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ABSTRACT

A model of visual search is presented where gaze shifts are
driven by an hybrid deterministic/stochastic mechanism op-
erating over a saliency field. Results of the simulations are
compared with experimental data, and a notion of complexity
is used to quantify the behaviour of the system in different
conditions.

Index Terms— Eye movements, random walk, active vi-
sion, information encoding

1. INTRODUCTION

Visual systems have a limited informational capacity [1], in
the sense that only a small part of information present is regis-
tered, at any given time, and reaches levels of processing that
directly influence behavior; thus, an extensive, search over
the whole visual field would be time-consuming and would
prevent a fast response to the environmental stimuli. The
problem for the organism is to select which part of the scene
needs to be attended to, or, in other words, which fraction
of information is useful for behavioral purposes and must be
processed. Visual attention controls and ensures that selected
information is relevant to behavioral priorities and objectives.
Kustov and Robinson have suggested that the attentional pro-
cess evolved as part of the motor system [2] and eye move-
ments are directly related to the capability of the observerfor
exploring the environment. In particular, overt visual atten-
tion, supported by movements of agent’s body, head and eyes
ensures fast and fluent responses (e.g., detect a predator) to a
changing environment.

The visual system of primates achieves highest resolution
in the fovea and the brain exploites saccades to actively repo-
sition the center of gaze (fixation) on regions of interest soas
to extract detailed information from the visual environment.
The succession of gaze shifts is referred to as a scanpath. A
scanpath of a subject scanning a natural scene is shown in
Fig. 1: circles and lines joining circles, graphically repre-
sent, respectively, fixations and gaze shifts between subse-
quent fixations. Note that different observers (or even the
same observer along different trials) could produce slightly
different scanpaths, on the same figure, as regards the order

in which different regions of interest of the image are vis-
ited. The selection of a fixation point, which allows to set the

Fig. 1. Scanpath eye-tracked from a human observer, graphi-
cally overlapped on the original ”Horses” image

observer’s focus of attention (FOA) on the foveated region,
appears to be driven by two different mechanisms: “bottom
up” process which produces rapid scans in a saliency-driven,
task-independent manner and a slower “top down” process
which is task-dependent and volition-controlled. The degree
to which these two mechanisms play a role in determining at-
tentional selection under natural viewing conditions has been
for a long time under debate.

In [3], a gaze-shift model (denoted Constrained Levy Ex-
ploration, CLE) has been proposed and refined in [4, 5] for
robotic applications. Such model is somehow akin to models
of simple animal foraging, where the visual system hunts for
areas that are rich in visual saliency. In other terms, eye move-
ments and animal foraging address in some way the prob-
lem of searching randomly distributed sites whose exact loca-
tions are not known a priori. The exploration is guided by a
Langevin equation,

d~r

dt
= −~∇V (~r) + ~η, (1)

whereV can be modelled as a function of the saliency (land-
scape) and~η is a stochastic vector used to sample flight
lengths from a Levy distribution. Levy distributions of flight
lengths, as opposed, for instance, to Gaussian walk, may be
essential for optimal search in foraging, where optimalityis
related to efficiency, that is the ratio of the number of sites
visited to the total distance traversed by the forager [6]. The



model, while accounting for ”noisy”, idiosyncratic variations
of the random exploration exhibited by different observers
when viewing the same scene, or even by the same subject
along different trials, roughly mimicked a straight reactive
behavior of the observer/forager with respect to the potential
designed on the basis of landscape saliency. In other term
it represented a low-level layer of a complex sensorimotor
control module.

However, one could argue, from an evolutionary stand-
point, that specific search mechanisms could have been sub-
sequently learned and ”wired” in order to improve the explo-
ration reliability and efficiency. For example, it has been sug-
gested [7] that, to optimize the search of the target sites, loco-
motion rules need to be embedded within the search mecha-
nism.

