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Visual attention modeling is crucial for interpreting the structure and functionality of human vision sys-
tem. A typical computational model of visual attention includes two basic elements: visual representa-
tion and saliency measurement. Most existing models left two phases unmodifiable without explicit
adaption to the statistics of their corresponding visual environment. Inspired by neural adaption of bio-
logical neural systems, we proposed a novel principle for modeling visual attention mechanism named
short-term environmental adaption. Given the statistics of a specified short-term visual environment,
the proposed model adaptively extract sparse features and treats saliency as the features’ conditional
self-information, which is more accurate in saliency measurement and more sparse with respect to visual
signal representation.

We have demonstrated our superior effectiveness and robustness over state-of-the-arts by carrying out
dense experiments on human eye fixation benchmarks as well as psychological patterns.

� 2012 Elsevier Inc. All rights reserved.
1. Introduction

Adaption widely exists in human vision system. Eyes can
quickly adjust pupil size to suit the lighting variations of the sur-
rounding environment, which is a typical adaptation process con-
trolled by the brain. At the neuron level, neural adaptation is a
common property for most neural systems, which is a change over
time in the responsiveness of the neural system to a constant stim-
ulus. Afterimages and motion after effects are two well-known phe-
nomena which are considered to be caused by neural adaptation.
In addition, the influence of adaptation will not fade away if the
outer stimuli keep affecting the neural system. Kwon et al. [1] de-
signed an experiment in which subjects are asked to wire contrast-
reducing goggles and their contrast-discrimination thresholds
along with fMRI blood oxygenation level-dependent (BOLD) re-
sponses in cortical areas V1 and V2 were recorded before and after
the adaptation period. From the above experiment, they observed a
significant decrease in contrast-discrimination thresholds, as well
as a significant increase in BOLD responses in V1 and V2, both of
which suggested that the adaptation of the vision system has a cor-
tical origin.

Inspired by the neural adaption mechanisms, we assume that
the environmental adaption is a common activity in neural sys-
tems and the adapted state will remain unchanged as long as the
environment does not change significantly. In other words, it is
the input stimuli that determine the working mode of the neural
ll rights reserved.
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systems. Based on this assumption, we proposed a novel computa-
tional visual attention model following the principle of the above
short-term environmental adaption. We quantitatively investi-
gated the influences of different adaption strategies including vi-
sual representation adaption and saliency measure adaption. The
main idea of this work is to build a dynamical visual attention
model based upon the specific short-term environmental statistics
rather than the long-term statistics (synonymous with large scale
natural statistics) or local statistics of small contextual regions.

1.1. Related works

Attention modeling and saliency detection have been well
investigated in recent years, which gave rise to a series of impor-
tant theories and models for visual information processing and
multimedia content analysis [2,3]. Itti et al. [4] proposed a compu-
tational framework based on Koch and Ullman’s attentional selec-
tion architecture [5]. This framework is built upon the biological
structure of human visual systems, in which visual saliency is mea-
sured by spatial center-surround differences across different scales
and feature channels. In recent works of Itti and Baldi [6,7],
Bayesian surprise is defined by relative entropy of the visual
features’s prior and posterior probability distribution. According
to Itti’s experiments on the real world eye-tracking data, visual
stimulus with bigger surprise tends to attract more attention.

Beyond the purely biological inspired approaches, an alternative
solution is based on both the biological structure and mathematical
optimization. For instance, Bruce and Tsotsos [8] proposed an
attention model based on sparse coding representation and the
principle of information maximization, where visual saliency is

http://dx.doi.org/10.1016/j.jvcir.2012.01.014
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measured by the self-information of the sparse coefficients. Also
based on sparse coding, Hou and Zhang [9] argued that visual sal-
iency should be dynamically measured by the incremental coding
length of the sparse features. Wang et al. [10] adopt Site Entropy
Rate as a saliency measure based on some well acknowledged bio-
logical facts with respect to both sparse coding and neuron activi-
ties in human vision system. These methods have been proven to
be very effective in predicting eye fixations captured from human
subjects while viewing natural images and video sequences.

