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Abstract: Saliency models have showed the ability of predicting where human eyes fixate when looking at images.
However, few models are interested in saccade programming strategies. We proposed a biologically-inspired
model to compute image saliency maps. Based on these saliency maps, we compared three different saccade
programming models depending on the number of programmed saccades. The results showed that the strategy
of programming one saccade at a time from the foveated point best matches the experimental data from free
viewing of natural images. Because saccade programming models depend on the foveated point where the
image is viewed at the highest resolution, we took into account the spatially variant retinal resolution. We
showed that the predicted eye fixations were more effective when this retinal resolution was combined with
the saccade programming strategies.

1 INTRODUCTION we consider only a bottom-up visual saliency map
from low-level features based on stillimages. A ques-
Eye movement is a fundamental part of human vi- tion can be asked: is visual saliency evaluated again
sion for scene perception. People do not look at all at each fixation, or not?
objects at the same time in the visual field but se- Some studies showed that the saccadic system can
quentially concentrate on attractive regions. Visual simultaneously program two saccades to two different
information is acquired from these regions when the spatial locations (McPeek et al., 2000). This means
eyes are stabilized (Egeth and Yantis, 1997; Hender-that from one foveated point, the next two saccades
son, 2003). Psychophysical experiments with eye- are programmed in parallel; this is called tbhen-
trackers provide experimental data for both behav- current processingf saccades. Moreover, another
ioral and computational models to predict the attrac- study (McPeek et al., 1998) showed that when sub-
tive regions. jects are explicitly instructed to make a saccade only
Computational models are in general divided into after the current information at the fovea has been
two groups: task-independent models (bottom-up) analyzed, they have difficulty using this strategy. In
and task-dependent models (top-down). Most mod- this paper, we consider different saccade program-
els describe bottom-up influences to create a saliencyming strategies during free viewing of natural im-
map for gaze prediction. They are inspired by the con- ages and we answer the questions: Do subjects make
cept of the Feature Integration Theory of Treisman one saccade at a time, programming the next sac-
and Gelade (Treisman and Gelade, 1980) and by thecade from the current foveated point? Or do sub-
first model proposed by Koch and Ullman (Koch and jects program the next two saccades from the cur-
Ullman, 1985). The most popular bottom-up saliency rent foveated point? To answer these questions, we
model was proposed by Itti (Itti et al., 1998). tested two different models depending on the corre-
Eye movement experimental data consists, in gen- sponding number of programmed saccades from one
eral, of fixations and saccades. Most models were foveated point (cf. section 2.4). These two mod-
usually evaluated with distribution of fixations rather els were compared with the baseline model in which
than distribution of saccade amplitudes (in this paper, all fixations were predicted from the same foveated
saccade distributiowill be used to refer to distribu-  point. The mechanism of saccade programming will
tion of saccade amplitudes). In order to evaluate more be discussed through our experimental results, as it is
precisely human saccades, saliency prediction muststill an open question.
be included inside a spatio-temporal process, even if ~ Saccade programming models are greatly linked
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Figure 1: Functional description of the three saccade pro-
gramming models proposed.

to image resolution when it is projected on the retina.
The image on the fovea is viewed at higher resolu-
tion compared to the peripheral regions. This en-

hances the saliency of the region around the foveated

point. The spatial evolution of visual resolution is

one of the consequences of the non-uniform den-

sity of photoreceptors at retina level (Wandell, 1995).

When comparing experimental and predicted scan-
paths, Parkhurst (Parkhurst et al., 2002) noticed an
important bias on saccade distribution. The predicted

saccade distribution is quite uniform, contrary to the

experimental one where fixations are indeed located

homegeneous spatial representation. The output of
photoreceptors encodes spatial resolution depending
on eccentricity, given a parameter of resolution de-
cay (Geisler and Perry, 1998). While this parameter
influents low level retina processing, we intend to go
further in varying its value to mesure its impact on
high level visual processing, i.e. including the first
steps of the visual cortex. Similarly, in (ltti, 2006),
they noticed that the implementation of the spatially
variant retinal resolution improved the ability of fix-
ation prediction for dynamic stimuli (video games),
but the question of saccade programming was not ad-
dressed. Here, we show that this positive effect of
fixation prediction is even significant with static vi-
sual stimuli in combination with saccade program-
ming models.

