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Abstract—Recently, saliency detection in a single image and
co-saliency detection in multiple images have drawn extensive
research interest in the vision and multimedia communities. In
this paper, we investigate a new problem of co-saliency detection
within a single image, i.e., detecting within-image co-saliency. By
identifying common saliency within an image, e.g., highlighting
multiple occurrences of an object class with similar appearance,
this work can benefit many important applications, such as the
detection of objects of interest, more robust object recognition,
reduction of information redundancy, and animation synthesis.
We propose a new bottom-up method to address this problem.
Specifically, a large number of object proposals are first detected
from the image. Then we develop an optimization algorithm to
derive a set of proposal groups, each of which contains multiple
proposals showing good common saliency in the image. For each
proposal group, we calculate a co-saliency map and then use a
low-rank based algorithm to fuse the maps calculated from all
the proposal groups for the final co-saliency map in the image.
In the experiment, we collect a new benchmark dataset of 664
color images (two subsets) for within-image co-saliency detection.
Experiment results show that the proposed method can better
detect the within-image co-saliency than existing algorithms. The
experimental results also show that the proposed method can be
applied to detect the repetitive patterns in a single image and detect
the co-saliency in multiple images.
Index Terms—Within-image co-saliency, convex optimization,
low-rank based fusion.

I. INTRODUCTION

L

ARGE scale multimedia data is generated everyday due
to the fast technology development (such as image, video,
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Fig. 1. Illustrations of different saliency detection problems. (a) Within-image
saliency detection. (b) Cross-image co-saliency detection, where co-saliency is
detected across three images. (c) The proposed within-image co-saliency detection. First row: images. Second row: ground-truth saliency/co-saliency maps.

audio, text) from different multimedia sensors and devices. Human beings are always expecting to efficiently and accurately
extract salient and meaningful information from the large scale
multimedia data. This paper focuses on the saliency detection
from image data, which has a wide range of multimedia applications, such as fast image retrieval from database [2], face
video application and encoding [3], object recognition [4], segmentation [5], etc. Image-based saliency detection, which is to
highlight the salient/interested regions in images, has drawn extensive interest in the vision and multimedia communities in the
past decade.
Research in this area started with saliency detection in a single image, i.e., within-image saliency detection, which aims at
highlighting the visually standing-out regions/objects/structures
from the surrounding background [6]–[10], as illustrated in
Fig. 1(a). More recently, co-saliency detection in multiple images, e.g., cross-image co-saliency detection [4], [11]–[14], has
been attracting much attention with many successful applications [5], [15]–[17]. As illustrated in Fig. 1(b), cross-image
co-saliency detection aims to detect the common saliency, e.g.,
red-clothed soccer players, that are present in all three images. In this paper, we investigate a new problem of detecting
co-saliency within a single image, i.e., within-image co-saliency
detection, which aims to highlight the common saliency within
an image. An example is shown in Fig. 1(c), where the two
red-clothed players show good within-image co-saliency, but the
white-clothed player does not because only one white-clothed
player is present in the image.
Within-image co-saliency detection might benefit many important applications in computer vision and multimedia. For
example, it can be used to help detect multiple instances of
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Fig. 2. Illustrations for the difficulties of applying existing methods to solve the proposed within-image co-saliency problem. (a) Original image. (b) Ground
truth. (c) Result by the within-image saliency method [18]. (d) Result by the cross-image co-saliency method [19] after making two copies of the original image.
(e) Result by the repetitive pattern detection method [20]. (f) Result by the proposed method.

an object class in an image and help estimate the number of
instances of the same object class [21], [22]. By combining
the features of the identified co-salient objects, we may obtain more accurate and more reliable object recognition and detection in the image. Within-image co-saliency detection can
also help identify and reduce information redundancy within
an image. For example, recent mobile plant-recognition systems [23] usually require the user to take an plant image using
his/her smart phone camera and then send the plant image to
a remote server for large-scale plant-species classification. The
proposed within-image co-saliency detection can identify multiple instances of the same plant part, e.g., leaf, and then crop
out only one of them before sending it to the remote server.
This may substantially reduce the data size and communication
load, which may be greatly helpful for multimedia encoding and
transmitting. As in [24], repeated instances of an object class can
be used to synthesize realistic animation from a still picture for
graphics applications, which could be helped by within-image
co-saliency detection.
However, within-image co-saliency detection is a nontrivial
problem. As far as we know, there is no existing work that explicitly discusses and tackles this problem. None of existing methods
could be directly applied to solve the proposed new within-image
co-saliency problem as shown in Fig. 2. On one hand, this problem cannot be well addressed by directly applying the existing
methods on saliency detection. By using a within-image saliency
detection method, we may also highlight objects that show good
saliency but not co-saliency, e.g., the green soda can in Fig. 2(c).
On the other hand, cross-image co-saliency methods are also not
applicable here because we only have one input image. One naive
solution might be making multiple copies of the input image and
then applying a cross-image co-saliency detection method. However, this solution still does not work, because it will highlight
all the salient objects in the image as shown in Fig. 2(d). For
example, if we make two copies of the original image and then
apply a cross-image co-saliency detection algorithm, all three
soda cans including the green soda can will be highlighted. Furthermore, the methods of detecting the repetitive patterns in a
single image will emphasize all the similar-pattern objects in
the image, including the green soda can as shown in Fig. 2(e).
For the proposed within-image co-saliency detection problem,