In the model presented here the process of random search
can, under certain conditions on the saliency of the image,
be overruled by a simple local deterministic rule, resulting
in an hybrid dynamical system (Hybrid Constrained Search,
HCS). This process can be seen as the result of the action
of a higher-level control system superimposed to the lower
stochastic one. This idea is consistent with view, dating back
to Jackson’s work [8], that the evolution of the nervous system
can be seen as an incremental process in which higher-level
control systems overrule lower levels, which however are re-
tained and to which control is returned when the interaction
of the biological system with the environment does not fulfill
appropriate conditions or a breakdown occurs at the higher
level. Thus, during ontogeny, (development) the brain ma-
tures through the sequential addition of higher centers [9];
this form of development has been observed post-natally in
the maturation of rats and rhesus monkeys [9]. For instance,
in rats, reflexive responses to stimuli (visual, auditory, or gus-
tatory) have been shown to mature several days before the
same stimuli are able to mediate learned behavioral reactions.
Unlearned reflexive responses can be generated by the brain-
stem components of sensory systems, whereas learned behav-
iors of this kind generally require higher-level components.

In the following it will be shown that HCS exhibits a more
robust behavior with respect to external noise than the simple
CLE [3].

2. THE MODEL

Consider an image as a smooth mapping from a domainD ⊆
R

2 to anm-dimensional range,~f : D → R
m; thus the image

can be just a scalar field, as in grey-level images, or a vec-
tor field, for instance in case of color images, where the three
color channels are the vector components (e.g., red green and
blue, RGB). Then, a saliency fields upon the image is de-
fined, that is a landscape upon which the visual exploration is
performed. Such maps(·) is a scalar field obtained through a
transformation~f 7→ s(~f) ∈ R.

Several approaches have been presented in the literature

to derives fields, based on classical image processing algo-
rithms [10] or biologically motivated processing [11]. For
instance Fig. 2 shows the saliency map obtained from the
”Horses” image in Fig. 1 using the approach outlined in[11].

Fig. 2. Saliency field obtained from the ”Horses” image

This is basically a pure bottom-up process; however, top-
down influences can be taken into account either by mod-
ifying such weights using a supervised learning algorithm,
and/or by increasing the saliency values on connected sub-
domains of the visual field representing the support for spe-
cific region of interest (e.g., faces detected by a specialized
face detection module).

At each gaze shift, in order to deal with a fixation depen-
dent (foveated) map, we define a weighted saliencyŝ gauged
at a fixation center(xs, ys) as

ŝ(xs, ys) =
∑

x,y∈N

s(x, y) exp(−
(x− xs)

2 + (y − ys)
2

σ2
),

(2)
whereN is the support region (FOA neighborhood) centered
at(xs, ys) whose dimension is modulated byσ (which exper-
imentally can be set to1/6 of the smallest between the input
image width or height [11]). Given such preliminary repre-
sentation, the search strategy can be summarized as follows.
First the system detects a candidate target site~rnew that must
be located within a ”direct vision” distanceρ from the current
position~r, according to the rule:

~rnew = arg max
~r′

{ŝ(~r′)}~r′∈N~r
, (3)

whereN~r is the circle of radiusρ centered on~r and~r 6= ~r
′

.
Denote the saliency gain∆ŝ as

∆ŝ = ŝ(~rnew)− ŝ(~r); (4)

if ∆ŝ is larger than a fixed thresholdξ, then the gaze moves
directly to the site~rnew which becomes the current fixation
point.

