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When we observe our visual environment, we do not perceive all its components as be-
ing equally interesting. Some objects automatically and effortlessly “pop-out” from their
surroundings, that is, they draw our visual attention, in a “bottom-up” manner, towards
them. In a first approximation, focal visual attention acts as a rapidly shiftable “spotlight,”
which allows only the selected information to reach higher levels of processing and repre-
sentation. Most models of the bottom-up control of attention are based on the concept
of a saliency map, that is, an explicit two-dimensional map that encodes the conspicuity
of objects in the visual environment. Competition among neurons in this map gives rise
to a single winning location that corresponds to the next attended target. Inhibiting this
location automatically allows the system to attend to the next most salient location. A first
body of work in this thesis describes a detailed computer implementation of such a scheme,
focusing on the problem of combining information across modalities, here orientation, in-
tensity and color information, in a purely stimulus-driven manner. The model is applied
to common psychophysical stimuli as well as to very demanding visual search tasks. Its
successful performance is used to address the extent to which the primate visual system
carries out visual search via one or more such saliency maps and how this can be tested.

We next address the question of what happens once our attention is focused onto a
restricted part of our visual field. There is mounting experimental evidence that attention
is far more sophisticated than a simple feed-forward spatially-selective filtering process.
Indeed, visual processing appears to be significantly different inside the attentional spotlight
than outside. That is, in addition to its properties as a feed-forward information processing
and transmission bottleneck, focal visual attention feeds back and locally modulates, in a
“top-down” manner, the visual processing and representation of selected objects. The
second body of work presented in this thesis is concerned with a detailed computational
model of basic pattern vision in humans and its modulation by top-down attention. We
start by acquiring a complete dataset of five different simple psychophysical experiments,
including discriminations of contrast, orientation and spatial frequency of simple pattern
stimuli by human observers. This experimental dataset places strict constraints on our
model of early pattern vision. The model, however, is eventually able to reproduce the
entire dataset while assuming plausible neurobiological components. The model is further
applied to existing psychophysical data which demonstrates how top-down attention alters
performance in these simple psychophysical discrimination experiments. Our model is able
to quantitatively account for all observations by assuming that attention strengthens the
non-linear cortical interactions among visual neurons.

Together, the two aspects of attention studied in this thesis lead us to consider the essen-
tial role of non-linear computations in visual processing. We suggest that visual processing,
even at its earliest levels, is best characterized not by linear response functions and spatial

convolutions, but rather by non-linearly interacting computational devices.
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Selecting only a subset of the available sensory information before further detailed pro-
cessing is crucial for efficient perception. In the visual modality, this selection is frequently
implemented by suppressing information outside a spatially circumscribed region of the vi-
sual field, the so-called “focus of attention.” In primates, the identification of behaviorally
relevant objects and the analysis of their spatial relationships involves either rapid, saccadic
eye movements or so-called “covert” (i.e., without eye movements) shifts of visual attention.
In a first approximation, focal attention acts as a rapidly shiftable “spotlight,” which allows
the selected information to enter short-term memory and to remain there long enough to
reach conscious and cognitive levels of representation. By employing such spatially serial-
ized analysis strategy, primate brains achieve unparalleled performance, given the limited
computational resources available, in scene interpretation and understanding. While at-
tention can be controlled in a voluntary manner, it is also attracted in a “bottom-up,”
automatic and unconscious manner to conspicuous, or “salient,” visual locations. This last
property is of particular behavioral importance, because it constitutes a powerful alerting
system which allows primates to instantly become aware of unexpected predators. The first
part of this thesis is concerned with a detailed and neurobiologically-plausible model of the
bottom-up control of visual attention.

What then happens when we focus our attention to a restricted part of our visual field?
As we just mentioned, focal attention is often thought as a gating mechanism, which selec-
tively allows a certain spatial location and certain types of visual features to reach higher
visual processes. The question then naturally arises of the nature, computational char-
acteristics and neurobiological implementation of such information processing bottleneck.
Experimental work, in particular psychophysical experiments in humans and electrophysio-
logical experiments in the awake behaving monkey, suggest that the attentional bottleneck
is not unidirectional. Indeed, it has been observed in our and other laboratories that fo-
cal attention modulates behavioral performance in simple pattern discrimination tasks, a
finding which is paralleled by observations of a “top-down” modulation of neuronal ac-
tivity by attention. Thus, it appears that early visual processing is significantly different
inside than outside of the attentional spotlight. The second part of this thesis describes a
detailed biological model of early spatial vision and how such model provides a quantitative
computational account of the observed attentional modulation of early visual processing.

The present document is organized as follows. In Part II, we present a simple compu-
tational model which attempts to mimic the low-level, automatic and unconscious neuronal
mechanisms responsible for attracting our attention to salient objects in our environment.
After a brief introduction and review of existing modeling work on saliency-based atten-
tional guidance in Chapter 1, we extensively describe the proposed model in Chapter 2.
Our “bottom-up” model closely follows the neuronal architecture of the earliest hierarchical

levels of visual processing. The retinal input image is first decomposed into a multiscale
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representation, and further into a set of topographic maps selective for particular visual at-
tributes. Such “feature maps” are composed of visually responsive neurons whose responses
already are much more sophisticated than the pixel sensors of electronic cameras: For ex-
ample, such neurons may maximally respond to oriented edges, isolated bright spots on
dark surrounds, local motion contrast, or several types of local color contrasts. In addition,
complex cortical interactions further shape the response of these neurons, in particular by
enforcing a strong spatial competition for activity. The outputs of all feature maps are com-
bined into a unique “saliency map,” which encodes for local conspicuity in a more abstract
manner, independent of the particular visual features which render an object salient. At
any given time, a so-called “winner-take-all” neural network selects the most active loca-
tion in the saliency map and draws the attentional spotlight towards it. Subsequently, the
selected object is suppressed in the saliency map, such that the winner-take-all will select
the next most salient location. With time and in the absence of cognitive or volitional
influences, the system generates attentional scanpaths which indicate which locations were
selected as being of interest to the model. In Chapter 3 we study a number of applications
of our model, ranging from its successful reproduction of simple visual search experiments,
to systematic studies of its performance as a target detection system when analyzing com-
plex natural scenes. Finally, in Chapter 4, we review our computational results within the
broader frameworks of biological and artificial vision systems, and propose further directions
of research.

