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Abstract 
 

In computer vision, salient object is important to extract the useful information of foreground. 
With active contour analysis acting as the core in this paper, we propose a bottom-up saliency 
detection algorithm combining with the Bayesian model and the global color distribution. 
Under the supports of active contour model, a more accurate foreground can be obtained as a 
foundation for the Bayesian model and the global color distribution. Furthermore, we establish 
a contour-based selection mechanism to optimize the global-color distribution, which is an 
effective revising approach for the Bayesian model as well. To obtain an excellent object 
contour, we firstly intensify the object region in the source gray-scale image by a seed-based 
method. The final saliency map can be detected after weighting the color distribution to the 
Bayesian saliency map, after both of the two components are available. The contribution of 
this paper is that, comparing the Harris-based convex hull algorithm, the active contour can 
extract a more accurate and non-convex foreground. Moreover, the global color distribution 
can solve the saliency-scattered drawback of Bayesian model, by the mutual complementation. 
According to the detected results, the final saliency maps generated with considering the 
global color distribution and active contour are much-improved. 
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1. Introduction 

Saliency detection, which aims to locate the important objects and avoid the useless regions 
of an image, is closely related to selective processing in biological vision system. Up to now, a 
great number of methods have been proposed, which could be roughly divided into two 
categories: the bottom-up methods driven by data and stimulus, and the top-down methods 
driven by task and knowledge.  

Owing to the fact that the top-down approach requires plenty of higher-level prior, most of 
the pre-existing saliency detection algorithms adopt the bottom-up method. One of them is 
Bayesian saliency model, which can convert the saliency detection into the salient-probability 
distribution for the source image. What’s more, two saliency maps can be merged together 
well depending on the Bayesian inference. 

Referring to the viewpoints in [1,2], we hold that salient object regions contain distinctive 
feature within a certain context of the source image. Thus, from the bottom-up perspective, the 
salient regions or pixels hold a high contrast comparing to the background regions in the 
feature space. Considering the boundary regions are more likely to be background elements, 
the color contrast is used to extract the high-contrast region as the foreground seeds, and we 
utilize these seeds to obtain the prior distribution, which is similar to the idea in [3], as the 
basis of the following processes. In addition, we believe that the saliency detection could be 
regarded as a kind of probability problem, which can be resolved by the Bayesian inference. 
Therefore, we employ the Bayesian model to handle the bottom relationship among the pixels. 
With the top-down concept, the remarkable object should be integral and its pixels or 
superpixels must be aggregate and local. Hence, we propose the global color distribution to 
describe this opinion, as the color is the main information for human eyes. And this standpoint 
can capture the character of object’ existence, which is similar to the spatial distribution in [4]. 

Comparing with the state-of-the-art saliency methods, the improvements of our method are 
active contour analysis and global color distribution which can optimize the foreground and 
the observation likelihood of the Bayesian model. The main processes of the presented method 
are shown in Fig. 1. 

 
Fig. 1. Main processes of the presented method 

2. Related Work 
Since the merits of the Bayesian model, there have been many algorithms taking this model as 
a foundation. For example, Zhang et al. [5] proposed a Bayesian framework to detect potential 
objects, and they used a likelihood function to model the top-down information of a known 
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target class. Then, Y. Xie et al. [6] and Y.Chuan et al. [7] utilized the color boosting Harris 
points and convex hull to circle the target regions and detected the saliency objects. Although 
the object regions could be roughly segmented via convex hull, generally, there will be many 
non-salicent areas obtained within the convex-hull foreground in (see Fig. 2).  

We may receive some background regions in the detected saliency regions, even though the 
foreground is circled accurately. For addressing these problems, active contour analysis and 
the global color distribution are introduced in this paper. The function of active contour model 
is obtaining a more accurate foreground and providing the Bayesian model and the global 
color distribution with an optimal operation base. From the perspective of top-down, the target 
must be an integral whole and its colors must be independent of the background. This means 
that the colors within the object must be aggregate and dissimilar to the background colors. In 
accordance with this idea, we put forward the global color distribution to perfect the Bayesian 
saliency model. Form Fig. 1, we can see the saliency maps generated by convex hull contain 
redundant background information, and our maps are more clearly. 

