On the plausibility of the discriminant center-surround
hypothesis for visual saliency

Dashan Gao Vijay Mahadevan Nuno Vasconcelos
Statistical Visual Computing Laboratory,
Department of Electrical and Computer Engineering,
University of California San Diego,
9500 Gilman Drive, La Jolla, California, 92093
{dgao, vmahadev, nuno}@csd. edu

Abstract

It has been suggested that saliency mechanisms play a role in percegaratza-
tion. This work evaluates the plausibility of a recently proposed genericiphin

for visual saliency: that all saliency decisions are optimal in a decisicorétie
sense. The discriminant saliency hypothesis is combined with the classioalas
tion that bottom-up saliency is a center-surround process, to derivecssi@h-
theoretic) optimal saliency architecture. Under this architecture, the salenc
each image location is equated to the discriminant power of a set of featithes w
respect to the classification problem that opposes stimuli at center aiodirsdir
The optimal saliency detector is derived for various stimulus modalities, includ-
ing color, orientation, and motion, and shown to make accurate quantitaéve pr
dictions of various psychophysics of human saliency, for both static aritbmo
stimuli. These include some classical non-linearities of orientation and motion
saliency, and a Weber law that governs various types of saliency asyiesndine
discriminant saliency detectors are also applied to various saliency probféems
terest in computer vision, including the prediction of human eye fixations onatatu
scenes, motion-based saliency in the presence of ego-motion, anddaukgub-
traction in highly dynamic scenes. In all cases, the discriminant saliencgtdete
outperform previously proposed methods, from both the saliency angletieral
computer vision literatures.

Introduction

An important goal of any perceptual system is to organize the variouggigcvisual in-
formation that land on the retina. This organization requires both the gmpwpidistinct pieces
into coherent units, to be perceived as objects, and the segregatibjeofsofrom their surround-
ings (“figure/ground” segregation). Both problems are simplified by krpirgary step of localized
processing, known as bottom-up saliency, that highlights the regions wistine field which most
differ from their surround. These saliency mechanisms appear to refgeasures of local con-
trast (dissimilarity) of elementary features, like intensity, color, or orientatiaa which the visual
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Figure L  Four displays (top row) and saliency maps produced by therithm proposed in this article
(bottom row). These examples show that saliency analysiiftes aspects of perceptual organization, such
as grouping (left two displays), and texture segregatimh{two displays).

stimulus is first decomposed. It is well known that such contrast measaneseproduce percep-
tual phenomena such as texture segmentation (Beck, 1966b, 197%, 19&S, 1984; Olson &
Attneave, 1970), target pop-out (Treisman, 1985; Treisman & Gormik@88; Nothdurft, 1991a),
or even grouping (Beck, 1966a; Sagi & Julesz, 1985). For exan(plethdurft, 1992) has shown
that upon the brief inspection of a pattern such as that depicted in the lefiiapkty of Figure 1,
subjects report the global percept of a “triangle pointing to the left”. Thisgpt is quite robust
to the amount of (random) variability of the distractor bars, and to the orientafithe bars that
make up the vertices of the triangle. In fact, these bars do not even hbeeotiented in the same
direction: the triangle percept only requires that they have sufficieamtation contrast with their
neighbors. Another example of this type of perceptual grouping, asaselbme examples of tex-
ture segregation, are shown in Figure 1 . Below each display we ptbsesdliency maps produced
by the saliency detector proposed in this work. Clearly, the saliency mapsfarmative of either
the boundary regions or the elements to be grouped.

Computational modeling of saliency

The mechanisms of visual saliency, their neurophysiological basis,smth@physics, have
been extensively studied during the last decades. In result of thefiesstit is now well known
that saliency mechanisms exist for a number of elementary dimensions dfstisuali (henceforth
denoted as features), including color, orientation, depth, and motion,caatbers. More recently,
there has been an increasing interest in computational models for saliebogh biological and
computer vision. The overwhelming majority of these models is inspired by, or @mespli-
cate, known properties of either the psychophysics or physiologyeshftentive vision (Wolfe,
1994; Itti, Koch, & Niebur, 1998; Rosenholtz, 1999; Li, 2002; BruceT&otsos, 2006; Harel,
Koch, & Perona, 2007; Kienzle, Wichmann, $ttopf, & Franz, 2007). These models all compute



a saliency mapKoch & Ullman, 1985), through either the combination of intermediate feature-
specific saliency maps (e.g., Itti et al., 1998; Wolfe, 1994; Itti & Koch,D00r the direct analysis
of feature interactions (e.qg., Li, 2002).