On the contrary, if there are no target sites located within
a direct vision distance then the system switches to a random
search strategy, that amounts to a Levy flight, a random walk
with non-local transition probabilities in the saliency field ŝ



whose steps are generated according to a Levy distribution.
The random walk is constrained by the saliency field, and
modelled by the Langevin equation. More precisely, write
Eq. (1) as

dx

dt
= −

∂V (~r)

∂x
+ ηx

dy

dt
= −

∂V (~r)

∂y
+ ηy. (5)

HereV is a decreasing function of the saliency fields,

V (x, y) = exp(−τV s(x, y)), (6)

and~η = (ηx, ηy)T is a stochastic vector. Fig. 3 shows the
V field obtained applying Eq. (6), withτV = 0.01, to the
saliency map presented in Fig. 2. The stochastic component

Fig. 3. Potential landscape obtained from the saliency map
shown in Fig. 2

~η in equation (5) is generated by a modified Cauchy-Levy
distribution. Set

ηx = l cos(α),

ηy = l sin(α), (7)

where the angleα represents the flight direction randomly
chosen according to a uniform distribution in the[0, 2π] inter-
val; the jump lengthl is obtained from the weighted Cauchy-
Levy distribution:

p(l) =
Dϕ(s)

l2 + D2
. (8)

The functionϕ(s) modifies the pure Levy flight, in that the
probabilityp(~rnew | ~r) to move from a site~r to the next site
~rnew depends on the ”strength” of a bondϕ that exists be-
tween them [12] . Thus, the jump has a higher probability
to occur if the target site is strongly connected in terms of
saliency; for any pair(~r, ~rnew), ϕ(s) is chosen as

ϕ(s) =
exp(−βP (s(~r)− s(~rnew)))∑

~r′

new

exp(−βP (s(~r)− s(~r′new)))
(9)

where~r and~rnew represent the present site and the target site
respectively,~r′new ranges over the set of candidate targets.

Next, the jump lengthl, computed according to Eq. (8),
undergoes an acceptance process, implemented by a Metropo-
lis algorithm [13]: the flight is accepted according to a prob-
abilistic rule that depends on the gain of saliency and on a
“temperature”T , whose values determine the amount of ran-
domness in the acceptance process. Thus, the target site~rnew

is accepted with probability

p(a|~rnew , ~r) = min {1, exp(∆ŝ/T )} (10)

It should be remarked that the stochastic process has been
subdivided in two steps - flight generation and acceptance
of the new site - for simplicity’s sake, and these two steps
together provide a rough computational approximation of a
highly complex sensory-motor process, which is far from be-
ing fully understood [14].

The exploration of the visual field performed according to
the rules of selection described above, can be summarized in
the followingHybrid Constrained Search algorithm:

Compute the saliency maps(·) of the image
Compute potentialV according to Eq. (6)
Computeϕ through Eq. (9)
~r ←image center;n← 0
repeat

Current fixation← ~r, accepted← false
~rnew ← argmax~r{s(~r

′)}~r′∈N~r

Compute∆ŝ = ŝ(~rnew)− ŝ(~r)
if ∆ŝ > ξ then

Store~rnew; ~r ← ~rnew; accepted← true; n← n+1
while not accepteddo

Generate randomly a jump lengthl, in a random di-
rectionα, with probabilityp(l) drawn according to
Eq.(8)
Compute~rnew via Langevin equation (5)
Compute∆ŝ = ŝ(~rnew)− ŝ(~r)
if ∆ŝ > 0 then

Store~rnew ; ~r ← ~rnew ; accepted← true; n ←
n + 1

else
Generate a random numberρ
if ρ < exp(∆ŝ/T ) then

Store~rnew ; ~r ← ~rnew ; accepted← true; n ←
n + 1

until n ≤ K

3. SIMULATION AND DISCUSSION

Results from HCS, obtained by solving Eq. (5) through a
finite difference scheme with reflecting boundary conditions
are shown in Fig. 4 and should be compared with those pre-
sented in Fig. 1 and those obtained by the CLE algorithm [3]
(Fig. 5).



Fig. 4. Scanpath obtained using the HCS algorithm, graphi-
cally overlapped on the original ”Horses” image

Fig. 5. Scanpaths obtained using the CLE algorithm

The jump length probability, Eqs. (8) and (9), were gen-
erated withβP = 1.0 andD = 0.8; in both images shown in
Figs. 4 and 5K = 10000 andT = 2.0, T = 1.5 for the HCS
and CLE algoritms, respectively.

