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ABSTRACT

Human vision system acquires essential information from
the environment by sequentially sampling visual contents at
important locations under the control of selective attention
mechanism. We propose that bottom-up saliency is not
based on global statistics but on information sampled at
prior eye fixations. Our model calculates visual saliency
using sequential eye fixation probability. However, the
proposed model needs fixation priors, which are hard to
simulate given current fixation data and experimental
conditions. An approximation is proposed to generate a
single saliency map by fusing all possible conditions of
fixation prior.

Our method outperforms all state-of-the-art models in
predicting eye fixations, and shows reasonable response to
various psychological patterns.

Index Terms— bottom up attention, saliency detection,
eye fixation prediction.

1. INTRODUCTION

Based on attention mechanism, vision system of primates
could optimally allocate its processing resources and focus
on important aspects of a scene. For the last decade, many
attention models have been proposed, trying to answer the
question of what attracts attention from various aspects.
These works focused on developing computational
algorithms to generate saliency map in which the location’s
value indicates how important its content is or how much
attention its content attracts. Different assumptions on what
attracts attention leads to different saliency measurements
and detection algorithms.

Itti and Koch’s saliency model [1] was based on
biological structures of human vision system and the visual
attention literature, such as feature integration theory [2].
Visual input is decomposed into three feature channels
including intensity, color and orientation. Center-surround
difference, which is similar to the receptive filed of retina
ganglion cells, is applied to detect feature saliency. This
model is biological plausible in the aspect of early vision
system, but it has many un-determined parameters and
limited representative ability. By assuming that the goal of
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selective attention is to maximally sample information,
Bruce and Tsotsos [3] defined saliency as Shannon’s self-
information —log p(F), where F' is the feature vector of a
location in the image. The features are responses of a set of
filters learnt from natural images using independent
component analysis (ICA). ICA filters are quite similar with
the receptive field of simple cells in primary visual cortex.
This method has been proven to be more effective in
predicting human eye fixations. Zhang et.al [4] proposed a
similar theory based on Bayes inferences, which measures
saliency as self-information calculated from natural statics.

Most of the previous methods have not concerned the
dynamic issues of visual perception. When people view the
image, they don’t obtain all the image information at one
time but trough a series of eye movements. In this paper, we
assume that the calculation of bottom-up saliency does not
need the statistics of the entire scene, but a small portion of
information that gained from previous focused fixations.
Based on this assumption, saliency is modeled as fixation
probability of the locations, which is determined only by the
statistics of previously obtained information instead of the
entire visual input. The fixation probability is estimated
using feature distance between visual contents at locations in
question and the previous eye fixations. Fig.1 illustrates the
main motivation of our method: given different fixation
priors, we should generate different saliency maps according
to what we have seen.

Fig. 1. Saliency can be influenced by what you are looking
at. Our model could generate different saliency maps
(bottom row) based on different pre-focused regions (red
circles in the top row).
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Our main contribution lies in two aspects:

® Avoid globally probability density estimation, which is
more reasonable considering the dynamic property of
visual perception;

® Using fixation probability as the measure of saliency
enhances our model’s biological plausibility and also
leads to a fast and robust saliency detection algorithm.

Based on the current fixation data and experimental
conditions, we are hardly to evaluate our model in a purely
dynamic manner. Thus, we proposed an approximated
version of our model to be evaluated. This approximation
first calculated saliency maps given all possible prior
fixations and then combined them into one single saliency
map.

The rest of the paper is arranged as follows: in Sec. 2,
we defined saliency under consideration of dynamic
property of visual perception. Sec. 3 describes the detailed
implementation of our model. Sec. 4 evaluates the proposed
model with both DCT and ICA features, and compares our
model against the state-of-the-arts. Finally we conclude this
paper in sec. 5.

