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into our framework to detect single-image saliency. As
an effective low-level visual cue, the use of color names
can facilitate co-saliency detection due to the high color
consistency between two co-salient regions.
Moreover, a popular way of co-salient detection is to fuse
the saliency results generated by multiple existing saliency
models [13], [15]. The main advantage of the fusionbased methods is that they can be flexibly embedded with
various existing saliency models [10]. However, when the
adopted saliency models produce totally different saliency
results, the performance of these fusion-based methods
may decrease seriously.
In this paper, we also exploit a fusion technique to
compute single-layer saliency maps. The proposed fusion
and refinement algorithm has the ability of addressing
the above issue. Furthermore, we incorporate the color
names based contrast into co-salient object detection. The
proposed model will be called “HCN” in the following
sections, which can generate both saliency and co-saliency
maps with higher accuracy.

Abstract—In this paper, a bottom-up and data-driven
model is introduced to detect co-salient objects from an
image pair. Inspired by the biologically-plausible across-scale
architecture, we propose a multi-layer fusion algorithm to
extract conspicuous parts from an input image. At each
layer, two existing saliency models are first combined to
obtain an initial saliency map, which simultaneously codes for
the color names based surrounded cue and the background
measure based boundary connectivity. Then a global color
cue with respect to color names is invoked to refine and
fuse single-layer saliency results. Finally, we exploit the color
names based distance metric to measure the color consistency
between a pair of saliency maps and remove those nonco-salient regions. The proposed model can generate both
saliency and co-saliency maps. Experimental results show
that our model performs favorably against 14 saliency models
and 6 co-saliency models on the Image Pair data set.
Keywords-saliency, co-saliency, salient object detection, cosalient object detection, color names

I. I NTRODUCTION
Along with the rapid development of multimedia technology, saliency detection has become a hot topic in the
field of computer vision. Numerous saliency models have
been developed, aiming to reveal the biological visual
mechanisms and explain the cognitive process of human
beings. Generally speaking, saliency detection includes two
different tasks: one is salient object detection [1]–[4], the
other is eye fixation prediction [5]–[8]. The focus of this
paper is bottom-up and data-driven saliency for detecting
salient objects in images. A recent exhaustive review of
salient object detection models can be found in [9].
Different from detecting salient objects in an individual
image, the goal of co-saliency detection is to highlight the
common and salient foreground regions from an image
pair or a given image group [10]. As a new branch of
visual saliency, modeling co-saliency has attracted much
interest in the most recent years [11]–[16]. Essentially, cosalient object detection is still a figure-ground segmentation
problem. The chief difference is that some distinctive
features are required to distinguish non-co-salient objects.
The color feature based global contrast has been widely
used in pure bottom-up computational saliency models.
Different from the local center-surround contrast, global
contrast aims to capture the uniqueness from the entire
scene. In [17], the authors compute saliency maps by
exploiting color names [18] and color histogram [19].
Inspired by this model, we also integrate color names
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II. R ELATED W ORK
Recently, a simple and fast saliency model called the
Boolean Map based Saliency (BMS) is proposed in [7].
The essence of BMS is a Gestalt principle based figureground segregation [20]. To overcome its limitation of
only exploiting the surroundedness cue, Lou et al. [17]
extend the BMS model to a Color Name Space (CNS), and
invoke two global color cues to couple with the topological
structure information of an input image. In CNS, the
color name space is composed of eleven probabilistic
channels, which are obtained by using the PLSA-bg
color naming model [18]. However, the CNS model also
uses a morphological algorithm [21] to mask out all
the unsurrounded regions at the stage of attention map
computation, so it fails when the salient regions are even
slightly connected to the image borders.
In order to address the above issue, HCN incorporates
the resultant maps of the Robust Background Detection
(RBD) based model to generate single-layer saliency maps.
The boundary prior is closely related to human perception
mechanism and has been suggested to compute saliency by
several existing models [22], [23]. In RBD, the authors first
propose a boundary connectivity to quantify how heavily
a region is connected to the image border, and integrate
the background measure into a principled optimization
718

Figure 1: Pipeline of the proposed model. SM and Co-SM are abbreviations for saliency map and co-saliency map, respectively.

framework. This model is more robust to obtain uniform
saliency maps, which can be used as a complementary
technique to the surroundedness based saliency detection.
Moreover, many hierarchical and multi-scale saliency
methods that model structure complexity have appeared in
the literature [3], [24], [25]. In this paper, we also employ
a multi-layer fusion mechanism to generate single-image
saliency maps. We will demonstrate that a simple and
bottom-up fusion approach is also effective and able to
achieve promising performance improvements.