Part III is devoted to experiments and modeling on human pattern vision, and to a
detailed computational account of how “top-down” attention modulates early vision. This
Part consequently directly follows and complements Part II, by studying in detail what
happens once attention is focused onto a particular region of the visual scene.

After a brief introduction in Chapter 5 to the experimental and computational methods
to be used, we start by describing experiments in Chapter 6 and modeling in Chapter 7
which are aimed at deriving a simple, unifying model for early pattern vision in humans.
We use psychophysical experiments to constrain and validate our model until it accurately
reproduces human performance. Indeed, human psychophysics, an experimental method
which aims at inferring the computational architecture of the visual system by measuring
observer responses to simple visual stimuli, has emerged as one of the most advanced and
well characterized experimental methods in humans. Psychophysical thresholds for stimulus
contrast, orientation, and spatial frequency have been studied for several decades. Quan-
titative accounts of these thresholds have become increasingly refined and usually involve
a population of “noisy filters” tuned to different orientations and spatial frequencies. Al-
though earlier models postulated filters that are independent of each other, there are serious
shortcomings to this approach. More recent models postulate an interaction between filters

with spatially overlapping receptive fields, specifically, the normalization of individual filter
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responses relative to the total response of the local filter population (“divisive inhibition”).
An intriguing parallel to these perceptual accounts can be found in certain models of visual
cortical responses to stimulus contrast and orientation. Despite marked differences in detail,
the models in question consider a population of neurons with overlapping receptive fields,
broadly tuned to a range of different orientations, and normalize individual responses rela-
tive to the population response. OQur experiments are directly targeted towards a detailed
quantitative characterization for such interactions, by using spatially localized stimuli pre-
sented in the near-peripheral visual field. Acquiring a consistent dataset, in three observers,
consisting of five simple experiments, allows us to derive strong computational constraints
on early visual processing. Closely related to previously proposed models of basic pattern
vision, we thus formulate our model as a “consensus” or “unifying” neuronal model, which
simultaneously accounts in a precise quantitative manner for the broad range of experimen-
tal results acquired in our laboratory, while assuming neuronally plausible components.
While this model is developed to account for vision when attention is fully available to
the pattern discrimination task studied, we then apply it in Chapter 8 to human data by
Lee (Lee, 1999), which shows how top-down attention has a modulatory influence on early
visual processes. Indeed, it has been extensively established using a number of experimental
methods in primates that shifting attention away from a visual stimulus reduces, but does
not abolish, visual discrimination performance. This residual vision with “poor” attention
can be compared to normal vision with “full” attention to reveal how attention alters
visual perception. Large differences have been reported between residual and normal visual
thresholds for discriminating the orientation or spatial frequency of simple patterns, and
smaller differences for discriminating contrast. We specifically investigate the meaning
of this observed attentional modulation of visual thresholds using our unifying model of
spatial vision. Our model quantitatively accounts for all observations, and predicts that
the effects of attention on visual cortical neurons include increased contrast gain as well
as sharper tuning to orientation and spatial frequency. Together, these two effects suggest
that attention activates a winner-take-all competition amongst overlapping visual filters.
Together, our models of bottom-up and of top-down attention have taught us a number
of simple lessons on basic computational principles in early primate vision. Our results and
findings are summarized in Part IV. In particular, we put our experience in perspective
within the broader concept of neuronal receptive fields and early vision. We suggest that
visual processing, even at its earliest hierarchical levels, is best characterized not by linear
response functions and spatial convolutions, but rather by highly non-linear and interacting

localized computational devices.
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Most biological vision systems (including Drosophila; (Heisenberg & Wolf, 1984) appear
to employ a serial computational strategy when inspecting complex visual scenes. Particular
locations in the scene are selected based on their behavioral relevance or on local image cues.
In primates, the identification of objects and the analysis of their spatial relationship usually
involves either rapid, saccadic eye movements to bring the fovea onto the object, or covert
shifts of attention.

It may seem ironic that brains employ serial processing, since one usually thinks of them
as paradigmatic “massively parallel” computational structures. However, in any physical
computational system, processing resources are limited, which leads to bottlenecks similar
to those faced by the von Neumann architecture on conventional digital machines. Nowhere
is this more evident than in the primate’s visual system, where the amount of information
coming down the optic nerve—estimated to be on the order of of 108 bits per second—
far exceeds what the brain is capable of fully processing and assimilating into conscious
experience. The strategy nature has devised for dealing with this bottleneck is to select
certain portions of the input to be processed preferentially, shifting the processing focus
from one location to another in a serial fashion.

Despite the widely shared belief in the general public that “we see everything around us,”
only a small fraction of the information registered by the visual system at any given time
reaches levels of processing that directly influence behavior. This is vividly demonstrated
by change blindness (O’'Regan et al., 1999; Simons & Levin, 1997) in which significant
image changes remain nearly invisible under natural viewing conditions, although observers
demonstrate no difficulty in perceiving these changes once directed to them. Overt and
covert attention controls access to these privileged levels and ensures that the selected
information is relevant to behavioral priorities and objectives. Operationally, information
can be said to be “attended” if it enters short-term memory and remains there long enough
to be voluntarily reported. Thus, visual attention is closely linked to visual awareness (Crick
& Koch, 1998).

