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Abstract. In recent years, many graph-based methods have been intro-
duced to detect saliency. These methods represent image regions and
their similarity as vertices and edges in a graph. However, since they
only represent pairwise relations between vertices, they give an incom-
plete representation of the relationships between regions. In this work, we
propose a hypergraph based optimization framework for salient object
detection to include not only the pairwise but also the higher-order rela-
tions among two or more vertices. In this framework, besides the rela-
tions among vertices, both the foreground and the background queries
are explicitly exploited to uniformly highlight the salient objects and
suppress the background. Furthermore, a probabilistic hypergraph is con-
structed based on local spatial correlation, global spatial correlation, and
color correlation to represent the relations among vertices from different
views. Extensive experiments demonstrate the effectiveness of the pro-
posed method.
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1 Introduction

Since Itti and Koch et al. [1] introduced the first computational model of visual
saliency detection, a large amount of approaches have been proposed to detect
salient objects in images [2-12]. Visual saliency detection can be applied to
many computer vision related applications, including image segmentation, image
compression, image quality assessment, object detection, and object recognition.

One series of salient object detection approaches are unsupervised and graph-
based [6-10], which model each image as a graph and propagate saliency infor-
mation via weighted edges connecting image parts. These approaches do not
need manually annotated samples and overcome a major drawback of classical,
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pixel-level bottom-up saliency methods: namely, they tend to highlight object
edges more than homogeneous object interiors. Graph-based approaches [6-10]
use a pairwise simple graph to model the relations between two image regions.
In a simple graph, image regions are vertices; two vertices are connected by an
edge and the edge weight represents the similarity between regions.

However, representing the relations among image regions in a pairwise simple
graph gives an incomplete representation of the image. It is important to con-
sider not only the pairwise relation between two vertices but also local grouping
information among two or more vertices [13]. These higher-order relations can be
represented by a hypergraph, a generalization of a simple graph [14]. In a hyper-
graph, hyperedges are used to describe complex relations among any number of
vertices. Hypergraphs have been proved to be useful in many applications, such
as image retrieval [13] and image segmentation [15]. In the salient object detec-
tion field, very few works have made use of the hypergraph [16]. In the work of
Li et al. [16], a binary hypergraph is constructed using a clustering algorithm at
multiple image scales, which describes the binary relations between vertices and
hyperedges, i.e. whether a vertex belongs to a hyperedge. A hypergraph mod-
eling approach is then proposed to capture the contextual saliency information
on image superpixels and the final hypergraph-based saliency map is essentially
the average of saliency detection results from different scales.

In this work, we introduce a new hypergraph-based method for salient object
detection, which has two main contributions. Firstly, a novel hypergraph based
optimization framework is proposed. Salient object detection aims to separate
the salient foreground from the non-salient background. Thus, we explicitly
exploit both the foreground queries and the background queries in this opti-
mization framework to uniformly highlight all the salient regions and suppress
the background. These two kinds of queries are generated based on the bound-
ary prior of visual saliency and the local grouping information among different
vertices.

Our second contribution is that a probabilistic hypergraph is constructed
to better represent the local grouping information, which captures not only the
binary relations but also the probability that a vertex belongs to a hyperedge.
We fuse local spatial correlation, global spatial correlation, and color correlation
among multiple vertices into a probabilistic hypergraph by adding different types
of hyperedges. Each vertex in the hypergraph serves as the centroid for a local
spatial hyperedge which connects a centroid vertex to its local spatial neighbors,
a global spatial hyperedge which connects a centroid vertex to the global border
vertices of the image, and a color hyperedge which connects a centroid vertex
to its neighbors in the color space. We further define the probability that a
vertex belongs to a hyperedge to be the similarity between this vertex and the
corresponding centroid vertex of the hyperedge. We then define the weight of
each hyperedge as the quadratic sum of the probabilities that different vertices
belong to this hyperedge.

We test our probabilistic hypergraph based optimization framework on three
databases and demonstrate that our method outperforms eleven state-of-the-art
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models. The remainder of this paper is organized as follows: The hypergraph
based optimization framework is introduced in Sect. 2; Sect. 3 describes how we
construct a probabilistic hypergraph; Our testing procedure and experimental
comparison are described in Sect. 4; Sect. 5 concludes the paper.