The above equation has an intuitive explanation. It aims
at mining useful information from two saliency maps
LiCNS and LiRBD at each layer. We use the consistency term
to encourage the two combined models to have similar
saliency maps. At each point (x, y), LiHCN (x, y) will be
assigned with a higher saliency value if the two maps
have the same saliency, otherwise it will be zero. However,
considering that the combined models may produce two
totally different saliency maps, we add a factor of 1 to
avoid obtaining a combination result without any salient
region. An example of single-layer saliency combination
is illustrated in Fig. 2, where the L1 layer of the original
image amira1 is shown in Fig. 2(a). Note that the proposed
combination algorithm takes the advantages of two models
and provides a more precise saliency result.

III. C OLOR NAMES BASED H IERARCHICAL M ODEL
The proposed model is as follows. First, three image
layers are constructed for each input image. At each
layer, we combine two individual saliency maps obtained
by CNS [17] and RBD [26] separately. Then the three
combination maps are fused into one single-image saliency
map. Finally, we measure the color consistency of a pair
of saliency maps and remove those non-co-salient regions
to generate the final co-saliency maps. The pipeline is
illustrated in Fig. 1.

(a) L1

A. Single-Layer Combination

(b) L1CNS

(c) L1RBD

(d) L1HCN

Figure 2: Illustration of single-layer combination.

In order to detect various sized objects in an image, we
fix the layer number to 3 in our model. Each input image is
first down-sampled to produce the first layer L1 , which has
a width of 100 pixels. For the second and the third layers
(L2 and L3 ), we up-sample the input image and set the
image widths to twice and four times the width of L1 , i.e.,
200 and 400 pixels, respectively. As shown in Fig. 1, such
an architecture is well-suited to detecting salient regions
at different scales, avoiding to obtain incorrect results by
only using a single scale.
After all the three layers are produced, we generate two
saliency maps LiCNS and LiRBD at the ith layer using CNS
and RBD, respectively. The two maps of each layer are
then combined to obtain a single-layer saliency map LiHCN .
The value at spatial coordinates (x, y) is defined as

LiHCN (x, y) = wf LiCNS (x, y) + (1 − wf )LiRBD (x, y)

i
i
× 2e−|LCNS (x,y)−LRBD (x,y)| − 2e−1 +1 , (1)
|
{z
}

Border Effect. In the testing data set, some of the
input images have thin artificial borders, which may affect
the output of CNS. To address this issue, we exploit an
image’s edge map to automatically determine the border
width [26]. In our experiments, the border width is assumed
to be fixed and no more than 15 pixels. The edge map
is computed using the Canny method [27] with the edge
density threshold of 0.7.1 Then we trim each test image
before the stage of layer generation. For the RBD model,
we set the option doFrameRemoving to “false”, and directly
feed the three layers to its superpixel segmentation module.
In the whole data set, sixteen images have thin image
borders. After trimming them automatically, the average
MAE [9] of the three layers decreases by 57.56%.
B. Single-Layer Refinement
The essence of salient object detection is a figure-ground
segmentation problem, which aims at segmenting the salient

consistency

1 We have noted that different versions of MATLAB have substantial
influences on the edge detection results. In our experiments, both CNS,
RBD, and HCN are all run in MATLAB R2017a (version 9.2).

where | · | indicates computing the absolute value, wf ∈
(0, 1) is a weighting coefficient.
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Algorithm 1 refinement for the saliency map LiHCN
Input: C i and J i
Output: refined saliency map LeiHCN
eiHCN = RECONSTRUCT(C i , J i )
1: L
eiHCN = (LeiHCN )◦2
2: L
. background suppression
eiHCN = ADJUST(LeiHCN , ta )
3: L
. foreground highlighting
eiHCN = HOLE-FILL(LeiHCN )
4: L
eiHCN = NORMALIZE(LeiHCN )
5: L

(a) CN

W (x, y) =

After three single-layer saliency maps are obtained, a
multi-layer fusion step is then performed. Considering the
possible diversity of saliency information among different
layers, we propose a cross-layer consistency based fusion
algorithm, rather than the use of linear averaging of them.
We resize each single-layer saliency map LeiHCN to the
image size determined before the layer generation, such that
three new maps have the same resolution. If the original
input image has an artificial border, we add an outer frame
with the same width as that of the previously trimmed
image border, and set the saliency value of each pixel in
it to zero. For each new map LbiHCN , we measure its bias
to the average map LHCN of the three layers by using a
cross-layer consistency metric di , which is defined as
di =

fj kck −

,

e1
(e) L
HCN

C. Multi-Layer Fusion and Refinement

(2)
where W i is a weighting matrix with the same dimension
as Li , the two symbols ◦ and ◦2 denote the Hadamard
product and Hadamard power, respectively.2
In order to obtain the weighting matrix W i , we convert
i
L to a color name image and compute the probability fj
of the jth color name (j = 1, 2, · · · , 11). Supposing the
pixel Li (x, y) belongs to the kth color name, the value of
W i at spatial coordinates (x, y) is defined as
2
cj k2

