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Abstract. We propose a multi-layer graph based approach for salient
object detection in natural images. Starting from a set of multi-scale
image decomposition using superpixels, we propose an objective func-
tion optimized on a multi-layer graph structure to diffuse saliency from
image borders to salient objects. After isolating the object kernel, we
enhance the accuracy of our saliency maps through an objectness-like
based refinement approach. Beside its simplicity, our algorithm yields
very accurate salient objects with clear boundaries. Experiments have
shown that our approach outperforms several recent methods dealing
with salient object detection.
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1 Introduction

Saliency detection aims to localize most informative objects or regions in images.
Saliency detection methods rely either on a local or global contrast estimation.
Local contrast based methods [9] assume that regions which stand out from their
neighborhoods have high saliency values. These methods are more suitable to
highlight salient object boundaries instead of the entire objects. Global contrast
based methods [1, 12] express rarity of a regions compared to the overall image in
terms of global statistics. They are better at highlighting entire salient regions.
However, they are less accurate to detect large-sized objects due to the fact the
the object statistics dominate the global statistics of the image.

Recently, several methods have combined local and global contrasts to over-
come the aforementioned limitations. Among proposed techniques, graph-based
methods have emerged as an excellent tool for salient object detection [11, 8]. 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, [11, 8] propose a graph-based method to detect salient objects far from
the image border. In [4, 5], random walk models are used to extract salient objects
on graphs. However, since the graphs are built of the image lattice, these methods
incur a huge computation time. To circumvent this limitation, [11] use superpix-
els instead of pixels and propose to optimize functions on graphs. Furthermore,



to make use of multi-resolution image information, [8] use global contrast and
spatial contiguity to generate initial saliency maps. Then, a region merging pro-
cedure with dynamic scale control is used to generate the so-called saliency trees.
This method highlights salient object regions with well-defined boundaries. Sim-
ilarly, [10] propose a hierarchical model to estimate saliency maps at different
image resolutions. These maps are then combined using a weighted color dis-
tance. This method yields a good saliency maps, but may assign high saliency
values to isolated background regions. Note that the majority of graph-based
methods use the image borders to extract the background. One major limitation
of these methods is that they can not deal efficiently with variable object scale
as the graph construction highly depends on the initial (arbitrary) segmentation
scale. Some parts of the salient object can then be confounded with the back-
ground in case of over/under segmentation. A multi layered graph based method
can provide a solution to this problem.

In this paper we propose a multi-layer graph ranking approach for salient
object detection. Starting from a multi-scale image decomposition of the image
into superpixels, each layer of the graph will be constructed on superpixels of a
given segmentation scale. The image saliency is obtained by optimizing an ob-
jective function on the graph, which detects the location of coarse and fine parts
of salient objects. We also propose a window based refinement process which
narrows the object localization and enhances the overall contrast of the object
with the immediate background. Experiments on the standard MSRA dataset
containing complex scenes have demonstrated that our approach outperforms
several recent state-of-the art methods.

This paper is organized as follows: Section 2 presents our algorithm for multi-
graph salient object detection. Section 3 presents some experimental results val-
idating our approach. We then end the paper with a conclusion.

2 GRAPH RANKING FOR SALIENCY DETECTION

2.1 multi-layers graph for saliency detection

Let L the number of layers composing our multi graph. We suppose then that the
segmentations required to this structure are defined by the sets: Ω1, Ω2, . . . , ΩL

where each set Ωℓ, ℓ ∈ {1, 2, ..., L}. Is obtained by applying the SLIC algo-
rithm [2] which produce nℓ superpixels. We use one granularity defined by a
certain number of superpixels at each layer, so we obtain several resolutions
N = {n1, n2, . . . , nL} (see Fig.1). We consider the following minimization to
propagate the ranking to all the nodes of the graph:
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Fig. 1. Comparison between obtained saliency maps using single-layer and multi-layer
graphs. (a) represents, from left to right, the original image, the ground truth and the
multi-layer graph saliency map. (b) represents, from left to right, the segmentation of
the image into 150, 500 and 1000 superpixels, respectively. (c) represents, from left to
right, saliency maps generated by a single-layer graph using each segmentation in (b)
of the same column.
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The variable ℓ ∈ {1, 2, . . . , L} correspond to the index of the segmentation

located in ℓ-th layer and nℓ represent the number of segments generated using
the SLIC algorithm. We note that yℓ = [yℓ1, y