 

 
Fig. 2. Comparation between our method and BYS [6]. (a) BYS, (b) OURS, (c) Ground truths 

 
Form the figure above, we can see that the saliency maps generated by convex hull contain 

redundant background information, and our maps are more cleanly. 

3. Our approach 
In this section, we introduce the theories and the details of our algorithm. There are four main 
steps in the presented method: (1) Firstly, to provide the active contour analysis with an 
enabled environment, we weaken the background interference by a prior distribution based on 
a seed-based method. And the seeds consist of two kinds of seed set—the foreground-seed set 
and the background-seed set, which are generated by the center-boundary contrast. Then a 
saliency map named as prior saliency map is derived for the prior distribution, according to the 
affinity of superpixels with the seeds. (2) Secondly, after intensifying the source by the prior 
saliency map, it is effortless to perform the active contour analysis on the enhanced image to 
obtain the object contour. Having accomplished the process above, the foreground can be 
segmented from the image for the Bayesian model, with the prior distribution acting as the 
prior saliency distribution. (3) Since the RGB (or LAB) color features are utilized as mutual 
independent components by the observation likelihood, the saliency maps obtained by the 
Bayesian model are commonly scattered, and this means that the remarkable regions may 
appear in the background mistakenly. The global color distribution structures a weight map, 
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according the occurring probability of background color as well as the local-aggregate degree 
of the color, to optimize the Bayesian-based saliency map. (4) At last, after weighting the color 
distribution weight to the Bayesian-based saliency map, the final saliency map will be 
available for us, and this saliency map inherit the advantages of both the Bayesian model and 
the color distribution. 

3.1 Background 
The object contour is firstly utilized to enclose salient pixels and provides us a preliminary 
location of the salient target. Based on the rough salient region, we transform the computation 
of saliency into a probability inference problem, using the Bayesian inference, for estimating 
the posterior probability at each pixel v of the image: 
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Where ( )p ⋅ stands for the probability, ( )salp is the prior saliency distribution, 
and ( )|v bkp represents the likelihood of observations (section 2.3). Before the running of our 
algorithm, we obtain the superpixels by the simple linear iterative clustering (SLIC) algorithm 
[8] as the minimum processing units, to better capture the structural information of the source 
image. Under the different segmentation scales, the superpixels generated are also different 
accordingly. In all cases, we choose to segment the source image into 250N = superpixels. 

3.2 Prior distribution 
Different from most previous Bayesian saliency models, we firstly employ the seed-based 
method to measure the prior distribution to combine the information of the center-surround 
contrast. 

3.2.1 Seed selection for the foreground and the background 
In this step, considering the method in [9,13] which was built on the connectivity via the 
absorbing markov chain, we structure an affinity matrix for all of the superpixels to generate 
the prior distribution map judging from the foreground and background seeds. From the 
observation to natural images, there is much possibility that the saliency target will appear at 
the center of an image. Therefore we suppose these superpixels, which contain the image 
boundary pixels, as the virtual background seeds as shown in Fig. 3(c). And then is used to 
denote the superpixel set of background seeds. Under the supports of center-surround contrast, 
we can preliminarily work out cursory foreground regions with the formula as Eq.(2). 
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where ( ),i jc cd and ( ),i jI Id indicate the color and spatial Euclidean distances between the 

ith and the jth superpixel respectively, and the jth superpixel belongs to the background-seed 
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set; ic and  jc are the average color level of two superpixels in the CIELAB color space, 

with iI and  jI being the centroids of two superpixels; θ stands for the tradeoff parameter to 
adjust the importance between color and location terms. But in experiments, we recalculate the 
saliency of superpixels and adopt the average value of  b

is by Eq.(3). 
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Where bSe indicates the number of the background-seed set. From the background seeds, a 

saliency array can be derived from Eq.(3). Then we employ an adaptive threshold [10] to 
extract the superpixels, whose saliency level in  b

is is larger than the threshold, as the 
foreground seeds form the binarized saliency map. And these seeds constitute the 
foreground-seed set fSe , with the results of seeds extraction shown in Fig. 3. 

