Discriminative clustering for image co-segmentation
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Abstract Rother et al. [19] rst introduced this idea in the rela-

tively simple setting where the same object lies in front of

Purely bottom-up, unsupervised segmentation of a sin-different backgroundsin a pair of images. Atthe same time,
gle image into foreground and background regions remains in the context of object recognition, where object instance
a challenging task for computer vision. Co-segmentation may vary in pose, shape or color, co-segmentation should
is the problem of simultaneously dividing multiple images provide mid-level features which could improve recogni-
into regions (segments) corresponding to different object tion performance, [16, 20, 23]. Our aim here is to obtain a
classes. In this paper, we combine existing tools for bottom co-segmentation algorithm exible enough to perform well
up image segmentation such as normalized cuts, with kernein both instances, i.e., when foreground objects in several
methods commonly used in object recognition. These twoimages are close to identical, and when they are not. The
sets of techniques are used within a discriminative cluster experiments presented in Section 4 re ect this double ob-
ing framework: the goal is to assign foreground/background jective. The framework we have chosen to use is based on
labels jointly to all images, so that a supervised classi er discriminative clustering
trained with these labels leads to maximal separation of the  Discriminative clustering was rst introduced by Xu et
two classes. In practice, we obtain a combinatorial opti- al. [24] and relies explicitly orsupervisedclassi cation
mization problem which is relaxed to a continuous convex techniques such as the support vector machine (SVM) to
optimization problem, that can itself be solved ef ciefitly ~ performunsupervisedlustering: it aims at assigning labels
up to dozens of images. We illustrate the proposed methodo the data so that if an SVM were run with these labels, the
on images with very similar foreground objects, as well resulting classi er would separate the data with high mar-
as on more challenging problems with objects with higher gin. In order to solve the associated combinatorial optamiz

intra-class variations. tion problem over labels, Xu et al. [24] consider a convex
. relaxation in terms of a semide nite program (SDP) [4]. In

1. Introduction this paper, we consider instead the least-squares classi c
Co-segmentation is the problem of simultaneously divid- tion framework of Bach and Harchaoui [2], which leads to
ing gimages into regions (segments) correspondinodis- more ef cient and exible algorithms (see Section 2.2 for

ferent classes. Whem= 1 andk = 2, this reduces to the details).

classical segmentation problem where an image is divided Discriminative clustering is well adapted to the co-
into foregroundand backgroundregions. Despite over 40  segmentation problem for two reasons: rst, we can re-
years of research, it is probably fair to say that there ik sti use existing features for supervised classi cation or dete
no reliable purely bottom-up single-image segmentatien al tion, in particular state-of-the-art architectures basetiis-
gorithm [9, 17, 22]. The situation is different when a pri- tograms of local features and kernel methods [25]. Re-
ori information is available, for example in a supervised or lying on supervised tools and previous research dedicated
interactive setting where labelled samples are availaile f to ne-tuning these descriptors has proved to be advan-
the foreground and background (or even additiokéa, 2) tageous in other weakly supervised tasks in computer vi-
classes (see, e.g., [5, 6, 12]). The idea of co-segmentatiorsion [8, 18]. Second, discriminative clustering easilpats

is that the availability of multiple images that contain in- the introduction of constraints into the partitions found b
stances of the same “object” classes makes up for the abthe clustering algorithm, in our case spatial and localeolo

sence of detailed supervisory information. consistency constraints.
SWILLOW project-team, Laboratoire d'Informatique de I'EeoNor- In order to ?‘dapt discriminative Clqsteri.ng to the taSk.Of
male Supérieure, ENS/INRIA/CNRS UMR 8548. co-segmentation, we need to extend its original formufatio



[2, 24] in two directions: rst, we include some local spatia

otherwise. Empirically, values of, = 0:001and . =

consistency by incorporating a term based on a normalized0:05 have given good results in our experiments.

Laplacian, which is often used in spectral clustering [22].

erature [13] to nd solutions of semide nite programs over

We can assemble the separate similarity matrites

putting the block&V' 2 R " on the diagonal.

matrices representing more than tens of thousands of data We now consider theaplacianmatrix de ned from the
points, which is necessary to co-segment up to dozens ofjoint block-diagonal similarity matriV. Denoting byD

images (see Section 3 for details).