2. SALIENCY AS EYE FIXATION PROBABILITY

According to the predictive coding theory [5], visual
stimulus that contains un-predictable contents will draw the
brain’s attention. Bruce [3] propose AIM attention model in
which the un-predictability of visual content is defined as its
features’ self information. This definition needs density
estimation using global statistics of visual features. However,
in human visual perception, people could only focus their
attention on a certain fixation at one time. Due to the
structure of human eyes, the perceptual accuracy decreases
dramatically from center of the fixation to the surround. In
AIM’s definition, an important fact that seeing is a
dynamical serial process has been ignored. When people
view the image, they don’t obtain all the image information
at one time but trough a series of eye movements.

Considering the real conditions of viewing process, we
measure bottom-up saliency by sequential eye fixation
probability, which can be further estimated by the un-
predictability of the visual contents given the statistics of
previous fixations.

2.1. Saliency Definition

Bottom-up saliency of a certain location L. can be defined as
the probability that L. is chosen as the next eye fixation:

S(L)=P(L,). (1

In previous models, P(L.) is defined as the un-predictability
of contents at L., more specifically the self-information of
the features extracted at L. based on single image statistics[3]
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or natural statistics [4]. As we mentioned above, this
definition needs to obtain the statistics of the entire image or
a large number of natural images.

In our point of view, the unpredictability of visual
contents at L. is related only to the contents at previous eye
fixations instead of the entire image or a surrounding region
of L. defined by spatial distance. Thus, we redefine bottom-
up visual saliency as the conditional probability of L. being
chosen as the next eye fixation given previous fixations L,,:

S(L)=P(L,|L,)- @)

Based on our definition, bottom-up visual saliency could be
estimated according to the statistics of a fraction of data
instead of statistics of all data. Considering the previous
fixations L, is undefined in traditional saliency detection
task. We could calculate Eq. 1 for all possible L,, and fuse
the result by weighted summation:

S(L)=Y P(L|L,)P(L,)- 3)

P

1.2. Fixation Probability Estimation

To simplify the question, we assume that the previous eye
fixation L, only contains one location. Without prior
knowledge, L, could be any location in the visual field,
which means L, is uniformly distributed and P(L,) = 1/N, N
is the number of all possible fixations. Then we only need to
estimate conditional probability P(L|L,).

When the vision system focuses attention on the
previous fixation L, certain neurons are activated to encode
visual contents near L,. At this movement, contents at other
locations with similar appearance with the contents at L,
could be encoded with very little energy cost, which means
these contents are highly predictable. Hence, we could use
visual distance D(.) between the previous fixation L, and the
candidate fixation L. to measure the conditional probability:

P(L,|L,) < D(L,L,). )

Measurement for the distance between different visual
contents is deeply investigated in content-based image
retrieval literature. Instead of using Minkowski Distance, we
defined a weighted 2-norm distance metric:

D(LC’Lp)zzgf(Ec_Ep)z’ @)

where F is the feature vector, F. denotes the ith feguzlre of
location L., Fy, the ith feature of L, & = I/Z(F,-C —F,-) is the
normalizing factor. This distance metric has two advantages:
1. generating sparse saliency maps because sparser feature
dimension has larger effect on distance calculation; 2.
leading to a fast saliency detection algorithm. Eq. 5 is a
refined form of S(L.) based on Eq. 1~4.
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The resulting formula indicates that visual saliency of a
given location can be estimated by a weighted summation of
the distance between its feature value and the mean value of
feature extracted from other possible fixations.