it wants to highlight the salient objects with common saliency
and also de-emphasize the objects without common saliency as
shown in Fig. 2(f).
In this paper, we propose a new bottom-up method for detecting within-image co-saliency. Given an image, we first detect
a large number of object proposals [25]. We then develop an
optimization algorithm to derive a set of proposal groups, each
of which consists of multiple selected proposals showing good
common saliency in the original image. Three factors are considered in measuring the common saliency for a group of proposals:
1) the saliency of each proposal in the original image, 2) similar
image appearance of the proposals, and 3) low spatial overlap
of the proposals. For each derived proposal group, a co-saliency
map is computed by a clustering-based algorithm. We then fuse
the co-saliency maps computed from different proposal groups
into a final co-saliency map using a low-rank based algorithm.
Since most existing image datasets used for saliency detection
do not consider the within-image co-saliency, we collect a new
benchmark dataset of 664 images (two subsets) for performance
evaluation. In the experiment, we test the proposed method and
other comparison methods on the new dataset and quantitatively
evaluate their performance based on the annotated ground truth.
This paper is the first systematical study to the new research
problem of within-image co-saliency detection. Our main contributions in this paper can be summarized as follows: 1) We propose and introduce the new research problem of within-image
co-saliency to the computer vision and multimedia communities. 2) We propose an effective bottom-up algorithm using convex optimization and low-rank fusion to solve this new problem. 3) We collect a benchmark dataset of 664 color images
(two subsets) to evaluate algorithms for this new problem. 4)
We show that the proposed method can be also applied to
detect the repetitive patterns in a single image or detect the
co-saliency in multiple images. A preliminary version of this
work has been published in a conference proceeding [1]. Compared to [1], this journal paper enlarges the benchmark dataset
(nearly double-sized), displays more properties and constructions of the proposed benchmark dataset, shows more experimental results on the enlarged benchmark, and discusses more
details about the algorithm performance, such as performance
analysis with different initials, failure case and running time,
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and shows the applications of the proposed method in detecting the repetitive patterns in a single image and detecting the
co-saliency in multiple images.
The remainder of the paper is organized as follows. Section II
overviews the related work. Section III introduces the proposed
method on within-image co-saliency detection. Section IV reports the benchmark dataset and experimental results, followed
by a brief conclusion in Section V.
II. RELATED WORK
As mentioned above, most previous work on image-based
saliency detection is focused on two problems: saliency detection in a single image, i.e., within-image saliency detection,
and co-saliency detection in multiple images, i.e., cross-image
co-saliency detection.
Many within-image saliency detection models and methods
have been developed in the past decades. Most traditional methods identify salient regions in an image based on visual contrasts [6]. Many hand-crafted rules, such as center bias [12], frequency [26], and spectral residuals [27] have been incorporated
to improve the saliency detection performance. Graph-based
segmentation algorithms [28], [29] could be applied to refine
the resulting saliency maps [6]. In [30]–[33], high-level knowledges such as objectness, fixation predictions, object boundary, and low rank consistency are integrated to achieve withinimage saliency detection, besides the use of low-level features
like color, texture and SIFT features. Recently, deep learning
techniques have also been used for detecting saliency in an
image by automatically learning the features. In particular, it
has been shown that the multi-scale deep learning [34] using
patch-level convolutional neural networks (CNN) [35], the deep
contrast learning [18] with pixel-level fully convolutional networks (FCN) [36] and the recurrent fully convolutional networks
(RFCN) [37] can detect the within-image saliency more accurately than many of the above-listed traditional methods.
Cross-image co-saliency detection has also been studied by
many researchers recently. In [12], [38], each pixel is ranked by
using manually designed co-saliency cues such as inter-image
saliency cue, intra-image saliency cue, and repeatedness cue.
In [39]–[41], co-saliency maps produced by different methods
are fused by further exploring the inter-image correspondence.
Recently, machine learning based methods like weakly supervised learning [42], multiple instance learning [43], and deep
learning [13], [44] are also used for cross-image co-saliency detection. Depth cues together with the RGB information (RGBD
images) can be also used to help the cross-image co-saliency
detection [45]–[47]. Other problems related to cross-image
co-saliency detection are co-localization [16], [17] and cosegmentation [5], [15], [48], which aim to localize or segment
common objects that are present in multiple input images. However, all these within-image saliency detection and cross-image
co-saliency detection methods cannot address the problem of
within-image co-saliency detection, on which this paper is focused, because they could not de-emphasize salient objects that
do not show within-image co-saliency, e.g., the white-clothed
player in Fig. 1(c).
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Another work related to our problem is the supervised object
detection, a fundamental problem in computer vision. In [49],
top-down approaches considering object detection are developed for detecting within-image saliency – objects detected in
the image are emphasized in the saliency map. Ideally, we may
extend it to within-image co-saliency detection: run an object detector [50], [51] on the given image and then match the detected
objects. If two or more detected objects show high-level of similarity and belong to the same object class, we highlight them in
the resulting co-saliency map. If a detected object does not match
to any other detected object in the image, we de-emphasize it in
the resulting co-saliency map. However, object detector can only
detect known object classes [52] that are pre-trained using supervised learning, not to mention that highly-accurate large-scale
object detection itself is still a challenging research problem.
Just like most previous work on saliency detection, in this paper we detect within-image co-saliency without assuming any
specific object class and recognizing any objects in the image.
Another work related to our problem is the repetitive pattern
detection in a single image [20], [53], [54], which extracts or
segments all the objects with similar structures in a single image.
It is also different from the proposed research of within-image
co-saliency detection in the following two perspectives: 1) The
proposed research is based on saliency detection that ignores the
repeated patterns in the non-salient regions, i.e., backgrounds;
2) The proposed research also suppresses the salient objects
without showing co-saliency in a single image.
III. PROPOSED METHOD
The basic idea of the proposed method is to first generate many
object proposals (in the form of rectangular bounding boxes) in
the image, and then compute co-saliency by deriving proposal
groups with good common saliency in the image. The diagram of
the proposed method is illustrated in Fig. 3. For object proposals,
as mentioned above, we do not consider any prior information
on the object classes and they are detected only based on general objectness. Considering the possibility that many detected
object proposals do not well cover a real object, as shown in the
second column of Fig. 3, we identify different proposal groups
where each group of proposals show good common saliency by
a convex optimization model. With these found proposals showing good common saliency, we apply the clustering algorithm
to find the dominant clusters in the found proposals, and then
the dominant clusters are used to define the co-saliency map.
The clustering is used to transfer the detected proposal groups
by the convex optimization into co-saliency maps. We compute
such common saliency for each proposal group in the form of
a co-saliency map in the original image and finally fuse the
co-saliency maps computed from different proposal groups for
the desired within-image co-saliency. Because the object proposals and clustering results are both not perfect, we generate a
co-saliency map for each found proposal group. Then, we rely
on the low-rank method to fuse the final co-saliency map so as
to improve the performance.
In this paper, we use the classical bottom-up EdgeBox
method [25] to generate object proposals in the image. More
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Fig. 3.