 

 
Fig. 3. Seed sets. (a) Source image, (b) superpixels, (c) background seed set, (d) foreground seed set 

 

3.2.2 The affinity matrix and prior saliency map 
Having completed above steps, we structure an affinity matrixΑ to evaluate the proximity 
between superpixels and seeds[12,13]. Here we hold opinion that the proximity of two 
superpixels is embodied in both space and color. Hence, with a view to the spatial factor, the 
image is firstly expressed as a single layer graph ( )G V, E  which views superpixels as node 
set V and the links between a couple of nodes as edges E . However, because of the affinity 
matrix which needs to be calculated in a greater scope, we reestablish a two-layer 
graph ( )2G V, E  via a diffusion mechanism. The application of the graph is defining the scope 
which decides whether the pairs of nodes are adjacent or not. For the color factor, we utilize 
the color contrast to measure the proximity in the CIELAB color space which is named as  ijω , 
and 0.1σ = is a constant coefficient in Eq.(4). 
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Then we combine the two kinds of proximities with a piecewise function as follows: 
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ijE is the undirected common edge between i-th and j-th node and when 0ijE = the two nodes 

are spatial non-neighboring. After normalizing the rank vector of { }ija=A , the affinity 

matrix rnoΑ can be acquired from it, described as follows Eq.(6). 
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s
ia is the i-th row element extracted from { }ij= aA , denoting the value of the affinity between 

superpixels and seeds, and Ns is the number of the seeds that connect to the ith superpixel. 
Then we can derive out the foreground-based and background-based saliency maps called for 
short as  fp

sM and  bp
sM relying on the proximity vector  norΑ , and these two saliency maps can 

be calculated after normalizing the row vector, as follows: 
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Where ( )  bpS i and ( )  fpS i indicate the saliency value of foreground-based and 

background-based saliency sequence respectively for all of superpixels, which the two 
saliency maps  fp

sM and  bp
sM can be obtained from; 1r is a N dimensional vector all of whose 

elements are 1; And λ is a weight parameter which is set as 2.5 in our experiments; 
BG and FG are shortened form the background and the foreground respectively. 

3.2.3 Prior distribution 
After obtaining the two saliency maps, a saliency assignment is requisite to compute the final 
prior distribution map. Since it is defective to merge the couple of saliency maps nicely in one 
way, we adopt a pattern of multi-formulas to finish this critical process as follows Eq.(8). 
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In this formula, we first use an adaptive threshold T , which is generated by [10], to divide 

pixels of the background-based saliency map  bp
sM into two categories: the light pixel 

set { } |b
f v Tv L= >V and the dark pixel set { }  b

b v Tv | L= ≤V . Then we propose the 

parameter Ch , which is defined as   b b
f bCh V V= − , with  b

fV and  b
bV being the mean saliency 

value of pixel set b
fV and b

bV correspondingly. Then considering the pixels of object are 
aggregate and the pixels of background are diffused all around, the 
parameters  bDs and  fDs represent the foreground-pixel distribution variance 
in  bp

sM and  fp
sM respectively. And the foreground pixels are defined as the pixels whose 

saliency level 0.4vL > . They are measured by the summation of spatial Euclidean distances 
between the members of a set and its centroid, to reflect the spatial distribution characteristics 
of the two foreground sets.  fp

sM is the average level of the foreground-based saliency 

map    fp
sM which aims to solve the issue of having excessively small value. Here, v indicates a 

pixel and vL is the saliency value of v in a saliency map. Under the supports of Eq.(8), we can 
get the results in Fig. 4. 

 

 
Fig. 4. Establishment of prior distribution 

 
In Eq.(8), Ch indicates the salient difference between the extracted foreground and the 

background in  bp
sM . And it is divided into three classes: (1) when 0.22Ch < , this means the 

salient difference is small and the background in  bp
sM contains some error-salient regions (or 

the foreground is less highlight). (2) when 0.22 0.61Ch≤ < , this means the background 
in  bp

sM contains some error-salient regions but the foreground is highlight. (3) when 0.61 Ch≤ , 

this means the saliency map  bp
sM is an optimal result, which contains highlight foreground and 
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clean background. The two parameters  bDs and  fDs used to evaluate the quality of the two 

saliency maps, which means that the larger the  bDs (or  fDs ) value is, the more dispersive the 
pixels that belong to it are.  

