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We propose an algorithm for salient object detection (SOD) based on multi-scale graph ranking and
iterative local–global object refinement. Starting from a set of multi-scale image decompositions using
superpixels, we propose an objective function which is optimized on a multi-layer graph structure to
diffuse saliency from image borders to salient objects. This step aims at roughly estimating the location
and extent of salient objects in the image. We then enhance the object saliency through an iterative
process employing random forests and local boundary refinement using color, texture and edge in-
formation. We also use a feature weighting scheme to ensure optimal object/background discrimination.
Our algorithm yields very accurate saliency maps for SOD while maintaining a reasonable computational
time. Experiments on several standard datasets have shown that our approach outperforms several re-
cent methods dealing with SOD.

& 2016 Elsevier B.V. All rights reserved.
1. Introduction

Salient object detection is an important problem for several
computer vision applications such as object detection and seg-
mentation [2,18,41], content-based image retrieval [10,24], image
editing [16], pose estimation [48], image/video summarization
classification [51,62] and GPS location estimation [45]. Humans are
capable of quickly and accurately identifying salient objects in
images where usually the attention is drawn. Saliency in general
expresses rarity and local contrast of image attributes such as
color, edges and texture [10]. Early saliency models have been
developed mainly for eye fixation prediction in natural images
aiming to understand human visual attention [2,11,30]. Recently,
several methods have been proposed to detect salient regions
(objects) standing out from their surroundings [10,12,18].

Past approaches for saliency computation define region un-
iqueness in either local or global context. Local saliency approaches
simulate human attention mechanisms by measuring saliency as
the difference between a center pixel/region and its surroundings
[11,40]. The difficulty in these approaches is the selection of an
appropriate neighborhood size since an object scale is unknown in
advance. Therefore, local methods are efficient in predicting hu-
man eye fixation [11,33], but tend to emphasize the saliency of
il.com (N. Benblidia).
object boundaries rather than entire objects [43,47,61]. Global
saliency approaches rely on color uniqueness in terms of global
statistics of the image to detect salient objects [2]. For example,
contrasting pixel color to all the image can be used in the spatial or
the frequency domains to detect uniformly colored salient regions
[2,78]. Also, color and orientation distributions can be used to
compute global saliency in the image [27]. Since global methods
rely on global image statistics, they are able to find regions ex-
hibiting significant color and orientation contrast with the rest of
the image. However, they are less efficient in encoding spatial
information such as object location and saliency contiguity, which
can cause undesired small and disconnected saliency maps. An-
other limitation consists in missing salient objects when they oc-
cupy a large proportion of the image.

Recently, methods combining local and global information have
been proposed to enhance SOD and segmentation. For example,
graph-based [35,76,77] and statistical-based methods [28,36] have
been proposed for SOD. In [28], a Markov random-field model has
been proposed to detect salient regions in the image. Since the
graph structure is built at the pixel level, this method incurs a
huge computation time. To alleviate this problem, some methods
compute object saliency at the level of superpixels instead of
pixels [18,35,44,77]. For example, the authors in [35] use Markov
chains on graphs with nodes representing superpixels and define
transient and absorbing nodes as superpixels in the center and the
border of the image to formulate saliency detection. In [77],
background attributes are extracted from image borders to guide
SOD by graph-based manifold ranking.
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Using superpixels yields generally to a huge improvement for
SOD over operating on the pixel or patch level of the image
[12,18,49]. One major limitation, however, remains in the selection
of the optimal superpixel granularity for achieving good object
detection. Indeed, too small superpixels tend generally to em-
phasize only some parts of the salient objects and small details of
the background, whereas too large superpixels tend to produce
large regions containing parts of the background [76]. To circum-
vent this issue, hierarchical models have been proposed to detect
salient objects at different scales of the image [49,67,76]. However,
in case of cluttered backgrounds or patterned small objects (e.g.,
flowers on grass, etc.), the above approaches can produce erro-
neous small salient regions. Besides, objects with small contrast
with the background can cause salient objects to include large
portions from the background. These undesirable effects, in turn,
can decrease the performance of applications using saliency, such
as object segmentation and recognition which favor connected
regions with clear boundaries [68].

In this paper, we propose an approach combining supervised
multi-layer graph ranking and local–global refinement for SOD.
Our method is based on two main steps. In the first step, starting
from a multi-scale image decomposition into superpixels, we de-
tect roughly the location of coarse to fine parts of salient objects by
optimizing an objective function on a multi-layer graph structure.
In the second step, salient object boundaries are refined through
an iterative process using random forests and combining region
and boundary information of the image. Finally, we propose a
feature weighting scheme to emphasize object saliency in case of
low contrast with the background. Our approach yields generally
accurate saliency maps for objects appearing at different scales
and having small contrast with the background. Experiments on
standard datasets containing images with complex scenes and
patterns have demonstrated that our approach gives better results
than recent state-of-the-art methods.

Fig. 1 illustrates our obtained saliency maps compared to six
recent methods: Absorbing Markov chains (MC) [35], Dense and
Sparse Reconstruction (DSR) [73], Saliency Trees (ST) [49], Saliency
optimization from Robust Background Detection (RBD) [82], Ex-
tended Quantum Cuts (EQCUT) [9] and Discriminative Regional
Feature Integration Approach (DRFI) [36]. Fig. 2 shows the outline
of the main steps composing our algorithm for salient objet
detection.

This paper is organized as follows: Section 2 presents some
recent work about SOD. Section 3 presents the multi-layer graph-
based saliency calculation. Section 4 presents our approach for
saliency refinement using random forests. Section 5 presents some
experimental results validating our approach. We end the paper
with a conclusion and some future work perspectives.
2. Related work

In the last two decades, several saliency methods have been
proposed [11,43]. While early approaches focused mainly on pre-
dicting human attention and eye fixation, more recent approaches
are geared toward object detection [12,13]. SOD is commonly
Fig. 1. Example of SOD comparing our metho
interpreted in computer vision as a process of detecting the most
salient object(s) of the image [43,76]. To categorize saliency
methods, different strategies can be used depending on the type of
features and the prior assumptions used to help SOD [12]. Basi-
cally, two kinds of cues can be exploited for salient object detec-
tion: (1) Intrinsic cues refer to features such as color texture, etc.,
derived from a single image [13] and (2) Extrinsic cues refer to
features such as scene depth maps [66], image annotations [12,70]
or any other information extracted from multiple images sharing
the same visual content [31].

