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A B S T R A C T

Locally contrasting objects, e.g. a red apple surrounded by green apples, attract attention. Does this generalize to
differences in feature space? That is, do unique objects-regardless of their location-stand out from a collection of
objects that are similar to one another, even when the unique object has lower local contrast with the back-
ground than the other objects? Behavioral data show indeed a preference for unique items but previous ex-
periments enabled viewers to anticipate what response they were “supposed” to give. We developed a new
experimental paradigm that minimizes such top-down effects. Pitting local contrast against global uniqueness,
we show that unique stimuli attract attention even in not-anticipated, never-seen images, and even when the
unique stimuli are faint (low contrast). A computational model explains how competition between objects in
feature space favors dissimilar objects over those with similar features. The model explains how humans select
unique objects, without a loss of performance on natural scenes.

1. Introduction

Human behavior depends on input from all sensory modalities. Most
of the information collected by the sensory apparatus is, however,
quickly discarded by a filtering process commonly referred to as se-
lective attention. It is this process that allows organisms with limited
information processing capabilities to operate quickly and efficiently in
a highly complex world (Tsotsos, 1990). Over the last decades, much
progress has been made on understanding attentive selection. In par-
ticular, computational “saliency map” models (Koch & Ullman, 1985),
which are based on local differences of visual (Itti, Koch, & Niebur,
1998) and auditory (Kayser, Petkov, Lippert, & Logothetis, 2005) sen-
sory features, are quite successful in explaining human behavior in both
controlled laboratory and real world situations (Borji & Itti, 2013).
These models only use image information (saliency) but not observers’
goals, memory, or other internal states.

It has long been suspected that the idea that perceptual saliency,
which is derived from stimulus contrast and drives attention, can be
generalized to more abstract spaces. That is, that a stimulus that differs
from others in feature space (rather than in geometrical space) stands
out by itself, without needing help from observer-inherent biases like
anticipation, goals etc. In the simplest case, which we test here, this
would imply that a stimulus that is weak by itself but unique because it
differs in one of its features from all other stimuli present anywhere in a

scene is inherently salient, and that it therefore attracts attention. As an
example, consider the image in Fig. 1A showing a number of black
squares and one gray square on a white background. By our hypothesis,
uniqueness in color (intensity) space should make the gray square the
most salient stimulus even though locally the black squares have higher
contrast with the background, which generally would drive up their
salience.

There have been several behavioral tests of this hypothesis, as dis-
cussed in Section 1.2, which confirm that unique stimuli are indeed
preferentially attended. As discussed in that Section, it is not clear,
however, whether attentional allocation in these studies is controlled
by bottom-up cues, our focus of interest, or by non-specified top-down
information that participants gleaned implicitly or explicitly from the
task instructions.

The situation is further complicated by the fact that the saliency
map models which predict eye movements and other indicators of at-
tentional selection quite well (Borji & Itti, 2013; Jeck, Qin, Egeth, &
Niebur, 2017; Masciocchi, Mihalas, Parkhurst, & Niebur, 2009;
Parkhurst, Law, & Niebur, 2002) predict that uniqueness by itself does
not enhance attentional deployment, Fig. 1B, C. We found that the same
is the case for all computational models of attentional control that we
applied to stimuli like those in Fig. 1A, see Section 1.1. It is thus not
clear whether the intuition that unique stimuli attract attention is
rooted in reality.
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We therefore decided to find out whether our intuition, that a un-
ique object attracts attention of human observers, is true even in the
absence of any expectation or anticipation. We developed an experi-
mental paradigm specifically designed to avoid biasing observers. The
basic ideas are that (a) task instructions are kept to a bare minimum, (b)
spontaneity of responses is encouraged over long deliberations, and (c)
every participant performs the task only a very limited number of times.
These features are designed to minimize expectations about which sti-
mulus will be delivered next. It is impractical to measure (overt) at-
tention by fitting subjects with an eye tracker and then have them
perform a task for only a few seconds or a few trials. Therefore parti-
cipants were shown a short sequence of visual scenes on a tablet
computer and asked to “tap the first place you look when the image
appears” (Materials and Methods). Our recent work (Jeck et al., 2017)
has shown that these tapping responses are significantly correlated with
other measures of attention.

1.1. Model predictions for unique objects

Consider the image in Fig. 1A, a number of black squares and one
gray square on a white background. As long as the unique gray square is
easily discriminated from both the background and the black squares,
our intuition suggested that its uniqueness makes it the most salient
stimulus. However, saliency models predict the opposite. First, we ob-
serve that only intensity contributes to saliency in this simple scene (no
color etc). Second, the center-surround contrast of the gray square is
smaller than that of the black squares since its intensity is closer to the
background than that of the black squares. Therefore, the models pre-
dict that the black-on-white squares have higher saliency than the gray-
on-white square. This is illustrated in Fig. 1B which shows center-sur-
round responses to the intensity channel of the image in Fig. 1A at
different spatial scales for the center and surround. For each of these
center-surround computations, the gray square produces a weaker re-
sponse than the black squares. Because of the lowered center-surround
responses, the resulting saliency map [Fig. 1C, computed from the
model in Itti et al. (1998)] assigns a lower saliency level to the unique
gray square than to the black squares. Indeed, no linear combination of
these center surround maps can generate a saliency map in which the

gray square has a higher value than both the black squares and the
background (see Appendix A).

One might expect that at large spatial scales the center-surround
operation would compare the intensity of the squares with that of their
neighbors, enhancing the gray square. Salience of a unique stimulus is,
indeed, enhanced if the distance between this stimulus and the other
stimuli is small enough that the latter are located in the surround (as
defined by the model) of the former [see e.g. Niebur, Itti, and Koch,
2002, Fig. 4]. However, for the stimulus in Fig. 1A, even though the
surround of each square at larger spatial scales includes the black
squares, it also includes much of the white background. The latter
dominates in all cases, resulting in a mostly-white surround for all
squares. When the center-surround operation computes the difference
between the center (black or gray) and the surround (mostly-white), the
black squares produce a larger difference than the gray one. We hy-
pothesize that what makes the gray square unique, and therefore
salient, is the difference of intensity between it and the set of black
squares. Thus, saliency is still determined by a center-surround differ-
ence but this difference is computed in “feature space”, with compar-
isons between objects rather than between spatially defined regions of
the visual field. This raises a conflict between predictions of saliency
map models [e.g. Itti et al., 1998] and our intuition that the gray square
is salient. The goal of this paper is to test whether human behavior
agrees with our intuition, or with this and other models of salience. In
Section 3.3 we propose a novel model of inter-object comparison that
assigns high salience to unique objects.

