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Abstract—The general computational models of visual
attention are to obtain multi-scale feature maps in terms
of visual properties like intensity, color and orientation,
and then combine them to get one saliency map. But due
to the lack of object edge information and reasonable
feature combination strategy, the visual saliency map of
the image is a blur map. Being aware of these, we
propose a new scheme for saliency extraction. In this
paper, we firstly put forward a sparse embedding feature
combination strategy, inspired by sparse representation.
The strategy is used to combine the salient regions from
the individual feature maps based on a novel feature
sparse indicator that measures the contribution of each
map to saliency. Then we combine traditional visual
attention with edge information. Results on different
scene images show that our method outperforms other
traditional feature combination strategies.
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1. Introduction

Visual attention is an important characteristic of
human visual system (HVS). A common view [1] of
how attention deployed onto a given scene under
bottom-up influences is as follows. Low-level feature
extraction mechanisms act in a massively parallel
manner over the entire visual scene to provide the
bottom-up biasing cues towards salient image
locations. Attention then sequentially focuses on
salient image locations to be analyzed in more detail
(2], [3].

Several computational models have been proposed
to functionally account for many properties of visual
attention in primates during the last two decades. But
all of their saliency maps are blur maps of the image
without any edge information. Shashua and Ullman [4]
considered that not only image region has attention
property but also the edge. They regard the feature
contrast as the local saliency and edge as the global
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saliency. Gestalt’s law commonly measures the
saliency property: proximity, closure and continuity.

Itti [1] proposed four feature combination
strategies: the “Naive”, “N(.)”, “Trained”, “Iterative”.
The four strategies studied all involve a point-wise
linear combination of feature maps into the scalar
saliency map. Indeed, there is mounting
psychophysical evidence that different types of
features do contribute additively to salience, and not,
for example, through point-wise multiplication [6]. So
we propose the sparse embedding feature combination
strategy and define feature sparse indicator measured
by sparse representation that adjusts the weights of
each feature map in proportion of its contribution to
the saliency map.

Being aware of these, in this paper, we propose a
new scheme for saliency extraction, called sparse
embedding visual attention systems with edge
information. Results on different scene images show
that the method outperforms the traditional visual
attention models.

The proposed method relies widely on the saliency
model of visual attention and sparse representation.
The organization of the paper is as follows. Basics of
the saliency model of visual attention and sparse
representation are recalled in section 2. Then, section 3
develops the idea of the proposed method and the
relevant theory and algorithm. Section 4 describes the
related experiments. Section 5 offers our conclusions.

2. Outline of saliency model of visual attention
and sparse representation.

2.1 Saliency model of visual attention

Itti and Koch proposed the saliency-based model
of visual attention in [7]. It is based on three major
steps.
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First, a number of features are extracted from the
scene by computing the so-called feature maps from a
RGB color image and which belong to three main
cues, namely intensity, color, and orientation.

Intensity feature

F,=(r+g+b)/3 - (1

Two chromatic features based on the two color

opponency filters R*G~ and B'Y".
_b—min(r,g), _ r—g
ko max(r, g,b)
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max(r, g,b)
For intensity and chromatic features, a Gaussian
pyramid p is created by progressively lowpass
filtering and subsampling by factor 2 the feature
map F, using a Gaussion filter G :
BO)=F,
P ()=( 2)(P,(i-1)*G)
where (*) refers to the spatial convolution operator
and (| ) refers to the dowsampling operation.
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Local orientation features are obtained from [/
using oriented Gabor pyramids p (¢,6), where O

represents the scale and §e {0°,45°,90°,135°} is the
preferred orientation.

In a second step, Center-surround is then
implemented in the model as the difference between
fine and coarse scales: The center is a pixel at scale
ce{2,3,4}, and the surround is the corresponding pixel

atscale s=c+0, with 5e 34
=33 P-Po)

=3 s=c+3

where [ 1 I respectively indicate intensity
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,VieL=1,UL. UL,

feature set, color feature sets, and orientation feature
sets. Then each feature map F, is transformed into its

conspicuity map .
In the final step of the attention model, the cue

conspicuity maps are integrated into a saliency map S,
defined as:
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where N(.) is a normalization operator.

2.2 A brief review of sparse representation

The role of parsimony in human perception has
also been strongly supported by studies of human
vision. Investigators have recently revealed that in
both low-level and mid-level human vision [8], many
neurons in the visual pathway are selective for a
variety of specific stimuli, such as color, texture,
orientation, scale.
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Given a M X N matrix 4 containing the elements
of samples in its columns, and y € R". The problem

of sparse representation is to find an N X1 coefficient
vetor g, for each y through the following modified

1, minimization problem:
(6)

For ye g, let s°(i=1,2,...,N) be the optimal

min ||s,.||1 st. y=As,.

solution of the above constrained optimization
problem. Then, the residual of constructing y is

defined as:

() =|y—As; (7

2

3. Sparse embedding visual attention system
combined with edge information

3.1 Extraction of edge feature

In this subsection, we obtain the edge feature from
intensity pyramid image using by LOG edge detector.
In the field of digital image processing, the LOG
detector is often replaced by DOG (Difference of
Gaussians ) and described as below:

M, =P (6)*DOG(5,,5,) > 3
where “*” is the convolution operator and O is the
pyramid scale. p(s) is computed by using Equations

(1) and (3). poc(c,,s,) is obtained by
(€)]

L oxp- X0 L e
2z, 207 270,
where % are the variances of the DOG filter.

