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Salient region detection is important for many high-level computer vision tasks. The 

majority of previous works exploit element contrast to detect image saliency region. In this 
paper, we propose a novel approach to analyze saliency cues from multiple scales of image 
structure, using a multi-scale image abstraction. In each image layer global color contrast 
cue and color spatial distribution cue are integrated to generate a single-layer saliency map, 
and then the final saliency map can be obtained by across-scale adding several single-layer 
saliency maps. The proposed saliency estimation method abstracts unnecessary image detail, 
obtaining high quality saliency detection results. We have evaluated the results of our 
method on the two publicly available datasets MSRA-1000 and SED. The experimental re-
sults on these datasets demonstrate the effectiveness of the approaches against the other ap-
proaches to analyze image saliency.    
 
Keywords: image pyramid, salient region detection, color contrast, image abstraction, 
k-mean clustering 
 
 

1. INTRODUCTION 
 

Salient region detection aims to effectively locate important and informative re-
gions in images and is closely related to human selective visual information processing 
system [1]. Within visual field, human can quickly locate salient region and identify the 
corresponding object. The task of computer vision is to simulate the human intelligence, 
and the related research has been carried out for many years. The related research gains 
much attention recently [2-22], as it has been brought into the various applications, in-
cluding image retrieval[23], image classification[24], object recognition[25], image and 
video compression[26], image segmentation[27], and content-aware image editing[28, 
29].  

Detecting visually salient regions in images is an important research in the field of 
visual attention. It is commonly believed that visual attention is guided by two compo-
nents: bottom-up, data driven component which draws our eyes to places that contains 
discontinuities in image features, such as color and texture, and top-down, goal driven 
component which guides attention in a task-dependent manner. Recently, some studies 
have found that bottom-up and stimulus-striven models are very popular [2-4, 9-13], 
and some models are very successful in salient region detection. Our work belongs to 
the former which using low-level feature to analyze image saliency.  

 The early work of saliency estimation model indicates that single scale analysis 
is far from comprehensive. When the image resolution is changed, the image structure 
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will exhibit different visual features. So it is necessary to detect visually salient regions 
by combining multiple scales of image. Among many low-level image features, color is 
an important one which may contain much saliency information. But the color feature 
have not been fully utilized by the previous methods, the early work by [3, 4, 13] make 
use of color contrast term while the work by [16] only utilizes the color distribution 
term.  

In this paper, we propose a novel approach based on multi-scale image abstraction 
for salient region detection, which integrates global color contrast cue and region color 
spatial distribution cue. The focus of our work is to generate high-quality visual saliency 
map which can uniformly highlight the entire salient object and reduce the influence 
caused by cluttered background. High-quality visual saliency map can help the subse-
quent high-level computer vision tasks, such as object segmentation and recognition. 

The remainder of this paper is organized as follows. In the next section, related 
work is presented. We describe our saliency analysis in Section 3. In Section 4 we pre-
sent some experimental results of our proposed scheme, and finally conclude with the 
conclusion in Section 5.  

2. RELATED WORK 

As is mentioned above, saliency detection methods can be classified into two cate-
gories: bottom-up, data driven and top-down, task driven. We focus on the previous one 
which utilizes low level image features, such as color, intensity and texture, to deter-
mine the contrast of image regions to their surroundings. The majority of most bot-
tom-up methods can be roughly classified into local and global schemes. 