2 Hypergraph Based Optimization Framework

Let V' denote a finite set of vertices and E denote a series of hyperedges, which is
a family of subsets of V' such that J,.; = V. A hypergraph can be represented
by a |V| x |E| incident matrix H(v;,e;) where i is an index of a vertex and j is
an index of a hyperedge.

oy [ p(vilej) i v; € ¢
H(vire) = {0 otherwise (1)

If a vertex v; is contained in a hyperedge e;, the corresponding value H (v;, e;)
equals to the probability that v; belongs to e;; otherwise, the value equals to 0.
Thus, each column of the incident matrix H represents the composition infor-
mation of a hyperedge in the hypergraph. Let a diagonal matrix W record
the hyperedge weights, where each hyperedge e is assigned a positive weight
W (e). Based on the incident matrix H and the weight matrix W, a diagonal
matrix D, which records the degree of each vertex D, (v;) can be defined as
D,(v;) = EejeE W (e;)H (v, e;), and a diagonal matrix D, which records the
degree of each hyperedge De(e;) can be defined as De(ej) = >, oy H(vi, €;).

Based on hypergraph, a ranking algorithm has been proposed for classifica-
tion [14]. In this algorithm, a smoothness term is used to include the relations
among different vertices and a fitting term is used to constrain the final result to
be close to the original queries. The hypergraph based ranking algorithm is suit-
able for the situation where one kind of specific queries has been given, e.g. image
retrieval [13]. The goal of salient object detection is to separate the salient fore-
ground from the non-salient background. Thus, both the foreground queries and
the background queries are important to detect saliency in images. In this work,
we propose a novel hypergraph-based optimization framework which includes
both the foreground queries and the background queries for saliency detection.
The proposed hypergraph-based optimization framework aims to compute a vec-
tor S : V = R, which assigns a saliency value S(v;) to each vertex v;.

1
S* = arg mSin(EQ + AU+ \D), where

0= X S W o otst -5
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In the term 2, S(v;) and S(v,) are the saliency values of the vertices v; and
v; separately. H(v;,ex) and H(vj,ey) indicate the probabilities that v; and v,
belong to the hyperedge ex. W(er)/D.(er) can be understood as the normalized
weight of the hyperedge er. From the formula, we can see that {2 indicates the
smoothness constraint defined in a hypergraph: If two vertices v; and v; have high
probabilities to belong to the same hyperedge frequently and these hyperedges
have high weights, the saliency values of these vertices should be close.

Among the term ¥, Ly is the label of the salient foreground and is set as 1
in our paper. Q¢(v;) indicates whether the vertex v; is a foreground query: If
v; is a foreground query, Qf(v;) = 1; otherwise, Qf(v;) = 0. Thus, ¥ can be
understood as a foreground fitting term, which encourages the saliency value of
a vertex v; to be close to the label of the salient foreground if this vertex is a
foreground query.

Similarly, the term @ can be understood as a background fitting term. Ly is
the label of the non-salient background and is set as —1. Qy(v;) indicates whether
the vertex v; is a background query: If v; is a background query, Qp(v;) = 1;
otherwise, Qp(v;) = 0. This term @ encourages a vertex v; which is a background
query to take a saliency value close to the background label.

In Formula 2, Ay and )\ are the weighting parameters, which specify the rela-
tive balance of three terms. By setting the derivative of the function in Formula 2
to be zero, the saliency values of different vertices can be computed as:

S* = (D, — HWDZ'H" + X\ Qs + MQs) "' (A Qr — MoQb) (3)

In this work, we first choose initial foreground queries @) and initial back-
ground queries @y based on the boundary prior of visual saliency. According to
the boundary prior, the vertices on the four sides of the image are more likely to
be background. We then use the vertices which are not on the image borders as
the initial foreground queries and set each of the four image borders as the initial
background queries separately to get four maps based on Formula 3. These maps
are then normalized to be in [0, 1] and multiplied to get a temporal result T
The final foreground and background queries are acquired based on this result
T using different thresholds thy and thy: If a vertex v; has a value T'(v;) > thy,
then this vertex is a foreground query; If a vertex v; has a value T'(v;) < thy,
this vertex is a background query.

According to Formula 3, besides the foreground and background queries, the
hypergraph represented by H and W is also critical to compute the saliency
value of each vertex. In Sect. 3, we describe how we construct the hypergraph
for salient object detection.