There are also some purely mathematically motivated models
which have weaker biological plausibility but output competitive
saliency maps with much higher computational efficiencies.
Achanta et al. [11] adopt a frequency-tuned method to compute
saliency map with well defined object boundaries. Hou and Zhang
[12] and Guo et al. [13] achieved fast and robust saliency detection
by using frequency domain signal processing methods, which
utilize the phase spectrum of Fourier Transform to obtain better
saliency maps with much less computational cost compared to
the traditional biologically motivated methods.

Most of the previous models represent visual stimulus with
fixed visual codes or features and measure saliency according to
constant measurements. Different from the previous works that
Fig. 2. Basis functions and feature filters lear

Fig. 1. Saliency computation based on s
model visual saliency from a pure statistic point of view, we start
our work from evolutionary point of view, more specifically by
mining the adaptability of primate’s visual perception system.

1.2. Main contribution

The main difference between previous models and ours is mod-
el adaptability. For the need of surviving, evolution process kept
improving the primates’ ability on predicting dangers around the
environments. In such cases, finding dangers as soon as possible
will significantly improve the surviving probability of individuals.
This leads to, as we expected, a fast adaptability of the visual pro-
cessing system. An ever-changing system adapted to its environ-
ment is always easier to survive than a fixed, unchanged one.We
propose to capture such environmental adaption from a computa-
tional model perspective, in terms of both visual representation
and saliency measurement. Quantitative evaluations have shown
significant improvements against the traditional models without
explicit adaption process. Our contribution lies in two folds:

� We proposed a novel computational visual attention model
based on environmentally adapted feature representation and
ned from different visual environments.

hort-term environmental adaption.
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saliency measurement. The proposed model outperforms all
existing saliency models in the task of eye-fixation prediction,
psychological pattern response and proto-object detection. This
model is also insensitive to multiple visual distortions such as
contrast change, brightness change and gaussian white noise.
Fig. 3. Examples of saliency maps for qualitative comparison. From left to right: input im
ours.

Table 1
Experimental results on static natural images.

Saliency models AUC score Standard variance

Itti and Koch [4] 0.6146 0.0008
Gao et al. [13] 0.6395 0.0007
Hou et al. [9] 0.6460 0.0008
Wang et al. [10] 0.6499 0.0008
Zhang et al. [14] 0.6682 0.0008
Bruce and Tostos [19] 0.6727 0.0008
Our method 0.7022 0.0008
� We quantitatively investigated the influences of environmental
adaption in the aspect of visual representation and found that
the proposed adaptive model not only avoids information lose
but also dramatically improved the sparsity of the basis coeffi-
cients, which in turns explains our superior performances.

The rest of the paper is organized as follows. In Section 2, we de-
scribe the theoretic details of our proposed saliency model. Exper-
imental results on psychological patterns and eye-fixation data are
presented in Section 3. Section 4 further discusses the origin of our
superior results. Finally, we conclude the paper in Section 5.
2. Environmental adaptive attention model

We establish our model based on a classic saliency detection
framework, which can be in general formulated as:
age, fixation density map, saliency maps from Bruce et al. [8], Zhang et al. [14] and
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SðxÞ ¼ MðRðIðxÞÞÞ ð1Þ

where I is the input visual stimuli, e.g. the original image/subregion
pixels or features with dimension N; R : RN ! RD refers to feature
decomposition function, resulting into a D-dimensional response
as decomposed features,M : RD ! R refers to the saliency measure-
ment function, D, N denote the dimension of decomposed features
and original signals. In previous works, R andM are manually con-
structed [12,13] or learnt from large scale natural statistics [8,14].
In most cases, R and M are fixed after construction, and there are
only few works provide a flexible structure for M in order to inte-
grate the top-down knowledge.

