Neurocomputing 312 (2018) 239-250

Contents lists available at ScienceDirect

Neurocomputing

journal homepage: www.elsevier.com/locate/neucom

Saliency detection via affinity graph learning and weighted manifold )
ranking” e

Xinzhong Zhu®"', Chang Tang®', Pichao Wang¢, Huiying XuP, Minhui Wang®*,
Jigjia Chen®* Jie Tian*®

aSchool of Electronic Engineering, XIDIAN University, Xi'an 710071, PR China

b College of Mathematics, Physics and Information Engineering, Zhejiang Normal University, Jinhua 321004, PR China
¢School of Computer Science, China University of Geosciences, Wuhan 430074, PR China

dSchool of Computing and Information Technology, University of Wollongong, NSW 2522, Australia

¢ Department of Pharmacy, Huai'an Second People’s Hospital Affiliated to Xuzhou Medical College, Huai'an, 223002, China

ARTICLE INFO ABSTRACT

Article history:

Received 15 August 2017
Revised 27 April 2018
Accepted 28 May 2018
Available online 15 June 2018

Graph-based saliency detection approaches have gained great popularity due to the simplicity and effi-
ciency of graph algorithms. In these approaches, the saliency values of image elements are ranked by
the similarity of image elements with foreground or background cues via graph-based ranking. However,
in previous methods, the similarity between any two image elements on the affinity graph is computed
by manually set functions which are sensitive to function parameters, and the constructed graph may
not reveal the essentially relevance between feature vectors extracted from different image elements.
In addition, during the saliency ranking process, all the initial labels contribute equally to the ranking
function while the global saliency confidence of each image element is not taken into consideration. In
order to address these two issues, we propose a bottom-up saliency detection approach by affinity graph
learning and weighted manifold ranking. An unsupervised learning approach is introduced to learn the
affinity graph based on image data self-representation. By setting image boundary superpixels as back-
ground seeds, the global saliency confidence prior implied in the affinity matrix is utilized to weight the
saliency ranking. In such a manner, the superpixels with higher saliency confidences will be assigned
higher saliency values in the final saliency map and the background superpixels can be efficiently sup-
pressed. Comprehensive evaluations on three challenge datasets indicate that our algorithm universally
surpasses other unsupervised graph based saliency detection methods.

© 2018 Elsevier B.V. All rights reserved.
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wide range of applications in computer vision, such as object de-
tection and recognition [1-3], image classification [4] and retrieval
[5-7], object co-segmentation [8,9] and content-based image

1. Introduction

Human beings can rapidly identify the visually distinctive parts

in a given scene, but how to make computer accomplish this
task in a quick and unsupervised manner is a challenge problem,
which is also called “visual saliency detection” in computer vi-
sion field. Visual saliency has been a fundamental research prob-
lem in neuroscience, psychology and vision perception for a long
time. Salient object detection, as an important and useful branch
of visual saliency detection, aims to locate and segment the most
informative foreground objects from a scene. It has been a boom-
ing research topic in the last one and a half decades due to its
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editing [10-13].

Over the past decades, many saliency detection models have
been proposed to compute the saliency map of a given image
and detect the salient objects. These models can be mainly cat-
egorized into two classes: top-down and bottom-up. Top-down
models [14,15] are task-driven and usually exploit high-level hu-
man perceptual knowledge, such as context, semantic and back-
ground priors, to guide the saliency detection. However, the gen-
eralization and scalability of top-down models are limited due to
the high diversity of object and task types. Bottom-up methods
[16-19] are stimulus-driven and usually exploit low-level image at-
tributes such as color, gradient, edges, and boundaries to construct
saliency maps. Compared to traditional methods with low-level
hand-crafted features, deep neural networks have also achieved
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state-of-the-art results in saliency detection [20-25]. The suc-
cess stems from the expressibility and capacity of deep architec-
tures that facilitates learning complex high-level features and mod-
els to account for interacted relationships directly from training
examples. Recent surveys on salient object detection models can
be found in [26-28].

