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Abstract

Many computer vision problems can be consideredto consist of two main tasks: the extrac-
tion of image cortent descriptions and their subsequen matching. The appropriate choice of
type and level of description is of coursetask dependen, yet it is generally acceptedthat the
low-level or so called early vision layersin the Human Visual Systemare context independert.

This paper concerrates on the use of low-level approaces for solving computer vision
problems and discusseghree inter-related aspects of this: saliency; scaleselectionand content
description. In cortrast to many previous approaceswhich separatethesetasks, we argue that
thesethree aspects are intrinsically related. Basedon this obsenation, a multiscale algorithm
for the selection of saliert regions of an image is introduced and its application to matching

type problems such as tracking, object recognition and image retrieval is demonstrated.
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1 Intro duction

The certral problem in many computer vision tasks can be regardedas extracting ‘meaningful’ de-
scriptions from imagesor image sequences.Thesedescriptions may then be usedto solve matching

or corresppndenceproblems such as object recognition, classi cation or tracking. The key issues
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are of coursewhat is ‘meaningful' and what form the descriptions should take. In general, the
answersto both of theseare context speci c. Yet it seemsthat the Human Visual System (HVS)
is capable of solving a variety of vision tasks with apparert easeand reliability, and if generally
acceptedmodels of the human visual system are to be believed, it does so with a common front
end (retina and early vision).

It is generally agreedthat the HVS usesa combination of imagedriven data and prior modelsin
its processing. Traditionally, di®erernt groups within the computer vision community have tended
to place emphasison one of thesetwo extremes, but it is rare to nd complete systemsthat rely
solely on a single methodology. Although the precisenature of this combination within the HVS
remainsunclear, it is widely acceptedthat early or low-level vision is quite independert of context.

One of the main models for early vision in humans, attributed to Neisser(1964), is that it
consists of pre-attentive and attentiv e stages. In the pre-attentiv e stage, "pop-out' features only
are detected. Theseare local regionsof the image which presert someform of spatial discortin uity.
In the attentiv e stage, relationships between these features are found, and grouping takes place.
This model has widely in°uenced the computer vision community (mainly through the work of
Marr (1982)) and is re°ected in the classical computer vision approad - feature detection and
perceptual grouping, followed by model matching/correspondence.

To date, there have been ditculties in realising robust vision systemsbased purely on this
model. The problems seemto arise mainly in the grouping stage. For the matching stageto work
e®ectiely, the grouping must re°ect the structure of the object(s) under test. Howewer, in the
generalcaseit seemsditcult to achieve this purely from image data, without additional context-
speci ¢ constraints. Segmemation algorithms are often used to solve low-level pixel or feature
grouping problems. Although signi cant progresshas beenmadein the analysisand formalisation
of the segmetiation problem, for examplethe MDL approach of Leclerc (1989), asusedin Region
Competition by Zhu and Yuille (1996), it remains notoriously dixcult in the general case. For
example, in the caseof object recognition, it seemsnecessaryto selectthe correct parts of an
image to extract descriptions from, without rst “knowing' where and what the object is; that is,
it is necessaryto know which pixels belongto the object of interest.

Finding the optimal segmetation is ditcult becausethe seard spaceof possiblepixel groups
is too large, especially in algorithms that use multiple feature maps and so a sub-optimal seard
is usedto make the problem tractable. Also, no single de nition of segmemation (e.g. piecewise
homogeneousntensities) suxcesin practice and the automatic model selectionproblem is ditcult

to solve.



Recerily, it has been suggestedthat purely local information could be sutcient to describe
image content, (Schiele, 1997, Schmid and Mohr, 1997). Motivated primarily by the approacd
taken by Swain and Ballard (1995), Schiele (1997) has demonstrated very good object recognition
and classi cation performance using local appearancedescriptors without perceptual grouping of
any kind. The method works by building multi-dimensional histograms for local feature responses
acrossthe image at multiple scales. The object is identi ed by matching these histograms to
those stored in the database. The proposedframework achievesgood recognition rates of objects
in cluttered scenes,although in their examples, the clutter comprisesother objects within the
databaserather than arbitrary “badkground'.

There are, however, limitations to a purely local approach. One can think of many instances
where the structure of the features plays a signi cant part in the description of the object. For
example, objects such as computer keyboards that comprise tessellated copies of local features.
Another problem with the Sdiele algorithm is that position information is not recovered, sinceno
correspondenceis calculated betweenthe model and the image. In order to addressthis problem,
Sdhiele proposesan extension of the algorithm basedon the obsenation that certain feature loca-
tions of the object under test are more discriminating or salient than others. Thesecould be used
to identify possiblelocations of the object within the scene. Furthermore, by looking for a net-
work of such saliert points, it may be possibleto resolve ambiguities which the unstructured local
approac cannot. This idea was not implemernted at the time of the thesis, but demonstrations of
the principle were given.

In this paper, we investigate the use of low-level local approacesto vision tasks that involve
correspondenceand matching problems. We discussthree intimately related aspectsof the problem:
saliency scale and description; and introduce a novel algorithm to create a hierarchy of saliert
regionsthat operatesacrossfeature spaceand scale.

The paper is organized as follows. In section 2 we introduce the idea of Visual Saliency and
brie°y review the approaces proposedin the literature to de ne it. We then introduce Gilles'
(Gilles, 1998)idea of using local complexity asa measureof saliency In section 3 we report results
using this method on a range of image source material 1, and identify a number of limitations
and problemswith the original method. Having identi ed scaleasa fundamental problem, Section
4 discussesthis issue and a novel algorithm for assessingthe saliency of local image regions is
introduced which operates over feature spaceand scale. In section 5, we introduce the idea of

identifying volumesin saliency spaceto improve robustness. We demonstrate the operation and

1Gilles was primarily interested in the matching of aerial images.



properties of the algorithm (such asrobustnessto scale)on a number of simple exampleapplications
in section 6. In these examples,we have deliberately useda minimal set of prior assumptionsand
omitted enhancemets of the basic method, in order to highlight the performanceof our technique.
For example, in the surveillance sequenceexperiment we have not assumeda xed cameranor a
“xed ground plane despite these being reasonableassumptionsto make. Also, the addition of a
Kalman or Condensation (Blake and Isard, 1997) tracker to the method would further improve
the performance of the method; we are currently investigating the combination of these methods
with our algorithm and will report results in a future paper. Finally, in section 7 we discussthe
relationship betweenthe described approac to low-level saliencyand the problem of image content

description.

2 Visual Saliency

Visual saliencyis a broad term that refersto the ideathat certain parts of a sceneare pre-attentiv ely
distinctiv e and create someform of immediate signi cant visual arousal within the early stagesof
the HVS. See gure 1. The term “pop-out' (Julesz, 1995)is usedto describe the visual saliency
processoccurring at the pre-attentiv e stage. Certain visual primitiv esare immediately perceiable
- they "pop-out'. (Treisman, 1985) reports on a number of experiments that identify which visual
features “pop-out' within the HVS.

Numerousmodels of human visual saliency(sometimesreferredto asvisual seard or attention)
have beeno®eredin Cognitive Psydcology and Computer Vision. However, the vast majority have
tended to be only of theoretical interest and often in those casesthat were implemented, only
synthetic imageswere used. In contrast, we limit our discussionhereto work that hasbeentested
on real images. A good review may be found in (Milanese, 1993).

