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Abstract
Co-saliency detection is a task of detecting same or similar objects in multi-scene, and has
been an important preprocessing step for multi-scene image processing. However existing
methods lack efficiency to match similar areas from different images. In addition, they are
confined to single image detection without a unified framework to calculate co-saliency. In
this paper, we propose a novel model called Superpixel Matching- Cellular Automata (SMCA).
We use Hausdorff distance adjacent superpixel sets instead of single superpixel since the
feature matching accuracy of single superpixel is poor. We further introduce Cellular
Automata to exploit the intrinsic relevance of similar regions through interactions with
neighbors in multi-scene. Extensive evaluations show that the SMCA model achieves leading
performance compared to state-of-the-art methods on both efficiency and accuracy.
Keywords: co-saliency detection, multi-scene, superpixel, Hausdorff distance, Cellular
Automata
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1. Introduction

Recently, with the development of multi-scene application, co-saliency detection[1],[2]
aimed at locating the most important and similar objects in multi-scene has been more and
more necessary and has been widely used in collaborative segmentation, multi-scene re-target
recognition, image and video summaries, etc. The saliency detection methods of single image
have developed rapidly and some of them are directly used in co-saliency detection. However,
they are often ineffective when the object is integrated in multi-scene.
At present, there are only a few co-saliency detection methods. For example, Li et al.[3]
employed a multi-scene structure model based on single image detection for co-saliency;
however, their method was only applicable to two images but not to multiple images. Fu et
al.[4] constructed co-saliency image through color contrast fusion, spatial distribution and
consistency of images after extracting consistency information from multiple images by
clustering colors. This method used simple color clustering at pixel level and lacked the
structural information of the target, which can cause wrong detection of targets and
background areas with the same colors. Liu et al.[5] calculated overall similarity of segmented
areas at image level from color histogram. In this method, mismatching is prone to happen
since the calculation merely based on the similarity of the characteristics of the segments. Cao
et al.[6] obtained first saliency map of single image using multiple algorithms, and then
co-saliency map using low-rank decomposition to fuse multiple saliency maps. Accuracy is
highly affected by the algorithms of single image saliency detection in this method. In
reference 114, in order to extract the characteristics of both target and background, Zhang et
al.[1] comprehensively trained on similar and different images by extracting the
characteristics in depth. The performance was yet to be improved because they only employed
average color of CIELab in the matching of regional similarities between images. Later on,
they applied polyinstantiation study and autoregulation study to find coincident targets;
nevertheless, both study methods are hard to extend due to problems like high complexity and
necessity of precise calibration of targeted training set. In summary, two problems exist for the
abovementioned methods: lack of efficient methods for matching similar areas of images, and
lack of a general framework applicable for co-saliency calculation.
In this paper, combining repeatability and saliency, we firstly propose a matching algorithm
based on neighboring superpixel sets of Hausdorff distance to calculate the similarity between
images and to depict the occurrence of area repetition. Secondly, inspired by Ref. [7], we
propose a 2-Layer cellular automata model to calculate the saliency spread of infra-images and
inter-images, in order to ensure complete saliency of targeted area. The result shows that the
proposed superpixel matching algorithm is effective and that the multi-scene saliency spread
algorithm demonstrates robustness, whose detection performance is superior to mainstream
algorithm at present.

2. Superpixel matching
For convenience of calculations and intrinsic structural information, the image was firstly
segmented into a set of superpixels by simple linear iterative clustering (SLIC) algorithm[8].
The core of detecting the common salient object is the superpixel matching in different images.
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n
We define I = {I i }i =1 as an image set consisting of n images. Each image I i is segmented

into a superpixel set Ri = {ri , s }s =i1 , where N i is the number of superpixels. In this paper,
N

superpixel matching means, for any superpixel ri , s in image I i , finding a set of superpixels
with high similarity in another image I j . Note that not all superpixel can be matched and one
superpixel can have several matching superpixels in other images.
2.1 Single superpixel
Our aim is to find the matching superpixel of ri , s . Briefly, we can calculate the similarity of all
superpixels in I j and set the similarity threshold δ to choose eligible ones as matching
superpixels. This matching method is single superpixel matching. The feature similarity
between any two of superpixels can be calculated according to Eq. (1),

