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Abstract—In this paper, we propose a new saliency detection 
method based on graph. The method firstly uses SLIC to 
segment  the image into a set of superpixels which are not 
overlapped, and regards these superpixels as nodes of the graph,  
then constructs a partly connected graph with these nodes. 
Secondly, the saliency values of these nodes are computed via 
absorbing Markov chain and manifold ranking, and a saliency 
map are obtained corresponding to each image. Finally, it uses 
a contrast stretching function to correct the above saliency map 
for improving the quality of image. Experimental results 
demonstrate that the proposed method can more easily 
distinguish salient objects from background, and performs 
better than some methods in terms of robustness and 
performance. 
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I INTRODUCTION 
Visual saliency detection can identify the most important 

region in a complex scene, which attracts human’s huge 
attention rapidly. The method can reduce the complexity of 
image analysis and improve the accuracy. Visual saliency 
detection is widely applied to computer vision including 
image compression, image segmentation, object recognition, 
image retrieval and so on. Now many researchers are 
devoted to studying this filed and propose lots of typical 
algorithms. These in general are categorized as either 
bottom-up or top-down models. Bottom-up models are 
data-driven, while top-down model are task-driven. 

 Existing methods mostly simulated the bottom-up 
process of biological vision. Itti et al.[1] firstly proposed 
visual saliency model, which extracted multiscale low-level 
features including intensity, color and orientation  and use 
center-surround operation to calculate image saliency. Bruce 
et al.[2] computed saliency based on information 
maximization. Harel et al.[3] proposed a graph-based 
solution to obtain a saliency map. Zhang et al.[4] proposed a 
bayesian framework to calculate saliency using natural 
statistics. Hou et al.[5] firstly detected image saliency in 
frequency domain by calculating spectrum residual. Achanta 
et al.[6] computed the saliency of each pixel by considering 
its color contrast to the entire image. Cheng et al.[7] used 
global contrast with respect to the entire image and spatial 
relationships among the regions to compute image saliency. 
Goferman et al.[8] gave a different definition about saliency  
and proposed a context-aware saliency method to detect 
salient object region. Gopalakrishnan et al.[9] exploited the 

hitting time on a fully connected and a sparsely connected 
graph to detect salient region. Recently, Yang et al.[10] 
transformed saliency detection into a graph-based ranking 
problem and received a full resolution saliency map. 

In this work, we propose a new visual saliency detection 
method based on graph. Different from existing graph-based 
methods which usually exploit the equilibrium distribution in 
an ergodic Markov chain to calculate the saliency, we adopt 
the properties of absorbing Markov chain, which is similar 
with [11]. Those methods using the properties of ergodic 
Markov chain indeed achieved much success in saliency 
detection. They in general highlighted small regions and 
boundaries of object well, but cannot highlight entire object 
uniformly. To solve this problem, we first exploit the 
properties of absorbing Markov chain. Given an image as a 
graph, we define Markov chain over the graph and select 
some absorbing nodes, then treat the expected time that one 
transient node spend to arrive at an absorbing nodes.  
However, the results of saliency detection are not always 
efficient. When the background occupies lots of area of the 
entire image and some are near the image center, this method 
cannot suppress background region efficiently. Therefore, 
we combine manifold ranking [10] and nonlinear correction 
to make saliency map much better, in which background 
regions are suppressed and salient objects are highlighted 
uniformly. 

II PROPOSED SALIENCY DETECTION MODEL 
Proposed saliency detection model combines absorbing 

Markov chain and manifold ranking to measure saliency, 
including the following steps: firstly, an input image is 
divided into k  superpixels by SLIC algorithm[12]  and 
constructed into a partly connected graph. Secondly, we 
define an absorbing Markov chain over the image graph to 
obtain the first saliency map. Thirdly, we select some 
foreground superpixels as queries and use manifold ranking 
method to obtain the second saliency map. Finally, we use 
contrast stretching function to correct above saliency map. 
The overview of our algorithm is shown in Fig.1. 

A.  Graph Construction 
We construct an image graph G  with superpixels 

generated by SLIC as nodesV  and links between pairs of 
nodes as edges E . Because we adopt the properties of 
absorbing Markov chain to compute saliency of superpixels, 
we need to select some virtual background absorbing nodes. 
Considering that salient regions hardly occupy image 
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boundaries, we choose some boundary superpixels as above 
absorbing nodes. In the partly connected image graph, each 
node is connected to its adjacent transient nodes and other 
nodes which share common boundaries with its adjacent 
nodes. And boundary transient nodes are fully connected 
with each other. The weight ijw between nodes i  and j  is 
defined as 
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Where ix and jx  are separately the mean of nodes i and 
j  in the CIE LAB color space, σ is a constant that control 

the strength of the weight, here, we set square of it as 0.1. 
 