The idea of saliencyhasbeenusedin a number of computer vision algorithms, albeit implicitly .
The early approac of using edgedetectors to extract object descriptions embodies the idea that
the edgesare more signi cant than other parts of the image. More explicit usesof saliency can
be divided into those that concerrate on low-level local features (Schmid et al., 1998), and those
that compute saliert groupings of low-level features (Sha'astua and Ullman, 1988); though some
approades operate at both levels (Milanese, 1993). This paper focuseson the former, since the

latter is more a task of perceptual grouping.



2.1 Geometric features

One popular approad is the developmert of so-calledInterest point detectors. Thesetend to be
based on two-dimensional geometric features often referred to as Corners 2. Schmid and Mohr
(Schmid and Mohr, 1997) select Interest points using the Harris Corner detector (Harris and
Stephens,1988), and then extract descriptors at theselocations for an image retrieval application.
Corner features are used becausethey are local (robust to occlusion) and are relatively stable
under certain transformations. It is also claimed that they have high “information content’. In
(Schmid et al., 1998) the authors compare di®erent Interest point detectors for their repeatability
and information corntent; the latter is measuredby consideringthe entropy of the distribution of
local grey-value invariants taken around the detected Interest point.

Early Interest point detectorswere commonly applied at the resolution of the image and hence
did not have an inherent scaleparameter. Later methods however, wereimplemerted in a multiscale
framework. Examplesof suc techniquesinclude coarseto ne tracking (Mokhtarian and Suomela,
1998) and analysis of local extrema in scale-spacdLindeberg, 1994). Deriche and Giraudon (1993)
use a computational model of corner behaviour in a linear scale-spaceto extract and accurate
estimate of corner position.

Often, systemsusing Interest point approacesextract descriptors at a number of scalesusing
Local Jets (K¥%nderink and van Doorn, 1987). Howewer, such scalesare arbitrary relative to the
scale of the detector. For example, Corner features are often usedto estimate correspondences
to solve problems sudch as camera calibration. Correlations between pairs of local image patches
around the Cornersare used. Once again the sizesof theseimage patches,that is to say their scale,
tend to be arbitrary. On the contrary, we argue that scaleis intimately related to the problem of
determining saliencyand extracting relevant descriptions. In somerecent work (Dufournaud et al.,
2000) the authors link the Interest point detection scaleto the description scale. However, this
method doesnot addressthe problem of comparing saliency over di®eren scales.

We seeka more generalapproacd to detecting saliert regionsin images.

2.2 Rarty

Naturally, saliency implies rarity. However, as argued by Gilles (Gilles, 1998) the corverseis not
necessarilytrue. If everything was rare then nothing would be saliert. Gilles also points out

another problem with rarit y-basedsaliencymeasures;rarity' is intrinsically de ned by the method

2Note, these operators do not exclusively select features that are perceived to be the corners of objects; rather,

they compute sets of zero measuretypi ed by their peaked autocorrelation.



by which it is measured.If highly discriminating descriptors are used,then everything tendsto be
rare. If on the other hand the descriptors are very general,then nothing tends to be rare. Setting
the appropriate level is ditcult in general.

There are, however, a number of examplesthat use this approach. The technique suggested
by Sdiele (Schiele, 1997), is basedon the maximisation of descriptor vectors acrossa particular

image. Sdiele states that:

Thesesalient points are literally the points on the object which are almost unique. These

points maximise the discrimination between the objects.

In his recognition algorithm, Bayes' formula is usedto determine the probability of an object
0, given a vector of local measuremets my:

p(mMy j On)p(on)
p(my) @)

p(on j Mi) =
where
2 p(0y,) is the prior probability of the object o,
2 p(my) is the prior probability of the Tter output combination my

2 p(my j on) is the probability density function of the measuremen vector of object oy

The idea is that maximisation of p(o, j mk) over all Tter outputs acrossthe image provides
those points which best describe the image (in terms of uniqueness). The higher the value of
p(o, j myg) for a given point and neighbourhood in an image, the better that descriptor is for
distinguishing that speci ¢ image from all other imageswithin the database;in other wordsit is a
measureof uniqueness.In order to usethis method, the prior probability p(my) must be estimated
from the database..

In a related method, Walker et al in (Walker et al., 1998a)identify saliert featuresfor usein
automated generation of Statistical Shape/App earanceModels. The method aims to selectthose
features which are lesslikely to be mismatched. Regions of low density in a multidimensional
feature space,generatedfrom the image, are classedas highly saliert. In (Walker et al., 1998b)

the method is extendedto work with multiple training examples.

2.3 Saliency as Local complexit y

Gilles (Gilles, 1998), investigatessaliert local image patchesor “icons'to match and register two
images. Speci cally, he was interested in aerial reconnaissancemages. Motivated by the pre-

attentive and attentiv e vision model of human attention, Gilles suggeststhat by rst extracting
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the locally salient features (analogousto pop-out features) from ead of a pair of images, then
matching these, it is often straightforward to establishthe approximate global transform between
the images. If saliencyis de ned locally, then even grossglobal transforms do not a®ectthe saliency
of the features. Once the approximate transform has beenfound, a global matching method may
be usedto ne-tune the match without the matching algorithm becomingtrappedin local minima
(assuming of coursethat the saliert featuresenablethe grossmatch to be suxciently accurate).

Gilles de nes saliencyin terms of local signal complexity or unpredictabilit y; more speci cally
he suggeststhe use of Shannon entropy of local attributes. Figure 2 shaws the local intensity
histograms from various image segmets. Areas corresponding to high signal complexity tend to
have °atter distributions hencehigher erntropy 3.

More generally it is the high complexity of a suitable descriptor that can be usedasa measure

of local saliency Given a point x, a local neighbourhood Ry, and a descriptor D that takeson

is de ned as:
X

Hory = i Pb:ry (di) log, Ppry (di) (2)
[
where pp :r, (d;) is the probability of descriptor D taking the value d; in the local region Ry .
The underlying assumption is that complexity in real imagesis rare. This is true exceptin
the caseof noiseor self-similar images(e.g. fractals) where complexity is independert of scaleand

position.

3 Initial results

Motiv ated by the work of Gilles, we investigated the use of entropy measuresto identify regions
of saliency within a broad classof imagesand image sequences.Suc saliert regionsare usedto
extract descriptions which could then be usedto solve vision problems necessitatingmatching or
correspondence.In this section, we summarisethe results of applying the original Gilles technique

to a range of di®erert typesof image sourcematerial.

3.1 Image source content

Gilles was primarily interested in single, still grey-lewvel aerial images, whereaswe are interested

in colour image sequencesortaining a wide range of natural and man-made content. In general,

3Histograms are not con ned to intensity; they may be any local attribute such as colour or edge strength,

direction or phase.



aerial imagescortain featuresover a relatively small range of scales,and they exhibit little depth
variation. Consequetly, in many cases,aerial images can be treated as two-dimensional. In
cortrast to this, the imageswe are interested in contain features acrossa large range of scales.
This is partly due to the nature of the objects themselvesand partly due to the signi cant depth
variation within the scene.