 c −c 2 
i,s
j ,t

=
wis,,jt exp  −
(1)
2


2s c


where ci , s is the average color value of ri , s in the CIELab color space. σ c is the intensity for
weight control. It is determined to be 10 as in reference[9] because it is not sensitive in the
range [5,15].
As Fig. 1 shows, the red regions of left image is input superpixel and the similarity
threshold is set as δ = 0.9 . The red regions in the upper row of the right images are matching
results by single superpixel. Obviously, there are many mismatching results, which include
regions on the object and background regions with similar color. The major cause for this error
is exactly the above matching method. All superpixels are calculated without the spatial
structure of other superpixels.
Single superpixel
Input

Neighbor superpixel sets via Hausdoff distance

Fig. 1. Superpixel matching results of a test image (left) by single superpixel (upper row) and adjacent
superpixel sets via Hausdorff distance (lower row)

2.2 Adjacent superpixel sets via Hausdorff distance
The description of a superpixel contains not only the inherent feature of its own internal pixels,
but also the spatial structure of its adjacent superpixels. In detail, if the feature of a superpixel
is similar to adjacent superpixels, the structure feature of this superpixel is smooth. On the
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other hand, if the feature is entirely different, this superpixel is isolate. In addition, if the
feature cuts both ways, this superpixel may be on the edges of the object.
Fig. 2 is an example of finding superpixel rj ,t that matches ri , s . Considering N i , s , a
neighbor of ri , s , we can transform the solution to the calculation of Hausdorff distance
between N i , s and N j ,t .

H ( N i , s , N j ,t ) = max(h( N i , s , N j ,t ), h( N j ,t , N i , s ))

(2)

where H ( N i , s , N j ,t ) is Hausdorff distance between N i , s and N j ,t , and h( N i , s , N j ,t ) is the
orientation-distance from N i , s to N j ,t . In this paper, Modified Hausdorff Distance
(MHD)[10] is used.

h( N i , s=
, N j ,t )

1
Ni,s

∑d

a∈Ni ,s

N j ,t

(a ) ，d=
min ca − cb
N j ,t ( a )

(3)

b∈N j ,t

where ca is the average color value of superpixel a in CIELab color space, and N i , s is the
number of N i , s . Now we can define the similarity between N i , s and N j ,t as:

 H ( N i , s , N j ,t ) 2 
exp  −
v
=


2s c2


s ,t
i, j

(4)

s ,t
Take pixels whose vi , j is bigger than δ to constitute matching superpixel sets of ri , s as did

in single superpixel matching. As the lower row of Fig. 1 shows, compared with single
superpixel matching, the adjacent superpixel sets matching can effectively eliminate some
mismatching caused by isolate superpixel so that the matched superpixels are basically inside
the object.

Ni,s

ri , s

N j ,t

r j ,t

Calculate
Hausdorff
Distance

Fig. 2. Matching result by adjacent superpixel sets

3. Co-Saliency Detection via 2-Layer Cellular Automata
In Ref. [7], Cellular Automata method was proposed to calculate the saliency of a single image.
The core concept of this method is that the saliency of one superpixel is affected by itself and
the adjacent superpixels. All of the superpixels will converge after several times of spread.
However, for co-saliency detection, as shown in Fig. 3, the saliency of one superpixel (red
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spots) is not only affected by the adjacent superpixels (blue and yellow spots) but also affected
by the matched superpixels in other images (green spots).
Inter-images

Intra-image

Fig. 3. Co-saliency detection model

According to this theory, we propose 2-layer Cellular Automata via intra image and inter
images spread:

Sim +1 = (1 − λ1 − λ2 ) Sim + λ1Fi intra Sim + λ2

n

∑

=j 1, j ≠ i

m
Fi ,inter
j Sj

(5)

where Sim is the saliency of all superpixels in I i after m times of status updates, Si0 is the
inter

initial saliency, Fi intra is the influence matrix of superpixels in I i , Fi , j

is the influence

matrix from I j to I i and λ1 and λ2 are impact factors. The state machine is stable after m
times of status updates and the final Sim is the saliency of I i . Note that, the initial saliency

