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ABSTRACT
Most of the existing co-segmentation methods are usually
complex, and require pre-grouping of images, fine-tuning a
few parameters and initial segmentation masks etc. These
limitations become serious concerns for their application on
large scale datasets. In this paper, Group Saliency Propagation (GSP) model is proposed where a single group saliency
map is developed, which can be propagated to segment the
entire group. In addition, it is also shown how a pool of these
group saliency maps can help in quickly segmenting new
input images. Experiments demonstrate that the proposed
method can achieve competitive performance on several
benchmark co-segmentation datasets including ImageNet,
with the added advantage of speed up.

need fine-tuning a few parameters and pre-grouping of images
etc.
Our previous work [7] addresses some of these issues by
performing segmentation on each of the individual images
but with the help of a global saliency map (formed via pairwise warping process). Warping [8] is a process of alignment
of one image w.r.t. another image where dense correspondence between two images is established at pixel level and
this process is computationally expensive. Therefore, developing such a global saliency map for each image requires intensive computation. In this paper, we aim at improving the
efficiency of our previous method so that it can be applied to
large scale datasets without much performance loss.

Image co-segmentation deals with segmenting out common
objects from a set of images. Exploiting the weak supervision
provided by association of similar images, co-segmentation
has become a promising substitute to tedious interactive segmentation for object extraction and labelling in large-scale
datasets. The concept was originally introduced by [1] to
simultaneously segment out the common object from a pair
of images. Since then, many co-segmentation methods have
been proposed to scale from image pair to multiple images
[2, 3, 4]. The work in [2] proposed a discriminative clustering
framework and [3] used optimization for co-segmentation.
Recently, [5] combined co-segmentation with co-sketch for
effective co-segmentation and [6] proposed to co-segment a
noisy image dataset (where some images may not contain the
common object). Most of these existing works require intensive computation due to co-labelling multiple images and also

Geometric Mean Saliency: Since proposed method is
based on our previous work [7], we briefly review the basic idea here to make the paper self contained. In GMS [7],
segmentation on individual images is performed, but using a
global saliency map that is obtained by fusing single-image
saliency maps of a group of similar images. In this way, even
if an existing single-image saliency detection method fails to
detect the common object as salient in an image, saliency
maps of other images can help in extracting the common object by forming a global saliency map. The fusion takes place
at the pixel level using geometric mean after saliency maps of
other images are aligned. The corresponding saliency values
in other images are collected and combined for each image.
When we do this for each image, mostly the same corresponding pixels get together every time and their saliency values
are combined, under the assumption that warping technique
is precise and accurate. This makes the process repetitive
and inefficient. So, we avoid such repetition in the proposed
method by doing this task only once and propagate this information in the group. Therefore, in this paper, we effectively
perform the same task as earlier in an efficient way and as a
result we hardly observe any drop in the performance.
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In particular, our basic idea is to first cluster visually similar images into a group and select a key image to represent
each group. After that we can align all the saliency maps
of other images in the group w.r.t. the key image via warping technique and fuse them to form a single group saliency

Index Terms— co-segmentation, propagation, quick,
large scale, group, ImageNet, fusion.
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Fig. 1. Comparison between GMS [7] and our proposed GSP.
Instead of performing pairwise matching (GMS [7]), GSP
only matches each member image with the key image that
represents the whole group.
map for the entire group. This group saliency map serves as
a group prior for foreground extraction of all the images in
the group by means of propagation that is done via warping.
Moreover, it can also help to segment a new input image by
the same means. We call our method Group Saliency Propagation (GSP) model. Note that there are only a few attempts
on large-scale cosegmentation such as [3, 9, 10], where [10]
represents state-of-the-art. Although [10] also relies on propagation, it needs some human annotated segmentation masks
and semantic grouping to initiate the propagation, whereas
our method does not have such a limitation. In addition, our
GSP method can also help on quick segmentation of any new
image by utilizing a pool of pre-computed group saliency
maps. Experiments on several benchmark datasets including ImageNet [11], show that our proposed GSP model can
achieve competitive results with a drastic speed up.
2. GROUP SALIENCY PROPAGATION
This section provides the detailed description of our proposed
method. The group saliency map is obtained by fusing the key
image saliency map and warped saliency maps of other images at pixel level. Unlike [7] where such fusion of individual
saliency map and warped saliency map is carried out for every
image, here we only fuse the saliency maps for the key image
and treat the fused saliency map as the group saliency map.
Once we obtain the group saliency map for each group, this
group saliency map can help in segmentation of all the images
in the group as well as new input images through propagation.
Notations: Consider a large dataset with m images I =
{I1 , I2 , .., Im }. Let M = {MI1 , MI2 , .., MIm } be the set of
corresponding visual saliency maps, D = {DI1 , DI2 , ..., DIm }
be the set of corresponding weighted GIST descriptors [12, 6]
(saliency maps are used as weight maps) for global description, and L = {LI1 , LI2 , ..., LIm } be the set of corresponding dense SIFT descriptors [8] for local description. Denote
I, A, S and M as a new input image, its GIST descriptor,
SIFT descriptor and preprocessed saliency maps respectively.
Pre-processing: We use the same pre-processing steps
as in [7] to ensure that each saliency map covers sufficient
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Fig. 2. Proposed GSP approach: A single group saliency map
of key image helps in segmenting all the other images.
regions of the object by adding spatial contrast saliency and
then brighten the saliency map to avoid over-penalty caused
by low saliency values.
2.1. Group Saliency Maps
We first perform k-means clustering using GIST descriptors
of images to cluster the entire image dataset into K groups.
For each group the image closest to a cluster center is selected as the key image to represent the whole group. For each
group, its group saliency map is produced using [7] w.r.t the
key image alone where saliency maps of the member images
are aligned to the key image via the warping technique. Then
following the method in GMS [7], the key image saliency map
and the warped saliency maps from other members are fused
at pixel level using geometric mean. Let Ck denote the k-th
I
cluster as well as the corresponding key image, and UCjk denote the warped saliency map of the image Ij w.r.t. key image
Ck . The group saliency map Gk value for any pixel p can now
be computed as

