibition of irrelevant connectionsin a visual pyramid to realizespatial selection
and a top-down WTA operation to perform attentional selection.In the model pro-
posedby Clark et al. [9,10],each task-speci¯c feature detector is associated with a
weight to signify the relative importance of the particular feature to the task and
WTA operateson the saliencymap to drivespatial attention (aswell asthe trigger-
ing of saccades).In [37,75],colour and stereoare usedto ¯lter imagesfor attention
focus candidatesand to perform ¯gure/ground separation.Grossberg proposeda
newART model for solvingthe attention-preattention (attention-perceptualgroup-
ing) interfaceand stabilit y-plasticity dilemma problems[38,39].He alsosuggested
that both bottom-up and top-down pathways contain adaptive weights that may
be modi¯ed by experience.This approach has beenusedin a sequenceof models
created by Grossberg and his colleagues(see[8,39] for an overview). In fact, the
ART Matching Rules suggestedin his model tends to produce later selectionof
attention and is partly similar to Duncan's integrated competition hypothesis[23]
which is an object-basedattention theory and di®erent to the above models.

Someresearchers have exploited neural network approaches to 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 used to create the task-
speci¯c expectations for guiding the focus of attention. Kazanovich and Borisyuk
proposeda neural network of phaseoscillators with a central oscillator (CO) as
a global sourceof synchronization and a group of peripheral oscillators (PO) for
modelling visual attention [52]. Similar ideashave also beenfound in other work
[12,13,56,64,65]and are supported by many biological investigations [56,81,89].
Therearealsosomemodelsof selectiveattention basedon the mechanismsof gating
or dynamic routing information °ow by dynamically modifying the connection
strengthsof neural networks [38,43,67,73].

In some models, mechanisms for reducing the high computational burden of
selective attention have beenproposedbasedon space-variant data structures or
multiresolution pyramid representations and have beenembeddedwithin foveation
systemsfor robot vision [7,77,11,30,82,84,92].But it is noted that these models
developed the overt attention systemsto guide¯xations of saccadiceye movements
and partly or completely ignored the covert attention mechanisms. Fisher and
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Grove [41] have also developed an attention model for a foveated iconic machine
visual systembasedon an interest map. The low-level featuresare extracted from
the currently foveatedregion and top-down priming information are derived from
previousmatching results to compute the salienceof the candidatefoveatepoints.
A suppressionmechanism is then employed to prevent constantly re-foveating the
sameregion.

1.4 Inducementsand innovations of the proposed model

The computablemodelsof space-basedattention reviewed above, however, have
someintrinsic disadvantages.They have only concentrated on mechanismsof vi-
sual attention basedon selectivity by spatial locations. Thus they inherently lack
mechanismsaccounting for object-basedselection(see[25,26]and [68, p. 547-549]
for reviews). The normal sceneis usually cluttered: objects may overlap or share
somecommonproperties. In this caseattention may needto work in several dis-
continuous spatial regionsat the sametime. Somedi®erent 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-basedattention doesnot have:
² more e±cient visual search: speedand accuracy;
² lesschanceto selecta nonsenseor empty location;
² naturally hierarchical selectivity.
Thus it is important to properly integrate the two accounts of space-basedand
object-basedattention.

The above problems led us to propose another machine vision approach for
modelling visual (covert) attention. The model described here is an alternative
computational model of visual attention which is object-based.It absorbsseveral
ideas and many ¯ndings from modern literature in psychophysics and computer
vision, including recent research on: 1) object-basedvisual attention such asDun-
can's Integrated Competition theory [22{24], and [15,16];2) visual saliencysuch
as Koch and Itti's model of saliency-basedvisual 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 representations of within-ob jects and
between-objects [44]; and 6) other investigations[5,39].

One of the novel mechanismsin 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 regions is calculated for di®erent groupings on 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
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decomposedinto positive priming, negative priming, free, and occupiedcases(in-
troduced later). The main goal of this pap er is to present our mo del for
the visual saliency of groupings and the mechanism of covert atten tional
movements.

Another novel mechanism used in the proposedmodel is hierarchical selectiv-
it y for guiding covert attentional movements, 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 as from coarser
groupings to ¯ner groupingswithin and between groupingsand resolutions.The
¯nest grouping is set to a pixel or point in our model. This mechanism is thus
biologically plausible.Clearly, the strategiesfrom coarseto ¯ne occur on the mul-
tiple architecture of visual resolutionand groupingsincluding objects, featuresand
locations related to the relevant resolution. At each pyramid level, the winner of
selective attention in each competition is generatedby a Winner-Take-All (WTA)
strategy.

The presented model exploresthe ¯rst machine-vision implementation of a hi-
erarchical object-basedvisual attention system.The paper shows that it produces
plausibleattention shifts on real imageryand alsothat its performanceon synthetic
displays is similar to human psychophysical results. To simplify the research, we
have assumedthat a perceptual organisation of the image into a hierarchical set
of groupingshas beendone. (We assumethat other research from elsewherewill
eventually supply this input. Seesection 2.6 for the further discussion)Further,
our approach has a mechanism 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
presented model only considerscovert attention (where the fovea doesnot move)
rather than overt eye movements that might lead to signi¯cant changesin visual
salience.

2 Mo del

2.1 Overviewof the model

Our work is concernedwith the development of e±cient mechanismsof visual
attention for a machinevision system.The model developedhereshowsthat object-
basedand location-basedattention canwork in a uniform framework dependingon
both the current sceneand the observer's goalsto deal with complexvisual tasks
(see[78] for a comprehensive review of object-basedvisual attention). The model,
for this purpose,brings together several issuesfound in the modern literature. The
critical aspectsof our theory are:
1. Integrated competition for visual attention
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Our approach extendsDuncan's Integrated Competition hypothesis[16,23,24].
The main adjustment is that we think his model of object-basedattention can be
extendedto work in both object-basedand space-based̄elds by replacingobject-
centered with grouping-centered (see one of the few psychophysical attentional
models [5] and [39] for integrating object-based with location-basedevidence).
A grouping is a unit involving object(s) and related features and locations (see
[18,44,78]for detailed discussionon these issues).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 moment, enhancedresponsesto one grouping
will decreaseresponsesto other competitors. Once one grouping gains the domi-
nanceof selective attention, all other relevant processingto this grouping and all
components 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 bias the competition for selectionprocesspartly.
In this case,salient visual groupingscan capture attention quickly and automat-
ically only if the current attention is not deliberately directed to other groupings
or properties in advance.

3. Hierarchical selectivity of visual attention
Hierarchical selectivity is proposed to guide the attentional movements shift-

ing from one locus of attention to another under multiscale transformation and
directly builds upon the above two issues.It implies that visual attention can di-
rectly selecta continuous areaof space,discreteobject(s), feature(s), point(s), or
their grouping. The space-basedand object-basedattentional selectivity are either
cooperative or independent of each other for e±cient selectiveactsaccordingto the
current visual situations and tasks. This strategy is especially useful for machine
vision. For example,space-basedselectioncan be applied to region segmentation
whereasobject-basedselectioncan be usedfor object recognition or ¯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 ¯lters. After perceptual grouping preprocessing,the
bottom-up saliencymappings of various groupingsare created via the grouping-
basedsaliencecomputation. Thesesaliencymappingsare dynamically varied ac-
cording to competition conditions among the groupings at di®erent resolutions
and related surroundingsduring the attentional movements. The results produced
from this stageare fed to the attention competition pool whereall coarsestgroup-
ingscompeteagainsteach other for preferentially obtaining the selective attention.
The competition procedureis a dynamic interaction betweenbottom-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 ensure the winner bene¯ts and prevent attention
from returning to the previously attended groupings.The attentional movements
amongthe winning competitors areguidedby hierarchical selectivity. The detailed
description of each 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 movements
such asgazecontrol in active vision research. At any moment, a ¯xed image,which
is a transformation of the world image into retinal image at each ¯xation point,
is obtained by simulating the functional mapping of resolution decreasingfrom
the fovea to the periphery of the retina. The following modules involved in visual
attention operate on one given ¯xed image and the sampling function of a gaze
at that moment is presented as follows. Future research will consider overt eye
movements such as saccadesand how saliency is integrated with overt multiple
¯xations.