What distinguishes these models is mostly the computational measure of saliemdyat
is perhaps the most popular model for bottom-up saliency, ltti et al. (1®@8sures contrast as
the difference between the stimulus at a location and the stimulus in its neiglbbiorha center-
surround fashion. This model has been shown to successfully repiieaig observations from
psychophysics (Itti & Koch, 2000; Parkhurst, Law, & Niebur, 20@2ters, lyer, Itti, & Koch,
2005), for both static and motion stimuli, and applied to the design of computen\agjorithms
for robotics, and video compression (Itti, 2004; Walther & Koch, 2008@¢ & Scassellati, 2007).
In the Guided Search model, Wolfe (1994) has, on the other hand, eimgthdise modulation of
the bottom-up activation maps by top-down, goal-dependent, knowled¢2002) has argued that
saliency maps are a direct product of the pre-attentive computationsxadmgrvisual cortex (V1),
and implemented a saliency model inspired by the basic properties of thé steuctures found in
V1. This has also been shown to reproduce many psychophysical fraiteran saliency, estab-
lishing a direct link between psychophysics and the physiology of V1. Whiay of these early
saliency models aimed to reproduce various known properties of biolagsiah, they lacked a for-
mal justification for their image processing steps in terms of a unifying compuspoimciple for
saliency. Some more recent models have tried to address this problemjygisaliency mecha-
nisms as optimal implementations of generic computational principles, such asximizagion of
self-information (Bruce & Tsotsos, 2006), or “surprise” (Itti & BaldD@5). It is not yet clear how
closely these models comply with the classical psychophysics, since exigtilugtions have been
limited to the prediction of human eye fixation data.

In this work, we study the effectiveness of an alternative, and cilyriss popular, hypoth-
esis that all saliency decisions angtimal in a decision-theoretic senskhis hypothesis is denoted
asdiscriminant saliencyand was first proposed by Gao and Vasconcelos (2005), in a campute
vision context. While initially posed as an explanation for top-down salierfcinterest mostly
for object recognition, the hypothesis of decision theoretic optimality is mucle meneral, and
indeed applicable to any form of center-surround saliency. This hagatexdius to test its ability to
explain the psychophysics of human saliency. Since these are betteneluted for the bottom-up
neural pathway than for its top-down counterpart, we derive a bottoseligncy detector which
is optimal in a decision-theoretic sense. In particular, we hypothesize thhgt mbsence of high-
level goals, the most salient locations of the visual field are those thateetigbdiscrimination
between center and surround with smallest expected probability of ding.is referred to as the
discriminant center-surround hypothesisd, by definition, produces saliency measures that are op-
timal in a classification sense. We derive optimal mechanisms for a numbdresicyagproblems,
ranging from static spatial saliency, to motion-based saliency in the peesérgo-motion or even
complex dynamic backgrounds. The ability of these mechanisms to both vegrtioke classical
psychophysics of human saliency, and solve saliency problems of infere&omputer vision, is
then evaluated. From the psychophysics point of view, it is shown thabolh static and moving
stimuli, discriminant saliency not only explains all observations previouslicatpd by existing
models, but also makes quantitative predictions (for non-linear aspebtsnan saliency) which
are beyond their reach. From the computer vision standpoint, it is showthé&wsaliency algorithms
now proposed can predict human eye fixations with greater accuratpteaous approaches, and
outperform state-of-the-art algorithms for background subtractiopatticular, it is shown that, by



simply modifying the probabilistic models employed in the discriminant saliency meagtwm
well known models of natural image statistics, to the statistics of simple motion featarmore
sophisticated dynamic texture models - it is possible to produce saliency dstecteither static or
dynamic stimuli, which are insensitive to background image variability due to &xégo-motion,
or scene dynamics.

Discriminant center-surround saliency
Discriminant saliency

Discriminant saliency is rooted in a decision-theoretic interpretation of pgore Under
this interpretation, perceptual systems evolve to produce decisionstabatate of the surrounding
environment that areptimal in a decision-theoretic senseg. that have minimum probability of
error. This goal is complemented by one afmputational parsimonyi.e. that the perceptual
mechanisms should be as efficient as possible. Discriminant saliency isdlefith respect to two
classes of stimuli: a class sfimuli of interestand anull hypothesis, composed of all the stimuli
that are not salient. Given these two classes, the locations of the vidddhfi¢ can be classified,
with lowest expected probability of errpas containing stimuli of interest are denoted as salient.
Mathematically, this is accomplished by 1) defining a binary classification protilat opposes
stimuli of interest to the null hypothesis, and 2) equating the saliency ofleaation in the visual
field to the discriminant power (with respect to this problem) of the visual featextracted from
that location. This definition of saliency is applicable to a broad set of pmubleFor example,
different specifications of stimuli of interest and null hypothesis enablspiégialization to both
top-down and bottom-up saliency. From a computational standpoint, thehseardiscriminant
features is a well-defined, and tractable, problem that has been wideigdtin the literature.
These properties have been exploited, by Gao and Vasconcelog,(BD@grive an optimal top-
down saliency detector, which equates stimuli of interest to an object aldssudl hypothesis to
all other object classes. In this work, we consider the problem of botipsaliency.

Discriminant center-surround saliency

Due to the ubiquity of “center-surround” processing in the early stafjdsotogical vi-
sion (Hubel & Wiesel, 1965; Knierim & Van Essen, 1992; Cavanaugtir, & Movshon, 2002), it
is commonly assumed that bottom-up saliency is determined by how distinct the stamh@ash
location of the visual field is from the stimuli in its surround. This “centeraund” hypothesis
can be naturally formulated as a classification problem, as required byndisznt saliency, and
illustrated in Figure 2. This consists of defining, at each image locétion

e stimuli of interest:observations within a neighborhoati} of I (henceforth referred to as
the center), and

e null hypothesisobservations within a surrounding windowl0 (henceforth referred to as
thesurround).