Is the failure to assign higher saliency to a unique object limited to
the original saliency map studies (Itti et al., 1998; Niebur & Koch,
1996), or does it affect a larger class of models? Since we believe that
higher salience is assigned to unique objects because visual scenes are
processed in terms of objects rather than of elementary visual features
(Discussion), we were first particularly interested in models that in-
volve the formation of perceptual objects (or proto-objects). discussed
in Section 2.4. This is the case for the models developed by Russell,
Mihalas, von der Heydt, Niebur, and Etienne-Cummings (2014) and
Walther and Koch (2006). We therefore ran these models on the input
shown in Fig. 1A, with results shown in Fig. 2A and B, respectively.
Both models assign lower salience to the gray square compared to the

Fig. 1. Visual scene with unique stimulus
and model results. (A) Simple scene with
one unique stimulus. (B) Three example
scales (fine to coarse, top to bottom) of
center-surround (CS) responses of the sal-
iency map model (Itti et al., 1998) to the
stimulus in (A). At all scales, the gray square
has the weakest response. (C) Final output
of the model. Intensity represents saliency.
Color and orientation channels are included
in the computation but they do not make a
substantial contribution for this image.

Fig. 2. Output of models of salience for the input shown in Fig. 1A with white regions indicating high salience. (A) Walther and Koch (2006) (B) Russell et al. (2014),
(C) Perazzi et al. (2012), (D) Kümmerer et al. (2016).
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black squares, in disagreement with our intuition.
Given that we believe it is the uniqueness of the color of the gray

square that makes it stand out (or salient) in perception, we then
searched for a model that is specifically designed to detect unique
elements. We narrowed the choice down further by demanding that the
model takes into account the one feature, namely color (of which in-
tensity is a special case) that distinguishes the unique stimulus from all
others in our images. Both of these conditions are fulfilled by a study by
Perazzi, Krahenbuhl, Pritch, and Hornung (2012). In their model, an
image is decomposed into compact regions of roughly similar colors,
and the salience of a region is driven by the relation of two factors, the
“uniqueness” and the “distribution” of a color. Colors that are far away
in color space from others present in the image (such as gray in Fig. 1A)
are considered “unique” and therefore salient. Colors that are spatially
distributed in the image (black and white in Fig. 1A) are given a high
“distribution” level, resulting in lowered salience.

The output of the Perazzi et al. (2012) model for the scene in Fig. 1A
is shown in Fig. 2C. Given its design, we were surprised that it does not
label the gray square as salient. We ran the Perazzi et al. (2012) model
on all of the ten stimulus arrays with faint objects that we used in our
behavioral experiments, described below and shown in the left panels
of Figs. S3 and S4. For eight of them, the unique square was not labeled
as salient. We analyzed the internal model function and found that the
distribution term (i.e. the spatial extent of the color) was estimated to
be high because the color of the unique square is close enough to the
background color to cause the model to group them together somewhat.
By fine-tuning one of its model parameters ( c), we managed to have the
unique square labeled as salient for each of the ten images. However,
we do not know how the modified model performs on images other
than those ten for which its parameters were specifically tuned. We are
also uncertain how this parameter change affects the behavior of the
model on natural scenes. A further consideration is that the Perazzi
et al. (2012) model is defined in purely functional terms and its re-
lationship with what we know about early visual processing in biolo-
gical systems is remote at best.

Finally, we tested our hypothesis on a model that predicts salience
which was developed by Kümmerer, Wallis, and Bethge (2016). The
model uses features from VGG-16, a deep network trained for object
recognition. This model achieves high performance on natural scenes
and is currently ranked highly on the MIT300 saliency benchmark
which was introduced by Judd, Durand, and Torralba (2012). For
compatibility with other tested models, we used a version with no ex-
plicit preference for objects in the center of the image. As seen in
Fig. 2D, this model also assigns a lower salience to the unique object,
indicating that the training of the model does not generalize well from
object recognition to saliency computation.

1.2. Attention to unique stimuli: behavioral studies

Empirical data from the visual attention literature are consistent
with our intuition that the gray square in Fig. 1A is salient. The gray
square in Fig. 1A can be described as a singleton, which is related, in a
general way to ongoing research on the attention-capturing properties
of salient singletons [e.g. Bacon and Egeth, 1994; Ernst and Horstmann,
2018; Folk, Remington, and Johnston, 1992; Godijn & Theeuwes, 2002;
Leber and Egeth, 2006; Theeuwes, 1992, 1994, 2010; Theeuwes and
Van der Burg, 2011]. In these studies, subjects are given a visual task
(such as reporting the orientation of a single element) while a single
element in the display, which is irrelevant to the task, is different from
the rest in a single dimension. A decrease in task performance when the
irrelevant singleton is present is interpreted as attentional capture by
the singleton, drawing attentional resources away from the assigned
task. However, unlike Fig. 1A, in the singleton literature it is usually the
case that the feature contrast for the distracting irrelevant singleton is
stronger than the feature contrast for the relevant singleton. In order to
determine whether the gray square in Fig. 1A is actually more salient

than the black squares, we need to find studies where the feature
contrast is actually weaker for the singleton.

In the realm of visual search experiments, Treisman and Gormican
(1988) showed that search for a light gray target among dark gray
distractors (on a white background) is efficient (independent of the
number of distractors) when the distractor, backgroand and target
colors are all easily discriminated (their Table 2). Efficient search can
be explained most easily by assuming that attention is directed to the
target. Bauer, Jolicoeur, and Cowan, 1996 support a similar intuition
for a case with distractors of two colors and the target falling between
them in color space. Nothdurft (2006) also reports on several psycho-
physical experiments in which the participants assess the salience of
different stimuli, and report the salience of a single low-contrast target
among multiple high-contrast ones.

A substantial concern with all of these experiments is, however, that
all of them informed participants about the upcoming visual scene ei-
ther directly, through the task instructions, or indirectly, by repeatedly
presenting similar scenes (e.g. circular displays of dots where one or a
few differ from the rest). Such “top-down” influences (which we define
as being dependent on the internal state of the observer) of the task to
be performed strongly affect participants’ eye movements (Yarbus,
1967; DeAngelus & Pelz, 2009) and thus likely their attentional state
(for more discussion see Section 4.2). Therefore, we cannot conclude
from the aforementioned evidence that the measured attentional effects
are driven by “bottom-up” cues (dependent on the image only). An
experiment not affected by such anticipatory effects was performed by
Pashler and Harris (2001) who showed that subjects selected a unique
flashing stimulus over several static ones, and a unique static stimulus
over several flashing ones. Most scenes do not have flashing stimuli,
though, and it remains unclear whether uniqueness attracts attention in
more general environments, in particular in static scenes.