Diagram of the proposed method for detecting within-image co-saliency.

specifically, we first use EdgeBox to generate a large pool of
proposals with different objectness scores. After pruning overly
small proposals (with size <1% of the image size), we select
M object proposals with the highest objectness scores from the
pool and denote them as Pi , i = 1, 2, . . . , M . Based on these M
detected proposals, we elaborate on the other three main components of the proposed methods, i.e., identification of proposal
groups, computing co-saliency map for a proposal group, and
fusion of multiple co-saliency maps, in this section.

group z in the original image by
E1 (z) = −zT log(h).

The smaller this energy term, the larger the saliency of this proposal group in the original image.
To consider the high appearance similarity and low spatial
overlap of the proposals in a group z, we first define a pairwise
similarity between two proposals, say Pi and Pj , as
wij =

A. Identification of Proposal Groups
Given M object proposals Pi , i = 1, 2, . . . , M in the image,
we identify N different proposal groups, each of which consists of a subset of proposals with good common saliency. In
this section, we identify these N proposal groups iteratively:
After identifying the first proposal group with highest common
saliency, we exclude the identified proposals and apply the same
algorithm to identify another proposal group. This process is repeated N times to obtain N proposal groups. For simplicity, we
fix the number of proposals in each group to be K > 1, which is
a pre-set constant. In this paper, we consider three main factors
in measuring the common saliency of K proposals in a group:
1) saliency of each of these K proposals, 2) high appearance
similarity of these K proposals, and 3) low spatial overlap of
these K proposals.
A proposal group can be denoted by a vector z =
(z1 , z2 , . . . , zM )T , where zi ∈ {0, 1}, with 1 indicating that proposal i is included in the group and 0 otherwise. First, we can
use any within-image saliency detection algorithm [6], [12],
[18], [55] to compute an initial saliency map h(X), where
X represents all the pixels in the input image and h(x) is
the saliency value at pixel x ∈ X. The saliency of each proposal Pi is the mean saliency valuein that proposal region,
which can be estimated as hi = |P1i | x∈Pi h(x). The saliency
of all M proposals can be summarized into a column vector h = (h1 , h2 , . . . , hM )T . Following [17], [56], we define a
saliency energy term to reflect the total saliency of a proposal

(1)

1
,
d2ij + o2ij

(2)

where dij is the L2 distance between the appearance features
of Pi and Pj , and oij reflects the spatial overlap of Pi and Pj .
Specifically, we compute the appearance feature of a proposal
by using the normalized RGB color histogram (256 × 3 bins) of
|Pi ∩Pj |
.
all the pixels in the proposal. We define oij as min(|P
i |,|Pj |)
Based on the pairwise similarity wij , we construct a similarity matrix W = (wij )M ×M . W is a symmetric matrix and we
set all diagonal element wii to be 0. The normalized Laplacian
1
1
matrix can then be computed by L = I − D− 2 WD− 2 , where
I is an M × M identity matrix, D is the degree matrix, i.e., a
diagonal
matrix, whose i-th diagonal element takes the value of
M
j=1 wij . Using L, we can define a similarity energy term for
a proposal group z that encourages high appearance similarity
and low spatial overlap as
E2 (z) = zT Lz.

