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ABSTRACT

Recent studies in signal detection theory suggest that the hu-
man 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. Constructing a stochastic
model of human visual attention would be promising to tackle
the above problem. This paper proposes a new method to
achieve a quick and precise estimation of human visual atten-
tion based on our previous stochastic model with a dynamic
Bayesian network. A particle filter withMarkov chainMonte-
Carlo (MCMC) sampling make it possible to achieve a quick
and precise estimation through stream processing. Experi-
mental results indicate that the proposed method can estimate
human visual attention in real time and more precisely than
previous methods.

Index Terms— Saliency-based human visual attention,
dynamic Bayesian network, stream processing, Markov chain
Monte-Carlo (MCMC), particle filter.

1. INTRODUCTION

Developing a sophisticated object detection and recognition
algorithms has been a long distance challenge in computer
and robot vision researches. Such algorithms are required in
most applications of computational vision, including biomet-
rics, medical imaging, intelligent cars, factory automation,
and content-based image retrieval. One of the major chal-
lenges in designing object recognition systems is to construct
methods that are fast and capable of operating on standard
computer platforms. To that end, pre-selection mechanism
would be essential to enable subsequent processing to focus
only on relevant data.
One promising approach to achieve this mechanism is vi-

sual attention: it selects regions in a visual scene that are most
likely to contain objects of interest. The field of visual atten-
tion is currently the focus of much research for both biological
and artificial systems. The first biologically-plausible model
for explaining the human attention system was proposed by
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Fig. 1. Example of saliency map through the Koch-Ullman
model

Koch and Ullman [1]. This model has been attracting atten-
tion of many researchers, especially after the development of
an implementation model by Itti, Koch and Niebur [2]. Later,
many attempts have been made to improve the Koch-Ullman
model [3, 4, 5, 6] and to extend it to video signals [6, 7, 8, 9].
However, all the above methods includes one crucial

problem: people may attend to different locations on the
same visual input at the same time. Our research group pro-
posed a new stochastic model of visual attention [10, 11]
that tackled the problem originated from the deterministic
property of the previous attention models). When describing
the Bayesian network of visual attention, the principle of the
signal detection theory is introduced, namely, the position
where the value of the stochastic saliency takes the maximum
is the eye focusing positions. The proposed model incorpo-
rates another property that eye movements may be affected
also by a cognitive state of humans. The introduction of eye
movement patterns as hidden states of HMMs enables us to
describe the mechanism of eye focusing and eye movement
naturally.
Although the method based on the stochastic model well

simulated the human visual system, it requires many pro-
cedures with high computational costs (about 1 second per
frame with a standard workstation, cf. Fig. 5 in Section
7). When considering a human visual attention model as a
pre-selection mechanism for subsequent processing to focus
only on relevant data, computational cost should be of crucial
significance in terms of practical use.
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In recent years, there has been strong interest from re-
searchers and developers in exploiting the power of commod-
ity hardware including multiple processor cores for parallel
computing. This is because 1) multi-core CPUs and stream
processors such as graphics processing units (GPUs) and Cell
processors [12] are currently the most powerful and economi-
cal computational hardware available, 2) the rise of SDKs and
APIs such as OpenMP [13] and NVIDIA CUDA [14] makes it
easy to implement desired algorithms for execution on multi-
core hardware. This programming paradigm is widely known
as stream processing. By introducing the idea of stream pro-
cessing, we expect the model to reduce the execution time
greatly. However, stream processing is not versatile for accel-
erating any kinds of signal processing: Stream processing is
only feasible for computations that utilize simple data repeat-
edly and can compute each sub-process with almost the same
calculation cost. The previous stochastic model included sev-
eral procedures that did not fit the above property.
To this end, we propose a new model and its imple-

mentation strategy for estimating human visual attention
feasible for multi-core processors through stream process-
ing. MAP estimation through a particle filter with Markov
chain Monte-Carlo (MCMC) sampling make it possible to
incorporate stream processing into our stochastic attention
model. Sampling-based simulation is excellent with stream
processing, and the computational cost for each particle does
not depend on the characteristics of densities to be estimated.
Therefore, the new method can be easily implemented on
multi-core hardware without any special artifices.