Instead of using large scale natural statistics, we introduce a so-
called short-term environmental adaption as a principle rule in
building the attention model. Generally, a short-term visual envi-
ronment can be defined as:

stveðtÞ ¼ fIijt � h < i < tg ð2Þ

where Ii denotes the visual field of the observer at a time i, h is an
priori parameter which is assumed to be 200 ms in the following
discussions. According to this definition, input of stve(t) can be
Fig. 4. Experimental resul
either a static image or a short video sequence. In Sections 2.1
and 2.2, we build our saliency model based on the adaptation of
stve(t) in two aspects, which refers to visual representation and
saliency measurement. The machinery involved in the proposed
model is depicted in Fig. 1. In the proposed adaptive representation
module, we keep updating basis functions using Independent
Component Analysis based on specified environmental data. In
the subsequent adaptive measurement module, the conditional
probability distributions of basis coefficients are estimated from
statistics of the given environmental data. The saliency of a given
location is finally measured by conditional self information of its
sparse features (basis coefficients).
2.1. Adaptive Visual Representation

Feature representation can be treated as a linear transformation
of the original data. Fourier transform, cosine transform, principle
component analysis, factor analysis, projection pursuit and inde-
pendent component analysis are well known linear transformation
methods and have been widely used in computational vision re-
search. Recent works [15] have shown that the neuron system in
ts on dynamic scenes.



X. Sun et al. / J. Vis. Commun. Image R. 24 (2013) 171–180 175
primary visual cortex was probably based on a sparse representa-
tion, which aims to find a representation of data where each com-
ponent is rarely active significantly. Independent Component
Analysis (ICA) is an effective method for finding underlying compo-
nents from statistical multi-dimensional data. The independent
components learnt by ICA are both statistically independent, and
non-gaussian. The coefficients of ICA basis functions yield a sparse
representation of the original data, which is somehow consistent
with the visual representation in primary visual cortex. Given a
series of source functions s, and a series of observed functions x
(which is vectorized image patches sampled from I), ICA represents
the patches as linear combination of independent source functions:

x ¼ As ð3Þ

where A is the matrix of a group of basis functions, each as a row.
Usually, s is regarded as coefficients. According to the neurophysi-
ology explanation, each basis function ai (a given row in A) corre-
sponds to a certain neuron, and its coefficient si is determined by
the activation degree of this neuron. It has been proven that in
the visual cortex, only a small portion of neurons are activated at
one time which yields a sparse representation of the input signals.
The sparsity of si means that its probability density function has a
peak at zero and has a very long tail.

The result of long-term biological evolution reflects the general
statistics of the natural visual inputs. To learn a representation
from natural statistics, traditional models estimated a group of ba-
sis functions by applying Independent Components Analysis to a
large number of vectorized image patches randomly sampled from
the photos of natural scenes. With the resulting basis functions A,
the coefficients s can be obtained by s = Wx, where W = A�1 is the
corresponding filter matrix. However, there are only a few works
Fig. 5. Response to psyc
that consider the short-term behavior of visual representation in
human vision system. Hou et al. [9] proposed Incremental Coding
Length (ICL) based on traditional ICA sparse representation to
model the influence of short-term habituations. ICL shows an im-
plicit adaption to the particular environment, but is still restricted
by the representation limitations of fixed basis functions, i.e. once
the basis functions are learnt, they are fixed no matter what kind of
new visual data is perceived.

The visual representation used in our model follows the basic
form of ICA based sparse representation. The main difference be-
tween the traditional methods and ours lies in that we learn the
basis functions not from large scale natural statistics but from a
small portion of it constrained by specific short-term visual envi-
ronment. Algorithm 1 shows the detailed algorithm. Compared
with ICL [9], we adapt basis function A instead of its coefficients
s to the statistics of particular short-term environment. The advan-
tages of adaptive representation strategy lies in two folds: (1) rep-
resent the input stimulus with no information lose; (2) avoid non-
sparse feature distribution. A detailed discussion of the two aspects
is given in Section 4. Fig. 2 shows three group of feature filters
learned from different visual environments.