In recent years, due to the simplicity and efficiency of graph
algorithms, more and more graph-based saliency detection ap-
proaches have been proposed and achieved great success. Harel
et al. [29] proposed the graph based visual saliency (GBVS), a
graph-based bottom-up saliency model with dissimilarity mea-
surements to extract saliency information. Random walks model
[30] has been exploited in an automatic salient-region-extraction
method to effectively detect the rough location of the most salient
object in an image. Chang et al. [31] introduced a computational
framework by constructing a graphical model to fuse objectness
and regional saliency. Yang et al. [32,33] utilized the four bound-
aries of the input image as background queries, the saliency detec-
tion is converted to a manifold ranking process on a graph. By tak-
ing the image details and region-based estimations into account,
Li et al. [34] proposed a regularized random walks ranking to for-
mulate pixel-wised saliency maps from the superpixel-based back-
ground and foreground saliency estimations. Wang et al. [35] pro-
posed a novel graph model which can effectively capture local and
global saliency cues, the saliency detection is also accomplished by
manifold ranking.

Most of above mentioned graph based saliency detection mod-
els can be regarded as a ranking or label propagation problem [36],
and these algorithms universally outperforms most of the state-of-
the-art saliency detection methods and are more computationally
efficient. However, the affinity graph (i.e., similarity matrix of fea-
ture vectors) used in existing graph based saliency detection meth-
ods are computed by manually set functions which are sensitive to
function parameters, and this graph may cannot reveal the essen-
tially relevance between feature vectors extracted from different
image elements. In addition, during the saliency ranking process,
the global saliency confidence of each image element is not taken
into consideration.

In this paper, we propose a bottom-up saliency detection ap-
proach via affinity graph learning and weighted manifold rank-
ing. Different to previous graph based saliency detection methods,
the affinity graph is learned in a unsupervised manner in our ap-
proach, but not computed by manually set functions. By using the
learned affinity graph, the saliency map is obtained by a two stage
weighted manifold ranking. Specifically, we first exploit boundary
prior for selecting background ranking seeds to perform an initial
background query. Then the initial saliency map is further used to
generate foreground ranking seeds to perform salient foreground
query to obtain the final saliency map. During the ranking pro-
cess, the global saliency confidence implied in the affinity graph is
used to weight the ranking function, which makes those image re-
gions with higher saliency confidence being allocated with higher
saliency scores in the final results. The contributions of this paper
can be summarized as follows:

1. We propose an automatic affinity graph learning model for
graph-based saliency detection, and a recursive algorithm is de-
veloped to solve the model.

2. The global saliency confidence implied in the affinity graph is
used to weight the saliency ranking process, which makes the
background and foreground regions more separable.

3. Comprehensive evaluations on three challenge datasets are con-
ducted to verify the efficacy of our saliency detection method.

The remainder of this paper is organized as follows.
Section 2 describes some related works. Section 3 introduces

the proposed method. Experimental results on three datasets are
provided in Section 4. Section 5 concludes the paper.

2. Related works

The core of our work is composed of two parts: affinity graph
learning and saliency detection by manifold ranking. In the follow-
ing sections, we will describe some related works about affinity
graph learning and manifold ranking.

