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Abstract

An interactive method for cosegmentation using isoperi-
metric graph partitioning is proposed. I use a joint image
graph, which merges two individual weight matrices of an
image pair and the correspondence matrix between the pair.
By combining pixel similarity and feature correspondence
which contains object information, the semantic quality of
segmentation is improved. This algorithm only requires
handful user inputs for the location information of the tar-
get object in one image, and the threshold values in the
discretization of the segmentation solution of each image.
Although it requires users to set the threshold for the last
segmentation results, the original continuous solution also
shows significant separation between the foreground object
and the background. Compared to existing algorithms, this
algorithm is robust to small number of matched features. It
also skips the manual integration of over-segmented pieces
or multiple rigid parts of the object. The algorithm is flex-
ible enough to handle multiple object classes from build-
ings to human bodies. Most importantly, the execution time
is fast enough for the interactive environment, because the
partitioning algorithm relies on linear system.

1. Introduction
Cosegmentation is the task of segmenting the common

object from an image pair [10], or a set of multiple im-
ages in this project. Segmentation is a fundamental problem
in computer vision, and the recent developments [11] [2]
showed the significant improvement in the quality. How-
ever, still the result of segmentation is often different from
our expectation. This is mainly because of the lack of object
prior in the segmentation procedure. Interactive segmenta-
tion [3] [9] can be a practical solution to improve the seg-
mentation result to meet the user’s expectation. However,
as the number of the target images grows, the amount of
required user input also increases. Thus, how to utilize the
information of the common object in the image set is very
important for cosegmentation.

Recently there were many attempts to combine top-down

object recognition and bottom-up segmentation [6] [1] [7]
. These approaches demonstrate that top-down object in-
formation can help segmentation result. However, these ap-
proach often assume a task oriented problem, like a pedes-
trian detection [7], which detects object from a specific
class. They also need large number of training examples
for the given class. This characteristic makes it hard to ap-
ply these methods in this project, because cosegmentation
in the customer computing environment has large variety in
class types and small number of images for each type. The
approach of this project to combine object information is
similar to [13], in that they merged pixel similarity weight
matrix and feature correspondence graph instead of devel-
oping an explicit object model. The main difference in this
project is that we assumed user inputs to extract only the
desired target object.

In another view point, my approach can be viewed as
grouping feature point by pixel similarity on images. From
this view point, we can compare my approach to other fea-
ture point layering approaches. Feature point layering is de-
veloped mainly from the context of motion-based segmen-
tation. From those approaches, dense segmentation meth-
ods, [15], [16] are not applicable because the images are
not from a continuous sequence. Compared to motion layer
segmentation which are based on sparse feature matches
[12], our approach is more flexible to change in the con-
figuration and the shape of parts of the target object, be-
cause we don’t assume explicit rigidness in the object parts.
In practice, objects mostly consist of small number of rigid
parts which can be estimated by these methods. However,
even in that case, similar to the puzzle of the oversegmen-
tations, we need to integrate the result of rigid parts from
these layer segmentations. The other minor problem is that
images from user photo album often have parts of too small
size, so those parts often lose their feature points during
the local maxima suppression stage. In this case, the layer
segmentation method is not able to extract those parts. An-
other minor benefit is our model does not need pre or post
processing to different size images.

The previous work on the similar application domain
is [10]. However, they only rely on color histogram and



spatial consistency which is pixel level continuity between
background and foreground. Compared to this, our method
is more robust on changes in illumination and color vari-
ance. Additionally, their methods do not require manual
discretization of the segmentation result (they still need to
adjust λ), but the result is more similar to extracting com-
mon area from an image pair rather than extracting the user
queried object. In contrast, our method helps user to seg-
ment the desired object.

2. Graph partitioning for image pairs
The algorithm consists of two major part, isoperimet-

ric partitioning [5] and generation of the joint image graph
which is similar to [13]. Isoperimetric partitioning enables
the interactive segmentation, and the joint image graph han-
dles the cosegmentation. Although in the real application,
we calculate the joint image graph first, I will explain the
isoperimetric partitioning first for the clarity of the explana-
tion.

2.1. Isoperimetric Segmentation

The basic idea of isoperimetric graph partitioning is sim-
ilar to that of spectral graph partitioning, but it has practical
advantages. Since it relies on a solution to a linear system
instead of an eigenvector problem, it requires smaller com-
putation time and improves stability. In the context of image
segmentation, the isoperimetric constant h of a graph G is
defined as [5].

hG = minx
xT Lx
xT d

(1)

where L is the laplacian matrix of the image and d is the
vector of the node degrees. By reformulating (1) as a con-
strained optimization with a Lagrange multiplier we can
convert the problem into a linear system problem Λ [5].

Lx = d (2)

To modify L to non-singular, [5] arbitrarily choose a ground
node, vg, and generate a modified laplacian matrix L0 which
has 0 values in the gth row and column, and a modified
vertex degree vector, d0, which has 0 value in the gth row.