(3)

Combining the two energy terms shown in Eqs. (1) and (3),
we define the following constrained optimization problem for
identifying a proposal group:
min zT Lz + λ(−zT log(h))
z

s.t. zi ∈ {0, 1}, i = 1, 2, . . . , M
M


zi = K,

i=1
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Fig. 4. Six proposal groups identified from a sample image. (a–f) Proposal
groups identified from iteration 1 to iteration 6, respectively. Here we set K = 2.
Note that the object proposals are not perfect to cover each entire object.

where λ > 0 is a balance factor for the two energy terms, and
the last constraint indicates that we seek a group of K proposals
with high common saliency. Since the optimization variables in
z are binary, this is not a convex optimization problem. To make
it convex, we relax the first constraint in Eq. (4) to
0 ≤ zi ≤ 1, i = 1, 2, . . . , M.
This way, the optimization problem becomes a standard
quadratic programming under linear constraints, since the
saliency energy term in Eq. (1) is linear and the similarity energy
term in Eq. (3) is quadratic. We can solve this problem efficiently
using the primal-dual interior-point method by the CVX convex
optimization toolbox [57]. After we get the optimal solution z,
we simply select the K proposals with the highest values in z
to form a proposal group. As mentioned above, we iterate this
optimization algorithm N times to construct N proposal groups.
Fig. 4 shows the proposal groups identified from a sample image.
B. Co-saliency Detection in a Proposal Group
Without loss of generality, let P = {P1 , P2 , . . . , PK } be an
identified proposal group. In this section, we detect the common
saliency in this proposal group and summarize this common
saliency into a co-saliency map in the original image. Starting from the initial saliency map h(X), we first threshold this
saliency map by a threshold (0.2 in our experiments) to obtain
salient region XT . Inspired by previous work on cross-image
co-saliency detection [12], we apply the Kmeans algorithm
to cluster all the pixels X in the input image into Z clusters
C1 , C2 , . . . , CZ based on these pixels’ RGB color values. If
a cluster shows good spatial overlap with the considered proposal group P, the pixels in this cluster tends to show higher
within-image co-saliency in the original image.
More specifically, for each pixel x ∈ Cz , we define its unnormalized common-saliency map value triggered by proposal
group P, which consists of proposals P1 , P2 , . . . , PK , as
P (x) =

|(∪K
k=1 Pk ) ∩ XT ∩ Cz |
,
|(∪K
k=1 Pk ) ∩ XT |

(5)

where the denominator is the number of salient pixels that are located in the proposal group P and the numerator is the number of
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Fig. 5. An example of co-saliency detection triggered by a proposal group.
(a) Original image, (b) initial saliency map h(X) [18], (c) a proposal group P
with two proposals, (d) Kmeans clustering results, where each color indicates a
ˆP (X), and
cluster, in total six clusters, (e) normalized common-saliency map 
(f) co-saliency map P (X).

salient pixels in cluster Cz that are located in the proposal group
P. We then normalize the map P (X) to a standard Gaussian
distribution and denote the normalized common-saliency map
ˆP (X). To reduce the effect
triggered by proposal group P as 
of clustering errors, we further combine the initial saliency map
ˆP (X) by pixel-wise mulh(X) and the common-saliency map 
tiplication to construct a co-saliency map P (X) as
ˆP (x) · h(x), x ∈ X,
P (x) = 
followed by thresholding (0.2 in our experiments), holes filling and average filtering. In Fig. 5, we use a sample image to
illustrate the process of this co-saliency detection.
C. Co-Saliency Map Fusion
Based on N identified proposal groups, we can use each
of them as the trigger to compute a co-saliency map. In this
way, we obtain N co-saliency maps, which we denote as
{1 (X), 2 (X), . . . , N (X)}. In this section, we study how to
fuse these N co-saliency maps into a unified co-saliency map.
After simple thresholding, we find that the co-salient regions in the N co-saliency maps display color-feature consistency when mapped back to the original color image, where
the color-feature consistency could be thought as a low rank
constraint. Meanwhile other salient objects but not showing
within-image co-saliency and the background are treated as
sparse noises. In this paper, we adapt the method in [39] for
fusing the N co-saliency maps. First, for each co-saliency map,
say i (X), we apply a simple thresholding as that in [39] to
get pixels with high co-saliency. We then compute the RGB
color histogram (1,000 bins) of all the identified pixels with
high co-saliency by mapping back to the original color image
and denote this histogram as a column vector fi . Combining the
N histograms computed from N co-saliency maps, respectively,
we obtain a feature matrix F = (f1 , f2 , . . . , fN ). We then seek
to recover a low-rank matrix R from F, i.e.,
(R∗ , E∗ ) = arg min (rank(R) + β E0 )
R,E