2. Problem formulation

ent sizes. Each imade is reduced to a subsampled grid of
ni pixels. For simplicity, we assume that the overall set of
n= [, nipixelsis ordered so that pixels from the same
image have successive indices. We denote bg R® the
color of thej -th pixel, byp' 2 R? its position within the
corresponding image, and by 2 R* an additional feature

the diagonal matrix composed of the row sum3/\df we
de ne the normalized Laplacian matrix asL = I,

D YWD '%2, wherel, is the n-dimensional identity
matrix.

Given the normalized Laplacian matrix, a spectral
method like normalized cuts [22] outputs the second small-
est eigenvector of., which corresponds to minimizing
y” Ly under the constraintsyk? = n andy” D721, =0
(wherel, denotes tha@-dimensional vector of all ones).

Following normalized cuts, we will thus include the term

vector. In this paper, we use SIFT descriptors [15], Gabory” Ly into our objective function. Sinck is block diago-

Iters and color histograms [12].

While our approach is based on the multi-class discrim-

inative framework of [2] and is thus applicable ito> 2
classes, we focus for simplicity on the c&se 2 in this pa-
per, and we aim at partitioning all the pixels from all images
into only two classes, thioregroundand thebackground
We denote by the vector inR" such that:

1 ifthej™ pixelis in theforeground

Yi = 1 otherwise.

Ourgoalisto ndy 2 f 1;1g", given only theq images
and their associated features.

Co-segmenting a set of images to nd a common ob-
ject instance relies on maximizing the separability of two

classes between different images and on maximizing spa-

nal, minimizing this term alone leads to segmenting the im-
agesindependentlynto two different groups, based solely
on local features (color differences and position diffesn

at nearby pixels).

2.2. Discriminative clustering

Our discriminative clustering framework is based on
positive de nite kernels [21]. Since ol-dimensional fea-
tures are all histograms, we consider a joint n positive
semide nite kernel matriX (de ned for all pairs of all pix-
els from all images) based on thé-distance, with entries:

X<y x])?

Kim = €xp x4+ xm

; ()

d=1

tial and appearance consistency within a particular image.ywhere , > 0. In the experiments, we usg = 0:1. Note
The latter problem leads to methods designed for bottom-that we do not use the positioms to share information

up unsupervisedclustering, e.g., spectral methods such
as normalized cuts [22] without any sharing of informa-

through images in order to be robust to object location.
Considering a positive de nite kernel such as the one

tion between different images, whereas the former prob-seq in Eq. (2) is equivalent to mapping each of our

lem leads to solving a top-dowatiscriminativeclustering

n k-dimensional vectors/, j = 1;:::;n into a high-

problem which allows some shared information between gimensional Hilbert spacE through a feature map, so
images. The approach we propose combines both methodgatk .\, = ( x™)T ( x') [21]. Kernel methods then aim

and solves the associated problesimsultaneously

2.1. Spatial consistency

Spatial consistenayithin an image is enforced through
a similarity matrixW' based on feature positioqs and
color vectorsd, which is standard in spectral cluster-
ing [22], leading to high similarity for nearby pixels with
similar color. We thus de ne the similarity matri¥/' asso-
ciated with image as follows: for any paifl; m) of pixels
that belong to the-th image W is zero if the two pixels

are separated by more than two nodes in the image grid, an

is given by:

m

Wi =exp( pkp™  p'k® cke™  dK?) (1)

at learning a classi er which is an af ne function of x)
through the minimization with respectto2 F andb2 R
of

X0 )
CyisfT () + b+ (kfKZ
j=1

®3)

wherey; 2 f 1;1gis the label associated with theth
pixel and” is a loss function. In this paper, we consider the
square loss(s;t) = (s t)? but other losses such as the
(Jjwinge loss (for the SVM) could be considered (at the price
of additional computational cost) [24].