Gk (p) = MCk (p)

Y

 |C1 |
I
UCjk (p) k

(1)

Ij 6=Ck ,Ij ∈Ck

where |.| represents cardinality.
For quick co-segmentation, along with the group saliency
maps we also need to store GIST and SIFT descriptors of the
key images and number of members in the group for the purpose of group assignment, warping and fusion respectively.
Therefore, the pool of group saliency maps contains not only
the maps G = {G1 , G2 , ..., GK } but also the corresponding
GIST and SIFT descriptors and number of group members:
A = {DC1 , DC2 , ..., DCK } and S = {LC1 , LC2 , ..., LCK }
and C = {|Ck |, |C2 |, ..., |CK |} respectively.
2.2. Propagation
In our previous work [7], for a group of n images, when segmenting one image, the saliency maps of the other n − 1 images need to wrap to the current image, which requires computing the costly dense SIFT flows n − 1 times. Thus, seg-
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Fig. 3. Quick co-segmentation of any new input images by
first group assigment, then group saliency map warping and
then fusion of saliency maps.
Cow

menting n images will need computing dense SIFT flows for
n × (n − 1) times, as shown in the left part of Fig. 1, which
is very time consuming, especially for large-scale dataset.
In order to reduce the computational cost, in this paper,
we propose to use group saliency map to propagate the group
prior information. In particular, for a cluster of n images, we
only compute the dense SIFT flows for the key image n − 1
times. When segmenting the n − 1 member images, we simply warp the group saliency map back to each of them. In this
way, totally we only need 2 × (n − 1) dense SIFT flows, as
shown in the right part of Fig. 1. We achieve a drastic speed
up of n/2 times by using this kind of propagation of group
saliency maps. An illustration of the proposed approach is
given in Fig. 2. In particular, the object prior O for any member image Ij would be warped Gk w.r.t. Ij denoted as UICj k .
Based on the pool of [G, A, S, C] information, we can
also quickly co-segment a new image by 1) assigning the image to a group using the GIST feature, 2) warping the selected group saliency map to the input image, and 3) fusing
the saliency map of the input image with the warped group
saliency map, as shown in Fig. 3. Since one more saliency
value is to be included in the calculation of geometric mean
of saliency values, the object prior O value for any pixel p of
a new input image I can be computed as,
O(p) =



 |C 1|+1
|C |
UICk (p) k × M(p) k

(2)

where UICk denotes warped Gk w.r.t. I
2.3. Foreground Extraction
We obtain the final mask using GrabCut [13], in which regularization is performed with the help of SLIC superpixel oversegmentation [14]. Particularly, foreground (F ) and background (B) seed locations for GrabCut are determined by
(
F, if O(p) > τ
p∈
(3)
B, if O(p) < φ

Dog

Fig. 4. Sample Results on ImageNet [11]
Table 1. Jaccard Similarity and Time consumed comparison
of GSP with GMS[7] using default setting
Jaccard
Similarity