The unmodi ed Gilles algorithm was applied to the following three sequences

2 DT. A surveillance-type sequenceat a traxc junction taken with a xed camera. Sequence

from KOGS/IAKS Universitat Karlsruhe 4

2 Vicky. A sequencef planar human motion (walking) againsta primarily textured badground

in a park areataken with hand-held camcorder. Contains a free hand camerapan.

2 Football. A sequencewnith multiple moving objects against a primarily textured badkground.

Contains a camerazoom.

These sequencesan be obtained from http://www.rob ots.ox.ac.uk/~timork.

3.2 Results and observations

Figure 3 contains sampleframesfrom the processedsequencesThe superimposedsquaresrepresen

the most saliert “icons'or parts of the image; the sizeof the local window or scaleand threshold used
were selectedmanually to give the most satisfactory results. In general,the results are encouraging,
with the algorithm selectingareasthat correspond well to perceptually saliert features. In the DT

sequencethis mostly coincided with the cars; in the Vicky sequencethe person'shead and feet.
Howewer, we encourtered a number of problems. First, the scale(the size of the local region over
which the entropy is calculated) is a global, pre-selectedparameter. The global scalemodel is only
appropriate for imagesthat contain features existing over small rangesof scale,as is the casefor
aerial images. The limitations of the single scalemodel can be seenin the DT sequencean gure 3,
where the scaleis clearly inappropriate for the pedestriansand the road markings. Furthermore,
this parameter should ideally be selectedautomatically. Gilles suggesteda simple algorithm that

could automatically selecta single global scaleby searding for peaksin averageglobal saliencyfor
increasing scales. This was useful in his application for identifying appropriate scalesto be used

between pairs of aerial imagesthat had beentaken at di®eren heights, but would be of limited

“Copyright (c) 1998 by H.H. Nagel. Institut fér Algorithmen und Kognitiv e Systeme. FakultAt fur Informatik.
UniversitAt Karlsruhe (TH). Postfach 6980.D - 76128 Karlsruhe, Germany.



usein the general casewhere scalevariations are much larger. As adknowledged by Gilles in his
thesis, a local scaleselectionmethod is needed.

Another problem ariseswith highly textured regionsthat contain large variations in intensity.
An example can be seenin the Vicky sequenceframe in gure 3 where many icons reside (over
time, rather unstably) on the trees and bushes. Although suc regions exhibit complexity at the
scaleof analysis, large regionsdo not correspond to perceptually saliert featuresat that scale.

We found that the algorithm is also sensitive to small changesand noisein the image. The
positions of the icons rarely remain stable over time on a salient feature; rather, they oscillate
around it. In a separateexperiment, we repeatedly applied the algorithm on the sameframe but
with independert Gaussiannoise added at ead iteration to establish how much of the instability
was due to noise and how much due to movemert in the scene. We found that noise a®ectedthe
positions of the icons signi cantly even though the positions of the features themselwes had not
changed.

The Gilles method picks single saliert points in ertropy spaceto represen saliert features.
Howewer, it is unlikely that featuresexist ertirely within the isotropic local region and henceseeral
neighbouring positions are likely to be equally saliert. In such a case,the locally maximum entropy
from frame to frame could be a result of noise rather than underlying image features. Choosing
saliert regions rather than single saliert points would reduce the likelihood of this occurring.
Incorrect local scalewould further compound this problem.

The next section preseris our work which builds on the ideasof Gilles, by addressingthe above

discussedshortcomings of the original method.

4 Scale selection

In Gilles' original method, the local scale,that is to say the size of the local neighbourhood over
which the PDF of the descriptor is estimated, was a pre-selected xed parameter. As noted earlier,
the algorithm that was proposedfor the global selectionof this value worked well for aerial images,
but alocal scalemethod is required for a wider range of image cortent. It haslong beenrecognised
that multiscale represettations are necessaryto completely represer and processimages (more
generally signalsof any kind), and there is a wealth of work relating to this issue. We next brie°y

review this area.



4.1 Multiscale representations

Linear scalespacetheory (K¥nderink, 1984,Lindeberg and ter Haar Romery, 1994, Witkin, 1983)
provides a mathematically corveniert method to generate represertations of imagesat multiple
scales. The sameframework also deals with the problem of well-poseddi®ereriation of discrete
imagesat speci ¢ scales.Justi cations for the use of Gaussiankernels are derived from (amongst
others) causality and extrema reduction. It is very widely usedasa framework for multiscale signal
processing. E®orts to deal with one of its signi cant shortcomings, namely edgeblurring at large
scales,have lead to non-linear and anisotropic methods. Perona and Malik's (Perona and Malik,
1988) method weights the di®usion by an edge signi cance metric; Weikert's Di®usion Tensor
(Weidkert, 1997)improveson this by allowing di®usionalong edgesbut not acrossthem. Generally
however, these have to be implemented as discrete approximations to di®erertial equations. They
tend to be slow and the mathematical relations betweentime and scaleare lesstractable than in
the linear case,although some progresstowards unifying these has been made by Alvarez et al.
(1992).

Wavelet represeniations are an alternative multiscale represenation. They are also very well
researtied and widely used, and have the bene't of being able to localise well in both scaleand
space. It hasbeenclaimedthat sincewaveletsconstitute an orthogonal basisthey do not satisfy one
of the requiremerts of a true scale-space that it should be possibleto establishrelations over scale
(ter Haar Romery, 1996). This may be true of the Wavelet coexcients themseleswhich represen
the detail or high-passversionsof a signal (at a certain scalerange), but the reconstruction can
be made to any arbitrary scaleby successiely summing these to the approximation or low-pass
signal. In fact the relationship betweenWavelet and Gaussianbasedscale-spacess quite strong.
The Gaussiandi®usion methods operate as low-pass Tters smoothing the original signal, whereas
the Wavelet basedmethods are basedon band-pass Iters (through successie high and low pass
operations). Many Gaussian di®usion-basedscale spacesconsider the di®erencebetween scales
as part of the processing;an early example can be found in (Burt and Adelson, 1983). This
Di®erenceof Gaussianapproximates the Laplacian pyramid which can be generatedusing the well
known Marr-Hildreth Mexican hat edge detector (Marr and Hildreth, 1979) - an early form of
Wavelet (Mallat, 1998).

Scalespacerepresettations enableusto analysethe signal of interest at di®erert scaleshowever
they do not tell us which of these scaleswe should usein subsequeh processing. We discussthis

problem next.®.

SWe do not advocate the use of a one particular scale spacerepreseration in our work. Rather we are interested
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4.2 Scale Selection

There are a number of separateissuesto address. First, which scalesare optimal and can thesebe
selectedautomatically? Second,the de nition of saliency should be extendedto work acrossscale
aswell asfeature space. Scaleis an implicit part of the saliency problem. In other words, can we
compare saliency over scaleas well asin feature space?

There are fewer examplesof scaleselectionin the literature comparedto multiscale represen-
tations. The widely adopted approad is to apply somekind of processingat multiple scalesand
useall of theseresults; an exampleis (Schiele, 1997). Howewer this leavesscaleas a free parame-
ter which increasesthe seard spacefor matching problems. In their image retrieval application,
for example, Sdhmid and Mohr uselocal con gurations of featuresto reduce the number of false
positive matches (Schmid and Mohr, 1997). Furthermore, this approadc increasesthe amount of
stored data.