In addition to visual cues, prior knowledge can be used as a
high level guidance for saliency detection: (1) Photometric priors
rely on luminance properties of the image. For example, contrast
prior is common to all methods and assumes that salient objects
have high appearance contrast with background in the spatial or
the frequency domains [1,2]. Color prior considers that some colors
(e.g., warm colors) are more attractive than other colors [79]; (2)
Spatial priors, such as backgroundness [77] and central [71] priors
make assumptions about background and salient object locations.
Contiguity prior supposes that closer regions should share the
same saliency values [77,35]; (3) Geometrical priors make geome-
trical assumptions about the objects (resp. background). For ex-
ample, compactness prior [21] assumes that the background has a
larger spread than the salient object. Recently, methods combining
several of the above priors have been proposed. For example, ob-
jectness measures [4] propose a small number of windows likely
containing objects. Eye fixation prediction [33,43] determines the
most attractive areas for human vision. Given the models used to
encode priors and image features for SOD, we can roughly find
three types of methods in the literature.

2.1. Local contrast-based methods

These are generally related to eye fixation prediction by ex-
ploring the rarity of image regions with respect to local neigh-
borhoods. Itti et al. [33] are the first to compute saliency by em-
phasizing the contrast of a region with regard to its neighbors.
Since then, other methods based on this concept have been pro-
posed [1,29,63]. For example, minimum conditional entropy [42]
and matrix cosine similarity [63] are used to isolate local regions
that cannot be predicted from their surrounding. In the same vein,
conditional random fields [29,46,61] are used to predict saliency of
local regions or patches with regard to their surrounding. In [37],
the authors use anisotropic center-surround difference to measure
the contrast between a region and its surroundings. They consider
also spatial and depth priors to refine object saliency. This method
yields good saliency estimation but can fail when depth informa-
tion is imprecise. Local methods are generally limited since they
tend to highlight object boundaries instead of entire objects.
Nonetheless, local methods can be used as a good prior to initialize
SOD [12,14].

2.2. Global contrast-based methods

They consider generally contrast to the whole image to de-
termine pixel or group of pixels saliency [2,30,79]. Several
d with recent state-of-the-art methods.



Fig. 2. The flowchart of the proposed algorithm for SOD.
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approaches use this principal to detect salient regions in the im-
age. For example, spectral-based approaches [2,30] extract uni-
formly colored objects in the frequency domain by subtracting the
image from its low-pass filtered version. These approaches, how-
ever, are less efficient in images with cluttered backgrounds.
Moreover, since they operate in the frequency domain, contiguity
of salient regions is not guaranteed. Recently, other methods have
proposed saliency computation using region histogram distance
while enforcing global object/background compactness [18,59,78].

Contrary to local methods, global methods are better at high-
lighting entire regions constituting objects. However, they can
produce small salient parts with obvious contrast with the rest of
the image. Also, they have difficulty in distinguishing among ob-
jects and backgrounds when they contain similar color values [60].
Finally, since the object scale is unknown in advance, using a fixed
decomposition of the image can cause it to miss some parts of the
salient objects or merge them with the background.

2.3. Combined local–global methods

To overcome the limitations of local and global methods, sev-
eral methods propose to combine global and local information of
the image for SOD. Among these, we can find three main
approaches:

(1) Probabilistic methods: Probability theory can be used to in-
vestigate the rarity of regions/patches as the least probable ele-
ments in a scene. In [32], authors use the wavelet transform and
Gaussian probability density to model saliency. They also consider
object contiguity and eye fixation prediction in an enhancement
process. In [44], a Bayesian framework is proposed to detect sali-
ent objects by analyzing patch contrast. Similarly, [10] propose
dictionary learning to compute local/global contrast of image
patches. Global contrast is computed in this method as the inverse
of probability of patch occurring over the entire image. Among
limitations of patch-based methods are their tendency to return
high-contrast edges instead of objects and object boundaries are
usually not well preserved. To overcome these limitations, recent
methods prefer to use superpixels instead of patches. In [81], su-
perpixel color is modeled using a multivariate normal distribution
and the Wasserstein distance is used to propagate the saliency
values. In the same vein, [17,25,75] use spatial and color dis-
tributions for saliency computation. However, since these methods
rely only on global image statistics, obtained object saliency can be
less accurate when objects and background share similar color
distributions.

(2) Graph-based methods: Recently, graph-based methods have
emerged as an excellent tool for SOD [77,49]. In addition to the
simplicity they provide for combining several image cues, graphs
are efficient in encoding spatial priors such as object contiguity
and location. For example, [77,49] propose graph-based methods
to detect salient objects far from the image border. In [28], random
walk models are used to extract salient objects on graphs. How-
ever, since the graphs are built of the image lattice, this method
incurs a huge computation time. To circumvent this limitation,
[35,77,82] use superpixels instead of pixels and propose to opti-
mize functions on graphs.

To make use of multi-resolution image information, [49] use
global contrast and spatial contiguity to generate initial saliency
maps. Then, a region merging procedure with dynamic scale
control is used to generate the so-called saliency trees. This method
highlights salient object regions with well-defined boundaries. In
[67,76], hierarchical models are proposed to estimate saliency
maps at different image resolutions. Then, the different maps are
averaged to build the final saliency. This method yields generally
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good saliency maps, but they may assign high saliency values to
isolated background regions. Note that the majority of graph-
based methods use the image borders to extract the initial back-
ground. Consequently, the final saliency of objects touching the
border can be degraded.

(3) Other methods: In addition to graph and probabilistic ap-
proaches, other methods have been proposed for SOD. In [26],
global color uniqueness and some visual organization rules are
combined to estimate object saliency. This method is effective in
discarding background parts, but tends to highlight edges more
than entire objects. In [72], backgroundness and connectivity priors
are used to encode a so-called geodesic saliency of image patches,
defined as the length of the shortest path to the background. In
[34], authors use a multi-scale segmentation and Chi-square dis-
tance between region color histograms to detect salient objects. In
[39], authors estimate object saliency by finding optimal linear
combinations of color channels. They use relative location and
color contrast between superpixels to improve the performance of
saliency estimation. In [23], authors use image composition for
saliency calculation. That is, each image window is tested if it can
be composed of its neighbor regions. They employ also objectness,
central and backgroundness priors to improve saliency estimation.
The selection of window surrounding regions, however, poses a
difficulty when the object scale is unknown in advance.

2.4. Discussion and contributions

Performance of SOD has increasingly improved since the in-
troduction of superpixels and statistical methods. It remains,
however, that this performance can drastically decrease in com-
plex scenes (e.g., cluttered backgrounds, low contrast between
objects and backgrounds, etc.) [14,43]. One way for improving
saliency in such cases is in searching an optimal way of combining
features to yield accurate saliency maps. For example, objects can
appear at multiple scales and different levels of contrast with the
background. Detecting and using the most discriminative features
in this case can improve SOD [36]. Another way of improvement
can come from exploiting region and boundary information. Ob-
ject boundaries are usually characterized by high image dis-
continuities and, therefore, boundary information can play an
important role for saliency computation. Although boundary in-
formation has been extensively used in segmentation [5,6,20], it is
usually overlooked for saliency computation.