2. RELATEDWORK

Several previous researches focused on modeling of human
visual attention by using some kind of probabilistic tech-
niques or concepts. Itti and Baldi [7] investigated a Bayesian
approach for detecting surprising events in video signals.
Their approach models a surprise by Kullback-Leibler diver-
gence between the prior and posterior distributions of funda-
mental features. Koike and Saiki [15] introduced a stochastic
winner-take-all (WTA) mechanism into the Koch-Ullman
model. Avraham and Lindenbaum [16] utilized a graphical
model approximation to extend their static saliency model
based on self similarities. Boccignone [17] introduced a non-
parametric Bayesian framework to achieve object-based vi-
sual attention. Gao and Vasconcelos [6] developed a decision-
theoretic approach attention model for object detection.
The main contribution of our stochastic model against the

previous researches is the introduction of a unified stochastic
model that integrates “covert shifts of attention” (shifts of at-
tentions without saccadic eye movements) driven by bottom-
up saliency with “overt shifts of attention” (shifts of atten-
tion with saccadic eye movements) driven by eye movement
patterns by using a dynamic Bayesian network. Our pro-
posed model also provides a framework that simulates and

Fig. 2. Graphical representation of the proposed stochas-
tic model of human visual attention, where arrows stands for
stochastic dependencies.

combines the bottom-up visual saliency response and the top-
down cognitive state of a person to estimate probable attended
regions, if eye movement patterns can deal with more sophis-
ticated top-down information. How to integrate such kinds
of top-down information is one of the most important future
researches.

3. MODEL OVERVIEW

Fig. 2 illustrates the graphical representation 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)}T
t=1 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 . The symbol I
also denotes a set of coordinates in the frame. For example, a
position y in a frame is represented as y ∈ I .

S = S(1 : T ) = {S(t)}T
t=1 denotes a saliency video

which comprises a sequence of saliency maps S(t) obtained
from the input video I . Each saliency map is denoted as
S(t) = {s(t,y)}y∈I , where s(t, y) is called saliency which
is the pixel value at the position y ∈ I . Each saliency repre-
sents the strength of visual stimulus on a position of a frame
with the value between 0 and 1.

S = S(1 : T ) = {S(t)}T
t=1 denotes a stochastic saliency

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

U = u(1 : T ) = {u(t)}T
t=1 denotes a sequence of eye

movement patterns each of which represents a pattern of eye

251



movements. Eye movement patterns reflect purposes or in-
tentions of human eye movements.

X = X(1 : T ) = {x(t)}T
t=1 denotes a sequence of eye

focusing positions. The proposed model estimates the eye
focusing position by integrating the bottom-up information
(stochastic saliency maps) and the top-down information (eye
movement patterns). A map that represents a density of eye
focusing positions is called an eye focusing density map.
In what follows, we denote a probability density function

(PDF) of an argument x as p(x), a conditional PDF of an ar-
gument x given y as p(x|y), and a PDF of x with a parameter
θ as p(x; θ).

4. SALIENCY MAPS

Consider an input video I = i(1 : T ) = {i(t)}T
t=1 of du-

ration T , where i(t) is the t-th frame of the video I . Then,
a sequence S = S(1 : T ) = {S(t)}T

t=1 of saliency maps
S(t) is obtained from the video I . We used a standard model
proposed by Itti et al. [2] to extract the saliency maps. Our
implementation includes 9 fundamental features sensitive to
luminance, color opponents (red/green and blue/yellow), ori-
entations (0◦, 45◦, 90◦ and 135◦), and oriented motion en-
ergies (horizontal and vertical). Each pixel value s(t,y) of
the saliency map S(t) at a position y is called the saliency.
We have to note that I also represents a set of coordinates in
the frame. Each saliency represents the strength of the visual
stimulus at a given position.
We employ several minor modifications to accelerate the

original implementation. However, we have yet to introduce
any GPU implementations for extracting saliency maps. Sev-
eral previous researches have focused on GPU implementa-
tion for extracting saliency maps [18, 19]. We expect to ex-
tract saliency maps within a few milliseconds by incorporat-
ing such algorithms in our method in the near future.