But how is the selection of one particular spatial location accomplished? Does it involve
primarily bottom-up, sensory-driven cues or does expectation of the targets characteristics
play a decisive role? A large body of literature has concerned itself with the psychophysics
of visual search or orienting for targets in sparse arrays or in natural scenes using either
covert or overt shifts of attention (for reviews, see (Niebur & Koch, 1998) or the survey
article (Toet et al., 1998)).

1.1 Two-Component Framework of Attention

Much evidence has accumulated in favor of a two-component framework for the control of

where in a visual scene attention is deployed (James, 1890/1981; Treisman & Gelade, 1980;
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Bergen & Julesz, 1983; Treisman, 1988; Nakayama & Mackeben, 1989; Braun & Sagi, 1990;
Hikosaka et al., 1996; Braun & Julesz, 1998; Braun, 1998b): A bottom-up, fast, primitive
mechanism that biases the observer towards selecting stimuli based on their saliency (most
likely encoded in terms of center-surround mechanisms) and a second slower, top-down
mechanism with variable selection criteria, which directs the “spotlight of attention” under
cognitive, volitional control. Whether visual consciousness can be reached by either saliency-
based or top-down attentional selection or by both remains controversial.

Preattentive, parallel levels of processing do not represent all parts of a visual scene
equally well, but instead provide a weighted representation with strong responses to a few
parts of the scene and poor responses to everything else. Indeed, in an awake monkey freely
viewing a natural visual scene, there are not many locations which elicit responses in visual
cortex comparable to those observed with isolated, laboratory stimuli (Gallant et al., 1998).
Whether a given part of the scene elicits a strong or a poor response is thought to depend
very much on “context,” that is, on what stimuli are present in other parts of the visual
field. In particular, the recently accumulated evidence for “non-classical” modulation of a
cell’s response by the presence of stimuli outside of the cell’s receptive field provides direct
support for the idea that different visual locations compete for activity (Sillito et al., 1995;
Sillito & Jones, 1996; Levitt & Lund, 1997). Those parts which elicit a strong response are
thought to draw visual attention to themselves and to therefore be experienced as “visually
salient.” Directing attention at any of the other parts is thought to require voluntary
“effort.”

Both modes of attention can operate at the same time and visual stimuli have two
ways of penetrating to higher levels of awareness: Being willfully brought into the focus of

attention, or winning the competition for saliency.

1.2 Bottom-Up Attention and the Saliency Map

Koch and Ullman (Koch & Ullman, 1985) introduced the idea of a saliency map to accom-
plish preattentive selection (see also the concept of a “master map” in (Treisman, 1988)).
This is an explicit two-dimensional map that encodes the saliency of objects in the visual
environment. Competition among neurons in this map gives rise to a single winning loca-
tion that corresponds to the most salient object, which constitutes the next target. If this
location is subsequently inhibited, the system automatically shifts to the next most salient
location, endowing the search process with internal dynamics.

Many computational models of human visual search have embraced the idea of a saliency
map under different guises (Treisman, 1988; Wolfe, 1994; Itti et al., 1998b; Niebur & Koch,
1996; Olshausen et al., 1993). The appeal of an explicit saliency map is the relatively

straightforward manner in which it allows the input from multiple, quasi-independent fea-
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ture maps to be combined and to give rise to a single output: The next location to be
attended. Electrophysiological evidence points to the existence of several neuronal maps,
in the pulvinar, the superior colliculus and the intraparietal sulcus, which appear to specif-
ically encode for the saliency of a visual stimulus (Robinson & Petersen, 1992; Rockland
et al., 1999; Gottlieb et al., 1998; Colby & Goldberg, 1999).

However, some researchers reject the idea of a topographic map in the brain whose
raison d’étre is the representation of salient stimuli. In particular, Desimone and Duncan
(Desimone & Duncan, 1995) postulate that selective attention is a consequence of interac-
tions among feature maps, each of which encodes in an implicit fashion, the saliency of a
stimulus in that particular feature. We know of only a single implementation of this idea
in terms of a computer algorithm (Hamker, 1999).

We here describe a computer implementation of a preattentive selection mechanism
based on the architecture of the primate visual system. We address the thorny problem of
how information from different modalities—in the case treated here from 42 maps encoding
intensity, orientation and color in a center-surround fashion at a number of spatial scales—
can be combined into a single saliency map. In the next Chapter, we show how our algorithm
qualitatively reproduces human performance on a number of classical search experiments,

and evaluate it with a number of real scenes.
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Chapter 2 Architecture of the Proposed Model
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2.1 Overview

The present model is limited to the bottom-up control of attention, i.e., to the control of
selective attention by the properties of the visual stimulus. It does not incorporate any top-
down, volitional component. Furthermore, we are here only concerned with the localization
of the stimuli to be attended (“Where”), not their identification (“What”). A number
of authors (Olshausen et al., 1993; Beymer & Poggio, 1996) have presented models for the
neuronal expression of attention along the occipital-temporal pathway once spatial selection
has occurred.

We make the following four assumptions: First, visual input is represented, in early
visual structures, in the form of iconic (appearance-based) topographic feature maps. Two
crucial steps in the construction of these representations consist of center-surround compu-
tations in every feature at different spatial scales, and within-feature spatial competition
for activity. Second, information from these feature maps is combined into a single map
which represents the local “saliency” of any one location with respect to its neighborhood.
Third, the maximum of this saliency map is, by definition, the most salient location at a
given time, and it determines the next location of the attentional searchlight. And fourth,
the saliency map is endowed with internal dynamics allowing the perceptive system to scan
the visual input such that its different parts are visited by the focus of attention in the
order of decreasing saliency.

Fig. 2.1. shows an overview of Koch and Ullman’s (1985) and of our model. Input is
provided in the form of digitized images, from a variety of sources including a consumer-

electronics NTSC video camera.