2. Materials and methods

We first describe the methods used for the behavioral experiments
(Sections 2.1,2.2,2.3) and then the computational models (Sections 2.4
and 2.5).

2.1. Experimental paradigm

All methods were approved by the Johns Hopkins Institutional
Review Board and carriedout in accordance with the Code of Ethics of
the World Medical Association (Declaration of Helsinki). In previous
work (Jeck et al., 2017) we have addressed the difficulty of minimizing
the contamination of behavioral measurements by top-down effects.
The essential ideas from that work are that (a) task instructions are kept
to a bare minimum, (b) spontaneity of responses is encouraged over
long deliberations, and (c) every participant performs the task only a
very limited number of times. These features are designed to minimize
expectation which stimuli will be delivered next and anticipation of
responses that participants might believe they are expected to provide.
More specifically, we described a method of obtaining attentional re-
sponses from participants who were only minimally informed about the
upcoming stimulus.

Our approach was inspired by an experiment developed by
Firestone and Scholl (2014). Participants were passers-by on the Johns
Hopkins University Homewood Campus. They were approached and
asked if they wanted to do a quick psychology experiment on a tablet
computer. If they agreed, they were shown a short sequence of complex
natural scenes on the tablet and asked to “tap the first place you look
when the image appears”. As shown by Jeck et al. (2017), tapping re-
sponses were found to be significantly correlated with other measures
of attention, specifically eye movements (Parkhurst et al., 2002), con-
scious selections of interesting image parts (Masciocchi et al., 2009),
and the computational model of Itti et al. (1998).

In the present study, we use these methods to empirically address
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the question of whether unique faint stimuli appear salient among a set
of stronger stimuli, like the gray square among black squares in Fig. 1A.
We used simplified images, similar to that figure, that are designed
specifically to address this question by minimizing other possible in-
fluences although we believe that the effect is also present in more
complex images. Instructions were identical to that described for the
Jeck et al. (2017) study. The scenes we use are described in detail in
Section 2.2.

All stimuli were shown on an iPad tablet (Apple Computers, iOS 8.3
operating system, screen 9.7 with ×1024 768 resolution). The screen
occupied approximately ° °15 –35 of visual angle depending on how far
away from the face it was held by the participant. Participant were first
shown a white screen with two small black squares (see Fig. 4), which
we call the initialization screen. They were instructed to tap on either
one of the squares to bring up a test image, and were told “When the
image appears, tap the first place you look”. The image then appeared
and, after the participant had tapped his or her selected location on it,
the position of the tap and the reaction time (time between this tap and
the tap on the initialization screen) were recorded using the pixel and
time given by the operating system. Test images strictly alternated
between a natural scene and a scene of colored squares, see below. Each
participant saw a total of 12 images of which the first always was a
natural scene.

We recorded 1512 taps on simple scenes from 252 participants (101
male, 151 female). Population results are shown in Fig. 6. Reaction time
(RT) was defined as the time from tapping on the initialization screen to
tapping on the test image. Median RT was 1.3 s, the mean was 1.4 s. We
did not analyze RTs in detail because our data collection system (iPad)
did not allow control of the exact timing of image presentation.

2.2. Stimuli

The stimulus set consisted of 30 images, with each showing a set of
colored squares on a white background. We refer to these as “simple
scenes” to distinguish them from the natural scenes that were presented
in alternation with them. As mentioned, responses to the natural scenes
have been analyzed previously (Jeck et al., 2017); for the purpose of the
current study they only serve to separate the simple scenes and to
possibly reduce the predictability of the image sequence. On each of the
simple scenes, the screen was divided evenly into a ×5 3 grid. In ten of
the grid locations (randomly chosen) a square ( ×120 120 pixels) was
placed. Each square was placed at a random location (uniform dis-
tribution) within the central 80% of the grid cell in the horizontal and
vertical directions. This placement pattern spaced out the squares
evenly on average without creating a percept of a predictable pattern.
The color of the squares varied among the six square image types
generated, Gray/Black, All-Black, Black/Gray, Blue/Yellow, Pink/Red,
and All-Red; an example of each is shown in Fig. 5. Five images were
generated for each image type. Each of the All-Black images was
identical to one of the Gray/Black images except that the color of the
single gray square was changed to black. This design allowed for a
direct comparison between the gray square and the corresponding black
square since the geometries of one All-Black and one Gray/Black image
were identical. Likewise, each of the All-Red images was identical to
one of the Pink/Red images except that the pink square was changed to
red. Otherwise, all images were independent of each other. All com-
putational models we tested predict (Section 1.1) that in a pair of Gray/
Black and All-Black images with the squares at the same positions, the
black square in the All-Black image at the same position of the single
gray square is more salient (see Fig. 1C) and therefore should be tapped
more than the gray square. The analogous argument applies to the All-
Red and Pink/Red pairs of images.

The simple scenes were separated into five groups of six, with each
group containing one image from each type. Each participant saw ex-
actly one Gray/Black image, and one matched All-Black image was
always shown to the same participant. Likewise, each participant saw

one Pink/Red image and its matched All-Red image. Images were
presented in randomized order, with the constraint that the first simple
scene of a matched pair was always chosen such that each of the two
members of a matched pairs of images had an equal number of parti-
cipants see it first. For instance, the number of participants that saw the
first Gray/Black image was the same as that of participants that saw the
matched All-Black image as their first simple scene. This allowed us to
perform a direct comparison of data gathered from the first time a
participant saw a simple scene with matched sample sizes.

2.3. Statistics

Data from the first view were analyzed using a one-tailed Fisher’s
exact test. Data from all views were analyzed using paired one-tailed t-
tests. Significance of the fits for center bias and intercepts in Fig. 6 was
assessed using F-tests, the latter with False-Discovery Rate correction
(Benjamini & Hochberg, 1995) to control for multiple comparisons. The
significance level for all statistical tests was set to = 0.05.

