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Abstract Recent studies in signal detection theory suggest that the human responses to the stimuli on a visual

display are non-deterministic. People may attend to different locations on the same visual input at the same time.

To predict the likelihood of where humans typically focus on a video scene, we propose a new stochastic model

of visual attention by introducing a dynamic Bayesian network. When describing the network of visual attention,

the principle of the signal detection theory is introduced, namely, the position where a saliency response takes the

maximim is the eye focusing position. Experimental results have demonstrated that our model performs significantly

better in predicting human visual attention compared to the previous deterministic model.
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1. Introduction

Developing an accurate computational model of human
Such

model may allow any system to select just relevant informa-

visual attention has been a long-standing challenge.

tion from a complex and cluttered visual input in numerous
artificial vision applications, such as robotics [1], [2], active
vision [3], multimedia recognition [4] and retrieval [5].

The first biologically plausible model for explaining the
human visual system was proposed by Koch and Ullman [6],
and later implemented by Itti et al [7]. Many attempts [8]0
[10] have been made to improve the Koch-Ullman model.
The basic concept underlying all the above researches is the
feature integration theory[11] which has been one of the most
influential models of human visual attention. According to
the feature integration theory, in a first step to visual pro-
cessing, several primary visual features are processed and
represented with separate feature maps that are later inte-
grated in a saliency map that can be accessed in order to
Although
the feature integration theory well models the early human

direct attention to the most conspicuous areas.

visual system, it suffers from a crucial problem in that the
This

conflicts our intuition that people may attend to different lo-

saliency responses are assumed to be deterministic.

cations on the same visual input at the same time. A typical
example can be seen in Fig. [[l Let us consider a search task

with a single 45° target among a lot of distractors. We can
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Fig. 1 Visual response based on the signal detection theory.

easily understand from the figure that the single target on
the left is easy to find unlike that on the right. The previous
models could not explain the above intuition since the mod-
els assume that every time we first select the location where
the response of the detector tuned to the visual property of
the target is greater than at any other locations.

Recently, another psychophysical theory to understand vi-
sual attention has been presented called the signal detection
theory [12].

elements in a visual display are internally represented as in-

According to the signal detection theory, the

dependent, noisy random variables. Again let us consider

the search task shown in Fig. [[I The response of a detector



tuned to the target orientation is a kind of Gaussian density.
The response of the same detector to the distractor is also
a Gaussian density with lower mean value. For a 45° target
and vertical distractors, these densities barely overlap, which
implies that we can immediately detect the target. On the
other hand, in the right case, the target density is identical
to the left one, but the distractor density is shifted right-
ward, so that the two densities corresponding to the target
and distractor overlap. This implies that the probability we
focus on the distractors becomes high and therefore it takes
a longer time to detect the target.

Based on the paradigm of the signal detection theory, this
report proposes a new stochastic model of visual attention.
With this model, we can automatically predict the likelihood
of where humans typically focus on a visual input. The pro-
posed model is composed of a dynamic Bayesian network
with four layers: (1) a saliency map that shows the average
saliency response at each position of a video frame, (2) a
stochastic saliency map that converts the saliency map into
a natural human response through a state-space model, 3)
an eye movement pattern that predicts the human viewing
patterns using a hidden Markov model (HMM), and 4) an
eye position density map that estimates the probable human-
attended regions. When describing the Bayesian network of
visual attention, the principle of the signal detection the-
ory is introduced, namely, the position where values of the
stochastic saliency map takes the maximum is the eye fo-
cusing positions. The proposed model incorporates another
property that eye movements may be affected also by the
previous eye focusing positions.

Several previous researches that focused on stochastic
Itti and
Baldi [9] investigated a Bayesian approach to detecting sur-

modeling of visual attention has been studied.

prising events in video signals. Koike and Saiki[13] intro-
duced a stochastic winner-take-all (WTA) mechanism into
the Koch-Ullman model. Other researches that formulate a
stochastic model based on a certain aspect of the attention
system has been developed by Rimey and Brown [14]. Our
main contributions against the previous researches include
the introduction of a unified stochastic model that integrates
the bottom-up information (i.e. saliency) with top-down in-
formation (i.e. eye movement pattern) by using a dynamic

Bayesian network.