Consequently, the proposed models are dynamic
ones as the high resolution regions, corresponding to
the fovea, change temporally according to the scan-
path. Three saccade programming strategies are ana-
lyzed. Experimental results show the interest of this
approach with spatially variant retinal resolution. The
models are described in section 2. Section 3 presents
the experiment of free viewing to record eye fixations
and saccades, and the evaluation of the proposed mod-
els. Discussion is drawn in section 4.

2 DESCRIPTION OF THE
PROPOSED MODELS

Our biologically-inspired models (Fig. 1) consist of
one or more saliency maps in combination with sac-
cade programming strategies. The model integrates
the bottom-up pathway from low-level image prop-
erties through the retina and primary visual cortex to
predict salient areas. The retina filter plays an impor-
tant role: implementing non-linear response of pho-
toreceptors and then, spatially variant resolution. The
retinal image is then projected into a bank of cortical-
like filters (Gabor filters) which compete and interact,
to finally produce a saliency map. This map is then
used with a mechanism of “Inhibition of Return” to
create the saccade programming model. All these el-
ements are described below.

on average near the foveated point. The decrease of ) )
visual resolution on the peripheral regions contributes 2.1~ Retina Filter

to an explanation of this effect. In (Parkhurst et al.,
2002), this property was integrated in the model at
the final stage (multiplication of the saliency map by
a gaussian function).

In our model, we implement the decreasing den-
sity of photoreceptors as the first cause of this in-
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completely according to its biological functions: spa-
tially variant retinal resolution, luminance adaptation
and contrast enhancement. These three characteristics
are taken into account while usually a simple model is
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used such as a function of difference of Gaussians (Itti |4z —a=os
etal., 1998). i e |
Spatially variant retinal resolutiorsince the den-

sity of photoreceptors decreases as eccentricity from
the fovea increases (Wandell, 1995), the bluring effect °*
increases from the fovea to the periphery and is re- °2
flected by an eccentricity-dependentfilter. The cut-off —F———F——>—
frequencyf., of this filter decreases with eccentricity Eecentriity (degree)
eccexpressed in degree (Fig. 2a). The variation of the (@) (b)
cut-off frequency (Eq. 1) is adapted from (Geisler and
Perry, 1998; Perry, 2002):

Figure 2: (a) Normalized cut-off frequency as function of
eccentricity for different values af controlling the resolu-
tion decay. (b) An example of the output of the eccentricity-
dependent filter wittw = 2.3°, the foveated point is at the

foolecd —  fmaxo. image center (marked with the cross).

1)

a-+lecd’

wherea is the paramater controlling the resolution 2.2 Cortical-Like Filters

decay, andf max, the maximal cut-off frequency in )

the fovea. Biological studies showed tioais closeto ~ 2.2.1  Gabor Filters

2.3° (Perry, 2002). Figure 2b shows an example of an

image filtered spatially at the center with= 2.3°. Retinal image is transmitted to V1 which processes
Luminance adaptatiorPhotoreceptors adapt to a signals in different freque_nues, orientations, color_s

varying range of luminance and increase luminance in Q4 motighWe only costder the frequency and ori-

dark regions without saturation of luminance in bright eTygtiggfiecomposijigeféarried out by complex cells.

. : . Among several works modeling responses of these
ones. They carry outa compression function (. 2) : cells, Gabor filters are evaluated as good candidates.

A set of Gabor filters is implemented to cover all ori-
entations and spatial frequencies in the frequential do-
main. A filter G; j (Eq. 3) is tuned to its central ra-
dial frequencyf; at the orientatiord;. There areNg
wherex is the luminance of the initial image, rep- orientations and\; radial frequenciesNg = 8 and
resents its average local luminanggaxa normaliza- N¢ = 4). The radial frequency is such &g, = 0.25
tion factor andy the photoreceptor output (Beaudot 4 fi g = %71- — N¢,..,2. The standard deviations
etal., 1993).

Contrast enhancementhe output of horizontal ) ) , )
cells, the low-pass response of photoreceptors, passeB€rPendicular one, respectwety,f.j is chosen in such

through bipolar cells and then, through different types & Way that filtersGi j andG; j; are tangent at level
of ganglion cells: parvocellular, magnocellular and of 0.5. We natice that the choice of the standard de-

koniocellular cells. We only consider the two princi- Viations }nfluences the predicted saliency map. We
pal cells: parvocellular and magnocellular. Parvocel- chooses; ; = of;, which is justified in the next sec-
lular cells are sensitive to high spatial frequency and tion.
can be modeled by the difference between photore-
ceptors and horizontal cells. Therefore, they enhance (U — )2 V2
the initial image contrast and whiten its energy spec- G; j(u,v) = exp{— < ; LA 5 2) } 3)
trum (Fig. 5b). Magnocellular cells respond to lower 2(0;;)?  2(oi))
spatial frequency and are modeled by a low-pass filter with:
like horizontal cells. U = ucog ;) +vsin(8;)