Si0 can be obtained from single image saliency detection[11]-[25]. Here, MR method[16] was
adopted to get Si0 . On the one hand, the saliency was obtained by image spread under
superpixel level; on the other hand, image structural information used can be applied again to
the calculation of intra-image influence.
3.1 Intra-image influence matrix
The similarity of intra-image superpixels is calculated by color similarity in CIELab color
space. We define the initial intra-image influence matrix, Fˆi intra = [ f i s,t ]Ni × Ni , to describe the
influence among superpixels,

fi s,t


 c −c
i,s
i ,t


exp
−

=

2s c2


0



2






t ∈  i ,s

(6)

t = s or others

where  i , s is the 2-layer adjacent region. As can be seen from Fig. 3, different from N i , s ,
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 i , s includes not only directly adjacent superpixels, shown as the blue spots, but also the

indirectly adjacent superpixels, shown as the yellow spots, and the boundary superpixels,
shown as the blue rectangular frame. Then the diagonal matrix is
Diintra = diag{d1 , d 2 ,..., d Ni } , where di = t fi s,t . Normalizing the initial intra-image

∑

influence matrix Fˆi

intra

leads to:
−1
=
Fi intra  Diintra  ⋅ Fˆi intra

(7)

3.2 Inter-images influence matrix
To focus on the influence of other images in the same image set, we firstly use the method
introduced in section 3.2 to obtain vis,,jt , then define inter-images influence matrix

Fˆi inter
= [ fi ,s,tj ]Ni × N j to describe the influence by any two of superpixels in different images,
,j

v s ,t
fi ,s,tj =  i , j
0

vis,,jt > δ ,
others

(8)

where δ is saliency matching threshold. The parameter is set to be 0.9 according to our
experience.
intra
= diag{d1 , d 2 ,..., d Ni } is obtained, where di = t fi ,s,tj .
Similarly, diagonal matrix Di

∑

Normalize the initial matrix Fˆi
considering the influence of the other n − 1 images, and the
final inter-images influence matrix is indicated as:
intra

−1
1
Fi inter = ⋅  Diinter  ⋅ Fˆi inter
n −1

(9)

3.3 The termination condition for iteration
inter
n
After confirming Fi intra , Fi , j and the initial saliency map, {Si0 }i=
1 , saliency of superpixels

can be spread via iteration updates as Eq. 5. According to the experiment in Ref. [7], after 20
times of cellular automata iteration, the saliency of the superpixels stabilizes, that is, the
system reaches stable status. However, it was found in our experiment that the system can
sometimes terminate in advance. The difference of each image’s saliency between two sequent
updates can be used to determine the termination condition.

=
∆ max( Sim +1 − Sim ) .
i∈[1, n ]

2

(10)

When ∆ < ε (where ε is the set minimum threshold), it is considered that the saliency
does not change significantly anymore. Therefore, the termination condition for iteration is
given as: when the saliency of each image does not change significantly anymore or when
number of iterations reaches maximum M=20 (determined as in Ref. [7]).
3.4 Algorithm procedure and analysis
It can be seen from Eq. (5), Eq. (7) and Eq. (9) that a superpixel is primarily influenced by the
saliency of adjacent infra-superpixels. If the superpixel has matching superpixels in most other
parts of the image, its saliency is more influenced by other images; but if it has only a few or no
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matching superpixels, its saliency becomes smaller and smaller in the iteration of Eq. (5). Thus,
through iteration of 2-layer cellular automata, common superpixels in all the images have a
higher saliency, while superpixels only existing in a few images have a lower saliency.
Furthermore, common background superpixels can be effectively restrained due to the
restriction of initial saliency (approaching 0). Co-saliency detection can be completed through
this spread model.
Table 1 shows the overall procedure of our SMCA model, where lines 1-6 are to construct
superpixel matching and image structure impact factor matrix and lines 7-12 are to spread
saliency infra- and inter-images.
Table 1. The procedure of SMCA algorithm
Alg. SMCA
Input: image set

I = {I t }in=1

Output: co-saliency map
1. Segment each image

n
{Si }i=
1

Ii

into superpixel sets

2. Calculate the infra impact factor matrix
3. Calculate initial saliency map

Fi intra of each image.

n
{Si0 }i=
1 using MR algorithm.