Inspired by the early work Treisman and Gelade [30], Koch and Ullman [31], the 
early local contrast method [2] proposed highly influential biologically-plausible sali-
ency analysis method, which uses local center-surrounding operators across multi-scale 
image features, including intensity, color and orientation, to analyze image saliency. Ma 
and Zhang [11] propose a novel local contrast analysis which directly computed cen-
ter-surround color difference in a fixed neighborhood for each pixel and then utilize a 
fuzzy growth model to extract image salient region. They classify the saliency as three 
levels: attended view, attended areas and attended points. Harel et al. [20] propose an 
approach to generate feature maps using Itti’s method. In order to highlight conspicuous 
parts of image, they perform normalization operator using a graph based method. Liu et 
al. [14] propose a set of novel features, including center-surround histogram, multi-scale 
contrast and color spatial distribution which are unified in a CRF learning framework, 
to detect salient region in images. Goferman et al. [5] propose to construct regular im-
age element and then combine local features, global features, visual organization rules, 
and high-level features to detect image saliency in multi-scale. Such methods exploiting 
local contrast tend to produce higher saliency values around image edges instead of 
uniformly highlighting the entire salient objects. 

Global contrast based approaches measure its contrast with respect to the entire 
image. Hou et al. [12] propose a spectral residual method that relies on frequency do-
main processing. Zhai and Shah [13] introduce the color histogram to analyze image 
saliency, and they utilize L-channel of color to improve computational efficiency. 
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Achanta et al. [3] propose a frequency tuned method which exploits three color channels. 
They define the saliency as the distance between the pixel and the overall mean image 
color. When the image contains complex texture and background, the detection result is 
very poor. Cheng et al. [4] also utilize the color histogram which is extended to 
three-dimensional color space and propose histogram-based and region-based saliency 
detection methods. These methods calculate the difference between pixel or region and 
the whole image, and they don’t consider the spatial relationship in an image. In order 
to compensate for the missing spatial information, Perazzi et al. [10] propose a novel 
approach which integrates the element uniqueness and element distribution. The two 
features are consistently formulated as high-dimensional Gaussian filters, and then 
range image up-sampling method is used to get pixel-level saliency. Although the visual 
saliency result is good, only some part of salient object is uniformly highlighted. Margo-
lin et al. [9] consider color distinctness and pattern distinctness in a unified framework, 
and when the pattern distinctness is computed, they use PCA to analysis the inner sta-
tistics of the patches in images. 

High-level priors have also been integrated into recently saliency analysis ap-
proaches. Judd et al. [19] train a SVM using a combination of low, middle and high 
level image features, making their approaches potentially suitable for specific high-level 
computer vision tasks. The concept of center bias was also employed in their saliency 
detection method. Shen et al. [6] represent an image as a low-rank matrix plus sparse 
noise, where the background region is modeled by the low-rank matrix and the fore-
ground regions are explained by the sparse noise. High-level priors, including location 
prior, semantic prior, color prior, are also used based on common knowledge and ex-
perience. Recently, priors or heuristics regarding the likely positions of foreground and 
background have been shown to be effective in salient region detection approaches. Wei 
et al. [7] propose a novel approach to exploit background priors, which assumes the 
image boundary is mostly background. Jiang et al. [15] propose a learning approach to 
map the regional feature vector to a saliency score. In the training stage, they use three 
kinds of regional features, including the regional property, regional contrast and re-
gional backgroundness which is integrated together to form the final saliency map. 

 









 

Fig. 1 The architecture of our approach which is based on hierarchical image abstraction 
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3. MULTI-SCALE SALIENCY ESTIMATION FRAMEWORK 

The proposed salient region detection approach is as follows. First, build the image 
pyramid and a multiple levels of image abstraction and feature extraction are presented. 
Then, two salient cues are analyzed for each layer of image pyramid and saliency map 
of single scale is obtained. Finally, the three different salient maps under multiple scales 
are fused into a single saliency map. The framework of our proposed saliency estimation 
model is illustrated in Figure 1. 
 
3.1 Multi-scale image abstraction and feature extraction 

 
Pixel-level saliency estimation methods can’t handle the natural image with com-

plex structures, and the saliency detection result is often influenced by image noise. Sa-
lient object can’t stand out from the background and the computational cost is also very 
expensive. To alleviate the above problems, we use the image-level multi-scale image 
abstraction which is different from regional-level multi-scale image abstraction [15]. In 
each layer of image pyramid, the image is decomposed into large homogeneous and 
non-overlapped regions. The subsequent saliency analysis approach is based on these 
regions.  