In human visual perception, we know that low fre- { V =vcog8;) —usin(6)

quencw(:js Frecege hlgrtfrli:qqetnmes (Na\t’(?[g.' 1t977)' Ir‘whereu (respectively) is the horizontal (respectively
oulr model, l\_’lve 0 no abe Ihnlo accc(;ur? h :CS empo- vertical) spatial frequency. Then, for each channel,
ral aspect. However, as both low and high frequency complex cells are implemented as the square ampli-

components aré necessary for.a sallency. map, Wey,qe of the Gabor filter output, providing the energy
compute the retina output as a linear combination of mapsa |

the parvocellular and magnocellular outputs (Fig. 5b).

X
Y = Ymax- m7 2)

of Gi | areci':j anda?; in the radial direction and its
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Figure 3: Example of butterfly masks with different orien- ‘222222 -
tations and scales.

2.2.2 Interaction between Filters FOPBOES -

The responses of neurons in the primary visual cor- ) ()
tex are influenced in the manner of excitation or In- giqyre 4: Tests showing the influence of interaction and nor-
hibition by other neurons. As these interactions be- malization steps. The initial images are on the left column.
tween neurons are quite complex, we only consider The corresponding saliency maps are on the center and right
two types of interactions based on the range of recep-column. First row, interaction effect: (a) Initial images)(
tive fields (Hansen et al., 2001). without interaction; (c) with interaction. Second row, fhor

Short interactions are the interactions among neu- Malization effect: (d) Initial image; (€) without normaiiz

. . o tion; (f) with normalization.

rons having overlapping receptive fields. They occur
with the same pixel in different energy maps (Eq. 4):

2.3 Normalization and Fusion
lTﬁj =0,561+6,+0,56,1—0,56,1

-0,5e-1j. (4) Intermediate mapsn j must be normalized before
These interactions introduce inhibition between fgsmn. Moreover, an objeqt IS more salient if it is
different in comparison to its neighbors. We use

neurons of neighboring orientations on the same S s
scale, and excitation between neurons of the sametn® method proposed by L. Itti (Itti et al., 1998) to

orientation on neighboring scales. For the standard strengthen intgrmediate maps. Then, the maps are
deviations of the cortical-like filters. 6. > o thresholded. Figure 4 (second row) represents the role
the filters are more orientation—seleé:tivcia’j Hovi\}{aver of the normalization step in reinforcing the filter out-
this choice reduces the inhibitive interaction. So, we put wherg a Gabor patch is different from the back-
chooses. - — o ground (Fig. 4f).

I

The seconé interactions are long interactions follt;rvcs normalization of each map is carried out as

which occur among colinear neurons of non-
overlapping receptive fields and are often used for o Normalize the intermediate map ji, 1]
contour facilitation (Hansen et al., 2001). This inter-

action type is directly a convolution product on each ® L€t us designatey; the maximal value of map

mapn§; to produce an intermediate map ;. The m,j andm;; its average. Then,zthe value at each
convolution kernel is a “butterfly” mash; j (Fig. 3). pixel is multiplied by(ny; —m j)=.

The orientation of the mash ; for the mapn¥; is e Set to zero all the values which are smaller than
the orientatiorf;, and the mask size is inverse'y pro- 20% of the maximal value.

portional to the central radial frequenéy The “but-

terfly” maskbj j has two parts: an excitatory payt. Finally, all intermediate maps are summed up

in the preferential directio; and an inhibitive one  in different orientations and frequencies to obtain a
bi; in all other directions. It is normalized in such saliency map. Examples of retinal image and saliency
a way that its summation is set to 1. Figure 4 (first map are given in Fig. 5.

row) shows the interaction effect for contour facilita-
tion (Fig. 4c). 2.4 Saccade Programming

Our models predict the first four fixations as an ex-
tension of the study in (McPeek et al., 2000) (two
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(a) Initial image (b) Retinal image

(c) Saliency map

(d) Human fixations

Figure 5: Examples of retinal output, saliency map and hu-
man fixations for a part of an image used in the experiment.

