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Abstract— Image partitioning is an important pre-processing Step for many of the state-of-the-art algorithms used for
performing high-level computer vision tasks. Typically, partitioning is conducted without regard to the task in hand.
Task-specific image partitioning framework to produce a region-based image representation that will lead to a higher
task performance than that reached using any task-oblivious partitioning framework and existing supervised
partitioning framework, albeit few in number. This method partitions the image by means of correlation clustering,
maximizing a linear discriminant function defined over a superpixel graph. The parameters of the discriminant
function that define task specific similarity/dissimilarity among superpixels are estimated based on structured support
vector machine (S-SVM) using task specific training data. Region based image retrieval is used to retrieve similar
images from a database of images, where the images in database are partitioned by using the same partitioning
method. Similar images are finding by region wise similarity.
Keywords— Image partitioning, superpixels, correlation clustering, support vector machine, image similarity
I.
INTRODUCTION
Region based image representations (RBIRs) have been shown to be effective in improving the performance of
algorithms for high-level image/scene understanding, which encompasses tasks such as object class segmentation, scene
segmentation, surface layout labeling, and single view 3D reconstruction. The effectiveness comes as a result of
promoting the following three merits of using the RBIRs. First, the coherent support of a region, commonly assumed to
be of a single label, serves as a good prior for many labeling tasks. Second, these coherent regions allow a more
consistent feature extraction that can incorporate surrounding contextual information by pooling many feature responses
over the region. Third, compared to pixels, a small number of larger homogeneous regions can significantly reduce the
computational cost in the successive labeling task. The image partitioning framework for obtaining RBIRs that realizes
these benefits and improves the task-specific labeling performance.
After partitioning the image into regions, a region based image retrieval is performed from a database of images. For
that a query image is partitioned to regions by using any particular partitioning method and the region based image
retrieval is performed where the images stored in the DB is also partitioned by similar partitioning method.
II.
SYSTEM OVERVIEW
Steps in the framework includes,
1. DB of images are created by using partitioning methods
2. Query image is partitioned to regions
3. Region wise similarity assessment
4. Overall similarity between query image and db image
5. Similar images are extracted

Figure 1 Framework
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III.
MODULES
The system includes four main components:
1. Superpixel Graph Creation
2. Correlation Clustering Over Superpixel Graph.
3. Structured Support Vector Machine
4. Cutting Plane Algorithm
5. Label Loss Function
6. Database of Partitioned images
7. Region Similarity
8. Image Similarity
A. Superpixel Graph Creation
The image partitioning is based on superpixels, which can significantly reduce computational cost and allow feature
extraction to be conducted from a larger homogeneous region. Superpixels preserve almost all boundaries between
different regions, independent of the task. The correlation clustering merges superpixels into disjoint regions of
homogeneity over a superpixel graph
B. Correlation Clustering Over Superpixel Graph
Image partitioning is based on superpixels, which can significantly reduce computational cost and allow feature
extraction to be conducted from a larger homogeneous region. Superpixels preserve almost all boundaries between
different regions, independent of the task. Correlation clustering merges superpixels into disjoint regions of homogeneity
over a superpixel graph

Figure 2 Illustration of a part of the graph built on superpixels
Define an undirected graph
where a node corresponds to a superpixel and a link between adjacent
superpixels corresponds to an edge. A binary label
for an edge
between nodes and is defined such that

A discriminant function, which is the negative energy function, is defined over image x and all edge labels y as