Given an image I , multi-scale image abstraction can be described as ,,{ 21 HHH   
}..., MH , where M is the number of layers in the image pyramid and mH is the segmen-

tation result of the mth layer of image pyramid, including mK regions. 
Recently, several image segmentation methods [34, 37, 38] are introduced into sa-

lient region detection. It can be drawn from experiments that different segmentation 
methods have influence on the final saliency maps. Similar to work by Cheng et al. [4], 
efficient graph-based image abstraction [34] is utilized for our saliency analysis task. 
The first layer image abstraction result is described as },...,,{ 11

2
1
11 1KSSSH  , and the ab-

straction result of other image layers can be described in the same way. These homoge-
neous and non-overlapped regions are introduced to analyze image saliency. For the 
purpose of detecting the visually salient part of images, these large homogeneous re-
gions should be represented by reasonable features, such as intensity, color, texture, 
edge, color histogram, size, shape, and so on. Average region color, represented in Lab 
color space, is utilized to detect image salient region. The color of region m

iS in the mth 
layer of image pyramid can be represented by )( m

iSFeaLab . And the region cen-
ter )( m

iSFeaLoc is used in the subsequently saliency analysis task. The formula of 
)( m
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where the p stand for a pixel in the region m
iS , while fp  represent the color vector of 

pixel p and lp represent the coordinate vector of pixel p . )( m
iSw  is the number of 

pixel in the region m
iS . These large homogeneous regions are introduced into image 

saliency analysis task so as to reduce the computational complexity. Using these 
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non-overlapped regions as computing unit can get rid of unnecessary image details and 
reduces the influence caused by complex image structure. 

3.2 Single Scale Image Saliency Analysis 
 

Global color contrast and region color spatial distribution are two important salient 
cues in image saliency analysis task. The majority of previous saliency detection ap-
proaches only consider one factor, and these methods can handle image with simple 
background. When the natural image contains complex structures, the detection result 
can’t meet the requirement of many high-level computer vision tasks. In this work, the 
two salient cues are combined into a unified framework, the detail is as follows. 
 
3.2.1 Global Color Contrast Cue 
 

Results from perceptual research [32, 33] indicate that contrast is the most influen-
tial factor in low-level image saliency analysis. When the region color is very different 
from the entire image, it is more likely to attract human’s attention. Global color con-
trast has been effectively used for saliency estimation in the previous work [3, 13]. Be-
cause of the spatial relationship of pixel isn’t considered in the previous work [3 13], 
only some part of salient object can be highlighted in the final saliency map. Aiming to 
solve the above problem, we make use of region color contrast based approach which 
considers the spatial relationship between these non-overlapped regions. When dealing 
with each layer of image pyramid, three elements, including the color difference be-
tween two segmented regions (in Lab color space), the spatial distance between two 
segmented regions and the size of segmented regions, are exploited to achieve saliency 
analysis task. By integrating the above three mentioned elements, the saliency of the 
region is defined as follows: 
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where ),( m
k

m
i SS  is the smooth term which consider the distance between two re-

gions. With the increasing of the spatial distance between the two segmented regions, 
the influence of the appearance dissimilarity between them is decreasing, it can con-
clude that close regions have larger impact than distant ones, and ),( m

k
m
i SS  is de-

fined as follows: 
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i SSSD  is the spatial distance between region m

iS and region m
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i SS  is the color distance between 

m
iS and m
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where the symbol  denote the Euclidean distance. The experimental results indicate 
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that the spatial distance of two segment regions and region size are complementary to 
appearance difference and play an important role in computing the contrast term. As 
observe from Fig. 3(j), some background regions also have high saliency values. 
 
3.2.2 K-mean Clustering Based Color Spatial Distribution Cue 
 

Salient regions often have high contrast with their surroundings, but the converse 
is not always true. Therefore only calculating the color contrast term can’t analysis 
natural image with complex texture. Figure 2 show that salient object often distribute in 
local image. It can be seen that the spatial distribution of region color is very important 
clue in saliency analysis task. It is necessary to introduce the color distribution into sa-
liency detection. 