5. STOCHASTIC SALIENCY MAPS

When estimating a stochastic saliency map S(t) = {s(t, y)}y∈I ,
we introduce a pixel-wise state space model characterized by
the following two relationships:

p(s(t, y)|s(t − 1, y)) = G(s(t,y); s(t − 1, y), σs1),
p(s(t, y)|s(t, y)) = G(s(t,y); s(t,y), σs2),

where σsi (i = 1, 2) is a model parameter obtained before-
hand by using the EM algorithm [10] and G(s; s, σ) is the
Gaussian probability density function (PDF) with argument
s, mean s, and variance σ2.

G(s; s, σ) def.=
1√
2πσ

exp
{
− (s − s)2

2σ2

}
.

The first relationship exploits the temporal characteristic of
the human visual system, and the second relationship implies

that a saliency map is observed through a Gaussian density.
For brevity, only in this section we will omit the position y
where explicit expression is unnecessary, e.g. s(t) instead of
s(t,y).
We employ a Kalman filter to recursively compute the

stochastic saliency map. Assume that the density at each po-
sition on the stochastic saliency map s(t − 1) at time t − 1
given saliency maps s(1 : t − 1) up to time t − 1 is given as
the following Gaussian PDF:

p(s(t − 1)|s(1 : t − 1))
= G(s(t − 1); ŝ(t − 1|t − 1), σs(t − 1|t − 1)).

Then, the PDF at each position on the stochastic saliency map
s(t) at time t given saliency maps s(1 : t) up to time t is
obtained as follows:

[Estimation step]

p(s(t)|s(1 : t − 1)) = G(s(t); ŝ(t|t − 1), σs(t|t − 1)),
ŝ(t|t − 1) = ŝ(t − 1|t − 1),

σ2
s(t|t − 1) = σ2

s1 + σ2
s(t − 1|t − 1).

[Update step]

p(s(t)|s(1 : t)) = G(s(t); ŝ(t|t), σs(t|t)),
ŝ(t|t) =

σ2
s(t|t)

σ2
s(t|t − 1)

ŝ(t|t − 1) +
σ2

s(t|t)
σ2

s2

s(t),

σ2
s(t|t) =

σ2
s2 · σ2

s(t|t − 1)
σ2

s2 + σ2
s(t|t − 1)

,

Since both the estimation and update steps can be exe-
cuted for each pixel independently, they can be directly im-
plemented through stream processing without any special ar-
tifices. However, they can execute within a few msec/frame
without stream processing. Therefore, we keep the procedure
as a CPU calculation.

6. ESTIMATING VISUAL ATTENTION

6.1. Overview

This section describes the main contribution of this report,
namely how to estimate eye focusing position x(t) by inte-
grating stochastic saliency map S(t) and eye movement pat-
tern u(t). First, we introduce following transition PDF to es-
timate the eye focusing position:

p(x(t), u(t)|p(S(t)), x(t − 1), u(t − 1))
∝ p(x(t)|p(S(t)))

·p(u(t)|u(t − 1)) · p(x(t)|x(t − 1), u(t)), (1)

where∝ stands for the proportional indicator, and the PDF of
the stochastic saliency map at time t is represented as p(S(t))
for simplicity, namely

p(S(t)) = {p(s(t, y))}y∈I ,
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p(s(t, y)) = p(s(t, y)|s(1 : t,y)) y ∈ I.

The stochastic saliency map S(t) controls “covert shifts of at-
tention” (shifts without saccadic eye movements) through the
PDF p(x(t)|p(S(t))) 1. On the other hand, the eye move-
ment pattern u(t) controls the degree of “overt shifts of atten-
tion” (shifts of attention with saccadic eye movements). We
assume two types of eye movement patterns: 1) the passive
state u(t) = 0 in which eyes tend to remain near one par-
ticular position, and 2) the active state u(t) = 1 in which
eyes move around actively. In what follows, we call a pair
z(t) = (x(t), u(t)), consisting of an eye focusing position
and an eye movement pattern, as the eye focusing state z(t)
for brevity. The following density of eye focusing positions
x(t) given a PDF p(S(1 : t)) of stochastic saliency maps up
to time t characterizes an eye focusing density map at time t:

p(x(t)|p(S(1 : t))) =
∑

u(t)=0,1

p(z(t)|p(S(1 : t))), (2)

p(z(t)|p(S(1 : t))) =
∫

z(t−1)

p(z(t − 1)|p(S(1 : t − 1)))