where the similarity measure between nodes and ,
, is parameterized by and takes values of
both signs such that a large positive value means strong similarity while a large negative value means high degree of
dissimilarity. The discriminant function
is assumed to be linear in both the parameter vector and the joint
feature map. An image segmentation is to infer the edge label, , over the pair wise superpixel graph by maximizing
such that
(3.3)
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C. S-SVM Training
For task-specific image partitioning, the parameter vector w is estimated from the training data for each task.
The proposed discriminant function is defined over the superpixel graph, and therefore, the ground-truth task labels of
the pixels need to be transformed to the ground-truth edge labels of the superpixel graph. Note that different from the
ground-truth edge-labelling over the superpixel graph, the ground-truth partitioning is directly defined by the groundtruth task labels. First, assign a single dominant task label to each superpixel by majority voting over the superpixel’s
constituent pixels and then obtain the ground-truth edge labels on the superpixel graph according to whether dominant
labels of neighbouring superpixels are equal or not.
Using this ground-truth edge labels of the training data, use the S-SVM to estimate the parameter vector for
task-specific correlation clustering. Use the cutting plane algorithm with LP relaxation for loss-augmented inference is
used to solve the optimization problem of the S-SVM, since fast convergence and high robustness of the cutting plane
algorithm in handling a large number of margin constraints are well-known.
D. Structured Support Vector Machine
Given N training samples
where
are the ground-truth edge labels for the nth training image, the
S-SVM optimizes by minimizing a quadratic objective function subject to a set of linear margin constraints:

s.t
In the S-SVM, the margin is scaled with a loss
which is the difference measure between prediction
and ground-truth label
of the
image. The S-SVM offers good generalization ability as well as the flexibility to
choose any loss function
E. Cutting Plane Algorithm
The exponentially large number of margin constraints and the intractability of the loss-augmented inference
problem make it difficult to solve the constrained optimization problem of. Therefore, by apply the cutting plane
algorithm also known as the column generation algorithm, to approximately solve the constrained optimization problem.
In each iteration, the most violated constraint for each training sample is approximately found by performing the lossaugmented inference using the LP relaxation. The computational cost for inference can be greatly reduced when a
decomposable loss such as the Hamming loss is used; if the loss function is decomposed in the same manner as the joint
feature map, add the loss function to each edge score in the inference. Then check if the constraint found tightens the
feasible set, and if it does, then the parameter vector and are updated by solving the restricted problem of (3.4) on
the current set of active constraints that includes it. The LP relaxations for loss-augmented inferences are considered to
be well suited to structured learning
F. Label Loss Function
A loss function
,

is defined as a nonnegative function satisfying the following properties for all

A loss function should be decomposable to effectively perform loss-augmented inference in the cutting plane algorithm.
The most popular decomposable loss function is the Hamming distance which is equivalent to the number of mismatches
between
and . Unfortunately, the number of edges with label 1 in the proposed correlation clustering is considerably
higher than that of edges with label 0. This imbalance makes other learning methods such as the perceptron algorithm
inappropriate, since it leads to the clustering of the whole image as one segment. This imbalance occurs when using the
Hamming loss in the S-SVM; therefore, use the following adjusted loss function:
=

(3.5)

Where
is the label loss on the edge between nodes and , and is the relative weight of the false negative to that
of the false positive 1. Note that the additive decomposition of the loss allows us to cast the loss into the additive edge
score when performing the loss-augmented inference. Moreover,
controls the relative importance between the
incorrect merging of the superpixels and the incorrect separation of the superpixels by imposing different weights to the
false negative and the false positive, as shown in fig 3.4. Here, set to be less than 1 to overcome the problem due to the
imbalance. However, the proposed loss is appropriate for fractionally-predicted labels during LP-relaxed inference while
their loss is appropriate for only integer solutions.
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Figure 3 Label Loss at the Edge Level

Figure 4 input image

Figure 5 Surface Layout Labelling

Figure 6 Semantic Scene Segmentation

Figure 7 Object Class Segmentation
G. Database of Partitioned images
A Database of partitioned images is created. Any partitioning method, such that any task specific partitioning
method can be used to make the database. The image is taken, then partitions it then stores it in database. Similarly a
number of images are stored in the database.
H. Region Similarity
A Query image is inputting to the system. It is partitioned to regions. Then similarity between query image and
images in database is calculated. Then the maximum similar images are retrieved. This similarity measurement includes
region wise similarity and total similarity measurement. The similarity between two regions,
and
, is computed as
follows:
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where
is a distance function,
is a so-called correspondence function relating distance values to similarity scores,
and
are similarity coefficients. The
coefficient, used to favour match between large regions, takes into
account the relative size of the regions with respect to those of the images they were extracted from. The
takes into account the similarity in size between the two regions. If
image ,

and

is extracted from image

coefficient
and

from

can be defined as:

The correspondence function h() is used to transform distance values into similarity scores. The function
has to satisfy the following properties: h(0)=1and
In
all the experiments, used
where
is the distance variance computed over a sample of regions.
Finally, distance between two regions is computed by way of the Bhattacharyya metric, used to compare
ellipsoidal clusters:

(3.8)
Where |A| is the determinant of matrix A. Note that Equation 3.8 is composed of two terms, the second is Mahalanobis
distance between regions, using the average covariance matrix. The first term is used to compare the covariance matrices
of the two regions. Indeed, if the two regions have the same centroid, the second term of Equation 3.8 has a value of zero,
and the first term is used to distinguish between the two regions The overall distance between regions Ri and Rj is
assessed by computing Equation 3.8 over all the frequency sub-bands:
=
is computed by way of Equation 3.8 and coefficients

are used to give different weights to sub-bands

I. Image Similarity
Having defined how the similarity between regions is computed, now need to assess the overall similarity
between two images (e.g. the query image Q and a DB image T). When matching regions in Q with regions in T, have to
satisfy two basic constraints:
1. A region of Q cannot match with two different regions in T
2. Two different regions of Q cannot match with a single region of T
The overall similarity between two images Q and T as:

Of course,

if

is undefined. The user can now express a query by giving an input image. The

system will retrieve the DB images most similar to the query image.
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J. Performance Evaluation
A performance evaluation has done for the three different partitioning methods based on,
 Partitioning Time
 Partitioning Accuracy
 Image Retrieval Time
 Image Retrieval Accuracy
 Database Creation Time
Partitioning Time means the average time taken for a partitioning method to give the partitioned image. The average
is calculated by storing time for every instances of partition.
Let
be the time measurements for different instances of partitions, then the partitioning time can be
calculated by
Partition Time=

(3.10)

Partitioning accuracy means the measure of how much accurate the partitioning results. The accuracy is calculated
by storing feedback from for every instance
Let
be the accuracy measurements for different instances of partitions, then the partitioning
accuracy can be calculated by
Partition Accuracy=

(3.11)

Retrieval Time means the average time taken for a partitioning method to give the retrieval results. The average is
calculated by storing time for every instances of image retrieval.
Let
be the time measurements for different instances of retrieval, then the retrieval time can be
calculated by
Image Retrieval Time

(3.12)

Image Retrieval accuracy means the measure of how much accurate the retrieval results. The accuracy is calculated
by storing feedback from for every instances of retrieval.
Let
be the accuracy values for different instances of retrieval, then the retrieval accuracy can
be calculated by
Image Retrieval Accuracy =

(3.13)

Database Creation Time means the time taken for a partitioning method to make a database of images. The time is
calculated by storing time for each database creation.

Figure 8 Performance Evaluation Graph
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Figure 9 Table showing evaluations
V.
CONCLUSION
The system addressing the problem of task-specific image partitioning by supervised training and a region based
image retrieval by creating a database of partitioned images and inputting a query image. The correlation clustering
model aims to merge superpixels into regions of homogeneity with respect to the solution of any particular image
labeling problem. The LP relaxation was used to approximately solve the correlation clustering over a superpixel graph
where a rich pair wise feature vector was defined based on several visual cues. The S-SVM was used for supervised
training of parameters in correlation clustering, and the cutting plane algorithm with LP-relaxed inference was applied to
solve the optimization problem of S-SVM.
After partitioning, a database of images is created. When a user is inputting a query image, by calculating region
similarity and total image similarity the most similar images can be retrieved. The partitioning framework is applicable to
a broad variety of other high-level vision tasks. A performance analysis of three partitioning methods based on partition
time, partition accuracy, database creation time, image retrieval time, image retrieval accuracy is also done.
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