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Abstract. This paper considers a supervised image segmentation algorithm based on joint-kernelized structured prediction. In the proposed
algorithm, correlation clustering over a superpixel graph is conducted using a non-linear discriminant function, where the parameters are learned
by a kernelized-structured support vector machine (SSVM). For an input
superpixel image, correlation clustering is used to predict the superpixelgraph edge labels that determine whether adjacent superpixel pairs should
be merged or not. In previous works, the discriminant functions for structured prediction were generally chosen to be linear with the model parameter and joint feature map. However, the linear model has two limitations: complex correlations between two input-output pairs are ignored,
and the joint feature map should be explicitly designed. To cope with
these limitations, a nonlinear discriminant function based on a joint kernel, which eliminates the need for explicit design of the joint feature map,
is considered. The proposed joint kernel is defined as a combination of an
image similarity kernel and an edge-label similarity kernel, which measure the resemblance of two input images and the similarity between two
edge-label pairs, respectively. Each kernel function is designed for fast
computation and efficient inference. The proposed algorithm is evaluated
using two segmentation benchmark datasets: the Berkeley segmentation
dataset (BSDS) and Microsoft Research Cambridge dataset (MSRC). It
is observed that the joint feature map implicitly embedded in the proposed joint kernel performs comparably or even better than the explicitly
designed joint feature map for a linear model.

1

Introduction

Image segmentation is a task of splitting an image into disjoint regions such
that each region is homogeneous. It is a crucial preprocessing step for many
high-level computer vision tasks including image/scene understanding and annotation. The resulting segmented image improves the performance and speed
of the subsequent labeling task for the following reasons. First, the assumption
that each region contains only a single class label serves as a good prior for
many labeling tasks. Second, each homogeneous region allows consistent feature
extraction to incorporate contextual information over the region with preserved
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object boundaries. Third, the region-based processing significantly reduces the
computational complexity of the successive labeling task: the number of large
homogeneous regions is much smaller than the number of pixels.
Recently, structured learning and prediction frameworks have been successfully adopted for various computer vision tasks [1–6], by mitigating local prediction errors using a global discriminant function. As a method of structured
prediction for image segmentation, correlation clustering over a superpixel graph
has shown much promise [6]: given an oversegmented superpixel image in Figure
1 as input, the correlation clustering outputs a superpixel graph in which the
edge labels determine whether adjacent superpixel pairs should be merged or
not based on their similarity.
For structured prediction, a discriminant function that is linear to the model
parameter and the joint-feature function of input and output, referred to as a
joint feature map, is often used; however, the linear discriminant function is associated with the following two limitations. First, the function only considers the
given input-output pair, while ignoring information incorporated in the correlations with other input-output pairs. Second, explicit design of the joint feature
map is required; this is not desirable since the information pertaining to optimal
high-dimensional feature space is ambiguous.
To overcome these limitations, this paper proposes an image segmentation
algorithm using a non-linear discriminant function based on a joint-kernel function, which is learned with a kernelized-SSVM. The joint kernel is a function that
measures the similarity between two input-output pairs. By properly designing
the joint-kernel function, complex high-level relationships between couples of
input-output pairs can be incorporated into the embedded Reproducing Kernel
Hilbert Spaces (RKHS). Moreover, compared to the explicitly defined joint feature map, the joint-kernel function can be more intuitively designed as long as
it represents the similarity between two input-output pairs. The proposed jointkernel combines two component kernels, such as the image similarity kernel and
edge-label similarity kernel, which measure the resemblance of two input images
and the correlations between two edge-label pairs, respectively. The key idea
is that the joint feature map implicitly embedded in the proposed joint kernel
performs comparably or even better than the explicitly designed joint feature
map for linear discriminant function.
Recently, non-linear structured learning approaches based on a joint-kernel
and kernelized-SSVM have been proposed for several computer vision tasks, such
as object localization [1, 2] and object segmentation [7]. The main bottlenecks
of using a joint-kernel are the high computational complexity at test-time prediction and intractable inference of the non-linear discriminant function. For
instance, in object localization, the inference problem was solved with an elaborately developed branch-and-bound algorithm [1], while in [7] the joint-kernel
was designed such that efficient graph-cut inference can be used for object segmentation. In this paper, each component kernel is designed for fast computation
at test time using pre-trained binary classifiers. Also, the kernel function is de-
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signed to be linear to the output variable, which allows efficient inference by
linear programming (LP) relaxation.
The rest of the paper is organized as follows. Section 2 describes correlation
clustering for image segmentation. Section 3 describes large-margin training using kernelized-SSVM. In Section 4, the proposed joint-kernel functions are presented, which is the main contribution of this paper. In Section 5, a number of
experiments and comparative results are presented and discussed, and Section 6
concludes the paper.