2.4. Proto-object comparison model: overview

One strategy humans and other animals use to cope with the com-
plexity of their environments is to transform raw sensory input into
representations that match more closely the functional relationships in
the world. In the visual and auditory modalities this process is called
perceptual organization (Bregman, 1990; Kimchi, Behrmann, & Olson,
2003). In the visual system, the fundamental units of this representation
are no longer activity levels of retinal ganglion cells but their correlated
patterns that correspond to visually perceived objects. We and others
have developed quantitative models to understand the underlying
computations (Ardila, Mihalas, von der Heydt, & Niebur, 2012; Craft,
Schütze, Niebur, & von der Heydt, 2007; Hu, von der Heydt, & Niebur,
2015; Brian, Kane-Jackson, & Niebur, 2016; Hu et al., 2017; Mihalas,
Dong, von der Heydt, & Niebur, 2011; Pentland, 1986; Ramenahalli,
Mihalas, & Niebur, 2014; Russell et al., 2014; Walther & Koch, 2006).
As was observed by Rensink (2000) and Zhou, Friedman, and von der
Heydt (2000), perceptual organization does not require the formation
of fully-formed objects as would be needed for tasks like object re-
cognition or discrimination. Instead, it is sufficient that the scene is
segmented into entities that are characterized by a few elementary
features, like their position, size etc. Following Rensink (2000), we call
these entities proto-objects. For the sake of simplicity, we use the terms
“object” and “proto-object” interchangeably.

Electrophysiological studies (Martin & von der Heydt, 2015; Qiu &
von der Heydt, 2005, 2007; Williford & von der Heydt, 2016; Zhou
et al., 2000) show that “ownership” of object borders is represented by
the firing rate of individual neurons in (mainly) extrastriate visual
cortex. Computational models (Craft et al., 2007; Hu et al., 2015; Hu
et al., 2016; Mihalas et al., 2011; Russell et al., 2014; Wagatsuma, von
der Heydt, & Niebur, 2016) show that these results can be explained by
a population of “grouping” cells that represent in their firing rates the
proto-objects underlying the model in the present study (their name
stems from their role of binding, or grouping, the different features of
proto-objects). Grouping neurons receive input from striate and early
extrastriate cortex and, in turn, modulate activity of some neurons in
these areas. It is this modulation which imparts border-ownership se-
lectivity on these “border-ownership selective” neurons. Response
properties of grouping neurons are quite simple, in the simplest form
their activity represents the presence of “something” within a certain
size range at an approximate position. Therefore, any single grouping
neuron can not represent objects with complex shapes. Our working
hypothesis is that such objects are represented in the population ac-
tivity of grouping cells. A modeling study (Ardila et al., 2012) de-
monstrated that visual activation by complex geometrical shapes results
in an activity pattern at the grouping cell level that reproduces the
output of the medial axis transform, an abstract representation of

D.M. Jeck, et al. Vision Research 160 (2019) 60–71

63



complex visual shapes commonly used in computational vision (Blum,
1973; Feldman & Singh, 2006). The purpose of this early proto-object
representation is only to provide structure to the visual input. Qiu,
Sugihara, and von der Heydt (2007) showed that perceptual organiza-
tion, or at least the part that manifests itself in the form of border
ownership selectivity, is a pre-attentive process on which other me-
chanisms can build, e.g. object recognition, attention to objects, or
navigation.

Our behavioral results (below) suggest that humans compute re-
lative saliency of simultaneously present (proto-) objects by comparing
the features of these objects, rather than properties of regions that are
defined by simple spatial relationships, as in center-surround contrast
computations. To understand these behavioral results, we develop a
computational model of visual saliency based on comparisons between
objects. The model generalizes the idea that objects that differ from
other objects are salient, while repeated objects are not salient. While in
early models (Itti et al., 1998; Itti & Koch, 2001; Koch & Ullman, 1985;
Niebur & Koch, 1996) the elements to be compared were defined purely
spatially, newer approaches are based on proto-objects (Russell et al.,
2014; Walther & Koch, 2006). However, as discussed previously (Sec-
tion 1.1), these models cannot explain that humans assign higher sal-
ience to unique objects over repeated objects.

To obtain a representation of proto-objects in a visual scene, we
compute grouping cell activity as in the Russell et al. (2014) model but
we remove the normalization procedure that follows in that model and
replace it by a normalization that takes into account other stimuli
anywhere in the scene. Grouping cells tile the entire image with over-
lapping proto-objects of many different radii, and are computed on
different submodalities (intensity, color, and orientation). A grouping
cell in the Russell et al. (2014) model will have a strong response if it is
at the center of a set of co-circular edges at the preferred radius of the
grouping cell. Grouping cells in our model have a minimum preferred
radius of 32 pixels and a maximum of 256 pixels. The model is illu-
strated in Fig. 3 and defined formally in Section 2.5. Here we propose a
simple color-based model, as it is sufficient to explain the data col-
lected. However, a number of other features (e.g. shape, orientation,
etc.) could easily be added to our normalization procedure.

2.5. Proto-object comparison model: formal definition

Proto-objects in our model are defined by their position (X Y, ) and
radius (r). We do not, however, assume a binary distinction between the
presence and absence of proto-objects at any location. Instead, the ac-
tivity of grouping cell responses in the Russell et al., 2014 model pro-
vides a graded measure of the “belief” that a proto-object with a specific
radius is present at a specific location. Let X Y( , )i i , and ri represent po-
sition and radius for the i-th proto-object. We define its strength Si as
the product of ri

2 with the i-th grouping cell response. Since proto-ob-
jects are calculated by contrast-based mechanisms, the S values of
proto-objects representing the gray square in Fig. 1A are lower than
those of black squares. An example of a set of grouping cell responses
with a radius of 32 pixels to the stimulus in Fig. 3A is shown in Fig. 3B.