2.2. Adaptive Saliency Measurement

Various plausible and effective saliency measurements have
been proposed in the last decade [4,8,10,14,19]. Among them,
Shannon self-information inferred by Bayesian Saliency framework
provides a simple yet efficient way to measure visual saliency. Both
Bruce and Tsotsos [8] and Zhang et al. [14] draw a conclusion that
the bottom-up saliency can be measured by � log(p(F = fz)), i.e. the
self-information of feature F = fz. We also formulize our saliency
hological patterns.
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measurement base on Bayesian inference but considering the
influence of short-term visual environment stve(t).

Formally speaking, let random variable C denote whether or not
a point belongs to salient objects, random variable L denotes the
location of the point, and random variable F denotes the visual
features of the point. At a given time t, saliency of point lz can be
defined as: sz = p(C = 1jF = fz,L = lz,E = stve(t)), where fz represents
the features observed at z and stve(t) the short term visual environ-
ment at time t. This probability can be calculated according to
Bayesian rule:

sz ¼
pðF ¼ fz; L ¼ lz; E ¼ stveðtÞjC ¼ 1ÞpðC ¼ 1Þ

pðF ¼ fz; L ¼ lz; E ¼ stveðtÞÞ ð4Þ

Assume for simplicity that the location is conditionally independent
of features and environment: p(F,L,E) = p(F,E)p(L) and p(F,L,EjC) =
p(F,EjC)p(LjC). With this independent assumption, Eq. (4) can be
rewritten as:

sz ¼
pðF ¼ fz; E ¼ stveðtÞjC ¼ 1Þ

pðF ¼ fz; E ¼ stveðtÞÞ � pðL ¼ lzjC ¼ 1ÞpðC ¼ 1Þ
pðL ¼ lzÞ

¼ pðF ¼ fz; E ¼ stveðtÞÞ
pðF ¼ fz; E ¼ stveðtÞjC ¼ 1ÞpðC ¼ 1jL ¼ lzÞ

ð5Þ

To compare this probability across locations in an image, it suffices
to estimate the log probability, since logarithm is a monotonically
increasing function. For this reason, we can use both sz and log sz

as saliency.

log sz ¼ � log pðF ¼ fz; E ¼ stveðtÞÞ
þ log pðF ¼ fz; E ¼ stveðtÞjC ¼ 1Þ þ log pðC ¼ 1jL ¼ lzÞ ð6Þ

In information theory, �log p(X = xi) is known as the self-informa-
tion of the random variable X when it takes the value xi. Measured
by self-information, rarer features are more informative as indi-
cated in the first term. The second term in Eq. (6), logp(F =
fz,E = stve(t)jC = 1), is a log-likelihood term that favors feature val-
ues that are consistent with top-down knowledge of salient targets.
The third term in Eq. (6), log p(C = 1jL = lz), is independent of visual
features and the environment, which instead reflects a prior knowl-
edge of where the target is likely to appear. It has been shown that if
the observer is given a cue of where the target is, the observer is
more likely to attend to that location [16].

As shown in Eq. (6), saliency of a point z is determined by three
terms, in which the likehood and location prior need additional
top-down knowledge. In purely bottom-up case, without
top-down information, we omit both terms and conclude a math-
ematical measurement for the bottom-up saliency as:

sz ¼ � log pðF ¼ fzjE ¼ stveðtÞÞ � log pðE ¼ stveðtÞÞ ð7Þ

If time t is given, p(E = stve(t)) = 1, the second term �logp(E =
stve(t)) = 0. Now we can draw a conclusion that bottom-up saliency,
at a given time t, is in proportion to the feature’s conditional
self-information. This also indicates that rarer features are more
informative and tend to draw more bottom-up attention within a
short period of time. Algorithm 1 outlines the work flow of our
bottom-up saliency detection method based on the proposed adap-
tion strategy.
Table 2
Proto-object detection.

