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Abstract. Recently, a number of graph-based approaches have been proposed to detect salient regions in
images. Although the graph is essential for these approaches, the graph construction method has not been
studied in much detail. We propose a graph construction method that makes better use of multiple Gestalt prin-
ciples. Specifically, spatial proximity, color similarity, and texture similarity between image regions are employed
to choose different edges of the graph. Furthermore, the confliction among multiple Gestalt principles is solved
using a primal rank support vector machines algorithm to compute the edge weights. Our experimental results on
various salient region detection databases with comparisons to representative approaches demonstrate that
the proposed graph construction method helps to detect salient objects in images. © 2018 SPIE and IS&T [DOI:

10.1117/1.JEI.27.5.051227]
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1 Introduction

The aim of salient region detection is to identify the visually
distinctive objects in images. It is a fundamental problem and
can be used as a preprocessing step in many applications of
image processing and computer vision, including image
segmentation,' image quality assessment,” image and video
compression,’ picture collage,” object detection and recog-
nition,>® object tracking,” region-of-interest extraction,*’
content-based image retrieval,'” etc. Thus, salient region
detection has gained much popularity.''~>

In recent years, a few graph-based approaches have been
proposed to detect salient objects in images. Since a graph is
capable of conveniently describing the relations between
image regions, graph-based saliency detection approaches
achieve top performances. Yang et al.'” used a graph-based
manifold ranking algorithm to detect salient objects in
images. This work concentrates on the computation of the
saliency-related queries and ranks the saliency values of
different image regions based on the similarity between
image regions and the queries. Lu et al.'® proposed a method
to learn optimal saliency-related seeds and diffuse the
saliency information along a graph to get the final saliency
detection results. Gong et al.”’ exploited an iterated graph-
based optimization framework to propagate saliency value
from simple image regions to difficult image regions.

Although the graph is the heart of graph-based
approaches, very few works studied the graph construction
methods in detail. In a common graph used in the above
graph-based saliency detection approaches, spatially nearby
points are connected as edges and the edge weights are com-
puted based on the color features between connected image
regions. Gestalt principles are implicitly employed in this
graph. Gestalt principles enable the human vision to easily

*Address all correspondence to: Haikun Wei, E-mail: hkwei@seu.edu.cn
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extract structured information from chaos.?® This phenome-
non is also called perceptual grouping, where visual stimulus
elements are grouped together to form a percept based on a
set of Gestalt principles, such as proximity and similarity.?’
In the commonly used graph for salient region detection,
only one Gestalt principle, i.e., spatial proximity, is used to
choose edges and one Gestalt principle, i.e., color similarity
is used to compute edge weights. Yu et al.>* explicitly
exploited Gestalt principles and experimentally demon-
strated that these principles are useful for salient region
detection. In their work, two Gestalt principles (similarity and
closure) are employed to compute edge weights. However,
they still choose graph edges based on one Gestalt principle
(spatial proximity). Zhang et al.> proposed a new graph-based
optimization framework for salient region detection which
incorporates multiple graphs and a popular cognitive property
(rarity) about visual saliency. They constructed multiple
graphs according to multiple Gestalt principles. For each
graph, one Gestalt principle is exploited to choose graph
edges. In both of the above works,”** the confliction prob-
lem among Gestalt principles is not considered.

In this paper, we propose a graph construction method
based on multiple Gestalt principles, i.e., spatial proximity,
color similarity, and texture similarity, and solve the conflic-
tion problem among multiple Gestalt principles. In specific,
we first oversegment the input image into multiple super-
pixels using a simple linear iterative clustering (SLIC)
algorithm”® and define these superpixels as the nodes of
the constructed graph. We choose part of the edges of the
constructed graph based on spatial proximity and connect
each node with its spatial neighbors. We choose another part
of the edges of the constructed graph based on color simi-
larity and texture similarity: each node is connected to
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other nodes which have both similar color features and sim-
ilar texture features. The edge weights are further computed
based on all three Gestalt principles. Since different Gestalt
principles are not simply added together in the human vision
system and there are conflictions among these principles, in
this work we learn the edge weights based on a primal rank
support vector machines (PRSVM) algorithm?’ and solve the
confliction problem among multiple Gestalt principles.