2.2 Extraction of Early Visual Features

Given an input image, the first processing step consists of decomposing this input into a set
of distinct “channels,” by using linear filters tuned to specific stimulus dimensions, such as
luminance, red, green, blue and yellow hues, or various local orientations. The number and
response properties of the linear filters implemented in the model have been chosen according
to what is known of their neuronal equivalents in the early stages of visual processing in
primates (see below). In addition, such decomposition is performed at a number of spatial
scales, to allow the model to represent smaller and larger objects in separate subdivisions

of these channels.

2.2.1 Pyramidal Representation

Different spatial scales are created using Gaussian pyramids (Burt & Adelson, 1983), which

consist of progressively low-pass filtering and sub-sampling the input image. In our im-
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Figure 2.1: Schematic representation of Koch and Ullman’s (1985) and of our model. (a)
Original model of saliency-based visual attention, adapted from Koch and Ullman (1985).
Early visual features such as color, intensity or orientation are computed, in a massively
parallel manner, in a set of pre-attentive feature maps based on retinal input (not shown).
Activity from all feature maps is combined at each location, giving rise to activity in the
topographic saliency map. The winner-take-all (WTA) network detects the most salient
location and directs attention towards it, such that only features from this location reach a
more central representation for further analysis. (b) Schematic diagram for the model used
in this study. It directly builds on the architecture proposed in (a), but provides a complete
implementation of all processing stages. Visual features are computed using linear filtering
at eight spatial scales, followed by center-surround differences, which compute local spatial
contrast in each feature dimension for a total of 42 maps. An iterative lateral inhibition
scheme instantiates competition for salience within each feature map. After competition,
feature maps are combined into a single “conspicuity map” for each feature type. The seven
conspicuity maps then are summed into the unique topographic saliency map. The saliency
map is implemented as a 2-D sheet of Integrate-and-Fire (I&F) neurons. The WTA, also
implemented using I&F neurons, detects the most salient location and directs attention
towards it. An Inhibition-of-Return mechanism transiently suppresses this location in the
saliency map, such that attention is autonomously directed to the next most salient image
location. We here do not consider the computations necessary to identify a particular object
at the attended location.
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plementation, pyramids have a depth of 9 scales, providing horizontal and vertical image
reduction factors ranging from 1:1 (level 0; the original input image) to 1:256 (level 8) in
consecutive powers of two (Fig. 2.2). A 5 x 5 Gaussian filter is applied to each level of the
pyramid before the decimation operation which yields the next level. Because successive
convolutions by Gaussian filters are equivalent to a single convolution by a Gaussian filter
(with a width which can be computed formally), pixels at various levels of the pyramid
represent the responses of Gaussian filters with increasing width; in our case, the Gaussian
width of a pixel at scale o + 1 is equal to v/5 times the width at scale o.

With r, g and b being the red, green and blue channels of the input image, an intensity
image I is obtained as I = (r 4+ g + b)/3. I is used to create a Gaussian pyramid I(o),
where o € [0..8] is the scale. While more accurate expressions exist for the computation of
luminance from a chromatic image, usually these expressions are dependent on a particular
color acquisition, encoding or representation system (Foley et al., 1990). For example,
luminance is defined in the YIQ system (used for commercial television broadcasting in the
U.S.A., using the NTSC encoding) as 0.2997+0.587¢g+0.114b (Foley et al., 1990). Since our
model was designed to be used with images from a variety of sources, we have not considered
such more sophisticated recipes. It should also be pointed out that the luminous efficiency
function for the human eye, i.e., the eye’s response to light of constant luminance, peaks at
a wavelength of about 550nm, corresponding to yellow-green light (Foley et al., 1990). This
should be taken into account when trying to more closely reproduce the response properties
of luminance-selective neurons.

The r, g and b channels are normalized by I in order to decouple hue from intensity.
However, because hue variations are not perceivable at very low luminance (and hence are
not salient), normalization is only applied at the locations where I is larger than 1/10 of
its maximum over the entire image (other locations yield zero r,g and b). Four broadly-
tuned color channels are created: R =r — (g +b)/2 for red, G = g — (r + b)/2 for green,
B =b—(r+g)/2 for blue, and Y = r + g — 2(|r — g| + b) for yellow (negative values are set
to zero). Each channel yields maximal response for the pure, fully-saturated hue to which
it is tuned, and yields zero response both for black and for white inputs. Four Gaussian
pyramids R(c),G(0), B(o) and Y (0) are created from these color channels. Fig. 2.3 shows
a rendition of the chromatic selectivity of the four color-sensitive channels implemented in
the model. This representation, like in the case of luminance described above, is very crude
and only approximate. For instance, it does not account for the fact that the three types
of color-sensitive “cone” photoreceptors in the human retina have their peak sensitivities at
wavelengths of light which are not necessarily matched to the primary colors used in digitized
images. (Although these three types of cones are often referred to as “red,” “green” and
“blue” types, with peak sensitivities at 580nm, 545nm and 440nm, they actually maximally

respond to orange, yellow and blue hues, respectively; also, sensitivity to blue is almost ten
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Figure 2.2: Pyramidal representation of the input image. The original image is shown on
top, and rests at level 0 in the pyramid. Each subsequent level is obtained by low-pass
filtering the previous level and downscaling it by a factor 2 in the horizontal and vertical
directions.
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times smaller than to red or green (Foley et al., 1990).) The very simple expressions used
here to compute R, G, B and Y are hence very simplified and approximate, which is mostly
justified by the fact that they are also very simple and fast to compute.

Local orientation information is obtained from I using oriented Gabor pyramids O(c, ),
where o € [0..8] represents the scale and 6 € {0°,45°,90°,135°} is the preferred orientation.
(Gabor filters, which are the product of a cosine grating and a 2D Gaussian envelope,
approximate the receptive field sensitivity profile (impulse response) of orientation-selective
neurons in primary visual cortex (Leventhal, 1991).) The fast implementation proposed by
Greenspan et al. is used in our model (Greenspan et al., Jun. 1994). Some of the oriented

filters and their responses on a test image are shown in Fig. 2.4.