Hence, we can deem that the smaller one represent a good quality. At last,  fp
sM is utilized to 

limit the pixel proportion of foreground in the foreground-based saliency map. If 0.29fp
sM ≥ , 

the acreage of the detected object is one third of the image, which is always exceptional in the 
experiments. On the contrary, the detection result is proper when 0.29fp

sM < . 

Therefore, 0.22, fbC Ds sh D< ≤ of the first constraint condition in Eq.(8) means that  bp
sM is 

superior to  fp
sM ,considering the quality of two maps, but the foreground is not perfect for us. 

Hence, we make the common remarkable regions as the saliency regions in the prior saliency 
map. And this also can be applied to the condition of 0.22 0.61Ch≤ < . The second constraint 
condition 0.22Ch < and fbDs Ds> indicates that  fp

sM is superior to  bp
sM , and we 

retain  fp
sM as the prior distribution because Ch is too small. Then in the last two constraint 

conditions, 0.61Ch ≥ means  bp
sM is work well and fp

sM decides which operation will be 

employed. When 0.29fp
sM ≥ , we weight  bp

sM by  fp
sM to eliminate the 

redundancy-background regions in  fp
sM . If 0.29fp

sM < , we compute ps with a linear fusion. 
And the constants 0.22, 0.29, 0.61 are the threshold parameters, obtained after the repeatedly 
parameter adjusting according to the experiments. 

3. 3 Active contour model and Bayesian model 
Active contour model is a deformable spline having a minimizing energy, and controlled by 
the constraint. The image forces propel it towards the target edges, and the internal forces keep 
the deformation resisting [14]. Although the snake model can detect the foreground contours 
aright, it requires expensive computation cost and can’t handle multi-objective problem. For 
this reason, we employ the active contour based on the levels set instead of the snake model. 

3. 3.1 Level Set Method 
Level set method (LSM) is a framework, which utilizes the level sets as a tool for numerical 
analysis of surfaces and shapes. One merit of the LSM is that the model can execute numerical 
calculations and meanwhile avoid the processing of parameterizing these targets called the 
Eulerian method [15], with the curves and surfaces on a stabilized Cartesian grid. What’s more, 
it’s very easy to follow shapes which change topology via the level set method. All of these 
factors enable the level set model to have good deals with the time-varying objects and the 
multi-objective tasks. In our approach, we employ the level set method in [16], which executes 
the evolution without re-initialization, to replace the convex hull. Therefore the model is more 
efficient than the traditional level set methods, because it can be implemented well merely by 
applying simple finite difference scheme. 
    In this project, we combine the Bayesian inference with the LSM instead of the convex hull 
to detect a more accurate foreground. The role of LSM in saliency detection is extracting the 
object contours by the iterative evolution of the contours. Therefore we can choose to let the 
contours cover the foreground regions or foreground seeds, with controlling the maximum 
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iteration. This process also can be applied to the co-saliency detection [17-19] and 
saliency-based weakly supervised object detection [20,21]. For the co-saliency detection, we 
can utilize the LSM to obtain a rough foreground and reduce the redundant background, so that 
the efficiency of the algorithm can be improved to some degrees. And for the weakly 
supervised object detection, we can use the weakly supervised information to design the initial 
object contours and the maximum iteration to extract the foreground-feature seeds. That is to 
say the contribution of the LSM is locating the sketchy object position, with reducing the 
useless background regions, which endows the algorithm gain an improved efficiency. 
 

 
Fig. 5. Enhancement of the gray-scale image. (a) Source image, (b) enhanced image 

 
 

   When the level set model is utilized in our algorithm, some appropriate modifications are 
accepted for it to make this model more efficient and suited to our method. Since the active 
contour analysis is executed based on gray-scale images gI , we treat the prior saliency 

map p
sM as kind of prior information to highlight the gray-scale image so that the object region 

can be enhanced by  p
ge g sI I M= ⋅ , as Fig. 5.                        