It is known that features exist over a range of scales,hence can best be obsened over that
range. Lindeberg (1993, 1994) suggeststhat for Geometric image descriptors, the “best' scale
can be de ned asthat at which the result of a Di®erertial operator is maximised (from a signal
processingpoint of view this can be interpreted as maximising signal-to-noise). This idea was
showvn to improve object recognition in (Chomat et al., 2000). It seemssensiblethen to select
scalesat which the entropy is maximised. This approad is intuitiv ely plausible but only addresses
the rst of the issuesdiscussedat the beginning of this section. It doesnot provide any information
regarding the scale-spacebehaviour of the saliency of a given feature. The left-hand diagram in
Figure 4 shavsthe saliert regionsfound by maximising ertropy versusscale. The resulting features
do not represett the image objects well; if usedin a matching task the selectedfeatures would not
produce unique correspondences.

Di®erert features can produce maxima or peaksin entropy, for increasing scales,of di®erert
widths. One important question is: which is the more saliert - a feature that is obsened over a
large range of scales(a wide peak) or one that obsened over a small range? In (Bergholm, 1986)
Bergholm tracks edgesover multiple scales,an idea originally suggestedoy Witkin (Witkin, 1983);
those that survive over many scalesare deemedto be the more signi cant. This is appropriate
for edgesbecausealthough the edge has a speci ¢ scale assaiated with it in the perpendicular

direction, it doesnot in the tangertial direction.

in scaleselection and the extension of saliency to operate over scale. We have useda circular top-hat sampling kernel
to generate our scale spacefor reasonsof simplicity, rotational invariance (in the image plane) and becauseit does

not alter the statistical properties of the local descriptor.
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Howewer, in our casewe are looking for local saliert features basedon what is complex as
de ned by entropy (predictabilit y). Complexity is assumedto be rare. If an image was complex
and unpredictable at all spatial locations and scales,then it would either be a random image or
fractal-lik e. Featuresthat exist over large rangesof scaleexhibit self-similarity, which in feature
space,we regard as non-salient. Following the same reasoning, extending our saliency measure
to scale, rather than adopting the corverntional view of multi-scale saliency we prefer to detect
featuresthat exist over a narrow range of scales.

Our method works as follows: for ead pixel location, we choose those scalesat which the
erntropy is a maximum, or peaked, then weight the entropy value at such scalesby somemeasure
of the self-dissimilarity in scale-spaceof the feature.

Since we select scalesat which the entropy is peaked, the peak width could be used directly.
Howewer it is dizcult to measurethis consisterlly. Also, there are many exceptional casesthat
result in slow computation. Instead, we usethe statistics of the local descriptor over a range of
scalesaround the peakto measurethe degreeof self-similarity. There are many methods by which
PDFs can be compared, for example the Kullback cortrast, Mutual Information or A%, However,
for simplicity we have usedthe sum of absolute di®erenceof the grey-level histogram. Our proposed

saliency metric Y, a function of scales and position %, becomes:
Yp(5;%), Hp(s,%) £ Wp(5;%) 3)

where entropy Hp is de ned by:
z
Hp (s;%) , Pp (S; %) l0g, pp (S; %) :di 4)
i2D
and wherepp (s; %) is the probability density asa function of scales, position ¥ and descriptor value

i which takeson valuesin D the set of all descriptor values. The weighting function, Wp (s;%), is

Wp(s;%), s: :ng(s;x)::di (5)

de ned by: 7 = -

i2D
The vector of scalesat which ertropy is peaked, S, is de ned by:

1/2 3/4
_@Hp(s;%)
s: — P27 <
@2

Jagersandin (JAgersand,1995) and Winter in (Winter et al., 1997) have also used the notion of

S, (6)

dissimilarity between consecutive scalesto determine signi cant features. However, we de ne a

saliency metric applicable over both feature spaceand scale simultaneously, hence can compare
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the saliency of di®erert features occurring at di®erert spatial locations and scales. The right-
hand diagram in Figure 4 shows the e®ectof applying the scaledissimilarity weighting on simple
synthetic example. The value of entropy has beenweighted by the sum of absolute di®erenceof
the histograms at the peak. The addition of a scale-spacemeasurehas enabled the method to
correctly capture the most saliert featuresand scales.In a matching task, thesefeaturesare much
better, that is produce fewer incorrect matches, than those found using maximised entropy alone

(shown in the left-hand diagram in gure 4).

4.3 The Algorithm

The proposedalgorithm works as follows:

1. For ead pixel location % :

(a) For eath scales betweenspyin and Spax :

i. Measurethe local descriptor valueswithin a window of scales.
ii. Estimate the local PDF from this (e.g. using histograms).

iii. Calculate the local entropy (Hp).
(b) Selectscales(S) for which the entropy is peaked (S may be empty).

(c) Weight (Wp) the entropy valuesat S by the sum of absolute di®erenceof the PDFs of

the local descriptor around S.

The algorithm generatesa spacein R3 (two spatial dimensionsand scale) sparsely populated
with scalar saliency values.

Figure 5 shaws the results of the new algorithm applied to various images. In these examples,
the histogram of local grey-level valuesis usedas the descriptor and a global threshold is applied.
In the original single scalemethod, a signi cant problem wasthat of textures and other self-similar
texture-lik e areassudc as trees in the badkground of outdoor scenes. These would be measured
as highly salient becausethey tend to contain a large number of grey-level values in roughly
equal proportion. However, becausethey are largely self-similar, the whole area tends to be of
approximately equal saliency leading to unstable saliert icons. Furthermore, our assumption that
complexity is rare (in spatial dimensions)doesnot hold in this caseand many self-similar iconsare
chosenleading to a poor description of the image.

In the new algorithm, we seard for saliencyin scale-spaceaswell as spatial dimensions,there-

fore we can easily handle notions of self-similarity and saliencyin the sameframework. In “gure 5,
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we can seethat the large areasof texture do not a®ectthe choice of the most saliert parts. In the
‘rst example (top-left) in gure 5, the grey-level range of the radial shadedareasis very similar to
that of the textured badkground.

In essencethe method seartesfor scalelocalisedfeatureswith high entropy, with the constraint
that scaleis isotropic. The method therefore favours blob-lik e features. Alternativ ely, we can relax
the isotropic requirement and use anisotropic regions. This has the drawbad of increasing the
dimensionality of the saliency space. Moreover, the relatively simple notion of scaleas a single
parameter is lost. However, for somefeatures, such as those with local linear structure, this may
be necessaryto correctly characterise local scalebehaviour. In this casetwo scalesmay be used
to analysethe feature; one tangertial and one perpendicular to the direction of the feature. This
is the subject of ongoing researd, and in this paper we concerrate on isotropic features. Such
features are useful for matching becausethey are locally constrained in two directions. Features
sudh asedgesor lines only locally constrain matchesto one direction (of coursedepending on their
length).

It should be noted however, that the method does detect non blob-like features, but these
are consideredless saliert than their isotropic equivalernts. In the caseof linear structure, this
is becausethere is a degreeof self-similarity in the tangertial direction. The selectedscaleis
determined predominantly by the spatial extent of the feature in the perpendicular direction. The
spatial extent in the tangertial direction of such anisotropic regions could be analysedby a post-
processinggrouping algorithm. In solving the correspondenceproblem, this ranking is somewhat

desirableasit re°ects the information gained by matching ead type of feature.