2

Correlation Clustering over Superpixel Graph
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k

Fig. 1. Left: superpixel image and superpixel graph for correlation clustering. Right:
an example of valid partitioning.

The proposed segmentation algorithm is based on correlation clustering over
superpixel image as shown in Figure 1. For a given undirected graph G = (V, E)
which consists of superpixels as nodes and the boundary between two adjacent
superpixels as edges, the correlation clustering predicts a binary label yjk for
an edge (j, k) ∈ E to be either 1 if nodes j and k should be clustered, or 0
otherwise. As a result, the correlation clustering produces a validly-partitioned
image as shown on the right side of Figure 1, where the edges colored with
green and red represent label 0 and 1, respectively. The correlation clustering
requires a similarity function that measures the correlation between two adjacent
superpixels. For example in [6], a linear discriminant function is defined by a sum
of similarities between all adjacent superpixel pairs in an image x multiplied by
the edge label y such as
F (x, y; w) =

X

Sim(x, j, k; w)yjk

(j,k)∈E

=

X

hw, φjk (x)iyjk = hw, Φ(x, y)i

(1)

(j,k)∈E

Here, Sim(x, j, k; w) measures the similarity between the two adjacent superpixels j and k by inner product of parameter vector w and the joint feature
map Φ(x, y). The Φ is a function that maps the input-output pair into the highdimensional joint-feature space, and Φ(x, y) is the joint-feature vector which is
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a combined-feature representation of input and output [8]. Then, the edge label
ŷ is inferred by maximizing the discriminant function F such that
ŷ = arg max F (x, y; w)
y∈Y

(2)

Although predicting a valid partitioning is generally an NP-hard problem, the
Eq.(2) is efficiently solved by approximation using multicut LP relaxation [5,
9]. Also, the linearity of the function F allows large-margin training of the parameter using linear-SSVM which will be described in Section.3.1. However, the
linear discriminant function cannot take into account correlations between the
input sample and the training samples, and it needs fairly high-demensional
joint feature map to sufficiently model the input-output relationship. Therefore,
the linear model relies on manually designed joint feature
P map: for example, in
Eq.(1), the joint feature map is defined as Φ(x, y) = (j,k)∈E φjk (x)yjk , which
does not guarantee a good high-dimensional feature representation. The main
contribution of this paper is considering a non-linear discriminant function using
joint kernels, to find better joint feature space embedded in the kernel function
for enhanced segmentation performance. In Section.3.2, the kernelized-SSVM for
learning the non-linear discriminant function is presented.

3
3.1

Image Segmentation via Structured-SVM Learning
Linear-SSVM: Structured Learning in Primal Domain

In this section, a large-margin training based on structured-SVM is described. To
find the parameter vector w of the linear discriminant function F (x, y; w), the
following constrained-optimization problem referred to as margin scaling [10–12]
is solved.
min
w,ξ

N
C X
1
ξn
||w||2 +
2
N n=1

s.t. d(xn , y; w) ≥ ∆(yn , y) − ξn , y ∈ Y \ yn , ∀n,
ξn ≥ 0, ∀n

(3)

Here, d(xn , y; w) is the difference of the discriminant function values between
the ground-truth label yn and the predicted label y such as
d(xn , y; w) = F (xn , yn ; w) − F (xn , y; w),