Hou et al. [9] Seo et al. [20] Ours

HR 0.4309 0.5933 0.7227
Fixed FAR 0.1433 0.1433 0.1433
Fixed HR 0.5076 0.5076 0.5076
FAR 0.1688 0.1048 0.0816
Algorithm 1. Saliency Detection Algorithm
3. Experimental validation

In this section, we evaluate the proposed model on three exper-
iments: human eye fixation prediction, proto-object detection and
psychological pattern response. The experiment of eye-fixation
prediction tests the consistency between the saliency maps and
eye fixations of human subjects. The corresponding performance
is measured by comparing the output of the tested models to the
eye fixation data as detailed in Section 3.1. For proto-object
detection, we evaluate the performance by directly comparing the
saliency maps generated by the tested models to the object masks
created by human subjects. To further reveal the biological
plausibility of our model, we evaluate its response to psychological
image patterns used in attention related phycological experiments.

3.1. Human eye fixation prediction

Eye-fixation data: Eye fixations captured from human subjects
when free viewing static images and dynamic videos are utilized as
ground-truth to evaluate multiple saliency models. Experiments
are conducted on two data sets: static image data from Bruce
et al. [8] and dynamic video data from Itti et al. [6]. The following
gives an overview of detailed information of the two data sets. Fix-
ation data from Bruce et al.1 were collected from 20 human subjects
free viewing 120 natural images. The subjects are positioned 0.75 m
from a 21 inch CRT monitor and asked to free view the presented
images without further instructions. A total number of 12,211 sac-
cades on 120 images are used for evaluation. Eye tracking data from
Itti et al.2 is recorded from eight human subjects aged at 23–32 with
normal vision. Fifty video clips consisting of various categories of
scenes including indoor, outdoor, news, and video games are em-
ployed to construct data set.

Evaluation metric: We use area under ROC curve (AUC) and
Kullback–Leibler divergence (KL) as the evaluation metric for
1 Data set is available at http://www-sop.inria.fr/members/Neil.Bruce/.
2 Data set is available at http://crcns.org/data-sets/eye.



Fig. 6. Examples of proto-object detection.

3 Data set is available at http://www.its.caltech.edu/xhou/.

X. Sun et al. / J. Vis. Commun. Image R. 24 (2013) 171–180 177
eye-fixation prediction test. The original AUC measurement [8,18]
is largely affected by the ‘‘edge effect’’ due to the center bias cased
by the central composition of interesting objects. Zhang et al. [14]
found that a simple Gaussian blob fitted to the human eye fixations
has an AUC score of 0.80 which exceeds most of the reported mod-
els on Bruce’s data set[8]. In order to eliminate the interference
caused by center bias of the fixations, we use the refined procedures
to draw the ROC curves following the proposal of Zhang et al. [14].
Kullback–Leibler divergence (also known as information diver-
gence, information gain or relative entropy) is a non-symmetric
measure of the difference between two probability distributions.
Itti et al. [6] considered the KL-divergence between the distribu-
tions of saliency from eye fixations and random selected locations
as the measure for dynamic saliency detection evaluation.

Results: All images and video frames are resized to 80 � 60 in
order to reduce computational cost. For static images, stve is de-
fined by the image itself and the size of 2D image patches is
5 � 5. Table 1 shows quantitative evaluation results of six
state-of-the-art models [4,9,10,13,14,19] and our proposed method
on Bruce’s fixation data set. Fig. 3 shows some examples of saliency
maps for qualitative comparison (from left to right: input image,
fixation density map, saliency maps from Bruce et al. [8], Zhang
et al. and ours).