Based on the constructed graph, we further compute the
saliency values of different nodes of the graph under a graph-
based optimization framework. We test the proposed graph
construction method on different salient region detection
databases and prove that the proposed method outperforms
12 state-of-the-art models. The rest of this paper is organized
as follows: the construction method of the graph is intro-
duced in Sec. 2. The graph-based optimization framework
is introduced in Sec. 3. The testing procedure and the com-
parison results are described in Sec. 4. And Sec. 5 concludes
the paper.

2 Multiple Gestalt Principles-Based Graph

Let G(V,E, W) denote the constructed graph for the input
image I, where V represents a set of nodes, £ represents
a set of edges that each of them links a pair of nodes in V,
and WV represents the corresponding weights of the edges.
We first oversegment the input image / into n superpixels
using the SLIC algorithm? and define these superpixels
as the nodes V = {v;, v,,...,v,} of the constructed graph.
For each node, we mainly extract three kinds of features:
spatial location feature, color feature, and texture feature. For
the spatial location feature, we compute the mean normalized
row coordinate and mean normalized column coordinate for
each node. For the color feature, we compute mean color
values in CIELab color space®® for each node. For the texture
feature, we consider max responses from Leung—Malik filter
bank®! for each node.

2.1 Choosing Edges Based on Multiple Gestalt
Principles

A commonly used graph for salient region detection chooses
the edges based on spatial proximity.!”? In this work, we
choose the edges of the graph based on multiple Gestalt
principles, i.e., spatial proximity, color similarity, and texture
similarity.

The Gestalt principle of spatial proximity means that the
image regions that are spatially nearby are more likely to be
grouped together to form a percept. We define an adjacency
matrix A = [a;;] . to denote whether two nodes are spatial
neighbors, i.e., two nodes share a boundary in the input
image. If the nodes v; and v; are spatial neighbors,
a;; is 1; otherwise, a;; is 0. Let B € V denote a set of border
nodes on the four borders of the input image. Inspired by
spatial proximity, edges are chosen according to the follow-
ing rules: (1) each node is connected to its spatial neighbors
and to its spatial neighbors’ neighbors which are spatial
neighbors of any node in the first set of spatial neighbors;
(2) any two nodes are connected if both of them are spatial
neighbors of border nodes. We denote the above rules by
R, and R,, and the edge set £ € £ and &, € £ can be
obtained as
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Rl :(C/‘] = {(Uivvj)h}i’vj S V, aij = 1}

U {(Ui,’l)k)|1}k S V, ajk = 1}
R2:52={(1ji,vj)|vb,vb/EB,a,-bz l&aﬂ,/ = 1} (1)

The Gestalt principles of similarity mean that image
regions which are similar are more likely to be grouped
together to form a percept. We employ both color similarity
and texture similarity to choose another part of the edges.
Inspired by color similarity and texture similarity, edges
are chosen according to the following rule: each node is
linked to other nodes which have similar features in both
color space and texture space. We denote the above rule
by R; and the edge set &5 € £ can be obtained as

R3:(€3:{(1}i,1}j)| ’Ul','UjeV,Dl?j<ﬂC&D;j<ﬂ[}, (2)

where D¢, denotes the Euclidean distance of CIELab color
features between two nodes v; and v;. D} ; denotes the Chi-
square distance of texture features between two nodes v; and
v;. Two parameters 7. and 7, are used to choose neighbors.

2.2 Computing Edge Weights Based on PRSVM

In the commonly used graph for salient region detection,
one Gestalt principle, i.e., color similarity is usually used to
compute edge weights of the graph. In this work, we employ
multiple Gestalt principles to compute edge weights. A sim-
ple way to combine different Gestalt principles is to add the
features measured according to these principles together.
However, this strategy is not good because of the problem
of Gestalt confliction.”® Gestalt confliction means that the
relative importance weights of each Gestalt principle are
different and may conflict with each other.