2.2.2 Center-Surround Receptive Field Profiles

Each feature is computed in a center-surround structure akin to visual receptive fields.
Using this biological paradigm renders the system sensitive to local spatial contrast in a
given feature rather than to amplitude in that channel.

Center-surround operations are implemented in the model as differences between a fine
and a coarse scale for a given feature: The center of the receptive field corresponds to a
pixel at level ¢ € {2,3,4} in the pyramid, and the surround to the corresponding pixel at
level s = ¢+, with 6 € {3,4}. We hence compute six feature maps for each type of feature
(at scales 2-5, 2-6, 3-6, 3-7, 4-7, 4-8; see Fig. 2.5). Across-scale difference between two
maps, denoted “©” below, is obtained by interpolation to the finer scale and point-by-point
subtraction. Using several scales not only for ¢, but also for § = s — ¢, yields truly multiscale
feature extraction, by including different size ratios between the center and surround regions
(contrary to previously used fixed ratios (Milanese et al., 1995)). Seven types of features,
for which wide evidence exists in mammalian visual systems, are computed in this manner
from the low-level pyramids: As detailed below, one feature type encodes for on/off image
intensity contrast (Leventhal, 1991), two encode for red/green and blue/yellow double-
opponent channels (Luschow & Nothdurft, 1993; Engel et al., 1997), and four encode for
local orientation contrast (DeValois et al., 1982; Tootell et al., 1988).

2.2.3 The Feature Maps

The six feature maps for the intensity feature type encode for the modulus of image lu-
minance contrast, i.e., the absolute value of the difference between intensity at the center
(one of the three ¢ scales) and intensity in the surround (one of the six s = ¢ + ¢ scales).
Center-surround differences (& defined previously) between a “center” fine scale ¢ and a
“surround” coarser scale s yield the feature maps. The first set of feature maps is concerned

with intensity contrast, which in mammals is detected by neurons sensitive either to dark
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Figure 2.3: Color-selective channels implemented in the model, which emphasize chromi-
nance information while attenuating the influence of luminance. Left: Original test images.
Right: Composite renditions of the responses from the four luminance-normalized color
channels R,G,B and Y.
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0 45 90 135

Figure 2.4: Orientation-selective Gabor filters. (a) Grey-scale renditions of the filters for
three of the spatial scales and the four orientations implemented. (b) A test image and the
responses from the filters shown in (a).
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centers on bright surrounds, or to bright centers on dark surrounds (Leventhal, 1991). Here,
both types of sensitivities are simultaneously computed (using a rectification) in a set of six
maps Z(c, s), with ¢ € {2,3,4} and s = c+ 4, 6 € {3,4}:

Z(c,s) = |I(c) © I(s)] (2.1)

A quantity corresponding to the double-opponency cells in primary visual cortex is
then computed by center-surround differences across the normalized color channels. Each
of the six red/green feature maps is created by first computing (red-green) at the center,
then subtracting (green-red) from the surround, and finally outputting the absolute value.
Accordingly, maps RG(c, s) are created in the model to simultaneously account for red/green
and green/red double opponency (Eq. 2.2), and B)Y(c, s) for blue/yellow and yellow/blue
double opponency (Eq. 2.3):

RG(c;s) = [(R(c) — G(c)) © (G(s) — R(s))] (2.2)

BY(c,s) = |(B(c) =Y (c)) © (Y(s) — B(s))| (2.3)

The orientation feature maps are obtained from absolute center-surround differences
between the orientation-selective channels. These maps, O(c, s, #), encode, as a group, local

orientation contrast between the center and surround scales:
Oe,5,0) = [0(c, 6) © O(s,0)| (2.4)

It is possible in our implementation to use an arbitrary number of orientations, but we
noticed that using more oriented filters than the four abovementioned did not alter the
performances of the model drastically.

In total, 42 feature maps are thus computed: Six for intensity, 12 for color and 24 for
orientation. Fig. 2.6 shows, for an example image, all the feature and conspicuity maps

described in this Section.

2.3 Combining Information Across Multiple Maps

Our modeling hypotheses assume the existence of a unique topographic saliency map. The
purpose of the saliency map is to represent the conspicuity — or “saliency” — at every
location in the visual field by a scalar quantity, and to guide the selection of attended
locations, based on the spatial distribution of saliency. A combination of the feature maps
provides bottom-up input to the saliency map, modeled as a dynamical neural network. At

each spatial location, activity from the 42 feature maps consequently needs to be combined
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Retinal Image

Figure 2.6: The multiscale feature maps, the conspicuity maps and the saliency map. In the
intensity channel, six feature maps are computed, which simultaneously encode for on and
off center-surround luminance contrast for the six center-surround scale pairs used (i.e., with
center scale ¢ € {2,3,4} and surround scale s = c¢+4, § € {3,4}). Six maps in the red/green
color channel simultaneously encode for red/green and green/red double-opponency. Sim-
ilarly, six maps in the red/green color channel simultaneously encode for red/green and
green/red double-opponency. Finally, six maps for each of four orientations (0,45,90 and
135°) detect local orientation contrast and edges. Shown at a larger magnification with
the feature maps is a “conspicuity map” for each feature type, which combines information
across all feature maps for that feature type. How the 42 feature maps can be combined
into the single scalar saliency map is the topic of the next Section.
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into a unique scalar measure of salience. One major difficulty in such combination resides in
the fact that the different feature maps arise from different visual modalities, which encode
for a priori not comparable stimulus dimensions: For example, how should a 10° orientation
discontinuity compare to a 5% intensity contrast?