2.1. Affinity graph learning

Affinity graph is used in many computer vision tasks such as
image segmentation [37,38], classification [39,40] and image data
clustering [41]. The key issue in graph based applications is to con-
struct a “good” affinity matrix A € R™", in which each element A;;
(a.k.a., edge weight) reflects the similarity between data points x;
and x;, Ideally, the affinity should be 1 if they are from the same
group?, 0 otherwise. In traditional methods, the most intuitive way
to conduct the data affinity matrix is directly computing distances
on the raw data (e.g., k-nearest neighbor [42] or e-neighborhoods
using cosine or heat kernel distances). It should be noticed that
the parameter setting in these two kinds of methods will heavily
influence the final task performance. Nie et al. [43] developed a
more sophisticated method to learn the affinity matrix by adap-
tively assigning neighbors for each data point based on the local
connectivity. However, the affinity matrix constructed on the raw
data is unable to well reveal the intrinsic structure of data points.
Inspired by the data representation theory [44-46], a huge number
of research which exploits the relationship of data representations
has been proposed. Sparse representation is a typical and widely
used technique which assumes that a complex data can be repre-
sented by some data bases. Qiao et al. [47] constructed an L; graph
with weighted edges using the coefficients of the sparse coding
and it is integrated into a locality preserving projection method
for human face recognition. The coefficients of sparse representa-
tion are also used to construct the graph for semi-supervised clas-
sification [48] and multi-label classification [49]. Zhang [50] pro-
posed a novel non-negative low-rank and sparse (NNLRS) graph for
semi-supervised learning. The weights of edges in the graph are
obtained by seeking a non-negative low-rank and sparse matrix
that represents each data sample as a linear combination of oth-
ers. Different from the sparse representation, Locality constrained
Linear Coding (LLC) [51] and collaborative neighborhood represen-
tation (CNR) [52] are other two algorithms for data representation.
Based on CNR and LLC, Dornaika et al. [53] proposed a graph con-
struction method named weighted regularized least square and a
two phase method for object categorization. Sparse graphs such as
adopting L; regularization can provide sparse graphs which have
been proved to be very powerful in many real learning problems.
However, their computational cost is very expensive. Moreover, it
is not very clear if sparse graphs take into account data locality.
In this paper, we propose a new unsupervised graph affinity learn-
ing method for saliency detection based on self-representation of
image regions, and the Laplacian regularization is used to preserve
the local smoothness between image regions. To the best of our
knowledge, our work is the first attempt to learn the affinity ma-
trix for ranking based saliency detection in a totally unsupervised
way.

2 We use “group” as a general expression here. For specific problems, the group
means cluster for clustering task, image region for segmentation, class for classifi-
cation.
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Fig. 1. Pipeline of our proposed saliency detection approach.

2.2. Manifold ranking

Manifold ranking (MR) is initially used for pattern classification
[54], and it exploits the intrinsic manifold structure of data for
graph labelling. Given a dataset X = {X{, ..., X}, X1, ... Xn} € R*™,
where d is the dimension of each data, and n is the total number
of data points. Part of data points are labelled as queries and the
rest need to be ranked according to their relevances to the queries.
This can be described by an indicator vector y = [y1,...,yn]T, in
which y; =1 if x; is a query, and y; = 0 otherwise. The aim of
manifold ranking is to find a ranking function F : X — R" which
assigns a ranking value f; to each data point Xx;, and it can be
written in a vector form f=[f;,..., fn]T. Next, a graph G = (V,E)
with nodes V and edges E is established on the dataset, where the
nodes V correspond to the data points of X, and the edges E are
weighted by an affinity matrix A =[q;;] . the degree matrix of
G is D =diag{dy;, ..., dun}, where d;; = Z;;] a;j. Then, the optimal
ranking solution of queries are obtained by solving the following
optimization problem:

.l n
F=arg mln =
2| 5"

(1)

(e ] ILfi = ill?
7 2

where the first term in Eq. (1) is the smoothness constraint which
forces a good ranking function that should not change too much
between nearby points, and the second term is the fitting con-
straint which implies that the ranking function should not differ
too much from the initial query assignment. The parameter u con-
trols the balance of the two constraints. In the PageRank [55] and
spectral clustering algorithms [41], a similar concept is also used.
The minimum solution of (1) is computed by setting the deriva-
tive of the above function respect to F to be zero. In previous
works [32,34,35], MR is used for saliency detection and achieves
great success. In [32,35], MR is directly used in their work and
the results outperform most of the state-of-the-art saliency detec-
tion methods in terms of accuracy and computationally efficient.
Li et al. [34] uses MR to get a coarse saliency map, then the reg-
ularised random walking is used to restrict the Dirichlet integral
to be as close to the prior saliency distribution for final saliency
detection.