2.3 Primary feature extraction

Colour imageinput is decomposedinto setsof multiscale feature mapsvia over-
completesteerablepyramid ¯lters [36], to generatefour colour, one intensity, and
four orientation pyramids [46]. Supposethat F is the input image, with r , g, b
being the red, green,and blue colour components of F . An intensity imageI (pij )
is createdby:

I (pij ) = [r (pij ) + g(pij ) + b(pij )]=3 (1)

wherepij is a point of F , i 2 [1: : : n], j 2 [1: : : m], n £ m is the sizeof the image.
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Then, four colour channels R (red), G (green), B (blue), and Y (yellow) are
obtained as [46] (negative valuesare set to zero):

R(pij ) = r (pij ) ¡ [g(pij ) + b(pij )]=2

G(pij ) = g(pij ) ¡ [r (pij ) + b(pij )]=2

B(pij ) = b(pij ) ¡ [r (pij ) + g(pij )]=2

Y(pij ) = [r (pij ) + g(pij )]=2 ¡ jr (pij ) ¡ g(pij )j =2 ¡ b(pij ) (2)

Let Wlpf , Wbpf (¸ ; µ) be Gaussianand orientated Gabor steerable¯lters respec-
tiv ely. With these¯lters acting on the ¯v e I , R, G, B , and Y channels(see[36,46]
for more details), we can construct intensity, colour (red, green,blue, and yellow)
and orientation pyramids:

I ¸ +1 = W T
lpf ¢Wlpf ¢I ¸ ; I 0 = I (3)

R¸ +1 = W T
lpf ¢Wlpf ¢R¸ ; R0 = R

G¸ +1 = W T
lpf ¢Wlpf ¢G¸ ; G0 = G

B ¸ +1 = W T
lpf ¢Wlpf ¢B ¸ ; B0 = B

Y¸ +1 = W T
lpf ¢Wlpf ¢Y¸ ; Y0 = Y (4)

O¸ (µ) = Wbpf (¸ ; µ) ¢I (5)

where¸ 2 [1: : : l ] is the pyramid's scaleand µ 2 [00; 450; 900; 1350] or [00; 22:50; 450;
67:50; 900; 112:50; 1350; 157:50] (in this paper, we usedboth orientation setsfor dif-
ferent experiment environments but the ¯rst is the generalone) is the preferred
orientation. The Anderson kernel usedfor Wlpf is (1=16; 1=4; 3=8; 1=4; 1=16). The
Gabor ¯lter comesfrom modulating the related Lapacian pyramids with a set of
oriented sinewaves,then being followed by low-passoperation, and ¯nally taking
the modulus (see[36] for thesetwo ¯lters in detail).

2.4 Grouping-based saliencymapping

Salienceevaluation basedon groupingsis the bridge to achieve object-basedat-
tention and integrate space-basedattention in this paper. In our approach, group-
ings are the primary perceptual units upon which attentional processesoperate.
The term \grouping" (or \segmentation") is a common concept in the long re-
search history of perceptual grouping by the Gestaltists (see[68, p. 257-266]for
a review). We evaluate saliencebasedon groupingsherebecause\grouping" itself
hasalreadyembedded\ob ject" and \space". This usageconstitutesa fundamental
di®erenceto most of the previouscomputablemodelsof space-basedattention.

A groupingis a hierarchical structure of objectsand space.In this sense,a group-
ing may be a point, an object, a region, or a hierarchical structure of groupings.
However, we are not implementing the grouping processin this paper but assume
in the work below that it exists. That is, we assumethat a given sceneat each
scalehasalreadybeensegmented into groupingsaccordingto the Gestalt principles
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Fig. 2. Diagram of grouping salience

(or other grouping approaches).Somefurther discussionson grouping are given in
Section2.6. The theory proposedhere for saliencecomputation is independent of
the approach usedfor perceptualgrouping.

Grouping


Sub-grouping
 Sub-grouping


Surroundings
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the Grouping
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Cooperation and

Competition


a
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 c


Fig. 3. An exampleof grouping salience

The salienceof a grouping is a function of all saliencycontributions comingfrom
the components within the grouping working together to compete with their com-
mon competitors and competing with each other. This notion covers two issues.
One issueis the relationship of spatial location, objects, and featuresto the group-
ing they belongto, as shown in Figure 2. The ¯gure shows that grouping salience
is computed from its components 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 components. The e®ectof a competition
betweentwo competitors may either enhanceor suppresstheir salienceaccording
to their contrast properties(Figure 3 (a)). Two simpleexamplesaregiven in Figure
3 (b) and (c).

Suppose the red circle (grouping A) is the target. We want to calculate its
salience.Its surroundingsconsist of four groupings(B, C, D, E) and other back-
ground points (greenpixels). In Figure 3 (b), all red pixels within groupingA work
together to enhancethe grouping salienceby feature contrast 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-
grouping in groupingA brings a suppressive e®ecton the total A groupingsalience
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when it competeswith greenpixels in the background but a enhancede®ectwhen
it competeswith the non-greengroupingsand pixels with A and elsewhere.The
¯nal salienceof grouping A dependson the competitiv e e®ectsbrought by all of
the components within A (including red pixels, white star and greenstar).

Basedon the above considerations,the contrast betweenany two points is the
primitiv e operation in the computation of grouping salience.However, we are not
claiming that the saliencecomputation theory introducedbelow is complete.The
paper in fact is concernedwith saliencederiving from the colour, intensity, ori-
entation, 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 issuesin visual search). Oneunconsideredfactor about relative sizedi®erence
betweengroupingswill be discussedlater (seesection2.4.3).

The salienceof a grouping is calculatedby combining the colour, intensity, and
orientation salienceof the components of the grouping.Dueto the closerelationship
betweenthe chromatic opponent-colour channelsand the achromatic (white-black)
channel in 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< i 2 < , 8< j 2 (< [ £) and i 6= j , we calculate the
colour-intensity salienceSCI and orientation salienceSO of < i by:

SCI (< i ; ¸ ; t) = f CI (< i ; f< j g; ¸ ; t)

SO(< i ; ¸ ; t) = f O(< i ; f< j g; ¸ ; t) (6)

wheref CI , f O are the calculating function of colour-intensity, orientation salience
between< i and < j respectively. The salienceS of grouping < is given as:

S(< i ; ¸ ; t) = ¡ [SCI (< i ; ¸ ; t); SO(< i ; ¸ ; t)]

S(< ; ¸ ; t) = ª[ S(< i ; ¸ ; t)] (7)

where ¡, ª 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,
relativit y and the dynamicsof visual input in the sceneascovert attention occurs.
As pointed out in [35], most (stable) objects in a normal environment are not
intrinsically salient but can becomesalient if they are behaviourally signi¯cant.
The normal scenehas a hierarchical structure, thus featuresmay not always have
the samesaliencewhen viewed in extended regions or larger contexts. In other
words, the salient di®erenceamong objects or featuresmay changeover time, or
as background or the context of the scenechanges.The saliencycomputation is
a complex and di±cult problem. Until now few research studies in the ¯eld of
attention in machine vision have dealt with it (however, see[46,47,79]for some
discussionrelated to spatial saliencymap). From our point of view, visual saliency
arisesfrom the competition betweendi®erent 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 resolutionscale.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 groupingdependsupon 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 segmentation of groupingsat
that time and scaleis given. In this way, the full detailsof the computableapproach
are given below.