s.t. F = R + E,
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Algorithm 1: Co-Saliency Detection Within a Single Image
Input: A color image
1: Use EdgeBox [25] to generate M object proposals.
2: Compute the initial saliency map h(X).
3: Generate Z clusters by Kmeans algorithm.
4: FOR i = 1 : N
5:
Identify i-th proposal group by solving Eq. (4).
6:
Compute co-saliency map i (X).
7:
Exclude proposals in the i-th proposal group.
8:
Update the similarity matrix W.
9: END FOR
10: Fuse the N co-saliency maps i (X), i = 1, 2, . . . , N
for the final co-saliency map (X).
where β > 0 is a balance factor between the rank of R and
the L0 norm of the sparse noise E. By using nuclear norm to
approximate rank(R) and L1 norm to approximate E0 , this
low-rank matrix recovery problem becomes convex and can be
solved by robust PCA [58].
Following [39], the final fused co-saliency map can be written
as a weighted linear combination of the N co-saliency maps, i.e.,
(x) =

N


αi · i (x), x ∈ X,

(7)

i=1

where the weight αi can be calculated by
exp(− e∗i 2 )
.
αi =  N
∗
i=1 exp(− ei 2 )

(8)

In Eq. (8), e∗i is the i-th column of E∗ resulting from Eq. (6). Less
sparse noise e∗i indicates that the i-th co-saliency map i (X) is
more credible and it should be weighted more in computing the
final co-saliency map (X). The entire proposed method for
detecting co-saliency within a single image is summarized in
Algorithm 1.
IV. EXPERIMENTS AND BENCHMARK
Existing publicized image datasets for evaluating saliency detection such as MSRA [59], PASCAL-S [31], HKU-IS [34],
iCoseg [60] are mainly collected for testing within-image
saliency detection or cross-image co-saliency detection methods. In most cases, each image only contains one salient object,
which is annotated as the ground truth. In this paper, we have
a different goal of detecting within-image co-saliency, which is
not shown in most images in the publicized datasets. Therefore,
we collect a new benchmark dataset (named CDS) of 664 color
images for Co-saliency Detection within a Single image, consisting of two subsets. The first subset named CDS1 has 364
color images and the second subset named CDS2 has 300 color
images. Each image in the proposed benchmark shows certain
level of within-image co-saliency, e.g., the presence of multiple
instances of the same object class with very similar appearance.
In this paper, we define that an image showing within-image
co-saliency also containing salient object(s) without showing
any within-image co-saliency is a challenging image, and an
image only showing within-image co-saliency is an easy image.

In the 364 images of CDS1 , about 18% images are challenging while other 82% images are easy. In the 300 images of
CDS2 , most images (99%) are challenging images. The percentage of challenging images in two subsets and example easy
and challenging images are shown in Fig. 6, which also shows
the histogram of the image number of each object class in the
whole benchmark dataset. The images of the proposed benchmark dataset are from the object classes of Animal, Human,
Fruit, Food, Airplane, Vehicle, Flower and Other, where ‘Other’
mainly means the object classes of different indoor items like
shoes, sodas, napkins, balls, cans, etc. More example images
and their corresponding manually labeled ground truth can be
found in Fig. 7.
In CDS1 , 100 images are selected from the iCoseg [60],
MSRA [59], HKU-IS [34] datasets and the remaining images are
collected from the Internet. For CDS1 , the image size ranges
from 150 × 150 to 808 × 1078 pixels. The size of images in
CDS2 ranges from 169 × 298 to 504 × 378 pixels. In CDS2 , 35
images are selected from the Internet and the remaining images
are taken by ourselves in the indoor environment. Co-salient objects within each image of the two subsets are manually labeled
as the ground truth (a binary mask) for performance evaluation.
To avoid unreasonable labeling, the ground truths are double
checked by five different researchers in computer vision area.
Because the two subsets CDS1 and CDS2 have different percentages of challenging images, we conduct experiments on the
two subsets independently. Compared to [1], the preliminary version [1] only used CDS1 for evaluation and CDS2 is an added
new set for evaluating within-image co-saliency detection.
In our experiment, we generate M = 100 object proposals.
The number of proposal groups is set to N = 10. The number
of proposals in each group is set to K = 2. We set the balance factors λ = 0.01 in Eq. (4) and β = 0.05 in Eq. (6). The
number of clusters is set to Z = 6 in the Kmeans algorithm.
The initial within-image saliency map h(X) is computed using the algorithm developed in DCL [18]. Seven state-of-the-art
within-image saliency detection methods are chosen as the comparison methods: CWS [12], LRK [33], SR [27], FT [26], RC [6],
DCL [18], and RFCN [37]. The first five are traditional featurebased methods and the last two are based on deep learning.
As in many previous works [6], [12], [18], [26], we evaluate
the performance using precision-recall (PR) curve, maximum
F-measure (maxF), MAE error and also report the average precision, recall and F-measure using an adaptive threshold. The
resulting saliency map can be converted to a binary mask with
a threshold, and the precision and recall are computed by comparing the binary mask and the binary ground truth. Varying
the threshold continuously in the range of [0, 1] leads to a PR
curve, which is averaged over all the images in the dataset in
this paper. As in [18], we can calculate the maximum F-measure
(maxF) from the PR curve and the MAE error as the average absolute per-pixel difference between the resulting saliency map
and the ground truth. As in [18], [26], we also use an adaptive threshold, i.e., twice the mean value of the saliency map,
to convert the saliency map into a binary mask. Comparing the
binary mask with the binary ground truth, we can compute the
precision and recall, based on which we can compute F-measure
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Fig. 6. The proposed benchmark dataset (664 images): (a) histogram of the image number of each object class in the whole benchmark dataset, where ‘Other’
mainly means the object classes of different indoor items like shoes, sodas, napkins, balls, cans, etc; (b) percentage of challenging images in the subset CDS1
(364 images) and in the subset CDS2 (300 images); (c) example of an easy image and a challenging image based on our definition.