Our contribution in this paper lies basically in two main points:
(1) We propose a new objective function based on multi-layer
graph ranking that efficiently encode saliency estimation through
multi-scale image decomposition into superpixels. The multi-layer
graph structure allows to maintain consistency between salient
regions obtained at different scales. It allows also to efficiently
combine region and boundary features to enhance SOD accuracy,
(2) we propose a procedure which refines iteratively the object
boundary localization by combining global and local image in-
formation. On the one hand, this procedure uses random forests to
globally separate between the object and background parts ac-
cording to global image statistics. On the other hand, it uses fea-
ture relevance and combines region and boundary information for
better object boundary localization.
Fig. 3. Illustration of a multi-layer graph for SOD using three scales for superpixel
segmentation.
3. Graph ranking for saliency detection

3.1. Single-layer saliency graphs

Recently, the authors in [77] have proposed a method for SOD
based on semi-supervised graph manifold ranking [80]. More
specifically, the image is first segmented into a set Ω composed of
n regions (i.e., superpixels) obtained using color information,
Ω = { … }r r r, , , n1 2 . A weighted graph 〈 〉, is then constructed
from this segmentation, where is the set of nodes that corre-
spond to regions and is the set of weighted edges. A weight wij of
an edge between two nodes ri and rj is calculated according to
color similarity between the corresponding regions when they are
adjacent. Otherwise, the weight is equal to zero.

Let ϕ Ω → : n be a ranking function assigning a ranking value fi
for each region Ω∈ri . The ranking of the graph nodes

= …⎡⎣ ⎤⎦f ff , , n

T

1 starts by assigning (manually) ranks to some nodes
of the graph (i.e., query nodes) which consist of superpixels in the
border of the image. In other words, the four borders constitute
the backgroundness prior as proposed in [77]. Let = [ … ]y yy , , n

T
1 be

an indicator vector in which yi¼1 if region ri is a query, and yi¼0,
otherwise. The following minimization is proposed to propagate
the initial ranking (i.e., saliency values) to all the graph nodes:

( )∑ ∑λ= − + ( − )
( )

⁎

= =

⎛
⎝
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i

n

i i
f

, 1

2

1

2

where = ∑ =d wi k
n

ik1 and λ is a regularization constant controlling
the contribution of the fidelity term to function (1).

3.2. Generalization to multi-layer saliency graphs

Since objects can appear at different scales, a fixed superpixel
size can miss some parts of the objects and merge them with the
background. To alleviate the problem, we propose to use L de-
compositions of the image into different superpixels' resolutions
Ω Ω{ … }, , L1 . Each decomposition Ωℓ, ℓ ∈ { … }L1, , , is generated
using the SLIC algorithm [3] which produces ℓn superpixels
{ … }(ℓ) (ℓ)

ℓr r, , n1 . To obtain different segmentation resolutions, we use
different numbers of superpixels: < < ⋯ <n n nL1 2 . We translate
this on a new multi-layer graph structure as illustrated in

Figs. 3 and 4. Let = …(ℓ) (ℓ) (ℓ) (ℓ)
ℓ

⎡⎣ ⎤⎦f f ff , , , n1 2 be the ranking of regions

at level ℓ, and = …(ℓ) (ℓ) (ℓ)
ℓ

⎡⎣ ⎤⎦y yy , , n1 the indicator vector in which

=(ℓ)y 1i if region (ℓ)ri is a query (i.e., non-salient) in layer Ωℓ, and
=(ℓ)y 0i , otherwise. We propose the following objective function

generalizing (1) to multi-layer graph ranking:



Fig. 4. Comparison of saliency maps returned by single- and multi-layer graphs. The upper row represents, from left to right, the original color image, the ground truth and
our multi-layer graph saliency estimation. The middle row represents, from left to right, the segmentation of the image into 200, 400, 600 and 800 superpixels, respectively.
The bottom row represents saliency maps generated by Eq. (1) using the segmentation of the same column.
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,m , with (ℓ)wik being the weight between

region (ℓ)ri and (ℓ)rk belonging to the same level Ωℓ and (ℓ )wik
m, being

the weight between region (ℓ)ri and ( )rk
m belonging to levels Ωℓ and

Ωm, respectively. The first term of function (2) has the role of
smoothing saliency between nodes of the same resolution. The
second term smoothes saliency between overlapping nodes in
different resolutions (nodes linked by vertical edges in Fig. 3). The
third term is a regularization controlling the fidelity of the final
saliency to the initial backgroundness prior. Minimization in
function (2) can be solved in the same way as in function (1). First,
we define the following quantities:
Fig. 5. Comparison between saliency maps returned after applying (c) color, (d) LBP, (e)
ground truth saliency map, respectively.
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where (ℓ)W and (ℓ )W m, are two matrices of dimensions ×ℓ ℓn n and
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Note that the elements on the diagonal of each sub-matrix
ℓ ∈ { … }(ℓ)

LW , 1, 2, , , are set to 0 as each node is exclusively
ranked by the others (except itself). The minimum of function (2)

is given by the vector α= ( − )⁎ −f I L y1 , where α λ= ( + )1/ 1 , L is the

Laplacian matrix given by = −L D WD1/2 1/2 and I is the identity
matrix [80]. For better performance, we consider the following
ranking function using the non-normalized Laplacian matrix:
entropy and (f) their combination. (a) and (b) represent the original image and the



Fig. 6. Examples comparing single-layer and multi-layer graph ranking. From left to right: (a) original image, (b) ground truth, (c) single-layer graph ranking [77] and
(d) multi-layer graph ranking as proposed in our method.
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α= ( − )⁎ − −f I D W y1 1 [77]. The vector = …( ) ( ) ( )⎡⎣ ⎤⎦y y y y, , , L
T

1 2 gives

the initial saliency values in all resolutions.
Note that most of past methods for SOD have used only color

information [12]. As can be seen in Fig. 5, texture information can
benefit saliency computation where patterned objects are com-
monplace (e.g., grass, water, tiles of buildings, etc.). To have better
description of objects, we combine region, boundary and spatial
information. For region information, in each color channel k, we
use color and texture features. For color, we consider the mean of
each superpixel (ℓ)ci k, after normalizing the color values in the range
[ ]0, 1 . For texture, we use features derived from the histograms of
local binary pattern (LBP) [56] and local color entropy denoted by
(ℓ)li k, and (ℓ)ei k, , respectively. For boundary information, we estimate
the color/texture discontinuity for each superpixel by the sum of
natural gradients (ℓ)Gi k, obtained using [20]. As will be shown in
Section 4, this information is important for better localization of
the object boundaries. Finally, spatial information is computed
using the normalized coordinates of superpixel center of gravity
denoted by (ℓ)g i . By combining the above features, we propose the
following formula to calculate the weights between superpixels