However, the choice of the ground node affects on the
segmentation result as shown in [5]. The ground node
pinned as a fixed foreground point, and it has 0 value in
the final solution x. In the solution x, neighbor nodes of xg
also have very low values if the affinity between the node
and xg is low. Actually, isoperimetric partitioning was used
in electronic circuit design, and in the analogy of it, we can
think xg as a grounded point in a circuit, and the affinity be-
tween each pixel node as an inverse of resistance between
each circuit node. In that case, the final solution x can be in-
terpreted as voltage level, or potential, of each circuit node.
In addition, we can choose multiple ground nodes. Figure 1

Figure 1. The second column shows a segmentation result, a con-
tinuous solution, with a randomly chosen ground node. The last
column shows a segmentation result with two manually selected
ground nodes. Darker color means lower potential, a foreground
object.

shows an example of isoperimetric segmentation with mul-
tiple ground nodes. In the last column, the result shows
a significant contrast in potential between the target object
and the background. Although this was not fully explored in
[5], because of this characteristic and the linear system so-
lution, isoperimetric partitioning becomes a good candidate
for interactive partitioning.

2.2. Correspondence Matrix

Using a type of feature matching algorithm, we can find
correspondences of pixels between two images To com-
bine this with the original image partitioning framework, we
build an affinity matrix, W , of the joint image graph which
size is m+n by m+n, m is the number of pixels in the first
image, I1, and n is that of the second image I2. Upper left
m×m block of W is same to the affinity matrix, W1 of I1, and
the lower right n× n block comes from the affinity matrix,
W2, of I2. However, to connect to separated graph together,
I define correspondence matrix C which size is m×n as ( 3).
Although I simple set 1,0 values for the element of C, con-
tinuous values can be used based on the matching score to
differentiate good and poor matches.

Ci j =
{

1 if ith point in I1 is matched to jth point in I2
0 otherwise

(3)
Thus, the joint image graph, W has a form of ( 4).

W =
[

W1m×m Cm×n
CT

n×m W2n×n

]
(4)

From this W matrix, after removing rows and columns of
user chosen ground nodes, we calculate isoperimetric parti-
tioning.

3. Implementation

The overall workflow is summarized in Table 3. For the
feature matching, I used SIFT feature [8] based on the im-
plementation of [14]. For the isoperimetric partitioning, I
modified [4] to extend it for multiple images.



1. Pick a reference image from a set of images,
Ii,1≤ i≤ k

2. Select random ground nodes on the target ob-
ject in the reference image

3. Run SIFT feature detector on the images

4. Make inter image correspondence matrix us-
ing the matching result

5. Make a weight matrix of the Joint Image
Graph

6. Solve isoperimetric partitioning

7. For each image, Ii select a threshold θi

8. For each image, extract pixels which potential
x is less than θi as the object region

Table 1. The overall workflow of the application

4. Result

Figure 3 shows various input images and their cosegmen-
tation result. For the result of the reference image shows
better segmentation results than the other images, test im-
ages. Although some parts are missed in the tested images,
it shows perceptually acceptable result. The missing parts
are mainly due to the lack of feature matching in a part
which has the high contrast in color with other parts, for
example, the left sock of images in the third row. However,
the result also shows the strength of this approach. In the
second row, although the soccer player’s right arm shows
the different motion with the other parts of the body, the al-
gorithm can group the arm with the remained body parts.
The last row shows that our algorithm successfully group
the common object without color information.

It is hard to evaluate the performance of the segmentation
statistically. In the case of cosegmentation, labeled ground
truth images do not exist yet. However, to show the stability
of the segmentation result, In Figure 2, I plot the area of the
foreground region for different levels of the threshold vari-
able, θ. The left graph is for the reference image and the
right graph is for the test image, and I used images from the
last row of Figure 3. Similar to the potential map of Fig-
ure 1, these graph show clear separation between the stable
foreground area and the background area. According to the
graph, the proper threshold for each graph will be around
2.0 and 5.0. This is similar to the values I choose manually,
1.4 and 4.0 for each case.

I also tested the case of three images, one reference im-
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Figure 2. The change in the size of the foreground region for each
level of the threshold. The left graph is for the reference image,
and the right image is for the test image

age and two test images. The algorithm generate almost
similar result with two separate cases. However, the time
complexity of the current conjugate gradient linear solver,
O(N2), makes the execution time much longer, and this re-
duce the benefit of this interactive application. The feasibil-
ity of other linear solvers like multigrid solver with O(N)
time complexity are not tested yet.

5. Conclusion

In conclusion, I developed an interactive cosegmenta-
tion algorithm. Although the result is not perfect, it shows
perceptually good results. The algorithm meets the execu-
tion time requirement of the interactive application by us-
ing linear system. By introducing correspondence matrix in
the joint image graph, object information and pixel similar-
ity is efficiently combined. Implementation is simple, and
the algorithm performs well with existing standard libraries
without any special modification. However, there is room
for further improvement. If we change local maxima sup-
pression logic of the feature detection algorithm to choose
feature point only on the foreground object in the reference
image, it will improve the result by removing false matches.
Also, we can refine the result by introducing iterative up-
dates between the segmentation step and the feature match-
ing step. We can also use the motion layer techniques that
we mentioned in the introduction to improve the quality of
the feature matching.
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