ℓ
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minimization of the equation 1 is done as follows: f∗ = (I − αL)−1y, where
α = 1/(1 + λ) and L is the Laplacian matrix given by: L = D−1/2WD1/2,
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We perform a propagation process from each of the four borders of the image
(top, down, left and right) by initializing its appropriate positions to 0 in yℓi . We



then obtain four saliency maps (ST ,SD, SL,SR) that are combined by multipli-
cation as follows: S = ST ◦ SD ◦ SR ◦ SL, where ◦ designates the Hadamard
product between matrices. We then perform a second propagation process from
the most salient elements extracted from S (the kernel of the object) to the rest
of the image. This is achieved by a proper initialization of function (1) based on
the object kernel.

2.2 Window based saliency refinement

For more accurate saliency estimation, we narrow the saliency area to a restricted
space that is more likely to contain the salient object (i.e., objectness-like mea-
sure [3]). For this purpose, we define a window initialized to entire image and
progressively reduced to fit tightly to the area containing the salient object with
high plausibility. Let (x0, y0) be respectively the height and the width of the im-
age. The window extent is defined as Xδ1 = [δ1, x0 − δ1] and Yδ2 = [δ2, y0 − δ2],
with δ1 and δ2:

(δ1, δ2) = argmax
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where η is a threshold set experimentally (usually η = 0.99). Eq. (2) aims to
define a window that contains most salient parts of the image and discard the
background with weak saliency percentage compared to the over all image. We

a b c d e

Fig. 2. Example on a window-based refinement: (a) The input image, (b) the ground
truth, (c) saliency map obtained using Eq. 1, (d) Window position (Eq. 2), (e) saliency
map obtained using window refinement process.

perform a second multi-layer graph based saliency detection process in the inner
part of the window by minimizing function (1) (see Fig. (2) for illustration).

3 Experimental results

The performance of the proposed model is evaluated quantitatively on a widely
used MSRA dataset [7] which contains 5,000 images with their ground truth.
We compare our multi graph based manifold ranking (MMR) and our window
based refinement (WMMR) with five state of the art saliency detection methods



: ST [8], MSA [13], ORBD [14], HDCT [6] and MR [11]. Fig. (3) shows some
examples that compare our method to those of the state of the art. We evaluate
the performance of our method using the precision, recall and F-Measure metrics.
The precision/recall curves are obtained by binarizing the saliency map using
thresholds in the range from 1 and 254. The F-Measure is the weighted harmonic
sum of the precision and recall computed as follows:

Fα =
(1 + α)× precision× recall

α× precision+ recall
, (3)

where we set α = 0.3 for all the compared methods. Fig. 4.a shows the precision
/ recall comparison of our method with five state of the art methods and Fig.
4.b shows the best average F-measure, precision and recall measures obtained
on all saliency maps generated on the MSRA dataset by each compared method.
The highest F-measure value is returned by our WMMR method which is 0.87
followed by ST which returns 0.84 for the same measure. This demonstrates
clearly the performance of our method with regard to the compared ones. We
can note also that our method has obtained more quality saliency maps where
objects are more contrasted with the background and have clearer boundaries.

Original GT MR MSA ORBD HDCT ST Ours

Fig. 3. Visual comparison between our method to five state of the arts approaches.

4 Conclusion

We have presented a multi-layer graph based algorithm for salient object detec-
tion. Our method is able to localize accurately fine and coarse parts of salient
objects. It also uses a refinement process using an objectness-like measure nar-
rowing the salient object search. Experimental results on the well-known MSRA
dataset have demonstrated that our method outperforms recent sate-of-the-art
methods. Qualitatively, our salient objects are generally more emphasized and
the backgrounds are more efficiently discarded, which make our results more
suitable to applications such as object segmentation and selective object recog-
nition.
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Fig. 4. Comparative results between our method and five state-of-the-art saliency de-
tection methods using the MSRA dataset.
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