(ℓ)ri and ( )r j
m in the multi-layer graph:
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where ξc k, , ξl k, , ξe k, and ξg are weights controlling the contribution
of the different features. The weights corresponding to color and
texture features are estimated by the feature relevance only at
refinement process where the kernel of the object is detected
beforehand. Therefore, the feature weights are set to constants in
this first stage. We have assigned the highest weights to the colors
since color is generally more reliable than texture. The color is
weighted to 0.8 and each component of the texture to 0.2, ξg is a
constant set to 0.02. The parameter γ controls the contribution of
the boundary information in the refinement process, as will be
shown in Section 4. Therefore, it is set initially to 1 for the first
stage of our method. Finally, d denotes the Bhattacharyya dis-
tance between histograms [38]. It is defined for the LBP texture
feature as follows:
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where ρ is the number of histogram bins. The same formula is
applied to the entropy feature. The entropy is calculated in the
neighborhood of each pixel (x, y) as follows:
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H i H ie log ,
8

i k
i

k k,
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1
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where H is the normalized local histogram for the color channel k
in the ν ν× neighborhood around the pixel i. In our case, we set ν
to 9 and ρ to 32.

For each resolution, we perform a separate saliency propaga-
tion from the four borders of the image (T: top, D: down, R: right
and L: left) by choosing a proper initialization of y in Eq. (2). The
saliency at superpixel (ℓ)ri can then be computed using the formula

= − ∈ { }⁎
(ℓ)

⁎
(ℓ) ⁎s f top down right left1 where , , ,i i, , . The obtained sal-

iency maps Stop, Sdown, Sright and Sleft are then combined as follows:
= ○ ○ ○S S S S Stop down right left0 , where ○designates the Hadamard pro-

duct between matrices. We then perform a second propagation
process from the most salient elements extracted from S0 to the
rest of the image to obtain a second saliency map S1.

Fig. 4 gives an illustration on how the superpixels granularity
has a direct impact on the generated saliency map. Indeed, low



Fig. 7. Examples of window-based refinement: (a) the input image, (b) the ground truth, (c) saliency map obtained using Eq. (2), (d) positions of the windows ( ): the
yellow rectangle corresponds toW and the others to =( )B i, 1, 2, 3i , (e) position of the final window ′W , (f)–(h) are saliency maps obtained using window refinement process:
(f) without feature relevance and boundary information, (g) with feature relevance and without boundary information and (h) with feature relevance and boundary
information.

Fig. 8. Example of random-forest-based saliency calculation using the left border of the image as background prior. From left to right, (a) represent the input image, the
ground truth and the segmentation into 200 superpixels, respectively, (b) represent the obtained object kernel, the result of random forest prediction and the map of the
unified labels, respectively.

I. Filali et al. / Signal Processing: Image Communication 47 (2016) 380–401386
granularity segmentation tends generally to return a reduced
portions of objects, while high granularity tends to return objects
and their surrounding parts in the background. Albeit object sur-
rounding can carry important information about the object con-
text [26,69], it might be undesirable for applications such as object
recognition [68], pose estimation [48,58] and image editing [16].
Fig. 6 shows examples comparing SOD using multi-layer versus
single-layer graph ranking. We can note that the salient object
boundaries are more accurately detected using our approach
based on multi-layer graphs than single-layer ones.



Fig. 9. Illustration of the main steps of the random-forest-based saliency refinement on the example in Fig. 8. From left to right: (a) represents image segmentations using
200, 400, 600 and 800 superpixels, respectively, (b) represents saliency maps using random forests and the segmentations in row (a), (c) the first image represents
refinement results using FR and boundary information, second image represents the fusion of the RF-based maps obtained in (b) and the final image represents the
combination of maps using Eq. (18).
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4. Saliency refinement using feature relevance and random
forests

In our approach, we aim to obtain a refined object saliency with
clear boundaries. Three improvements are operated on the ob-
tained saliency in the first stage. The first improvement consists of
using a saliency-oriented window generation combined and ob-
jectness estimation to narrow the space of search for SOD. The
second improvement consists of introducing a procedure using
random forests to endure that the final object is consistent with
global foreground/background statistics of the image. The third
improvement consists of introducing a feature relevance scheme
combining region and boundary information to enhance object
boundary localization. These steps are detailed in sections below.

4.1. Spatial saliency refinement

For more precise saliency estimation, we use a refinement
procedure to narrow the area containing the salient object. This
aims at fitting an appropriate window surrounding the salient
object where the final salient object is located. Let S1 denote the
saliency obtained in the first stage by minimizing function (2). To
search for the object window, we first extract the object kernel
made of parts having high saliency values. This is achieved by
carrying out a binary segmentation on S1 using finite Gaussian
mixture models (GMMs) [54].

Let …C C C, , , K1 2 be K groups generated using GMM-based clus-
tering and sorted in an ascending order of their mean parameter
values …m m m, , K1 2 . The parameter K representing the number of
mixture components which are estimated using the minimum
message length (MML) method [7,54]. Let …w w w, , , K1 2 be the
weights of these components. Since brighter areas in the saliency
map are more likely to belong to the salient object, we form
an initial background and foreground (object kernel) by separating
the mixture components into 2 groups: = { … }C C C C, , ,b k1 2 and

= { … }+ +C C C C, , ,f k k K1 2 , where k is defined as follows:
∑ τ= >
( )=

⎛
⎝
⎜⎜

⎞
⎠
⎟⎟k warg min ,

9h
i

h

i
1

where τ is a threshold defined in the range [ ]0, 1 determining the
confidence level at which the object kernel is extracted (usually
τ = 0.95).