5 Salient Volumes

The original Gilles algorithm selectsthe most saliert (high entropy value) points in entropy space
as generated from the image. These points represer small image patchesin the original image
function, the sizesof which are determined by the scale of the entropy analysis. These image
patchesare referred to (in Gilles' thesis) asicons.

Robustly picking single points of entropy maxima relies on the persistenceof these points in
various imaging conditions, such asnoiseor small amourts of motion. It is known that the presence
of noisein the image acts as a randomiserand generally increaseserntropy, a®ectingpreviously low
entropy values more than high entropy values. However, the e®ectof noise also depends greatly

on the shape of the local entropy surface around the maximum. Furthermore, our new saliency
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metric generatesa R3 space(2 spatial dimensionsand scale)and sowe must extend our selection
method to work with this.

A more robust method would be to pick regions (or volumes in R?3) rather than points in
erntropy space. Although the individual pixels within a saliert region may be a®ectedat any given
instant by the noise, it is unlikely to a®ectall of them in such a way that the region as a whole
becomesnon-saliert.

Someform of clustering algorithm would be appropriate for this task. However standard meth-
ods such as K-means usually require the number of clusters to be de ned a-priori. Furthermore,
they usually demand completenessthat is, they assumethat ewverything is to be grouped into one
of the clusters. In our saliency spaceonly someof the points should be clustered, many of the low
saliency points are due to noiseor textures.

It is also necessaryto analysethe whole saliency spacesud that ead saliert feature is rep-
reseried. A global threshold approach would result in highly saliert featuresin one part of the
image dominating the rest. A local threshold approac would require the setting of another scale
parameter.

We have deweloped a simple clustering algorithm to meet thesetwo requiremerts. It works by
selectinghighly saliert points that have local support - that is, nearby points with similar saliency
and scale. Each region must be su+ciently distant from all others (in R?) to qualify asa separate
ertity. For robustness,we usea represenation that includesall of the points in a selectedregion.

The method works as follows:

1. Apply a global threshold.

2. Choosethe highest saliert point in saliency-spacgY).

3. Find the K nearestneighbours (K is a pre-set constart).

4. Test the support of theseusing variance of the certre points.
5. Find distance, D, in R®3 from saliert regionsalready clustered.

6. Accept, if D > scalenean Of the region and if suzciently clustered (variance is lessthan

pre-setthreshold V).
7. Store asthe mean scaleand spatial location of K points.

8. Repeat from step 2 with next highest saliert point.
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The purposeof step 1 is to reduce computation time by remaoving the least saliert features.
This should be set quite low soasto keepall the featuresof interest and we have found that a 50%
threshold (of the most salient feature value) works well. Both the Vi, and K parametersa®ectthe
robustnessof the resultant features. A greater value of K increasesthe number of saliert points
whosepositions (in R3) must vary lessthan Vi, to qualify as suxciently clustered. Ideally, both
of these should be related to the scale of the region under test. Howewer, we have found that
using xed valueswas suzcient for our experiments. We usedK = 8 and Vi, = 5 for all of our
experimens.

By testing certroid variance, the clustering algorithm favours isotropic regions. This re°ects
a similar property of the saliency algorithm as discussedin Section 4.3. A dewelopmert of this
algorithm could analysethe local autocorrelation or eigenstructure in order to perform grouping
of the salient features. As stated earlier, this is the subject of ongoing researd.

We have usedthis algorithm in all of the experiments preseried in this paper. Figure 6 shows
the results of the whole saliency algorithm, including clustering, applied to the DT and Vicky
sequences.The new method captures saliernt features at various scales. For example, in the DT
sequenceéboth carsand pedestriansare represerted at their appropriate local scales.In the original

method, this was determined by the choice of the scale parameter.

6 Exp erimen tal results

In this section, we usethe saliency method described above in a number of vision applications.

6.1 Scale and viewp oint robustness

In this sectionwe demonstrate that the method is able to handle arbitrary changesin scaleof the
image and small changesin viewpoint of a 3D object. Under reasonable(but arbitrary) changes
in magni cation we would like the samesaliert locations to be selectedalong with their respective
scales. This “xing' of the scale parameter should improve the performance of corresppndence
tasks, and also reduce the amourt of data that needsto be stored to represen an object. Also,
the method should be robust to small changesin the viewpoint of a 3D object. If this is the case
then we can apply the method to 3D object represenation by using multiple 2D viewsin a manner
similar to that usedby Sdiele (1997).

In the exampleshown in gure 7, the superimposedcirclesrepreser the 10%most saliert regions

from two sizesof the Anacin image (from the Columbia image database(Nene et al., 1996)). The
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larger image is the original, the smaller a 0.4 sub-sampledversion. Independert Gaussian noise
has beenaddedto both imagesand the algorithm is run over the samerange of scales(7-43 pixels
diameter scales)in both images. Using a global threshold the method selected40 saliert regions
from the rst image and 29 from the second.

The image patches show the best matches between the two sets of saliert regions, found by
pixel correlation. It can be seenthat the method is able to detect the correct matches as well as
their respective scales- 13 of the icons selectedfrom ead set have close matches. The relative
scalecan be calculated from a simple consistencytest on the relative scalesof matched icons. This
result demonstratesthat it would be possibleto represen the object using one set of saliert icons
and usethis represenation to recogniseinstancesof the object at other arbitrary scales.

In the exampleshawn in “gure 8, the robustnessof the method to small 3D rotations is demon-
strated. Sincethe saliencymethod usesonly local information, global transformations of the image
have limited impact on the saliency The experimert is carried out in a similar manner to the pre-
vious example except that two views of the object are used instead of two scales. Once again, a
small amourt of independent Gaussiannoiseis addedto the two imagesprior to processing.

The method picked 29 saliert regionsfor the original image and 28 for the 15 rotated version

and found 18 matches.

6.2 Rotation and photometric invariance

In this section we demonstrate the method's invariance to planar rotation and changesin illumi-
nation.

The saliency algorithm calculates entropy of the local intensity PDF (in these experiments).
Therefore, in the contin uous caseshifts in intensity make no di®erenceto the entropy value. How-
ever, the histogram is only a discrete approximation to the true PDF and soshifts in intensity have
a small e®ecton the local entropy (and hencethe saliency value). This e®ectdependson the bin
size of the histogram. Other PDF estimators, such as the Parzen window method, do not su®er
from this problem but are computationally more expensive.

Scalingsin intensity do a®ectthe saliency value, but sincethe algorithm seardesfor maxima
in entropy, the scalesthemselwes should be quite robust. In terms of the hierarchy of saliernt
regions found in a given image, uniform scalingsin intensity applied to the whole image make
little di®erence,apart from reducing the dynamic range between high and low saliency features
(causedby the discretisation of intensities). Non-uniform scalings however, will causethe global

ordering of the regions' salienciesto change. For example, it may occur that certain parts of an
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image are illuminated better and hencehigher variations in intensity are obsened in that area. In
an extreme case,probably such areaswould be more perceptually saliert. However, the saliency
of a given region with respect to its local neighbourhood should be quite robust; that is, the local
ordering of salienciesshould be robust. Therefore a local post-processingclustering technique, suc
as described in Section5, can overcomesud problems.

In the caseof rotation we expect the method to be invariant becausethe saliency algorithm
usescircular local windows to samplethe image. Discretisation may causesomeproblems at the
smaller scales,however sub-pixel methods may be usedto alleviate these.