saccades or two fixations). The fixations are pre-

dicted (and consequently the saccades) from the out-

put saliency map by implementing a simple mech-
anism of “Inhibition of Return” (IOR). We have

defined three saccade programming models, called

“1IM”, “2M” and “4M” (Fig. 1). The “1M” model

has often been used with the hypothesis that all fixa-
tions can be predicted from the same foveated point
at the image center. Hergz,we tested two other mOdelsEyelink Il (SR Research).
where each foveated point allows the next or the next

two fixations to be predicted (“4M” or “2M”, respec-
tively). Let us explain first the IOR mechanism with
the “1M” model which is considered as the baseline
model. The first fixation is chosen as the pixel which

map) X1 /x,, Xo/%,; then, the eccentricity-dependent
filter is applied again to the second fixation for pre-
dicting the next two fixations (on the second saliency
map)Xs/x,, X4/x,- Because the second fixation is dif-
ferent from one subject to another we take into ac-
count the second fixatiod, of each subject for each
image. The “4M” model does the same by applying
the eccentricity-dependent filter and calculating the
saliency map for each fixation of each subject (four
saliency maps are sequentially evaluated).

3 EXPERIMENTAL EVALUATION

3.1 Eye Movement Experiment

We ran an experiment to obtain the eye scanpaths of
different subjects when they were looking freely at
different images. Figure 5d shows the fixations of all
subjects on a part of an image. The recording of eye
movements served as a method to evaluate our pro-
posed model of visual saliency and saccade program-
ming.

Participants Eleven human observers were asked
to look at images without any particular task. All par-
ticipants had normal or corrected to normal vision,
and were not aware of the purpose of the experiment.

Apparatus Eye tracking was performed by an
We used a binocular
recording of the pupils tracking at 500Hz. A 9-point
calibration was made before each experiment. The
velocity saccadic threshold is 30s and the acceler-
ation saccadic threshold is 8000,

Stimuli: We chose 37 gray level images (1024

has the maximal value on the saliency map. Then, this 768 pixels) with various contents (people, landscapes,

fixation becomes the foveated point to predict the sec-
ond saccade. Hence, the second fixation is chosen a

the pixel of maximal value after inhibiting the surface
around the foveated point (radius ¢f)1This mecha-
nism continues for the third and fourth fixations. For
the “2M” and “4M” models, the IOR mechanism is
applied in the same manner as for the “1M” model
except that the four fixations are predicted from more
than one saliency map (see below).

In the “1M” model, the eccentricity-dependent fil-
ter is applied only once to the cendgyof images (be-

objects or manufactural images).

S Procedure During the experiment, participants

were seated with their chin supported in front of a
21" color monitor (75 Hz refresh rate) at a viewing
distance of 57 cm (40x 30° usable field of view).

An experiment consisted in the succession of three
items : a fixation cross in the center of the screen,
followed by an image during.® s and a mean grey
level screen for 1 s. It is important to note that the
image appeared only if the subject was looking at the
fixation cross; we ensured the position of the eyes be-

cause during the eye movement experiment, imagesfore the onset of images. Subjects saw the same 37
appeared only if subjects were looking at the center of images in a random order.

the screen). Then, a saliency map is computed from

this foveated point to predict four fixation%l/xo,
X2/%0 Xa/x0» Xax, DY Using the IOR mechanism. For
the “2M” model, the eccentricity-dependent filter is
applied first to the centefo, as for the “1M” model,
to predict the first two fixations (on the first saliency

We analyzed the fixations and saccades of the
guiding eye for each subject and each image.
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3.2 Criterion Choice for Evaluation 3.3 Results

The qualities of the model, more precisely the saccade3.3.1 Evaluation of the Three Saccade
programming strategy and the eccentricity-dependent Programming Models
filter, are evaluated with the experimental data (fixa-
tions and saccades). This evaluation allows to test theFor saccade programming, Fig. 6 shows the criterion
predicted salient regions and the saccade distribution.of correct fixationdR. as a function of fixation order
Firstly, the three models “1M”, “2M” and “4M”  with five a values (05°, 1°, 2°, 4° and infinity) for
are used to test saccade programming strategies. Théhe three modelsR; of the first fixation is identical
evaluation protocol as in (Torralba et al., 2006) is to for these three models because of the same starting
extract from a saliency map the most salient regions foveated point. It is also the case fgg of the sec-
representing 20% of the map surface. Let us call eachond fixation in “1M” and “2M”, andR; of the third
fixation “correct fixation” (respectively “incorrect fix- ~ fixation in “2M” and “4M”. R; for all three models
ation”) if the fixation is inside (respectively outside) has the same global trend: decrease with fixation or-
these predicted salient regions. The rd®gi,s) of der. TheR. ratio is greater for the “4M” model in
“correct fixation” for an imagd and a subjecs is comparison to the “1M” model for all fixations. It re-

given below: sults from the reinitialization of the foveated point. In
the “2M” model, an intermediate of the two previous