2.4.1 Colour and intensity salience
Assumex, y are two arbitrary pixels in a grouping < on level ¸ of pyramids of

colours,intensity, and orientations. Then, the propertiesof 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 =
(f Rx;¸; < ; Gx;¸; < ; Bx;¸; < ; Yx;¸; < g; f I x;¸; < g; f Ox;¸; < (µ1); Ox;¸; < (µ2); Ox;¸; < (µ3); Ox;¸; < (µ4)g).
In the following sectionwe supposeall calculationsare within a given group on a
given pyramid level, so the subscripts< and ¸ will be generallyomitted. We ¯rst
computethe property contrast betweenpixelsx and y. Let RG and BY be the two
colour \double-opponent channels"of red-green/green-redand blue-yellow/y ellow-
blue [27,48],so we have:

RG(x; y) = j(Rx ¡ Gx ) ¡ (Ry ¡ Gy)j=2

BY(x; y) = j(Bx ¡ Yx ) ¡ (By ¡ Yy)j=2 (8)

The colour chromatic contrast ¢ C betweenx and y is calculatedas:

¢ C(x; y) =
q

´ 2
RGRG2(x; y) + ´ 2

B Y BY 2(x; y) (9)

where´ RG and ´ B Y are the weighting parameters.In this paper, we set them as:

´ RG =
Rx + Ry + Gx + Gy

Rx + Ry + Gx + Gy + Bx + By + Yx + Yy

´ B Y =
2

q
B 2

x + B 2
y + Y 2

x + Y 2
y

3 £ 255
(10)

wherethe 255parameter is usedherebecauseof the representations of colour and
intensity in this paper have the maximum value 255. The weights ´ RG and ´ B Y

can be optimized further accordingto more colour discrimination experiments or
referencesin the colour research literature. The results produced by setting ´ RG

and ´ B Y as thosein formulae (10) are very closeto L*u*v* (see[63,74]for related
issues).We obtain equalmaximal contrasts betweenopponent colourssuch as red
and green,blue and yellow, or white and black. The contrasts betweenother colours
are alsoreasonable.For example,it is acceptablethat the colour contrast 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 contrasts betweenx and y fall into the
range[0: : : 255].

The intensity contrast betweenthe two pixels x and y is:

¢ I (x; y) = jI (x) ¡ I (y)j (11)

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

SCI (x; y) =
q

®¢ C(x; y)2 + ¯ ¢ I (x; y)2 (12)

where® and ¯ are weighting coe±cients and we hereset them to 1.
Supposedgauss is the Gaussiandistancefunction betweenx and y. The Gaussian

distanceis de¯ned as:

dgauss(x; y) = (1 ¡
kx ¡ yk
n̂ ¡ 1

)e¡ 1
2¾2 kx¡ yk2

(13)

with the scale¾anddistancejjx¡ yjj . In the experiments in this paper, the Gaussian
scale¾is set to n̂=½wheren̂ is the maximum of the width and length of the feature
mapson the current pyramid level ¸ . ½is a positive integerand generally1=½may
beset to a percentageof n̂, such as2%,4%,5%,or 20%,25%,50%,etc. The greater
½is, the smallerthe radius betweenthe neighborhood and its surroundingcenter is.
In this way, the Gaussiandistanceguaranteescompetition throughout the attention
window but the strength varieswith distance.This function producesstrong local
competition betweenshort-rangeneighbours and weak competition betweenlong-
rangeneighbours. Such similar e®ectsof attention competition have beenfound in
visual cortex [16]. Research on cortico-cortical connectionsshows that inhibition
from the surround of the samestimulus properties as the center is strongest [80].
The distance jjx ¡ yjj can be the Euclidean distance but we prefer a chessboard
distance: jjx ¡ yjj = M AX (ji ¡ hj; jj ¡ kj), (i; j ), (h; k) are the coordinates of
x, y on the current pyramid level. M AX denotesthe maximizing operator. The
reasonfor selectingthe chessboard distance is that with the aid of this operator,
the neighbours within the same,8-adjacencyneighbourhood have equal distance
e®ectson their commoncenter and the \center-surround" function can be easily
simulated.

Let N H CI be the neighbourhood surroundingx, yi ½ N H CI (i = 1: : : n£ m¡ 1)
be a neighbour. We use the following formula to calculate the colour-intensity
salienceof x:

SCI (x) =

n£ m¡ 1P

i =1
SCI (x; yi ) ¢dgauss(x; yi )

n£ m¡ 1P

i =1
dgauss(x; yi )

(14)
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2.4.2 Orientation salience
We de¯ne µx;y as the orientation di®erencebetween pixels x and y. Let ux (µ)

and uy(Á) be the orientation vectorsof x and y in the current orientation pyramid
respectively. Note that u, µ, and Á themselvesall consistof multiple components.
For example,ux (µ) = [ux (0); ux ( ¼

4 ); ux ( ¼
2 ); ux ( 3¼

4 )], 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(µx;y ) (15)

where dgauss has already been de¯ned in equation (13). A major reasonthat we
selecta sinusoidfunction for orientation contrast is that this function is a nonlinear
and monotonically increasingfunction from 0 to 1 over the range [0; ¼

2 ] and sym-
metric in [0; ¼]. Nothdurft hassuggestedthat the salienceof pop-out targets hasa
nonlinear (enhanced)character from threshold and saturation e®ectswith increas-
ing orientation contrast from 0 to ¼

2 [66]. If ux and uy have orientation strengths
at all orientations, then the generalcalculation for µx;y can be given by:

µx;y =

¼R

0
Á

"
¼R

0
ux (µ)uy((µ + Á) mod ¼)dµ

#

dÁ
RR¼

0 ux (µ)uy((µ + Á) mod ¼)dµdÁ
(16)

For practical computation in this paper, we give the following discrete form for
µx;y :

µx;y =

³ ¡ 1P

j =0
j '

³ ¡ 1P

i =0
ux (i' )uy(( i' + j ' ) mod ¼)

³ ¡ 1P

j =0

³ ¡ 1P

i =0
ux (i' )uy(( i' + j ' ) mod ¼)

(17)

where mo d is the standard modulus operator, ³ is the number of orientation
pyramids or preferredorientations, ' = ¼=³. When ³ is 4 or 8, ' is ¼=4 or ¼=8.

The saliencecomputation for orientation is more complicated than for colour-
intensity. It is most important to take into account the homogeneity/heterogeneity
of the neighbourhood of each point which is currently taken asa center for center-
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.