 

     

     
Fig. 2 Sample image from data set MSRA-1000 of salient region detection 

 
Intuitively, the color belonging to the salient object has compact distribution while 

the background distributed in the whole image and the spatial distribution variance of 
its color is high. In other words, the less the clusters are spread, the more salient they 
will be. In order to evaluate the spread of each cluster in the spatial domain, we first 
exploit k-mean clustering algorithm to divide the segmented regions into different clus-
ters in each layer of image pyramid, as is shown in Figure 3. As it can be seen that the 
regions belong to the cow are more compact than the background regions and Fig .3(i) 
shows the result of k-mean clustering based color spatial distribution cue. Referring to 
[35], we can then define an object function, sometimes called a distortion measure, 
given by 
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which represents the sum of the squares of the distances of each data point to its as-
signed vector k . In order to optimize the above function J , the two variables k  
and ikr  need to be assigned properly. k  is the center associated with the kth cluster. 
Referring to [35], we can easily solve for k  to give: 
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ikr is the binary indicator variables, if a region is assigned to cluster k then 1ikr , and 
0ijr  for kj  . This is known as the 1-of-K coding scheme. The two phases of 

re-assigning data points to clusters and re-computing the cluster means are repeated in 
turn until there is no further change in the assignments. 
 

    
(a)                (b)                (c)                (d) 

    
(e)                (f)                (g)                (h) 

    
(i)                 (j)                (k)                (l) 

Fig. 3 Illustratioin of our proposed method, (a) Input image, (b) Ground truth, (c-h) K-means 
clustering based region grouping, (i) K-mean clustering cased color spatial distribution cue, (j) 
Global color contrast cue, (k) Two salient cues integration of first layer in image pyramid, (l) 
The final saliency map. 

 
Then, inter-cluster distance is computed to measure the cluster compactness. To 

measure inter-cluster distance, we introduce the standard deviation of the kth cluster to 
our method. We define the compactness of the kth clusters as follows: 
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which we can easily solve for k  to give 
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Finally, the spatial distribution of region m
iS can be described as 

))(exp(1)(
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The number of clusters needs to be set by ourselves, and we set it to 6 in the subse-
quent experiments. 
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3.2.3 Generating Single-Layer Saliency Map 
 
For each layer of image pyramid, we extract two salient cues, including global 

color contrast cue and color spatial distribution cue, which are particularly useful for 
analyzing image saliency. And the above mentioned two salient cues are complementary 
to each other. Gopalakrishnan et al. [18] point out that linear combination of different 
salient cues isn’t a good choice and the good salient feature will become worse after 
combination. Hence we adopt a non-linear combination approach which can not only 
uniformly highlight the salient object, but also reduce the influence caused by complex 
background texture. We normalized )(IS ondistributi  to the range [0, 1]. Then the sali-
ency value of region m

iS  is given by: 

))(()()( m
iondistributi

m
icolor

m
i SSSSSSal                             (10) 

where the parameter   governs the relative importance of the region spatial distribu-
tion feature. In the later experiment, we set  = 1. From Fig. 3(k), we can see that 
background regions are suppressed effectively by considering the two salient cues, but 
some part of cow can’t be highlighted. To address above issues, multi-scale saliency 
enhancement is introduced into our saliency analysis tasks. 
 