Our work is most related to saliency detection based on mani-
fold ranking [32,33] and affinity learning based diffusion [56]. In
[32,33], the image was represented as a close-loop graph with
superpixels as nodes. These nodes were ranked based on the
similarity to background and foreground queries, based on affin-
ity matrices. Saliency detection was carried out in a two-stage
scheme to extract background regions and foreground salient ob-
jects efficiently. In [56], the authors constructed an initial lo-
cal neighbour graph by using manually set function, then they
learnt an affinity graph by using graph-based semi-supervised

learning. With the learned affinity graph, they firstly used four
image borders as seeds but removed boundary nodes that are
likely to belong to boundary-cropping objects. Next, they used
the proposed affinity learning based diffusion to perform diffusion
on the seeds separately, and reverse each map to suppress the
background and highlight potential objects. Finally, four border-
specified maps were superpixel-wisely multiplied to obtain the fi-
nal saliency map. Compared to previous works, there are new con-
tributions in our work, including: (1) Instead of using the fixed
graph pre-computed by manually set functions (i.e., the Gaussian
kernel function) as in [33], we propose an automatic affinity graph
learning approach to learn the similarities between image regions.
The self-representation graph learning model is derived from the
self-similarity of image patches which is widely used in many im-
age processing tasks such as de-noising, super-resolution. The lo-
cal smoothness is also taken into consideration by using a Lapla-
cian regularization; and (2) In [33], all the initial labels equally
contribute to the classifying function but the global saliency con-
fidence of each image region implied in the affinity graph is not
taken into consideration. In our proposed method, we integrate the
global saliency confidence prior implied in the learnt affinity ma-
trix during the saliency ranking process, inducing a weighted man-
ifold ranking saliency detection method.

3. The proposed algorithm

As aforementioned, our proposed saliency detection algorithm
consists of two parts. In the first part, we will learn an affin-
ity matrix in an unsupervised manner. In the second part, we
set image boundary regions as background queries and use tra-
ditional manifold ranking model described by Eq. (1) to obtain a
coarse saliency map. Based on the coarse saliency map, we ex-
tract some regions which have been assigned higher saliency val-
ues as foreground queries. By taking the saliency confidence of
each region obtained from the learned affinity matrix into consid-
eration, we use a weighted manifold ranking model to estimate
the final saliency map from the extracted foreground queries. In
such a manner, the regions with higher saliency confidences will
be assigned higher saliency values. The pipeline of the proposed
approach is depicted in Fig. 1.

3.1. Affinity graph learning

Similar to previous graph based saliency methods, we first par-
tition the input image I into n superpixels® S = {s;,...,sy} by us-
ing the Simple Linear Iterative Clustering (SLIC) [57] algorithm.

3 In this paper, each graph “node” represents an image “superpixel”, so they re-
fer to the same thing. We will use them interchangeably for different explanation
purposes.
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kernel function. (c) Affinity matrix learned by our unsupervised method.

For each superpixel s;, we extract color and texture information
to form a d-dimensional regional feature vector x; € RY, then all
the feature vectors of superpixels are ensembled to form a feature
matrix X = {X;,...,Xp} € R9", Based on self-representation the-
ory, each feature vector x; in X can be represented by a liner com-
bination of others with different coefficients. The goal is to obtain
a coefficient matrix W = {wy, ..., wp} € R™" in which each w; is
the coefficients of x;. Traditional solution of obtaining W can be
expressed as the following regularized problem:

W:argmv\i’n ||X—XW||%+)~||W||pv (2)

where || - || denotes the Frobenius norm of a matrix, and || - ||, rep-
resents p-norm of a matrix. In Eq. (2), the first term constraints
the representation residual to be small, the second term is a regu-
larization imposed on the coefficient matrix W, e.g., sparsity, low-
rank.

Generally, the coefficient vectors of similar original data should
also be similar. Specifically, if x; is very similar to x;, then the cor-
responding coefficient vectors w; and w; should be close to each
other. This property can be constrained by the Laplacian smooth-
ness criterion. For all data pairs, this criterion can be written as:

an | wi — w; | *z;; = Tr(WLw?), (3)
ij=1

where L is the graph Laplacian of a given weight matrix Z, i.e.,
L =D? — Z, where D? is a diagonal matrix with Dﬁ = Z?:] Zjj.