Let yi (i = 1: : : nk , nk is the number of neighbours in the k-th neighbourhood)
be a neighbour in the distancek or k-th neighbourhood N H O(k) surrounding x.
It is clear that the distance 1 or ¯rst neighbourhood of x has 8 closestneigh-
bours surroundingx, and that the distancek neighbourhood has8k neighbours.A
boundary check must be applied to ensureall data comesfrom within the current
imagelayer. Then the averageorientation contrast of x to its k-th neighbourhood
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is:

CO(x; N H O(k)) =
1
nk

X

yi 2N H O ( k )

CO(x; yi ) (18)

Supposen0 is the number of di®erent directions within N H O(k), we have ! k =
n0 ¡ 1. This is usedfor checking and evaluating how heterogeneousthe orientations
are in the neighbourhood of x. n0 can be obtained by a simplemethod: set n0 = 0;
then n0 = n0 + 1 if the orientation on which yi has the maximum value on all
orientation maps(this meansthe maximum sub-orientation vector of yi is on that
map) is di®erent from the maximum sub-orientation vector of yi +1 .

Weusethe samesetof histogramsabove to evaluate the orientation homogeneity
of the whole surround of x. Let wij k be yi 's value on the orientation (µj ) feature
maps on k-th neighbour \ring", nr be the number of \rings" in the whole neigh-
bourhood of x, then the method to calculate homogeneity weight ! for the whole
surround is given in formulae (20).

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

ĈO(x; N H O(k)) =
CO(x; N H O(k))

» + ! k
(19)

where» is a parameterusedto prevent a zerodenominator and usually set to 1.
Let mr be the number of \rings" in a neighbourhood, and dgauss(k) (de¯ned in

equation (13)) be the Gaussiandistanceof the k-th neighbourhood to x. Because
of the chessboard distance, dgauss(k) is the samefor each point within x's k-th
neighbourhood. Finally, the orientation salienceof x to all of its neighbours is:

CO(x) =

P

k
ĈO(x; N H O(k)) ¢dgauss(k)

(» + ! ) ¢mr ¢
P

k
dgauss(k)

where

mr =
X

k

1 and jĈO(x; N H O(k)) j > 0;

! is given by:

! =
X

j

cH (µj ); cH (µ) =
n

cH (µj )
o

=

8
<

:

X

k

¯
¯
¯Hk(µj ) ¡ H (µj )

¯
¯
¯

M AX
n
Hk(µj ); H (µj )

o

9
=

;
;

Hk(µj ) =
X

yi 2N H O (k)

wij k(µj ; yi ); µj 2 [µ1 : : : µ³ ]; H (µ) =
1
nr

X

k

Hk(µ) (20)
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2.4.3 The salience of a grouping
Supposex i is an arbitrary component within a grouping < . Here, x i may be

either a point or a sub-groupingwithin < . Then the visual salienceS of a grouping
< is obtained from the following formula:

S(< ) = °CI

X

i

SCI (x i ) + °O

X

i

SO(x i ) (21)

where °CI , °O are the weighting coe±cients for the colour-intensity, and orienta-
tion saliencecontributing to the grouping salience.

P
i SO(x i ) is computed from

the primary oriented components 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 components in the grouping. This causessome
uncertainty about how to evaluate 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 i 0 , : : :, x i j , : : :, x i n 0

2 <
are components of a given grouping with orientation components µ0, : : :, µj , : : :,
µn0 respectively. CO(x i j ; µj ) is the orientation salienceof x i j with orientation µj ,
Ô 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 Ô is: calculate the value sum on each µj orientation
map of all components within < to obtain a distribution histogram of di®erent
oriented vectors(as the horizontal ordinates); then take the orientation which has
the maximum valuein the histogram.The formula for calculating

P

i
SO(x i ) is then:

X

i

SO(x i ) =
X

i

CO(x i ) when µj = Ô (22)

The above formulaefor the saliencecomputation of a grouping is a practical imple-
mentation basedupon the theory discussedin equation (7). As mentioned before,
someother factors in°uencing salienceare not consideredat the moment, for ex-
ample, the relative sizefactor betweena grouping and its surrounding groupings.
When the sizeof a target is di®erent from the surrounding distractors but shares
all other properties with thesedistractors, the target will \p op-out". The current
computation method is inapplicable in this special case.This factor looks like very
simple and seemseasyto implement but it is not in practice. There are a lot of
problemsassociated with it and someare di±cult to resolve. One problem is how
to evaluate the homogeneity of the target's surround,especially to surroundingob-
jects or regions.The homogeneity of a surround is a®ectedby many factorssuch as
shape, orientation, or colour. The shape of an object or a regionmay be arbitrary,
so the \p op-out" by the relative size factor would depend upon the shape factor
as well even if excluding other factors such as how to quantify the relationship
betweensalienceand the relative size.

Another problemis how to evaluate the degreeof homogeneity and heterogeneity
of the surround of a grouping, especially under the considerationof orientation.
The method (formulae (18), (19), and (20)) usedin this paper is simple and may
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Fig. 4. An example for saliencevarying with relative sizebetweenthe center target and
surrounding distractors

work under many homogeneousor heterogeneousenvironments. For example,the
homogeneity surround:all neighbourswith the sameorientation shouldbedi®erent
from another homogeneity surround: somedi®erent neighbour rings have (some)
di®erent orientations but on each ring the neighbours have the sameorientation.
But this method is not completeespecially whenthe surroundconsistsof arbitrary
objects.As mentioned above,an object hasa shapeand the shapemay bearbitrary.
Evenif ignoring other factorssuch ascolours,how to calculatean object orientation
is not easyand this directly a®ectsthe homogeneity of a surround. The di±cult y
is that there is no referencewhich can be used to evaluate an exact order of
the di®erent homogeneity distributions of orientations. Solutions for the above
problemsneedmore evidencefrom other research ¯elds such aspsychophysicsand
neuroscience.

Figure 4 shows an exampleabout the relative sizefactor. In Figures 4 (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 salient? Although (c) and (d) are the same
to (a) and (b) except the target's colour, it may be that the target in (c) is more
salient than the target in (d).

2.5 Competition pool of attention

In this module, di®erent groupingsare dynamically formed on di®erent layersof
pyramids and compete for attention selectionfrom the coarsestlevel to the ¯nest
level by visual saliencyinteracting with top-down attentional biasing. The output
is the dominant signal of the competitiv e winner(s) which is used to control the
preferential processingor selectivitiesof visual attention. According to [15,16,24],
the competition for visual attention can occur at multiple processinglevels from
low-level feature detection and representation to high-level object recognition in
multiple neural systems.Also, \atten tion is an emergent property of many neural
mechanisms working to resolve competition for visual processingand control of
behaviour\ [15]. The above studies provide the direct support for the integrated
competition for visual attention by binding object-selection,feature-selectionand
space-selection.The grouping-basedsaliencycomputation and hierarchical selec-
tivit y processproposedhere, therefore, is a possibleapproach for achieving this
purpose.Hierarchical selectivity operateson bottom-up visual saliencefrom var-
ious groupings on each pyramid layer in the space-timecontext and top-down
attentional setting. The outline of top-down attentional setting logic is shown in
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Figure 5. It is implemented asa control setof four attentional statesfor the current
bottom-up visual input at any competitiv e moment:

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

(2) Negative priming which is contrary to positive priming;
(3) Aimless or free state in which visual attention presents 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 moment. It
meansno visual attention is available.

As pointed out in [34,51],top-down priming and bottom-up visual saliencyboth
play important biasing roles in attention capture. Top-down biasing signalsa®ect
the competition for selective attention by increasingor decreasingthe baselineof
neural activit y. Until su±cient psychophysical ¯ndings are found to show 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 competitiv e neural network such as a WTA
(winner-take-all) network, a top-down setting could be implemented by installing a
dynamic threshold for neuron¯ring but the overall computational cost for dynamic
attention competition is expensive.A complexstructure with an enormousnumber
of neuronswith population competition is needed.

