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ABSTRACT 
 
In saliency detection, regions attracting visual attention need 
to be highlighted while effectively suppressing non-salient 
regions for the semantic scene understanding. However, 
most previous methods tend to fail in suppressing highly 
textured backgrounds and also high contrast edges 
belonging to the non-salient regions. To address this 
problem, we propose a method for detecting salient regions 
based on a self-ordinal resemblance measure (SORM). Our 
saliency map is defined by using the center-surround 
computations based on the ordinal signatures obtained from 
local regions centered at each pixel. It can be regarded as an 
energy map and thus extended to image retargeting. Our 
approach is fully automatic and nonparametric. To justify 
robustness of our approach, the proposed method is 
compared with the state of the art methods on various 
images.1 
 

Keywords— Saliency detection, visual attention, self-
ordinal resemblance, energy map 
 

1. INTRODUCTION 
 

Regions coherent with visual attention have an 
important role in semantic image understanding. To find 
such regions, high level information such as face, sky, and 
human is employed as a useful indicator in the literature [1]-
[3]. However, the use of high level information is hard to be 
generalized since it is not available in every image. To solve 
this problem, various bottom-up methods driven by low 
level features have been proposed, referred to as saliency 
detection [4]-[6]. Most of them use color, texture, and 
frequency features to build a saliency map, which 
suppresses unnoticeable regions whereas emphasizes salient 
regions, given as a density map as shown in Fig. 1. This 
saliency map can be used for various applications such as 
object detection [7], image and video summarization [8], 
and image retargeting [9], [10]. For example, various 
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multimedia contents (i.e. images and videos) consumed on 
small screen devices should be appropriately adapted for 
preserving viewers’ experience. It can be achieved by image 
retargeting based on extracting salient regions. However, 
these methods are apt to fail in suppressing highly textured 
backgrounds and also high contrast edges belonging to non-
salient regions. For example, the border lines between the 
sky and the land are highly likely to be detected as salient 
areas. (see Fig. 1). Thus, it is thought that building a reliable 
saliency map is highly desirable in positioning initial points 
for semantic image understanding. 

Our approach provides an enhanced saliency map based 
on the spatial relations between neighbor pixels, which can 
be described as follows: Given an original image, we are 
interested in finding regions, which are coherent with visual 
attention. To this end, we propose a simple and robust 
importance measure, so-called self-ordinal resemblance 
measure (SORM) defined by computing distances between 
ordinal signatures of edge and color orientation histograms 
(E&COH) obtained from center and surrounding regions. 
 
1.1. Related work 
 

In the human visual system (HVS), the brain and the 
vision systems work together to identify the relevant regions 
for understanding a given scene, which are indeed salient 

Fig. 1. Examples of saliency map. (a) Original image. (b) 
Saliency tool box [11]. (c) Saliency using natural statistics (SUN) 
[12]. (d) Spectral residual method [13]. Note that highly textured 
backgrounds and high contrast edges are hard to be suppressed in 
traditional methods. 
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regions in the image. In this sense, Itti et al. [4] propose a 
biologically inspired saliency model. Their saliency map is 
generated based on the linear combination of normalized 
feature maps obtained from three basic components, which 
are intensity, color, and orientation. Although this model 
has been shown to be successful in predicting human 
fixations and to be useful in object detection, it is criticized 
since the objective function designed to be optimized is not 
specified and many parameters need to be tuned by users. 
Liu and Gleicher [5] propose a region enhanced saliency 
detection. Although they generate a scale-invariant saliency 
providing meaningful region information, image 
segmentation needs to be incorporated, which is time-
consuming. Oliva et al. [6] propose a model of attention 
guidance based on global scene configuration. They employ 
a bottom-up approach using a Bayesian framework to 
determine where the specific objects should be located. 
Similarly, Zhang et al. [12] also propose a bottom-up 
scheme using natural statistics incorporating top-down 
information to estimate the probability of a target at each 
pixel position. They use a local features derived from 
independent component analysis (ICA). However, such 
methods using filter responses have many parameters, 
which need to be estimated, yielding a computational 
burden. More notably, authors of [13] generate a saliency 
map by using a spectral residual. In this approach, the 
spectral residual is simply defined based on the difference 
between log spectrum of given image and averaged log 
spectrum of sample natural images. It performs quite well 
across diverse images. However, the role of spectral 
residual for saliency detection is not clear. 