In addition to the gray-scale images, iteration of the evolution is another critical factor, 
which will immediately impact the results of the evolution. As images are diverse from each 
other, the value of iterations should be also different. Thus the maximum iteration for each 
image is adaptively computed as Eq.(9): 

 

 geIter Vµ= ⋅                                                           (9) 
 

Whereµ is a coefficient for Eq.(9) which is set as 145 in experiments keeping most iteration 

changing within the interval [ ]300,1000 ;  geV is the average gray-scale value of pixel 

set  geV whose elements have larger enhanced gray-scale values than the rest of the image, and 

the values must be greater than 0.05. This can be expressed as { }| , 0.05ge ge vv I gv= ∈ >V , 

with vg indicating the gray-scale value of the pixel v . Fig. 6 shows us two examples of the 
active contour analysis. 
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Fig. 6. Evolution of LSM. (a) Example of single target, (b) example of multi targets 
 
 

In this iterative process, there are two conditions that can stop the iterative evolution: (1) the 
first one is the maximum iteration Iter , computed by Eq.(9), to limit the iteration times for the 
evolution; (2) the contours evolve to the optimal shape in [16], which is described as the 
variable-pixel quantity at each iteration in the actual experiment. When the variable quantity is 
less than the threshold vT , the iterative process is stopped even though the iteration does not 
reach its maximum. And the iterative threshold vT  is set as 4 pixels experimentally. 

3. 3.2 Bayesian saliency model 
Having separated an image into foreground and background with object contours, we calculate 
the likelihood probability ( )|v bkp in Eq.(1) by the way of [15], which can be described as 
Eq.(10). 
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Where ( )y ⋅ denotes the color features of each pixel and are written as: 

( ) ( ) ( ) ( ){ }, ,y L a b⋅⋅ ⋅∈ ⋅ in the CIELAB color space; bN and fN are cardinal numbers of the 

foreground or the background respectively; Similarly ( )( )  v
fN y ⋅ and ( )( ) v

bN y ⋅ denote 
respectively the number of pixels that have the same color features as current pixel’s and 
belong to the foreground or the background. Then substituting Eq.(10) and Eq.(8) into Eq.(1), 
we can obtain the Bayesian saliency maps  bys

sM shown in Fig. 7. 
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Fig. 7. Bayesian saliency map. (a) Source image, (b) prior saliency map, (c) Bayesian saliency map 
 

3. 4 Global color distribution and selection mechanism 
As stated above, we need some information to remove the background-redundant saliency 
regions in the Bayesian saliency map so that an anticipant result can be received. From the 
top-down perspective, a target must be unique and integral, which means that colors of the 
object shouldn’t appear in the background, and they are aggregated in a region or regions. So 
we measure the distribution weight Cw of global color pass both sides: the foreground-color 
weight  pCw based on the occurrence probability of the background colors, and the 

space-aggregation degree of each color in shorthand for dCw . 

3. 4.1 Foreground color weight 
We believe that a higher background-occurrence frequency of a color means a smaller 
probability to become salient for this color. In this section, all of the colors have to be 
classified into foreground color and background color, with a probabilistic classification, 
based on the object contours. To efficiently extract all of the colors in the image, we establish 
a color histogram Hist [22] in RGB color space with a mapping table Colormap, which reflects 
the mapping relationship between colors and pixels, after quantizing all of the three color 
channels to 24 different levels. Then we measure the probability of each color as Eq.(11), 
where   cbp is the appearing probability of the c-th color in BG , supposing there are  H kinds of 
colors in the image; 0.3h = is a constant coefficient in our experiments. Although the 
foreground-color weight  pCw is generated form the color probability of background, its values 
represent the saliency weight for each color. 
 