Time(mins.)
Consumed

Datasets

Images GMS[7] GSP GMS[7] GSP

Weizmann Horses
MSRC
iCoseg
CosegRep
Internet Images

328
418
529
572
2470

0.72
0.68
0.67
0.71
0.62

0.72
0.68
0.66
0.71
0.61

117
105
126
216
806

45
22
38
35
133

where φ is a global threshold value of O which is automatically determined by the common Otsu’s method [15] and τ is
the only tuning parameter.
3. EXPERIMENTAL RESULTS
Several benchmark datasets including ImageNet [11] have
been used to validate the proposed GSP model and compare
it with the existing methods. Two objective measures, Jaccard Similarity (J) and Precision (P), are used for evaluation.
Jaccard Similarity is defined as the intersection divided by the
union of ground truth and segmentation result, and Precision
is defined as the percentage of pixels correctly labeled.
In Table 1, we compare our quantitative results and time
consumed with our previous work [7] on 5 benchmark cosegmentation datasets: MSRC [17], iCoseg [18], Coseg-Rep
[5], Internet Dataset [6], Weizmann Horses [19], using default parameter setting :τ = 0.99. In each of our experiments
with m images, K is calculated as nearest integer to m/15 en-

Table 2. Quantitative Comparison with existing methods on
large scale dataset ImageNet
Methods
Jaccard Similarity Precision
[10]
[16]
Ours(1)
Ours(2)
Ours(3)

0.57
0.55
0.58
0.62

77.3
84.3
83.9
85.6
87.7

Table 3. Comparison of using categorization and not using
categorization in default setting scenario
Yes
No
Datasets

J

P

J

P

MSRC
iCoseg
CosegRep

0.678 87.2 0.674 86.9
0.656 88.9 0.632 87.8
0.706 91.2 0.701 90.4

suring that there are 15 images per sub-group on an average.
Since apart from Weizmann horses dataset, all other datasets
contain multiple sub-groups, experiments are conducted separately on each sub-group and average performance has been
reported. Reported “Time Consumed” is the total time consumed for entire dataset. It can be noted that performance is
hardly affected but there is significant improvement in speed.
As explained in previous sections, the reason can be attributed
to the fact that we are effectively achieving the same objective
,i.e., collecting corresponding pixels together and combining
their saliency values. However, here we efficiently avoid the
repetition occurring in our previous work [7].
Recently, evaluation on large dataset such as ImageNet
has also become possible with the release of groundtruths on
nearly 4.5k images by [10]. We apply our method on about
0.4 million images of 446 synsets to which these 4.5k images
belong and compare our performance with [10] and [16] in
Table 2. Here τ is the only parameter that we tune in our experiments and we report three results with different setting of
τ : (1) τ is fixed for all classes, (2) τ is fixed within a class, but
varied across the classes and (3) τ is tuned across all the images of dataset. As expected, the performance improves from
(1) to (3) progressively and it will be interesting to see if this
parameter can be learned. Compared with [16] our method
does not require any segmentation masks for initiation but
still achieves comparable performance as in [16]. Some sample segmentation results obtained from ImageNet are shown
in Fig. 4. Even with cluttered backgrounds, our method can
still segment the foregrounds successfully.
Since we rely on good clustering to group visually similar images and claim that manually pre-grouping is not absolutely essential for our method, it would be interesting to

Fig. 5. Some sample results of our quick co-segmentation
method. In spite of object not being so salient in the saliency
map [20], the proposed approach is able to extract it.

Table 4. Jaccard similarity comparison beween quick cosegmentation and other automatic methods like GrabCut initialized by central window and saliency map [20]
Datasets
Center Saliency Quick
MSRC
Weizmann Horses

0.44
0.53

0.47
0.58

0.67
0.72

see how our method behaves “without exploiting manual categorization” in comparison to “with exploiting manual categorization” on benchmark co-segmentation datasets. It can be
noted in Table 3 that there is very minor drop in performance.
To evauate our quick cosegmentation idea we first make a
pool of 30k group saliency maps produced while attempting
to segment ImageNet and then input the images of datasets
image-by-image. In Table 4, we compare results of our quick
co-segmentation idea with that of simple GrabCut initialized
with central window of 25% of size of the image and initialized with saliency prior thresholded using Otsu method.
Grabcut initialized by central window, grabcut initialized by
saliency prior and our quick co-segmentation method have
been labelled as Center, Saliency and Quick respectively. It
can be noted that our quick co-segmentation method obtains
significant improvement over others. Some sample results of
this approach are shown in Fig. 5 demonstrating how foreground gets extracted in spite of not being so salient.

4. CONCLUSION
Image co-segmentation in large-scale dataset remaining a
challenging problem as most existing methods cannot be easily extended to big dataset, we efficiently extend our previous
work [7] to perform large-scale co-segmentation and quick
co-segmentation of new input images by introducing the idea
of propagating a group saliency map in the entire group. Such
an approach requires a lesser number of SIFT flows compared
to the previous method. Experimental results demonstrated
that proposed method is able to perform co-segmentation in a
much faster manner without much affecting on performance.
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