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Abstract. By the guidance of attention, human visual system is able to
locate objects of interest in complex scene. In this paper, we propose a
novel visual saliency detection method - the conditional saliency for both
image and video. Inspired by biological vision, the definition of visual
saliency follows a strictly local approach. Given the surrounding area, the
saliency is defined as the minimum uncertainty of the local region, namely
the minimum conditional entropy, when the perceptional distortion is
considered. To simplify the problem, we approximate the conditional
entropy by the lossy coding length of multivariate Gaussian data. The
final saliency map is accumulated by pixels and further segmented to
detect the proto-objects. Experiments are conducted on both image and
video. And the results indicate a robust and reliable feature invariance
saliency.
Key words: Saliency Detection, Conditional Entropy, Lossy Coding
Length
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Introduction

In the real world, human visual system demonstrates remarkable ability in locating the objects of interest in cluttered background, whereby attention provides a
mechanism to quickly identify subsets within the scene that contains important
information. Besides the scientific goal of understanding this human behavior,
a computational approach to visual attention also contributes to many applications in computer vision, such as scene understanding, image/video compression,
or object recognition.
Our ultimate goal is to develop a computational model to locate objects of
interest in different scenes. The human visual system follows a center-surround
approach in early visual cortex [1, 2]. When the surrounding items resemble close
to the central item, the neuron response to the central location is suppressive
modulated; but when they differ grossly, the response is excitatory modulated [3].
Therefore, the regions in the visual field, which most differ from their surroundings in certain low level features would automatically pop up. The candidates
popped up here are called the proto-object [4, 5], which could be further grouped
into coherent units to be perceived as real objects. How can a computer vision
system benefit from this procedure?

Many efforts have been focused on this topic. Most of them follow a center
surround and bottom up approach [6–10]. Typically, these methods are based
on a set of biological motivated features, followed by center-surround operations
that enhance the local stimuli, and finally a combination step leading into a
saliency map. In [11], a model of overt attention with selection based on self
information is proposed, where the patches of a image are decomposed into a
set of pre-learned basis and kernel density estimation is used to approximate the
self-information. In [12, 13], saliency models based on spectral information are
proposed and provide a novel solution.
Inspired by the aforementioned research, we propose to measure the saliency
as the the minimum conditional entropy [14], which represents the uncertainty of
the center-surround local region, when the surrounding area is given and the perceptional distortion is considered. The minimum conditional entropy is further
approximated by the lossy coding length of Gaussian data, which balances between complexity and robustness. The final saliency map accumulated by pixels
is an explicit representation of the proto-objects. Thus, we simply segment the
proto-objects by thresholding. Fig.1 demonstrates the procedure of our method.

Fig. 1. The procedure of our method: original image, saliency map and possible proto
objects (from top to bottom).

Overall, we summarize our main contribution into two folds. First, the perceptional distortion is introduced. And the conditional entropy under the distortion is proposed to measure the visual saliency. Second, due to the strictly local
approach, our method is insensitive to ego-motion or affine transform, applicable
to both image and video, and free from prior knowledge or pre-training.
The paper is organized as follows. A local saliency model based on conditional
entropy is presented in Section 2. In Section 3, the saliency map is extended
to the proto-object detection. Experimental evaluations and result analysis are
performed in Section 4. Finally, Section 5 concludes the paper.
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2.1

Conditional Saliency
Lossy Coding Length of Multivariate Gaussian Data

We first present a brief introduction to the lossy coding length of multivariate
Gaussian data [15], which is used to calculate the visual saliency in the following
section. Assume a set of vectors W = (w1 , w2 , ..., wm ) ∈ Rn×m is presented, a
lossy coding scheme L(·) maps W to a sequence of binary bits. Thus, the original
vectors can be recovered up to an allowable distortion E[kwi − w̃i k2 ] ≤ ε2 . If the
data are i.i.d. samples from a multivariate Gaussian distribution, the length of
the encoded sequence is denoted by L(W )
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Note that the first term of the equation stands for the coding length required
to code W̄ , and the second term of the equation stands for the additional coding
length of the mean vector. The equation also gives a good upper bound for degenerated Gaussian data or subspace-like data [15]. Moreover, the coding length
has proven to be effective for clustering [16] and classification [15].
2.2