All observations are responses, to the visual stimulus, of a pre-dedetedf featuresX. The
saliency of locatiori is equated to the power & to discriminate between treenterandsurround
of [, based on the distributions of the feature responses estimated from thegioos:.

Mathematically, the feature responses within the two winddﬁbll%,andwl1 are observations
from a random procesX(!) = (Xi(l),...,X4(l)), of dimensiond, drawn conditionally on the
state of a hidden variabl¥ (/). The feature vector observed at locatipis denoted ax(j) =



Figure 2 lllustration of discriminant center-surround saliency.

(x1(4),...,zq(j)). Feature vector(j) such thatj € Wf,c € {0,1} are drawn from class
according to conditional densitie3 )y ;) (x|c). Vectors drawn withy' (1) = c are referred to as
belonging to thecenter classf ¢ = 1 and thesurround classf ¢ = 0. The saliency of locatioh,
S(1), is equal to the discriminant power & for the classification of the observed feature vectors
x(j),Vj e W, = WZO UW}, into centerandsurround This is quantified by the mutual information
between featuresX, and class label/,

SU) = L(XY)

Px(),y (1) (%)
= p X7C 10 dX 1
zc: / X0,y 1) (% €) gpx(z)(X)pY(l) (e) v

Thel subscript emphasizes the fact that both the classification problem and thal inéormation
are defined locally, withinV,. The functionS(!) is referred to as thealiency map. Note that (1)
defines the discriminant saliency measure in a very generic sense, nadaeglg of the stimulus
dimension under consideration, or any specific feature sets. In faataflbe applied to any type
of stimuli, and any type of local features, as long as the probability den$#igs (x|c) can be
estimated from the center and surround neighborhoods. In what foNesvderive the discriminant
center-surround saliency for a variety of features, including intertgtgy, orientation, motion, and
even more complicated dynamic texture models.

Discriminant saliency detection in static imagery

We start by deriving the optimal saliency detector for static stimuli, whose bgildliocks
are illustrated in Figure 3.

Extraction of visual features

The first stage, feature decomposition, follows the proposal of Itti amchK2000), which
closely mimics the earliest stages of biological visual processing. The imagedess is first
subject to a feature decomposition into an intensity niapand four broadly-tuned color channels
(R,G, B, andY),

I = (r+g+0b)/3,

R = |7F—(3+b)/2s.

G = [5-(+b)/2s,

B = [b—(F+5)/2s

Y o= [(F+3)/2—IF— /2l
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Figure 3 Bottom-up discriminant saliency detector.

wherei = r/I,§ = g/I,b = b/I, and |z], = max(z,0). The four color channels are, in
turn, combined into two color opponent channéts;- G for red/green and? — Y for blue/yellow
opponency. The two opponency channels, together with the intensity magoavolved with
three Mexican hat wavelet filters, centered at spatial frequefdies0.04 and0.08 cycle/pixel, to
generate nine feature channels. The feature sffacensists of these nine channels, plus a Gabor
decomposition of the intensity map, implemented with a dictionary of zero-mearr Gladrs at 3
spatial scales (centered at frequencie8.08, 0.16, and0.32 cycle/pixel) andt directions (evenly
spread fron to 7).

Leveraging natural image statistics

The second stage of the detection involves estimating the mutual informatiol at éach
image location, for the center-surround classification problem. This isniergk impractical since
it requires density estimates on a potentially high-dimensional feature spaagown statistical
property of band-pass natural image features, such as Gabor eleivagefficients, can neverthe-
less be exploited to drastically reduce complexity. This property is that passifeatures exhibit
stronglyconsistenpatterns of dependence across a very wide range of natural imagesc(&sic-
cigrossi & Simoncelli, 1999; Huang & Mumford, 1999). For example, Bgiaassi and Simoncelli
(1999) have shown that, when a natural image is subject to a wavelehgdesition, the conditional
distribution of any wavelet coefficient, given the state of the co-locatefficent of immediately
coarser scale (known as its “parent”), invariably has a bow-tie shiipis.implies that, while the
coefficients are statistically dependent, their dependencies carry littlenafimn about the image
class (Vasconcelos, 2004; Buccigrossi & Simoncelli, 1999). In thécodar case of saliency, fea-
ture dependencies are not greatly informative about whether theveldeature vectors originate



in the center or the surround. Experimental validation of this hypothessc{vizelos, 2003, 2004)
has shown that, for natural images, (1) is well approximated by the sumrgimabmutual infor-
mations between individual features and class fabel

d
S n(XsY). (2)

This is a sensible compromise between decision theoretic optimality and computpécsiaony.

