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ABSTRACT
Most existing high-performance co-segmentation algorithms
are usually complicated due to the way of co-labelling a set of
images and the requirement to handle quite a few parameters
for effective co-segmentation. In this paper, instead of relying on the complex process of co-labelling multiple images,
we perform segmentation on individual images but based on
a combined saliency map that is obtained by fusing singleimage saliency maps of a group of similar images. Particularly, a new multiple image based saliency map extraction,
namely geometric mean saliency (GMS) method, is proposed
to obtain the global saliency maps. In GMS, we transmit
the saliency information among the images using the warping technique. Experiments show that our method is able to
outperform state-of-the-art methods on three benchmark cosegmentation datasets.
Index Terms— co-segmentation, image segmentation,
saliency, warping.

Fig. 1. Proposed GMS method, where salient common object
images can render help to weakly salient common object image (the ﬁrst image) in segmentation. The bottom row shows
the results of state-of-the-art co-segmentation method [11].

1. INTRODUCTION
Image co-segmentation has drawn a lot of attention from vision community as it can provide unsupervised information
regarding “what to segment out” with the help of other images
that contain similar object. The concept was ﬁrst introduced
by Rother et al. [1], who used histogram matching to simultaneously segment out the common object from a pair of images. Since then, many co-segmentation methods have been
proposed to either improve the segmentation in terms of accuracy and processing speed [2, 3, 4, 5, 6, 7] or scale from image
pair to multiple images [4, 8, 9]. Joulin et al. [4] proposed a
discriminative clustering framework and Kim et al. [8] used
optimization for co-segmentation. Dai et al. [10] combined
co-segmentation with cosketch for effective co-segmentation.
Recently, Rubinstein et al. [11] adopted dense SIFT matching
to discover common objects and co-segment them out from
noisy image dataset (where some images do not contain the
common object).
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Despite the previous progress, there still exist some major problems for the existing co-segmentation algorithms.
1) As shown in [12, 11], co-segmenting images might not
perform better than single-image segmentation for some
datasets. This raises up the question: to co-segment or not.
2) Most of the existing high-performance co-segmentation
algorithms are usually complicated due to the way of colabelling a set of images, and require handling quite a few
parameters for effective co-segmentation, which becomes
more difﬁcult when the dataset becomes increasingly diverse.
In this paper, instead of relying on the complex process
of co-labelling multiple images, we perform segmentation on
individual images but using a combined 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. Fig. 1 demonstrates how the ﬁrst image containing weakly salient common object (car) is helped by images containing similar salient common object (car).
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In particular, we ﬁrst enhance individual saliency maps to
highlight the foreground. We then group the original images
into several clusters using GIST descriptor [13]. After that,
Dense SIFT ﬂow [14] is computed to obtain pixel correspondence between image pairs within each cluster, which is used
to obtain the warped saliency maps. Enhanced saliency maps
and warped saliency maps are combined to obtain the global
saliency maps. Based on the global saliency maps, we select
the foreground and background seeds and use GrabCut [15]
to segment out the common object. The proposed method
is veriﬁed on three public datasets (MSRC[16], iCoseg [2],
Coseg-Rep [10]). The experimental results show that the proposed method can obtain larger IOU (Intersection over Union)
values compared with state-of-the-art methods.
2. PROPOSED METHOD

Fig. 2. Flow chart of proposed method

The basic idea of our method is to cluster similar images
into subgroups, use dense correspondence to transfer saliency
among similar images in a subgroup, and ﬁnally perform individual image segmentation based on the combined saliency
map. Fig.2 shows the ﬂow chart of our proposed method. The
detailed procedure is explained in the following subsections.

To facilitate the later geometric mean operation, brighter
saliency maps are preferred so as to avoid over-penalty caused
by low saliency values. Thus, we perform log transformation
to make the saliency map brighter, i.e.,
(2)

where μ is set to 300 and Mi is the enhanced saliency map.