Recently, spatial relations between neighbor pixels 
have drawn much attention to detect saliency. Gao et al. 
[14] define a discriminant center-surround saliency based on 
the idea that local image features are stimuli of interest 
when they are distinguishable from the background. They 
use the difference of Gaussian (DoG) and Gabor filters as 
features. In [15], authors propose nonparametric saliency 
detection by using the local steering kernel (LSK) as feature. 
Although the shape information is well defined in the LSK 
features, it is not suitable for real-time applications due to 
the high dimensionality. Moreover, these methods suffer 
from image noises, yielding a significant change of local 
feature distributions. 

Unlike existing methods based on center-surround 
computations, we propose a solution for detecting saliency 
by using the resemblance measure of ordinal signatures, 
instead of directly using local feature distributions, to be 
robust to the image noises. We will provide further details 
about the proposed algorithm in the following subsections. 
 
1.2. Overview of the proposed method 
 

In general, discriminant saliency is divided into two 
classes of stimuli, which are stimuli of interest and the 

background or null hypothesis [16]. In our framework, by 
measuring local feature contrast based on the self-ordinal 
resemblance, we detect the stimuli of interest from the 
image, which can be regarded as the salient pixels (i.e. high 
energy pixels). 

The proposed method is summarized as follows: our 

feature E&COH, t
iF (t denotes edge or color), is computed 

in the local image window centered at the i-th pixel. Then 

the rank matrix, )( t
iFR , is generated by ordering the sample 

values in t
iF . To measure the saliency of the i-th pixel, the 

distance from )( t
iFR  to Njt

j ,,2,1),( FR  is computed on 

using L1-norm where N denotes the total number of 
surround regions. Final saliency map is obtained by the 
combination of color and edge saliency. It is important to 
note that ordinal signatures are used for measuring saliency, 
which is robust to various signal modifications [17], [18], 
instead of directly using local feature distributions 
employed in the most previous methods [14], [15]. The 
overall procedure of our approach is shown in Fig. 2. It 
should be emphasized that non-salient pixels in highly 
textured backgrounds are effectively suppressed in our 
saliency map. 

The main contributions of the proposed method are 
therefore: 1) Our algorithm is nonparametric and computed 
rapidly based on our low dimensional feature, E&COH. 2) 
We propose to use the ordinal measure for the center-
surround computations, which is robust to the presence of 
significant distortion due to image noises. 

The rest of this paper is organized as follows: the 
technical details about the steps outlined above are 
explained in Section 2. Various images are tested to justify 
the robustness and efficiency of our proposed method in 
Section 3. Conclusion follows in Section 4. 
 

2. PROPOSED METHOD 
 
2.1. Edge and color orientation histogram as a feature 
 

In this subsection, we define a novel feature, which is 
nonparametric and represents the underlying local structure 

Fig. 2. Overall procedure of the proposed method.
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of the image data by using the edge and color orientation 
information. The key idea behind E&COH is to incorporate 
the magnitude and orientation of edge and color information 
in a 1-D histogram. The procedure to form each feature 
vector for colors and edges is briefly summarized as 
follows: First of all, the edge orientations are computed over 
all pixels belonging to the local image window centered at 
the i-th pixel position and then quantized into K angles 
( KKKK /180)1( ,,/1802 ,/180 ,0  ). Note that the 

sign of edge orientations is neglected due to the symmetric 
characteristic. Then, the K-bin histogram is generated by 
accumulating the corresponding edge magnitude belonging 
to each edge orientation over the pixels within each local 
image window. To cope with uneven illumination 
conditions, the local contrast is normalized in all image 
windows. Then the sample value for each bin of EOH can 
be defined as follows [3]: 
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where ),( yxm  and ),( yx  denote the edge magnitude and 

the quantized orientation at the pixel position ),( yx , 

respectively.   is a small positive constant. iB  is the  local 

image window centered at the i-th pixel 
Next, we define the COH using the HSV color model in 

a similar way with EOH generation. Since the hue value 
represents the different color tone according to the angle 
ranged in the HSV color space, it can be quantized and thus 
used as the indices of the COH bin. Also, the color 
magnitude can be represented by the saturation value. That 
is, purer colors have larger magnitudes for the 
corresponding color tone in the COH. In detail, the COH 
descriptor is generated by accumulating the saturation value 
to the corresponding hue value. Unlike the edge orientation, 
since the color tones are different through the range of  0 - 

360 , the entire range needs to be quantized into H angles. 
The COH can be defined as 
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where ),( yxs  and ),( yxv  denote the saturation value and 

the quantized hue value at the pixel position ),( yx , 

respectively. 
Finally, our feature vectors for edges and colors at the 

i-th pixel can be defined separately as follows: 
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Ordinal signatures for edge and color information are 
obtained by ordering elements of each feature vector 
defined in (3), which will be explained in the following 
subsection. 
 