3 Probabilistic Hypergraph Construction

We first employ the SLIC algorithm [17] to segment an input image I into n
homogeneous superpixels and then define these superpixels as the vertices of our
hypergraph. The number of the homogeneous superpixels in each input image is
set to 300 in this work. For each superpixel, we compute its mean in the CIELab
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color space and the image spatial coordinates as the color and spatial features
of this superpixel.

3.1 Hyperedges and Weights

To get a probabilistic hypergraph, we need to construct the incident matrix
H, i.e. choose different hyperedges and compute the probabilities that different
vertices belongs to these hyperedges. In this work, given a set of vertices V,
we choose different hyperedges based on three kinds of correlations: local spatial
correlation, global spatial correlation and color correlation. Thus, for each vertex
v;, three hyperedges are chosen: a local spatial hyperedge, which contains v; itself
as a centroid vertex and its immediate spatial neighbors that share a boundary
with the centroid vertex in the input image; a global spatial hyperedge, which
contains v; as a centroid vertex and the global boundary vertices on the four
borders of the image; and a color hyperedge which contains v; as a centroid
vertex and its neighbors in the CIELab color space. We further compute the
probability that a contained vertex belongs to a hyperedge as the similarity
between this vertex and the centroid vertex of the hyperedge. Our method to
compute the similarity between two vertices are introduced in Sect. 3.2.

Besides the incident matrix H, the diagonal hyperedge weight matrix W is
also important for salient object detection. In our work, we define the weight
of each hyperedge w(e;) as the sum of the squares of the probability that each
contained vertex belongs to the hyperedge e;.

wlej) = Y H(vi,e;)? (4)

vi€€j

If all vertices belonging to a hyperedge e; have a higher probability to be
part of the hyperedge, this hyperedge has higher inner group similarity and thus
should be assigned a higher weight. Otherwise, this hyperedge should be assigned
a lower weight.

3.2 Similarity Matrix

Let a n*n matrix STM contain the similarity between each pair of the vertices.
In this work, we compute the similarity between two vertices using exponential
function based on both the color distance and the spatial distance.

D.(vi,v;) + Ds(vi, ;)
20

SIM (vi,v;) = exp(— ) (5)

A scale parameter o is used to control the strength of the color and spatial
distance. If o has a small value, only vertices with close color features and spatial
positions would make a contribution. If ¢ has a large value, the vertices with
large distances would also have big influence on each other. In this work, o is set
to 0.1 for all experiments. D.(v;,v;) and Dg(v;,v;) respectively represents the
distance of the color features and the spatial positions between the vertices v; and
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vj. We use the Euclidean distance to compute the color distance D.(v;,v;) and
employ the sine spatial distance proposed in our previous work [18] to compute
the spatial distance Dg(v;,v;), as shown in Formula 6.

D (vi,v5) = \/(Sin(ﬂ lzi = 25))? + (sin( - [yi = y;))? (6)

In this formula, x; and y; represent the horizontal and vertical coordinates
of a vertex i in the image plane, which have been normalized to be in [0, 1].
Experimental comparison in the work [18] has demonstrated that the sine spatial
distance helps to uniformly suppress the non-salient background.

4 Experimental Comparison

We compare with eleven state-of-the-art saliency detection methods: GB [2], FT
[3], RC [4], CB [5], HM [16], GR [6], BD [7], CL [8], GP [9], PM [10] and MST [11].
Following [3,4], we chose different methods based on various principles: recency
(PM, MST, CL and GP) and variety (FT is frequency tuned; RC uses regional
contrast; CB is based on shape and context knowledge; GB, GR, CL, GP and
PM are graph based; HM is hypergraph based; and MST employs minimum
spanning tree).

We test the performances of different methods on three standard salient
object databases: the 10000-image MSRA10K database [4], the 643-image iCoseg
database [19] and the 1000-image Extended Complex Scene Saliency Database
(ECSSD) [20]. The MSRAI0K database contains many images with one salient
object. The iCoseg database contains a lot of images with multiple salient fore-
ground objects. The ECSSD database contains many natural images with com-
plex foreground and background patterns.

The most common evaluation metric for salient object detection, i.e.
precision-recall curves (PR curves) is used in this work for experimental com-
parison. To get PR curves, the saliency map is binarized at each threshold in
the range [0:1:255] and the precision and recall values are computed at each
threshold by comparing the binary masks against the ground truth.