In this section, we quantify the confliction among
three Gestalt principles (spatial proximity, color similarity,
and texture similarity) by learning the relative importance
weights of different principles to get the corresponding
edge weights. Specifically, we use a learning-to-rank algo-
rithm, ie., PRSVM algorithm to learn a ranking score
F(e;;) for an edge e;; connecting two nodes v; and v; using
the weighted sum of the features measured by three Gestalt
principles

17-22

F(eij) = aiGP}; + ayGP§; + a3y GP;. 3)

In the above equation, GPfj, GP;'j, and GP!. denote the
features between the nodes v; and v; according to spatial
proximity, color similarity, and texture similarity, respec-
tively. The parameters a;, a,, and az represent relative
importance weights of different Gestalt principles for salient
region detection. Given any node v; € V, the ranking score
F(e;;) should be larger than the ranking score F(e;), if the
node v; more tend to be grouped with the node v; rather than
the node v,. Let “(v;,v;) > (v;,v)” denote that “node
v; more tend to be grouped with v; than v;.” The goal of
the PRSVM algorithm is to learn a ranking function F
that outputs ranking scores such that F(e;;) > F(e;) for
any (v;,v;) > (v, vg)-

According to Gestalt principles, if two nodes are close to
each other in the image plane, these nodes should be grouped
together and thus should have a large feature value of spatial
proximity. Similarly, if two nodes have small color distance
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or texture distance, they should have a large feature value of
color similarity or texture similarity. In this work, we simply
define GP} - GP, and GP! ; as follows:

GP}; = —D;

5. GP§ =D

{» GPl;=-Dj. 4)
We employ the Euclidean distance of CIELab color
features between two nodes v; and v; to compute Dj; and
employ the Chi-square distance of texture features between
two nodes v; and v; to compute Dj;, as in Sec. 2.1. We
employ the method proposed in Zhang et al.’s work®? to
compute the distance of spatial location features Dy

Dy = \/lsin( - |, — )P+ fsin(e - [y =y, )P )

In the above equation, x; and y; are the horizontal and
vertical coordinates of a node v;, which have been normal-
ized to be in [0, 1]. This method to compute spatial distance
helps to suppress the nonsalient background.

To learn the optimal relative importance weights of differ-
ent Gestalt principles for salient region detection, we train
the parameters a = [a;; ;3] on the saliency database
and get the positive and negative training samples according
to the following method. From the training image, we ran-
domly choose pairs of nodes which belong to the same class
(salient object or nonsalient background) as positive sam-
ples, denoted as v,. The features of a positive sample
X(v,) are constituted of the features measured according
to spatial proximity, color similarity, and texture similarity
between two nodes of the positive sample: X(v )=
[GP;, ;GP;_;GP;, |. We randomly choose pairs of nodes
that belong to different classes (one node belongs to a salient
object and another belongs to the nonsalient background) as
negative samples, denoted as v_. Similarly, the features of a
negative sample X(v_) are constituted of the features mea-
sured according to spatial proximity, color similarity, and
texture similarity between two nodes of the negative sample:
X(v_) = [GP% ;GPS ;GP! ]. The learning-to-rank objec-
tive is then to compute F(e;;) = a’X(e;;). The relative
importance weights a of different Gestalt principles can
be computed by solving the following optimization problem:

min G laP+C S max{0,1 -l (X(v,) - x(v_)]}2)

(vyw_)eP

s.t. |le|l; = 1. (6)

In this equation, P includes all the pairs of positive and
negative samples. C > 0 is a penalty coefficient, represent-
ing the tolerance of the error. The larger C is, the smaller the
tolerance would be. C is experimentally set as 0.01 in this
work. Based on the above equation, the relative weights of
different Gestalt principles can be learned. The ranking score
of each edge F(e) is then computed based on the learned «
using Eq. (3). We further define the weight of each edge
W(e) according to the following equation:

o

W(e) = exp [M} . @)

Based on this equation, an edge with a large ranking score
should have a large weight and the weight value is between
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Algorithm 1 Multiple Gestalt principles-based graph construction for
salient region detection

Input: An input image / and required parameters.

1. Define the superpixels of the input image as the nodes of
the constructed graph.

2. Choose different edges inspired by three Gestalt principles
according to Egs. (1) and (2).

3. Obtain the relative weights of different Gestalt principles based
on Eq. (6) using the PRSVM algorithm and then compute
the ranking score of each edge according to Eq. (3).

4. Compute the edge weights based on the ranking score of
each edge using Eq. (7).

Output: A constructed graph G(V,E, W).