Given the kernel matriX (which is known and xed)
and the labely (which are unknown), we denote loyfy)



the optimal solution of the supervised learning problem in In the next section, we show how this optimization prob-
Eqg. (3) with the kernel matriK and labels/. The optimal lem may be relaxed to a convex one that can be solved ef -
value g(y) is a measure of the separability of the classes ciently.
denedbyy2f 1;19".

Following [2], for the square loss, we can compg(g) 3. Optimization

in closed form as _ . . :
4) In this section, we present an ef cient convex relaxation

- >A .
9y =y Ay; of the hard combinatorial optimization problem de ned in
whereA = (I %1n1;)(n kln+K) (I, %1n11)- Eq. (5).
See [2] for details.
Degrees of freedom. Another advantage of using the 3.1. Convex relaxation

square loss is that it gives a natural interpretation of ége r Using the similarity of Eq. (5) with max-cut prob-
ularization parameteri in terms of the implicit number of  |ems [10], we notice that the objective function may be
parameters of the learning procedure [11]. Indeeddthte  rewritten asy™ A + —Ly=tr yyT A+ —-L . Thus,
gree of freedonte ned asd = n(1  trA), provides a  \ve may reparameterize Eq. (5) with= yy” . The matrix
simple way to set the regularization parameter[ll].. In Y is usually referred to as thequivalence matrigy; = 1
the experiments, we ugé = 100 and deduce fromitthe  f pixelsi andj are in the same cluster andL otherwise).
value of . The constrainy 2 f 1;1g" is then equivalent t&/ be-
Incomplete Cholesky decomposition. EvaluatingA is ing symmetric, positive semide nite, with diagonal equal
prohibitive since inverting ama  n square matrix has an to one, and unit rank. Thus, if we denotebyheelliptope
O(n®) complexity. Following [2], we use an incomplete i.e., the convex set de ned by:

Cholesky decomposition for the kernel matkixto reduce

this complexity toO(n) [21]: For a xed rankr < n, we E=fY2R" ";Y=YT:diagY)=1,;Y Og;
obtainamn  r dimensional matrixG such ak  GGT.

Using the matrix inversion lemma, this allows us to invert Eq. (5) is equivalent to:

anr r system instead ofam n one. The overall com-

plexity is thereforeO(nr?). In our simulations, we use mintr Y A+ -L ; (6)
r = min( n; 400). . Y.2E 1 T

Cluster size constraints. Putting all pixels into a single subjectto 8i; oni i 6 (Y +1nly) i 6 ani
class leads to perfect separation (this can be seen by notic- rank(Y)=1:

ing that the matrixA is positive semide nite and satis es

1" A1, = 0). Following [2, 24], we add constraints on the The rank constraint ensures that the solution of Eq. (6) is
number of elements in each class to avoid this trivial solu- an integer matrix but makes the continuous problem Eg. (6)
tion. In our situation where the observations (i.e., pixels) ~non-convex. We propose to remove this constraint, which
belong toq different images, we constrain the number of leads to a relaxed convex optimization problem over posi-
elements of each class @ach imageo be upper bounded tive de nite matrices, usually referred to as a semide nite
by 1 and lower bounded byy. If ; 2 R" is the indicator ~ program (SDP) [4].

vector of thei-th image, with( ;); = 1 if the j -th pixel is ) o

in thei-th image and 0 otherwise, then the constraints are 3-2. Ef cient low-rank optimization

equivalent to the component-wise inequalities: Without using the structure of this problem, general pur-
pose toolboxes would solve it @(n”) [4], which is clearly

not acceptable in our situation. Bach and Harchaoui [2]
consider a partial dualization technique that solves the re
laxed problem through a sequence of singular value decom-
positions and scales up to thousands of data points. To gain
another order of magnitude, we adopt the framework for
optimization through low-rank matrices proposed in [13].

oni i 6 3(yy” +1,17) i 6 1n; i

Empirically, we have seen that different choices gfand
1 do not change the results much as long ads small
enough. Therefore we have xed =5% and ; = 95%.