By taking the Laplacian smoothness into consideration, we ex-
press our affinity graph learning model as follows

W = argmin X - XW[ + A [W[F + BTr(WL"WT), (4)

where L% is the Laplacian matrix of the affinity matrix W, A and
B are two positive balance parameters. Here we enforce minimiz-
ing ||W||12E for computation efficiency and preventing from the triv-
ial solution. Other regularization such as L, i-norm for robust to
outliers, L; norm for sparsity, and nuclear norm for low rank can
be used to replace the Frobenius norm. If LY is fixed, the mini-
mization problem of Eq. (4) will be convex and have a closed form
solution with a global minimum. However, LY is unknown since
the graph itself is unknown. To solve this problem, we propose
an recursive method to get the optimal coefficient matrix (i.e., the
affinity matrix). We start with an initial rough graph, and use its
corresponding Laplacian matrix to impose smoothness of the coef-
ficient vectors of the unknown matrix W. Then the estimated W
will be used to get a new Laplacian matrix for next iteration. In
such a circular recursion, we can get the final optimal coefficient
matrix W.

Specifically, a rough weight matrix Z is computed in advance
by using any traditional graph construction method, its Laplacian
matrix is calculated by L = D — Z, then the coefficient matrix W

()

Fig. 2. Learning affinities of image region pairs. (a) Original image, (b) Traditional affinity matrix calculated by the Euclidean distance of feature vectors and Gaussian heat

Algorithm 1 Unsupervised affinity graph learning.
Input: Original feature matrix X and an initial affinity matrix Ag
Initialization: Parameters A and $, t = 0, ¢ = 0.00001
Repeat
1. Calculate the graph Laplacian of Ag, Li=D; — A¢;
2. Get W, by solving Eq. (8);
3. Update A by Aryq = 5 (|Weir| + [Wet ')
4. t=t+1;
Until W, - W, |2 <&
Output: Affinity matrix A

is estimated by minimizing the following problem:
W:argmv\i,nH(W). (5)
and
H(W) = X - XW||? + A[WI[7 + BTr(WLW")
= Tr((X— XW)' (X — XW))
+ATr(W'W) + STr(WLW'). (6)

The solution of W can be obtained by differentiating # (W) with
respect to W as follows;

w — —2X"X + 2X"XW + 2AW + 2pWL. @)
We set Eq. (7) to 0, and obtain
(X"X + Al)W+W(2pL)=X"X, (8)

where I is a n x n identity matrix. Eq. (8) is a Sylvester equation,
and we solve it using the sylvester function of Matlab to get W.

Finally, the affinity matrix A is obtained by A = %'WT‘

The whole procedure to obtain A can be summarized in
Algorithm. 1. Note that the learned affinity matrix A can be re-
garded as a full connected graph, we need to remove some re-
dundant connection of graph nodes. Similar to previous methods
[32,34], each node is connected to those nodes neighboring it and
the nodes sharing common boundaries with its neighboring nodes.
All the nodes on the four sides of image are also connected and
each node is not connected with itself.

Fig. 2 shows an example of our learned affinity matrix. Fig. 2(a)
is an input image, it is composed of three main parts: the dark
green forest, the sika deer and the yellow meadow. Fig. 2(b) is the
traditional affinity matrix calculated by the Euclidean distance of
feature vectors and Gaussian heat kernel function, as can be seen,
it contains some noisy values and the relevance of regions from
the same image part are not very strong (i.e., the affinity values
between similar image regions are not large enough). On the other
hand, our method can learn a clearer block-diagonal affinity ma-
trix, noisy values can be efficiently suppressed and the relevance
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Fig. 3. An example of saliency confidences implied in the affinity matrix. (a) Original image, (b) degree value of each superpixel, (c) final saliency map obtained by using
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Fig. 4. Quantitative comparisons of saliency maps generated by different methods.

of similar image regions are stronger, as shown in Fig. 2(c). This
property can benefit the following saliency ranking and make the
salient parts more separable from background.