(4)

and ξn is a slack variable to allow training error for xn and C is the balance
coefficient to control the trade-off between the training error minimization and
the margin maximization. The loss function ∆(yn , y) is an error measurement
of predicting a label y given the correct label yn . In this paper, a modified
hamming loss [6] is used to overcome the unbalance problem.
The optimization problem of Eq.(3) has exponential number of constraints
with respect to the dimensionality of y. Thus, the cutting-plane algorithm [8, 13]
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is used to reduce the number of constraints. In the algorithm, the most violated
label for nth training data is inferred as
ȳn = arg max [∆(yn , y) − d(xn , y; w)]

(5)

y∈Y/yn

and then added to the constraint set. Note that the considered loss function is
decomposable over the test edges for efficient inference of ȳn in Eq.(5). Given
the constraint set, the optimization problem can be solved using quadratic programming(QP).
3.2

Kernelized-SSVM: Structured Learning in Dual domain

This section describes kernelized-SSVM that is used to learn the non-linear discriminant function proposed in this paper. Using standard Lagrangian duality
techniques, the optimization problem in Eq.(3) is replaced with the following
dual QP [8].
max −
α

1 X
2

X

i,ȳi 6=yi j,ȳj 6=yj

s.t.

X

αiȳi αj ȳj J(iȳi )(j ȳj ) +

αiȳi ∆(yi , ȳi )

(6)

i,ȳi 6=yi

α ≥ 0,

X
i,ȳi 6=yi

αiȳi ≤

C
,
N

∀i = 1, ..., N

Here, the coefficient matrix J for quadratic term is defined as


J(iȳi )(j ȳj ) = (Φ(xi , yi ) − Φ(xi , ȳi )) · (Φ(xj , yj ) − Φ(xj , ȳj ))
= K((xi , yi ), (xj , yj )) − K((xi , yi ), (xj , ȳj ))
−K((xi , ȳi ), (xj , yj )) + K((xi , ȳi ), (xj , ȳj ))

(7)

where K((xi , yi ), (xj , yj )) is the joint-kernel function of two input-output pairs
(xi , yi ) and (xj , yj ), and is defined as the inner product of two embedded joint
feature maps such as
K((xi , yi ), (xj , yj )) = hΦ(xi , yi ), Φ(xj , yj )i

(8)

The solution of the dual problem gives a set of weights α for the support vectors.
Then, the discriminant function F (x, y; α) is written as,
F (x, y; α) =

N
X

X

αiȳi {K((xi , yi ), (x, y)) − K((xi , ȳi ), (x, y))}

(9)

i=1 ȳi ∈Y/yi

and a loss-augmented inference for cutting-plane learning is formulated as follows:
y∗ = arg max[F (x, y; α) + ∆(yi , y)]
y

(10)
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In this paper, for efficient inference of Eq.(9) and Eq.(10) using LP, the jointkernel is designed to be decomposable over the edges of test sample (x, y) such
as,
X
K((xi , yi ), (x, y)) =
Ke ((xi , yi ), (xe , ye ))
(11)
e∈E

Here, xe and ye are the feature vector and label of eth edge of (x, y), respectively.
Then, Ke is the atomic kernel which measures the correspondence between the
ith training sample (xi , yi ) and the eth edge of test sample (x, y).

4

A Joint Kernel Function for Image Segmentation

One of the main contributions of this paper is the design of joint kernel functions in Eq.(8). The proposed kernel functions evaluate the quality of the mutual
match between two image-edge label pairs; If two images are similar, the kernel
response is high in case the edge labels are similar as well. In contrast, if the edge
labels are not matched for two similar images, the kernel response should be low.
Compared to the conventional linear SSVMs based on explicitly modeled joint
feature map Φ(x, y), the proposed algorithm has two main advantages: First, by
using the joint-kernel function, the explicit knowledge of non-linear mapping to
higher dimensional space is not required. Second, non-linear discriminant functions based on joint kernels allow to encode complex relationships between two
training image-edge label pairs. The proposed joint-kernel is defined as follows:
X
K((xl , yl ), (xr , yr )) =
βt Λt (xl , xr )Θt ((xl , yl ), (xr , yr ))
(12)
t∈F
l