The solution presented here is to implement attentional setting via a threshold
at the decision-points in the hierarchical selectivity process.Top-down attention
setting here plays two roles: one is top-down biasing for globally and locally at-
tentional competition; another is an intention requestof whether to \view details"
of a grouping (e.g. its sub-groupings)when attention is deployed at a grouping.
However, top-down priming for special objects or groupings is very complicated
sinceintricate object recognition from higher level processingis at least required.
At present, 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 also includes
intensity) and orientation top-down biasing and one °ag for \view details". Each
°ag encodesthe statesof its correspondingly top-down signal. For colour and ori-
entation °ags, \00" is the default casein which all groupingscompete for visual

Top-Down 
Attention
 Setting


Expectance Case
 Default Case


Positive

Priming


Negative

Priming


Aimless
 Unavailability


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" encodespositive priming in which all
groupingswith the positively primed feature preferentially compete for attention
and at the sametime other competitors are suppressed;\10" encodes negative
priming which is the inverseto positive priming; \11" is the unavailable state in
which all groupingshaving thesefeaturesare prevented 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 current 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 unattendedgroupingsthat lie at the samecoarserresolution as
the parent 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 competitiv e moment. The competition for
visual attention occurs¯rst amongthe coarsestgroupings(existing at the coarsest
resolution) by global competition. Through a WTA (Winner Take All) mechanism,
visual attention is ¯rstly deployed to the winning competitor. Then, a top-down
or goal-driven (request) control 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" mechanism which prohibits attention from in-
stantly returning to a previouslyattendedwinner. The priorit y order for generating
the next potential winner is:
(1) The most salient unattendedgrouping that is a sibling of the current attended

grouping.This winning grouping hasthe sameparent asthe current attended
grouping and both lie at the sameresolution.

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

(3) The backtracking continuesif the above is not satis¯ed.
Temporary inhibitions to the attended groupings can be used to implement in-
hibition of return. More elaborate implementations may introduce dynamic time
control into di®erent winners so that somepreviously-attendedgroupingscan be
visited again. But herewe are only concernedthat each winner is attended once.

If continuing to check the current attended grouping, the competition for atten-
tion basedon bidirectionally bottom-up and top-down interaction by local competi-
tion is triggered¯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 salient
sub-groupingwins visual attention.
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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 continuing to examine the particulars of this
grouping/sub-grouping,another local competition triggers. When \continuing" to
check an attended grouping/sub-groupingis requested,if there is no sub-grouping
existing at the current or a ¯ner resolution, hierarchical selectivity goes back to
the parent of the current attended grouping. At this moment, the same\continu-
ing/shift" attention occurs.This \continuing/shift" recursive procedurecontinues
until the desiredgoal is reached or all groupingsin a sceneare attended.

As we mentioned before, the grouping saliencecomputation is independent of
how to segment the groupings in a scene(Section 2.4). The mechanism for hi-
erarchical selectivity is also independent of what/how a segmentation is used at
multiple resolutionsor a singleresolutionfor a scene.The choiceof segmentation or
grouping method is not included in thesetwo mechanisms.Hierarchical selectivity
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1. competition beginsamong the coarsestgroupings at the coarsestresolution;
2. 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. check the colour-°ag and orientation-°ag and apply corresponding top-down processing

to modify the activestatesof the groupings(details arenot implemented in this paper);
5. all (modi¯ed) groupings compete for attention;
6. attention is directed to the winner (the most salient grouping) by the WTA rule;

set \inhibition of return" to the current attended winner;
7. 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 (\view details" °ag=0) (i.e. continue 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 back to the parent of the current attended winner and goto step 2; g

12. stop.
Table 2 The algorithmic description of hierarchical selectivity

runs on a given segmented sceneand is driven by both the top-down attentional
setting and the current distribution of the given segmentation and the correspond-
ing salience.Switching attention betweengroupings/sub-groupings(and between
the coarseand ¯ne resolutionsif multiple resolutionsare used) is then controlled.
A diagram summarizingthe recursive procedurefor hierarchical selectivity is given
in Figure 6. Its algorithmic description is given in 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-
groupings to sub-groupings/groupingscan be easily carried out. Another is that
the model may simulate the behaviour of humans observingsomething from far
to near and from coarseto ¯ne. Meanwhile, it also easily operates at a single
resolution level. In addition, a declaration we made here is that the top-down
attentional setting in hierarchical selectivity is not completely implemented in this
paper although its possibleapproach is given in the algorithm. Except of \colour-
°ag=00", \orientation-°ag=00" and \view details °ag", other caseswill be realized
in the future.
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Support for this approach to hierarchical selectivity has been found in recent
psychophysical research on object-basedvisual attention. It has beenshown that
featuresor parts of a singleobject or grouping can gain an object-basedattention
advantage in comparisonwith those that are separatedfrom di®erent objects or
groupings.Also, visual attention can occur at di®erent levels of a structured hi-
erarchy of objects at multiple spatial scales.At each level all elements 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 been suggested[4] 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 involves in a lot of in°uence factors including top-down interfer-
encein many conditions. Thesefactors work together to a®ecthow groupingsare
segmented, such as spatial proximit y, similarit y, commonfate, sharedproperties,
and even experienceand learning [68, p.257-309].In many cases,the rules for seg-
mentation and interpretations of groupings are associated with visual tasks and
experience.Nevertheless,study of this ¯eld is out of the current scope of our re-
search. The groupings used in this paper are produced by manual preprocessing
basedon Gestalt principles and heuristic knowledge,to provide the basis for ex-
periments with our attentional model. The principles of grouping usedare some
commonrules:proximit y, closure,continuity, commonfate, familiarit y, and shared
properties.A visual groupingis de¯ned asan e®ectivehierarchical structure formed
by all components accordingto theseprinciples. For example,objects which share
a commoncolour or orientation and are separatedfrom their surrounding which
doesnot sharethis colour or orientation may be organizedas a grouping. Objects
belonging to a large group or sharethe samespatial location may be segmented
into a multi-level structured grouping. In Figure 14, the white stripesin the road
are grouped into three groupingsby their familiarit y. The four cars are organized
as a grouping by their common fate. Two people are grouped together by their
proximit y.

In fact, the \grouping" we are addressinghere is the \p erceptual units" which
serveasthe potential units of attention. For object-basedattention, it is the \proto-
objects" produced by various segmentation processesrather than the conceptual
or recognizable\ob jects" we commonly experiencein real word. \Evidence sug-
gests that `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 segmentation processesoccurs 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 evaluation of our object-basedattention model, we ran a number of
experiments basedon synthetic and natural images.

3.1 Performance in synthetic images

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

3.1.1 Neighbourhood in°uence on a grouping
Many psychophysical studiesof visual attention (especially on object-basedat-

tention) have suggestedthat visual search is greatly a®ectedby the attribute dis-
tribution and interaction betweentarget and its surroundings(see[4,70,94]for a
detailedexplanation).Thesee®ectsareclearly observedin experiments testing sim-
ilarit y or sharedfeature dimensionsbetweentarget and non-target and homogene-
it y or heterogeneity of non-targets themselves.When the distractors surrounding
the target are more homogeneousto each other and share lessfeatureswith the
target, search becomesmoree±cient or accelerated.Perceptualgroupingalsoplays
an important role, by which distractors are grouped by type so stronger grouping
strength leadsto easierpop-out [20,55,59].