Figure 9 shaws the e®ecton the saliert features of a 70% scaling (contrast reduction) of the
image intensity valuesand a 45* clockwise rotation. The lower diagrams show the so-calledSparse
Iconic represertation used by Gilles. This shaws the “icons' matched by the algorithm in their

image positions and scales.

6.3 Object Tracking and Recognition

In this section, our aim is to motivate the use of our saliency method in recognition and tracking
tasks. In such tasks, two requiremerts of features and descriptions are that they should be robust
and relevant The former is necessaryto ensure stable descriptions under variations in viewing
conditions; the latter, becauseit is desirableto relate descriptionsto objects or parts thereof.

The purpose of this experiment is to demonstrate that features selectedby our method are
persistert in seweral instancesof an object in a scene. The application is a simpli ed recognition
and tracking scenariowhere the task is to identify close matches of a previously de ned object
in an image sequence treating ead frame independertly. The persistenceof features builds on
the results of the previous sectionsand demonstratesrobustnessin a real scenario. By matching
featureswith a model, we test their relevancewith respect to the image objects they represer.

There was no attempt to dewelop a Kalman or Condensation (Blake and Isard, 1997) tracker.
Such a tracker would further help the systemin practice, but that is not the issuehere. Treating
ead image independertly represerts a worst-case scenariothat obviously could be improved by
combining the ideashere with a tracker.

We used two sequences:the DT sequencefrom KOGS/IAKS Universitédt Karlsruhe, and the
Vicky sequence.The models consistedof the clustered most saliert regionsand their scalesfound
by running our algorithm on the (sub-)imagesshaown in the top-left of gures 10and 11. Theseare
simply manually cropped from one frame in each sequence.In the Vicky experiment, two “takes'

of the sequencewere available. We built the model from a single frame from one, and conducted
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the experiment using the other.

The object is represeried by a “constellation' of saliert regions. The algorithm was then ap-
plied to ead frame of the sequenceand instanceson this constellation were identi ed. As in the
previous experiments, normalised pixel correlation wasusedto nd matches. This approac canbe
thought of as a powerful but least generaldescriptor. This was donein order to demonstrate the
performance of the features independertly of the properties of di®erent descriptors. In practice,
better descriptors, sucth as those with photometric and rotational invariance, should be used.

In order to shawv the scaleinvariance of the technique, the car model was built at the original
resolution of the sequenceand the recognition was carried out on a 0.7 spatially sub-sampled
version. Edge preserving anisotropic di®usion was applied to ead frame to reduce noise and
interlace artifacts. For the Vicky experiment, anisotropic di®usionwas not used, and the model
generationand recognition were carried out at the samescale. In both experiments no assumptions
were made about the scalesbetweenthe model and test image, and no information was retained
betweenframes.

Frameswith superimposedresults are shawvn in gures 10 and 11, with the most likely matches
indicated by circles. We note the following. Firstly, that the method can consistertly identify
saliert regions(as de ned by our method) in an image sequencesimilar features are consisterly
found eventhough ead frame is treated independerily. Secondly that it cando this over arbitrary
changesof scale and for small changesin view point of 3D objects. Note that this experiment
involves a real camerasequencewithout pre-segmeted objects. In this case,the model was built
from one frame but was applicable to many framesin the sequence.Good approximations of the
model positions are found in ead frame.

Thirdly , the method could be usedfor recognition in quite complexscenesontaining clutter and
occlusion, without attempting to directly solve the segmemation problem. Common approades
for tracking and recognition in scenessuch as this would normally apply sometype of motion
segmetmation prior to recognition and these often require assumptionsabout global motion. We
avoid this by usingthe saliencyalgorithm to selectthoseregionsand scalesthat are of interest, prior
to recognition. Note that no assumption is made about global or object motion, so the method
can be usedto recover such motions. The technique vastly reducesthe amount of information
(positions and scales)that needto be consideredat subsequeh stagesof processing. Finally, it
illustrates the more generalideathat local appearancedescriptors can be usefulfor computer vision
tasks as discussedin section 1.

It should be noted howewer, that the method only works well becausethe task was de ned
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around those objects that are classedas highly saliert asde ned by our method. Namely, compact
patcheswith unpredictable grey-lewel pixel values. It could be argued that the cars are "the most
interesting objects' given no particular task other than to describe the scenein a general sense;
of coursethe method could also work in spaceand time (and scale)in which casethe motion of
the cars would further increasetheir saliency However, the task could have beento track some
of the lesssaliert parts, for example the pedestrians. There are two important points relevant
to this issue. The rst is that the method does not itself threshold out the lesssaliert regions,
but generatesa hierarchy of saliert regions. In this experiment we have used a global threshold
to remove the low saliency features, but we could have consideredfeatures as represerting local
regionsand scalesin an image. For example, although a particular feature may not have a globally
high saliency locally it might be the most interesting feature in that part of the image and at
that scale. Our simple clustering algorithm doesattempt to do this but in a very crude way. The
secondpoint is that of the prior model used for the saliency de nition. We have used grey-lewel
distribution, but di®eren feature maps could be used. This is an important issuewhich will be
discussedin more detail in section7.

A number of false positivesare detected. This is due to the simple object model that has been
used. Note that the method hasnot usedany scaleconsistencynor local con guration information
for the model; both of thesewould eliminate a large number of the false positives. For example,
it can be assumedthat the saliert features comprising the model, scaleconsisterly (with respect
to one another), in given instances of the object in the test sequence. This would be a very
generaland e®ective technique. That is, scalefactors betweenthe featuresin the model and those
matched in the sceneshould be consisten. Furthermore, it can be assumedthat smooth changes
in camera position or object depth would result in smooth changesin selectedscale. We could
usethis information in conjunction with a tracker to further improve the performanceof the basic
technique.

We have deliberately omitted such enhancemets at the higher layersof processingto emphasise
the performance of the technique (sinceit is a low-level early vision algorithm). The fact that a
crude object model and a simple pixel matching method has been used, yet has achieved good
results demonstratesthat the quality of the information computed by our technique is very good.
We accept that there are many methods that could be usedto improve these results and in fact
probably many alternativ e techniques that could be usedto achieve better results with this and
other similar sequences.The experiments here are designedto justify the argumerts madein this

paper.
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7 Discussion - What is the prior model ?

The conceptsthat have beenusedin our saliencytechnique imply somekind of prior; in other words
there is a benchmark that local complexity is measuredagainst. In this section we discusswhat
this is and the resulting implications on the appropriate selection of descriptors for our saliency
measure.

Consider an example of measuringthe predictabilit y of a local image region's intensity values.
First, we compute the local histogram of grey-values; this approximates the local PDF of grey-
values. If the histogram is highly peaked around a speci ¢ intensity rangethen this (by de nition)
meansthat, within this region it is highly likely that pixel valueswithin that particular intensity
range can be found. If the PDF is spreadout, it meansthat many intensity values are equally
likely. Entropy simply summarisesthe degreeto which a PDF is peaked or spreadout. We label
those areaswith a °at PDF (i.e. high enropy) assaliert, and can usethesein further processing.

There is an apparent paradax here: A sharply peaked PDF is generally considered highly
informativ e, yet in our method this is labelled with low saliency In ShannonInformation theory,
information is often consideredto be opposite to entropy.