In order to compare between proto-objects in our new normal-
ization step below, we must first compute a set of features for each
proto-object. For each proto-object, the proto-object comparison (POC)
model computes features over the image region defined by the circle
with center at X Y( , )i i with radius ri (see 3C for an example). We com-
pute histograms of L a, , and b values from the CIELAB color space
(Ibraheem, Hasan, Khan, & Mishra, 2012). These color dimensions have
been found to be represented in a number of visual areas (Brouwer &
Heeger, 2009; Conway & Tsao, 2009; Li, Liu, Juusola, & Tang, 2014).
Each of these histograms has nine bins and is normalized to sum to 1 so
that patches of different radii can be compared appropriately. We also
compute histograms with nine bins for the potential radii of proto-ob-
jects in the patch. Eight of the bins have the value zero and the one
which corresponds to the actual object radius having the value unity.
For the i-th proto-object, this gives us a feature vector Fi whose com-
ponents are the values of 36 different bins (nine bins for each of the four
features L a b, ,i i i , and ri). We refer to the value for the i-th proto-object
in the j-th bin as Fij. In the brain, we presume that these features are
computed simultaneously with the computation of proto-objects
themselves. The entries in the histograms correspond to activity pat-
terns of separate neuronal populations that are tuned to the features
represented by the histogram bins. We chose those features in our
model partly for reasons of computational efficiency rather than as

Fig. 3. Simplified illustration of the POC model. (A) Example input image. (B) Map of the strengths of proto-objects with a radius of =r 32 pixels only. Three colored
dots correspond to proto-objects used in the following panels. Note the weak response to the gray square, centered on green dot. (C) Illustration of the feature
computation for the proto-object highlighted by the green dot in B. Histograms are formed over the pixels within the circle of radius r around the center X Y( , ) of the
proto-object. Note that all pixels are gray, which corresponds to the sixth luminance bin in panel D. (D) Top panel, feature representations for three proto-objects.
Two are on black regions (red and blue dots in B, overlapping red and green histogram bins in the 3 panels of D), these proto-objects have identical colors (black) and
their values in the histogram are identical, unity in the first histogram bin and zero in all others. The third is on the gray region of the image (green dot in panel B,
zoom-in in Panel C, and green histogram bin in D), it has unity value in bin 6 and zero elsewhere. Middle panel, feature values multiplied by proto-object strength S.
Bottom panel, strength after normalization. (E) Top panel, saliency output for the three proto-objects processed in D. Output for all other proto-objects omitted for
clarity. Bottom panel, output for all proto-objects. Note the enhanced saliency of the gray square in D, E. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)
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detailed implementations of biological processes. For instance, we do
not claim that there are neuronal populations that one-by-one code
L a, , and b values from the CIELAB color space but we do believe that
color is represented explicitly in neuronal activity patterns.

Interaction between proto-objects is introduced through a normal-
ization process,

=N
S F

F
ij

i ij

k k
kj

(1)

if S F 0k i kj , otherwise =N 0ij . In this equation, the value in each
histogram bin is multiplied by Si so that strongly detected objects are
given more weight in the normalization process, and strongly detected
objects with the same feature values will suppress one another. This is
illustrated in Fig. 3D for three proto-objects: two with high Si that share
the same feature values and one with a lower Si value that is unique.
The strength of each proto-object is then computed as

=P Ni
j

ij
(2)

and a saliency map Q is defined as a sum of Gaussians with weight given
by Pi and locations given by the proto-object.

= +Q x y x X y Y( , ) exp ( ) ( )
2i i

i i

i

2 2

2
(3)

where the spread =i
r
2
i of the Gaussian ensures that most of a proto-

object’s activation is near its center. A saliency map for the three proto-
objects and the full output using all proto-objects is shown in Fig. 3E.

We noted that the saliency maps generated by the POC model are
blurrier than the Russell et al. (2014) model, which has in the past
correlated with improved performance on natural scenes (Judd et al.,
2012). To illustrate the importance of the normalization process rather
than the other implementation details of the model (e.g. the creation of
the saliency map using a sum of Gaussians), we also generate a saliency
map using Eq. (3) but replacing Pi with Si. Note that this is equivalent
(up to a scaling factor) of computing Eq. (1) without the denominator,
since =F 1j ij . We found that the average R for this modified model
was 0.464, similar to the values found for the non-modified model
(Results).

3. Results

3.1. First view only

Participants were approached on a campus of Johns Hopkins
University and asked whether they were willing to do a quick psy-
chology experiment on a tablet computer. By tapping on the screen,
they made appear an alternating sequence of natural scenes and “simple

scenes” consisting of colored squares (Methods; see Fig. 4). They were
instructed to tap with a finger of their choice on the first place they
looked at in the scene. Each participant saw a total of 12 images of
which the first always was a natural scene. For the purposes of this
study, only responses to simple scenes are analyzed, natural scenes only
served to minimize potential interactions between subsequent simple
scenes. One class of simple scenes consisted of one unique gray square
among several black squares, as in Fig. 1A. Each observer who saw one
of these scenes also saw an identical one in which the unique gray
square was replaced by a black square, Fig. 5A. In this case existing
models predict that the black square should be more salient than the
gray square due to its higher contrast with the background despite
having the uniqueness property removed. Other patterns of uniqueness
(or its absence) were also created with other colored squares, Fig. 5B, C.

We obtained the main result of this study by analyzing tap locations
for the very first trial on which a subject was presented with a simple
scene (this was always the second trial since the first was a natural
scene). Example stimuli with all taps shown as overlaid green dots are
in Fig. 5 (for first taps only see Suppl. Figs. S1 and S2 in AppendixB).
Participants tapped the unique (“singleton”) square (gray or pink) sig-
nificantly more frequently than the matched square on a control image
(black or red). This result holds both for a gray square among black
squares (Fig. 6A) and for a pink square among red squares (Fig. 6C). In
the former case, we observed 14 taps on the gray square taps vs. 6 taps
on the black square, both out of 51 taps. A one-tailed Fisher’s exact test
gives =p 0.039. In the latter case, we observed 16 taps on the pink
square vs. 8 on the red square, both out of 47 taps. A one-tailed Fisher’s
exact test gives =p 0.048. Note that in both cases, the local contrast of
the unique object to the background is lower than that of the non-un-
ique objects which is what leads the computational models astray. Also
note that the black among gray and the blue among yellow trials do not
speak to the issue of whether a faint object attracts attention.

This result confirms the intuition that a unique stimulus is more
salient than a non-unique stimulus, even if the latter has higher contrast
to the background.

3.2. All presentations

In the next analysis, we studied the relative tapping rates of all six
simple scenes a given participant saw, averaged over all participants.
Each image had a different singleton tap rate, defined as the fraction of
times that participants tapped on the singleton square. We did not en-
force that the same number of participants saw the same scene as their
first, second, or n-th simple scene. Therefore, it is difficult to quantify
whether the location of an image in the image sequence influences tap
rates. For the remainder of our analysis, we therefore aggregate data
over all six presentations of simple scenes.