0 and 1. The scale parameter ¢ controls the strength of the
ranking score. The procedure of our proposed graph con-
struction method for salient region detection is summarized
in Algorithm 1.

3 Graph-Based Optimization Framework

Based on the constructed graph, we further detect salient
objects in images using the following graph-based optimiza-
tion framework

§* = arg msin{l//(S) +up(S)},

1 n
w(S) = 2 Z(Wz’jllsi - Sj”z)’
ij=1

n

$(S) =D (IS = Qil). ®)

i=1

In the term w(S), S; and S; are saliency values for the
nodes v; and v; separately. This term indicates that if two
connected nodes in the constructed graph have a larger
edge weight, these two nodes should have similar saliency
values. In the term ¢(S), Q; denotes the query value of
the node v;: if v; is a query Q; = 1, and otherwise Q; = 0.
This term indicates that the final saliency value should not be
too far away from the initial query assignment. u € (0, o0) is
a parameter, which represents the relative balance of the
terms w(S) and ¢(S). The solution of Eq. (8) can be
computed by setting the derivative to be zero. The resulted
saliency value can be written as

S = (D=W+ul)"'Q. )

In this equation, WV can be obtained based on the con-
structed graph. D is a diagonal matrix with the (i, i) element
equal to the sum of the i’th row of V¥V and I is a unit matrix.
Q records the query assignment of different nodes. In this
paper, we first separately choose each of the four image bor-
ders as the background queries to get four maps based on
Eq. (9). These four maps are normalized and multiplied to
get an initial result. Then, the foreground queries are acquired
by thresholding the initial result according to the mean. The
final salient region detection result is then computed using
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Graph construction

Ranking edges based on PRSVM

\

Computing edge weights using ranking score

\ J

f

Initial map

¥

Foreground queries

\

\ Saliency map J

Fig. 1 Diagram of our method for salient region detection. The input image is first oversegmented into
superpixels, which are the nodes of our constructed graph. Different edges are chosen inspired by three
Gestalt principles according to Egs. (1) and 2. Compute the ranking score of each edge based on
PRSVM and the edge weights are then computed based on the ranking score of each edge. Each of
the four image borders is set as the background queries separately to get four maps. An initial map is
obtained by combining these maps and then further thresholded to get the foreground queries. The final
saliency map is obtained based on the constructed graph and the foreground queries.

Eq. (9) again based on the foreground queries and the con-
structed graph. The complete procedure of our proposed
salient region detection method can be seen in Fig. 1.

4 Experiment

4.1 Experimental Setup
4.1.1 Databases

We trained the relative importance weights a = [a;; a,; a3]
of different features based on Gestalt principles on the
extended complex scene saliency database (ECSSD).** This
database contains 1000 natural images with complex patterns.

The experimental performance evaluation is conducted on
four public salient region detection databases: THUS10K,**
Pascal-S,* SOD,*® and iCoseg.”” The THUS10K database
contains 10,000 natural images with pixel-level truth label-
ings and each image contains one salient object. The Pascal-
S database contains 850 challenging natural images with
salient object masks labeled by 12 subjects. We obtain binary
ground truth by thresholding the masks at 0.5 as suggested in
the work of Li et al.* The SOD database contains 300
challenging natural images from the Berkeley segmentation
database.*® The iCoseg database contains 643 natural images
with one or multiple salient objects.
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4.1.2 Evaluation metrics

We evaluate different approaches using the most commonly
used evaluation metric for salient region detection: preci-
sion-recall curves. To get different precision—recall curves
for different approaches, the saliency map is binarized at
each threshold in the range [0:1:255] and the precision and
recall values at each threshold are calculated by comparing
the binary map with the truth.

In many situations, both high precision value and high
recall value are required. Thus, we further report the area
under the precision—recall curve (average precision, AP)
as the measure of overall performance. The AP value for
one approach is calculated as the mean of the areas under
different precision—recall curves of different images on one
database.

4.1.3 Parameter setup

We experimentally set parameters and use a fixed parameter
configuration for all experiments on different databases in
this work. There are four main parameters in the proposed
method: two parameters (7. and 7,) in Eq. (2), one parameter
(o) in Eq. (7), and one parameter () in Eq. (9). We test differ-
ent values for these parameters on the SOD database based
on the metric of AP.
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Table 1 Performance comparison with different 7.

e 0.05 0.10 0.15 0.20 0.25
AP 0.706 0.727 0.730 0.724 0.715
Note: The optimal performance is highlighted in bold.