Let Seg be the binary mask obtained after classification of pixels
into classes Cf and Cb, respectively, such that ( ) =Seg x y, 1 if

( ) ∈S x y C, f1 and ( ) =Seg x y, 0, otherwise. To calculate the center of
the window, called anchor point, we use the following formula:

( )∑ ∑( ) = ( ) × + ( ) × ( )
( )= =

x y
Z

x y Seg x y S x y,
1

, log 1 , , ,
10x

m

y

m

0 0
1 1

1

1 2

where ( )= ∑ ∑ + ( ) × ( )= =Z Seg x y S x ylog 1 , ,x
m

y
m

1 1 1
1 2 and ( )m m,1 2 are

the dimensions of the image, ( ) ∈ [ ]S x y, 0, 2551 . From the anchor
point, we define a rectangular window W with high plausibility to
include the salient object (i.e., objectness-like measure). The
window extent is defined as δ δ= [ − + ]δ x x,0 1 0 11 and

δ δ= [ − + ]δ y y,0 2 0 22 , with δ1 and δ2 obtained using the following
formula:

( )∑ ∑δ δ η( ) = ′ + ( ) ≤ −
( )δ δ ∈ ∈δ δ

⎧
⎨⎪
⎩⎪

⎫
⎬⎪
⎭⎪Z

S x y, arg max
1

log 1 , 1 ,
11x y

1 2
,1 2

1 2

where ( )′ = ∑ ∑ + ( )= =Z S x ylog 1 ,x
m

y
m

1 1 1
1 2 and η is a threshold set

experimentally to 0.01. Basically, Eq. (11) yields a window sur-
rounding the most salient parts of the image.

The saliency estimation inside W may enhance significantly the
results. However, it is fully dependent on the initial saliency map
S1. If S1 misses some parts of the salient object the window posi-
tion will be affected. Conversely, if S1 contains false positives, it can
include parts of the background inside the salient object. For ex-
ample, in the illustration shown in Fig. 7, our generated window
(presented with yellow color) misses some details of the salient



Fig. 10. Examples illustrating saliency refinement using our method: (a) the input image, (b) the ground truth, (c) saliency map obtained using our windowing process,
(d) saliency map obtained using random forests saliency prediction, and (e) the final saliency map.
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objects in rows 5, 6, 7 and it encompasses a large area of the
salient object in row 4. To alleviate these issues, we use another
objectness measure independent of S1 calculated using [83]. This
method produces n top-scored boxes, among which we choose

⪡m n having the greatest overlap with our window W. Experi-
mentally, we set n¼20 and m¼3.
Let B1, B2,…, Bn be the n top-scored generated boxes. For each
box Bi, we compute its spatial overlapping score with W as

= ( ∩ ) ( ∪ )O B W B W/i i i . By choosing the m most overlapping boxes:

( )B 1 , …, ( )B m , we increase the probability of obtaining a new win-
dow encompassing the salient object. By considering the set of
windows = { … }( ) ( )W B B, , , m1 , the final window ′W is made of



Fig. 11. Comparative results for the SLR, WSLR, MLR, WMLR, RF and WMLR-RF methods using (a, b) the MSRA-B dataset and (c, d) the ASD dataset. For each dataset, the left
graph represents the obtained precision-recall curves and the right graph represents the best values obtained for R, P and Fμ measures.
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the bounding box surrounding the set of points belonging to at
least three elements of . Fig. 7 gives some examples of window
calculation. Clearly, the salient objects have been narrowed with
high accuracy using the proposed approach.
4.2. Saliency refinement using feature relevance and boundary
information

Once the window likely containing the salient object is gener-
ated, we run another time the multi-layer graph ranking using Eq.
(2) inside the window. We use the window border as the back-
ground prior to initialize the graph ranking. To better localize the
object boundaries, we introduce feature relevance (FR) in the
graph weights of Eq. (6) through the parameters ξ ξ,c k l k, , and
ξ = { }k, 1, 2, 3e k, and γ. FR is aimed for assigning more importance
to features having better discrimination between the salient object
and the background. Note that since we have the object kernel
obtained by the segmentation operated by Eq. (9) and the back-
ground prior, FR can be estimated in a supervised fashion.

For a given feature, let p and q be the normalized histograms
for this feature in the salient object and the background, respec-
tively. We suppose that each feature is quantized into 256 bins,
and let p(i) and q(i) be the normalized frequencies of the i-th bin.
The feature discrimination power is reflected by the degree of
overlapping between p and q, which can be expressed using the
following formula [19]:
= ( ( + ) )
( ) + ( )) ( )

V
var F p q

var F p var F q
; /2

; ;
,

12

where ( )var F p; , ( )var F q; and ( ( + ) )var F p q; /2 represent the
variance of the function F obtained with respect to the distribution
p, q and ( + )p q /2, respectively. The value of the function F for the i-
th bin is given by the log-ratio:

( ) = ( ( ) ϵ)
( ( ) ϵ) ( )

⎛
⎝⎜

⎞
⎠⎟F i

p i
q i

log
max ,
max , 13

where ϵ a small value that prevents null frequencies. We can de-
monstrate that the function V in (12) takes its values in the in-
terval [ + ∞[0.5, . To normalize FR into the interval [ ]0, 1 , we use
the following lenient function:

ξ δ= − ( − | − |) ( )V1 exp 0.5 , 14

where the factor δ controls the sensitivity of relevance calculation.
Increasing the value for this factor will increase the number of
considered features as relevant and vice versa.

Finally, we introduce boundary information in the graph
weights through the parameter γ of function (6). Since we perform
a saliency diffusion from the window borders inward, object
boundaries are likely encountered where image has high dis-
continuities. We use [20] to estimate the natural gradient of
images. Suppose the sum of gradients in a superpixel (ℓ)ri is given
by (ℓ)Gi . We propose to set the value of γ to ( + )(ℓ) ( )G G /2i j

m for the
inward diffusion operated by Eq. (2). As the salient object



Fig. 12. Comparative results for the SLR, WSLR, MLR, WMLR, RF and WMLR-RF methods using (a, b) the MSRA-B dataset and (c, d) the ASD dataset. For each dataset, the left
graph represents the obtained ROC curves and the right graph represents the AUC and MAE measures.

Fig. 13. Obtained precision–recall curves for 21 compared methods using MSRA-B dataset.
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boundaries have high gradient values, the weight between two
adjacent superpixels located on the vicinity of object boundaries
will tend to 0.
Once all the weights and feature relevance are estimated, we
apply Eq. (2) on the sub-image delimited by the window ′W to
calculate a saliency map denoted by S2. Fig. 7 shows some



Fig. 14. Obtained values for R, P and Fμ measures for 21 compared methods using MSRA-B dataset.

Fig. 15. Comparative results between our saliency detection method and DRFI on 2000 images of MSRA-B dataset: (a) Precision–Recall curves and (b) best F-measure and it
corresponding Precision and Recall.

Fig. 16. Obtained precision–recall curves for the 22 compared methods using ASD dataset.
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Fig. 17. Obtained values for R, P and Fμ measures for 22 compared methods using ASD dataset.

Fig. 18. Comparative results between our saliency detection method and eleven best salient object detection methods on MSRA dataset: (a) Obtained ROC curves and (b) AUC
and MAE rates.