In addition, because of the large number of maps being combined, the system is faced
with a severe signal-to-noise ratio problem: A salient object may only elicit a strong peak
of activity in one or a few feature maps, tuned to the features of that object, while a
larger number of feature maps, for example tuned to the features of distracting objects,
may show strong peaks at numerous locations. For instance, a stimulus display containing
one vertical bar among many horizontal bars yields an isolated peak of activity in the map
tuned to vertical orientation at the scale of the bar; the same stimulus display, however,
also elicits strong peaks of activity, in the intensity channel, at the locations of all bars,
simply because each bar has high intensity contrast with the background. When all feature
maps are combined into the saliency map, the isolated orientation pop-out hence is likely
to be greatly weakened, at best, or even entirely lost, at worst, among the numerous strong
intensity responses.

In what follows, we propose several feature combination strategies: Naive summation,
learned linear combination, contents-based global non-linear amplification, and iterative
localized interactions. Next, we will pursue our description of the model by assuming that
one of these four schemes has been selected, and by generically denoting by the “feature
normalization operator N (.)” the computational processes applied to each feature map
before it is fed to the inputs of the saliency map. In the next Chapter, we present a detailed
comparison of the four versions of our model associated with these feature combination

strategies.

2.3.1 Naive Summation

The most simple approach to solve this problem is to normalize all feature maps to the same
total dynamic range (e.g., between 0 and 1), and to sum all feature maps into the saliency
map. In this simple case, the feature normalization operator N (.) is the identity operator
(and it is assumed that the feature detection mechanisms have been calibrated such as to
yield similar response ranges). This strategy, which does not impose any a priori weight on

any feature type, is referred to in what follows as the “Naive” strategy.

2.3.2 Learning Linear Combinations

Supervised learning can be introduced when specific targets are to be detected in the images
presented to the model. In such case, each feature map is globally multiplied by a weighting

factor. The final input to the saliency map is then the point-wise sum of all such feature
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maps. The feature normalization operator in this case consequently corresponds to a non-
topographic multiplication by a scalar number. For each feature map, this number, the
map’s weight, is determined from a number of example images in which desired targets
have been outlined. The training procedure then consists of increasing the weights of those
maps which respond the targets better than to anything else, while decreasing the weights
of those maps which either respond poorly to the targets, or respond better to non-target
objects.

All feature map weights are trained simultaneously, based on a comparison, for each
feature type, of the map’s response inside and outside manually outlined image regions
which contain the desired targets. A binary mask is hence first created for each image in
the training set, in which 1 represents target regions and 0 non-target regions. In order to
account for the fact that, at lower spatial scales, the boundaries of the targets in the feature
maps may not exactly correspond to the high-resolution target outlines, the binary target
masks are subsequently transformed into fuzzy representations: A 3/4 chamfer distance map
D is created (Borgefors, 1991) from the target contours, i.e., a gray-level map encoding, at
each image location, an approximation of the Euclidean distance between this location and
the closest target region. Using this distance map, in what follows we will consider as being
inside the target regions all locations z where D(z) < Dy, with Dy, fixed; similarly, we will
consider as being outside the target regions all locations z where D(z) > Doy, with Dyyt
fixed. The distance thresholds D;, and Dy, when larger than 0, allow locations directly
at the boundaries of the target regions, and yielding unreliable responses at coarse scales,
to be ignored by the training procedure (Fig. 2.7).

The learning procedure for the weight w(M) of a feature map M consists of the follow-

ing:
1. Compute the global maximum Mg, and minimum m,4,, of the map M;

2. Compute its maximum M;, inside the manually outlined target region(s) and its

maximum M,,; outside the target region(s);

3. Update the weight following an additive learning rule independent of the map’s dy-

namic range:
w(M) < w(M) + n(Min — Mout)/(Mgiob — Mglob) (2.5)
where 1 > 0 determines the learning speed. Only positive or zero weights are allowed.

This learning procedure promotes, through an increase in weights, the participation to
the saliency map of those feature maps which show higher peak activity inside the target

regions than outside; after training, only such maps remain in the system while others,
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Figure 2. : Selection of targets for supervised training. op left Original image. op
rig t In this example, we wish to specialize the model for the task of detecting pedestrians.
In this training image, the pedestrians have been manually outlined, and a binary target
mask was created. ottom left A 3/4 distance map computed from the contours of the
target masks. The grey-level assigned to each pixel in this map represents the approximate
Euclidean distance between that pixel and the nearest target contour. Note how this dis-
tance saturates (white color) far from the contours due to the limited grey-level range in
the map. ottom rig t istance thresholds D;, and Dy, of about 3 pixels each have
been applied to the distance map. The “inside” regions are shown in white, the “outside”
region in grey, and the border regions which are ignored by the training algorithm in black.
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whose weights converged to zero, are no more computed. The initial saliency map (before
any attentional shift) is then scaled to a fixed range, such that only the relative weights of
the feature maps are important; potential divergence of the additive learning rule (explosion
of weights) is hence avoided by constraining the weights to a fixed sum.

Note that here we only consider local maxima of activity over various image areas,
rather than the average activity over these areas. This is because local “peak” activity is
what is important for visual salience: If a rather extended region contains only a very small
but very strong peak of activity, this peak is highly salient and immediately “pops-out,”
while the average activity over the extended region may be low. This feature combination

strategy is referred to in what follows as the “Trained” strategy.