l

r

r

Here, (x , y ) and (x , y ) are the training sample and test sample, respectively.
And, F is the set of low-level features, e.g. F = {color, texture, shape}. Therefore, as shown in Eq.(12), the complete joint-kernel is composed of the weighted
sum of several component kernels, each of which is built using one type of lowlevel feature. Image similarity kernel Λt measures the similarity between two
input images, and edge-label similarity kernel Θt measures the correlation of the
two input-output pairs. Although the proposed kernel function is multiplicative
form, note that Θt ((xl , yl ), (xr , yr )) is not in the most prominent factor form
such as K((xl , yl ), (xr , yr )) = KX (xl , xr ) · KY (yl , yr ) which does not consider
the correlation between input and output. In the following subsections, each
component kernels in Eq.(12) is described in detail.
4.1

Edge-label Similarity Kernel

The edge-label similarity kernel Θt ((xl , yl ), (xr , yr )) is designed to be a linear
combination of two different kernel functions, such as
Θt ((xl , yl ), (xr , yr ))
= γt Θtlocal ((xl , yl ), (xr , yr )) + (1 − γt )Θtglobal ((xl , yl ), (xr , yr ))

(13)
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Local Binary Model Kernel The local binary model kernel tries to measure
how good a label yr is to the input image xr using a merge/split prediction model
learned from xl and label yl . In other words, if the input-output relationship of
(xr , yr ) is similar to the input-output relationship of (xl , yl ), the kernel value is
high. If the two relationships are not similar, the kernel value is low. To achieve
this property, we model the input-output relationship of (xl , yl ) as binary SVM
classifier trained with the data D = {(fel , yel )}e=1,...,|E l | , where fel and yel are the
low-level feature and the binary label of eth edge of (xl , yl ), respectively. Then,
the kernel function measures how well the edges of (xr , yr ) are classified by
the trained binary classifier trained from (xl , yl ). We can then write the kernel
expression as:
Θlocal ((xl , yl ), (xr , yr ))
X

1
σ(vl · fer + bl )yer + 1 − σ(vl · fer + bl ) (1 − yer )
= (r)
|E |
(r)

(14)

e∈E

Here, vl is the weight vector of the binary classifier trained from (xl , yl ), and bl
is a bias. fer and yer are the low-level feature and the binary label of eth edge of
(xr , yr ), respectively. σ(·) is a sigmoid function, with the following definition:
σ(vl · fer + bl ) =

exp(vl · fer + bl )
1 + exp(vl · fer + bl )

(15)

where σ(vl · fer + bl ) represents the probability that the feature fer to be labeled
as yer = 1 by the classifier vl . Note that vl is trained using the edge labelfeature pairs in (xl , yl ) only, and can be considered as local binary model of
feature-edge label pairs in (xl , yl ). Therefore, we define σ(vl · fer + bl ) as the
local classifier response of the fer to (xl , yl ). Figure 2 shows how the local binary model kernel works. In the first column, the ground-truth label yl and
the most violated constraint ȳl are presented. The histograms given in the first
and the second row represents the distribution of the local classifier responses of
the edges of (xl , yl ), with respect to the binary classifiers trained with (xl , yl )
and (xl , ȳl ), respectively. In the first row, the classifier responses are high because (xl , yl ) fits to the classifier trained with (xl , yl ). In contrast, in the second
row, the classifier responses are low because (xl , yl ) does not fit to the classifier trained with (xl , ȳl ). Thus, Θlocal ((xl , yl ), (xl , yl )) has high value while
Θlocal ((xl , ȳl ), (xl , yl )) has low value. The kernel has three properties: First, the
kernel is asymmetric. However, previous studies on asymmetric kernel show that
learning via asymmetric kernels can be treated in the same way as symmetric
kernels, provided that the kernel is positive definite [14, 15]. Second, the kernel is
linear to yr , which enables efficient inference using LP. Third, at prediction time,
the kernel can be evaluated fast by using pre-trained local binary classifiers.
Global Binary Model Kernel The global binary model kernel Θglobal is constructed in similar fashion to Θlocal , but measures how well each edge-label pair
follows a global merge/split prediction model built using all training samples.
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Fig. 2. Row 1: The ground-truth label yl (a), the histogram of local classifier responses
of the edges with ground-truth y = 1 (b) and y = 0 (c). Row 2: The violated constraint
ȳl (d) and the histogram of local classifier responses of the edges with ground-truth
y = 1 (e) and y = 0 (f).