2.1. Notation
Let I = {I1 , I2 , · · · , Im } be the image group containing m
images, Di be the image domain of Ii , p ∈ Di be pixel with
coordinates (x, y). The geometric mean saliency maps are
denoted as G = {G1 , G2 , · · · , Gm }. The foreground and
background seeds are represented as Fi and Bi for image Ii ,
respectively.
2.2. Saliency Enhancement
We use the method in [17] to obtain the initial saliency maps,
which are denoted as L = {L1 , L2 , · · · , Lm }. In this step,
we ﬁrst obtain the binary map Ti for Li by a global threshold
ti (computed by the conventional Otsu’s method[18]) , i.e.,
Ti (p) = 1 when Li (p) > ti ; otherwise, Ti (p) = 0. To ensure that a saliency map covers sufﬁcient regions of the salient
object, we further enhance the saliency values of some background pixels. Particularly, for the background pixel p (with
value zero in Ti ), we compute its spatial contrast saliency
value Ti (p) by
Ti (p) = δ(Ti (p) = 0)

Mi (p) = log(1+μ) (1 + μTi (p))



|Ii (p) − Ii (q)|e

−dpq
σ

(1)

q∈Di

where δ(·) = 1 only if · is true, Ii is the gray image of Ii and
dpq is the distance between the location of pixels p and q. σ is
set to 25. Ti is then normalized and set as the new value for
the background pixels, i.e., Ti (p) = Ti (p) when Ti (p) = 0,
making Ti a continuous map. To speed up the computation,
this step is performed on downsized images (say 50x50).

2.3. Subgroup Formation
After enhancing the saliency map, we next cluster the images
into a number of image subgroups, where the images within
the same subgroup have similar appearance. Here, weighted
GIST descriptor [13, 11] is used to represent each image with
enhanced saliency map Mi as the weights for image Ii . The
k-means clustering algorithm is applied for clustering. Let
K be the number of clusters and Ck be the set of indexes of
images in k th cluster, where k ∈ {1, · · · , K}. In general,
10 images per group are good enough for our model, K is
determined according to the total number of images m, i.e.,
K is calculated as nearest integer to m/10.
2.4. Pixel Correspondence
Based on the clustering results, we intend to match the pixels among the images within each subgroup. Speciﬁcally the
masked Dense SIFT correspondence [14, 11] is used to ﬁnd
corresponding pixels in each image pair. We obtain the masks
by thresholding saliency maps M ’s. Let the masks from Mi
and Mj be TMi and TMj respectively. The objective function
for Dense SIFT ﬂow is represented as


TMi (p) TMj (p + wij (p))
E(wij ; TMi , TMj ) =
p∈Di



||Si (p) − Sj (p + wij (p))||1 + 1 − TMj (p + wij (p) C0


+
α||wij (p) − wij (q)||2 (3)
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Fig. 3. Sample segmentation results for iCoseg dataset .

Fig. 4. Sample segmentation results for Repititive category of
Coseg-Rep dataset

where Si is dense SIFT descriptor for image Ii , Npi is neighborhood of p, α weighs smoothness, C0 is a large constant,
and wij denotes ﬂow ﬁeld from image Ii to Ij .

Table 1. Comparison with state-of-the-art methods on MSRC
and iCoseg datasets using overall values of J and P

2.5. Geometric Mean Saliency
Given a pair of images Ii and Ij from a subgroup Ck , we
transmit the saliency map Mj to Ii through warping technique. We form the warped saliency map Uij by Uij (p) =
Mj (p ), where (p, p ) is a matched pair in the SIFT ﬂow alignment with relationship p = p + wij (p). Since there are a few
images in subgroup Ck , for each image we fuse their warped
saliency maps along with its own saliency map by computing
the GMS score Gi (p),

Gi (p) =





|Ck |

j∈Ck

Mi (p)

Uij (p)

(4)

j=i

where |Ck | denotes number of images in Ck subgroup and
GMS score is essentially the geometric mean of all the involved saliency maps.
2.6. Image Segmentation
Based on the GMS scores, we obtain the ﬁnal mask using
GrabCut algorithm [15], in which foregrounds and background seed locations are determined by
p∈

Fi ,
Bi ,

if Gi (p) > τ
if Gi (p) < φi

(5)

where φi is a global threshold value of Gi determined by the
common Otsu’s method[18] and τ is a parameter. Note that
we also use regularization to make the GMS score consistent within a region. Speciﬁcally, the SLIC algorithm [19] is
adopted to generate superpixels, and then each pixel’s GMS
score is replaced by the average GMS score of its corresponding superpixel.