Fig. 7. Sample images and their corresponding within-image co-saliency ground truth in the proposed benchmark dataset. The top two rows are from the subset
CDS1 (first three columns: easy, last four columns: challenging). The bottom two rows are from the subset CDS2 (all columns: challenging).

2

)×P recision×Recall
as Fγ = (1+γ
, where γ 2 is set to 0.3 as deγ 2 ×P ecision+Recall
fined in [12], [18], [26].

A. Experimental Result on the Subset CDS1
In this section, we will introduce the experimental results on
the subset CDS1 . Fig. 8 shows the PR curves of the proposed
method and seven comparison methods that were developed for
within-image saliency detection. Table I compares the maxF and
MAE error of the proposed method against these seven comparison methods. We can see that the proposed method achieves
the best performance in detecting within-image co-saliency in
terms of these evaluation metrics on the subset CDS1 .
The average precision, recall and F-measure using adaptive
thresholds [18], [26] are shown as a bar chart in Fig. 9. We

Fig. 8. PR curves of the proposed method (‘Ours’) and the seven saliency
detection methods, averaged over all the 364 images on CDS1 .
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TABLE I
THE MAXIMUM F-MEASURE (MAXF) AND MAE ERROR OF THE PROPOSED
METHOD (‘OURS’) AND THE SEVEN WITHIN-IMAGE SALIENCY DETECTION
METHODS ON CDS1 . LARGER MAXF AND SMALLER MAE ERROR INDICATE
BETTER PERFORMANCE

Fig. 9. Average precision, recall and F-measure using adaptive thresholds on
CDS1 . Our F-measure: 88.1%; second best F-measure: 85.9%.

can see that, using adaptive thresholds, the proposed method
achieves the best average precision, recall and F-measure
against the seven comparison methods in detecting withinimage co-saliency. Specifically, the average precision, recall and
F-measure using adaptive thresholds are [0.882, 0.907, 0.881]
when using the proposed method, while the second best is
achieved by DCL [18] ([0.856, 0.904, 0.859]) and RFCN [37]
([0.872, 0.856, 0.859]).
Fig. 10 shows sample results of within-image co-saliency detection from the proposed method and the comparison methods
including seven within-image saliency detection methods on the
subset CDS1 .
B. Experimental Result on the Subset CDS2
In this section, we will introduce the experimental results on
the subset CDS2 . Fig. 11 shows the PR curves of the proposed
method and seven comparison methods that were developed for
within-image saliency detection. Table II compares the maxF
and MAE error of the proposed method against these seven comparison methods. We can see that the proposed method achieves
the best performance in detecting within-image co-saliency in
terms of these evaluation metrics on the subset CDS2 .
The average precision, recall and F-measure using adaptive thresholds [18], [26] are shown as a bar chart in Fig. 12.
Using adaptive thresholds, the proposed method achieves the
best average precision, recall and F-measure against the seven
comparison methods in detecting within-image co-saliency.
Specifically, the average precision, recall and F-measure using adaptive thresholds are [0.737, 0.954, 0.773] when using
the proposed method, while the second and third bests are
achieved by DCL [18] ([0.716, 0.929, 0.752]) and RFCN [37]
([0.637, 0.942, 0.682]). Fig. 13 shows sample results of withinimage co-saliency detection from the proposed method and the
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comparison methods including seven within-image saliency detection methods on the subset CDS2 .
C. Experimental Result Summary on the Benchmark
Based on the experimental results on CDS1 and CDS2 , in
general, the proposed method performs better than all these
seven comparison methods in detecting the within-image cosaliency. We can also see that the two deep learning based
methods (DCL [18], RFCN [37]) can detect better within-image
co-saliency than the five traditional saliency detection methods. Among the five traditional methods, CWS [12] and RC [6]
show relatively better performance in detecting within-image
co-saliency. We see that the proposed method is capable of highlighting the regions that show within-image co-saliency and deemphasizing the salient regions that do not show within-image
co-saliency. However, the comparison methods might highlight
all the salient regions or ignore to emphasize the regions that
show within-image co-saliency.
Because CDS2 contains more percentage of challenging images than CDS1 , the evaluation performance on CDS2 is lower
than that of CDS1 . Taking the PR curve as an example, we see
that the advantages of the proposed method over other comparison methods are more significant on the subset CDS2 that contains more challenging images. Specifically, the maxF of ‘Ours’
is 90.3% and the second best is 88.8% by DCL on CDS1 , while
the maxF of ‘Ours’ is 86.6% and the second best is only 79.1%
by DCL on CDS2 .
D. Experimental Results With Different Initials
The proposed method starts with an initial within-image
saliency map h(X), as described in Section III-A. In the above
experiments, we use DCL for computing h(X). Many other
methods can also be used to compute h(X). We conduct an experiment on the subset CDS2 by using different initial saliency
maps and examine its influence to the performance of the proposed method. Using the PR curve, maxF from different h(X),
computed by DCL, RFCN, RC, and CWS, respectively, are reported in Table III. The second row of this table is the maxF
by directly comparing the map h(X) and the ground truth. The
third row is the maxF of the proposed method initialized by the
corresponding method. We can see that the co-saliency map resulting from the proposed method is always better than the used
initial saliency map h(X), with significant improvements. We
can also see that, using a better initial saliency map h(X), e.g.,
higher maxF in the second row of Table III, can improve the
performance of the proposed method. Fig. 14 shows the results
of the proposed method on an example image using different
initial saliency maps.
E. Parameter Effects and Low-Rank Fusion Effects
Parameter effects: We use the subset CDS1 to discuss the
effects of different parameter setting for the proposed method.
We run experiments for different M (100, 200, 300) in the proposed method, and the standard deviation of final maxF for the
proposed method with different proposal numbers M is only
0.3%. We also test the proposed method using different cluster
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Within-image co-saliency detection results on sample images of CDS1 .