2. Stochastic visual attention model

2.1 Overview

Fig. illustrates the graphical model of the proposed
visual attention model. The proposed model consists of
four layers: (deterministic) saliency maps, stochastic saliency
maps, eye focusing positions and eye movement patterns.
Before describing the model of the proposed visual attention
model, let us introduce several notations and definitions.

I =i(1:T) = {i(t)}{=, denotes an input video, where
i(t) is the t-th frame of the video I and T is the duration
(i.e. the total number of frames) of the video I. Also the
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Fig. 2 Graphical representation of the proposed stochastic

model of human visual attention.

symbol I denotes a sequence of frames i(t) as well as a set of
coordinates in the frame. For example, we denote a position
y in a frame as y € I.

S(I)=S8(1:T;I) = {S(t; )}, denotes a saliency video
which comprises a sequence of saliency maps S(t; I) obtained

from the input video I. Each saliency map is denoted as

St; 1) = {3(t,y;I)}yer, where 5(t,y;I) is called saliency

which is the pixel value at the position y € I. Each saliency
represents the strength of visual stimulus on the correspond-
ing position of the input video frame with the value between
0 and 1.

S(I) = S : T;I) = {S(t; 1)}, denotes a stochas-
tic saliency video which comprises a sequence of stochas-
tic saliency maps S(t;I) obtained from the input video
I. Each stochastic saliency map is denoted as S(t;I) =
{s(t,y;I)}yer, where s(t,y;I) is called stochastic saliency
which is the pixel value at the position y € I. Each stochastic
saliency corresponds to saliency response perceived through
a certain kind of random processes.

U = u(l : T;1) = {u(t; I)}i—, denotes a sequence of
eye movement patterns each of which represents a pattern
of eye movements. Two typical patterns of eye movements
are found when one is watching a video: 1) Passive state
u(t; I) = 0 in which one tends to stay around one particular
position to continuously capture important visual informa-
tion, and 2) active state u(¢;I) = 1 in which one actively
moves around and searches various visual information on the
scene. Eye movement patterns reflect purposes or intentions
of human eye movements.

X(I) = X(1 : T;I) = {x(t;I)}{_, denotes a sequence
of eye focusing positions each of which depends on the input
video I. The eye focusing position is determined by integrat-
ing the bottom-up information (stochastic saliency maps)
and the top-down information (eye movement patterns).

Only the saliency maps are observed, and therefore eye
focusing positions should be estimated under the situation
where two other layers (stochastic saliency maps and eye
movement patterns) are hidden.

2.2 Saliency model implementation

We used Itti-Koch saliency model [7] to extract (determin-

istic) saliency maps. Our implementatation includes twelve



feature channels sensitive to color contrast (red/green and
blue/yellow), temporal luminance flicker, luminance con-
trast, four orientations (0°, 45°, 90° and 135°), and two ori-
ented motion energies (horizontal and vertical). The saliency
map is adjusted with a centrally-weighted ’retinal’ filter,
putting a higher emphasizes on the saliency values around
the center of the video.

2.3 Stochastic saliency maps

We introduce the following state space model to estimate

stochastic saliency maps from (deterministic) saliency maps.

s(thy) =3(ty)+na < 3(ty) =s(t,y) + 1, (1)
s(t,y) = s(t—1,9) + ns2, (2)

where 75; (1 = 1,2) is a Gaussian random variable with mean
0 and variance o2;. Eq. () implies that a saliency map is ob-
served through a Gaussian random process. Eq. () exploits
the temporal characteristics of the human visual system.

The model represented by Eq. () () can be rewritten
into the following stochastic relationships:

p(s@®)|s(t) = G(s(t); 5(t),051),
p(s@)|s(t = 1)) = G(s(t); 5(t — 1), 052),

where y is omitted for simplicity and G(s;3, o) is the Gaus-

sian density with argument s, mean 5 and variance o2.

G(s;3,0) dgf. ! exp {(S —5)° } .
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To estimate the response of the stochstic saliency map s(t),
we apply Kalman filter (e.g.[15]). Suppose that the density
p(s(t—1)|3(1 : t—1)) of the previous stochastic saliency map
is given by the following Gaussian density:

pls(t— D51 :t - 1))
= G(s(t—1);5(t — 1)t — 1), 05(t — 1|t — 1)).

