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Abstract—Recently, investigating boundary prior to aid other
low-level image cues, have gained great attention in salient object
detection. Although the salient regions are mostly located in
the image center, the inverse might not necessarily be true. In
addition, such kind of center-bias assumption is very simple and
fragile, especially when salient regions often touch the image
boundary or the images are with complex background (e.g., small
scale and high contrast patterns). To this end, this paper presents
a new framework to address these two issues. First, we propose
a robust background descriptor, called boundary connectivity,
which is calculated to measure how heavily a region is connected
to image boundary. This measure has an intuitive geometrical
interpretation that are absent in previous saliency formulation.
In order to reduce the effect of imprecise object boundary,
we also propose a multiple layer over-segmentation framework
to integrate multiple low-level cues, including our background
measure, to highlight clean and uniform saliency maps. The
experiment results demonstrate that our method achieves state-
of-the-art results on MSRA-1000 datasets.

Index Terms—salient object detection, boundary connectivity,
multiple layer over-segmentation.

I. INTRODUCTION

Our human beings have the powerful capability to quickly

locate the most interesting parts, when first glancing at the

given scene. Such image parts are considered as salient ob-
ject/regions since they attract greater attention than other parts

by the human visual system (HVS). Form the perspective of

computer vision, the task of salient object detection is defined

as the binary segmentation problem of separating the salient

objects from the background [1]. In recent years, salient object

detection has become an important and active research topic

in both neuroscience and computer vision[2], [3], [4], [5], [6],

[7], [8], since it has served as a pre-processing procedure for

many vision tasks, such as image compression [9], stylized

rendering [10], object recognition [11], visual tracking [12],

and image retargeting [13], etc.

According to whether the detection procedure requires

human interaction or not, existing methods are divided into

two categories: top-down (supervised) and bottom-up (unsu-

pervised) approaches. The first category often describes the

saliency by the visual knowledge constructed from the training

process, and then use such knowledge for saliency detection

on the test images [1], [14], [15]. On the contrary, the second

one usually determines the saliency of a pixel based on low-

level stimuli-driven features without any prior of the salient

region or object [2], [3], [4], [6].

Due to the high computational efficiency and scalability

to large scale datasets, mainly previous methods are favor to

bottom-up approaches, relying on the assumptions about the

properties of objects and backgrounds. The mostly utilized

assumption is that the visual saliency can be measured from

distinctiveness between center patches/regions and surround-

ing context. This is called contrast prior and is widely used

in existing salient object detection models [1], [3], [4], [7],

[10]. Besides contrast prior, several recent approaches attempt

to exploit image boundary prior information [2], [5], [6],

[16], [17], [18], i.e., image boundary regions are always

backgrounds, to inhibit the influence of background to the

true salient regions. Although these background prior based

models have achieved promising results, they still suffer from

following limitations:

• They simply treat all image boundary as background.

However, the salient objects may locate in or slightly

touch the image boundary, leading to the failure using

such heuristic assumption.

• The background itself may be complex and exhibit variety

of visual appearance, e.g., containing small scale and

high contrast patterns. Without assistance of high-level

knowledge, it is often difficult to exclude such noisy

background and may highlight wrong pixels.

This work presents a new framework to address above

problems. By investigating the connective property between

image regions and boundaries, we propose a reliable back-

ground descriptor, named boundary connectivity, which is

our first contribution. Instead of assuming image boundary is

always background [8], [19], [18], our boundary connectivity

judges a region belongs to background only when it heavily
connects to image boundary. Since this descriptor characterizes

a geometrical interpretation of image regions with respect

to image boundaries, it is more stable with respect to the

variations of image content. The main advantage of boundary

connectivity lies in the fact that it has similar distributions

of scores across different images and are directly comparable.
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Fig. 1. Two examples of multiple layer over-segmentation. From left to right
are the original images and their segmentation results. Different superpixels
are separated by white boundaries. (Best viewed in color)

Consequently, it can significantly enhance traditional contrast

computation, e.g., color contrast, leading to highlight entire

salient object regions and excludes background regions.