We designedthree kinds of experiments to test the model performance.The ex-
periments probe the saliencevariation of the target in responseto the surrounding
changing without top-down attentional priming. It is also not necessaryto calcu-
late the target's salienceon all resolution levels.For a demonstration,it is su±cient
to compute the target's salienceon the coarsestresolution and set the top-down
attentional setting to the free-stateby default. (This kind of considerationruns
through the following synthetic experiments by default.)

Exp erimen t 1: The scalinge®ectof uniform neighbours
The experimental method is that the target is located at one place and kept

¯xed. Then we add more and more homogeneousneighbours which have at least
one feature di®erent to the target. The goal of this test is to prove that when the
number of such homogeneousneighbours 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-experiments to examine
the model performance. In experiment A and B, the created imagesare all of
256£ 256and the target is always a red bar located at the center of the displays.
Greenhorizontal bars are gradually addedin the neighbourhood of the target and
kept homogeneous.Comparedwith experiment A, the target in experiment B is
vertical. So,the target is di®erent from its neighboursby only onefeatureof 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 used in each sub-experiment.
The related results of each experiment are shown in the right graphs respectively.

in experiment A, two featuresof colour and orientation in experiment B. Features
consideredin the computation of the target's salienceare colour and orientation.
Both distractors and background take part in the saliencecomputation of the
target. That is, the target's salienceis derived from the contrast not only between
the target and distractors but also betweenthe target and background. Figure 7
shows several created imagesand the results of the target's saliencein thesetwo
experiments.

Discussion: The results from experiments A and B clearly show increasingtar-
get saliencewith increasinghomogeneousneighbours (greater strength of neigh-
bourhood). This is consistent with the ¯ndings from psychophysical experiments.
Furthermore, the curve in experiment B ascendsfaster than that in experiment
A (notice the di®erent scalesof Y-axes in experiments A and B). It is suggested
that uniform neighbours sharing fewer features with the target make the target
more salient and henceattract more visual attention. We also did another exper-
iment basedon experiment A (not presented) 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 erimen t 2: The e®ectof coherencein 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 homogeneous.We
producedtwo seriesof test imageswith size256£ 256 for two sub-experiments. In
the ¯rst sub-experiment moreand moreitems surroundingthe target changecolour
to be the sameas that of the target. The target's saliencecomesfrom its compar-
ison with all other circles and greenbackground. In the secondsub-experiment,
the neighbour items becomeorthogonal to the target one by one. In this sub-
experiment, the salienceof the target is derived from its comparisonwith all other
red bars and black background. To remove the e®ectof distancevarying 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 horizontal red bar is rotated to vertical, its distance
remains the sameas before. Several imagesand the results of theseexperiments
are given in Figure 8.

Discussion: The resultsshowsthat the target's saliencebecomesweaker asmore
neighbours share the samecolour as the target in experiment 2-A, but stronger
as more neighbours turn orthogonally to the target in experiment 2-B. The rea-
son is that in experiment 2-A the strength of grouping basedon the colour green
within the target's homogeneousneighbourhood becameweaker while the strength
of groupingbasedon colour red is stronger.In experiment 2-B, although the neigh-
bours form two typesof groupings,the newcontinuously growing grouping did not
a®ectthe neighbourhood homogeneity but enhancedthe contrast to the target. In
fact, both experiments have the samenature but re°ect di®erent aspects of the
e®ectof the target's neighbourhood. The result of experiments 1 and 2, aspointed
out in [21,43]and other researches on object-basedvisual attention, have shown
that stronger grouping distractors and greater di®erencesbetweenthe target and
distractors enablethe target to be sought moree±ciently. In other words,stronger
contrast betweenthe target and its neighbourhood makesthe target more salient
to capture visual attention in the bottom-up competition.

Exp erimen t 3: E®ectof the target neighbourhood heterogeneity
This experiment examinesthe performanceof the model in heterogeneouscir-

cumstances.In theory, the target should be less salient with a more disorderly
distribution of the neighbourhood. The method usedhereis similar to the two pre-
vious experiments. The red vertical target was initially located at the center of a
homogeneoussurrounding in which the samecolour barsareorthogonal to the tar-
get. After that, we gradually varied the neighbours' orientations to createa series
of moreand moreheterogeneousdisplays. Oneexperiment is shown 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
background. Although we do not give results from all the experiments, the overall
experimental results are similar to that in Figure 9.

Discussion: The resultsshown in the bottom diagram in Figure 9 indicate that
the target's saliencedecreaseswith the growing heterogeneity of its surroundings.
This meansthat the e±ciency of visual search becomesworseand worse.Notice
that the downtrend of salienceis much steeper in the ¯rst four steps and tends
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Fig. 8. Model performancewhen varying attributes of target's neighbours in a homoge-
neousenvironment. 2-A: the target is a red circle located at the center 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 center of the display and its neighbours changeto the orientation
orthogonal to the target. Left column: ¯rst test display. Middle column: 8th test display.

Fig. 9. Model performancein an oriented heterogeneousenvironment. The target is the
red vertical bar located at the center of the display. Its neighbours becomemore and
more heterogeneousby gradually varying their orientations from the target and each
other. Two members of the sequential displays are shown here.
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to a mild decline afterwards. The saturated tendency e®ectis not surprising but
expected.The Gabor ¯lter for orientation extraction usedhere is sensitive to four
orientations of 00, 450, 900, and 1350. When the number of disorderly orientations
exceedsfour directions, the result is an almost saturated weight ! in equation
(19) (seeSection2.4.2)because! is limited by the maximum di®erent orientations
(4 here). This ! is used to evaluate the orientation disorder within an object's
neighbourhood. Another observed phenomenonfrom the graphsin Figure 9 is that
the main contributor to regularly reduce the 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 each pixel within each distractor grouping in this experiment produced
only a tiny e®ectin the colour contrast 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 noisebackground, varying target orientation from
0 to 360degree[66], and the eccentricit y of the target location [94]. The resultson
theseexperiments are compatiblewith the corresponding ¯ndings from the human
psychophysicsliterature.

3.1.2 Grouping e®ect and related hierarchical selection
Figure 10 shows 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®erent orientations. If we do not useany
groupingrule, each bar may form a singlegroupingby itself. Then weobtain 36sin-
gle groupings.If segmenting the display by sharedorientation, the only structured
grouping is formed by the 3 vertical bars, which includes the red target (forms
onesub-grouping)and other two vertical greenbars (forms another two-level sub-
grouping). In this way, 34 top groupings(38 in total) canbe obtained:a structured
three-level grouping (contains 4 sub-groupings)and 33 singlegroupingsformed by
other distractors respectively. The resulting saliencemapsand attention sequences
for thesetwo segmentations are given in Figure 10. The background, colours,and
orientations are consideredin the saliencecomputation. The top-down attentional
setting is set to the free state, so this is pure bottom-up attention competition.

The results show di®erent ordersof paying attention to the targets. The target
belongingto a grouping (seeFigure 10 (C1), (C2), (C3), (C4), and (C5)) has an
advantage in attracting attention much more quickly than the non-grouped. The
competition starts amongdi®erent groupingsin the display. The structured group-
ing of 3 vertical bars is the most salient comparedto others and obtains attention
¯rstly . Then the competition occurs within this grouping betweenthe target and
another sub-groupingformed by the two vertical but di®erent colour bars. Atten-
tion is directed to the sub-groupingsaccording to their salienceorders when we
do not consider top-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 example for 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
salient bars for B1. C1: saliencemap in the caseof grouping. C2, C3, C4: saliencemaps
of the grouped bars. C5: partial attention sequenceof most salient bars for C1. B, C:
saliencehistograms for B1 and C1 respectively. Note target is attended after 7 shifts in
B2 but only 3 in C5.

petition hasbeencon¯rmed by psychophysical research on object-basedattention
[4,78].