The kernel is defined as the product of global classifier responses of two inputoutput pairs, such as
Θglobal ((xl , yl ), (xr , yr ))


X

1
G
l
G l
G
l
G
l
=
σ(v · fe + b )ye + 1 − σ(v · fe + b ) (1 − ye )
|E (l) |
e∈E (l)


X

1
G
r
G r
G
r
G
r
·
σ(v · fe + b )ye + 1 − σ(v · fe + b ) (1 − ye )
(16)
|E (r) |
(r)
e∈E

Here, the vG is the weight of the global classifier trained with all edges existing
in the entire training image-label pairs. In contrast to the local binary model
kernel in Section 4.1, the global binary model kernel is symmetric. Also, the
kernel is linear to yr , which enables efficient inference using LP.
4.2

Image Similarity Kernel

The image similarity kernel Λ(xl , xr ) is used to regulate the edge-label similarity
kernels presented in Section 4.1. The motivation of this kernel is that for a given
test image, the edge prediction should rely more on the training images which are
similar to the test image, rather than the training images significantly different
from the test image. To achieve this property, the image similarity kernel is
designed to measure the degree of overlap between the two feature distributions.
By using the image similarity kernel, the given test image reliablely refers to
the classifiers of training images for which the value of image similarity kernel
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is high enough. Figure 3 shows the idea of image similarity kernel. On the left
side, the two images are quite similar and there is a large overlap between the
two feature distributions (orange and green). In this case, the binary model
kernels are reliable because the corresponding binary classifier performs well on
the edges of the given test image. On the other hand, the two images on the right
side are not similar, and the two feature distributions are apart from each other.
In this case, the binary model kernels are unreliable, because the corresponding
binary classifier does not fit the edges on the given test image. The designed
image similarity kernel is similar to the Pyramid Match Kernel(PMK) [16], and
formulated as follows:
Λ(xl , xr ) =

D L−1
1 XX
wi Ii (Hd (xl ), Hd (xr ))
Z
i=0

(17)

d=1

Here, Z is the normalization constant to make the range of Λ to be [0, 1], where
PL−1
Z = D × i=0 wi . Hd (x) is the histogram of dth elements of the D-dimensional
feature vectors in image x. I is the histogram intersection function [16] which
measures the overlap between the two histogram’s bins such as
I(A, B) =

r
X

min(A(j) , B (j) ),

(18)

j=1

where A and B are histograms with r bins, and A(j) denotes the count of the
jth bin of A. In Eq.(17), i, L and wi are the index of pyramid level, the total
number of levels and the level weights, respectively [16]. In this work, we set
r = 256, L = 5, wi = 2−i .
,PDJH

,PDJH

(a)

,PDJH

,PDJH

(b)

Fig. 3. The feature distributions of (a) similar image pair, and (b) dissimilar image
pair. In (a), the overlap between the two distributions are large(Λ is high), while in (b)
the two distributions are apart from each other(Λ is low).