Re(i,s) = NinsideioQ (5) ones, the increase & from the second to third fix-
Naii ation is also explained by this reinitialization. More-

where Ninsige IS the number of fixations inside the over, the decrease at the second and fourth fixation (in
salient regions andlly is the total number of fixa- “2M”") presents necessity of the reinitialization, but at

tions. each fixation. The slower decreaseRyfin “4M” is
The average ratio of correct fixations of all cou- also coherent with this interpretation.
ples (subjectx image) is computed. Particularly for Thea parameter also influences the quality of the

each couple, in the “1M” model, one saliency map predicted regions. Saliency models including spa-
is used to calculate correct fixation index for the first tially variant retinal resolution give better results than
four fixations. In the “2M” model, the first saliency the model with constant resolution for the first four
map is used for the first two fixations and the second fixations (t-testp < 0.005, except the cases= 0.5°
map for the next two fixations (Fig. 1). Similarly for anda = 1° for the third fixation). However, among
the “4M” model, each saliency map is used for the a=0.5° a =1°, a = 2° anda = 4° there is no sig-
corresponding fixation. It is noticed that in the “1M” nificant difference except for the first fixation. At
model, the saliency map of each image is identical for this fixation, there is no difference betwe&y of
all subjects (whose foveated point is always at the im- cases &° and T but they are significantly greater
age center). However, it is no longer the case for the than those in cases’ 2nd £ (F(3,1612 = 10.45,
“2M” or “4M” model where a saliency map depends p < 0.005).
on the foveated points of a subject. i )

Secondly, from the most suitable saccade pro- 3-3-2 Configuration of the .
gramming strategy chosen above, the predicted sac- Eccentricity-Dependent Filter
cade distribution for the first four saccades is com- ) . ) )
puted and compared with the emperical one from our T0 evaluate the influence of the spatially variant reti-
experimental data. It has been shown that the paramenal resolution on the saccade distribution, the same
tera (Eq. 1) which fits the experimental data based on five a values are tested with the “4M" model which
contrast threshold detection when presenting eccen-fits best the human fixations. We observe a great in-
tred gratings is around.Z (Perry, 2002). Here, by fluence ofp( on saccade dlstr!bupon: Figure 7 presents
Varying thea Va|ueS, the expected effects are: (|) this the eXpenmental Sa(;cade d|5tr|b.ut|0n and those of the
parameter must have a great influence on saccade dis-4M” model according to the fivex values. The

tribution and (ii) the best value would be in the same distribution is very narrow witt = 0.5° (Fig. 7b),
order of magnitude as.2. larger with greatem, and tends to a uniform dis-

tribution whena tends to infinity (Fig. 7f). The
effect of the spatially variant retinal resolution can
be shown through these distributions, concerning not
only the dispersion but also the position of the max-
imum mode. Let us consider only two characteris-
tics of the saccade distribution : form and position
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of the maximum mode. By varying, we can adapt
either distribution form or mode position. However,
it is difficult to fit at the same time both form and
mode position just only by adjusting one parameter
(a here). Hence, the best parameteis chosen as
the best qualitative compromise between the distribu-
tion form and mode position. Among theseval-
ues, according to the mode position, the distribution
with a = 2° has the same mode position of abolit’2

as the experimental distribution. This distribution de-
creases progressively while eccentricity increases.
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Indeed, when varying the parameter, we notice
a continuous effect both on the ratiy of “correct
fixation” and saccade distribution. The results from
the simulations witha = 2.3° are very close to those
obtained witha = 2° (Fig. 8). By lack of space, the
saccade distribution of the “4M” model for= 2.3°,
which is almost the same as for= 2°, is not shown.

4 DISCUSSION

Firstly, all three models have the ratio of correct fix-
ation decreasing according to the fixation order. This
fact can be explained by the influence of top-down
mechanisms which arise late and reduce the role of
bottom-up in visual attention. In reality, as time
passes, fixations of different subjects are more dis-
persive and subject-dependent. However, the influ-
ence of bottom-up still persists and the percentage of
correct fixations is much higher than by chance in all
three models. This confirms the role of bottom-up in
visual attention even with the increasing presence of
top-down.

The result of this study seems not to support pro-
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