3.2. Ranking from background seeds

It is observed that background often presents local or global ap-
pearance connectivity with the four image boundaries. This bound-
ary prior observation has been used in many previous saliency
detection works [32,34,35] and verified more general and effec-
tive than previously used center prior [58,59]. In this work, we
also follow this boundary prior and assume that the four image
boundaries as background. Note that sometimes the salient ob-
jects may also touch image boundaries, and some works try to
reduce the salient foreground noises in the image boundary re-
gions object [34,35,60] and improve the final saliency detection
results. But their is no algorithm which can absolutely remove
the foreground noises from image boundaries because distinguish-
ing salient regions and background regions is a difficult problem
in itself. How to remove salient noisy areas from boundaries is
not the focus of this work. In this step, similar to the work in
[32], we use the nodes on each side of image as labelled back-
ground queries, then compute the saliency of other nodes based
on their relevances to those queries as background labels by tra-
ditional manifold ranking. The four ranked maps from the back-
ground queries are then integrated to generate a coarse saliency
map, as shown in Fig. 1. For this first ranking step, we only aim
to obtain a coarse saliency map by setting image boundary regions
as background queries, i.e., the boundary regions are set as back-
ground queries with probability 1 (no weight needed). For simplic-

ity, we use traditional manifold ranking for initial saliency estima-
tion. In fact, we have tested the initial saliency estimation by using
weighted manifold ranking, but it makes little sense to the final
results.

3.3. Weighted ranking from foreground seeds

In the coarse saliency map obtained from the second step, some
foreground areas are not fully highlighted and some background
areas are falsely detected as foreground. Previous method [32] di-
rectly applies binary segmentation on the coarse saliency map
from the first stage, and take the labelled foreground nodes as
salient queries. The saliency of each node is computed based on
its relevance to foreground queries for the final map. In this man-
ner, the saliency confidences of image regions implied in the affin-
ity matrix are not fully exploited. In our work, in order to fully
capture the salient regions, we simply set the first half of super-
pixels with higher saliency values in the coarse saliency map as
salient foreground seeds, and the final saliency of each region is
obtained by ranking with weight which is modelled by saliency
confidences of foreground seeds. We model the saliency confi-
dence of each region i as its degree value d;; on the affinity graph.
Given the learned affinity matrix A, in which A;; represents the
similarity between region i and j. Thus the ith row/column rep-
resents the similarity between image region i and other regions.
From the perspective of global contrast, if a region belongs to a
salient object, it should have high contrast (low similarity) with
most of other regions, i.e., A;j(j=1...n,j#1i) should be small
for most j. Therefore, for the degree matrix of A, d; should be
small if image region i belongs to a salient object. This property
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Fig. 5. Quantitative performance comparison of different methods on the ECSSD dataset. (a) Precision-recall curves, (b) F-measure curves, (c) MAE values, (d) AUC values,
and (e) OR values.
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Fig. 6. Quantitative performance comparison of different methods on the SOD dataset. (a) Precision-recall curves, (b) F-measure curves, (c) MAE values, (d) AUC values, and

(e) OR values.

implied in the affinity matrix can be used as the saliency confi-
dence of different image regions. Fig. 3 gives an example, Fig. 3(a)
is an input image, the degree value of each superpixel is shown in
Fig. 3(b). As can be seen, salient part (the rabbit) of the image will
have smaller degree values, which verifies that the global contrast

information is implied in the affinity matrix and it can be used to
improve traditional saliency ranking results.

By taking the saliency confidences into consideration, the sper-
pixels with higher saliency confidences (with smaller degree val-
ues) will be assigned higher saliency values in the final saliency
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Fig. 7. Quantitative performance comparison of different methods on the DUT-OMRON dataset. (a) Precision-recall curves, (b) F-measure curves, (c) MAE values, (d) AUC
values, and (e) OR values.
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map. In addition, in order to reduce ranking errors, we also set
the other part of superpixels with smaller saliency values in the
coarse saliency map as sink points during our weighted ranking
process. Specifically, after we obtain the coarse saliency map, we
compute a threshold value T by Otsu [61], the regions with saliency
values smaller than T are set as sink points. Finally, we derive the
weighted MR model as follows:

~ .1
F = argmfmi

2

| S B s ©
Lj=1 ’ Vdi R

where m determines the degree of saliency confidences on initial
labels, and it is set to 1/2 in our work, enabling a salient super-
pixel to have a relatively higher confidence than a background su-
perpixel. §; = 0 if superpixel i is a sink point and 1 otherwise. The
sink points be intuitively imagined as “black holes”, where ranking
scores spreading to them will be absorbed and no ranking scores
would escape from them [60,62]. This can be understood in this
way: the superpixels which are set as sink points are those with
smaller saliency values in the coarse map, they are very likely
to be background. By setting appropriate sink points, these back-
ground regions can be effectively suppressed during the ranking
process.