Placing the sampling procedurein a Bayesframework provides a useful insight:

p(B j A; S)p(A; s)
p(B;s)

wherep(B j A) is the measuremen, p(A) is the prior and p(A j B) is the posterior PDF that is

P(AjB;s) = (")

then usedto calculate the entropy; all of theseare taken with respect to the local region at scales.
In the example above, nothing is assumedabout the prior distribution of intensity values within
the local region and so p(A) is uniform. If, after measuremen the posterior PDF is very sharply
peaked, then the measuremen must have beenvery informative. Given this, the region can be
described well using very few parametersin the descriptor (probably just an average grey-value
will do). This meansthat the represetiation of the local region as a few intensity valuesis a good
way of represerting that region.

A °at posterior PDF meansthat nothing new has beenlearnt from the measuremeh process
(exceptthat the regiondoesnot have very predictable intensity values). In this casethe local region
is not very well captured by an intensity represeration and hencea more powerful descriptor is
neededto accurately describe the region. In other words, the local PDF of a descriptor measures
how well that descriptor captures the local signal behaviour. If it capturesit well, then this is

classedas non-saliert and if not then this is saliert.
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It followsthat the technique can be consideredto model the non-saliert parts of a signal rather
than the saliert parts. Saliencyis de ned as those parts of the signal that cannot be represened
well by our prior model. Therefore the entropy of a descriptor tells us how well that descriptor
capturesthe local region's data. This is opposite to the way in which most feature extraction and
visual saliency techniqueswork, but is actually rather intuitiv e. Those parts of an image that are
most informativ e are thosethat do not get modeledwell (or predicted) by our prior assumptionsor
put another way: if we can model them then they're probably not all that interesting. We assume
that the prior model capturesthe commonor widespreadbehaviour of the signal. In the examples
usedin this paper the non-saliencymodel is a piecewise’at local image patch and the assumption

hereis that piecewise®at parts are very common and not very interesting.

7.1 Choosing Descriptors for Saliency

In this paper all the results and examplesthat have beenpreseried have usedthe local intensity
as the descriptor for saliency Given the above re-interpretation, the technique can be stated as
: Given a descriptor with one (or more) free parameters, describe the local region's signal; its
saliency is inversely related to how good (or compact) this description is. Therefore in designing
appropriate descriptors for saliencyall the parametersof what is non-saliert should be included in
the descriptor. For example, for selectionof saliert regionsin ngerprint images,an edgedetector
at multiple orientations and scalescan be used. The descriptor, in this case,is a region cortaining
a line with a variable scaleand orientation. This would model low saliencyas a single line at some
orientation at a singlethickness. In this casesaliert regionscould be wherethere are multiple lines
joining together, as occurs at bifurcations. Figure 12 shavs an example of this. We have used a
Gaussianderivative at a particular scaleand assigneda single dominant orientation to ead pixel
location. Our multiscale saliency algorithm has then been applied to this feature map and the

most saliert parts shovn with superimposedcircles.

7.2 Saliency and description

In the Introduction, it wasarguedthat the useof saliency methods should enablebetter and more
compactimagedescriptionsto be obtained. This shouldimprovethe performanceof corresppondence
and matching tasks. In this sectionwe discussthe link betweensaliencyand description taskswithin
our framework.

Approachesin the literature have tended to selectsalient features separately from their subse-

guert description. Gilles (Gilles, 1998) does not suggestany link betweenthe two processesand
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usesthe image patchesdirectly. Schmid and Mohr (1997) usethe Local Jet at multiple scalesto
describe the image near Interest points. However there is no justi cation of why thesedescriptors
are good for the particular choice of saliert feature.

Earlier it wasdiscussedhat our saliencymethod could be consideredto model the low-saliency
parts of the image. Entropy of a local descriptor measuresthe degreeto which that descriptor
captures local signal behaviour and these are chosento represen exciently (from an information
theory point of view) those parts of an image which are non-saliert. The regionswhich are classed
ashighly saliert arethosewhich are not well represenied by that descriptor and needdi®eren (more
powerful) descriptors. The entropy method can be usedto test how well a descriptor performs.
We may generalisethe approadc. Rather than applying one saliency measureand then describing
the saliernt parts, we proposethat a hierarchy of increasingly powerful descriptors be applied and
tested. At ead level, we can extract the non-saliert featureswhich can be described well by the
descriptorsat that level. The saliert parts canthen be tested using more powerful descriptors until
all the image has beensuzxciently described.

In Gilles' original work, saliert local image patches were described as vectors of pixel values
for the subsequen matching task. This can be thought of as a very powerful descriptor (high
dimensional). We have usedthe sameapproad in our experiments. Di®erert descriptors may be

used,which may have advantagessud as photometric or rotational invariance.

7.3 Spectral and Wavelet entrop y

In this sectionwe discussthe relationship of our method to two related signal complexity measures,
Spectral entropy (Zhenget al., 1996)and Wavelet entropy (Starck and Murtagh, 1999). A corollary
of this relationship is that there are also strong links to image compressionand Wavelet padket
best basis selectiontechniques (Coifman and Wickerhauser,1992).

Spectral entropy is usedby the Neural Network community to measurepattern complexity. It
is calculated directly from the Fourier coexcients of transformed signal. Wavelet entropy hasbeen
proposedby Murtagh as a technique for image feature extraction and content description (Starck
and Murtagh, 1999). It also calculatesentropy directly from the (Wavelet) basis coexcients, but
introducesa noise model which improves robustness. They are both multiscale in the sensethat
they considerdi®eren scalesin calculation of the complexity of the signal.

Both thesemethods can be consideredin the cortext of our saliencytechnique asdi®erert local
descriptors of non-saliency For example, in the caseof Spectral entropy, if we were to classify as

saliernt thoseregionswith many coexcients with similar magnitudes, then the prior model we have

23



usedfor non-saliencyis that of a region cortaining a single frequency (band). The descriptors for
non-saliencyform a much richer set in this casethan in the intensity distribution case. Wavelet
entropy can be analysedin a similar manner. Furthermore, there may be bene ts of using Spectral
or Wavelet entropy over intensity distribution entropy; one exampleis the noisemodel included in
the method usedin (Starck and Murtagh, 1999).

Compressiontechniguescommonly take advantage of the decorrelation properties of transforms
such asthe Discrete Cosine Transform or the Wavelet Transform, to achieve compression.The idea
is that the signal is transformed into a set of decorrelatedor orthogonal basisvectors which, after
appropriate quantisation, can represer the signal in a more excient manner. The method works
most exciently if the signalsfound in the sourcecan be represened well by a small number of the
basis vectors - that is the basis set can synthesize the sourcesignalswith only a few parameters.
Our saliencymethod with alocal descriptor setmadefrom the local Fourier or Wavelet coexcients,
bears a strong resenblance to signal compressiontechniques. Non-saliert parts of the image are
those that contain signi cant redundancy and can be compressedjuite easily.

Entropy is alsowidely usedin the selectionof best basisin Wavelet padket methods (Coifman
and Wickerhauser,1992). Here the basiswith the minimum local entropy is classi ed as the best;
that is, the one with the fewest negligible coexcients. Once again, there is a strong link with our

approad to saliency and description.