( ) ( )( )2 / 2cb

p

p c h
Cw c e

−
=                                           (11) 

 

3. 4.2 Collective level of colors 
For this parameter, we estimate it on both the pixel-level relationship and the structural 
features of image, giving consideration to the bottom-level cue and middle-level cue. For the 
bottom-level weight named as color distribution ( ) l

dCw c , we firstly sort all pixels 
into H classes according to their color, and represent this process as 
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{ }( ) | ( ) , 1,2, ,Class c v Colormap v c c H= = =  . Having classified pixels, the weight based 
on low level cue can be measured as Eq.(12): 
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Where ( )jP c denotes the center coordinates of the j-th member of the c-th class and ( )0P c is 

the geometric center of this class; cm is the cardinal number of the -th color class; 6κ = is a 
constant coefficient in our experiments. 

The middle-level weight  m
dCw can be regarded as a numeric expression of the relationship 

between one superpixel and others, which means that the two color-similar superpixels are 
more likely to be unremarkable if there is a distant spatial relationship between each other. The 
computation formula for  m

dCw  is similar to [4] and presented as ( ) iDm
dCw i e κ− ⋅= . iψ  and 

iD are computed in Eq.(13), where the   ijω which sets the parameterσ to 9 is different from the 

one above; iψ is the centroid of superpixel  iS in the weight space; If the value of ( )m
dCw i is 

larger than others, the color set represented by  iS is more likely to be the foreground color; iZ is 

the normalizing parameter for   ijω to make sure  
1
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3. 4.3 Global color distribution and selection mechanism 
After merging the three weights above, the final color distribution weight Cw can be obtained. 
We set up a selection mechanism for this merging based on the contrast 
between   lf

dCw and  lb
dCw . These two parameters are the average weight scale of FG and BG in 

the three weight maps accordingly. Because the selection mechanism has impacts on the 
weights of collective level merely, we can do the process of selection as follows. 
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Fig. 8. Computing process of the global color distribution 

 
Firstly, the selection equation for  l

dCw  is  
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Then, the selection formula for  m
dCw is 
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In Eq.(14), the foreground saliency level is smaller than background if     f b

d dCw Cw⋅ ⋅≤ . 
Hence, we set this map to all zero, as it will negatively affect the generating of Cw . In Eq.(15), 
the parameter 0.12 is the margin for mb

dCw , which comes from the practical testing. 

0.3mf
dCw < is similar to the constraint condition 0.22Ch < in Eq.(8). At last, the assignment 

equation for Cw is  
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mn ln
p d d

mn ln
p d d

Cw if Cw Cw
Cw

Cw Cw Cw otherwise

 + == 
⋅ +

                           (16) 
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Where 0 is a null matrix, and the constraint parameters are got from the practice. Fig. 8 shows 
us the two cases in our experiments; one of them is discarding the map of m

dCw in Fig. 8(B), 

where we abandon the middle-level saliency map m
dCw which has negative influences on the 

final color distribution weight, because the average saliency level of the detected regions is 
smaller than the background’s.  

From the results shown in Fig. 8, we can know that the maps are still wild although the 
objects are more remarkable than other regions. To address this problem, we smooth 
distribution weight map with  p

sM by Eq.(17). 
( )pS Cwn pCw dark S eλ⋅ +

⋅= ⋅                                                (17) 
Where dark is the weight of dark channel in [23] which aims to eliminate the bright 
background (such as sky); the coefficient 1.3λ = and the results of the smoothing are shown in 
Fig. 9(c). 
  

 
Fig. 9. Final saliency map. (a) Source image, (b) Bayesian saliency map, (c) new distribution weight,  

(d) final saliency map, (e) Ground truth 
 

3. 5 Saliency assignment 
After accomplishing these processes above, the new distribution weight is so accurate that 
they can be weighted to the Bayesian saliency map. And we describe this using the formula as 
follows: 

( )( )
0

0 0

                                                   
  

   
1 1

bys Cw
s sf v

bys
sal sal s

w bys bys
sal s s sal

M V t
M M MF otherwise

M M M M

 <


= ⋅ ⋅ ⋅ + − −

                          (18) 