4. Construct adjacent superpixel sets
5. Calculate matching similarity

Ri = {ri , s }sN=i1 by SLIC algorithm.

N i , s for each superpixel ri , s .

vis,,jt of any two superpixels according to Eq. (2) and Eq. (4).
inter

6. Construct inter-images impact factor matrix Fi , j .
7．while
8．
9．

∆ >ε

and m < M do
for i=1 : n do
update saliency map of each image

Sim +1 = (1 − λ1 − λ2 ) Sim + λ1Fi intra Sim + λ2
10．

end

11．

=
∆
calculate change of saliency

12.

end

n

∑

=j 1, j ≠ i

m
Fi ,inter
j Sj

；

max( Sim +1 − Sim ) ;
2
i∈[1, n ]

4. Experimental Evaluation
4.1 Parameters and Evaluation Metrics
Testing dataset: So far, there are only two common co-saliency datasets, ImgPair[3] and
iCoseg[26], with the whole true value label at pixel level. iCoseg is the most commonly
applied dataset in co-saliency measurement and co-segmentation algorithm. It contains 38
images sets of more than 5 images, with 634 images in total. ImgPair is also in widespread use.
Every image set of ImgPair has two images and there are 210 images altogether. So all the
algorithm measurements were based on these two datasets.
Algorithm comparison: Here comparisons were made among typical co-saliency detection
algorithms from recent years: CB-C[4] (multi-scene algorithm based on color cluster), HS[5]
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and SA[6] and typical single image saliency detection algorithms: CS-S[4] (single image
algorithm based on color cluster), MR[16], RBD[22], HDCT[21] and RR[25].
Evaluation Measures: As is described in Ref. [27], three commonly applied performance
metrics are adopted for our quantitative evaluation as follows:
Precision-recall (PR). To evaluate the final saliency map S , we can convert it to a binary
mask M with a threshold sliding form 0 to 255 and compute Precision and Recall by
comparing M with ground-truth G :
Precision =
Recall =

M ∩G

M
M ∩G
G

(11)
(12)

F-measure. In general, neither precision nor recall can comprehensively evaluate a saliency
map. In other words, we both need the high precision and recall. To this end, the F-measure is
put forward as the overall performance metrics:
(1 + β 2 ) ⋅ Precision ⋅ Recall
(13)
Fmeasure =
β 2 ⋅ Precision + Recall
where β 2 = 0.3 as a non-negative weight which was proved in Ref. [28] to insure the
precision.
Receiver operating characteristics (ROC) curve. Besides PR and F-measure, we can also
report the false positive rate (FPR) and true positive rate (TPR) when binarizing the saliency
map with a set of fixed thresholds:
TPR =
FPR =

M ∩G
G
M ∩G
M ∩G + M ∩G

(14)
(15)

Where M and G respectively denote the opposite of the binary mask M and ground-truth G .
The ROC curve is the plot of TPR versus FPR by testing all possible thresholds.
Arear under ROC curve (AUC). While ROC represents the performance of a model as a
two-dimensional curve, by calculating as the area under the ROC curve, the AUC distills this
information into a single scalar.
Mean Absolute Error (MAE). The above evaluation measures do not consider the true
negative saliency assignments, for example the pixels correctly marked as non-salient. For a
comprehensive comparison, it is necessary to evaluate MAE which calculates the average
absolute error between the saliency map S and the ground truth G of the image ( W × H
resolution) in pixel
=
MAE

1 W H
∑∑ | S (i, j ) − G(i, j ) |
W × H =i 1 =j 1

(16)

MAE score directly indicates how similar a saliency map S is to the ground truth G .
Parameter setting: SLIC superpixel segmentation number N i = 200 . Compactness weight
value was set as 20. λ1 and