Including all six views by each participant, gray squares are tapped
significantly more than the black squares in corresponding positions,

Fig. 4. Experimental procedure.
Participants first saw an initialization screen
and tapped on one of the small black
squares at the bottom. This brought up a test
image (alternating natural scenes and
simple scene). They then tapped on it at a
place of their choosing which was, ac-
cording to instructions, the first place they
looked at when the image had appeared.
Tapping position and reaction time were
collected, the initialization screen re-
appeared, and the cycle re-commenced.
(Natural scenes were shown in full color, see
the web version of this article.)
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with 90 taps on gray squares vs. 21 on black squares, out of 252 taps in
both cases ( <p 10 14 paired t-test; Fig. 6B). The same holds for pink
squares vs. corresponding red squares, 101 taps vs. 59 out of 252
( <p 10 5; Fig. 6D). Note that a paired t-test is appropriate in these
cases because the same participants saw paired Gray/Black and All-
Black images on different presentations (and the same for Pink/Red and
All-Red images). More detailed analysis shows that direct comparisons
between Gray/Black and All-Black images were significant individually
for each of the five pairs (Suppl. Fig. S3), as well as for three out of the
five pairs of Pink/Red and All-Red images (Suppl. Fig. S4). For the two
images without significantly increased tap rates on the pink squares, the
corresponding red square was the most tapped square on the All-Red
image and in both images it was located close to the center of the scene.
A ceiling effect, likely due to the geometrical arrangements of stimuli
(center bias, see next paragraph), may thus be the reason why we did
not find a significant effect in these cases.

As in previous studies (Buswell, 1935; Parkhurst et al., 2002; Tseng,
Carmi, Cameron, Munoz, & Itti, 2009), we found a strong center bias in
our results. Fig. 6E shows the rates at which participants tapped on a
singleton square as a function of the square’s Euclidean distance from
the center of the image. The lines in the figure are generated from a
linear regression model where each type of stimulus and the distance
from the center are used to predict the tap rate. Also shown are the tap

rates and linear fits for the non-singletons in the All-Black and All-Red
images. A significant effect of distance from the center was found for
each line (F-test, all <p 10 5). The negative slope of all lines confirms
the existence of a center bias in all conditions. Interaction terms be-
tween the distance from the center and the stimulus type were not
found to be significant except in the case of the non-singletons.

By analyzing the intercepts of the fit lines (Fig. 6F) we can roughly
gauge the salience for the different image types independently of the
center bias. By performing pairwise comparisons between the inter-
cepts, we found that the Blue/Yellow intercept was significantly higher
than the Gray/Black and the Pink/Red intercepts (F-test, all <p 0.05),
and intercept of the fit line for non-singletons was lower than for any of
the images containing singletons (all <p 10 11). These results held after
performing a False-Discovery Rate correction (Benjamini & Hochberg,
1995) to control for multiple comparisons. We also found that the
singletons in Black/Gray and Blue/Yellow images are generally more
salient than either the singletons in Gray/Black or singletons in Pink/
Red images. These results agree qualitatively with previous search
asymmetry studies (Treisman & Gormican, 1988) since the Gray/Black
singletons are less salient than the Black/Gray singletons, (Fig. 6E)
while confirming that the singleton gray squares in the Gray/Black
images can still be salient.

Fig. 5. Example set of simple scenes, overlaid
(green dots) with tap locations of all participants
who saw this set. All taps shown are in response
to the first time participants saw these scenes.
(A) Gray/Black (left) and corresponding All-
Black (Right) images. Note that the corre-
sponding image has an identical spatial ar-
rangement of squares. (B) Pink/Red (left) and
corresponding All-Red (right) images. Again, the
spatial arrangement is identical. (C) Black/Gray
(left) and Blue/Yellow (right) images. The
Black/Gray and Blue/Yellow images had in-
dependent spatial arrangements. (For inter-
pretation of the references to colour in this
figure legend, the reader is referred to the web
version of this article.)
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3.3. Inter-object competition in feature spaces

Our behavioral results suggest that humans compute relative sal-
iency of simultaneously present (proto-) objects1 by comparing the

features of these objects, rather than properties of regions that are de-
fined by simple spatial relationships, as in center-surround contrast
computations. To understand these behavioral results, we use the Proto-
Object Comparison (POC) model defined in Sections 2.4 and 2.5. For
each of the simple scene stimuli shown to participants, the POC model
was able to predict that the unique object was the most salient object in
the image (see Fig. 7, top row for an example). This held for all stimuli
shown in Suppl. Figs. S3 and S4, even without accounting for center

Fig. 6. (A–D) Rates at which participants tapped on singleton (sing.) squares vs. non-singleton corresponding squares (Non-sing.) in a control image. Error bars
represent standard error. (A) Gray/Black vs. All-Black comparison for each participant’s first tap. (B) Gray/Black vs. All-Black comparison for all taps. (C) Pink/Red vs.
All-Red comparison for each participant’s first tap. (D) Pink/Red vs. All-Red comparison for all taps. (E) Rates at which participants tapped on the singleton squares
(colored circles, see legend), and each of the various non-singleton squares in the All-Red and All-Black images (green circles). The horizontal axis is the Euclidean
distance from the center of the image. Fit lines were generated for each singleton image type individually and for Non-singletons combined, colors same as for the
corresponding circle symbols. (F) The vertical intercept of each fit line from (E) with standard error bars (G/B=Gray/Black, P/R=Pink/Red, B/G=Black/Gray, B/
Y=Blue/Yellow, NS=Non-singletons). The symbol indicates that no pairwise difference was found (p 0.05). All other intercept pairs differed significantly
( <p 0.05). (For a full colour version of this figure, the reader is referred to the web version of this article.)

Fig. 7. Model behavior on an example simple scene (top row) and natural scene (bottom). (A) Input image. (B) Output of the Russell et al. (2014) model. (C) Output
of the model without normalization, using Si instead of Pi in Eq. (3). (D) Output of the POC model. (E) Image with tap data (top; green dots) and fixation map
(bottom) overlaid. For the natural scene saliency and fixation maps are downsampled to the ×12 16 resolution used by Jeck et al. (2017). (For interpretation of the
references to colour in this figure legend and a full colour version of the lower panel of (A), the reader is referred to the web version of this article.)

1 We refer to “proto-objects” rather than to “objects” because our focus is on
low-level perception which does not require many of the properties of an object,
see Rensink (2000) and Zhou et al. (2000); see Section 2.5 for more details.
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bias. It would be simple to add such a bias (Parkhurst et al., 2002) but
since the POC model already has perfect performance in this respect, it
seems besides the point to add this modification.