Where  Cw
sM is the weight map derived from nCw , and 0  bys Cw

sal s sM M Mξ ε= ⋅ + ⋅ . wF denotes 
the contour weight which holds that the weights of the object should be set as 1 and the others’ 
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decrease down by distance; Then   Cw
sfV is the mean weight of pixel set ( ){ }0.1|Cw

sf wFv v= >V , 

which aims to restrain the adverse effect of  Cw
sM when it has a low-grade weight for the object, 

and the threshold vt is set as 0.22 in our experiments; ξ and ε stand for the weights to balance 
two saliency maps, which must meet the constraint condition 1ξ ε+ = . In our practice, we 
found = =0.5ξ ε to work well, and the results of assignment are seen in Fig. 9. 

4. Experimental Saliency Results and Analysis 

4.1 Evaluation of method details 
In this subsection, we evaluate the performance for each component of the presented model 
via the Precision-Recall curve and F-threshold curve on the benchmark dataset ASD, as shown 
in Fig. 10. In the proposed method, there are four courses: the prior distribution (the prior 
saliency map), the Bayesian model, the global color distribution and the final saliency fusion. 
The prior distribution is the foundation for the following steps, which intensifies the object 
regions in source image and supports the processes of Bayesian model and global color 
distribution. Further, the Bayesian model and the global color distribution are the 
performance-improved stages for our method. Hence, the promotions of the two stages are 
shown in Fig. 10 (a), based on the comparison with the prior saliency map. Besides, we further 
compute the F-threshold curves to measure the stability for each component by Eq.(19), as 
shown in Fig. 10 (c) and (e). 

According to the evaluation results in Fig. 10, it is effortless to discover that the P-R curve 
of the prior distribution is favorable effect, which means the prior distribution can detect the 
object as highlight regions aright. But from its F-threshold curve in Fig. 10 (c) and (e) (the 
green line), we can obtain that the prior saliency map have many error-detected regions in the 
background such as the prior distribution in Fig. 2. This is because the values of F-measure 
should have a little fluctuation with the reasonable change of segmentation threshold, for a 
highlight and precise detection result. In our project, the F-measure of the prior saliency map 
has a conspicuous change, while the F-threshold curve of Bayesian model perform well in the 
stability aspect.  

Therefore, the Bayesian model improves the stability of the suggested method, comparing 
with the prior distribution. The shortcoming of Bayesian model is generating major detection 
errors, caused by the observation likelihood in Bayesian model. And it is easy to discover from 
the P-R curve (the black one) in Fig. 10 (a) and (b), as well as the F-threshold curve in Fig. 10 
(c). To improve the precision of our model, the global color distribution is proposed to address 
the scattered problem for the detected salient regions by Bayesian model. Observing the 
F-threshold curve of the color weight, the curve decreases rapidly with the increasing of the 
threshold but has a high precision. This is because the saliency regions are not remarkable 
enough as shown in Fig. 2, and this problem can be solved by the Bayesian model. In other 
words, the two performance-improved stages are complementary—the Bayesian model and 
the global color distribution. After integrating the two performance-improved stages, we can 
obtain a performance-balanced algorithm, which is stable and accurate. From the curves in Fig. 
10 (d) and (e), the final results are improved significantly. 
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Fig. 10. Evaluation of algorithm details on ASD dataset 

 
Although there are four steps in the proposed method, the first three components is the core 

computing process for our saliency. Hence the complexity of our approach deponds on them, 
and among the three steps the  Bayesian model and the global color distribution is effective, 
while the  active contour analysis is influenced greatly by the complexity  of source image. A 
well foreground may need more iterations when source image own a complex bacnground, 
which means the approach is more computation costing than the simple background. 
Generally speaking, the proposed method has no advantage on the aspect of dffiency due to the 
iteration and this is also the drawback of our menthod, but the foreground from us is more 
accurate than the method of convex hull. 

4.2 Comparisons with other models 
In this section, to measure the quality of our approach, we evaluate the presented method on 
five public available datasets: MSRA[22], ASD[24], ECSSD[25], CSSD[26] and THUR[27]. 
Then we compare our model with fifteen state-of-the-art methods using precision and recall 
(P-R) curve and F-measure: SF[4], SUN[5], BYS[6], GR[7], MC[13], HC[22], HS[26], 
LRR[28], FT[29], DSR[30], SR[31], FES[32], SER[33], SIM[34], GU[35]. 