For dynamic videos, stve(t) is defined by frame t’s previous six
frames and the size of 3D patches is 5 � 5 � 3. Fig. 4 shows the re-
sults of our proposed model and two mainstream dynamic saliency
models [4,6]. Seven video clips of Beverly outdoor scene containing
both target movements and self movements are analyzed. There are
in total 568 saccade points are used for evaluation. The saliency dis-
tribution of eye-fixation points (blue) and random selected loca-
tions (green) are presented. The KL score produced by our model
is 0.616 ± 0.052 as compared with 0.589 ± 0.045 for surprise [6]
and 0.53 ± 0.045 for Saliency [4]. The AUC score of our model is
0.793 ± 0.010 which is also better than [4,6]. Higher KL score shows
larger difference between fixations and random selected points
with aspect to their saliency distributions. High AUC score indicates
that the saliency maps generated by our model is more powerful for
classifying eye-fixations and non-fixation points. According to the
results, our model achieves the best performance on both static
images and dynamic videos among all tested approaches.

3.2. Response to psychological pattern

In Fig. 5, the top row lists input pattern images, and the bottom
row shows the corresponding saliency maps. There is no quantita-
tive evaluation measurement available for this experiment. From
intuitive observation, we can see that our method returns stron-
gest responses to salient regions within not only normal patterns
such as color, orientation, intensity, curve and insertion, but also
patterns with noise and conjunction of features.

3.3. Proto-object detection

The data set provided by Hou et al. [12] 3 contains 62 natural
images, each with four binary label maps. The label maps are created
by human subjects who are instructed to ‘‘select regions where the
objects are presented’’. Saliency models are evaluated by Hit Rate
(HR) and False Alarm Rate (FAR):

HR ¼ E
Y

k

MkðxÞ � SðxÞ
 !

; ð8Þ

FAR ¼ E
Y

k

ð1�MkðxÞÞ � SðxÞ
 !

; ð9Þ

http://www.its.caltech.edu/xhou/
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where S(x) is the saliency map, Mk(x) is the kth binary label map, in
which 1 denotes for the object region and 0 the background. In or-
der to make fare comparisons, we give two groups of results, one
with the fixed HR and the other the fixed FAR. S0(x) = c � S(x) is used
to compute HR and FAR. The results can be obtained by adjusting c
to equalize the outputs of either HR or FAR of different methods
equal. Table 2 shows the evaluation results. We compared our
method with two related works: Hou et al. [12] and Seo et al.
[20]. Fig. 6 shows some examples of proto-object detection, which
includes, from left to right, the input images, saliency maps gener-
ated by our model, proto-object masks and human label masks from
Hou et al. [12].
4. Discussion

In traditional models, basis functions are learnt from large scale
natural statistics in order to provide a sparse representation for the
natural visual stimulus. Although the size of the training data is
quite large, the resulting basis functions are still not able to provide
perfect representation for arbitrary input stimulus without losing
information. Fig. 7 shows some reconstruction results of natural
images using a set of basis functions learned from 120,000 color
patches sample from natural images [9]. Information abandoned
by traditional sparse representation contains important cues for
Fig. 7. Information abandoned by traditional sparse representation contains important c
in (b), top row: input images; bottom row: error maps between original inputs and the co
regions with large information lose (high error) tend to appear around the salient object
based on Independent Components Analysis [9].
saliency detection. Fig. 7(a) shows the reconstruction results using
basis functions in Fig. 7(b), where the top row lists input images
and the bottom row the error maps between original inputs and
the corresponding reconstructed images. From both rows, it is
straightforward to find that regions with large information lose
(high error) tend to appear around the salient objects. Fig. 7(b)
shows visualized basis functions learned from 120,000 natural im-
age patches based on Independent Components Analysis [9]. The
lose information are mostly located around the salient regions of
the scene and possibly belong to some unique features that cannot
be captured by the predefined basis functions learnt using the tra-
ditional ICA methods. The problem of imperfect representation
could be well solved by applying our adaption strategy, because
our approach utilizes specific environmental data to train the basis
functions which avoid the interference from other rarely appeared
environmental stimulus.