Since (2) only requires estimates of marginal densities, it has significanfycteaplex-
ity than (1). This complexity can be further reduced by exploiting the wellkndact that
marginal densities of band-pass features are accurately modeled merlgeed Gaussian dis-
tribution (GGD) (Modestino, 1977; Clarke, 1985; Mallat, 1989),

8 2]\
Ptz ) = 2ramfm{‘<a>}’ ©

wherel'(z) = fooo e~ 't*~1dt, t > 0, is the Gamma functiony a scaleparameter, and a shape
parameter. The parametg@rcontrols the decay rate from the peak value, and defines a sub-family
of the GGD (e.g., the Laplacian family wheén= 1 or the Gaussian family whes = 2). When the
class conditional densitiexy-(z|c), and the marginal densitfx (=), follow a GGD, the mutual
information of (2) has a closed form (Do & Vetterli, 2002)

I(X;Y) =) Pr(o)KL [Pxy(z]e)]| Px(2)], (4)

with

o o B2
KL[Px(z; o1, 41)|[Px (z; a2, B2)] = log (W) + <0z;> W - 511(’ )
5

whereK Lp|lq| = [ p(z log de’ is the Kullback-Leibler (K-L) divergence betweeilir) and
q(x). Hence, the dlscrlmlnant sahency measure only requires the estimationofthes param-
eters, for the center and surround widows, and the computation obj4ar(d (2).

Gao and Vasconcelos (2007) have shown that, for maximum a postegiionia¢gion of the
parametersd,. andf., ¢ € {0, 1}) with conjugate (Gamma) priors, there is a one-to-one mapping
between the discriminant saliency detector and a neural network thatateglitie standard archi-
tecture of V1: a cascade of linear filtering, divisive normalization, gatcinon-linearity and spatial
pooling. In the implementation presented in this article, we have instead adopte@thod of mo-
ments for all parameter estimation, because it is computationally more efficienhon-parallel
computer. Under the method of momentsand are estimated through the relationships

% (6)

- = and k=

!Note that this approximatiodoes notassume that the features are independently distributed, but simply that the
dependencies are not informative about the class.
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Figure 4 Discriminant saliency output (bottom row) for displays(row) where target and distractors differ
in terms of single features ((a) orientation and (b) color)(c) feature conjunctions (color and orientation).
Brightest regions are most salient. The strong salienckpatthe targets of (a) and (b) indicate a strong
pop-out effect. The lack of distinguishable saliency Wiz between the target (fourth line and fourth
column) and distractors of (c) indicates that the targesdu pop-out.
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whereo? andx are, respectively, the variance and kurtosisfof

Ex[(X - EX[X])ZL]‘

0® = Ex[(X - Ex[X])?], and = 7

o

In summary, parameter estimation only requires sample moments of the feapmeseswithin the
center and surround windows, and is very efficient. The method of morhastalso been shown
to produce good fits to natural images (Huang & Mumford, 1999).

For all experiments reported in this work, the choice of center and sutraundow sizes
was guided by studies from psychophysics and neurophysiology Nethdurft, 2000; Cavanaugh
etal., 2002). For the psychophysics experiments of the following seeti®fpllowed the common
practice (e.g., Treisman & Gelade, 1980; Hubel & Wiesel, 1965) of settimgitte of the center
window to a valuecomparableto that of the display items, and the size of the surround window
to 6 times that value. Informal experimentation with these parameters has shavihelsaliency
results are not significantly affected by variations around the paranadters/adopted. To improve
intelligibility, the saliency maps shown in this article were subject to smoothing,asirénhance-
ment (by squaring), and a normalization of the saliency value to the inf@rudl This implies that
absolute saliency values are not comparable across displays, butitrilyeach saliency map.



Figure 5 Example of pop-out asymmetry (discriminant saliency mstpsvn below each display). (left)
A target (“Q”) defined by the presence of a feature that thatitors (“O”) lack produces a strong pop-out
effect. (right) The reverse does not lead to noticeable qap-

Consistency with psychophysics

To evaluate the compliance of discriminant saliency with psychophysicstanteasth a se-
ries of displays used in classical studies of visual attention (Treisman &&el®80; Treisman
& Gormican, 1988; Nothdurft, 1993). These displays are commonly ustxgiliterature to inves-
tigate whether saliency detectors reproduce the fundamental propdrtiasnan saliency (ltti et
al., 1998; Rosenholtz, 1999). This is the case of discriminant salienéghwéplicates the percept
of pop-out for single feature search (e.g., Figure 4 (a), (b)), gésceof feature conjunctions (e.g.,
Figure 4 (c)), and saliency asymmetries for feature presence vaia&eg., Figure 5), in addition
to various grouping and segmentation percepts (e.g., Figure 1). Althoteglksting, this type of
evaluation is purehqualitative and therefore anecdotal. Given the simplicity of the displays, it
is not hard to conceive of other center-surround operations th& pooduce similar results. To
address this problem, we introduce an alternative evaluation strategygl baghe comparison of
guantitative predictionsmade by the saliency detectors, and available human data. It is our belief
that quantitative predictions are essential forodjectivecomparison of different saliency princi-
ples. We show that this process can be useful, by performing varigestivk comparisons between
discriminant saliency and the popular saliency model of Itti and Koch (2000