In the part of qualitative results, we select eight models from the approaches above to 
operate the qualitative analysis, as displayed in Fig. 11. These eight models are: CB[36], FT, 
RC[22], SEG[37], MC, BYS, AC [11]and GB[38]. Further, for the quantitative analysis, all of 
the methods will be measured based on the five datasets as follows:  
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Fig. 11. Comparison results of the proposed algorithm with the state-of-the-art methods on five datasets. 
(a) P-R curve, (b) F-threshold curve, (c) P-R-F histogram 
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4.2.1 Quantitative Results 
To further compare these methods above with ours, we calculate the precision and recall 
values on all of five datasets by the way in literature [27]. Then for computing the precision 
and recall, we segment the saliency maps by the threshold changed from 0 to 255 with 5 as one 
level, which is similar to [21]. The P-R curves can be seen in Fig. 11, in which there are five 
groups corresponding to the five datasets: A. MSRA, B. ASD, C. ECSSD, D. CSSD and E. 
THUR. What’s more, we adopt the F-measure to evaluate the combination property of our 
algorithm defined as follows: 
 

( )2

2

1 precision recall
precision recall

Fϕ
ϕ

ϕ
+ ⋅ ⋅

=
⋅ +

                                       (19) 

 
Similar to [7,8], the weight parameter 2 ϕ is set as 0.3 in our experiments. 

Each group in Fig. 11 is composed of three parts: (a) P-R curve, (b) F-threshold curve, (c) 
P-R-F histogram. From the P-R curves, we can evaluate the accuracy of the models; the 
F-threshold curves are computed to measure the stability, as mentioned in section 3.1. A 
less-volatile F-threshold curve means that the saliency maps are differentiated, and have 
accurate and highlight object regions. According to the F-threshold curves, we choose an 
optimal segmentation threshold, which makes the F-threshold curve reach its peak value, for 
each model. Based on this threshold, we build the P-R-F histograms and then compare the 
comprehensive performance for the results evaluation. 

Observing the P-R, F-threshold curves and P-R-F histogram in Fig. 11, it is clear that the 
presented method exhibit nice performance in both accuracy and stability. And the saliency 
maps are also satisfactory for us. The basis of active contour model and the complementary 
mechanism between the Bayesian model and the global color distribution are the core courses 
in our method, and the cooperation of them is the contribution of this part. 

 

4.2.2 Qualitative Results 
In this subsection, we compare the eight models for qualitative analysis, according to ten 
groups’ saliency detection results. Observing the maps in Fig. 12, it is easy to find that the 
obtained saliency maps can highlight the object regions, with the background maintaining less 
interferential. And this is the intuitive reflect of the contribution in our paper, which is 
generated by the active contour analysis as well as the global color distribution. By comparing 
saliency maps, we can see that our saliency maps contain cleaner background and more 
highlighted foreground than other methods in the comparison. Fig. 11 also shows this strong 
point by the curves of F-threshold which can reach their peaks in a short time and remain 
stable within a wide range. 
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Fig. 12. Visual comparison of our model with other state-of-the-art algorithms. From top to bottom:  

(a) Input image, (b) Ground truths, (c) CB, (d) FT, (e) RC, (f) SEG, (g) AMC,  
(h) BM, (i) AC, (j) GB, (k) Ours 

5. Conclusion 
In this paper, we propose a modified Bayesian model for saliency detection based on the 

active contour analysis, and perfect the Bayesian saliency map by the distribution weight of 
global colors. The combination of these two processes with the Bayesian framework 
preferably solves a couple of key problems for Bayesian model, which are foreground 
segmentation and redundancy elimination. The former can operate a more accurate 
segmentation for the image than convex hull, and the latter can correct the Bayesian saliency 
map so that a more cleanly saliency map can be obtained. At last, the results of our 
experiments prove that the method proposed is feasible and effectual. 
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