Fig. 12. Average precision, recall and F-measure using adaptive thresholds on
CDS2 . Our F-measure: 77.3%; second best F-measure: 75.2%.
Fig. 11. PR curves of the proposed method (‘Ours’) and the seven saliency
detection methods, averaged over all the 300 images on CDS2 .
TABLE II
THE MAXIMUM F-MEASURE (MAXF) AND MAE ERROR OF THE PROPOSED
METHOD (‘OURS’) AND THE SEVEN WITHIN-IMAGE SALIENCY DETECTION
METHODS ON CDS2 . LARGER MAXF AND SMALLER MAE ERROR INDICATE
BETTER PERFORMANCE

Low-rank fusion effects: For the low-rank based co-saliency
map fusion, we follow the same parameter setting in [39]. We
also conduct an experiment to show the proposed method without the low-rank fusion on the subset CDS1 , it drops by 0.6%
for final maxF, which shows the effectiveness of the low-rank
based co-saliency map fusion.
F. Failure Case and Running Time

numbers Z (4, 6, 8) in the proposed method, the standard deviation of final maxF for the proposed method with different Z is
only 0.5%. These experiments show that the proposed method
is robust with different M and Z. We set K = 2 in all the experiments because K = 2 is the minimum number to define the
co-saliency in a single image. For example, an image shows
within-image co-saliency only when it has at least two similar
salient objects within the image.

Failure case: A failure case of the proposed method is shown
in Fig. 15. The bridge in the middle of the image contains many
white components. These components share very similar appearance and their appearance is also very similar to the two
co-salient boats on the left and right sides of the image. The
proposed method fails to de-emphasize these components in the
final co-saliency map. In our experiments, we also found that,
if the initial saliency map h(X) is poor, it will negatively affect the performance of the proposed method on within-image
co-saliency detection.
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Fig. 13.

Within-image co-saliency detection results on sample images of CDS2 .

TABLE III
PERFORMANCE OF THE PROPOSED METHOD WHEN USING DIFFERENT
METHODS TO COMPUTE THE INITIAL SALIENCY MAP h(X) (USING CDS2 AS
AN EXAMPLE). WE CAN SEE SIGNIFICANT IMPROVEMENTS BY THE PROPOSED
METHOD USING DIFFERENT INITIALS
Fig. 16. Sample results of detecting the repetitive patterns in a single image
using two example images in the “repetitive” category of the public CosegRep [53] dataset: (a) an example image, (b) result by the proposed method,
(c) another example image, and (d) result by the proposed method.

Fig. 14. Results of the proposed method on an example image using different
initial saliency maps.

Running time: For the running time, we implemented the proposed method in Matlab without deliberately optimizing the efficiency. Taking a 360 × 480 image as an example, on a PC
with 3.2 GHz CPU, it takes 11.0 seconds to run the proposed
method on this image. Specifically, 2% of time is spent to generating object proposals, 74% of time is spent on identifying
the 10 proposal groups, 13% of time is spent on generating the
10 co-saliency maps, clusters and the initial saliency map h(X)
(using DCL as example), and the remaining 11% of time is spent
on co-saliency map fusion. We expect that this running time can
be substantially reduced by optimizing the code and using C++
instead of Matlab.
G. Application of Detecting Repetitive Patterns in a
Single Image

Fig. 15.

A failure case of the proposed method.