λ2 in Eq. (5) were experiencedly chosen to be 0.5 and 0.3,

respectively. Maximum iteration number M = 20 . Threshold value for iteration termination
ε = 10−3 . Threshold value for matching similarity δ = 0.9 .
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4.2 Method Comparisons
Firstly, several state-of-the-art methods are compared with our SMCA model. Fig. 4(a) and
Fig. 4(b) respectively show the comparisons of PR cure, ROC cure, MAE, F-measure and
AUC between the SMCA and other models on ImgPair and iCoseg. It can be seen from the
figure that our SMCA model shows significant improvement in both recall rate and accuracy.
The relatively high F-measure value indicates that the overall performance of the proposed
SMCA model is superior to other algorithms and the relatively low MAE value indicates that
our result is closer to true value.
Fig. 5(a) and Fig. 5(b) respectively show some examples of detection effectiveness based
on ImgPair and iCoseg dataset. It is demonstrated that most co-saliency detection algorithm,
such as HS, SA, and the proposed SMCA model have a better performance. Particularly, some
common target areas can be highlighted. It is evident from row 2 that result of CB-C algorithm
is the same color pixel value from different images as it only used color cluster at pixel level. It
is especially sensitive to color difference cause by different illumination intensity and
detection is not complete without considering structure properties of pixels. As for HS
algorithm, mismatching shows up a lot because simple color matching at regional level is
applied without regard to adjacent structure characteristics, resulting in mismatching of targets
and background. SA algorithm generally performs better, but since the fusion of algorithm
detection is the core, its performance highly depends on the effectiveness of algorithm
detections. Take the second set of images in Fig. 5(b) as an example. Athletes in white are
common saliency targets. Athletes in red are saliency targets in a few images but not
co-saliency targets of the whole image set. Since a few images contain red pixel values, none
of the three algorithms can effectively eliminate athletes in red which are not the co-saliency
target. The proposed SMCA model utilizes adjacent superpixel matching algorithm, bettering
detection effectiveness despite illumination difference, structure variation, background
complexity, etc.

CB-C CB-S

HS

MR

SA RBD HDCT RR

Ours

(a) Comparison results on the ImgPair dataset in terms of PR cure, ROC cure, MAE, F-measure and
AUC

CB-C CB-S

HS

MR

SA RBD HDCT RR

Ours

(b) Comparison results on the iCoseg dataset in terms of PR cure, ROC cure, MAE, F-measure and
AUC
Fig. 4. Quantitative comparisons of the proposed method and other state-of-the-art methods
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(a) Examples in the ImgPair dataset

(b) Examples in the iCoseg dataset
Fig. 5. Visual comparisons of different methods (from top to bottom: original image, CB-C, CB-S, HS,
MR, SA, RBD, HDCT, RR, our proposed SMCA and true value)
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4.3 Run time analysis
Table 2 shows the comparison of average run time between the proposed SMCA model and
other co-saliency detection methods. The measurement environment was Intel Xeon E5-2620
2.00GHZ, RAM 16GB. All the algorithms directly operated the source code published by the
author under Matlab 2012b platform. It is worth noting that the SA algorithm is a fusion
algorithm. So its overall run time depends on all the other algorithms. The table only gives the
time for fusion part but not the overall run time, thus relatively low. It can be seen from the
table that the proposed SMCA algorithm has a similar complexity with CB-C algorithm, with
run time much lower than HS algorithm. Further more, other models such as CB-C and RBD
focus on single image saliency detection.
Table 2. Comparison of average run time between different co-saliency algorithms
Method
Run time(s)
5.5
CB-C
2.1
CB-S
24.9
HS
1.7
MR
1.9
SA
0.25
RBD
4.9
HDCT
1.8
RR
6.3
Ours

5. Conclusion
Based on Hausdorff distance, a novel algorithm using adjacent superpixel sets for superpixel
matching is proposed. The result shows that matching effectiveness is superior to the
traditional single superpixel method. Further on, impact factor matrix are constructed for
infra- and inter-images, and 2-layer cellular automata spread model is constructed for
multi-scene co-saliency detection. Experiment result indicates that our proposed SMCA
model has significant advantages in both robustness and time complexity. In addition,
different from other co-saliency detection model, the proposed 2-layer cellular automata is a
uniform model combining similarity of infra-images and inter-images, with excellent
extendibility.
As future work, we will consider to add more characteristics such as color histogram and
textual features for more accurate superpixel matching. Moreover, only a few datasets can be
used to test the co-saliency detection model. Therefore, we may focus on making a new
dataset.
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