Fig. 19. Comparative results between our saliency detection method and DRFI on 2000 images of MSRA-B dataset: (a) obtained ROC curves and (b) AUC and MAE rates.
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Fig. 20. Comparative results between our saliency detection method and twelve best salient object detection methods on ASD dataset: (a) obtained ROC curves and (b) AUC
and MAE rates.

Fig. 21. Comparative results between our saliency detection method and twelve best salient object detection methods on SOD dataset: (a) PR curves, (b) precision, recall and
Fμ rates, (c) obtained ROC curves and (d) AUC and MAE rates.
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Fig. 22. Comparative results between our saliency detection method and twelve best salient object detection methods on SED1 dataset: (a) PR curves, (b) precision, recall
and Fμ rates, (c) obtained ROC curves and (d) AUC and MAE rates.
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examples where saliency is locally enhanced using our multi-size
windowing procedure. We can note that the inclusion of the gra-
dient and feature relevance allows to discard more efficiently the
background while ensuring better object boundary localization.

4.3. Saliency refinement based on random forests

To uncover clearer object boundaries, we use supervised
learning based on random forests (RF) [15] to maintain a saliency
map inline with the global image statistics. A RF classifier is
trained for each resolution level using superpixels constituting the
object kernel obtained from segmentation and superpixels con-
stituting the background of the level. To reduce false saliency
predictions at the vicinity of the object boundaries, we propose a
procedure that assigns RF-based saliency values for superpixels
while taking into account the level of contrast between the object
and the background.

First, using color and texture features, we model the object
kernel and background parts using two multivariate Gaussian
mixture models (GMMs): Mobj and Mbck. Let Kobj and Kbck be the
number of components constituting the two models, which are
estimated using the MML principle [54]. To estimate the level of
contrast d between the object and the background, we calculate
the following Kullback Leibler divergence between the compo-
nents of Mobj and Mbck:

)(Σ Σ μ μ Σ μ μ Σ
Σ

= + ( − ) ( − ) +
( )

−−⎛
⎝
⎜⎜

⎛
⎝
⎜⎜

⎞
⎠
⎟⎟

⎞
⎠
⎟⎟d min tr ln ,

15i j
j i j i

T
j j i

i

j,

1 1

where ∈ { … }i K1, , obj and ∈ { … }j K1, , bck . The parameters μ Σ( ),i i

and μ Σ( ),j j are the mean vector and the covariance matrix of the i-
th and j-th Gaussian of the models Mobj and Mbck, respectively.
Using the contrast level d, we compute a dynamic threshold that
allows to affect a unified label for each superpixel (ℓ)ri . For each
resolution level Ωℓ, ℓ ∈ { … }L1, , , we use color and texture fea-
tures to train random forest (RF) classifiers to separate each border
of the image from the object kernel. Each RF classifier is con-
stituted of three trees and each tree is trained by selecting ran-
domly 50% of the available data and three features from a set of
9 features. By carrying out saliency prediction for each pixel, let

(ℓ)pi be the percentage of pixels in each superpixel (ℓ)ri classified as

salient object. The unified saliency label for (ℓ)ri is determined as
follows:
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β= ≥ ( − )
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(ℓ)

(ℓ)

⎪
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p d1 if exp

0 otherwise 16
i

i

The parameter β > 0 controls the sensitivity of unifying label
generation in each superpixel (usually β ≈ 0.1). The final labelling
of the superpixel depends on the similarity between foreground
and background distributions. The higher the values of the con-
trast d, the more confidence the algorithm gives to the RF
prediction.

Fig. 8 shows an example of saliency prediction using the left
border of the image as a background prior. Note that unifying label
generation increases the quality of the saliency estimation where
noise is considerably reduced. The saliency map ℓT of the resolu-
tion ℓ ∈ { … }L1, , is then calculated by averaging the saliency
maps generated by the four borders. Finally, we combine the sal-
iency maps of all resolutions by factorizing the saliency maps ℓT as
follows (see Fig. 9):

= × × ⋯ × ( )T T T T . 17f L1 2

Fig. 9 shows an example of our multi-scaled random forest
process. Multi-scaled random forest algorithm returns high values
Fig. 23. Comparative results between our saliency detection method and twelve best sa
and Fμ rates, (c) obtained ROC curves and (d) AUC and MAE rates.
to salient regions. The salient object stands out more effectively
with the increased recall rate. However, we note that the salient
regions returned contain generally some false positives that re-
duce significatively the precision of detection. In the other hand,
our graph based algorithm returns more restricted salient regions
that increase the precision rate. However, the salient object is less
highlighted and the recall may decrease in some cases. In order to
reach jointly high precision and recall rates, we integrate the two
saliency maps according to the following formula:

ω ω ω= [ + ( − ) ] ∈ [ ] ( )⁎ ⁎ ⁎S T S S1 ; 0, 1 18f3 2 2

with ω being a parameter balancing the contribution of Tf and S2
to the final saliency map. Usually, we assign more importance to S2
by setting ω < 0.5 (we set experimentally ω to 0.33). This allows
better highlighting of salient objects than in S2 while discarding
false foregrounds produced by Tf. The multiplication by S2 allows
for further elimination of false foregrounds without affecting high
foreground saliency values. Finally, the main steps of the proposed
SOD algorithm are summarized in Algorithm 1. The parameter
itermax gives the maximum number of iterations involved in the
refinement process (usually =iter 2max ). Note that higher values of
lient object detection methods on SED2 dataset: (a) PR curves, (b) precision, recall
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itermax can make the algorithm degenerate since the window size
progressively shrinks to capture only local parts of objects. To
avoid such situations to occur, we devised a more conservative
scheme when augmenting the number of iterations by setting the
parameters α and η controlling Eqs. (2) and (11), respectively, to

α = × −9 10 iter and η = −100 iter . Fig. 10 shows an example of sal-
iency computation using Eq. (18). We can see that the obtained
saliency is closer to the ground-truth than using separately RF or
graph-based saliency computation.
Fig. 24. Visual comparison between our proposed method to b
5. Experiments

The performance of the proposed approach is evaluated on five
of the most used datasets in the literature and compared to recent
methods dealing with SOD. The properties of these datasets are as
follows:

(1) Microsoft MSRA-B [47]: contains 5000 color images including
natural scenes, animals, indoor, outdoor, etc. The ground truth
of this dataset is provided in [35].
est state-of-the-art approaches using the MSRA-B dataset.



Fig. 25. Visual comparison between our proposed method to best state-of-the-art approaches using SOD, SED1 and SED2 datasets.

I. Filali et al. / Signal Processing: Image Communication 47 (2016) 380–401 397
(2) ASD [2]: contains 1000 images provided by [2] with accurate
human-labelled masks for salient objects. It is the most
commonly used dataset for evaluation of saliency detection
performance and a subset of the MSRA-B dataset.