Saliency as Conditional Entropy

One basic principle in visual system is to suppress the response to frequently
occurring input patterns, while at the same time keeping sensitive to novel input
patterns. Thus, we could define the saliency of the center area as the uncertainty
of the center-surround local region when the surrounding are is provided. Such
uncertainty is naturally measured by the conditional entropy in the information
theory.
Assume image I is divided into small spatial patches. Denote c ∈ I as a patch
of image I. Let S(c) = [s1 , s2 , ...sS
m ] be the spatial or spatio-temporal surrounding
patches of c and SC(c) = S(c) c be the center-surround area, overlapping is
allowed for surroundings in order to capture the structure information of the
image (Fig.2). We further assume a feature transform F is performed across
the image. Let vector x = F c ∈ Rn identify the center patch by sticking its
columns. Let S = F S = [F s1 , F s2 , ...F sm ] ∈ Rn×m and SC = F SC(c) identify
the surroundings and center-surround area, respectively.
Suppose distortion ε exists across the local region, i.e. what we perceive x̃, S̃
is not exact what what we see x,S. Thus, the input of our method is some latent
˜ rather than x, S and SC. Even if we do not know the
variable x̃, S̃ and Sc
latent variable, we can expect a certain constrain i.e. the tolerance of perception:
E[kx − x̃k2 ] ≤ ε2
E[kF si − F˜si k2 ] ≤ ε2

(2)

The distortion ε stands for the tolerance of perception. Two reasons account
for ε: 1)there exists distortion during the acquisition of the image, thus the

Fig. 2. Our center-surround architecture: overlapping surroundings of the center patch.

observed data contains noise; 2)there exists distortion during the perception of
the human vision system: we are still able to recognize the objects of interest even
if the distortion is severe [2]. We believe it is the first time that the perceptional
tolerance of distortion is considered in visual saliency.
Inspired by the center-surround modulation in human vision system [3], we
define the local saliency as the minimum conditional entropy H(x̃|S̃) under
distortion ε:
inf

H(x̃|S̃) s.t. E[kx − x̃k2 ] ≤ ε2

Qx̃|S̃ (x̃|S̃)

(3)
E[kF si − F˜si k2 ] ≤ ε2

where H(x̃|S̃) is the conditional entropy by
Z ∞Z ∞
H(x̃|S̃) = −
Qx̃|S̃ (x̃|S̃)PS̃ (S̃) log2 (Qx̃|S̃ (x̃|S̃))dx̃dS̃
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(4)

˜ − H(S̃)
= H(SC)
Qx̃|S̃ (x̃|S̃) is the conditional probability density function, H(·) is the information
entropy [14].The equation (3) is an extension to the concept of rate-distortion
function [14] in information theory.
˜ bits of information: we
Intuitively, the whole local region contains H(SC)
˜
need H(SC) bits of information to reconstruct its state. If we know the surroundings S, we have gained H(S̃) bits of information, and the local region
still has H(x̃|S̃) bits remaining of uncertainty. The larger the uncertainty is, the
more salient the center would be, vice verse. H(x̃|S̃) = 0 if and only if the center
c can be completely determined by its surroundings S(c), which indicates high
similarity. Conversely, H(x̃|S̃) = H(x̃) if and only if x and S are drawn from
two independent random variables, which indicates high saliency.

2.3

Gaussian Conditional Saliency

The conditional saliency model is simple in concept, intuitive, and highly flexible.
However, the equation (3) is computational intractable. Instead of calculating
(3) directly, we approximate the entropy by the lossy coding length. We could
simplify the problem by making the following assumption:
Assumption:

S and SC are both multivariate Gaussian data.