In the first experiment, we examine the ability of the saliency detectors to prediell
known nonlinearity of human saliency. While it has long been known that feature contrast af-
fects percepts such as target pop-out and texture segregation ampstedies in the psychophysics
of saliency pursued the threshold at which these events occur. Exaimgledes the threshold at

2Results obtained with the MATLAB implementation by Walther and Koch (2006).
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which a (previously non-salient) target pops-out (Foster & Ward11B@thdurft, 1991b), two for-
merly indistinguishable textures segregate (Landy & Bergen, 1991;z)Ul881), a “serial” visual
search becomes “parallel”, or vice versa (Treisman & Gelade, 1980e\Waiedman-Hill, Stewart,
& O’'Connell, 1992; Moraglia, 1989). In the context of objective evélug these studies are less
interesting than a posterior set, which also measured the saliency of ptaygris above the detec-
tion threshold (Nothdurft, 1993; Motoyoshi & nishida, 2001; Rega®5)9In particular, Nothdurft
(1993) characterized the saliency of pop-out targets due to orientatidrast, by comparing the
conspicuousness of orientation defined targets and luminance defiegdaod using luminance as
a reference for relative target salience. He showed that the saliéadamet increases with orien-
tation contrast, but in a non-linear manner, exhibiting both threshold anch8atueffects: 1) there
exists a threshold below which the effect of pop-out vanishes, and®)eahis threshold saliency
increases with contrast, saturating after some point. The overall relatidmshasigmoidalshape,
with lower (upper) threshold (t.,).

The results of this experiment are illustrated in Figure 6. The figure piephais of saliency
strength as a function of the target orientation contrast. The human datetedllgy Nothdurft
(1993) is presented in (a), while the predictions of the discriminant salidetctor are shown in
(b). Note that the latter closely predicts the strong threshold and satur#eotseof the former,
suggesting that; =~ 10° andt, ~ 40°. These predictions are consistent with the human data.
The same experiment was repeated for the model of Itti and Koch (208i@hwas illustrated by
Figure 6 (c), exhibited no quantitative compliance with human performance.

A second experiment addressed the ability of the saliency detectors to eakiative pre-
dictions regarding classical saliency asymmetries: while the presence ingeeddsome feature
absent from the distractors produces pop-out, the reverse (pgajueuto the absence, in the tar-
get, of a distractor feature) does not hold (Treisman & Gormican, 1988).qualitative results of
Figure 5 show that discriminant saliency has the ability to reproduce thgseraries. We inves-
tigated if it could also make objective predictions for the strength of this asymntedr this, we
relied on data collected in visual search experiments (Treisman & Gormi@&8),which showed
that asymmetries occur not only for the existence and absence of aefehtiiralso for quanti-
tatively weaker and stronger responses along one feature dimensidact, through a series of
experiments involving displays in which the target differs from distractatg im terms of length,
Treisman showed that the asymmetries follow Weber's law. Figure 7 (a@mseene example of
the displays used in this experiment, where the target (a vertical bar attiter of the display)
has a different length from the distractors (a set of vertical bars).dl$triminant saliency detector
was applied to these displays, and the results are presented, in FigyreThé¢lfigure shows the
saliency predictions obtained at the target location, across the set t#ydisps a scatter plot. The
dashed line shows the best fit to Weber's law: target saliency is apprtynimear in the ratio
between the difference of target/distractor lenghx) and distractor lengthx). For comparison,
Figure 7 (c) presents the corresponding scatter plot for the model ainidtiKoch (2000), which
does not replicate human performance.

Motion saliency

An important property of human saliency is its ubiquity: saliency mechanismes Ibesn
observed for various cues, including orientation, color, texture and m¢fieisman & Gelade,
1980; Nothdurft, 1991a). It has also been suggested that orientatibmation saliency could be
encoded by similar mechanisms (Nothdurft, 1993; Ivry & Cohen, 19985eS1) can be applied to
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Figure 6 The nonlinearity of human saliency responses to oriematontrast (reproduced from Figure 9
of Nothdurft (1993)) (a) is replicated by discriminant galcy (b), but not by the model of Itti & Koch (2000)

().

any type of stimuli and features this is, in principle, possible to replicate withidisant saliency.
In this section we verify this hypothesis, by deriving the discriminant safieletector for motion
stimuli, and provide evidence of its ability to predict human psychophysics.