(3) SOD [55]: contains 300 images from the Berkeley segmenta-
tion dataset (BSD) [53] for which salient object boundaries are
marked by seven users, and a unique binary ground truth is
generated for each image by combining the marked
boundaries.

(4) SED1 and SED2 [8]: SED1 is a single object database while two
objects exist in each image from SED2. Both datasets contain
100 images which are labeled by several subjects. Pixel-wise
ground truth annotations for salient objects in all 200 images
are provided



Table 1
Average processing time of each task in our WLMR-RF model.

Steps Task Time (s)

1. Segmentation to superpixels 0.135
2. Graph construction 1.447
3. Saliency diffusion 0.666
4. Window generation 0.154
5. Feature relevance 0.008
6. RF training and classification and final saliency map 0.805

Algorithm 1. Multi-scale salient object detection.

Data: Image, number of resolutions L, number of superpixels
…n n, , L1 .

Result: Salient object map.
– Multiple resolution segmentation into superpixels using the

SLIC algorithm;
– Generate the initial saliency map S using Eqs. (2) and (6);
for =iter iter1: max do

– ( )–( )

– ′

− [ ]
– ( ) ( )
– ( ) ( )
– ( ) ( )
– ( )

W

W W

S

S

Apply Eqs. 9 11 to generate a bounding box ;

Construct by combining

and the top scored windows generated by 83 ;
Calculate feature relevance using Eq. 14 and update Eq. 6 ;
Generate the saliency map using Eqs. 2 and 6
Refine saliency using random forests by Eqs. 16  and 17
Generate the combined saliency map using Eq. 18 ;

2

3

end
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Note that generally having a large number of resolutions gives
better results than having only a few number. However, this comes
with additional computational cost since it adds new layers to the
graph. For our datasets, we observed that considering resolutions
above 800 superpixels does not increase results significantly. To
make a compromise between saliency accuracy and computational
time, we used 4 layers for each SOD, with scales containing 200,
400, 600 and 800 superpixels, respectively.

5.1. Performance measures

Performance evaluation for SOD can be achieved quantitatively
by checking consistency between human-labeled ground-truth
and saliency maps generated by computational models. For this,
several metrics can be used: the precision–recall (PR) curve, the Fμ
measure, the receiver operating characteristic (ROC) curve, area
under the ROC curve (AUC) and the mean absolute error (MAE). For a
given a saliency map, each pixel has value in the range [ ]0, 255 . We
use a threshold T to generate binary mask s assigning 1 to the
object and 0 to the background. By varying T from 1 to 254, we
obtain 254 binary masks that are compared with the ground truth.

For each binary mask, the precision (P) represents the per-
centage of salient pixels correctly assigned and the recall
(R) corresponds to the ratio of correctly detected salient pixels to
Table 2
Average processing time of our method in comparison with some competing methods.

Method OURS HDCT RBD DRFI D

Time (s) 2.74 5.53 0.27 19.34 6
Code Matlab Matlab Matlab Matlab M
true salient pixels. Fμ is a weighted harmonic mean of P and R
computed as follows: =μ

μ
μ

( + ) × ×
× +F P R

P R
1 where μ is a positive para-

meter controlling the importance of P over R (we use μ = 0.32 as
suggested by Achanta et al. [2]). The PR curve plots the 254 average
precision values versus the 254 average recall values. Similarly, the
ROC curve plots the 254 average true positive rate (TPR) against
the 254 average false positive rate (FPR) which are obtained when
we calculate the PR curve. MAE is defined as the average absolute
difference between the obtained saliency map and the ground
truth. We note that the upper-right corner of the PR graph
corresponds to the best theoretical result represented by the co-
ordinates ( )1, 1 . The closer a curve is to this point, the best is the
performance of a method. Similarly, the closer a curve is to the
upper-left corner of the ROC curve, the best is the performance of a
method. To visualize the mean of best Fμ, AUC and MAE values, we
use a bar diagram.

5.2. Evaluation of the proposed algorithm

We first construct a PR and ROC curves as well as bar diagrams
for Fμ, MAE and AUC to compare single layer-graph ranking (SLR)
[77] and five versions of our algorithm: (1) WSLR: the saliency
computed after window narrowing and applying function (1), (2)
MLR: multi-layer graph based saliency computed using function
(2), (3) WMLR: multi-layer graph based saliency computed with
spatial, FR and boundary refinements, (4) RF: random forest based
saliency and (5) WMLR-RF: multi-layer graph based saliency
computed after all refinements steps. We use MSRA-B and ASD
datasets to evaluate these methods. The results are shown in
Figs. 11 and 12. We can observe that MLR outperforms SLR and
WSLR for both datasets while WMLR and WSLR improve con-
siderably the results of MLR and SLR, respectively. Also, applying
RF alone does not bring a huge performance. However, the com-
bined WMLR-RF yielded the best performance with best (Fμ, AUC,
MAE) values (86.78%, 86.40%, 10.76%) in MSRA-B and (93.93%,
88.96%, 6.67%) in ASD). The second performance is obtained by
WMLR with (86.06%,85.82%,11.74%) values for MSRA-B and
(93.43%,88.64%,7.74%) for ASD, respectively.

5.3. Comparative evaluation using the MSRA-B and ASD datasets

We compared our algorithm to 22 state-of-the-art methods
dealing with SOD: Context and shape prior (CS) [34], Human visual
sensitivity and amplitude spectrum (VSAS) [22], High-dimensional
color transform and local spatial support (HDCT) [39], Saliency
optimization from robust Background detection (RBD) [82],
Structured matrix decomposition (SMD) [57], Segmentation driven
low-rank matrix recovery (SLMR) [84],Hierarchical saliency de-
tection (HSL) [76], Joint spatial-color constraint and multi-scale
segmentation (SCC) [75], Saliency Tree (ST) [49], Unified approach
to salient object detection via Low rank matrix recovery (LMR)
[65], Bayesian Saliency via Low and Mid Level Cues (BS) [74],
single-Layer Graph-Based Manifold ranking (SLR) [77], PCA based
method (PCA) [52], Combining simple priors method (CSP) [79],
Low-level features based on wavelet transform (WT) [32], multi-
size superpixel approach based on multivariate normal distribu-
tion estimation (MSN) [81], Salient region detection via simple
SR MC EQCUT SLR SMD

.14 0.11 0.852 1.373 1.217
atlab Matlab Matlab Matlab Matlab þ Cþþ
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local and global contrast (LGC) [50], Salient Region Detection with
Soft Image Abstraction (SIA) [17], Saliency Detection Via Dense and
Sparse Reconstruction (DSR) [73], Saliency detection via absorb
Markov chain (MC) [35], Extended Quantum Cuts (EQCUT) [9] and
a Discriminative Regional Feature Integration Approach (DRFI)
[36]. For all methods, we used source codes with default para-
meters provided by the authors. Note that DRFI is the only method
which is based on a training step. The authors use 2500 images
from the MSRA-B dataset to train their model.