Extensive research on the statistics of natural images has shown that such a
density can be approximated by Generalized Gaussian Distribution [17]. For
simplicity, we use a Gaussian distribution instead. Although such a simplified
assumption is hardly satisfied in real situations, experimental results indicate a
robust solution to the visual saliency. In fact, the assumption can be extended
to degenerated Gaussian or sub space like data [15].
By this assumption, the lossy coding length Lε (SC) and Lε (S) are rea˜
sonable estimations for H((SC))
and H((S̃)) under the distortion ε, since the
optimal coding length is exactly the information entropy H(·) [14]. Thus, the
minimum of the conditional entropy can be approximated by
˜ − H(S̃)
H(x̃|S̃) = H(SC)
.
= Lε (SC) − Lε (S)

(5)

where Lε (S) and Lε (SC) are given by
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Lε (S) =

µs and µsc are the mean vector of S and SC respectively. And S̄ = [F s1 −
¯ = [x − µsc , F s1 − µsc , ..., F sm − µsc ].
µs , ..., F sm − µs ], SC
The final saliency of the center can be calculated by
sal(c, S(c)) = Lε (SC) − Lε (S)

(7)

The only user defined parameter of our model is the distortion ε, which is discussed in Section 4. Note that the equation (7) corresponds to the incremental
coding length in [16], where the coding length is used for classification. Since
overlapping is allowed in the surroundings, we always have n < m. Thus, the
sal(c, S(c)) can be computed in O(n2 ) time for each patch c. The total time
of our algorithm is O(Kn2 ), where K is the number of patches in the image.
Moreover, the parallel nature of the our algorithm is similar to the early human
visual system.
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Proto-Object Detection from Saliency Map

The saliency map is an explicit representation of the proto-object, we adopt a
simple threshold to segment the proto-object. Given the saliency map sal(I) of
image I, we get the proto object map P (I) by
(
1 if sal(I) ≥ threshold
(8)
P (I) =
0 otherwise
We set threshold = 3 ∗ E(sal(I)) according to our pre-experiments, where
E(sal(I)) is the average value of the saliency map.
3.1

The Role of Features

Traditional center surround saliency deals with a set of biology motivated features, such as intensity, orientation, color and motion [6–10]. In general, dozens
of feature channels are extracted, and finally combined into a master saliency
map. Nevertheless, during the experiment of our method, we find the method
insensitive to the features. Though dozens of features may slightly improve the
performance in some images, our method provides a fairly good solution with
only the pixel value of the image/video. Fig.3 demonstrate a comparison of the
features and raw data.

Fig. 3. Though feature integration may improve the performance(see the first row), it
may introduce some new problems(see second and third rows).

Certain feature invariance may be explained by the invariance of the coding
length under some transforms, e.g. the orthogonal transform will surely preserve
the coding length [15]. It may indicate that the traditional feature integration
introduce extra redundancy for visual saliency. Further experiment could be
found in Section 4. And the reason behind this phenomenon is left as our future
work.
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Experiment and Result Analysis

To evaluate the performance of our method, three different kinds of experiments
including both image and video are conducted. And the results are compared to
the main stream approaches in the field [6, 11, 12].
We set the saliency map of our method at 160 × 120 in all experiments. The
center patch is set 4 × 4 pixel, where its surroundings are set 7 times the size
of the center. For simplicity, we also normalize the pixel value into [0 1]. All the
tests are executed in Matlab on the platform of linux.
4.1

Evaluation of the Results

One problem with visual saliency in general, is the difficulty in making impartial
quantitative comparisons between methods. Since our goal is to locate the objects
of interest, the key factor is the accuracy, which could be shown as the Hit
Rate(HR) and False Alarm Rate(FAR). The candidate of correct object are
labeled by affiliated volunteers from a voting strategy. For each input image I(x),
we have a corresponding hand-labeled binary image O(x), in which 1 denotes
target objects while 0 denotes background. Given the saliency map S(x), the
Hit Rate(HR) and False Alarm Rate(FAR) could be obtained by
HR = E(O(x) · S(x))
F AR = E((1 − O(x)) · S(x))

(9)