3.3 Multi-Scale Saliency Map Integration 
 

Salient pixels or regions could have similar patches at a few scales but not all of 
them. This is in contrast to background pixels or regions which are likely to have simi-
lar patches at multiple scales, and it is always widely distributed in the entire image [5]. 
Therefore, we combine image pyramid which is the multi-scale representation of image 
to suppress background region and increase the difference between salient regions and 
background regions. Owing to image pyramid is exploited to analyze image saliency, 
saliency map under different scales are obtained. Different layers of saliency map are 
required to adjust to the same scale and the weight of different saliency maps are set to 
same value. Similar to [2], the across-scale addition between two maps, denoted “ ” 
below, is obtained by adjust the saliency map to the same scale and point-by-point addi-
tion. The saliency at each pixel is taken as the mean of its saliency at different scales: 

)(1)(
1

m
M

mFinal ISal
M

IS

                                       (11) 

where I is the input image, mI  is the mth layer of image pyramid, )( mISal is the sa-
liency detection result of the mth layer of image pyramid including mK non-overlapped 
regions, )(ISFinal is the fusing result under multiple scales. From Fig. 3(l), we can see 
that the proposed method can generate high-quality visual saliency map which can uni-
formly highlight the entire salient object and reduce the influence caused by cluttered 
background effectively. 

4. EXPERIMENT RESULT ANALYSIS 
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We have evaluated the results of our method on the two publicly available datasets 
MSRA-1000 and SED. The MSRA-1000 dataset is provided by Achanta et al. [3], 
which is a subset of the MSRA dataset. And this dataset has ground truth in the form of 
accurate human-marked labels for salient regions. The SED dataset [36] contains two 
subsets: SED1 that has 100 images containing only one salient object and SED2 that has 
100 images containing two salient objects. Accurate human-marked ground truth for the 
salient objects in both SED1 and SED2 are also provided. 
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Fig. 4 The left and middle figure are precision and recall curves of all approaches which are ob-
tained using fixed threshold. The right histogram (precision, recall, and F ) is obtained using 
adaptive thresholding on the MSRA-1000 dataset. 

        

         

        

        

        

        

        
(a) Input   (b) CA [5]   (c) RC[4]   (d) LR[6]  (e) SVO[21]  (f) SF[10]   (g) PD[9]   (h) Ours 

Fig. 5 Visual comparison of previous approaches to our approach, we compare to context-aware 
saliency (CA [5]), region contrast (RC [4]), low rank recovery (LR [6]), Chang et al. (SVO [21]), 
saliency filters (SF [10]), patch distinct (PD [9]). 
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(a) Input   (b) G-Truth  (c) GB[20]  (f) MZ[11]  (d) FT[3]   (e) HC[4]   (g) GC[22]  (h) Ours 
Fig. 6 Visual comparison of previous approaches to our approach, we compare to graph-based 
saliency (GB [20]), Ma and Zhang (MZ [11]), frequency-tuned (FT [3]), histogram contrast (HC 
[4]), global color (GC [22]). 
 
4.1 Evaluation Methods 
 

Following [3, 4, 14], we evaluate the performance of our method measuring its pre-
cision and recall rate. Precision measures the percentage of salient pixels correctly as-
signed, while recall measures the percentage of salient object detected. In order to study 
the performance of saliency analysis methods, we use two kinds of evaluation criterions 
in previous studies. 

In the first experiment, the saliency map is segmented by a fixed threshold. Given a 
threshold ]255,0[T , the pixels whose saliency values are lower than T are marked as 
background, otherwise the pixels are marked foreground. When T varies from 0 to 255, 
it will produce a sequence of precision-recall pairs, and a precision-recall curve can be 
obtained. 

In the second experiment, the saliency map is segmented by an adaptive threshold. 
The image is first segmented by mean-shift clustering algorithm. And then calculate the 
average saliency value of each non-overlapped region, an overall mean saliency value 
over the entire saliency map is calculated as well. The mean-shift segments whose sali-
ency value is larger than twice of the overall mean saliency value, it will be marked as 
foreground, and the threshold is defined as: 
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where W and H  are the width and height of the saliency map, respectively. In many 
applications, high precision and better recall rate are both required. In addition to preci-
sion and recall, we thus estimate the F , which is defined as: 
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where we set 3.02  , as is suggest in [3, 4, 10]. 