It is well known that salient object detection heavily depends

on the accuracy of the segmentation. Yet, this is usually

explored in one scale over-segmentation framework, always

resulting in inaccurate object shape delineation [10], [20]. In

the coarse-scale segmentation, some superpixels may contain

the salient object, yet ignore the local details of heterogeneous

regions. On the other hand, in the fine-scale segmentation,

the superpixels tend to have object boundaries with high

precision, but neglect the integrity of entire salient object. Our

second contribution is a principled framework that estimates

pixel saliency using multiple layer over-segmentation. In each

segmentation layer, background regions are constrained to

have low saliency using our background connectivity measure,

while object regions are constrained to take high saliency

only using color contrast with respect to background regions.

Finally, a smoothness integration is adopted to predict pixel

saliency, which ensures that the saliency map is uniform

to stress the whole salient objects. Our approach combines

contrast feature maps in an intuitive, efficient, and straightfor-

ward manner, which is significantly different from complex

CRF/MRF-based optimization methods [1], [8], [21].

We evaluated our method on MSRA-1000 dataset [1], and

compared with 12 main-stream saliency models [3], [14], [22],

[23], [24], [25], [26], [27], [28], [29], [30], [31] as well as

with manually produced ground truth annotations. The whole

paper is organized as follows: Section II briefly presents our

multiple layer over-segmentation using the technique of [32],

and the details of our saliency computation is introduced in

Section III. Section IV shows the experimental results, and the

conclusion remark is given in Section V.

II. MULTIPLE LAYER OVER-SEGMENTATION

Using over-segmentation technique has been found useful

for salient object detection by other researchers [8]. Thus, our

first step is to form multiple layer over-segmentation from

raw pixel intensities of input image. These segmentations are

able to produce a set of superpixels, corresponding to small,

homogeneous image regions with different size.

As shown in Fig. 1, an input image I is first partitioned

into a series of super-pixels using mean shift segmentation

technique [32] with different parameter settings. The involved

parameters are the spatial resolution parameter hs, the range

resolution parameter hr and the size of smallest segments
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Fig. 2. A toy example of boundary connectivity. The synthetic image
consists of four regions, where the boundary connectivity values overlaid
correspondingly. (Best viewed in color)

Min. In practice, we initialize these parameters as hs = 10,

hr = 2, and Min = 100. Then multiple layers of over-

segmentations are produced by incremental increasing these

parameters with updated step as 10, 2, and 100, respectively.

Ideally, we would like to consider as many as possible of

over-segmentation so that we can make full use of region

cues. However, this would require a significant computational

efforts, and thus only 5 segmentation layers are considered in

our method.

From Fig. 1, although generated superpixels tend to be

highly irregular in size and shape, the advantage of using [32]

lies in the fact that it can often group large homogeneous

regions with similar appearance, while dividing heterogeneous

regions into many smaller ones. Alternative over-segmentation

approaches include hierarchical segmentation [8], graph-based

segmentation [33], and normalized cuts [34]. These methods

require much more processing time to produce superpixels or

the generated superpixels have imprecise boundaries.

III. MEASURING VISUAL SALIENCY

In this section, we first introduce the background connectivi-

ty descriptor, and then describe our color contrast computation

for producing saliency maps.

A. Background Connectivity Measure

Observing nature images, we found that object and back-

ground regions usually have different spatial layout, for in-

stance, object regions tend to be much less connected to image
boundaries than background ones.

Fig. 2 shows a toy example that verifies this observation.