Problem formulation. Finally, combining a spatial con-
sistency term associated with the Laplacian mdtrixith a ) )
discriminative cost associated with the matkixand adding ~ From constraints to penalties. Unfortunately, the pro-

the cluster size constraints, we obtain the following prob- c€dure developed in [13] cannot deal with inequality

lem: constraints. Therefore we use an augmented Lagrangian
method to transform these into penalties [3]—that is, for
min _yT A+ -Ly; (5) each constraint of the forim(Y) 6 0, we add a twice dif-
et Liign ferentiable convex penalty term to the objective function,

subjectto 8i; on; i 6 3(yy +1,10) i 6 N i our case- log(1 + exp( h (Y)), with = 0:1. To ensure
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Figure 1. lllustrating the co-segmentation process on ®ar bmages; from left to right: input images, over-segnigora, scores obtained
by our algorithm and co-segmentations= 1.

that the constraints are respected after convergence lwe fo sen initialization of the low-rank descent algorithm.
low [3] and increase by a constant factor at every iteration  Tryst-region method on a manifold. Crucial to the rank

of our iterative scheme. adaptive method presented earlier is the possibility of ob-
Low-rank solutions. We are now faced with the optimiza- taining local minima of the low-rank problems (as op-
tion of a convex functiorf (Y) on the elliptopeE, poten- posed to the stationary points, that a simple gradient de-

tially with rank constraints (in their absence the optimiza scent scheme op 2 R" ¢ would give). We rst notice
tion problem is convex). The unconstrained minimization that the costy is invariant by right-multiplication oy by a

of convex functions on the elliptope usually leads to low- d d orthogonal matrix. Therefore, following [1], we per-
rank solutions [13]. Let be the rank of the solution. We form our minimization on the quotient spaEg = E4=Oq,
consider the functiogq : y 7! f (yy”) de ned for matrices ~ whereEy = fY 2 E;rank(Y) = dgandOgq = fP 2

y 2 R" 9suchthatdiafyy”) =1. Foranyd >r ,itturns ~ R? 9PPT = I4g. Journée et al. [13] show that, fdr> 2,

out that all the local minima ofly correspond to a global Ey is @ Riemannian manifold. In order to nd a local min-
minimum off over the elliptope [13]. If the rank of the imum on this quotient space, we can thus use a second-
optimal solution was known, then we could simply use local order trust-region method for such manifdidsith guar-
descent procedures to minimiggford = r + 1. However, anteed convergence to local minima rather than stationary
r is not known. Journée et al. [13] have designed an adap-oints (see, e.g., [1]). Note the following interesting phe
tive procedure for this case, that rst considers 2, nds nomenon: our overall goal is to minimizgy ford = 1.

a local minimum ofgq, and checks whether it corresponds This is a combinatorial problem. By going tb> 2, we

to a global optimum of using second order derivatives of get a Riemannian manifold, and fdrarge enough, all lo-

f. If not, thend is increased by one and the same opera- cal minima are provably global minima. Thus, this is a case
tion is performed until the actual rankis reached. Thus, where increasing dimension helps optimization. We show
whend = r + 1, we must get an optimum of the convex in Section 3.3 how to project back the solution to rank-one
problem, which has been obtained by a sequence of localmatrices.

minimizations of low-rank non-convex problems. Note that preclustering. Since our cost functiof uses a fulln

we obtain a global minimum df(Y') regardless of the cho-  n matrix A + ( =n )L, the memory cost of our algorithm

may be prohibitive. This has prompted us to use superpixels
- -

obtained from an oversegmentation of our images (in our
case the watershed implementation of [17], but any other
Figure 2. Dog images: (top) input images, (middle) scores ob lwe use the code fromwww.montefiore.ulg.ac.be/
tained by our algorithm and (bottom) co-segmentations.1. ~journee/  in our experiments.

method would do), see the example in Figure 1. Using
superpixels is equivalent to constraining the ma¥fixo be
block-constant and thus reduces the size of the SDP to a
problem of sizes s. In our experiments, for a single image,

s can be between 200 and 1000. For 30 images, we use in
generak = 15000.