·p(z(t)|p(S(t)), z(t − 1))dz(t − 1). (3)

Note that the second term of Eq. (3) is the same as Eq. (1).
Since the formula for computing Eq. (2) cannot be de-

rived, we introduce a sampling-based approach instead. The
density of eye focusing states shown in Eq. (3) can be approx-
imated by samples of eye focusing states {zn(t)}N

n=1 and the
associated weights {wn(t)}N

n=1 as

p(z(t)|p(S(1 : t))) ≈
N∑

n=1

wn(t) · δ(z(t) − zn(t)), (4)

where N is the number of samples, and δ(·) represents the
Dirac delta function.
The procedure for estimating eye focusing density maps

can be separated into two steps: 1) Computing p(x(t)|p(S(t)))
estimated from a stochastic saliency map, and 2) computing
p(u(t)|u(t−1)) and p(x(t)|x(t−1), u(t)) estimated from an
eye movement pattern. We now describe each step in detail.

6.2. Estimating attention from stochastic saliency maps

The first term of Eq. (1) represents the fact that the eye focus-
ing position is selected based on the signal detection theory,
where the position at which the stochastic saliency takes the
maximum is determined as the eye focusing position. In other
words, this term computes the probability at each position that
the stochastic saliency takes the maximum.

p(x(t)|p(S(t)))
1The notation p(x(t)|p(S(t))) seems to be unusual, however, the PDF

of eye focusing positions x(t) estimated from the stochastic saliency map
S(t) can be determined by the PDF of the stochastic saliency map, not the
stochastic saliency map itself, as shown in Section 6.2.

Fig. 3. Tree-based multiplication for computing the product
A1A2 · · ·A2n

=
∫ ∞

−∞
p(s(t, x(t)) = s)

∏
x̃�=x(t)

P (s(t, x̃) ≤ s)ds, (5)

where P (s(t, ỹ) ≤ s) is the cumulative distribution function
(CDF) that corresponds to the PDF p(s(t, ỹ)).
Since direct computation of Eq. (5) is ill-suited for stream

processing, we introduce an alternative expression that is ap-
plicable to stream processing.

p(x(t)|p(S(t)))

=
∫ ∞

−∞

p(s(t,x(t)) = s)
P (s(t, x(t)) ≤ s)

∏
x̃∈I

P (s(t, x̃) ≤ s)ds. (6)

The latter part of Eq. (6) does not depend on the position
x(t), which implies that it can be calculated in advance for
every s. This calculation can be executed in O(log |I|) time
through a tree-based multiplication and parallelization at each
level (cf. Fig. 3). Also, the former part of Eq. (6) can be
calculated independently for each position x(t). Therefore,
once the calculation of the latter part has finished, Eq. (6)
can be calculated in O(log |S|) time with a combination of
tree-based addition and pixel-wise parallelization, where |S|
stands for the resolution of the integral in Eq. (6).

6.3. Integrating eye movement patterns

Fig. 4 depicts the old and new strategies for calculating eye
focusing density maps. The previous strategy [10, 11] utilizes
rejection sampling (See e.g. [20]), and samples are drawn
directly from the whole transition PDF (Eq. (1)). However,
the rejection sampling method is quite costful and ill-suited
for stream processing since its computational cost for gener-
ating a sample highly depends on the nature of the PDF to be
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Fig. 4. Old and new strategies for calculating eye focusing
density maps (Top) old strategy (Bottom) new strategy

sampled, and therefore, the slowest kernel for generating sam-
ples keeps other kernels waiting for a long time. Instead, the
new strategy introduces a technique inspired by a particle fil-
ter with Markov chain Monte-Carlo (MCMC) sampling. The
procedure of the new strategy is as follows:
(1) Suppose that samples {zn(t− 1)}N

n=1 of eye focusing
states at time t − 1 have already been obtained. Then, sam-
ples {zn(t)}N

n=1 at time t are drawn by using the second and
third terms of Eq. (1) with the Metropolis algorithm [21], a
standard MCMC sampling strategy.