Then, the density p(s(t)|s(1

saliency map is obtained as follows:

p(s@®)[5(1: 1))

: t)) of the current stochastic

G(s(t);5(tlt), os(t]t)),

S() = %am— 1)+ ”;(tht)g(t), 3)
o2 (t|t) = o os(tlt— 1) (4)

o2+ ot —1)
S(tlt—1) = s(t— 1]t — 1),
ol(tt—1) = o2 +o2(t— 1t —1).
2.4 Estimating eye motions
By incorporating the stochastic saliency map S(t) and the

eye movement pattern u(t), we introduce the following rela-

tionships to estimate the eye focusing position x(t):
z(t) = f1(S(t)), (5)
x(t) = fo(z(t — 1), u(t), (6)

where f;(-) (i = 1,2) is a stochastic function.

Eq. (@) represents that the eye focusing position is selected

from a stochastic process based on the signal detection the-
ory. The signal detection theory implies that the position
in which the stochastic saliency takes the maximum is deter-
mined as the eye focusing position. Here, let us define p(S(t))
as the density of the stochastic saliency map S(t) at time ¢
and P(s(t,y) < s) as the distribution function (i.e. the cu-
mulative density) that corresponds to the density p(s(t,y))
of the stochastic saliency s(t,y)

p(8®) Y {p(s(t,9) }yer,
(st 1) L p(s(t m)[5(1: 1))

P(s(t,5) < ) % / p(s(1,5) = ')ds'.

o]

Yy €l

Based on the above definitions, Eq. (B) can be rewritten by
the following stochastic relationships:

p((t)p(S(1)))
:/ p(stz) =s) [[ PGta)<s)ds, (7)

e T4z ()

where the first term indicates the density so that the stochas-
tic saliency at th position x(t) equals s and the second term
represents the probability so that the stochasic saliency val-
ues at all other positions are smaller than s. Integration
Therefore in the

implementation, we take into account only at the positions

computations in Eq. (@) is intractable.

where the average stochastic saliency takes local maxima.
The second relationship (Eq. (@) suggests that the cur-
rent eye focusing position depends on the previous eye fo-
cusing position, and the degree of eye movements is driven
by one’s eye movement pattern u(t). We can estimate eye
focusing positions using an HMM, in which the hidden states
are the eye movement patterns. The transitional proba-
bility p(u(t)|u(t — 1)) is characterized by a 2 x 2 matrix
® = {¢(,j)},5)- Given the eye movement pattern u(t), the
probability of the eye focusing position being observed is

governed by the following emission probability:

= [[@@); 2t = 1), 706, 001", (8)

where L(x;T,v,0) is a shifted Gaussian density with argu-

ment x, average Z, indent v, and variance ¢ such that

_ = 2
(w7, 7,0) & ZleXp{—(”w zll =) }
L
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Z1, is a normalizing constant and vz0 < Yz1.
Combining the above stochastic relationships, we can de-

fine the following relationship:

p(x(t), u®)|p(S(1)), 2(t = 1), u(t — 1))

b n)lp(s(0)

plu®)lu(t — 1)) - ple®)|z(t —1),u(t)), 9)



where Z is a normalizing constant. Since it is simply imprac-
tical to calculate Eq. (@) for each combination of variables,
we utilize Monte-Carlo sampling. FEach pair of samples from
X(t) = {@.()}Y_, and U(t) = {un(t)}Y_, is updated to
generate a new sample in )z'(t +1) and ﬁ(t +1) according to
Eq. (@), where N is the number of samples. The empirical
distribution of samples X (t) can then be represented as the

eye position density map X ().
3. Parameter estimation

This section focuses on the problem of estimating max-
imum likelihood (ML) model parameters. We can utilize
saliency maps calculated from the input video and eye fo-
cusing positions obtained by eye tracking devices (e.g. [16])
as observations. Simultaneous estimation of all ML param-
eters can be optimal but impractical due to the substantial
calculation cost. Therefore, we separate parameter estima-
tion into two stages. The first stage derives parameters for
computing stochastic saliency maps, and the second stage
for estimating eye focusing points.