7.4 Saliency and segmentation

The task in segmemation is to group image pixels such that the groups satisfy somede nition of
homogeneiy. For example this may be that the regions are piecewisecortinuous in intensity, of
similar texture, or have similar motion vectors. In the entropy of intensity approac to saliency the
task is to nd groups of pixels which are di®erert from ead other (but closespatially) according
to the assumedde nition of non-saliency In the intensity distribution local descriptor that has
beenusedfor the majorit y of the experiments in this paper, groups cortaining many di®erert pixel
valuesin equal proportion are consideredsaliert. In this way, the method can be viewed as the
opposite to the classicsegmeration problem. The saliert regionscan be consideredasthe outliers
of the homogeneougegions after segmemation. In fact Gilles did suggestthat his method could

be usedto selectseedpoints for a segmemation algorithm.
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8 Conclusion

In this paper we have preseried a discussionof three separatebut closely related issuescommon
in many computer vision problems: saliency scale,and image description.

In many computer vision tasks we would like to extract “'meaningful' and general descriptors
of image content. Descriptors have to be appropriate to the task at hand to be useful, but early
vision in humansis believed to operate with little contextual information. From the popular pre-
attentiv e and attentiv e models of early vision, and from seweral recert results it is known that local
features can be ‘good enough'to solve many computer vision tasks. We have discussedthe idea of
visual saliencywhich suggestshat certain regionsof the image are better than others at describing
content and we have suggestedthat this approac can solve someof the problems assaiated with
purely local methods.

Motiv ated by the promising results obtained by Gilles, we have investigated his local complexity
approach to visual saliency applied to a wide range of image source material including image
sequences.Our experiments shaved that local scaleselectionwas necessarybut furthermore that
the method had to be extended to consider saliency acrossscale as well as spatial dimensions.
We have intro duced a novel saliency method that builds on Gilles ideasbut automatically selects
appropriate scalesfor analysis and can compare the scale-spacebehaviour of image features. We
then preserted results shaving the performance of the technique, in particular its invariance to
scalechangesin the image and view point changesin 3D objects. We then applied the technique
to an object recognition and tracking task in an image sequence.Using a crude object model and
pixel correlation matching, the technique was successfuin identifying matches of the model in an
image sequenceconsisting of a complex scene. In these examples,we useda minimal set of prior
assumptionsin order to highlight the performance of the basic technique. Further enhancemets
can be made to the technique by using, for example, a Condensation or Kalman tracker or by
making basicassumptionsabout the consistencyof scalesbetweenmodel and image, or smoothness
of changesin position and scalebetweenframesin an image sequence.The useof such assumptions
is the subject of further investigation and results will be reported in a future paper. We are also
investigating the application of the technique to large database object recognition problems and
will report on theseresults in a future paper.

In the last section we investigated the links between saliency and image description. In many
approadies to saliency these two issueshave been separately handled. Featuresthat have been
selectedusing a saliency algorithm are then described by using an arbitrary description method

(and in some casesarbitrary scales). On the cortrary we argue that the two tasks should be
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consideredas parts of the sameproblem. Having analysedthe prior model for saliencythat we have
usedin the experiments, we concludethat the method measureshow well a given local descriptor
captures local signal behaviour. Low saliencyregionsare those that can be modeled very well by
the chosenlocal descriptor (in information theory this means’in few bits'; in signal processingthis
can mean "good signal to noiseratio'). In the example of local intensity distribution low saliency
regions are those that are piecewise’at. In other words the prior model should be designedsuc
that the non-salient features are well described; the saliency descriptor models the background
rather than foreground. This approad is quite distinct from convertional approacesto saliency
We preseried an examplewherewe wish to nd the saliert parts in a ngerprint image. The model
of non-saliencyin this caseis a single direction edgeat a particular scale. Saliert parts are those
with many directions and scales. The method can in this way be generalisedfor any prior model.
Subsequeh description of that image feature should be done by a more discriminating descriptor
than the one usedfor saliency

Having made this obsenation, a number of other relations becomeobvious: Spectral/W avelet
entropy are simply the same method but with di®erent local descriptors; Segmemation is the
opposite to saliency (as we have de ned it); strong connectionsexist to compressioncoding where

redundancy (low-saliency) is taken advantage of to achieve compression.
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Figure 1. Examples of Visual Saliency
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Figure 2: The local histograms of intensity. Uniform imagestend to have peaked histograms

indicating a low complexity (or high predictabilit y). Neighbourhoods with structures have °atter

distributions, that is, a higher complexity. Reproduced with permissionfrom (Gilles, 1998).

32



Figure 3. Example frames from the application of the original Gilles algorithm to the DT (top)

and Vicky (bottom) sequences.
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Figure 4. Most salient parts: selectedusing peaksin entropy versus scale (left); selectedusing

peaksin ertropy versusscaleweighted by sum of absolute di®erenceat peak (right).
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Figure 5: The new algorithm: Picking the most saliert points and their scales.A global threshold

is used.
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Figure 6: Example framesfrom the application of the new algorithm to the DT (top) and Vicky

(bottom) sequencesSaliert regionsselectedusing the clustering algorithm.
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Figure 7: Matching salient icons betweenthe original sizedimage and a 0.4 sub-sampledversion

in noise.
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Figure 8: Matching saliert icons between0* and 15° viewpoint change(in noise).
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Figure 9: Robustnessto rotation (45%) and illumination change (70% scaling). The upper images
shaw the saliert regionsfound in ead image, the lower row the Gilles Sparselconic Represeiation

of matches. Image from NIST Special Database 18, Mugshot Identi cation Database.
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Figure 10: Results from the recognition experiment on the DT sequence.The top-left shaws the
(enlarged) image of the car from which the object model was built. The superimposedcircles show

the featuresin ead frame which match with the object model.
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Figure 11: Results from the recognition experiment on the Vicky sequence.The model was gen-
erated from the top-left image (taken from vickyl) cropped to the rectangle. The superimposed

circles show the featuresin ead frame (of vicky2) which match with the object model.
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Figure 12: Using dominant edgedirections at a certain scale as the non-saliert descriptor on a

“ngerprint image.
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Footnotes

Atliation of Authors - Robotics Researt Laboratory, Department of Engineering Science,Uni-

versity of Oxford, Parks Road, Oxford OX1 3PJ, U.K.

(*) Timor Kadir is the recipient of a Motorola University Partners in Researt grant.

(1) We do not advocate the useof one particular scalespacerepresenation in our work. Rather we
are interested in scaleselectionand the extension of saliencyto operate over scale. We have used
a circular top-hat sampling kernel to generateour scalespacefor reasonsof simplicity, rotational
invariance (in the image plane) and becauseit doesnot alter the statistical properties of the local

descriptor.

(2) Copyright (c) 1998by H.H. Nagel. Institut fév Algorithmen und Kognitiv e Systeme. FakultAt
fur Informatik. Universitat Karlsruhe (TH). Postfach 6980.D - 76128Karlsruhe, Germary.

(3) Histograms are not con ned to intensity; they may be any local attribute suc as colour or

edgestrength, direction or phase.

(4) Note, these operators do not exclusively selectfeaturesthat are perceived to be the corners of

objects; rather, they compute setsof zero measuretypi ed by their peaked autocorrelation.

(5) Gilles was primarily interestedin the matching of aerial images.
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