By writing Eq. (9) in its matrix form and differentiating the
function respect to f, we have

(1- D 'AL)f = (1 - a)D 7y, (10)

where a =1/(1+pu) and A is the affinity matrix learned in
Section 3.1. Iy = diag(81, &3, ...8n) is the sink point indicator ma-
trix.

From Eq. (10), the relevance scores between labeled and unla-
beled graph vertices can be obtained as

fo (1- oD 'AL) D 7y, (1)
Finally, the saliency value of each superpixel S(i) can be directly
assigned by the ranking score:
S@) = f(i),i=1,2,...,n. (12)
Similar to [63], we also apply an adaptive contrast enhancement
for the final saliency map with the following sigmoid mapping:
1
1+exp(—y(x—-1))’
where 7 is an adaptive threshold obtained using Otsu’s binary

threshold method [61] and y controls the overall sharpness. We
also set y = 20 in our experiments.

g(x) = (13)

4. Experimental results
4.1. Experiment setup

For most of the saliency detection datasets, the image size is
around 300 x 400 pixels. In order to balance the computation effi-
ciency and accuracy, the number of segmented super-pixels is of-
ten set to 200 as to the image size in most of previous works. Em-
pirical experiments also demonstrate that the final results change
little while the number of segmented super-pixels varies between
150 and 300 when the image size is about 300 x 400 pixels. There-
fore, in order to keep consistent with previous works, we also set
the number of segmented super-pixels to 200 in our work, i.e.,
n =200 in all the experiments. In the affinity graph learning step,
X and B are all set to 1 empirically, the effects of A and 8 on

i
0.9 R AU T LI SETEL SRS SR AR
0.8

final result

Precision
© o o o
£ 01 OO N

[| = = = traditional graph

0-3 [| = = = without saliency confidences
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0.1
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Recall

Fig. 8. PR curve comparison of each individual component on SOD dataset.

the learned affinity graph matrix is out of the scope of this work.
o=1/(1+p) is set to 0.99 as previous works [32,35]. In our ex-
periment, both color and texture features are used, including RGB
color, Lab color, HSV color, opponent color [64] and local binary
pattern (LBP) [65]. For each superpixel, we use the mean value
of each feature to assemble a 13-dimensional feature vector. All
the feature vectors of superpixels are then used for affinity graph
learning.

4.2. Datasets

The performance evaluation is conducted on three challeng-
ing datasets: SOD [66], ECSSD [67] and DUT-OMRON [32]. SOD
consists of 300 images collected from the Berkeley segmentation
dataset and most of which have multiple salient objects. ECSSD
contains 1000 semantically meaningful but structurally complex
images. DUT-OMRON is another challenging dataset which contains
5168 images with complex background.

4.3. Comparison with state-of-the-art methods

In the experiments, we qualitatively and quantitatively compare
the proposed approach with fifteen state-of-the-art approaches, in-
cluding thirteen unsupervised methods: SEG [68], RC [69], SF [70],
MR [32], DSR [71], PCA [72], CA [73], RBD [74], RRW [34], CHS [17],
MST [63], SMD [75] and RS [33], and two supervised deep learning
based methods: DS [20] and DCL [22]. Fig. 4 shows the qualita-
tive comparisons of saliency maps generated by our approach and
other different methods. As can be seen, our method can clearly
highlight the salient objects in an image, the background areas
are efficiently suppressed. This verifies that the weighted mani-
fold ranking can assign higher saliency values to those superpixles
which are with higher saliency confidences implied in the affinity
matrix, or vice versa. Due to the fact that the learned affinity ma-
trix can reveal the intrinsic relevance between different superpix-
els, our approach is also applicable for images with complex back-
ground.

For quantitative evaluation, we use precision-recall curve, F-
measure curve, mean absolute error (MAE), area under curve (AUC)
and overlapping ratio (OR) to evaluate the performance of our al-
gorithm. The precision and recall scores are computed by bina-
rizing the estimated saliency maps with a threshold sliding from
0 to 255 and compare the binary maps with ground truth maps.
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(a)

Fig. 9. Failure case of our method. (a) Original image, (b) saliency detection result of our method.