Motion-based discriminant saliency detector

To compute motion information from video sequences, we adopt the spatiat@rfifbering
approach of Adelson and Bergen (1985), and Heeger (1988jic&paporal filtering is a biologi-
cally plausible mechanism for motion estimation, and has been shown to comply evhysiol-
ogy and psychophysics of the early stages of the visual cortex (Au&l8=rgen, 1985). Since spa-
tiotemporal orientation is equivalent to velocity, a set of 3-D Gabor (spatimbeal) filters, tuned to
a specific orientation in space and time, is used to extract the motion eneogiedss with different
velocities. The algorithmic implementation of the spatiotemporal filters used in thiswas based
on the separable spatiotemporal filters of Heeger (1988). We congdidelgone spatial scale, and
the spatial frequency of each Gabor filter was fixeccycles per pixel. Three temporal scales
(temporal frequencies @f+.25 cycles per frame) andispatial orientationd) 7 /4, 7 /2 and3x /4)
were used, in a total dff2 filters. The standard deviation of the spatial Gaussian was detatiod
that of the temporal Gaussian20This set of filter parameters were chosen for simplicity, we have
not experimented thoroughly with them. We have also only considered thesitytei the input
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Figure 7. An example display (a) and performance of saliency detggthscriminant saliency (b) and the
model of Itti & Koch (2000) (c)) on Treisman’s Weber’s law @xpment.

video frames, and all color information was discarded. These intensity wgsconvolved with
the 12 spatiotemporal filters, to produce the feature maps used by the saliencytelgdsaliency
was then computed as in the static case, using (2)-(5).

Consistency with psychophysics of motion perception

To evaluate the compliance of the discriminant saliency detector with the gaygsios of
human motion saliency (Nothdurft, 1993; Ivry & Cohen, 1992), we staith wome qualitative
observationd Ivry and Cohen (1992) showed that search asymmetries also hold v@mgrsiimuli.
For example, searching for a fast-moving target among slowly-moving distsais easier than the
reverse. We applied the motion-based discriminant saliency detector tmbssefuences used to
demonstrate the asymmetries of motion pop-out (lvry & Cohen, 1992), withethdts illustrated
in Figure 8. The figure presents quiver plots of the motion stimuli, under thebnditions, and
one frame of the resulting discriminant saliency map. The conspicuouscafieak at the target in
Figure 8 (a) shows a strong pop-out effect when the target speeshitegthan that of the distractors.
No noticeable pop-out effect is observed in Figure 8 (b), where theadtsr speed is greater than
that of the target. This shows that the discriminant saliency detector chcatefihe asymmetries
of motion saliency.

As was the case for static stimuli, we complemented this qualitative observation guitina
titative analysis of the saliency predictions made by the discriminant detectahdiift (1993)
found that human saliency responses to motion are very similar to thosevethg$er orientation:

3All motion stimuli sequences in the experiments were generated usingybbtBslbox (Brainard, 1997).
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(@) (b)

Figure 8 Discriminant saliency detector output for (a) a fast-nmgvtarget among slowly-moving dis-
tractors, and (b) a slowly-moving target among fast-mowisgractors. Top row shows quiver plots of the
stimuli (the direction of motion is specified by the arrow wkdength indicates the speed), and bottom row
the corresponding saliency maps.

the perception of saliency of moving targets increases nonlinearly with matitnast, and shows
significant saturation and threshold effects. To test the compliance ofrdisant saliency with

this nonlinearity, we applied it to the motion displays of Nothdurft (1993). Raneple is shown in

plot (a) of Figure 9, where (b) shows a plot of the human saliency dgtegduced from the original
figure of Nothdurft (1993), and (c) presents the predictions madedayichinant saliency. The two
plots are very similar, both exhibiting threshold and saturation effects.

Applications in computer vision

The ability of discriminant saliency to make accurate predictions of the ppygisics of
human saliency, for both static and motion stimuli, encouraged us to examinefdsnence as a
solution for computer vision problems. We considered the problems of piregllluman eye fixa-
tions, detecting salient moving objects in the presence of ego-motion, akdrband subtraction
from highly dynamic scenes. In all cases, the output of the discriminiehsg detector was com-
pared to either human performance, or state-of-the-art solutions fe@oothputer vision literature.

Prediction of eye fixations on natural scenes

We started by testing the ability of the static discriminant saliency detector to pthdic
location of human eye fixations. For this, we compared the discriminant salieapg obtained
from a collection of natural images to the eye fixation locations recorded fittnan subjects, in a
free-viewing task. The experimental set-up and protocol closely fotlaat of Bruce and Tsotsos
(2006), using eye fixations from 20 subjects and 120 different natalar images, depicting urban
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Figure 9 The nonlinearity of human saliency responses to motiortrash(reproduced from Figure 9 of
Nothdurft, 1993) (b) is replicated by discriminant saligric). A quiver plot of one instance of the motion
display used in the experiment (with background contrag=®, target contrast (tg)=60) is illustrated in (a).
The direction of motion is specified by the arrow, whose langtlicates the speed.

0 20 40 60 80 100 120 140 160 180 o 20 40
Target Motion Contrast (deg)

scenes (both indoor and outdoor). All images were presented, inmandter, to each subject
for 4 seconds, with a mask inserted between consecutive presentaliobgects were given no
instructions, and there were no pre-defined initial fixations. The disthetweeen subjects and a
21” CRT monitor was set to 75cm, and a standard non-head-mounted gazedrdekice was
applied to record the eye movements.