Consider now images presented in Figs. 6 and 7, together
with those presented in Figs. 4 and 5: they show that for in-
creasingT , three kinds of behavior basically occur. In a first
low-temperature range, the exploration is trapped in some lo-
cal potential (left images of Figs. 6 and 7) , while a subse-
quent range provides normal scanpaths (such as those shown
in Figs. 1,4 and 5), and a high-temperature range gives rise to
an unconstrained walk (right images of Figs. 6 and 7). Scan-
paths of human observers, then, are situated somewhere in the
middle between two extreme cases [3].

Fig. 6. Scanpath obtained applying the HCS algorithm atT =
0, T = 15 (left and right images, respectively)

However, note the different behaviors of the two algo-
rithms for increasingT : it can be appreciated that the HCS
method provides a more stable behavior with respect to the
CLE one. Such a behavior can be given a more precise char-

Fig. 7. Scanpath obtained applying the CLE algorithm atT =
0, T = 15 (left and right images, respectively)

acterization by introducing a measure of complexity.

3.1. Scanpath complexity

Consider the probability distributionpm derived as follows.
First suppose to subdivide the image intoN windows and
let p(i) be the probability that the gaze is at windowi when
t → ∞, in other wordsp(i) is the asymptotic probability
distribution. Subregion partitioning of the image, which per-
forms a coarse-graining of the states the gaze can take, is justi-
fied by the fact that gaze-shift relevance is determined accord-
ing to the clustering of fixations that occur in a certain region
of the image, rather than by single fixations [10]. Thus, the
image was partitioned intoN = 16 rectangularn ×m win-
dowsw(xi, yi). For allK fixations, each fixation occurring at
~rk = (x, y), k = 1 . . .K, was assigned to the corresponding
window, and probabilityp(i) was empirically estimated as

p(i) ≃
1

K

K∑

k=1

χk,i (11)

whereχk,i = 1 if ~rk ∈ w(xi, yi) and0 otherwise.
The corresponding Boltzmann-Gibbs-Shannon entropy is

S = −kB

∑N
i=1

p(i) log p(i). In the sequel, the Boltzmann’s
constant is setkB = 1. The supremum ofS is obviously
Ssup = lnN and it is associated to a completely uncon-
strained process, that is a process wheres = const, since with
reflecting boundary conditions the asymptotic distribution is
uniform. FurthermoreS is a monotonically increasing func-
tion ofT since forT →∞ the scanpath tends to cover unifor-
mally the whole image and hencelimT→∞ p(a|~rnew, ~r) = 1.

Define, following [15], a disorder parameter∆ as∆ ≡
S/Ssup and an order parameterΩ asΩ = 1−∆; complexity
Γ is given by

Γ = ∆Ω, (12)

which ideally is a concave function ofT , Γ ≈ 0 for both
completely ordered and completely disordered systems, anda
has a maximum at some intermediate order/disorder ratio.

As mentioned earlier the model accounts for ”noisy”, id-
iosyncratic variations of the random exploration exhibited by
different observers when viewing the same scene, or even by
the same subject along different trials. Thus, we can think



of each scanpath generated by the model as a single observa-
tion. To characterize the behavior of the system, we compute
the average complexity< Γ >= 1

N

∑N
n=1

Γn, whereΓn is
the complexity of then-th trial at a fixed temperatureT .

The average complexity< Γ > of scanpaths, as a function
of T , is depicted in Figs. 8 (a) and (b) that show< Γ > com-
puted on the ”Horses” image, by using HCS and CLE algo-
rithms,respectively, for increasing temperatures in the range
[0, 30], andN = 50 trials at eachT , the other parameters
being the same used to obtain images in Figs. 5, 4.