3.1 Parameters for stochastic saliency maps

The first stage derives parameters 6, = (041, 0s2) for com-
puting stochastic saliency maps. Here, we introduce the EM
In this case, the observations are
T) and the hidden variables

The EM

algorithm (see e.g.[17]).
the saliency maps S = S(1 :
are the stochastic saliency maps S = S(1 : T).
algorithm for estimating 05 is as follows:

e The objective function:
We introduce the following objective functions to maximize
the joint density p(S, S;0s):

Fs(q(S),0)
def.
= S)logp(S,S; 6, )dS —
/S () log p( /Sq

= —p(5;0.)D (a(S)|Ip(S[5; 6.)) ,

)log q(S)dS

where ¢(S) is a dummy density of S, p(-;0s) is a density
with parameter 65 and D(q||p) is the Kullback-Leibler diver-
gence between densities ¢ and p. We recursively update the
dummy density ¢(S) and parameters s so as to maximize
the objective function Fs(q(S),0s).
e (k+1)-th E step:

The E step updates the dummy density ¢(S) to maxi-
mize the objective function Fs(q(.5), 0s k) with the parameter

GS,kdgf'(asl,k,asgﬂk) updated at the previous step.

Qr+1(S) arg max Fs(q(S),0s,x)
q

= p(S|§’ Gsyk)7

The density p(S|S;0sx) can be calculated by Kalman
Suppose that the density p(s(t 4 1)|S;0s,%) of
the stochastic saliency s(¢ + 1) at time ¢ + 1 is given by the

smoother.

following Gaussian density:

p(s(t+1)[S;05x)
= G(s(t+ 1);§k(t + 1T, 05k(t + 1|T)).

Then, the density p(s(t)|S;0sx) of the stochastic saliency
s(t) at time ¢ is obtained as follows:

p(s(t)|S;0s.6) = g( (t); sk (t|T), 04,1 (H|T)),

-~ g,k (t]t) - a2gk(tt)
sk(tT) = sut sk(t]t) + —2 sk(t +1|T),
s,k(t|t) Ufzk
2 2
o5,k (Et)
ol k(tT) = oy k(t]t) + < = skt +11T),
s2,k
2 2
t|t
O'Sq’ (t|t) _ UsQ,kUs,k( | )

U?Q,k + U?,k(ﬂt) '

Sk(tlt) and o2 (t[t) can be obtained by Kalman filter with
the parameter 0, (see Eqs. @) ([@)).

e (k+1)-th M step:
The M step updates the parameter 8s; to maximize the ob-
jective function Fis(Qr+1(S5),0s).

Oskr1 — argrr‘lgaXFS(QkJrl(S),as)

= argmax <10gp(§a $;0))

def/f

Taking derivatives of the log density in terms of 65, we obtain

Kk’

p(S|S, 0..1)dS.

T
P = 3 O ({50 501,

t=1

T
Z S(t) = Sk (tT))? + 02, (4T }

2
Os2,k+1 < T

T
" Z ({s(t) = s(t = 1)}2),

T
Z [Guter) = 5ite - )2

2
UsZ,k
2
USQ,k + Us,k

(t—1Jt—1)
it o2, (HT)

2
t—1|T
o2 (b= 1IT) + CESTE

3.2 Parameters for eye focusing positions

The second stage derives parameters 0, = (Y20, 020, Vo1,
oz1, ®) for computing eye focusing positions. The observa-
tions are the eye focusing positions X obtained from the eye
tracking data, and the hidden states are the eye movement
patterns U. Instead of the EM algorithm, we introduce the
Viterbi learning method. This approach recursively updates
T) and the ML pa-

rameter set 0, to maximize the posterior p(U|X;6,).

the eye movement patterns U = u(1 :

e Initializing eye movement patterns:
‘We have to start with determining an initial sequence Uy =
uo(1 : T) of eye movement patterns. In this report, the fol-

lowing decision rule is introduced:

wo(t) = { (1)

where kK, is a given threshold. This means that eye move-

if ||=(t) — =(t -
if ||2(t) — =(t -

DIl = ko
D > ko

ment patterns can be strongly correlated with the degree of

eye movements.



e The (k + 1)-th step for updating hidden variables:
This step updates the sequence U of eye movement patterns
to maximize the posterior density p(U|X;0,.%) given the pa-

rameter set 0, , obtained in the previous step.
Uk41 < argm[z}xp(U|X;0r,k).

Viterbi algorithm (e.g. [18], [19]) can derive the ML sequence
Ul41 of eye movement patterns.

e The (k + 1)-th step for updating the parameter set:
This step updates the parameter set 8, to maximize the pos-
terior density p(Uk4+1|X; 0z).

Oz k41— argmax p(Ui+1]X; 0).