4.3

Learning the Relative Weights between Kernels

Because of the additive structure of the proposed joint kernel, the relative weights
βt in Eq.(12) and γt can be learned using Multiple Kernel Learning(MKL) algorithm [17, 18]. In [18], the kernel weights {β, γ} and the support vector weights
α are optimized in an alternating way.
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Experiments

To evaluate the effectiveness of the proposed algorithm, three different kinds of
experiments are presented:
1. Segmentation performance with various feature kernels: To show that the
additive structure of the proposed kernel corresponds to the combination of
several low-level features, we compare the performance of using each single
low-level feature kernel with the performance of using multiple kernels.
2. Segmentation performance with different kernel combinations: To show the
effectiveness of the three types of proposed kernels (Θlocal , Θglobal and Λ), we
evaluate the segmentation performances with different kernel combinations.
3. Comparison with other algorithms: To show the effectiveness of the proposed
joint-kernel framework, we compare qualitative and quantitative results with
other state-of-the art image segmantation algorithms.
5.1

Experimental setup

Datasets Two benchmark datasets are used for evaluation: Berkeley segmentation dataset (BSDS) [19] and Microsoft Research Cambridge dataset (MSRC)
[20]. The BSDS contains 300 natural images that explicitly divided into disjoint
200 training image subsets and 100 test images subsets. Since each image of the
dataset is segmented by five different human subjects on average, we defined a
single probabilistic (real-valued) ground-truth segmentation of each for training.
The MSRC dataset contains 591 natural images and 23 object classes with pixelwise labeling. We seperate the whole dataset into 45% training, 10% validation,
and 45% test subsets, following [20]. The performance was evaluated using the
clean ground-truth object instance labeling of [21]. On average, all algorithms
used in the experiment are set to produce 30 disjoint regions on BSDS dataset
and 15 disjoint regions on MSRC dataset.
Data preparation The input superpixel images are obtained by gPb contour
detector and the oriented watershed transform [22]. We initially obtained the
edge labels from the boundaries of the baseline superpixels (374 superpixels per
image in BSDS, 732 superpixels per image in MSRC ) and then use these boundary edge information to conduct experiments. The average number of edges in
each image are 2072 for BSDS dataset and 1035 for MSRC dataset, respectively.
Feature vector For the low-level feature, the following pairwise feature vectors
that reflect the correspondence between adjacent superpixels are used.
1. Color difference (26-dim): The RGB/HSV color distances(absolute differences, χ2 -distances, earth mover’s distances) between two adjacent superpixels.
2. Texture difference (29-dim) : The texture distances(absolute differences, χ2 distances, earth mover’s distances) between two adjacent superpixels.
3. Shape/localtion difference (5-dim): The 5-dimensional shape/location feature proposed in [23].
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Performance metric Four performance metrics are used to evaluate the proposed algorithm as follows: probabilistic Rand index (PRI) [24], variation of information (VOI) [25], segmentation covering (SCO) [22], and boundary displacement error (BDE) [26]. As the predicted segmentation is close to the groundtruth segmentation, the PRI and SCO are increased while the VOI and BDE
are decreased.
5.2

Experimental Results

Segmentation performance with various feature kernels The goal of
this experiment is to validate the additive structure of the proposed kernel in
Eq.(12), where the total kernel is defined as a multiple kernel which is a linear
combination of several single kernels constructed with single low-level feature.
For this, we compare the segmentation performance of the multiple kernel with
the performances when only single kernel is used. The results are shown in
Table 1. On both datasets, the performance of the multiple kernel at the last
line is better than each single kernel in the first three rows. This observation
draws a straightforward but important conclusion: adding more kernels has the
same effect as increasing the feature dimension, which leads to performance
improvement.
Table 1. Segmentation performance with different feature combinations
Dataset
Feature type
Color(26dim)
Texture(29dim)
shpae/location(5dim)
Multiple(60dim)