Saliency maps were first quantized into a binary mask that classified eacé lotagjon as
either a fixation or non-fixation (Tatler, Baddeley, & Gilchrist, 2005). \ddime measured human
fixations as ground truth, a receiver operator characteristic (RO@¢ evas generated by varying
the quantization threshold. Perfect prediction corresponds to an R&C(area under the ROC
curve) of 1, while chance performance occurs at an area of 0.5.e $ilecmetric makes use of
all saliency information in both the human fixations and the saliency detectoutpitthas been
adopted in various recent studies (Bruce & Tsotsos, 2006; Haré| @087; Kienzle et al., 2007).
The predictions of discriminant saliency were compared to those of the nsettiddi and Koch
(2000) and Bruce and Tsotsos (2006). Table 1 presents averg@eR@s for all detectors, across
the entire image sétas well as the “inter-subject” ROC area. This measures the consistetiey o
fixations between human subjects, as proposed in (Harel et al., 2@dBadh subject, a “human
saliency map” is derived from the fixations of all other subjects, by demg these fixations with

“It should be noted that the results of Itti and Koch (2000) and BruceTantsos (2006), for both this table and all
subsequent figures, were optimized for this particular image set, bygtefiimodel parameters. This was not done for
discriminant saliency, whose results were produced with the paranettiags of the previous section.
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Saliency model Discriminant| Itti & Koch (2000) | Bruce & Tsotsos (2006) Inter-subject
ROC area 0.7694 0.7287 0.7547 0.8766

Table 1: ROC areas for different saliency models with resfeall human fixations.

0.95F ' : : 1

Saliency ROC area
o
o)

o
3

0.65) dlgcr|m|nant saliency | |
- = =lttietal.
‘‘‘‘‘ Bruce et al.

0.6 :
0.8 0.85 0.9 0.95 0.98

Inter—subject ROC area

Figure 10 Average ROC area, as a function of inter-subject ROC ape#hé saliency algorithms discussed
in the text.

a circular, decaying, kernel (2-D Gaussian) of properly selectedydeonstant (which matches
the decreasing density of photoreceptors in the retina). The “intersUB©C area is measured
by comparing the fixations of the subject to this saliency map, and averagriogsasubjects and
images. It is clear that discriminant saliency has the best performancegatm®three saliency
detectors.

Nevertheless, there is still a non-negligible gap to human performance aliteanpt to char-
acterize this gap, we studied in greater detail the relationship between gatiaps and subjects’
fixations. We focused on the first two fixations which, as suggested thgr &t al. (2005), are
more likely to be driven by bottom-up mechanisms than later fixations. Figurees@ms the ROC
areas of the three detectors as a function of the “inter-subject” ROCfarghese fixations. Again,
discriminant saliency exhibited the strongest correlation with human perfaenat all levels of
inter-subject consistency. Furthermore, the gains of discriminant saliesi@ largest when inter-
subject consistency was strongest. In this region, the performandesooitinant saliency(.85)
was close t®0% of that of humans(.95), while the other two detectors only achieved close to
85% (0.81).

Discriminant saliency on motion fields

Motion saliency is of importance for various computer vision applications.ekample, a
robot could benefit from a motion saliency module to identify objects appigdt. However,
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Figure 11 Saliency in the presence of ego-motion. (a) represeptéitames from a video sequence shot
with a moving camera, (b) the saliency map produced by théomdtased discriminant saliency detector,
and (c) the “surprise” maps by the model of Itti & Baldi (2005)

motion saliency is not trivial to implement when there is ego-motion. If the robmibiging itself,
the optical flow due to the moving objects is easily confounded with that originstédackground
variation due to the robot’s motion. This is illustrated by Figure 11, which stemwveral frames
(top row) from a video sequence shot with a moving camera. The segulEmicts a leopard
running in a grassland. The camera motion introduces significant variabilttyeifackground,
making the detection of foreground motion (the leopard) a difficult task. ddnsbe confirmed by
analyzing the saliency predictions of algorithms previously proposed in tihatlite. One example
is the “surprise” model of Itti and Baldi (2003) Although it is one of the best saliency detectors
for these types of sequences, the “surprise” maps generated by thighatg (bottom row of the
figure) frequently assign more saliency to the motion of the backgroundattaat of the leopard.

The saliency maps produced by motion-based discriminant saliency ava ghthe middle
row of the figure. They are clearly superior to those produced by tipeisa model, disregarding the
background and concentrating all saliency on the animal’s body. Thispgsshows that motion-
based discriminant saliency is very robust to the presence of ego-mdthos.is due to the fact
that discriminant saliency is based on a measure of motion contrast. Whileighengability in
the background optical flow (due to a combination of camera motion and a mtaityscene) this
is usually much smaller than the variability of the object’s optical flow (especiallynbn-rigid
objects). Hence, the object region has larger motion contrast and is demore salient. This
is similar to the grouping examples of Figure 1, where feature contrast ataymportant role in
grouping and segmentation percepts.