Taking derivatives of the log density in terms of 0,,, we derive
the following equations, where the function §(a, b) = 1—|a—b|
shows whether a equals b:

S llae(t) — @(t — D) - 60, up1 (1))
S, S(ungr (t),4)
_ 2ip ) = #(t = DIl = e 0)? - Sura (1), )
23T 8wk (1), 4)
S 8(u 1 (1), ) - O (uper 1 (t — D.9)
Zthg S(up+1(t —1),4)

Yzik+1 <

)

)

2
in,k+l

¢(i»j),k+1 -

4. Evaluation

4.1 Collecting eye tracking data

For the purpose of parameter training and model evalua-
tion, we collected samples of eye focusing positions from six
human subjects under a protocol approved by the Institu-
tional Review Board of NTT Communication Science Labo-
ratories. Each subject viewed 13 different video clips. The
first three video clips are taken from the ” Movie Task” video
demonstration distributed by VisCog Productions, Inc., and
each of the remaining 10 clips comprises a sequence of five
The total length of each

video varies from 30 to 90 seconds, and the size of video

to six different natural scenes.

clips was 640 x 480 pixels. Each subject’s right eye position
was recorded at 30 Hz with an eye tracking device [16] based
on corneal reflection. We gave no specific instructions to the
subject during the experiment.

4.2 Evaluation metric

To quantify how well a model generally predicts the actual
human eye focusing positions, we used the normalized scan-
path saliency (NSS)[20]. Let R,(t) be a set of all pixels in
the circular region centered on the eye focusing position of
test subject n with a radius of 30 pixels, then the NSS value

at time ¢ is defined as

NSS(t) = Ni ; m {x(tgrel%);wp(w(t)) - p(w)}

where N, is the total number of test subjects, p(x) and
o(p(x)) are the mean and the variance of the model’s output
density map respectively. An NSS value of unity indicates

the subjects’ eye positions fall on a region whose predicted
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Fig. 3 Evaluation result of the proposed stochastic visual

attention model and Itti-Koch model. The Y error

bar indicates the standard error.

density is one standard deviation above average. Meanwhile,
an NSS value of zero or lower means that the model performs
no better than picking a random position on the map.

4.3 Results

We evaluated the performance of our basic model by com-
paring it against Itti-Koch model[7]. Two different data
training scenarios were conducted to show the model depen-
dency on the training data set: best case scenario and 3-fold
cross validation scenario. In the best case scenario, the pa-
rameter of each video is trained by its own set of eye focusing
data. In the cross-validation scenario, the video clips are di-
vided into three data sets. Only one data set was retained
for evaluation each time with the remaining sets being the
training data.

Fig. Bl shows the average NSS scores of all video clips for
the Itti-Koch model and our basic model trained with the
two different scenarios for parameter estimation. The aver-
age NSS result indicates that our model trained from either
scenario in each viewing situation performs substantially bet-
ter than Itti-Koch model by more than 75%. Not just in the
average performance but also in the result of every video clip
from every experiment type, the proposed stochastic model
have outperformed the Itti-Koch model. The result in the
cross validation scenario vertified that our purposed model
still performed significantly well independent of which train-
ing set is utilized.

Fig. M shows samples of eye focusing density maps esti-
mated from our basic model, and Fig. [l shows an example
of NSS score distributions of the Itti-Koch model and our
proposed model for a particular input video. Each figure in-
dicate that our proposed model well estimated a tendency of

eye movements compared with the Itti-Koch model.
5. Conclusion

We have presented the first stochastic model of human
visual attention based on a dynamic Bayesian framework.
Unlike many existing methods, we predict the likelihood of
human-attended regions on a video based on two criteria: 1)
The probability of having the maximum saliency response at

a given region evaluated based on the signal detection theory,



Fig. 4 Samples of results. (Left) Input videos. (Right)
Eye focusing density maps, where each white circle
corresponds to the eye focusing position of a subject.
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Fig. 5 NSS score distribution, where dark bars (resp. light
bars) correspond to the our proposed model (resp.

the Itti-Koch model)

and 2) the probability of matching the eye movement pro-
jection based on the predicted cognitive state. Experiments
have revealed that our model offers a better eye-gazing pre-
diction against previous deterministic model. To enhance
our current model, future work may include introduction of
spatial relationships of stochastic saliency maps, a better in-
tegration of the bottom-up and the top-down information,
real-time computing with general-purpose GPU (GP-GPU)
computation, and integration of the proposed method into
some applications.
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