We also wondered whether the POC model is able to maintain the
same level of performance on natural scenes as the Russell et al. (2014)
model on which it is based. We tested the output of the POC model on
images where we had previously recorded fixations to generate saliency
maps, and used the Pearson correlation R between fixation maps and
these saliency maps as our measure of performance (see Jeck et al.,
2017 for details). Average R over the 100 images we tested [the same as
used by Russell et al. (2014)] was 0.484 for the POC model, actually
slightly higher than the value of =R 0.472 for the Russell et al. (2014)
model.

4. Discussion

4.1. Simple scenes and models of salience

Using the novel tapping paradigm we have shown that participants
preferentially report that the first place they look is at a unique (sin-
gleton) object, even when that item is faint (low contrast) compared to
other items in the display. This suggests that subjects have a default set
in place when they view an unknown scene. Default sets have been
discussed in general terms [see, e.g. Folk, Remington, and Johnston,
1993]. As mentioned in Section 1.2, our results are similar to those in
the ongoing research on the attentional capture of singletons [e.g.
Bacon and Egeth, 1994; Folk et al., 1992; Leber and Egeth, 2006;
Theeuwes, 1992, 2010; Ernst and Horstmann, 2018]. However, those
approaches differ in two important ways from the present study. First,
in the capture literature it is typically the case that subjects have an
explicit task such as finding a singleton on one dimension, while an
irrelevant salient singleton is present or not. Thus competing atten-
tional sets may be in play. Second, the feature contrast for the dis-
tracting irrelevant singleton (e.g., a green item when the others are all
red) is typically stronger than the feature contrast for the relevant
singleton (e.g., a diamond shape in an array of circles). Indeed, when
the discriminabilities of the shape and color dimensions are adjusted
appropriately such that form is easier to discriminate than color, then
search for a form target is not slowed by the presence of a unique color,
while search for color is affected by the presence of a unique form
(Theeuwes, 1992).

It was to be expected, and is predicted by quantitative models of
salience computation, that singletons that have high contrast relative to
all other scene elements including the background are attended pre-
ferentially. We show that this is the case for intensity contrast (black
square surrounded by white background and gray squares) and for
color contrast (blue square surrounded by white background and
yellow squares). In contrast, all computational models we tested predict
the opposite outcome for a “faint” singleton object: As long as the
singleton is well-isolated from other objects so that local center-sur-
round differences incorporate substantial input from the background,
models assign low salience to a singleton with lower contrast against
the background than other objects in the image (gray or pink squares
surrounded by white background and black/red squares). We show that
humans select these singletons over otherwise identical stimuli that are
not singletons. As long as the singleton, background, and other objects
are sufficiently far apart from each other in color space, the singleton
will be preferentially selected.

While previous research in the visual search and psychophysical
literature has arrived at similar conclusions about salience (Bauer et al.,
1996; Nothdurft, 2006; Treisman & Gormican, 1988), the participants
involved in those studies were either explicitly informed about the
nature of the images being presented, or they performed enough trials
that they likely expected certain types of images. It is therefore not clear
to what extent responses influenced by systematic top-down effects
rather than controlled by the perceptual qualities of the visual stimuli.

We therefore developed an experiment in which participants received
minimal information on the stimuli. Our results show significantly in-
creased salience of unique objects even for the very first time a parti-
cipant sees a scene.

4.2. Top down influences and possible experimental confounds

Our experimental paradigm makes it feasible to measure behavioral
responses from a large number of participants while minimizing ex-
pectations of stimulus contents they may have or develop during the
experiment. Nevertheless, given the complexity of the human mind, it is
extremely difficult to completely exclude top-down influences. In the
following, we discuss potential remaining top-down effects that may
have biased our results, from the more generic to the more specific.

Our experimental paradigm certainly does not remove all top-down
influences on attention. Participants’ behavior will naturally be affected
by outdoor distractions, their internal state etc. However, we contend
that removal of (explicitly or implicitly provided) information about the
visual stimuli removes those top-down influences that are specific to the
images they see, leaving only those of a generic nature that are in-
dependent of the images. In our experiment each image with a faint
singleton square is paired with another one that is identical in all re-
spects except that the singleton is replaced by a distractor square. There
is no reason to assume that top-down influences due to generic dis-
tractions etc are different between the two images of a pair. Therefore,
differences in internal state of a general nature cannot explain our re-
sults.

A different, rather pessimistic interpretation of our results is that the
participants were priming themselves to look for unusual objects be-
cause they knew that they were participating in a psychology experi-
ment, and that they responded in a way that they believed the scientist
wanted them to respond [“demand bias;” (Firestone & Scholl, 2016)]. It
has, indeed, been found that participants in psychology experiments
will modulate their responses based on what they believe the purpose of
the experiment is. For example, Durgin et al. (2009) showed that par-
ticipants will give a higher estimate of a slope to be scaled while
wearing a heavy backpack if they infer that experimenters expect that
the weight will influence their judgment, compared to a situation where
they carry the same backpack but believe its weight is irrelevant for
estimating the slant (because they are told that it contains measurement
equipment). See also Brown (1953) for an earlier account of experi-
mental design affecting subjective assessments. We acknowledge the
possibility that subjects tap the unique object because they think the
experimenter wants that response, though it does not seem probable.
Our experiment was designed specifically to minimize this effect which,
if present, should be much more prevalent in the cited previous beha-
vioral studies of the salience of faint objects. In our experiment, a sig-
nificant effect is observed when participants respond to the very first
singleton image they ever see (after one other image showing an un-
related natural scene), with the response given within about one
second. It seems highly unlikely that participants come to a conclusion
of what the experimenter expects from them in literally a split second
without any additional information but the image itself. In addition, the
fact that our previous results (Jeck et al., 2017) showed significant
correlations between behavior in this task and several measures of
saliency strongly suggests that taps do occur on salient stimuli. Fur-
thermore, in informal debriefing of participants after the experiment,
none of the participants asked if they were supposed to tap on the
singletons. All this supports the interpretation that our results are not
due to demand bias or similar effects.

Another criticism may be that the participants had enough time
viewing the image to engage in a mixture of top-down and bottom-up
processing. Under this view, the fact that the participants have a re-
action time greater than a second is a serious design limitation. Rather
than their attention being drawn immediately to the most salient sti-
mulus and then reporting it, during that amount of time the participants
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may saccade to multiple locations and modify their choice of where
they report they first look based on a higher-level interpretation of the
scene. While it is true that the median reaction time of 1.3 s would
theoretically allow several fixations, this does not take into account the
time needed for making a controlled hand-movement to a specific lo-
cation in a task executed without any previous training, performed in a
casual environment (standing on a walkway on campus), and without
encouragement for a rapid response. We consider it likely that most of
the 1.3 s long period between the time the image was presented and the
finger reached the tablet surface was devoted to motor planning and
actual limb motion. We also note that this criticism would likewise
apply to fixation data which is typically gathered over several seconds
of free viewing per scene (Borji & Itti, 2013).