The synthetic image contains four regions (white, black, red

and blue), where each square represents a pixel. From human

perception, the red region is definitely a salient object as it is

compact, regular, and only slightly connects image boundary

(only three pixels). On the contrary, the white and black

regions are clearly backgrounds as they occupy large image

area, and significantly touch the image boundary. Finally, only

a small amount of the blue region touches the image boundary

(6 pixels), yet its size is also too small so that it looks more like

a partially cropped object, e.g., small scale and high contrast
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Fig. 3. Illustration of boundary connectivity for some images. White color
means high boundary connectivity value, while black color represents low
boundary connectivity value. (Best viewed in color)

noisy patterns. As a result, it also should be assigned a low

saliency value. According to above observation, we propose a

novel measure, named boundary connectivity, to quantify how

heavily a segmented superpixel ri is connected to the image

boundaries. It is defined as:

BC(ri) =
|{p(x, y)|p(x, y) ∈ ri, p(x, y) ∈ Bnd}|√|A(ri)|

(1)

where p(x, y) denotes a pixel located with coordinate (x, y),
and Bnd is the set of boundary pixels. | · | presents pixel

counting operation, and A(ri) = |{p(x, y)|p(x, y) ∈ ri}| is

the area of superpixel ri.
In order to achieve scale invariance, we compute the square

root of the area of ri in Eqn. (1), which ensures the stability

across image regions with different resolutions. The definition

of background connectivity has an intuitive geometrical inter-

pretation: it is the ratio of a region’s boundary perimeter to the
square root of its area. As shown in Fig. 3, the boundary con-

nectivity usually assigns large values for background regions

and small values for object regions, whether salient object

are in the center of image, or slightly touch, even heavily

connected to image boundary.

B. Robust Background Region Abstraction

According to Eqn. (1), boundary connectivity is with similar

distributions of values across different images. As a result, it

is able to detect the background at a high precision only using

a single threshold.

In jth segmentation layer of one input image, the boundary

connectivity value bjm, corresponding to superpixel rjm, is

computed based on Eqn. (1). Then we select the average

boundary connectivity value across all superpixels as single

threshold θ:

θ =
1

M

M∑
m=1

bjm (2)

where M is the total number of superpixels in jth segmen-

tation layer. Those superpixels, whose boundary connectivity

value is higher than θ, are selected as background regions.

Using such simple criteria is more robust with respect to the

variations of image content, e.g., it naturally handles images

with multiple salient objects, or purely background images

without objects.

C. Color Contrast Saliency

It often happens that salient object may not perfectly locate

in the center of image, while the color of object regions

is still quite different with respect to other regions. Instead

of computing saliency based on entire image [10], here we

calculate the contrast based on background regions.

Due to the human visual perception, we first transfer RGB

color space to CIELab color space, and thus superpixel rji in

jth layer of over-segmentation is represented by its mean color

c̄(rji ). Let {Bj
1, B

j
2, · · · , Bj

N} be the selected background

regions according to Section III-B, then we calculate the color

contrast value for rji as:

CS(rji ) =
1

N

N∑
n=1

∑
∗=L,a,b

d∗(r
j
i , B

j
n) (3)

where d∗(r
j
i , B

j
n) =

√
[c̄∗(r

j
i )− c̄∗(B

j
n)]2 is the Euclidean

distance quantified the difference in each color channel.

In practice, we found the this measure to be of higher

significance and discriminative power. Therefore, we employ

an exponential function to enhance color contrast saliency in

each layer of segmentation:

s(rji ) = exp{α · CS(rji )} − 1 (4)

where α is a scaling parameter, and set as 6 empirically. From

Eqn. (4), if a region has great color difference with respect to

background regions, it will get a large value leading to high

contrast saliency for that region overall. Note that if rji itself

is a background regions, the color contrast saliency will be

0. Finally, saliency value of superpixel rji is assigned to the

contained pixel p(x, y), and the corresponding color contrast

saliency is presented by sj(p).

D. Combined Saliency

It is well known that the integration of low level cues from

different segmentation layers can yield better results [1], [8],

[20]. Instead of using heuristic ways, e.g., weighted summation

or multiplication [4], [35], we employ an nonlinear operator

to combine color contrast to generate final saliency map.

More preciously, we assume that the color contrast saliency

maps in each segmentation layer are independent, and start by

normalizing them to the range [0, 1] following [4]:

sj(p) =
sj(p)− sjmin(p)

sjmax(p)− sjmin(p)
(5)

where sjmax(p) and sjmin(p) are the maximum and minimum

value in jth segmentation layer. Then the final saliency map

s(p) is calculated using the minimum value among all seg-

mentation layers:

s(p) = min
j

sj(p) (6)

Using this nonlinear operation is quite effective to exclude

background, and maintains good object outlines.