 
Figure 1. Overview of our algorithm 

B. First –Stage Saliency detection 

In a Markov chain, there are many states. A state is is 
absorbing when the probability of moving from it to any state 

js  expect itself is zero but to itself is one. If a Markov chain 
has at least one absorbing state, it is an absorbing Markov 
chain. Here, we exploit the expected number of times that a 
transient state spends before being absorbed to compute 
saliency values. In above image graph, nodes equal states. 
We first renumber the nodes to make k transient nodes come 
first and l absorbing nodes follow. Then we define an 
affinity matrix A used for representing the relationship 
between nodes as 
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Where ( )iN denotes the nodes connected to node i . 
Then we define a degree matrix D  as 

( )∑=
j ijadiagD                         (3) 

Thus we can obtain the transition matrix P  
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Where [ ] kkK ×∈ 1,0 contains the transition probabilities 

between any pair of transient nodes, [ ] lkL ×= 1,0 contains 
the transition probabilities between any transient node to any 
absorbing node. 0 is the lk ×  zero matrix and I is 
the ll ×  identity matrix.  

Now transition matrix P is standard which contains a 
small number of nonzero elements. We can calculate 
fundamental matrix N  of the absorbing chain,  

( ) 1−−= KIN where ijn  represented the expected number 
of times that a transient node i  needs to transfer into an 
absorbing node j . Supposed c  is a k dimensional column 
vector in which every element is one, we can calculate the 
absorbed time for each transient node, that is, 

cNy ×=                            (5) 

Here, the values of y is first-stage saliency values for 
superpixels. Here we set the number of superpixels as 250. 

C. Second –Stage Saliency detection 
The first-stage saliency detection will not suppress the 

background efficiently when background regions are 
long-range homogeneous and some occupy the center of 
image as shown in Fig.2. In order to solve this problem, we 
adopt manifold ranking method to further detect saliency. 

Manifold ranking function f casts each node is into a 

ranking value if , viz., nRV → . And f can be regarded as 

a ranking vector [ ]T
kffff ,...,, 21= . 

[ ]T
kffff ,...,, 21= denotes an indication vector in which 

1=iy , if i is a query, otherwise, 0=iy .In an image graph, 

given an affinity matrix { }
kkijaA

×
= , and a degree matrix 

{ }kkdddiagD ,...,11= where ∑=
j ijii ad , The optimal 

solution of ranking function can be transformed into an 
optimization problem  as follows: 
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Where μ controls the balance of smoothness constraint 
and fitting constraint. By further simplifying above equation, 
we can obtain the optimal solution as follows 

( ) yADf 1* −−= α                       (7) 

In this step, we binarize first-stage saliency map by using 
an adaptive threshold, and select foreground of saliency map 
as queries. We compute the similarity between other nodes 
and those queries sequentially. The process is completed by 
using manifold ranking method. And the optimal solutions 
are second-stage saliency values. 

 

    
 

    
Figure 2. Left: the first-stage saliency map. Right: the second-stage saliency 

map. 

D. Nonlinear Correction 
The main goal of nonlinear correction is to clarify the 

junction between salient object and background and keep 
salient object integrated. Here we adopt a continuous and 
nonlinear contrast stretching function s  defined as 
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Where [ ]1,0∈r , [ ]1,0∈s  and T control the function 
slope, here, we set it as 200. The curve form is shown in 
Fig.3. The function can suppress regions with lower saliency 
values and highlight regions with higher values. So the 
contrast and quality of saliency map are enhanced. 
 

 
Figure 3. Adopted contrast stretching function curve 

III EXPERIMENTAL RESULTS  
We evaluate the proposed method on a public dataset [6] 

which contains 1,000 images with accurate human-labelled 
ground truth. We compare our method with eight existing 
methods: the IT[1], LR[13], LC[14], MSS[15], SR[5], FT[6], 
HC[7], RC[7] methods. Some visual comparison examples 
are shown as in Fig.5, which show that the proposed method 
can highlighted salient region uniformly and accurately and 
suppress the background efficiently. 

According to two experimental methods proposed by [6], 
we can evaluate methods by precision, recall and F-measure. 
In Fig.4, the left comparison results are obtained by 
binarizing the saliency map using an adaptive threshold. The 
right precision-recall curves are obtained by binarizing the 
saliency map using threshold in the range of 0 and 255. This 
figure tells that comparing with other methods, our method 
can obtain much higher precision rate and recall rate. And 
higher F-measure means that our method has better overall 
performance in detecting salient regions. 
 

     

 
Figure 4. Left: precision, recall and F-measures bars for adaptive threshold. 

Right: precision-recall curves for all methods. Our method outperforms 
other methods. 
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Figure 5. Saliency detection results of different method.  From the first 

image to the last image: Original image, Ground truth,  FT, HC, LR, RC, 
OURS, OURS-Correction. Our saliency maps close to the ground truth. 

IV CONCLUSION 
This paper proposes a new bottom-up image saliency 

detection method based on graph. The method exploits SLIC 
to segment an image into some superpixels and regard them 
as nodes, then constructs a partly-connected graph. The 
properties of an absorbing Markov chain are applied to 
compute first-stage saliency map. Next it makes use of 
manifold ranking function to obtain second-stage saliency 
map. And it improve the quality of saliency map with 
nonlinear correction method. The proposed algorithm can 
suppress background well and highlight salient region 
uniformly. In the future work, we plan to study other features 
such as multiscale feature, to further improve the 
performance of saliency detection, and apply it to dynamic 
images. 
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