 
4.2 Performance on the MSRA-1000 dataset 
 

We report both quantitative and qualitative comparisons of our method with several 
state-of-the-art methods. On the MSRA-1000 saliency dataset, we compare our method 
with 12 state-of-the-art saliency detection methods, including SR [12], GB [20], MZ 
[11], CA [5], FT [3], HC [4], RC [4], LR [6], PD [9], SF [10], SVO [21], GC [22]. Re-
sults of the alternative methods are obtained by one of the following ways: 1) results for 
this dataset provided by the original authors (SF [10], HC [4], RC [4], GC[22]), 2) run-
ning the authors’ publicly available source code (SR [12], CA [5], LR [6], PD [9], SVO 
[21]), and 3) from saliency maps provided by [4] (GB [20], FT [3], MZ[11]). 
 
Quantitative Comparison. Figure 4(a) and Figure 4(b) show the precision-recall curves 
of the above saliency detection approaches on the MSRA-1000 dataset. As observed 
from Figure 4(a) and Figure 4(b), the curve of our method is consistently higher than 
others on this dataset. Besides, we compare the performance of various methods using 
adaptive threshold. From Figure 4(c), we can see that, among the 12 saliency detection 
approaches, the proposed approach is comparable with GC [22], and significantly better 
than other previous approaches on the MSRA-1000 dataset. 
 
Qualitative Comparison. In addition to quantitative comparison, we also provide the 
visual comparison of some approaches in Figure 5 and 6, from which we see that our 
approach produces the best detection results on these images. It is also worth pointing 
out that our method can handle the challenging cases where the background is very ex-
tremely cluttered. For example, in the second and the last rows, our saliency method can 
generate reasonable saliency map while other approaches may be distracted by the clut-
tered background textures or only highlight the edge of salient object. 

 
4.3 Performance on the SED dataset 

 
Although images from the MSRA-1000 dataset [3] have a large variety in their 

content, they mainly contains single salient objects of medium sizes per image, which is 
the assumption made by many saliency estimation approaches. To represent more gen-
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eral situations that natural images fall into, the SED dataset is used to evaluate the per-
formance of the proposed method under more varied conditions such as multiple fore-
ground objects. On the SED dataset, we compare the precision-recall curves of our 
method with SR [12], LC [13], CA [5], FT [3], HC [4], RC [4], LR [6], PD [9], SVO 
[21], GC [22]. To evaluate our method, all the saliency maps are obtained by running 
the authors’ publicly available source code. 

 

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Recall

P
re

ci
si

on

 

 

OUR
LR
SVO
HC
LC
SR

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Recall

P
re

ci
si

on

 

 

OUR
GC
PD
RC
CA
FT

 
        (a)                                (b)    

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Recall

P
re

ci
si

on

 

 

OUR
LR
SVO
HC
LC
SR

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Recall

P
re

ci
si

on

 

 

OUR
GC
PD
RC
CA
FT

 
                  (c)                                    (d) 
Fig. 7 The precision-recall curves for our method and some other methods on the SED dataset. 
Figure (a) and Figure (b) are the precision-recall curves for SED dataset with 1 object while Fig-
ure (c) and Figure (d) are the precision-recall curves for SED dataset with 2 objects. 
 

As shown in Figure 7(b) and Figure 7(d), the GC [22] algorithm can produce good 
performance when there is only one foreground object present in the images, but it pro-
duces poor result on the SED dataset with two foreground objects. The RC [4] algorithm 
produces poor result on the SED dataset with 1 object, but it can produce good result on 
the SED dataset with 2 objects. It could be observed that our approach achieves the 
overall best performance on the two subsets of SED dataset. As is known to all, some 
saliency methods explicitly model single object (LR) or favor a connectivity prior (SVO). 
Our method is free from such assumptions and it can be able to naturally cope with mul-
tiple salient objects. Visual comparison of results are shown in Figure 8. In the case of 
multiple foreground objects, our method can still produce reasonable saliency maps. 
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(a) Input   (b) G-Truth  (c) CA[5]   (f) RC[4]   (d) LR[6]   (e) PD[9]   (g) GC[22]  (h) Ours 
Fig 8. Results on the SED Dataset with two salient objects, show six saliency detection methods 
(CA, RC, LR, PD, GC and Ours ). 
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Fig. 9 Evaluation of each individual step, including global color contrast, color spatial distribution 
and multi-scale image abstraction. Each individual step can boost our saliency detection result. 
Uppercase letters C: color contrast, D: color distribution, M: multi-scale image abstraction. 