Usually, precision and recall are both important and therefore F-
measure is used as the overall performance measure which can be
written as:

(1 + B?) - precision - recall

Fs; = ]
B B2 - precision + recall

(14)

where B2 is set to 0.3 as suggested in [76] to emphasize precision.
As neither precision nor recall measure evaluate the true negative
saliency assignments, we also use the mean absolute error (MAE)
as a complementary. The MAE score calculates the average differ-
ence between the saliency map M and the ground truth GT, it is
computed as:

1 R .
MAE = - ; IM(i) - GT (i), (15)

where H and W are the height and width of the input image,
respectively. Meanwhile, we use true positive and false positive
rates to calculate the AUC score. OR is defined as the overlap-
ping ratio between the segmented object mask S’ and ground truth
G:O0R=|SnG|/|ISUG|, where S is obtained by binarizing S using
an adaptive threshold, i.e., twice the mean values of S as in [77].

Quantitative evaluation results of different methods on three
datasets are shown in Figs. 5-7, respectively. As can be seen, our
approach can outperform all other state-of-the-art unsupervised
methods. Note that for both of the three datasets, our method
can perform better than all of the previous graph based methods
such as MR, RRW and RS, which demonstrate the validity of the
proposed affinity graph learning and weighted manifold ranking.
Compared to deep learning based methods, our approach can not
win the performance. However, deep learning based methods need
large amount of training examples, while our method is totally un-
supervised.

In order to verify the superiority of our learned affinity ma-
trix and the effect of the global saliency confidences, we also give
the result which is obtained by using traditional Euclidean distance
and Gaussian kernel function based affinity matrix and the result
without global saliency confidences. We show the precision-recall
curves of SOD dataset in Fig. 8. As can be seen, the learned affin-
ity matrix can significantly promote the final results. The global
confidences implied in the affinity matrix can also benefit the fi-
nal results. In addition, in order to verify the effect of the Lapla-
cian regularization term used in the affinity graph learning model,
we also plot the precision-recall curve result by using the affin-
ity graph learned without the Laplacian regularization. As can be
seen, the Laplacian regularization term can also facilitate the final
results.

(b)

4.4. Running time

For testing the running time of our method, we implemented
it by using Matlab R2016a on a laptop with Intel Core i5-4200M
2.5 GHz CPU and 8 GB RAM. The average running time of an image
with size 400 x 300 is about 1.4 s on ECSSD dataset. The mainly
time cost parts are the affinity matrix learning process and super-
pixel segmentation, it spends about 0.4 s to generate the superpix-
els and 0.7 s to learn the affinity matrix, the actual saliency com-
putation spends only about 0.3 s.

4.5. Limitation and analysis

Fig. 9 shows a failure case, where the background and fore-
ground in original image is very similar. In such a case, there
is small difference between background and foreground, and the
similarity graph of image regions is hard to learn. However, it is
also challenging for the state-of-the-arts even deep learning based
methods. Objectness measure may be used to solve this problem.
However, the current objectness measure methods are not accurate
enough. In existing methods, different features are often extracted
for saliency detection, but they concatenated different features di-
rectly. Since different features focus different properties of an im-
age, the feature spaces and scales are different, directly concatenat-
ing may not leverage the complementary information of different
features. Thus, in our future work, we intend to learn the similarity
graph in a multi-view perspective.

5. Conclusion and future work

We present a bottom-up approach to detect salient regions in
images through weighted manifold ranking on a learned graph.
Different from traditional graph based saliency detection methods,
we use an unsupervised manner to learn the affinity matrix of the
graph which is composed by image superpixels. Our learned affin-
ity matrix can better reveal the intrinsic relevances between su-
perpixels. By considering the global saliency confidences implied
in the learned affinity matrix, we propose a saliency confidences
weighted manifold ranking for final saliency detection, this makes
those superpixels with higher saliency confidences will be assigned
higher saliency values in the final saliency map and background el-
ements can be efficiently suppressed.

We have also realized that deep learning has obtained great
success in the area of saliency detection. Thus we are going to
combine deep learning for saliency detection in our future work.
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