There are four main parameters in the proposed probabilistic hypergraph-
based optimization framework: the balance weights A and A, in Formula 3;
the thresholds thy and thy to get the final foreground and background queries.
These parameters are empirically chosen, Ay = 0.05, A, = 0.1, thy = 0.05 and
thy = 0.3, for all the experiments.

Quantitative Comparison: The quantitative comparison between our method
and eleven state-of-the-art methods based on PR curves is shown in Fig. 1.
Figure 1(a) shows PR curves of different methods in images which have one
salient object in the content. Previous graph-based methods, e.g. CL, GP and
PM already have competitive performances. Our proposed method outperforms
these methods, demonstrating the effectiveness of our method. HM and our
method are both hypergraph based models, but the algorithms proposed by
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Fig. 1. The quantitative comparison of different methods on MSRA10K, iCoseg and
ECSSD databases. Our method gives the best performance on all three databases.

these two models are totally different. Firstly, HM constructs a binary hyper-
graph based on a clustering algorithm while our method constructs a probabilis-
tic hypergraph based on local spatial correlation, global spatial correlation and
color correlation. Secondly, HM detects salient objects based on a hypergraph
modeling algorithm which result is essentially the average of saliency detection
maps from different scales, while in this work we propose a novel hypergraph-
based optimization framework which make use of both the foreground queries
and the background queries. The quantitative comparison demonstrates that our
method outperforms HM by a large margin.

We further evaluate our method on the iCoseg database which contains a
lot of images with multiple foreground objects, shown in Fig. 1(b). We note that
the PR curves of different saliency detection methods drop a little in compari-
son to the PR curves on the MSRA10K database. This phenomenon indicates
that it’s harder to detect all of the foreground regions when there are multiple
salient objects in an image. From the comparison, it can be seen that the pro-
posed method outperforms other saliency detection methods. It demonstrates
that the construction of the probabilistic hypergraph and the proposed opti-
mization framework can help to detect multiple salient objects in an image.

The ECSSD database contains 1000 complex natural images. The perfor-
mance comparison in Fig. 1(c) demonstrates that the proposed probabilistic
hypergraph based optimization framework can better detect salient foreground
objects in complex images than other state-of-the-art methods.

We further compare the performances of different hypergraphs, which use
all or part of local spatial correlation, global spatial correlation and color cor-
relation on the ECSSD database, shown in Fig.2. The hypergraphs with only
one correlation have the worst performances. The hypergraphs with two of the
correlations outperforms the hypergraphs considering only one correlation. And
our method using all three correlations has the best performance.

Visual Comparison: Different evaluated saliency detection methods can be
visually compared in Fig.3, which displays representative images to highlight
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Fig. 2. The PR curves on ECSSD database with different hypergraphs. (Color figure
online)
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Fig. 3. Comparison of different salient object detection methods. The first column

is the original image, the second is the ground truth. The third row is our saliency
detection result, and the remaining columns are results of other evaluated methods.
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the differences between these methods. An image with a complex salient object
is shown in the first row. Our method uniformly highlights the building while
most other methods only detect part of it. The second row shows an image with
a complex background. Our method can well suppress the background while a lot
of other methods wrongly highlight a portion of the background. When there are
multiple salient objects in an image (the last row), our method can uniformly
highlight all of the salient objects and largely suppress the background while
other methods only detect part of the salient objects or wrongly highlight the
background. In short, the proposed probabilistic hypergraph based optimization
framework outperforms other saliency detection methods in generating results
which are more consistent with the ground truth.

5 Conclusion

In this work we have proposed a probabilistic hypergraph based optimization
framework to detect salient objects in images. In this framework, both fore-
ground queries and background queries are explicitly exploited to better detect
salient objects. To construct a probabilistic hypergraph, we use three different
correlations in natural images, including local spatial correlation, global spatial
correlation, and color correlation. Each vertex in the hypergraph serves as the
centroid for a local spatial hyperedge which connects the centroid vertex to its
immediate spatial neighbors, a global spatial hyperedge which connects the cen-
troid vertex to the vertices on the borders of the image, and a color hyperedge
which connect the centroid vertex to its neighbors in color space. The probabil-
ity that a vertex belongs to a hyperedge and the weight of each hyperedge are
computed based on a similarity matrix, which encodes the similarities between
pairs of vertices and is computed based on both color distance and sine spatial
distance. Extensive experimental comparisons demonstrate that the proposed
method outperforms state-of-the-art methods on a variety of images for salient
object detection.
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