Combining the edge feature, the saliency map are
redefined as

S, = 2w (IN(M,)°

characterizes

X2+ 2 D)
DOG(0,,0,) = - 20{ )

(10)

where Wi (f) the  conspicuity’s

contribution to saliency map and K represents the
number of conspicuity maps.

3.2 Sparse embedding feature combination strategy.

For providing suitable weight w of each feature
map ( r, ) that constructs saliency map, we need a

mechanism that changes the relative contribution to
the final saliency map of the various features
considered.

Following features extracted from the scene by
computing the feature maps from a RGB color image,
we obtain N feature maps ( r, ), and reshape them as

column vectors 3 e R Let matrix F={fsforn S} be

the data matrix including all the feature maps in its
column. To reduce the computational cost, we perform



PCA to reduce the data dimension. The projection
from the raw data space to the feature space can be
represented as matrix R7.

Then sparse representation firstly seeks a sparse

reconstructive weight vector s, for each f through

the following modified ; minimization problem:

min |s, || , (11)
st. x; = R"Fs,
T 1 -
where S =81 1500s 80,150,858y 182N

dimensional vector in which the ;* element is equal to
zero (implying that the x, is removed from X ), and

the elements ) denote the contribution of each
X, to reconstruction . .
For fe R™, let s7(i=1,2,..,N) be the optimal

solution of the above constrained optimization
problem. The feature map , is sparsely represented

by the remained n -1 feature maps. Based on the
above sparse representation, we define the following
measure of how prominent each feature is.

Definition 1. (Feature Sparse indicator): The feature
saliency indicator is defined as:

FSI(f;) =residuals(f;) = "fl - Fs,.”"2 ) (12)
where ggy(r) stands for the degree of the feature s
and s” is a new vector whose only nonzero entries the
greater the pyg(r)is, the more prominent the feature is.

Definition 2. ( Weight of Saliency ): The weight of
saliency is defined as:

- (13)
=TI

Z:FSY(ﬁ)

We compared the proposed feature combination
strategy with other strategies. The results are showed
in Fig. 1. The Naive model, which represents the
simplest solution to the problem of combining several
feature maps into a unique saliency map, performed
always worse than other’s. The y() model yields

reliable yet nonspecific detection of salient image
locations. The iterative model yields much sparser
maps, in which most of the noisy is strongly
suppressed. The proposed sparse feature combination
strategy capture more sparser maps and more
reasonable saliency region than other’s, attribute to
more deliberate saliency weights. The proposed
strategy could be refined to mimic more closely what
is known of the physiology of early neurons.

4. Experiment

In this section, we use some natural color images to
evaluate the proposed algorithm compared with the
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Itti’s methods. We extract 48 feature maps from two
natural scenes and compute the each feature sparse
indicator based on sparse representation. Then four
conspicuity maps are normalized and combined to the

sparse saliency map 5.

Finally, the saliency locations are detected and
compared with Itti’s. Details are illustrated in Fig. 2.
In Itti’s method, the close shot target i.e. the white and
red sailboats can be successfully detected, but the
future white sailboat can’t be recognized and taken as
a prominent color region with other future regions.
Obviously, in our method, we can detect the close shot
i.e. the white and red sailboats as well as further
sailboats, due to edge information supplement to the
early visual feature and sparse embedding feature
combination strategy. So the proposed method is more
suitable for the human visual perception.

5. Conclusion

In this paper, we have proposed a new scheme for
saliency extraction. The method is used to combine the
salient regions from the individual feature maps based
on a new feature sparse indicator that measures the
contribution of each map to saliency. Furthermore, the
edge information is supplied to the extraction of early
visual features. It exploits properties of human visual
system for the extraction of the feature maps.
Compared to existing feature combination strategies, it
improves the accuracy of salient region detection. The
experimental results clearly show that the proposed
method obtain more reasonable salient region for
human visual perception.
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Fig. 1. Comparison with other strategies. The test image (b) is selected from the image dataset taken on campus of NJUST, in
which a red fire hydrant is the most salient object.
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(a) saliency region detected by our method | (b) saliency region detected by Itti’s method

Fig. 2. The saliency locations are detected by our method and compared with Itti’s. The “1”, “2”, “3” respectively represent the first saliency
region, the second saliency region, and the third saliency region
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