Running time. We perform our experiments on a 2.4
gHz processor with 16 gB of RAM. Our code is in MAT-
LAB. The optimization method has an overall complexity

of O(s?) in the number of superpixels. Typically, depend-
ing on the number of superpixels in an image, it takes be-
tween 20 seconds and 1.5 minutes (on average 45 seconds)
to segment a single image. Segmenting a pair of images
takes between 5 minutes and 15 minutes (on average 8 min-




Figure 3. (Left) stone images and (right) girl images: (toput
images, (middle) scores obtained by our algorithm, (boftooma
segmentations. = 0:001

utes). For 30 images, it takes between 4 and 9 hours.

3.3. Rounding

We have presented in Section 3.2 an ef cient method for
solving the optimization problem of Eq. (6) without the rank
constraint. In order to retriewe2 f  1; 1g from a matrixY

Figure 4. Boy images: (left) input images, (middle) scores o
tained by our algorithm, (right) co-segmentation= 0:001.

few images to co-segment, a setting that was already used in
[19] and extended in [12]. Then, in Section 4.2, we consider
images where foreground objects exhibit higher appearance
variations, with more images to co-segment (up to 30).

We present both qualitative and quantitative results. In
the latter case, co-segmentation performance is measured
by its accuracy, which is the proportion of well classi ed
pixels (foregroundand background) to the total number
of pixels. To evaluate the accuracy of our algorithm on a
dataset, we evaluate this quantity for each image sepwratel
Note that in our unsupervised approach we have one inde-
terminacy, i.e., we do not know if positive labels corresppon

in Ewith rank larger than one, several alternatives have beento foreground or to background. We thus select by hand the

considered in the literature, using randomization or eigen
value decomposition for example [10, 22]. In this paper,
we follow the latter approach, and compute the eigenvector
e 2 R" associated with the largest eigenvaluergfwhich

is equivalent to projectiny on the set of unit-rank positive
de nite matrices [4]. We refer t@ 2 R" as the segmenta-
tion score of our algorithm. We then consige?2 R" as the
component-wise sign & i.e.,1 for positive values, and 1
otherwise. Our nal clustering is obtained by thresholding
the score at 0 (see example in Figure 1). Note that adaptiv
threshold selection could be considered as well. Empiri-
cally, we have noticed that adapting the threshold does no
give better results that xing it to O.

Post-processing.In this paper, we subsample the grid to
make the algorithm faster: we clean the coarse resulting

segmentation by applying a fast bottom-up segmentation al-
gorithm based on graph cuts on the original grid, seeded by

the scoree [5, 14]. We use the same parameters for this
algorithm in all our experiments, except the dog (Figure 2),
for which we adjusted them to obtain a better nal segmen-
tation. We could also use our algorithm as an initialization
for other co-segmentation methods [19].

4. Experiments

We present our results on different datasets. In Sec-
tion 4.1, we rst consider images with foreground objects
which are identical or very similar in appearance and with

€

t

best candidate (one single choice &irimages of the same
class), but simple heuristics could be used to alleviate thi
manual choice.

Tradeoff between bottom-up segmentation and discrim-
inative clustering. The parameter, which weighs the spa-
tial and color consistency and discriminative cost functio

is the only free parameter; in our simulations, we have con-
sidered two settings: = 1, corresponding to foreground
objects with fairly uniform colors, and = 0:001, corre-
sponding to objects with sharp color variations.

4.1. Experiments with low-variability datasets

We rst present results obtained by our algorithm on a
set of images from [12, 19]. Following the experimental
set-up in these papers, our feature vector is composed of
color histograms and Gabor features. For synthetic exam-
ples with identical foreground objects (girl, stone, bayg,
use 25 buckets per color channel, while for natural images
(bear, dog) we use 16 buckets. Since we only consider a
few images (2 in all cases, except 4 for the dogs), we do
not need to subsample the images. Segmentation results are
shown in Figures 1 to 4 (note that these are best seen on
screen).

Qualitatively and quantitatively, our co-segmentation
framework gives similar results to [12] and [19], except on
the boy (Figure 4), where our algorithm fails to nd the
head. This is due to the strong edge between the coat and



Figure 5. Flower images: (top) original images, (bottomysegmentations.