un(t) ∼ p(u(t)|un(t − 1)), (7)
xn(t) ∼ p(x(t)|xn(t − 1), un(t)). (8)

The density of Eq. (7) is characterized by the transition prob-
ability of eye movement patterns defined by a 2 × 2 matrix.
The density of Eq. (8) represents the transition PDF of eye
focusing positions governed by the eye movement pattern at
the current time, defined as

p(x(t)|x(t − 1), u(t))
= L(x(t);x(t − 1), γx,u(t), σx,u(t)),

where γxi and σxi (i = 1, 2) are model parameters, and
L(x;x, γ, σ) is a shifted 2D Gaussian PDF with argument

x, mean x, indent γ and variance σ2 such that

L(x; x, γ, σ) ∝ exp
{
− (‖x − x‖ − γ)2

2σ2

}
.

The model parameters and the transition matrix can be ob-
tained beforehand by using Viterbi learning [10].
(2) As the second step, sample weights are updated based

on the first term p(x(t)|p(S(t))) of Eq. (1), which has been
derived from the procedure shown in Section 6.2. Formally,
the weight wn(t) of the n-th sample zn(t) at time t can be
calculated as

wn(t) ∝ p(x(t) = xn(t)|p(S(t))).

As shown in Eq. (4), samples {zn(t)}N
n=1 and the associated

weights {wn(t)}N
n=1 comprise an eye focusing density map

at time t.
(3) Finally, i is performed to eliminate samples with small

weights and multiply samples with large weights. This step
enables us to avoid “degeneracy” problem, namely, to avoid
the situation where all but one of the weights are close to zero.
Although the effective number of samples [22] is frequently
used as a criterion for resampling, we execute resampling at
regular time intervals.
Note that a computational cost for each step (propagation,

update and resampling) does not depend on the nature of the
PDF to be estimated so much. This implies that the proposed
approach is quite feasible for stream processing.

7. EVALUATION

7.1. Conditions

We evaluated the performance of our new method by compar-
ing it with the Itti model [2] and the previous stochastic model
[10, 11] in terms of execution time and estimation accuracy.
For the accuracy evaluation, we used CRCNS eye-1

database 2 created by University of South California. This
database includes 100 video clips (MPEG-1, 640 × 480 pix-
els, 30fps) and eye traces when showing these video clips
to 8 human subjects (4-6 available eye traces for each video
clip, 240fps). Please refer to the document included in the
database for the detail. In this evaluation, we used 50 video
clips (about 25 minutes in total) called “original experiment”
and associated eye traces.
Model parameters shown in Section 5 and 6.3 were de-

rived in advance with the learning algorithm presented in [10].
In this time, we used 5-fold cross validation so that 40 video
clips and associated eye traces were used as the training data
for evaluating the remaining data.
As a metric to quantify how well a model predicts the

actual human eye focusing positions, we used the normalized
scan-path saliency (NSS) [23]. Let Rj(t) be a set of all pixels

2http://crcns.org/data-sets/eye/eye-1
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Table 1. Platform used in the evaluation
OS Windows Vista Ultimate
Development Microsoft Visual Studio 2008 C++
platform OpenCV 1.1pre & NVIDIA CUDA 2.1
Optimization none
CPU Intel Core2 Quad Q6600 (2.40GHz)
RAM 4.0GB
GPU NVIDIA GeForce8800 GT ×2 SLI

Fig. 5. Total execution time [msec/frame]

in a circular region centered on the eye focusing position of
test subject j with a radius of 30 pixels. Then, the NSS value
at time t is defined as

NSS(t) =
1

Ns

Ns∑
j=1

1
σ(p(x))

{
max

x(t)∈Rj(t)
p(x(t)) − p(x)

}
,

where Ns is the total number of subjects, p(x) and σ(p(x))
are the mean and the variance of the pixel values of the
model’s output, respectively. NSS(t) = 1 indicates that
the subjects’ eye positions fall in a region whose predicted
density is one standard deviation above average. Meanwhile,
NSS(t) ≤ 0 indicates that the model performs no better than
picking a random position on the map.
The platform used in this evaluation is listed in Table 1.