Table 2 Performance comparison with different #;.
nt 0.40 0.50 0.60 0.70 0.80
AP 0.719 0.724 0.730 0.728 0.721
Note: The optimal performance is highlighted in bold.

Table 3 Performance comparison with different .
c 0.05 0.10 0.15 0.20
AP 0.723 0.730 0.725 0.717
Note: The optimal performance is highlighted in bold.

Table 4 Performance comparison with different p.
u 0.001 0.01 0.05 0.1
AP 0.665 0.730 0.725 0.719

Note: The optimal performance is highlighted in bold.

1
0.9}
0.8}
07f
06}
05}
0.4}
03}
02

Precision

(a) THUS10K

0 02 04 06 08
Recall

1
0.9
0.8 %
0.7
0.6
0.5
0.4
0.3
0.2

Precision

(©)SOD -

Recall

0 02 04 06 08

1

Precision

Precision

The parameter 7. is used to choose the neighbors in the
color space. Larger 7, will make more nodes to be neighbors
to each other in the color space. In this paper, we set 7. to be
0.15 according to Table 1. Similarly, the parameter 7, is used
to choose the neighbors in the texture space and larger #, will
make more nodes to be neighbors to each other in the texture
space. We experimentally set 7, to be 0.6 based on Table 2.
Table 3 shows the effect when changing the value of the
parameter o. ¢ is a scale parameter to compute the edge
weights and we set o = 0.1 for all experiments. The param-
eter u € (0, 00) controls the relative balance of different
terms in Eq. (9). In this work, we set u = 0.01 based on
Table 4.

4.2 Performance Comparison

In the experiments, we qualitatively and quantitatively
compare our method with 12 state-of-the-art salient region
detection approaches, including GB,'' FT,'* RC,** CB,"
GR,"” AM,"” BD,"” CL,” GP,”' PM,”> MST,” and GF.”
Following previous works,'>** we chose different salient
region detection approaches based on the following princi-
ples: recency (PM, MST, CL, GP, and GF) and variety. (FT is
frequency tuned; RC employs regional contrast; CB is based
on shape and context information; GB, GR, AM, BD, CL,
GP, PM, and GF are graph based; and MST uses minimum
spanning tree.)

4.2.1 Quantitative comparison

We first quantitatively compare our method with 12 state-of-
the-art approaches based on the precision—recall curves
shown in Fig. 2 and AP shown in Table 5.

~
S

~

N\ l
(b) Pascal-S ™~

0 02 04 06 08 1
Recall

: —-FT

0 (d) iCoseg 4| o8

"0 02 04 06 08 1
Recall

Fig. 2 The PR curves for different methods on THUS10K, Pascal-S, SOD, and iCoseg databases.
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Table 5 Performance comparison based on AP.

AP GB FT RC CB GR AM BD
MSRA10K 0.746 0.598 0.817 0.861 0.896 0.891 0.905
Pascal-S 0.631 0.405 0.631 0.678 0.706 0.717 0.713
SOD 0.644 0.433 0.655 0.637 0.691 0.705 0.699
iCoseg 0.653 0.611 0.787 0.738 0.820 0.802 0.849
AP CL GP PM MST GF Ours —
MSRA10K 0.874 0.912 0.916 0.873 0.925 0.927 —
Pascal-S 0.656 0.713 0.731 0.688 0.719 0.742 —
SOD 0.672 0.684 0.722 0.678 0.737 0.730 —
iCoseg 0.755 0.796 0.829 0.801 0.857 0.861 —

THUS10K: Figure 2(a) and Table 5 show the quantitative
performances of different approaches on THUS10K
database with images containing one salient object.
Recent graph-based methods, e.g., GF, PM, GP, CL,
BD, AM, and GR show competitive detection perfor-
mance. All these methods only consider one Gestalt
principle to choose graph edges or compute edge
weights. And no methods consider the confliction
problem among multiple Gestalt principles. Our pro-
posed method outperforms the above graph-based
methods, which demonstrates the effectiveness of
our approach to construct the graph based on multiple
Gestalt principles which solves the confliction among
these principles.