3.2 Performance in natural scenes

In the previous section we examinedseveral aspects of our attentional model
by using somearti¯cial imagesand successfullycomparedour results with related
¯ndings in psychophysical research. To investigate the model in complex natural
scenes,we used colour outdoor photographs taken with a digital camera. The
implementations for both of \from coarseto ¯ne" and \from far to near" human
eye simulations in thesereal imagery are described 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®erent resolutions. The salience
maps is shown too and the grey scalesindicate the di®erent saliencesof the groupings.

3.2.1 Hierarchical Selectivity
As suggestedin [78],\there may bea hierarchy of units of attention, rangingfrom

intra-object surfacesand parts to multi-ob ject surfacesand perceptual groups".
Hierarchical selectivity is a novel mechanismdesignedfor shifting attention from a
grouping to another oneor from a parent grouping to its sub-groupingsas well as
implementing attention focusingfrom far to nearor from coarseto ¯ne. It canwork
under both multiple (or variable) resolutionsand single resolution environments.
Resolutionscan be either scaledby pyramid decomposition schemeor by digital
camera.Herean outdoor sceneis 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 shack
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=½parameterfor Gaussiandistance
is set to 25%and the Gabor ¯lter is sensitive to 4 orientations [00; 450; 900; 1350].

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

If the answer is \no", the model will check 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 shack hasno sub-groupings,attention
switches again to the coarseimage and checks if there exists any next winner.
Thus the boat groupingobtains attention. In the sameway asattending the shack,
answering \y es" to the \view details" °ag attention shifts to its sub-groupingsin
the ¯ne image.At this moment the competition for attention triggers among the
seven sub-groupings.Attention is deployed to thesesub-groupingsby hierarchical
selectivity. The saliencemaps computed for thesegroupingsare shown in Figure
11 and the sequenceof attention deployments is shown in Figure 12. The attention
deployment tra jectory shown in Figure 12 reveals reasonablemovements for this
natural scene.

3.2.2 Hierarchical Selectivity From Coarse To Fine
The imagepresented in Figure 13 has512£ 512pixels and contains many struc-

tured objects and groupings. The pyramids in the model used here have three
layers, ranging from resolutions128£ 128 to 512£ 512.The Gabor ¯lter was set to
be sensitive to 4 orientations [00; 450; 900; 1350]. The 1=½parameter for Gaussian
distance was set to 50%. The model ¯rstly extracted colours, intensity, and ori-
entations 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 meaningfulgroupingsof objects werecreated
manually by preprocessingaccording to Gestalt grouping rules (seesection 2.6).
Figure 14 shows the identi¯ers of the di®erent groupings in this image. The nu-
merals pointed to by each white arrow denotesthe identi¯er of each grouping at
multiple resolutions.The groupingswhich have the samepre¯x identi¯er belong
to the sameparent grouping. The depth of each grouping is the index of its array
mark. For example, identi¯er 1-1 indicates that this is the ¯rst sub-groupingof
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 sameparent groupingNo. 1-1.
The black circles or ellipsesare used to conveniently distinguish di®erent group-
ings(object(s) in the circles)and not the groupingboundaries.When viewing these
groupingsat di®erent resolutions,somegroupings/sub-groupingswill disappear at
the lower resolution. The hierarchy of groupingsis shown in Figure 14 and Figure
26 which is discussedlater.

The top-down attention setting wasalways set to the freestate in this test. The
decision-points during hierarchical selectivity to drive whether or not viewing the

31



Fig. 14. The identi¯ers of groupings in the given photograph.

Intensity Pyramid


Fig. 15. The intensity pyramid built from the photograph given in Figure 13.

details within a grouping were always answered \Y es". Although this may make
hierarchical selectionlook like an exhaustive exploration, the generalperformance
of the model can be inspected in detail and completely (seethe next section for
an alternative implementation in this view). As we discussedin section 2.5, the
control 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 stripes in 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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Orientation Pyramids


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 control. In the more normal scenes,top-down priming proposedfor
the \view details" °ag will control choiceto producemore interesting behaviour.

Here, the competition for visual attention was ¯rstly triggered at the coarsest
resolution,namely the highest layer of the pyramids. During the attentional move-
ments, shifting into the higher resolution (lower layers of pyramids) or switching
to the lower resolution (higher layersof pyramids) dynamically changeddepending
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Fig. 18. Salienceof the attending grouping and competing groupings, as well as the se-
quenceof attentional movements. 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 each slide shows a zoomed view
of the objects. The red circle/semi-circle indicates the focus of attention. The grouping
identi¯ers are also given in each panel.
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Fig. 19. Continued slidesof Figure 18
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Fig. 20. Continued slidesof Figure 19

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

task, etc. and is not implemented here.The results of the model performing on all
resolution levels are shown in Figures18, 19, and 20.

At each attentional deployment, we show the entire or unitary salienceof the
grouping which is currently being attended. When the related groupingsare ready
to competefor visual attention wepresent the degreesof their individual salience(in
shadesof grey) in comparisonwith all other competitors. The brighter a grouping
is, the more salient 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 competes for attention using its entire salienceintegrating the strength
of all its components. Thus, the salienceshown is the groupingsaliencerather than
that of each pixel within the grouping. However, our grouping-basedcomputation
approach can also be applied for spatial attention if we considereach 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=½parameter for Gaussiandistancefor
this experiment is set to 2%.

According to the obtainedresults,the order of attention shifts is shown in Figure
22.We cansee,the attention movements basicallycoincidewith the saliencedi®er-
encebetweenthe objects in the scene.Somegroupings,such as grouping 6, which
consistof several 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 membersor components or from their surroundingswhich may
be useful to compete for attention at the ¯ner resolutions.So generally, they lost
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Fig. 22. The overall tra jectory of attentional movements of the model in multiresolution.
Red arrows show attentional shifts from one grouping to another. Yellow and purple ar-
rows show attention switcheswithin groupings.The circlesdenotesthe locusof attention.

somepossibleadvantageswhen at the ¯ner resolutions.

3.2.3 Hierarchical Selectivity From Far to Near
Threecolour imagesshown in Figure 23aretakenusingdi®erent resolutionsfrom

far to near distance(64£ 64, 128£ 128,and 512£ 512) for the sameoutdoor scene.
The sceneis segmented (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
hierarchically structured exceptgrouping 4. In the coarsestimage,only grouping 6
(one boat including two people)can be seen.In the ¯ner image,sub-groupings5-1
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 shown in Figure 23 wheredarker grey shadesdenotelower salience.

The competition ¯rst occurs among the top groupings at the coarsestscene.
The most salient 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®erent distances.The dotted circles are usedto
identify groupingsbut not their boundaries.The sequenceof saliencemapsusedfor each
selection of the next attended grouping is shown at the middle. Attention movements
driven by hierarchical selectivity is shown at the bottom using a tree-like structure.
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Fig. 24.The attention movements implemented for the outdoor scene:blue 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 given too 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 continuing to view the remainderof grouping2, 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
where5-1 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 check its details. Then attention goesback to the previous¯ner resolution
sceneand shifts to 5-1. After that, attention shifts again to the ¯nest resolution
scene.Thus the smallest boat 5-2 at the ¯nest resolution is attended. Figure 23
shows the overall behaviour of the model performedon the scene.Using this same
scene,when stronger and stronger noise was added above ¾ = 17 for Gaussian
noise, the order of the attention movements changed.The above results clearly
show hierarchical attention selectivity and appropriated believable performancein
a complicatednatural scene.In addition, although this model is aimedat computer
vision applications,the resultsarevery similar to what we might expect for human
observers.The attention movements shown in Figure 24reveal the reasonableshifts
of visual attention for this natural scene.