Discriminant Saliency for dynamic scenes

One further source of complexity is the possibility that the scene is itself dynargica back-
ground consisting of water waves, or tree leaves moving with the wind. Icdlsis, the variability
of background optical flow can be larger than that of the object optioa4 flor any object. This
problem is so complex that, even though background subtraction is a ghasblem in computer

SResults were generated using the iLab Neuromorphic Vision Toolkit aleitedm http://ilab.usc.edu/toolkit
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vision, there has been relatively little progress for these types of s¢emessee Sheikh and Shah
(2005) for a review). In order to capture the motion patterns charaitasfshese backgrounds, it
is necessary to rely on reasonably sophisticated probabilistic modelsasubb dynamic texture
model (Doretto, Chiuso, Wu, & Soatto, 2003). A dynamic texture (DT) isw#nragressive, gen-
erative model for video. It models the spatial component of the video andritierlying temporal
dynamics as two stochastic processes. The video is represented as adivmegestate process
z; € R", and the appearance of a fragpec R™ is a linear function of the current state vector and
observation noise. The system equations are

xy = Axi_1 + 04

yr = Cay + wy (7)

whereA € R™*"™ is the state transition matrix; € R™*" is the observation matrix. The state and
observation noise are given by ~;, N(0,Q,) andw; ~;, N (0, R), respectively. Finally, the
initial condition is distributed as; ~ N (u, S).

Due to the probabilistic nature of the dynamic texture model, it can be easilypimeted
on a center-surround discriminant saliency detector. Given a segjoéimages, the parameters of
the dynamic texture are learned for the center and surround regioastatreage location, using
algorithms discussed by Doretto et al. (2003), and Chan and Vascer(telBress). Saliency is
then computed with the mutual information of (2), usingiag;) v (, ¢) the probabilistic repre-
sentation of the center and surround linear dynamic systems. In this casks¢himinant saliency
measure becomes a measure of contrast between the compliance of thamésteground regions
with the dynamic texture assumption. Since this assumption tends to be accudytegimic natural
scenes, but not necessarily for objects, the result is a backgrobtrdstion algorithm applicable
to complex dynamic scenes.

This can be seen in Figures 13-15, which depict the saliency maps pebbtydche dynamic
texture-based discriminant saliency (DTDS) detector for three videwesegs. The first (Water-
Bottle from Zhong and Sclaroff (2003)) depicts a bottle floating in wateriim @nd is shown in
Figure 13 (a). The second sequence, Surfer, containing a surfémgrio water, is shown in 14 (a).
This sequence is more challenging, as the water surface displays a tegeericy sweeping wave
interspersed with high frequency components due to turbulent wakestédr by the surfer, and
crest of the sweeping wave). The third, Cyclists (Figure 15 (a)), sheowair of cyclists moving
across a field. The resolution of the clip is poor, and there is considdrablgyround movement,
making it difficult to extract the foreground reliably. We compared the duipthe DTDS detector
with a state-of-the-art background subtraction algorithm from compigimy based on a Gaussian
mixture model (GMM) (Stauffer & Grimson, 1999; Zivkovic, 2004), adhas the “surprise” model
(Itti & Baldi, 2005).

Figures 13 (b), 14 (b), and 15 (b) show the saliency maps producdistryminant saliency
detector, DTDS, for the three sequences. The DTDS detector perfeeihs all cases, detecting
the foreground objects while ignoring the movement in the background.aAde seen in Fig-
ures 13 (c) and (d), Figures 14 (c) and (d), and Figures 15 (cX@xndhe foreground detection
of the other methods is very noisy, and cannot adapt to the highly dynarmicenaf the back-
ground. The “surprise” maps of the early frames are especially ndisge & training phase is
required to learn the model parameters, a limitation that does not affect DHIiQBly stochastic
spatiotemporal stimuli, such as the sweeping wave crest or the very fasigrimackground field,
create serious difficulties to both the GMM and the surprise detector. Unkksalency maps of
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Figure 12  Performance of background subtraction algorithms on:Wajer-Bottle, (b)Surfer, and (c)
Cyclists.

DTDS, the resulting saliency maps contain substantial energy in regions batikground, some-
times completely missing the foreground objects. These saliency maps wolifticudtdo analyze

by subsequent vision (e.g. object tracking) modules. To producerditaize comparison of the
saliency maps, these were thresholded at a range of values. The wesngltsompared with manu-
ally annotated ground-truth foreground masks, and an ROC curveqeddor each algorithm. The

results are shown in Figure 12. DTDS clearly outperforms both the GMMdbackground model
and the “surprise” model.

Conclusion

In this work, we have evaluated the plausibility of a recently proposedthgpis for bottom-
up saliency: that it is the result of optimal decision making, under constrafntemputational
parsimony. It was shown that this hypothesis can be applied to various ssimadalities, and
optimal saliency detectors were derived for color, orientation, and mofitiese detectors were
shown to replicate quantitative psychophysics aspects of human salienbgth static and mov-
ing stimuli. Application of the detectors to problems of interest in computer visi@yding the
prediction of human eye fixations on natural scenes, motion-based yalethe presence of ego-

motion, and background subtraction in highly dynamic scenes, also rdvieeler performance
than existing solutions to these problems.
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Figure 13 Results on Bottle: (a) original; (b) DTDS; (c) surpriseddd) GMM model.
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