Distributed[8]
Discriminative [4]
Multi-Class [9]
Object Discovery [11]
Proposed Method

MSRC
J
P
0.37 54.7
0.45 70.8
0.51 73.6
0.68 87.7
0.70 88.4

iCoseg
J
P
0.40 70.4
0.39 61.0
0.43 70.2
0.69 89.8
0.72 91.6

3. EXPERIMENTAL RESULTS
Several challenging datasets including MSRC[16], iCoseg[2]
and Coseg-Rep [10] are used in our experiments. Two objective measures, Precision (P) and Jaccard Similarity (J or
IOU), are used for the evaluation. Precision is deﬁned as the
percentage of pixels correctly labelled, and Jaccard Similarity
is deﬁned as the intersection divided by the union of ground
truth and segmentation result.
We only tune the parameter τ in the range [0.94,0.99] for
each category in the datasets, and for other parameters, we
use a ﬁxed global setting: μ = 300 and σ = 25. We compare
with the methods [11, 8, 4, 9] on iCoseg and MSRC dataset
and the method [10] on Coseg-Rep dataset.
The quantitative results (average J and P over all the categories) and the classwise comparisons results are displayed
in Tables 1-2 and Fig. 6 respectively. The segmentation results of methods [8, 4, 9, 11] are taken from the experimental
setup of Object Discovery[11]. It can be seen that the proposed method obtains larger J and P values than the state-ofthe-art method [11] on MSRC and iCoseg dataset and stateof-the-art method [10] on Coseg-Rep dataset. Sample results
for iCoseg and Coseg-Rep dataset are shown in Fig. 3 and
Fig. 4 respectively. Our method outperforms [11] on 11/14
categories in MSRC dataset and 20/30 categories in iCoseg
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(a)Image

(b)[9]

(c)[11]

(d)Ours

Fig. 5. Comparison with state-of-the-art methods on cat and
dog categories of MSRC dataset.
Table 2. Comparison with [10] on Coseg-Rep dataset
Cosegmentaton&Cosketch[10]
Proposed Method

J
0.67
0.73

Fig. 6. Classwise Comparison with Object Discovery method
[11] on MSRC and iCoseg datasets and with Cosketch method
[10] on CosegRep datset

P
90.2
92.2

Dataset. Signiﬁcant improvement is obtained on the CosegRep dataset, where our method outperforms method [10] in
13/23 categories. For practical applications, our model performs sufﬁciently good with default parameter setting itself
(μ = 300, σ = 25, τ = 0.97), for which we obtained 0.68,
0.67 and 0.71 Jaccard Similarity on MSRC, iCoseg, CosegRep datasets respectively. Fig. 5 gives visual comparision of
the results of different methods for the MSRC dataset.
Another experiment we conduct is to merge all the categories of MSRC dataset into one category and verify if our
model can be used on a mixed dataset. The experimental
results show that the proposed method can obtain J as 0.68
again with default parameters itself. Note that although [11]
also reports a J value of 0.68 on MSRC dataset, it tunes
its parameters and performs co-segmentation for individual
categories. This experiment demonstrates that our method
can effectively handle mixed dataset with great diversity

and achieve segmentation results that are close to that of
state-of-the-art method [11] obtained by doing class-by-class
co-segmentation.
4. CONCLUSION
We have proposed a saliency based automatic image cosegmentation method. Our main idea is to form a global
saliency map for each image by fusing individual singleimage saliency maps and then use the global saliency map
to perform single-image segmentation. The experimental
results demonstrate that by adjusting only one parameter
per category our method can achieve the best performance
in all the benchmark datasets, default parameters setting in
our model produces sufﬁciently good results and proposed
method can handle mixed dataset efﬁciently. Future works
include extending the model to perform co-segmentation on
noisy image dataset and large-scale dataset.
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