7.2. Results

Fig. 5 shows the total execution time of 1) the previous
stochastic model, 2) the model including only MCMC-based
particle filter described in Section 6.3, 3) our new method
including all the ideas, and 4) Itti’s model [2]. The result
indicates that our model performed more than 10 times faster
than the previous stochastic model. The result also indicates
that the introduction of the MCMC-based particle filter sig-
nificantly accelerated the implementation. Consequently, the

Fig. 6. Execution time for each step [log msec/frame]

proposed method has achieved near real-time estimation (70-
80 msec/frame), and almost the same processing time as the
one for Itti’s model.
Fig. 6 shows the detailed execution time for each step,

where each bar represents the execution time for calculating
saliency maps (Section 4), eye focusing density maps from
stochastic saliency maps (Section 6.2) and eye movement
patterns (Section 6.3), respectively. Note that the execution
time for estimating stochastic saliency maps (Section 6.2)
was omitted since the calculation was very fast (a few msec)
without the installation of any stream processing. The result
indicates that the introduction of the MCMC-based particle
filter greatly reduced the time needed to perform the most
expensive procedure. It should be noted that our new method
employed many more samples for estimating eye focusing
density maps than the previous method: Previously, we could
use a maximum of 500 samples owing to time limitations.
On the other hand, the new method enables us to handle more
than 5000 samples with reasonable calculation costs. Tree-
based multiplication described in Section 6.2 also reduced
the processing time for calculating eye focusing density maps
from stochastic saliency maps to 1/10.
Fig. 7 shows the model accuracy measured by the NSS

score averaged over video clips and human subjects, and Fig.
8 shows the NSS score averaged over human subjects for each
video clip. We compared 1) the previous stochastic model, 2)
our new method including all the ideas, and 3) Itti model [2].
Note that the introduction of tree-based multiplication does
not provide any changes in eye focusing density maps, and
therefore the model including only MCMC-based particle fil-
ter is equivalent to our new method from the viewpoint of the
model accuracy. The result indicates that the our new method
achieved almost the same NSS score as the previous stochas-
tic model and significantly better NSS score than Itti model.
This result implies that our new method can estimate human
visual attention with high accuracy.
Fig. 9 shows snapshots of outputs from Itti model (the
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Fig. 9. Snapshots of model outputs

Fig. 7. Average NSS score

second and fifth rows) and our new method (the third and
sixth rows). Some video demonstrations will be available on
the web3. Note that we manually put some circles on outputs
from our new method to show estimated eye focusing areas
clearly. This results indicates that outputs from Itti model in-
cluded several large salient regions. On the other hand, out-
puts from our new method included only a few small eye fo-
cusing areas. This implies that our new method picked up
probable eye focusing areas accurately.

3http://www.brl.ntt.co.jp/people/akisato/saliency-2.html

Fig. 8. Average NSS score for each video

8. CONCLUSION

We have proposed a new method for estimating human visual
attention with a much shorter execution time. Our main con-
tribution is the incorporation of an MCMC-based particle fil-
ter into our stochastic model of saliency-based human visual
attention to accelerate the estimation through the GP-GPU
framework. Some other modifications including tree-based
multiplication were simultaneously realized to make the ap-
proach suitable for parallel computing. Experimental results
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indicated that the proposed method can estimate human visual
attention over 10 times faster than the previous implementa-
tion. The results also implied that our new method properly
estimated probable eye focusing areas.
The acceleration enables us to integrate the new method

as a front-end process of certain applications such as salient
region extraction [24], active vision, generic object recogni-
tion and content-based video retrieval. A better integration
of the bottom-up and the top-down information, and a better
saliency model for extracting (deterministic) saliency maps
also constitutes promising future work.
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