A good saliency detection should have a high HR together with a low FAR.
However, if we adjust the saliency map sal(I) by C · sal(I), we would get C · HR
and C · F AR consequently. Therefore, we evaluate the accuracy by the following
accuracy rate(AR):
HR
(10)
AR =
F AR
Higher AR indicates a high HR v.s a low FAR, vice verse.
4.2

Natural Images

In order to give a comprehensive comparison among the methods, 62 natural
images are used as a test set, which are also used in [12, 18]. First, we tested
our method without features, namely using only the pixel values of the images.
Next, we tested our method within the framework of feature integration in [6].
The only parameter of our method is the distortion ε. Fig.4 shows the effect
of distortion in both situations. As we mentioned in Section 3, the features may
even slightly decrease the performance of our method in general. The results also
indicate that when ε is sufficiently large, it does little positive effect on the final
results. Therefore, we set ε2 = 0.6n in the following experiments. Fig.5 presents
some of our detection results.
We also compare our conditional saliency(CS) with Itti’s theory [6], self information [11] and spectral residues [12](see Fig.6). For Itti’s method, all the

Fig. 4. Quantitative analysis of ε2 : When the distortion is around 0.6, the experiment shows a high accuracy rate. And it also indicates that feature integration would
generally deteriorate the performance in our method.

parameter are set as default [6]. For self information, patches with size 8 × 8
are used. Also 200 natural images are used for training. Furthermore, we set the
resolution of its input at 320 × 240 and resize the output into 160 × 120, in order
to avoid the boundary effect [11]. For spectral residues, we resize the input into
160 × 120, since its original input resolution is 64 × 64.
Itti’s method Spectral residue Self information CS with features CS without features
1.7605
3.2092
3.5107
3.5224
3.5295
Table 1. Comparison between [6, 11, 12] and our method. Note that to achieve a
high accuracy rate, the method in [11] is trained by 200 natural images in a higher
resolution(320 × 240).

From Fig. 5 and Fig. 5, we can see that our method generally produce a
more acute and discriminant result than previous methods [6, 11, 12]. Moreover,
the method tends to preserve the boundary information, which is beneficial in
further perceptional grouping in the post attention stage. That is to say, the
proto objects by our method is easier to be grouped into real objects.
Table.1 compares the performance in a quantitative way as mentioned in
Section 4.1, our method outperforms state-of-the-art methods in the field. The
introduction of the perceptional distortion should be responsible for the performance.

Fig. 5. Detection results of our method: our method is able to capture the possible
proto objects in high accuracy.

4.3

Psychological Patterns

We also test our method on psychological patterns, which are adopted in a
series of attention experiments to explore the mechanisms of pre-attentive visual
search [19]. The preliminary results can be found in Fig.7. Our method is able
to deal with simple psychological patterns.
4.4

Video Sequences

Two videos collected from the internet with the resolution 160 × 120 are used
to test the performance of our method. One has a stationary background with
moving pedestrians and vehicle; the other one has a highly dynamic background
with surfers riding a wave. The center-surround architecture provides our method
insensitivity to ego-motion. The parameter is similar to the natural image, except
that extra 10 frames are used as the spatio-temporal surroundings of the center
patch. Fig.8 presents the results of our methods. Our method shows pretty good
performance.

Fig. 6. Comparison of our method with [6, 11, 12],the first column is the original
image, the second column is the hand-labeled image, the third to sixth column are
results produced by [6, 11, 12] and our method, respectively.

Fig. 7. Saliency map produced by our method on psychological patterns.

Fig. 8. Saliency map produced by our method in videos with different scenes.

5

Conclusion and Future Work

In this paper, we propose a novel saliency detection method based on conditional
entropy under distortion. Though the visual saliency is still defined locally, we
extend the concept of rate-distortion function to measure the saliency of the
local region, where perceptional tolerance is considered. For the future work, we
would investigate the roles of different features and try to find the reason behind
the feature invariance in our method. Moreover, we would like to further explore
the application of our method in computer vision.
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