(d) J 1

to uniformly highlight salient foreground pixels, while
facilitating the problem of multi-layer fusion. An example
of single-layer refinement is illustrated in Fig. 3, where
the refined saliency map is shown in Fig. 3(e). We can see
it has comparable capability to highlight the salient region
more uniformly than the combination map (Fig. 2(d)).

color names based consistency

11
X

(c) C 1

Figure 3: Saliency refinement. (a) Color name image of Fig. 2(a).

foreground object from the background [9]. Under this
definition, the ideal output of salient object detection should
be a binary mask image, where each salient foreground
object has the uniform value of 1. However, most previous
saliency models have not been developed toward this goal.
In this work, we propose a color names based refinement
algorithm that directly aims for this goal. To use color
names for the refinement of the obtained saliency map
LiHCN , we extend Eq. (1) by introducing a color names
based consistency term as follows:
◦2


,
J i = W i ◦ (LiCNS )◦2 ◦ W i ◦ (LiRBD )◦2 + LiHCN
{z
}
|

i

(b) W 1

(3)

N
M X
X
1
LHCN (x, y) − LbiHCN (x, y) ,
M × N x=1 y=1

(5)

P3
where the average map LHCN = 13 i=1 LbiHCN .
By exploiting the di (i = 1, 2, 3) as the guided fusion
weighting coefficient of the ith layer, we first perform a
weighted linear fusion to produce a coarse single-image
saliency map

j=1

where k · k2 denotes the `2 -norm, ck and cj are the RGB
color values of the kth and jth color names, respectively.
For convenience, we define LiCNS ◦ LiRBD as C i , and rewrite
J i as follows:
◦2
◦2
J i = W i ◦ Ci
+ LiHCN
.
(4)

LbHCN =

3
X
i=1

Finally, we sequentially perform a morphological reconstruction [28] and a post-processing step to obtain the
refinement result LeiHCN . The whole algorithm is summarized
in Algorithm 1. To highlight foreground pixels, an adaptive
threshold ta is employed to linearly expand the gray-scale
interval [0, ta ] to the full [0, 1] range. In our experiments,
the value of ta is set as the mean value of LeiHCN .
The advantage of the refinement algorithm is threefold.
First, the Hadamard power is used to suppress background
pixels. Second, by exploiting a global contrast strategy with
respect to color names, we further emphasize the common
and salient pixels shared between the two combined
saliency models. Third, the post-processing step is able

exp(−


di
) · LbiHCN ,
2d

(6)

P3
where d =
i=1 di . In this fashion, the multi-layer
fusion result is more weighted toward the similar singlelayer result compared with LHCN . Then we refine LbHCN by
performing similar steps as discussed in Section III-B, and
obtain the final single-image saliency map Ss as follows:
b = Lb1HCN ◦ Lb2HCN ◦ Lb3HCN ,
C


c◦C
b ◦3 + LbHCN ◦3 ,
Jb = W

b J)
b ◦3 ,
Ss = RECONSTRUCT(C,

(7)
(8)
(9)

c is the weighting matrix of the input image.
where W
An example of multi-layer saliency fusion and refinement
is illustrated in Fig. 4, where the final single-image saliency
map is shown in Fig. 4(i). Compared with Figs. 4(b)–4(d),

2 For two matrices A, B of the same dimension, the Hadamard product
for A with B is (A ◦ B)xy = Axy Bxy , where x and y are spatial
coordinates. The Hadamard power of A is defined as (A◦2 )xy = A2xy .
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(a) original

b1
(b) L
HCN

b2
(c) L
HCN

b3
(d) L
HCN

bHCN
(e) L

b
(f) C

(g) CN

c
(h) W

(i) Ss

Figure 4: Illustration of multi-layer saliency fusion and refinement. (g) CN: Color name image of (a).

the proposed multi-layer fusion algorithm makes further
improvement and achieves better accuracy.