Beyond the representation accuracy, another issues in tradi-
tional methods is that some of the coefficients become non-sparse
distributed under certain visual context. Fig. 8(a) shows a normal
natural image, from which we extract sparse features based on
two groups of basis functions trained by our proposed method
(shown in Fig. 8(b)) and traditional ICA method (shown in Fig. 7
(b)). Fig. 8 (c) and (d) illustrate the density distributions of the
coefficients with the smallest kurtosis values in traditional sparse
representation and our proposed strategy respectively. Compared
ues for saliency detection. (a) shows the reconstruction results using basis functions
rresponding reconstructed images. From both rows, it is straightforward to find that
s. (b) shows visualized basis functions learned from 120,000 natural image patches



Fig. 8. Traditional sparse representation can not always ensure the feature sparsity. (a) shows a normal natural image. From (a), we extract sparse features based on two
groups of basis functions trained by our proposed method (shown in (b)) and traditional ICA method (shown in Fig. 7 (b)). (c) and (d) illustrate the density distributions of the
coefficients with the smallest kurtosis values in traditional sparse representation and our proposed strategy respectively.

Fig. 9. Robustness test. Top row: the original image and its distorted versions, including brightness change, contrast change, and Gaussian white noise; bottom row: the
corresponding saliency maps generated by our method. Intuitively, our model is basically not influenced by these distortions.
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with (d), the distribution of (c) is obviously non-sparse because it
has neither zero-peak nor long tails, which subsequently produces
a negative kurtosis value.
By using kurtosis measure, we test the sparseness of traditional
sparse representation (using fixed basis functions provided by [9])
and our proposed method (with adaption strategy) on a database
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containing 120 natural images[8]. Kurtosis function (Eq. (10)) is
widely used for measuring the sparseness of a given distribution.

kurtðsÞ ¼ Efs4g � 3Efs2g ð10Þ

If s is a Gaussian random variable, kurt(s) will be 0. If kurtosis is po-
sitive, the variable is called super-gaussian which is a simple defini-
tion of sparseness. A higher kurtosis indicates a more sparse
distribution. The kurtosis gained from traditional sparse representa-
tion and ours is 11.23 and 76.14 respectively. Remarkable improve-
ment indicates that our proposed adaption procedure could provide
a more accurate and sparse visual representation for the input data
than the traditional methods.

Experimental results shows better performance of our proposed
model compared to mainstream saliency models. Our model is also
robust to various distortions including gaussian white noise,
brightness and contrast change as demonstrated in Fig. 9. Instead
of using fixed visual representation and saliency measurement,
our model keeps updating its inner functions by adapting them
to the short-term visual environment. The constant-changing
architecture of the proposed model seems to be complex and in-
deed adds more computations, yet it is also reasonable because
similar adaption mechanisms are commonly exited in our neuron
systems. Our results can also be regarded as quantitative evidence
for the existence of environmental adaption effect in the visual
attention modulation.
5. Conclusion

In this paper, we investigate the influence of environmental
adaption for visual saliency estimation from the visual representa-
tion and saliency measurement viewpoint. Inspired by neural
adaption, our proposed model follows the rule of short-term
environmental adaption which provides better feature representa-
tion and reasonable saliency measurement by adding spatial–
temporal constraint according to the short-term visual environ-
ment. Adaption procedures not only ensure the accuracy and
sparsity of the feature representation, but also lead to a more spe-
cific and effective saliency measurement. Experimental results on
both human eye-fixations benchmarks and phycological patterns
demonstrate the effectiveness of the proposed model with compar-
isons to the state-of-the-arts. Future works will be focused on two
aspects: (1) embedding top-down modulation into the current bot-
tom-up framework and (2) Searching for practical and plausible
solution to improve the efficiency of the adaptive representation
strategy.
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