PRI
0.782
0.752
0.765
0.792

BSDS
VOI SCO
1.915 0.566
2.172 0.502
2.468 0.483
1.905 0.567

BDE
12.640
13.860
15.537
11.710

PRI
0.765
0.755
0.743
0.780

MSRC
VOI SCO
1.766 0.612
2.010 0.572
2.201 0.549
1.621 0.632

BDE
11.092
10.295
11.571
9.588

Segmentation performance with different kernel combinations The goal
of this experiment is to demonstrate the effectiveness of three component kernels
proposed in this paper: The local binary model kernel (Θlocal ), global binary
model kernel (Θglobal ) and image similarity kernel (Λ). For this, we compared
the segmentation performances using three different kernel combinations, and
the results are shown in Table 2. For both datasets, the combination of local
and global kernel (middle) improves the performances compared to using local
kernel only (top). The result shows that the errors caused by ambiguities of
local classifiers can be compensated by the global classifier to some degree. In
the bottom line, performances with image similarity kernel are presented. For
MSRC dataset, the usage of Λ clearly improves the performance, while for BSDS
dataset it does not. One reasonable explanation about this phenomenon is as
follows. In the MSRC dataset, the images of the same class are quite similar to
each other, and the effect of image similarity kernel is clear in this case since for
a given test image, the kernel gives more weight to the similar training images
for prediction. In contrast, in the BSDS dataset, all images look much different
from each other, and the image similarity kernel is not effective in this case.
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Table 2. Segmentation performance with different kernel combinations
Dataset
Kernel type
Θlocal
Θlocal + Θglobal
Λ(Θlocal + Θglobal )

PRI
0.788
0.790
0.792

BSDS
VOI SCO
1.980 0.552
1.903 0.566
1.905 0.567

BDE
11.776
11.686
11.710

PRI
0.772
0.773
0.780

MSRC
VOI SCO
1.648 0.621
1.645 0.626
1.621 0.632

BDE
10.686
10.348
9.588

Comparison with other algorithms In this experiment, the proposed algorithm is compared to the following state-of-the-art image segmentation algorithms: gPb-owt-ucm [22], gPb-Hoiem [23] and pairwise correlation clustering
[6]. The result is presented in Table 3. For MSRC dataset, the proposed jointkernel algorithm achieves the best performances on all segmentation metrics.
Remarkably, the proposed algorithm outperforms the pairwise correlation clustering [6] which uses linear discriminant function with explicit joint feature map
as in Eq.(1). For BSDS dataset, the state-of-the art gPb-owt-ucm shows the best
performance. However, the performance of the proposed algorithm is not only
comparable, but still outperforms the pairwise correlation clustering. Figure 4
and Figure 5 show some example segmentations on BSDS and MSRC datasets,
respectively.
Original image

gPb-Hoiem

gPb-owt-ucm

Corr-clusteringpairwise

Proposed
Joint kernel

Fig. 4. Qualitative segmentation results on BSDS dataset

6

Conclusion

In this paper, an image segmentation algorithm based on correlation clustering
using non-linear discriminant function has been presented to solve the limitations of linear model. The main contribution is the design of joint-kernel function,
which incorporates the correlation between two input-output pairs. Instead of
using explicit joint feature function, the proposed algorithm tries to find a better joint feature that is embedded in a properly-designed joint-kernel function.

Joint Kernel Learning for Supervised Image Segmentation

Original image Ground-truth

gPb-Hoiem
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Corr-clustering- Proposed
gPb-owt-ucm pairwise
Joint kernel

Fig. 5. Qualitative segmentation results on MSRC dataset
Table 3. Quantitative results of image segmentation
Dataset
Algorithm
gPb-Hoiem [23]
gPb-owt-ucm [22]
Corr-Cluster-Pairwise [6]
Proposed Joint-kernel

PRI
0.776
0.794
0.792
0.792

BSDS
VOI SCO
2.268 0.507
1.909 0.571
1.960 0.558
1.905 0.567

BDE
13.266
11.461
11.598
11.710

PRI
0.615
0.779
0.761
0.780

MSRC
VOI SCO
2.915 0.341
1.675 0.628
1.722 0.605
1.621 0.632

BDE
14.367
9.800
9.686
9.588

The experimental results showed that the joint feature map implicitly embedded in the proposed joint-kernel function works comparable or even better than
the explicitly defined high-dimensional joint feature function used in the predominant linear structured prediction model. The proposed algorithm showed
comparable image segmentation performance with several state-of-the-art algorithms on BSDS and MSRC datasets, both quantitatively and qualitatively. Our
future work includes many things such as extending the algorithm to higherorder correlation clustering, improving binary model kernels using non-linear
binary classifier, designing kernel which considers output-output correlation and
developing more promising image similarity kernel.
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