A. Data set
The Image Pair data set [13] is designed for co-salient
object detection research, where the object classes involve
flowers, human faces, various vehicles and animals, etc.
The authors collect 105 image pairs (i.e., 210 images) and
provide accurate pixel-level annotations for an objective
comparison of co-saliency detection. The whole image set
includes 242 human labeled salient regions, but most of the
images (191 images in total) contain only one salient region.
There are 45 human labeled salient regions connected to
the image borders. On average, the image resolution of
this data set is around 131 × 105 pixels, while the ground
truth salient part contains 23.87% image pixels.

D. Color Names Based Co-saliency Detection
To discovery the common and salient foreground objects
in multiple images, a widely used cue is [12], [29]:
Co-saliency = Saliency × Repeatedness .

(10)

That is to say, we can mine useful information from the
similar pattern of a given image pair. In the previous stages,
the contrast cue with respect to color names is exploited
to perform single-layer refinement and multi-layer fusion.
This cue will be used again to detect co-saliency.
For each single-image saliency map of an image pair, we
segment it to a binary image using an adaptive threshold [2],
which is twice the mean value of the saliency map. By
exploiting each connected component r in the binary image,
we extract the corresponding image region from the original
input image, and convert it to a color name image
P11 region.
The average color A(r) of r is computed as j=1 fj cj ,
where fj and cj are the probability and the RGB color
value of the jth color name. The computation process of
A(r) is similar to that used in Section III-B. Then we
use A(r) as a contrast cue to measure the average color
difference between two different regions as follows:
Dij = Diff(r1i , r2j ) = A(r1i ) − A(r2j )

B. Evaluation Metrics
To evaluate the effectiveness of the proposed model,
we employ the standard and widely adopted PrecisionRecall (PR) and F-measure (Fβ ). We use both 256 fixed
thresholds (i.e., Tf ∈ [0, 255]) and an adaptive threshold
(i.e., Ta proposed in [2]) to segment each resultant salient
map, and compute the precision, recall, and Fβ as follows:
Precision =

(1 + β 2 ) × Precision × Recall
Fβ =
,
β 2 × Precision + Recall

2

,
2

|M ∩ G|
|M ∩ G|
, Recall =
,
|M |
|G|

(12)

where M is a binary segmentation, and G is the corresponding ground truth mask. The β 2 is also set to 0.3
for weighing precision more than recall [2]. Moreover, to
quantitatively evaluate and compare different saliency/cosaliency models, we also report three evaluation metrics
including AvgF, MaxF, and AdaptF as suggested in [17].

(11)

where the subscript (1 or 2) of a region r denotes the
corresponding image id in a given image pair, and the
superscript denotes the region id in the binary image.
Then we compute the average value D of all the Dij . The
final co-saliency maps can be obtained by discarding those
non-co-salient regions when their average color values are
greater than D, as has been presented in Fig. 1.

C. Parameter Analysis
The implementation of HCN includes 6 parameters
where five of them are same as that used in CNS, i.e.,
sample step δ, kernel radii ωc and ωr , saturation ratio
ϑr , and gamma ϑg . We use the same parameter ranges
suggested by the authors. Considering that the two kernel
radii have direct impacts on the performance, we fix the
settings of δ, ϑr , and ϑg for all the three layers, but assign
each layer with different values of ωc and ωr . In our
experiments, we determine each optimal parameter value
by finding the peak of the corresponding MaxF curve. The
influences of the five parameters are shown in Figs. 5(a)–
5(e). Moreover, HCN needs an additional parameter wf to
control single-layer saliency combination. We empirically

IV. E XPERIMENTS
In this section, we evaluate the proposed model with
6 co-saliency models including CoIRS [11], CBCS [12],
IPCS [13], CSHS [14], SACS [15], and IPTDIM [16] on
the Image Pair data set [13]. Moreover, we compare it
with 14 saliency models including BMS [7], CNS [17],
DSR [30], GC [31], GMR [23], GU [31], HFT [8], HS [3],
IRS [11], MC [32], PCA [33], RBD [26], RC [19], and
TLLT [4]. The developed MATLAB code will be published
in the project page: http://www.loujing.com/hcn-co-sod/.
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Table I: MaxF statistics of single-layer combination

(a) δ

(c) ωr

(b) ωc

Model

i=1

i=2

i=3

Average

LiCNS

.8078

.8103

.8148

.8110

LiRBD

.7597

.8288

.8526

.8137

LiHCN

.8029

.8487

.8641

.8386

LeiHCN

.8148

.8510

.8657

.8438

Table II: Fβ statistics of multi-layer fusion
Layer

AvgF

MaxF

AdaptF

Average

Lb1HCN

.7995

.8148

.8027

.8056

Lb2HCN

.8391

.8510

.8435

.8445

Lb3HCN

.8568

.8657

.8591

.8605

Ss

.8587

.8663

.8611

.8621

(d) ϑr

Table II shows that the multi-layer fusion result Ss further
refines single-layer saliency maps and performs better than
them. In addition, it can be seen that the evaluation results
are more close to that of the third layer. This means we
can achieve better performance in a larger scale when the
original input images are somewhat small.
(e) ϑg

(f) wf

E. Comparisons with Other Models

Figure 5: Parameter analysis of the proposed model.