Pascal-S: Figure 2(b) and Table 5 show the PR curves
and AP values of different approaches on the
Pascal-S databases, which contain various challenging
natural images with the ground truth labeled by 12 sub-
jects. The performances of different methods as mea-
sured by PR curves and AP values are lower by a large
margin in comparison to the THUS10K database. This
phenomenon indicates that it is much harder to detect
salient regions in challenging natural images. The
proposed method outperforms other salient region
detection methods on the Pascal-S database in terms
of higher precision-recall values and max AP value,
demonstrating that the proposed graph construction
method helps to detect salient foreground objects in
challenging natural images.

SOD: The SOD database is another difficult saliency
detection database with challenging natural images.
The quantitative comparison in Fig. 2(c) and Table 5
demonstrates that the proposed salient region detection
method has comparable performance to other state-of-
the-art methods on this database.

iCoseg: We also compare different methods on the iCoseg
database, which contains natural images with one or
multiple salient objects. Figure 2(d) and Table 5 show
the PR curves and AP values of different approaches
on the iCoseg database. It can be seen that the
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proposed method outperforms GB, GR, AM, BD, CL,
GP, and PM which are also graph-based methods.

4.2.2 Qualitative comparisons

The qualitative comparison between our method and other
representative approaches can be seen in Fig. 3, which
shows different types of images to highlight the differences
between these approaches. A natural scene image with a
complex salient object is displayed in the first row. The com-
plex building is uniformly highlighted by our method while
most other approaches only highlight part of the building.
The second row displays an image with a complex back-
ground pattern. The proposed method can well suppress the
background region while a large amount of other approaches
wrongly detect a part of the background. The last row dis-
plays an image with multiple salient objects. The proposed
method can uniformly detect all of the salient objects and
largely suppress the background region while a lot of other
approaches only detect a portion of the salient objects or
wrongly highlight part of the background. From these
results, we can see that the proposed method outperforms
other salient region detection approaches in generating
saliency maps which are more consistent with the truth.

4.3 Examination of Design Options

The values of « learned on the ECSSD are shown in Table 6,
which indicate the relative importance weights of different
features measured according to different Gestalt principles.
As we can see, all features contribute to the final weights
and the Gestalt principle of color similarity has the largest
contribution.

We further test the performances of different graphs,
which use all or part of different Gestalt principles: spatial
proximity, color similarity, and texture similarity on the
SOD database to better understand the proposed method,
shown in Fig. 4. The graphs based on only one Gestalt prin-
ciple (spatial proximity, color similarity, or texture similarity)
have the worst performances. After employing two Gestalt
principles, the corresponding graphs outperform the graphs
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(h) BD (i) AM () GR (k) CB () RC (n) GB

S E

(g) CL

Fig. 3 Comparison of different salient region detection methods. The column (a) is the original image,
the column (b) is the ground truth, and the remaining columns are results of the evaluated methods.

Our method is the column (c) of the results.

Table 6 The learned values of a.

ay ap ag

0.37 0.51 0.12

Texture similarity
+ 4+ Spatial proximity
=+ Color similarity
—+—Color similarity and texture similarity
Spatial proximity and texture similarity
" — Spatial proximity and color similarity
D [— Three principles with equal weights
m==Three principles with learned weights

0 02 04 06 08 1
Recall

Fig. 4 The PR curves of different graphs on SOD database.

with only one principle. When all three Gestalt principles
are employed with equal weights, the performance of the
constructed graph further improves. And the graph using
three Gestalt principles with learned weights has the best
performance, demonstrating the effectiveness of the learning
strategy of the proposed method.

5 Conclusion

In this work, we have proposed a graph construction method
that makes better use of multiple Gestalt principles. To con-
struct a graph, spatial proximity, color similarity, and texture
similarity among image regions are employed to choose dif-
ferent edges. Furthermore, we solve the confliction among
multiple Gestalt principles based on the PRSVM algorithm
to compute the edge weights. Extensive experimental com-
parisons of various saliency databases demonstrate that the
proposed method outperforms state-of-the-art approaches for
salient region detection. In our future work, we will consider
to exploit a nonlinear method to better solve the confliction
problem among multiple Gestalt principles.
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