3.3 Improved behaviour of hierarchical selectivity in natural scenes

We have shown the model performancein the complexnatural scene.For a com-
pleteexamination,wegavea positiveresponseto each \view details" °ag. However,
somesmall stripes(on the road) may be irrelevant to the current visual task and
are thus unnecessaryto attend in turn. Also sometiny unreadablecharactersare
probably not worth notice by the observer. One possibleway to improve the per-
formanceon thesetargets is to incorporate a top-down recognition component or
learning processto producea control function with reasonablesaliencethresholds
accordingto di®erent environments and visual tasks. Our current model doesnot
yet implement this complicated top-down control. Instead, we proposean 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 movements in hierarchical se-
lectivit y working on a hierarchical scenecontaining three structured groupings.In
this diagram, groupingsA, B, and C have a decreasingsalienceorder and the left
sub-groupingshave greatersaliencethan their right siblings.That is, the saliences
of A1, A111,B1, and C1 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 check °ag of the top-down attentional setting \view details".
Then there are multiple (here four) possibledestinations of the next attention
movement, shifting to A112, A12, A2, or B (as shown in the diagram). In our
previousstrategy, the most salient sibling of A111 (i.e. A112) would win the next
attention if a positive answer is checked from the \view details" °ag of A11. This
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Fig. 25. Diagram of attentional movements in hierarchical selectivity operating on
multi-lev el structured groupings. Red arrows: attentional movements. Blue arrows:
feed-back checker of \view details" °ag. Green arrows: possiblewinners competing for
the next attention.

strategy has advantagesof simplicity and following the closestprevious top-down
setting to the higher level grouping (the parent A11 of A111). Herewe present an
improved strategy for such hierarchical attention shifts.

SupposeS(X ) represents the salienceof any grouping X . AssumeA and B are
the most salient of the competitiv egroupingsand 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 sameclosestparent be decreasingfrom the left to the right. Let A i 1 ;i 2 ;:::;i j

be the current attended sub-groupingat the level j of A. When i = 0 or j = 0,
A i 1 ;i 2 ;:::;i j = A. Thus the ¯rst level sub-groupingsof A are : : : A i 1 A i 1+1 : : :, the ¯rst
level sub-groupingsof A i 1 are : : : A i 1 ;i 2 A i 1 ;i 2+1 : : :, and the rest is deducedby this
analogy. Clearly, all sub-groupingsleft of A i 1 ;i 2 ;:::;i j have already beenattended or
ignored.A i 1 ;i 2 ;:::;i j +1 is the most salient unattended sibling of the current attended
grouping and A i 1 ;i 2 ;:::;i j ¡ 1+1 is the most salient unattended sibling of its parent.
When attending A i 1 ;i 2 ;:::;i j , if a negative answer is given to the \view details" °ag
of top-down attentional setting or this sub-groupinghasno child, the next potential
winner to gain attention is producedby the following rules:

(1) if A i 1 ;i 2 ;:::;i j +1 = A then attention shifts to grouping B;

(2) otherwiseattention shifts to the sub-groupingX with salience:
S(X ) = M AX f S(A i 1+1 ); S(A i 1 ;i 2+1 ); : : : ; S(A i 1 ;i 2 ;:::;i j ¡ 1+1 ); S(A i 1 ;i 2 ;:::;i j +1 )g (23)

We applied this improved hierarchical selectivity to the natural sceneshown
in Figure 13. Here the entire sceneis re-segmented into seven top groupings, as
shown in Figure 26 (Graph B) by di®erent colour lines. The identi¯ers of di®erent
groupingsand their sub-groupingsarealsogivenin Graph B. Certain sub-groupings
which are segmented within each top grouping are identi¯ed and the remainder
(such as greengrassin grouping 7 or trees in grouping 3) are denoted\others" in
Graph A of Figure 26.The \view details" °ags of the parent groupingsof the small
white stripes in the road, trees in 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.Thusmost sub-sub-
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Fig. 26. The overall attentional movements on the natural sceneproduced by the im-
proved strategy for hierarchical selectivity. Red arrows with a hollow circle indicate that
attention goes to a top grouping and then shifts to the sub-groupingsrespectively. The
dotted ellipsesare not the sub-grouping boundariesand only usedto conveniently show
attention movements.
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groupingssuch as those within sub-groupings6-1, 6-2, and 6-3 of top grouping 6
arealsoabbreviatedas\others" in Graph A, exceptseveral ¯rst attendedsub-sub-
groupings(for example,grouping 6-1-1). The 1=½parameterof Gaussiandistance
is set to 25%for the global competition betweenthe seven regionsand 4% for the
local competition within theseregions.

Through the improved hierarchical selectivity, more natural attentional move-
ments are clearly seen(Graph C in Figure 26. Note here attention is assumedto
shift to the center of massof the attendedgrouping). The completehierarchical se-
lectivit y procedurefor this sceneis shown in Graph A in which the representations
have the samemeaningsas those in Figure 25.

4 Conclusion

The mechanisms of object-basedand space-basedvisual attention have been
widely investigated in psychophysics and neuroscienceresearch, however, mod-
elling visual attention in computer vision is a quickly growing ¯eld, especially for
building computablemodels of covert attention. Until now, to our knowledge,al-
though somecomputable models for space-basedcovert attention such as Koch
and Itti's saliency-basedattention model [54,46]have beensuccessfullybuilt, no
computational model for object-basedattention hasbeendeveloped.

Wehavepresented a computablemodel of hierarchical object-basedattention for
computer vision. It suggeststhat object-basedand space-basedattention can be
integrated by using grouping-basedsalienceto deal with dynamic visual tasks.By
using the integrated competition of proto-objects basedon groupings,the selectiv-
it y of attention by objects, locationsand featurescancooperatively work together.
We demonstratedthe behaviour of the model on a number of synthetic and real
images.The experimental results showed that its performanceconcurswith the
main ¯ndings in the psychophysical literature on object-basedor space-basedvi-
sualattention. Also, the model shows a good performanceof selectivity by objects,
by features,by spatial regions,and by their groupingson complexnatural scenes.
Such successfulperformancesdepend on three factors that we proposedhere:
² grouping-based saliency evaluation
² integrated competition between groupings
² hierarchical selectivity

With the grouping-basedsaliencymechanism, the pop-out of objects and their
groupingscan be evaluated in a uniform computational framework. By using hi-
erarchical selectivity to drive attentional movements, 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 paper is the ¯rst implemented model of object-basedvisual attention
and of integrated object-basedvisual attention with space-basedvisual attention
in computer vision.

However, therearestill several limitations to the current model besidesthe above
strengths.Onelimitation is that wehavenot yet built a satisfactorymethod to deal
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with the groupingprocessing.This is a great challengenot only for visual attention
but also for computer vision. Another limitation is that we did not present here
a completetheory of goal-driven e®ectson visual attention, which is necessaryfor
understanding visual attention. Lastly, if we use a resolution-varying or retina-
like operator at each attention movement, the model will simulate the attention
behaviour of human eyes better, becausehuman eyes have decreasingresolution
from the fovea to the periphery of the retina. We are currently investigating these
points.
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