(a) HCS algorithm (b) CLE algorithm

Fig. 8. Average complexity curve for the ”Horses” image ob-
tained using the HCS algorithm (a) and using the CLE algo-
rithm (b)

By considering a purely random exploration (CLE model),
it can be observed (Fig. 8) how, in a first low-temperature
range, the search is mainly affected by the local potential
and is trapped at local minima ofV and hence< Γ > is
low. WhenT increases (typically,T > 1), the random force
becomes more effective in driving the search and scanpath
are generated, which are similar to those obtained by human
observers; finally, at “temperatures” higher thanT = 10 the
process appears to be driven by the stochastic component
and practically unaffected by the saliency of different image
regions.

Conversely, the behavior of< Γ > in case of hybrid rule-
based /random exploration (HCS model, Fig. 8(a)) suggests
that the average observer’s behavior becomes more robust
with respect to variations of temperature T, because coded
rules somehow contrast the random component of the search.

Further, this robustness can be more precisely accounted
in terms of the informational divergence of the system with
respect to the behavior of a normal viewer. Namely, con-
sider again probabilityp(i) estimated according to Eq. (11),
and apply this procedure both to experimental results and to
data generated by the model at different temperaturesT ; cor-
responding probabilities are denoted byph, pm, respectively.

Next, the divergence, or distanceJ can be computed [16],

J =
K∑

k=1

(ph(k)− pm(k)) ln
ph(k)

pm(k)
, (13)

which is used in information theory to quantify the difference
between two probability distributions, and in particular has
been applied to target recognition issues. The divergenceJ ,
which is obviously a function ofT , represents the distance
between the model prediction and the experimental data, and
we denote< J(T ) > the average divergence computed over
different runs of the simulation.

The average divergence< J(T ) > of model scanpaths
with respect to the human generated one, as a function ofT ,
is depicted in Figs. 9 (a) and (b). The figures plot< J(T ) >
computed on the ”Horses” image, by using HCS and CLE
algorithms, respectively, for increasing temperatures inthe
range[0, 30], andN = 50 trials at eachT , the other parame-
ters being the same used to obtain images in Figs. 5, 4.

(a) HCS algorithm (b) CLE algorithm

Fig. 9. Average divergence curve for the ”Horses” image ob-
tained using the HCS algorithm (a) and using the CLE algo-
rithm

From Figs. 9 (a) and (b) it can be seen that the observer’s
behavior, when modelled through the layered system (HCS),
exhibits a high level of performance for different values of
T , rather than a single peak of performance as in case of
CLE, resulting thus more robust with respect internal/external
noise. It should also be noted that in the case of HCS the sys-
tem exhibit a higher ”computational efficiency”, in the sense
that when a very salient point is available at a glance, ran-
dom search is avoided, thus lowering the computational com-
plexity of the search, which in turn corresponds to a an in-
creased reactivity to environmental stimuli. Summing up, the
development of a simple higher level control upon an existing
lower level one, may endow the biological system with more
reliable and fast responses to the surrounding environment.



4. CONCLUSIONS

The results presented here make clear that the addition of de-
terministic rules result in more efficient and robust processes
of visual exploration. In this sense the layered organization of
the HCS system provides a better model of human gaze-shift
behavior than CLE, in that humans appear able to perform an
efficient scanpath under different environmental conditions.
A layered architecture as organizing principle of the verte-
brate brain has also interesting parallels with Brooks’ sub-
sumption architectures for the control of artificial creatures
[17]. Even though HCS relies upon a bottom-up search, it
can, in principle, be modified to deal with the case of top
down vision. For instance rather than looking for a point with
large saliency values the model could be amended to give pri-
ority to fixations at regions representing objects that haverel-
evance in determining organism behavioral responses. Inter-
estingly enough, for a broad range ofT values the system is
able to perform normally, whereas very small and very large
T values may correspond to pathological viewing conditions.
For instance ifT is very low the system simulates a disen-
gagement deficit, as in Alzheimer’s syndrome [18], whereas
higher temperatures account for impairments of saccadic con-
trol as occur in Parkinson’s disease, schizophrenia, hyperac-
tivity or autistic behaviors [19]

.
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