Girl Stone Boy Bear Dog results in Table 2. Additional results may be found at
our method 0.8% 0.9% 65% 55% 6.4% www.di.ens.fi/  ~joulin/
[12] - 12% 18% 39% 35% We consider three different baselines: for the rst one

(“single-image”), we simply use our algorithm on all im-
agesindependently Once each of these images are seg-
mented into two segments, we choose the assignments of
the two segments to foreground/background labels so that
the nal segmentation accuracy is maximized. In other

Table 1. Segmentation accuracies on pairs of images.

the head and the similarity in color with the wood in the sec-
ond image. Setting. = 0 in the Laplacian matrix would
improve the results, but this would add an additional param- . i
eter 1o tune. words, we use the test set to nd the best assignment, which
Quantitative results are given in Table 1. We only com- can only make this bgseI|Te art c,!al.ly better.
pare our algorithm with Hochbaum et al. [12] since these 1he second baseline ("MNcut’) is the same as the rst
authors report that they do better than [19] in their experi- ©N€, €xcept that the images are independently segmented
ments. In general, their results are also better than outs, b With @ multiscale normalized cut framework [7]. The third
their algorithm exploits some a priori knowledge of back- Paseline (“uniform’) simply classi es all the pixels of all
ground and foreground colors. Our algorithm starts from € images into the same segment (foreground or back-

scratch, without any such prior information. ground), and keep the solution with maximal accuracy.
Quialitatively, our method works well on the cows, faces,
4.2. Experiments with high-variability datasets horses and car views. It does not do as well on cats and

planes and worse on bikes. For cats, this can be explained

In this section, we consider co-segmentation problems .
. . by the fact that these animals possess a natural camou age
which are much harder and cannot be readily solved by pre- . ST . . X
that makes it hard to distinguish them in their own environ-

vious approaches. They.de.mqnstrate the robustness of OUhent. Also, the cats in the MSRC database have a wide
framework as well as its limitations.

range of positions and textures. The low score on planes
Oxford owers. We rst consider a class of owers from  may be explained by the fact that the background does not
the Oxford databasde with 30 images, subsampled grids change much between images, so in fact our method may
(with a ratio of 4), and oversegmentation into an average of consider that the airport is the object of interest, while th
100 superpixels. Results are shown in Figure 5 and illustrat p|anes are Changing across images_ The score on bikes is
that our co-segmentation algorithm is able to co-segmental jow because our algorithm fails to segment the regions in-

most perfectly larger sets of natural images. side the wheels, leading to low scores even though, qualita-
Weizman horses and MSRC databaseWe co-segment tively, the results are still reasonable.
images from the Weizmann horses databasel the MSRC Quantitatively, as shown in Table 2, our method outper-

databasg for which ground truth segmentations are avail- forms the baselines except for the bikes and frontal views
able. Our aim is to show that our method is robust to fore- of cars. To be fair, it should be noted, however, that a vi-
ground objects with higher appearance variations. Our fea-sual inspection of the single-and multi-image versions of
ture vectors ardd6 16 SIFT descriptors taken every 4 our algorithm give qualitatively similar results on seuera
pixels. We choose SIFT instead of color histograms be- datasets. One possible explanation is that the various back
cause SIFT is usually more robust to such variability. We grounds are not that different from one another. Thus, much
use an over-segmentation with an average of 400 superof the needed information can be retrieved from a single im-
pixels to speed up the algorithm. Sample segmentationage, with the discriminative clustering still improvingeth
results are shown in Figures 7 and 8, with quantitative results. Note also that our discriminative framework on a
single image outperforms “MNcut”.