Figure 6 shows the evaluation results of HCN compared
with 14 saliency models and 6 co-saliency models on the
Image Pair data set. We use the subscripts “s” and “co” to
denote our saliency and co-saliency models, respectively.
First, each PR curve is concentrated in a very narrow
range when the fixed segmentation threshold Tf > 1. For
HCNs the standard deviations of the precision and recall
are 0.0133 and 0.0127, while for HCNco the two values
are 0.0029 and 0.0031. Second, our F-measure curvs are
more flat, this means the proposed model can facilitate
the figure-ground segmentation. Third, when Tf = 0, all
the models have the same precision, recall, and Fβ values
(precision 0.2387, recall 1, and Fβ 0.2848), indicating that
there are 23.87% image pixels belonging to the ground
truth co-salient objects.
Some visual results are displayed in Figure 7. We
can see that HCN generates more accurate co-saliency
maps with uniformly highlighted foreground and well
suppressed background. In addition, Tables III and IV
show the Fβ statistics of all the evaluated saliency and cosaliency models. The top three scores under each metric are
highlighted in red, green, and blue, respectively. Overall,
our model ranks the best in terms of all the three metrics.
Although performing slightly worse than [16] with respect
to the MaxF score (about 0.692‰), HCNco outperforms it
with large margins using the AvgF and AdaptF metrics.

set its initial value in the range [0.1 : 0.1 : 0.9]. The
influence of wf is shown in Fig. 5(f).
By and large, our model is not very sensitive to the
parameters δ, ϑr , and ϑg . Based on the peak of the average
MaxF curve of the three layers (see black curves), we set
δ = 32, ϑr = 0.04, and ϑg = 1.9. We use the same way
to determine the optimal value of wf , which is set as
0.4. For the other two parameters ωc and ωr , the MaxF
curves clearly show that the proposed model performs well
when smaller kernel radii are used for the L1 layer, while
achieving better performance using larger kernel radii at the
L3 layer. So we set the parameter values of ωc and ωr for
the three layers as {(3, 5), (6, 9), (12, 17)}, respectively.
D. Evaluation of Saliency Fusion
We evaluate the proposed single-layer saliency combination and refinement algorithms, as well as our multi-layer
fusion algorithm. The evaluation results are reported in
Tables I and II. The best score under each evaluation metric
is highlighted in red.
With respect to single-layer saliency combination and
refinement, Table I shows that the single-layer combination
result LiHCN achieves better accuracy in detecting salient
objects than any of the combined models (i.e., CNS and
RBD) at all the three layers. Although the color names
based single-layer refinement result LeiHCN improves the
performance slightly, we have demonstrated that it can
facilitate the subsequent multi-layer saliency fusion.

V. C ONCLUSION
By exploiting two existing saliency models and a color
naming model, this paper presents a hierarchical co-saliency
detection model for an image pair. We first demonstrate the
722

(a)

(b)

(c)

Figure 6: Performance of the proposed model compared with 14 saliency models (top) and 6 co-saliency models (bottom) on the
Image Pair data set. (a) Precision (y-axis) and recall (x-axis) curves. (b) F-measure (y-axis) curves, where the x-axis denotes the fixed
threshold Tf ∈ [0, 255]. (c) Precision-recall bars, sorted in ascending order of the Fβ values obtained by adaptive thresholding.

simplicity and effectiveness of the proposed combination
mechanism, which leverages both the surroundedness cue
and the background measure that help in generating more
accurate single-image saliency maps. Then a color names
based cue is introduced to refine these maps and measure
the color consistency of the common foreground regions.
This paper is also a case study of the color attribute contrast
based saliency/co-saliency detection. We show that the
intra- and inter-saliency can benefit from the usage of
color names. With regard to future work, we intend to
incorporate more visual cues to improve performance, and
extend the proposed co-saliency model to handle multiple
images rather than an image pair.
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

Figure 7: Visual comparison of co-saliency detection results. (a)(b) Input images and ground truth masks [13]. Co-saliency maps
produced using (c) the proposed model, (d) CoIRS [11], (e)
CBCS [12], (f) IPCS [13], (g) CSHS [14], (h) SACS [15], and
(i) IPTDIM [16], respectively.
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