)

3. IMPLEMENTATION

Each location is represented by a color image patch, from
which the visual features are extracted to further characterize
its content. In practice, we extract two kinds of visual
features: DCT and ICA coefficients. Both features are
closely related to human vision system.
DCT features: The Discrete Cosine Transform (DCT) is a
powerful tool in signal processing. It could transform the
original data into frequency domain representation in which
the spatial distribution of the natural data is better
characterized. Thus, the coefficients of DCT are often used
as visual features to solve various vision problems such as
image and video compression. In practice, we take all
8X8X3= 192 DCT coefficients of an image patch as the
DCT features of the corresponding location.
ICA features: Besides DCT features, we also test our model
based on sparse features which are the coefficients of basis
functions learnt from natural image patches by Independent
Component Analysis. Recent works [6] have shown that the
neuron system in primary visual cortex was probably based
on a sparse representation. More and more vision tasks are
solved better using sparse features instead of traditional
statistics features such as color and gradient histograms. In
practice, we use the basis functions provided by Hou [7] to
generate the sparse features. In [7], totally 8 X 8 X 3=192
basis functions trained from 120,000 8 X8 RGB color image
patches of natural scenes.

With the DCT and ICA features extracted from all image
patches, we can obtain the saliency of every location
according to Eq. 5.

4. EXPERIMENTS
4.1. Psychological Pattern Response

Psychological patterns are widely used in exploring the
mechanism of visual search and perception organization.
The response to this kind of patterns is frequently used to
test the effectiveness and biological plausibility of the
saliency models. As shown in Fig. 2, our model based on
DCT features shows reasonable response to all presented
patterns. Our method based on ICA features only failed in
closure pattern.
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Fig. 2. Response to psychological patterns. a) Input image; b)
Saliency maps generated by our method based on DCT
feature; c) Saliency maps generated by our method based on
ICA feature; d) Saliency maps generated by QPFT [9]; e)
Saliency maps generated by AIM [3]. The red circle in each
saliency map indicates the location of maximum saliency.

4.2. Eye Fixation Prediction

We tested our method on human eye fixation data [3], which
contains 11999 eye fixations from 20 subjects in free-
viewing 120 natural images for 4 seconds each. For each
method, we draw a ROC curve and calculate its area under
ROC to evaluate the prediction results. This evaluation
method treats saliency map as a binary classifier, by which
image pixels are classified into fixated and non-fixated
points. Using the ground truth, an ROC curve can be drawn
and the corresponding area under curve could indicate the
consistency between the saliency map and actual human eye
fixations. As mentioned in [4], due to the center bias cased
by the central composition of interesting objects and
experimental setting, the original measurement proposed in
[3] is largely affected by the “edge effect”. To eliminate the
interference, we use the same procedures in [4] to draw the
ROC curves. We compared our model against Itti et al. [1],
Bruce and Tsotsos [3], Zhang et al. [4], Hou et al. [7] and
Gao et al. [8] as shown in Table.1. Our method based on
DCT features obtained the highest score in ROC evaluation.
Based on the same ICA features, our method is better than
ICL [7]. Fig. 3 shows more visual results.



Table. 1 Experimental results

Method Area under ROC
Itti et al.[1] 0.6146 (0.0008)
Bruce and Tsotsos [3] 0.6727 (0.0008)
Zhang et al.[4] 0.6682 (0.0008)
Gao et al.[8] 0.6395 (0.0007)
Hou et al.[7] 0.6460 (0.0008)
Our method (DCT) 0.6773 (0.0008)
Our method (ICA) 0.6593 (0.0007)

5. CONCLUSION

In this paper, we proposed a novel bottom-up saliency
model which measures saliency by sequential eye fixation
probability. Unpredictability is defined based on a small
portion of contents instead of the statistics of the entire
image. The proposed model leads to a fast and robust
saliency detection algorithm, which outperforms all state-of-
the-art methods in processing both psychological patterns
and natural scene images. Our future work lies in two
directions: 1. building spatial-temporal saliency detection
algorithm using 3D features; 2. applying our method in
vision related tasks such as proto-objects detection and
visual tracking.
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Input Density Map Our Method (DCT) ~ Our Method (ICA)

ity maps generated using
real world eye fixations. From the visualized results, it’s not hard to find that saliency maps generated by our methods (both DCT and ICA)
are sparser than AIM model and more consistent with the human fixation density maps.