IV. EXPERIMENTAL RESULTS

In order to evaluate our proposed method, we carried

out experiments on MSRA-1000 benchmark dataset using

the Precision-Recall curve (PRC) and F-measure [10], [36].

MSRA-1000 dataset contains 1000 images with resolution of
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Fig. 4. Quantitative comparison with all state-of-the-art methods. Left and middle: PRC of our method compared with CA [14], AC [26], IT [3], LC [23],
SR [22], GB [24], AM [25], SG [27], IM [28], SUN [31], SE [29], and SW [30]. Right: Average precision, recall and F-measure value. (Best viewed in color)

(a) image (j) SR (m) LC(h) IT(f) GB(d) AM(b) AC (c) CA (k) SUN(e) SG (g) IM (l)SW (i) SE (n) Ours (o) GT

Fig. 5. Visual comparison of previous approaches with our method. See the legend of Fig. 4 for the references to all methods. (Best viewed in color)

approximate 400 × 300 or 300 × 400 pixels, and provides

accurate object-contour-based ground truth.

A. Baselines

We selected 12 state-of-the-art models as baselines for

comparison, including spectral residual saliency (SR [22]),

spatiotemporal cues (LC [23]), attention measure (IT [3]),

graph-based saliency (GB [24]), visual search (AM [25]),

saliency segmentation (AC [26]), context-aware saliency (CA

[14]), segmenting saliency (SG [27]), saliency estimation (IM

[28]), self-resemblance saliency (SE [29]), spatial dissimilarity

saliency (SW [30]), and nature statistic saliency (SUN [31]).

B. Evaluation Metrics

In order to quantitatively evaluate the effectiveness of our

method, we conducted experiments based on the following

widely used criteria. The PRC is used to evaluate the similarity

between the predicted saliency maps and the ground truth [10],

[20]. Precision corresponds to the percentage of salient pixels

correctly assigned, while recall corresponds to the fraction of

detected salient pixels in relation to the ground truth number

of salient pixels. An alternative criterion to evaluate the overall

performance is the F-measure [10], [36], which is utilized to

weight harmonic mean measurement of precision and recall.

The F-measure is defined as:

Fβ =
(1 + β2)× Precision×Recall

β2 × Precision+Recall
(7)

where β2 = 0.3 following [10], [36].

C. Overall Results

We implemented our method and the state-of-the-art models

using a Dual Core 2.6 GHz machine with 4GB memory.
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The precision-recall curve (PRC) is illustrated in Fig. 4. It

clearly shows that our method outperforms other approaches.

It is interesting to note that the minimum recall value of our

methods starts from 0.17, and the corresponding precision is

higher than those of the other methods. This probably because

the saliency maps computed by our methods contain more

pixels with the saliency value 255. We also evaluate our

method in terms of F-measure[36] in the right panel of Fig. 4.

Our method achieves higher F-measure value (ours = 0.713)

than other competitive models (CA = 0.592, SW = 0.634, and

SG = 0.685).

Visual comparison with different methods on MSRA-1000

dataset are shown in Fig. 5. Compared with these models,

our method is very effective in eliminating the cluttered

backgrounds, and uniformly highlighted salient regions with

well-defined object shapes, no matter whether salient objects

locate in image center, or far away from image center, even

on the image boundary.

V. CONCLUSION AND FUTURE WORK

In this paper, we present a robust background exclusion

model for salient object detection. The key advantages of

our method are: (1) background regions can be automati-

cally produced according to the new background measure,

called background connectivity; (2) using the contrast against

background regions makes our method superior than the

methods computing contrast with respect to the entire image;

(3) employing multiple layer over-segmentation framework is

able to integrate low-level visual cues from different layers

for salient object detection, while maintaining well object

shape declination. Our method has been tested on MSRA-1000

dataset, and achieves state-of-the-art results. The future work

includes incorporating top-down priors to further improve the

performance, as well as [21] does.
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