Iwww.robots.ox.ac.uk/ ~vgg/data/flowers/17/ . . .
2w msri.orglpeople/membersierant! Co-segmentation vs. independent segmentation€One

Sywww.research. microsoft.com/en-us/projects/ may therefore wonder if co-segmentation offers a real gain,
objectclassrecognition/ but there are at least two reasons for using it. First, there i



class images| ourmethod  single-image MNcut [7] uniform

Cars (front) 6 87.65% 0.1 89.6% 0.1 51.4% 1.8 64.0% 0.1 1

Cars (back) 6 85.1% 0.2 83.7% 05 541%08 71.3% 0.2 1
Face 30 84.3% 0.7 724% 1.3 67.7% 1.2 60.4% 0.7 1
Cow 30 81.6% 14 785% 1.8 60.1% 2.6 66.3% 1.7 | 0.001
Horse 30 80.1% 0.7 775% 1.9 50.1% 0.9 68.6% 1.9 | 0.001
Cat 24 744% 28 71.3% 1.3 59.8% 2.0 59.2% 2.0 0.001
Plane 30 73.8% 09 625% 19 51.9% 05 759% 2.0| 0.001
Bike 30 63.3% 05 61.1% 04 60.7% 2.6 59.0% 0.6 | 0.001

Table 2. Segmentation accuracies on the Weizman horses SR{C\atabases.

a quantitative gain on almost all datasets and, secondly, co [2] F. Bach and Z. Harchaoui. Diffrac : a discriminative and
segmentation from multiple images not only nds the fore- exible framework for clustering. I'NIPS 2007.

ground and background regions buaiitomaticallyclassi- [3] D. BertsekasNonlinear programmingAthena Sci., 1995.
es them, whereas this must be done manually if the im- [4] S. Boyd and L. Vandenbergh€onvex OptimizationCam-
ages are segmented independently. Figure 6 shows the dif-  bridge U. P., 2003.

ferent segmentations obtained with “MNcut”, single-image [5] Y. Boykov, O. Veksler, and R. Zabih. Ef cient approxi-
segmentation and co-segmentation. The rst row shows an mate energy minimization via graph culSEE trans. PAM]
example where, on a single image, our algorithm outper- 20(12):1222-1239, 2001.

forms “MNcut”, but where the difference between single- [6] A. B. C. Rother, V. Kolmogorov. Grabcut: Interactive éor
and multi-image segmention is less clear. In fact, for saiver ground extraction using iterated graph cuts SIBGRAPH
images, both our versions give the same results. The second 2004. _ _ _ _
row shows a case where on a single image “MNcut” and [71 T. Cpur, F. Benezit, and J. Shl Spectral segmentatidh wi
our algorithm behave similarly but adding information from multiscale graph decomposition. GVPR 2005,

other images enhances the results, i.e., co-segmentation h [8] O-Duchenne, I. Laptev, J. Sivic, F. Bach, and J. PoncéoAu
noticeably improved performance. matic annotation of human actions in video.IGCV, 2009.

[9] P. F. Felzenszwalb and D. P. Huttenlocher. Ef cient drap

5. Conclusion based image segmentatiomternational Journal of Com-
puter Vision 59, 2004.

[10] M. X. Goemans and D. Williamson. Improved approxi-
mation algorithms for maximum cut and satis ability prob-

We have presented a discriminative clustering frame-
work for image co-segmentation, which is able to use the

@nformation common to several imag_es from the same ob- lems using semide nite programmingournal of the ACM
ject class to improve the segmentation of all the images. 42:1115-1145, 1995,

This work can be extended in several ways: rst, our ma- [11] T, Hastie, R. Tibshirani, and J. Friedmafihe Elements of
chine learning framework can, in principle, readily be ex- Statistical Learning Springer-Verlag, 2001.

tended to more than two segments per image and thus t912] p. s. Hochbaum and V. Singh. An ef cient algorithm for
images with several different objects of interest. Morepve co-segmentation. [ICCV, 2009.

background images for which it is known that the object is [13] M. Journée, F. Bach, P.-A. Absil, and R. Sepulchre. Low
absent could be used to enhance segmentation performance,  rank optimization for semide nite convex problems. Techni
as can readily be done within the discriminative clustering cal report, ArXiv 0807.4423v1, 2008.

framework [2, 24]. Like other extensions to weakly super-
vised learning, this is left for future work. Finally, the-re
sults of our algorithm can be seen as an automatic seeding
mechanism for marker-based segmentation algorithms and
we could thus use more re ned tools to enhance our post-
processing [5, 14].
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