We can see in Figs. 13, 16 and 15 that for both tested datasets,
the precision–recall curve generated by WMLR-RF is the highest
one and closest to the point (1,1) than for curves obtained by the
other methods. For each dataset, the values of Fμ, P and R are
shown in Fig. 14 for MSRA-B and in Fig. 17 for ASD, where the
highest Fμ are clearly returned by our method. This demonstrates
the proficiency of our method for SOD. Note also that even by
using MLR, it yielded better performance than several other
methods. After our approach, the best results are returned by DRFI,
EQCUT, SMD, ST, MSN, HDCT, RBD, MR, HSL, MC, SLR and DSR,
respectively.

We then operate a second comparative evaluation of our
WMLR-RF and MLR with these 12 methods using the ROC curve
and the AUC and MAE measures, respectively. Figs. 18–20 show the
obtained performance for each method, respectively. We can note
that the ROC curve generated by WMLR-RF is the highest for both
MSRA-B and ASD datasets. The highest value of AUC and the
lowest value of MAE are also returned by WMLR-RF. We can
therefore conclude that our model has achieved the highest Fμ and
AUC values and the lowest MAE value on these datasets, which
demonstrates the quality of saliency maps.

5.4. Comparative evaluation using the SOD, SED1 and SED2 datasets

To extend our experimental evaluation to the datasets, SOD,
SED1 and SED2, we perform a comparative study between our
method WMLR-RF and the best comparative ones obtained in
Section 5.3, namely DRFI, EQCUT, SMD, ST, MSN, HDCT, RBD, MR,
HSL, MC, SLR and DSR. Figs. 21–23 show the obtained results for
the three datasets. We can see from that the obtained performance
for the twelve methods varies according to the datasets. Our PR
curves (part (a) of each figure) as well as our ROC curve (part (c) of
each figure) are higher than the other methods, especially in the
ranges that are closest to the optimal points ((1, 1) for PR curve and
(0, 1) for ROC curve). The bar diagrams show clearly that in all the
datasets, our method outperforms the others in terms Fμ, AUC and
MAE (see parts (b) and (d) of each figure). In the SOD dataset, after
our method, DRFI shows better performance, followed by SMD,
EQUT and DRFI in terms of Fμ. Concerning AUC and MAE values,
the best methods after ours are DRFI, HDCT and ST, respectively.

For the SED1 dataset, the best Fμ values after our method are
those of SMD, EQCUT and DRFI. Concerning AUC and MAE values,
the best methods after ours are DRFI, SMD, MC and DHCT. For the
SED2 dataset, the best Fμ values after our method are of EQCUT,
RBD and DRFI. Concerning AUC and MAE values, the best methods
after ours are DRFI, HDCT and ST. Fig. 25 shows some examples of
saliency maps generated on the MSRA-B dataset by our method
and different state-of-the-art methods. We can observe that our
saliency maps have relatively cleaner backgrounds than those
generated by the other methods. In addition, our model highlights
more accurately the salient objects with well-defined boundaries.
Fig. 24 illustrates several examples of saliency maps generated on
SOD, SED1 and SED2 datasets. We can observe that our model
highlights better salient objects for both large and small scales (see
rows 1, 5, 10 and 12, for example). Note also that, contrary to our
method, single-graph-based saliency detection method (SLR) and
other methods miss small objects in images such as in rows 1, 8,
10, 12 and 13. The same remark holds for examples in rows 2,
6 and 13 in Fig. 25 and row 10 in Fig. 24.
6. Computational time analysis

Table 1 summarizes the average computational time of each
task in our WLMR-RF in the MSRA dataset on which each image
has generally a resolution of 400�300 or 300�400. We use a
computer with an Intel Core I7 2.93 GHZ CPU. We run our method
on 64-bits Matlab environment. Table 2 summarizes the average
running time of some state-of-the-art methods compared to our
method. We can note that the computational time of the proposed
method is comparable to that of other methods.

For algorithmic complexity analysis, let n1, n2…nL be the
number of superpixels in resolutions Ω1,… and ΩL, respectively.
Suppose N1 is the total number of superpixels and N2 is the
number of pixels in the image. The algorithmic complexity of the
SLIC algorithm is linear in the number of pixels. Since we can
perform the L segmentations in parallel, the total complexity is
∼ ( )O N2 for this step.

The graph construction requires the constitution of the matrix
of weights which has size ×N N1 1. For that, a single sweep of the
image is first performed to construct the adjacency matrix of the
graph. The weights are then calculated using Eq. (6) for only ad-
jacent superpixels. This step is relatively fast since only adjacent
graph nodes are considered for weight computation. Therefore,
the computational complexity is approximately linear with an
upper bound ∼ (( ( − )) )O N N1 1 /21 as the worst case where a node is
related to all the others. Note also that weight calculation can be
performed in parallel between the different nodes and resolutions.

The saliency diffusion using function (2) requires matrix in-
version. As the latter is symmetric and sparse, the computation of
the inverse is relatively fast (≈0.84 s in the conventional way). To
reduce this time, we use the Cholesky decomposition to bring the
computation to ≈0.346 s. The complexity of such operation is then
reduced from ∼ ( )O N1

2.8 to near ∼ ( )O N1 using parallel computation
proposed in [64]. We note that both of the feature relevance and
window generation have a linear complexity ∼ ( )O N2 .

Finally, the training of RF classifier has the complexity of
∼ ( )O N Nlog2 2 (as all the trees are computed in parallel). The
complexity of mixture of Gaussian estimation is in the order
∼ (( + ) )O d K n with d being the dimension of the data, K the
number of mixture components and n the number of data. We
note that this operation is also performed for each border of the
image in a parallel way, and all together can be run in parallel with
RF classification.
7. Conclusion

We have proposed a method for salient object detection com-
bining multi-layer graph ranking and local–global saliency re-
finement. Our method is able to localize accurately coarse to fine
parts of salient objects and their boundaries. This is achieved
thanks to a local–global refinement process using random forests
and an objectness-like approach for locating the salient object. We
also use a feature weighting scheme and boundary information to
obtain clearer object boundaries. Our method allows an effective
highlighting of the salient object with well defined boundaries. It
allows also detecting large- and tiny-scale salient objects in com-
plex scenes. Experiments on five known datasets have demon-
strated our model performance compared to recent state-of-the
art methods. Our model can be exploited in several applications
such as object segmentation and selective object recognition.
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