2.2. Saliency by self-ordinal resemblance measure 
 

Most traditional methods using center-surround 
computations employ the similarity measure techniques 
such as KL-divergence [14] and Bhattacharyya distance 
[19] between local features distributions as a measure of 
saliency. However, most of them are apt to fail in tolerating 
image noises, causing the significant change of the local 
feature distributions. To solve this problem, we propose to 
use the ordinal signatures for the similarity measure 
between local image features obtained from center and 
surround regions, which is very robust to various signal 
modifications by image noises as mentioned. For example, 
two EOHs obtained from the center and its close 
surrounding region, which contain very similar contents, are 
shown in Fig. 3. The sample values of the third and fourth 
bin are quite different between two EOHs due to the 
Gaussian noises whereas the ordinal signatures between 
corresponding EOHs are very close, which is a desirable 
result. More specifically, the similarity between two EOHs 
in Fig. 3 computed by using Bhattacharyya distance is 
46.8% whereas 89.9% similarity is achieved by using the 
ordinal measure, which will be explained. Thus, we believe 
that the ordinal measure for center-surround computations 
can provide a more efficient way of building a reliable 
saliency map. 

First of all, let us define the 1  K rank matrix by 
ordering the elements of the feature vector for edge 

information defined in (3) at the i-th pixel as )( E
iFR  where 

K denotes the number of quantization levels as mentioned. 
For example, the rank matrix of the left EOH in Fig. 3 can 

be represented as ]5 ,3 ,2 ,1 ,4 ,6[)( E
iFR  and also each 

element of the rank matrix can be expressed as 

5)(,,6)( 61  E
i

E
i FRFR . Then the distance from the 

Fig. 4. (a) Original image. (b) Edge saliency. (c) Color saliency. 
(d) Final saliency. 

Fig. 3. Two different EOHs obtained from the center (left) and its 
surrounding region (right), which contain very similar contents. 
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rank matrix of the center region to the rank matrices of 
surround regions are computed by using the L1-norm as 
follows: 
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where N and EZ  denote the number of surround regions 
and the maximum distance between two rank matrices. This 
L1-norm is known more robust to outliers than L2-norm 
[20] and also computed efficiently. Similar to this, saliency 
for color features also can be defined as follows: 
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Final saliency is computed by the combination of edge and 
color saliency as follows: 

C
i

E
i

sal
i SSS  .                              (6) 

 
Note that final saliency values defined in (6) are scaled from 
0 to 255 for the gray-scale representation. For better visual 
effects, we smoothed the saliency map by using a Gaussian 
filter with 3 . Our proposed saliency map is shown in 
Fig. 4. We can see that non-salient regions are effectively 
suppressed in our saliency map.  
 

3. EXPERIMENTAL RESULTS 
 
3.1. Performance evaluation 
 

In this subsection, we show several experimental results 
on detecting saliency in various images. The experiments 
are conducted on a database of about 5000 images provided 
by Microsoft Research Asia (MSRA database) [21]. Images 
in MSRA database are taken in indoor and outdoor 
environments and the image resolution is 300400 pixels 

Fig. 5. Results of saliency detection. (a) Original image. (b) Saliency tool box (STB) [11]. (c) Saliency using natural statistics 
(SUN) [6]. (d) Contrast-based method (CB) [22]. (e) Spectral residual approach (SR) [13]. (f) Proposed method. Our method 
provides visually acceptable saliency as compared to other methods. 
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for horizontally oriented images and 400300  pixels for 
vertically oriented images, respectively. Note that the image 
resolution is normalized to the half height and width for our 
experiments. They contain various salient objects, which are 
human, car, animal, etc. In our implementation, the EOH 

and COH are computed in 77  pixels with eight and six 
quantization levels (i.e. K = 8 and H = 6) respectively and 
thus the maximum distance between two rank matrices are 

32EZ  and 18CZ . The center-surround regions are 
generated by a 1010  local neighbor pixels centered at 
each pixel on the image. 