Finally, we briefly address two concerns that are not related to top-
down influences. The first concerns the scene gist hypothesis [for
Review see Oliva, 2005], stating that the overall structure of the scene
may begin to have an effect on attention immediately (within

100 ms). This is not a top-down effect by our definition since the gist
is a property of the scene, rather than of the internal state of the ob-
server. It would be extremely difficult to separate this effect from gui-
dance of attention to salient stimuli in any experiment. In fact, if the
gist of our singleton scenes can be described by “several similar objects
and one dissimilar object on a homogeneous background” it would even
conceptually be difficult to distinguish its effect from salience-driven
guidance of attention to the singleton. Both explanations may simply be
different descriptions of the same underlying process.

One possible methodological concern may be that participants may
not follow our instructions to “tap the first place you look”. Indeed, we
do not control whether they do but we see this formulation rather as a
non-technical way to instruct participants to indicate where they are
attending than as an action that needs to be followed precisely. Our
interest is to assess where attention is deployed, rather than finding a
precise surrogate for eye movements. Pointing with a finger is a very
natural and universal human behavior (Kita, 2003) which already ap-
pears during infancy, at about one year of age (Leavens, Hopkins, &
Bard, 2005; Tomasello, Carpenter, & Liszkowski, 2007). The purpose of
finger pointing is typically to direct attention (either that of another
person or occasionally of the pointing person him or herself) towards a
specific part of the world. This behavior is thus a direct, voluntary
expression of attentional selection.

4.3. Object-based models

Regardless of interpretation, a model that would capture the ob-
served behavior must rely on a computation more advanced than spa-
tially defined center-surround operations. A natural step in this direc-
tion is the formation of proto-objects by grouping together low level
features of the same type. A computational model by Perazzi et al.
(2012) breaks an image into compact color patches of approximately
equal size and assigns heightened salience to a patch of unique color.
However, it does not take into account that most cells in early primate
cortex are orientation selective and, more importantly, it fails to assign
high salience to the unique objects in our stimuli (see Section 1.1). More
biologically realistic models are based on explicit representations of
proto-objects. Proto-objects offer a representation that has more fidelity
to the physical world, with distinct objects of widely varying size oc-
cupying consistent locations in visual space. Such representations are
more behaviorally useful than color patches, as predictable changes in
the visual scene could be encoded for a proto-object but not for a color
patch, which may arbitrarily break up an object over multiple patches.
Russell et al. (2014) define proto-objects based on the strength and
organization of edges in the image. Walther and Koch (2006) identify
the submodality with the highest contribution at the peak of the sal-
iency map (Itti et al., 1998) and define proto-objects by spreading ac-
tivation in this submodality around the saliency peak. Both models are

unable to capture the observed behavior because they do not perform
any comparison between proto-objects (Section 1.1). Our new model
implements this competition in feature space and we show that it is in
agreement with human behavior.

4.4. Future work

This work opens the possibility for a number of avenues for further
research. Despite the existence of a vibrant literation on the capture of
attention by singletons (Bacon & Egeth, 1994; Ernst & Horstmann,
2018; Folk et al., 1992; Godijn & Theeuwes, 2002; Leber & Egeth, 2006;
Theeuwes, 1992, 2010; Theeuwes & Van der Burg, 2011), the nature of
the underlying mechanisms is still unresolved. Perceptual grouping,
spatial organization and feature similarities all likely play a role by
themselves or in combination (Belopolsky, Zwaan, Theeuwes, &
Kramer, 2007). A question to answer is the spatial extent over which
comparisons between objects influence their relative salience. Simi-
larly, the details of the comparison in feature space have not been
rigorously determined. Space and feature dimensions can also be
combined, as in the normalization theory of attention (Reynolds &
Heeger, 2009). Our model assigns color into bins rather than doing a
continuous comparison across color space, which may also provide a
plausible explanation of the data. Either of these would likely necessi-
tate their own studies. Furthermore, the addition of features beyond
color would open up the possibility that multiple features would con-
flict with each other.

5. Conclusion

We show that uniqueness makes objects perceptually salient, even
when uniqueness is pitted against features that by themselves suppress
their saliency. These results cannot be explained by top-down influ-
ences on behavior (Section 4.2). Existing computational models do not
capture this fundamental behavior but a model that includes competi-
tion in (non-local) feature space agrees both with intuition and with
observed human behavior. Our new model points to the importance of
inter-object comparisons when predicting human behavior and our
findings demonstrate the utility of the tapping paradigm in testing
models of visual attention. These results are of wide-ranging im-
portance for understanding human behavior, as they have theoretical,
methodological, and practical implications. They may also be of interest
to the human factors community in the design of visual interfaces.
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Appendix A. Linear separability of the unique faint square in feature space

While Fig. 1C shows that the Itti et al. (1998) model of visual salience does not produce a strong response for the unique gray square, we
wondered whether any linear combination of the intensity features in that model could produce the observed behavior where the unique square is
selected more than an otherwise identical black square at the same location. If a linear combination of the intensity center-surround features could
produce the desired behavior, then there would exist some set of weights on the center-surround maps that enhance the gray square while sup-
pressing the black squares as well as the background.

We therefore set up a set of linear constraints. If they are impossible to satisfy then the feature space is unable to replicate human behavior. The
center surround features c generated by the original code from Itti et al. (1998) are six ×48 64 pixel maps, one at every spatial scale in the Laplace
pyramid of the intensity submodality. For a given x y( , ) location on the image, c x y( , ) is therefore a vector with six elements corresponding to each
center surround feature value at x y( , ). Our constraints are that a set of weights w must satisfy

<w c x y K( , )T (4)

for some constant K, when x y( , ) is outside of the gray square. Additionally, for some point x y( , ) inside the gray square,

>w c x y K( , )T (5)

must also be satisfied. For a given value of x y( , ) this set of constraints can be reformulated as a linear programming problem which allows us to
check the satisfiability of the constraints using off-the-shelf software (Matlab R2012b). We found that for the image in Fig. 1A the constraints could
not be satisfied for any given x y( , ) value on the gray square.

Appendix B. Supplementary data

Supplementary data associated with this article can be found, in the online version, at https://doi.org/10.1016/j.visres.2019.04.004.
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