In this section, we show that the proposed method could
be applied to detect the repetitive patterns in a single image
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Fig. 17. An illustration of extending the proposed method to detect the cross-image co-saliency using two example classes (Player, Airshow) in the public iCoseg
dataset (4 images for each class): (a) a set of multiple images, (b) each image is resized to 300 × 300 and then concatenated into a single image (600 × 600)
because the proposed method requires a single image as the input, (c) initial saliency map for (b) by DCL, (d) our result by the proposed method, and (e) our result
after splitting and resizing. Note that the yellow-clothed person should be suppressed in the Player class and the airplanes should be emphasized in the Airshow
class based on the definition of the cross-image co-saliency.
TABLE IV
PERFORMANCE OF DETECTING THE REPETITIVE PATTERNS IN A SINGLE IMAGE
USING THE “REPETITIVE” CATEGORY (116 IMAGES) OF THE PUBLIC COSEGREP
DATASET IN TERMS OF ACC (CORRECTLY LABELED PIXEL RATIOS) AND
JACCARD (INTERSECTION-OVER-UNION SCORES). OURSR AND OURSD
INDICATE THE PROPOSED METHOD INITIALIZED BY
RFCN AND DCL RESPECTIVELY

detection also suppresses the objects without showing common
saliency in a single image and ignores the repeated patterns in
the non-salient image regions (backgrounds), these two research
problems are different.
H. Application of Detecting Co-Saliency in Multiple Images

using the “repetitive” category (116 images) of the public CosegRep [53] dataset. In this publicized “repetitive” dataset, each
image contains similar patterns repeating themselves within
the same image. From the Fig. 16 and Table. IV, we can see
that the proposed method obtains reasonable results in detecting the repetitive patterns in a single image, which is comparable with [53] and [54] in terms of Acc (correctly labeled pixel
ratios) and Jaccard (Intersection-over-union scores). For a fair
evaluation with the comparison methods, we apply the GrabCut segmentation method [28] using each image‘s saliency map
to obtain each image’s final binary segmentation mask for the
evaluation.
We also conducted another experiment to run [20] on our
proposed CDS2 benchmark dataset (300 images). [20] is a
co-segmentation method that can be applied to a single image to
extract/segment the repetitive structures in the single image. After applying [20] to each image independently on CDS2 , [20]
obtained maxF 0.647, MAE error 0.076, while our proposed
method achieved much better maxF 0.866, MAE error 0.031.
This section shows that the proposed method is able to
detect repetitive structures in the single image with comparable
performances. However, because the within-image co-saliency

In this section, we show that the proposed method could be
applied to detect the co-salient objects in multiple images. Two
kinds of previous research problems are related: cross-image cosaliency detection [12] and cross-image co-segmentation [19],
[20], both of which highlight (detect or segment) the co-salient
objects in multiple images. We conducted an experiment to compare the proposed method with other cross-image co-saliency
or co-segmentation methods. We use an adaptive threshold (two
times the mean saliency value as that in [18], [26]) to get the segmentation results from the saliency map. We choose the public
iCoseg [60] dataset for this experiment for its popularity in the
area of cross-image co-saliency and co-segmentation. The proposed method’s input is a single image, while the cross-image
co-saliency or co-segmentation method’ input is a set of multiple images. With a simple image concatenation, the proposed
method can be extended to solve the problem of cross-image
co-saliency or co-segmentation. Because the minimum image
number of one class in the iCoseg dataset is four, we consistently
choose four images in each class of the iCoseg dataset for the
experiment. Given multiple images for one class in the iCoseg
dataset, we resize each image to a uniform size and concatenate them into a single image as shown in the Fig. 17. For other
methods, we apply their publicized codes to the same images
of each class as ours in the iCoseg dataset for fair comparisons.
The results are summarized in the Table V. It demonstrates that
the proposed method can be extended to solve the problems of
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TABLE V
PERFORMANCE OF THE CROSS-IMAGE CO-SALIENCY ON THE iCoseg DATASET
IN TERMS OF ACC (CORRECTLY LABELED PIXEL RATIOS), JACCARD
(INTERSECTION-OVER-UNION SCORES) AND MAE ERROR. OURSR AND
OURSD INDICATE THE PROPOSED METHOD INITIALIZED BY
RFCN AND DCL RESPECTIVELY

cross-image co-saliency and co-segmentation, leading to comparable performance to other cross-image co-saliency [12] and
co-segmentation methods [19], [20]. So far as we know, this is
the first time to see that the cross-image co-saliency problem
could be also solved by the proposed within-image co-saliency
method.
V. CONCLUSION
In this paper, we raised a new problem of detecting co-saliency
in a single image, i.e., detecting within-image co-saliency. We
developed a new bottom-up method to solve this problem. This
method starts with detecting a large number of object proposals
in the image, without using any prior information on the object
classes. We then developed an optimization model to identify
a set of proposal groups, each of which consists of multiple
proposals with good common saliency in the original image.
Co-saliency is then detected in each proposal group and fused
for the final within-image co-saliency map. We collected a new
benchmark dataset of 664 images including two subsets with
good within-image co-saliency, and then used them to test the
proposed method. Experimental results showed that the proposed method outperforms the recent state-of-the-art saliency
detection methods in detecting within-image co-saliency. The
experimental results also displayed that the proposed method
can be applied to detect the repetitive patterns in a single image
or detect the co-saliency in multiple images.
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