To confirm the superiority of our proposed method, we 
compare our approach with the state of the art methods, 
which are saliency tool box (STB) [11], saliency using 
natural statistics (SUN) [12], contrast-based method (CB) 
[22], and spectral residual approach (SR) [13]. Results of 
saliency detection are shown in Fig. 5. Region information 
for further applications is not enough in saliency generated 
by STB in Fig. 5(b). Also, relative large objects are hardly 
captured in this method (see results for the first and sixth 
images in Fig. 5).  In the results of SUN, CB, and SR 
methods, highly textured backgrounds belonging to non-
salient regions are not suppressed. Moreover, high contrast 
edges in the background are hard to be eliminated in these 
methods (see results for the second and sixth images in Fig. 
5). Compared to these results, it is easy to see that our 
method provides visually acceptable saliency, which is 
coherent visual attention. 

Moreover, to confirm the robustness of our ordinal 
signatures in noisy images, it is compared with the case of 
directly using sample values of E&COH. As shown in Fig. 
6, ordinal signatures are not sensitive to the presence of 
noise whereas many pixels in non-salient regions are falsely 
detected as salient pixels when directly using local 
distributions of sample values in noisy images. Note that 
Bhattacharyya distance [19] is used to measure the 
similarity between local distributions of sample values 
obtained from center and surrounding regions. Thus, it is 
worth noting that our SORM is desirable for detecting 
saliency in noisy images. 

Fig. 7. Retargeting results with various reducing ratio, where the original width or height is reduce by 20, 60, and 100 pixels. In 
each sub-figure, the top row is the retargeting results by the proposed saliency map and the bottom row is the retargeting results by
the improved seam carving [9]. 

Fig. 6. First row: Original images. Second row: Images with
Gaussian noises (zero mean and 0.01 variance). Third and fourth
row: Saliency by sample values of E&COH for original and noisy
images. Fifth and sixth row: Saliency by ordinal signatures of
E&COH for original and noisy images (proposed).  
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3.2. Application: image retargeting 
 

Image retargeting is the process of adapting a given 
image to fit the sizes of arbitrary displays based on the 
energy map. Since our saliency effectively suppresses non-
salient regions such as highly textured backgrounds, which 
are hard to handle in traditional methods, it can be 
employed as a reliable energy map for image retargeting. 
Thus, pixels represented by low intensities in our saliency 
map are removed iteratively by dynamic programming, 
which is widely used for image retargeting, to achieve the 
target sizes. Figure 7 shows retargeting results by our 
saliency map with various reducing ratios for small display 
devices. To confirm the robustness of our saliency, a novel 
method proposed in the literature, named as seam carving, is 
compared with our method. Note that we employ the 
improved seam carving, which incorporates forward energy 
criterion for better performance [9]. The seam carving 
provides desirable viewing effects up to a certain target 
height or width. However, if the reducing ratio further 
increases when pixels with high energy are scattered over 
the whole image, it starts to remove a connected path of 
pixels across salient objects, resulting in drastic distortions 
in the retargeted images. In contrast to that, the proposed 
saliency map suppresses effectively high energy pixels 
generated in non-salient regions and thus the shape of 
important objects is preserved more efficiently. Specifically, 
many pixels belonging to woman are removed in the result 
of the improved seam carving due to moving water, yielding 
high energy over the whole image in Fig. 7(a). Salient 
regions are carved out when the reducing ratio is over a 
certain level since small stones yield high energies at the 
background (see Fig. 7(b)). Therefore, we conclude that our 
saliency map is a useful indicator for retargeting images on 
small display devices. 
 

4. CONCLUSION 
 

A simple and novel algorithm for detecting saliency is 
proposed in this paper. We first define E&COH as our 
feature since it is nonparametric and represents the 
underlying local structure of the image data. Then the 
saliency of each pixel is measured based on the self-ordinal 
resemblance of ordinal signatures obtained from E&COH of 
local regions by using the discriminant center-surround 
hypothesis. To justify the robustness of our method, the 
performance of our algorithm is compared with that of other 
methods proposed in the literature by using various images. 
Our saliency is also efficiently used for image retargeting. 
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