 
4.4 Evaluation of each individual step 
 

There are three elements considered in our saliency model, including global color 
contrast, spatially compact color distribution, and multi-scale image abstraction. In or-
der to demonstrate the effects of each individual step and their combinations in our ap-
proach, we plot the corresponding precision-recall curves in Figure 9. From this figure, 
we see that region-level contrast cue (C) lead to better performance than distribution cue 
(D), when applied alone. The combination of region-level contrast cue and distribution 
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cue clearly boosts the performance of contrast cue. After combing with the multi-scale 
image abstraction (M), we can obtain the top performance. The combination of all the 
three elements really work for enhancing the performance on obtaining higher precision 
and better recall rate. It could be concluded that color spatial distribution cue are com-
plementary to global color contrast and their combination would obtain better results. 
Multi-scales image abstraction is also an important element in our saliency analysis 
model which can boost the saliency detection result. 

 
4.5 Evaluation of different segmentation methods 
 

In our method, an initial segmentation is required to partition the image into ho-
mogeneous regions for saliency analysis. Any existing low level segmentation methods, 
such as mean shift [37] and SLIC [38], super-pixel [34], can be used for this step. From 
Figure (10), we see that the segmentation result is quite different from each other. Also, 
the saliency maps generated by the three methods are obviously different, as is illus-
trated in Figure 11. To evaluate the three different segmentation methods, we plot the 
precision-recall curves for MSRA-1000 dataset. In this paper, we choose to use the su-
per-pixel method [34] for initial segmentation. As observed from Figure 12(a), the use 
of super-pixel [34] method can obtain the best precision-recall curves when compared 
with the other two  
 

  
(a) Original Image                         (b) super-pixel [34] 

  
(c) SLIC [38]                             (d) Meanshifit [37] 

Fig. 10 The segmentation results from three commonly used segmentation methods. 
 

   
(a) Saliency of super-pixel       (b) Saliency of SLIC       (c) Saliency of Meanshift 

Fig. 11 Saliency results of three different segmentation methods. 
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K = 200
K = 10

 
                    (a)                                    (b) 
Fig. 12 Evaluation of segmentation method for analyzing image saliency. (a) The precision-recall 
curves for three different segmentation methods. (b) The precision-recall curves for three differ-
ent value of parameter K from [34]. 
 
segmentation methods. Besides the evaluation of different segmentation methods, the 
influence of parameter from graph-based image segmentation [34] is also evaluated. 
Three parameters are used in the algorithm. We set conservative parameters sigma=0.5, 
min=20 for all the images. The third parameter k is set by three values, as is illustrated 
in Figure 12(b). It can be concluded that the setting of segmentation parameter can also 
make a difference.  

5. CONCLUSIONS 

In this paper, we propose a novel saliency analysis approach to detect salient region 
based on three principles from psychological evidence and observations of images, in-
cluding global color contrast, spatially compact color distribution, multi-scale image 
abstraction. The proposed image abstraction representation can abstracts unnecessary 
image details and the integration of global color contrast cue and spatial distribution cue 
can generate high quality saliency map. The experimental results from SED dataset 
show that our saliency detection results can naturally cope with multiple foreground 
objects.  

The recent studies indicate that high-level priors play an important role in the sa-
liency analysis tasks. We propose a bottom-up saliency model without using any prior 
knowledge. For future work, we plan to exploit high-level priors, such as face detector, 
which could be beneficial to deal with more challenging cases. 
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