2.3.3 Contents ase oba Non Linear m 1i cation

When no top-down supervision is available, we propose a simple normalization scheme,
consisting of globally promoting those feature maps in which a small number of strong
peaks of activity (“odd man out”) are present, while globally suppressing feature maps
eliciting comparable peak responses at numerous locations over the visual scene. The feature

normalization operator N (.) then consists of the following (Fig. 2. ):

1. Normalize all the feature maps to the same dynamic range, in order to eliminate across-

modality amplitude differences due to dissimilar feature extraction mechanisms;

2. For each map, find its global maximum M and the average m of all the other local

maxima;

3. Globally multiply the map by:

(M — ) . (2.6)

Only local maxima of activity are considered such that N(.) compares responses as-
sociated with meaningful “activation spots” in the map and ignores homogeneous areas.
Comparing the maximum activity in the entire map to the average over all activation spots
measures how different the most active location is from the average. When this difference
is large, the most active location stands out, and we strongly promote the map. When the
difference is small, the map contains nothing unique and is suppressed. This contents-based
non-linear normalization coarsely replicates the biological mechanism of localized excitation
and lateral inhibition, in which neighboring similar features inhibit each other (Cannon
Fullenkamp, 1996). This feature combination strategy is referred to in what follows as the

“Global non-linear amplification” strategy.
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Figure 2. : Contents-based global non-linear amplification. This operator determines a non-
topographic feature map weight from the difference between the strength of the strongest
peak of activity and the average strength of other peaks of activity in the map. Conse-
quently, maps in which one or a few locations stand out will be amplified, while maps in
which many locations show similar activity will be suppressed. Such operator is one of the
key elements of our model, because it allows it with the severe signal-to-noise ratio faced
when attempting to combine 42 feature maps into a single scalar saliency map. For exam-
ple, in the image shown in this figure, intensity maps will show numerous strong responses,
because each white bar has maximum contrast to the black background. Such strong ac-
tivity can in many cases mask the relatively weak orientation pop-out seen in the oriented
map, unless it is suppressed by an operator such as the one proposed here.
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2.3. terative Local e nteractions

The global non-linear normalization presented in the previous Section is computationally
very simple and is non-iterative, which easily allows for real-time implementation. However,
it suffers from several drawbacks. First, this strategy is not very biologically plausible, since
global computations, such as finding the global maximum in the image, are used, while it is
known that cortical neurons are only locally connected. Second, this strategy has a strong
bias towards enhancing those feature maps in which a unique location is significantly more
conspicuous than all others. Ideally, each feature map should be able to represent a sparse
distribution of a few conspicuous locations over the entire visual field; for example, our
global non-linear amplification would suppress a map with two equally strong spots and
otherwise no activity, while a human would typically report that both spots are salient.

Finally, the computational strategy employed in the previous Section is not robust to
noise, when noise can be stronger than the signal (e.g., speckle or “salt-and-pepper” noise);
in such stimuli, a single pixel of noise so high that it is the global maximum of the map would
determine the map’s scaling (such problem is however unlikely, since feature maps usually
are built, from the noisy input image, using feature extraction mechanisms optimized to
filter out the noise).

In this Section, we derive a generic model which does not impose any strong bias for
any particular feature dimension. To this end, we implemented a simple within-feature
spatial competition scheme, directly inspired by physiological and psychological studies
of long-range cortico-cortical connections in early visual areas. These connections, which
can span up to 6- mm in striate cortex, are thought to mediate “non-classical” response
modulation by stimuli outside the cell’s receptive field. In striate cortex, these connections
are made by axonal arbors of excitatory (pyramidal) neurons in layers ITT and ( ockland

Lund, 19 3; Gilbert a , 1996; Gilbert  Wiesel, 19 9; Gilbert = Wiesel, 19 3).
Non-classical interactions are thought to result from a complex balance of excitation and
inhibition between neighboring neurons as shown by electrophysiology (Sillito @ , 1995;
Sillito ones, 1996; Levitt  Lund, 199 ), optical imaging (Weliky  a , 1995), and
human psychophysics ( olat  Sagi, 1994a; olat Sagi, 1994b; enger Sagi, 1996).

Although much experimental work is being deployed in the characterization of these
interactions, a precise quantitative understanding of such interactions still is in the early
stages ( enger  Sagi, 1996). ather than attempting to propose a detailed quantitative
account of such interactions, our model hence simply reproduces three widely observed
features of those interactions: First, interactions between a center location and its non-
classical surround appear to be dominated by an inhibitory component from the surround
to the center (Cannon  Fullenkamp, 1991), although this effect is dependent on the relative

contrast between center and surround (Levitt  Lund, 199 ). Hence our model focuses on
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non-classical surround inhibition. Second, inhibition from non-classical surround locations
is strongest from neurons which are tuned to the same stimulus properties as the center
(Sillito @ , 1995; nierim  van Essen, 1992; Ts’o a , 19 6; Gilbert =~ Wiesel, 19 9;
Malach  a , 1993; Malach, 1994). As a consequence, our model implements interactions
within each individual feature map rather than between maps. Third, inhibition appears
strongest at a particular distance from the center ( enger  Sagi, 1996), and weakens both
with shorter and longer distances. These three remarks suggest that the structure of non-
classical interactions can be coarsely modeled by a two-dimensional difference-of-Gaussians
( 0G) connection pattern (Fig. 2. ).

The specific implementation of these interactions in our model is as follows: Each feature
map is first normalized to a fixed dynamic range (between 0 and 1), in order to eliminate
feature-dependent amplitude differences due to different feature extraction mechanisms.
Each feature map is then iteratively convolved by a large 2- oG filter, the original image
is added to the result, and negative results are set to zero after each iteration. The oG
filter, a section of which is shown in Fig. 2. , yields strong local excitation at each visual

location, which is counteracted by broad inhibition from neighboring locations. Specifically,

we have:
c S c; —
DGz, )= - 2.
Gz, ) = 55 o @)
In our implementation, 0 = 2% and o0;, = 25% of the input image width, ¢ = 0.5 and
¢in = 1.5 (Fig. 2. ). At each iteration of the normalization process, a given feature map

M is then subjected to the following transformation:

M—M+M DG— 4 | (2.)
where D @ is the 2 ifference of Gaussian filter described above, |.|  discards negative
values, and 4, is a constant inhibitory term ( ;, = 0.02 in our implementation with

the map initially scaled between 0 and 1). ;, introduces a small bias towards slowly
suppressing areas in which the excitation and inhibition balance almost exactly; such re-
gions typically correspond to extended regions of uniform textures (depending on the oG
parameters), which we would not consider salient.
The 2 oG filter, which is not separable, is implemented by taking the difference
between the results of the convolution of M by the separable excitatory Gaussian of the
0G, and of the convolution of M by the separable inhibitory Gaussian. One reason for this
approach is that two separable 2 convolutions (one of which, the excitatory Gaussian, has
a very small kernel) and one subtraction are computationally much more efficient than one

inseparable 2 convolution. A second reason is boundary conditions; this is an important



Bottom-up 5
feature —»

extraction

rectification

. 0 .
v < jmage width —»

to saliency map DoG filtering

20 A

e 6

Figure 2.9: Iterative within-feature competition for salience. ( op) Illustration of the spa-
tial competition for salience implemented within each of the 42 feature maps. Each map
receives input from the linear filtering and center-surround stages. At each step of the pro-
cess, the convolution of the map by a large ifference-of-Gaussians ( 0G) kernel is added to
the current contents of the map. This additional input coarsely models short-range excita-
tory processes and long-range inhibitory interactions between neighboring visual locations.
The map is half-wave rectified, such that negative values are eliminated, hence making the
iterative process non-linear. Ten iterations of the process are carried out before the output
of each feature mapped is used in building the saliency map. ( ottom) “Truncated filter”
boundary condition consists of only computing the dot product between filter G and map
M where they overlap (shaded area), and of normalizing the result by the total area of G
divided by its area in the overlap region.
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problem here since the inhibitory lobe of the oG is slightly larger than the entire visual
field. Using irichlet (wrap-around) or “zero-padding” boundary conditions yields very
strong edge effects which introduce unwanted non-uniform behavior of the normalization
process (e.g., when using zero-padding, the corners of an image containing uniform random
noise invariably become the most active locations, since they receive the least inhibition).
We circumvent this problem by truncating the separable Gaussian filter G, at each point
during the convolution, to its portion which overlaps the input map M (Fig. 2. ). The
truncated convolution is then computed as, using the fact that G is symmetric around its

origin:

i90)

i overlap g()

M G(z) =

M()G() (2.9)

i overlap

Using this “truncated filter” boundary condition yields uniform filtering over the entire
image (see, e.g., Fig. 2. ), and, additionally, presents the advantage of being more biologi-
cally plausible than irichlet or zero-padding conditions: A visual neuron with its receptive
field near the edge of our visual field indeed is not likely to implement zero-padding or
wrap-around, but is likely to have a reduced set of inputs, and to accordingly adapt its
output firing rate to a range similar to that of other neurons in the map.

Each feature map is subjected to 10 iterations of the process described in Eq. 2. .
The choice of the number of iterations is somewhat arbitrary: In the limit of an infinite
number of iterations, any non-empty map will converge towards a single peak (except for
a few unrealistic, singular configurations), hence constituting only a poor representation
of the scene. With few iterations, however, spatial competition is weak and inefficient.
Two examples of the time evolution of this process are shown in Fig. 2. ., and illustrate
that using on the order of 10 iterations yields adequate distinction between the two example
images shown. As expected, feature maps with initially numerous peaks of similar amplitude
are suppressed by the interactions, while maps with one or a few initially stronger peaks
become enhanced.

While the effect of this scheme seems similar to that of the previous scheme, the dynamics
of this new scheme are however much more complex than those of N(.), since now the map
is locally altered rather than globally (non-topographically) multiplied; for example, a map
such as that at the top of Fig. 2.  converges to a single activated pixel (at the center of
the initial strong peak) after a large number of iterations. Note finally that, although the
range of the inhibitory filter seems to far exceed that of intrinsic cortico-cortical connections
in primates (Gilbert ~ Wiesel, 19 9), it is likely that such inhibition is fed back from higher
cortical areas where receptive fields can cover substantial portions of the entire visual field,
to lower visual areas with smaller receptive fields. In terms of implementation, the oG

filtering proposed here is best carried out within the multiscale framework of Gaussian
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Figure 2.10:  emonstration of the iterative competition scheme. ( op) Iterative spatial
competition for salience in a single feature map with one strongly activated location sur-
rounded by several weaker ones. After a few iterations, the initial maximum has gained fur-
ther strength while at the same time suppressing weaker activation regions. ( ottom) Iter-
ative spatial competition for salience in a single feature map containing numerous strongly
activated locations. All peaks inhibit each other more-or-less equally, resulting in the entire
map being suppressed.
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yramids (Itti  a , 199 b). It is interesting to note that this within-feature spatial
competition scheme resembles a “winner-take-all” network with localized inhibitory spread,
which allows for a sparse distribution of winners across the visual scene (see (Horiuchi a ,

199 ) for a 1- real-time implementation in Analog- LSI).

2. e Conspicuit Maps

After normalization, the feature maps for intensity, color, and orientation are summed across
scales into three separate “conspicuity maps,” one for intensity, one for color and one for
orientation (Fig. 2. b).

Feature maps are combined into three “conspicuity maps,” Z for intensity (Eq. 2. ),
~ for color (Eq. 2. ), and O orientation (Eq. 2. 2), at the scale (0 = 4) of the saliency
map. They are obtained through across-scale addition, , which consists of reduction of

each map to scale 4 and point-by-point addition:

T= N(Z(c,s)) (2.10)

= N(RG(c,s)) + N(BY(c,s)) (2.11)

For orientation, four intermediary maps are first created by combination of the six

feature maps for a given 6, and are then combined into a single orientation conspicuity

map:
0= N N(O(c,s,0)) C )
T I, O,
ff T ’
=3 N@)+N()+N(O) ( 3)
T
z , ff
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