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Abstract: The goal of this survey is to use different Clustering techniques to perform image segmentation. Clustering means
grouping of images which share some common attributes. The purpose of clustering is to get meaningful result, effective
storage and fast retrieval in various areas. The clustering methods are mainly divided into: hierarchical, partitioning, density-
based, model-based, grid-based, and soft-computing methods. The goal of this survey is to provide a comprehensive review of
different clustering techniques. There are number of clustering algorithms proposed to perform image segmentation. One
needs to choose the best algorithm among them by analyzing the nature of the input image in order to get optimal results.
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1. INTRODUCTION

Image segmentation means partitioning the image into different regions which contain similar attributes which may be color,
intensity or texture [1-2]. Segmentation is a pre-processing step. It helps in object recognition, tracking and image analysis [15].
Image segmentation results in the collection of segments which combine to form the entire image. There are many issues faced
during image segmentation and the main objectives are to minimize overall deviation, maximize connectivity, minimize the error
rate, etc.

Clustering means grouping of images which share some common attributes. Clustering can be achieved based on some criterion,
so that all the objects that belong to a cluster have some kind of belongingness among them. The specific criterion to be used
depends on the application.

The main objectives of clustering algorithms are: scalability, dealing with different types of attributes, discovering clusters with
arbitrary shape, minimal requirements of domain knowledge to determine input parameters, ability to deal with noise and outliers,
insensitivity to order of input records, high dimensionality and usability. Also there are wide ranges of issues that are faced during
clustering like: dealing with large number of dimensions and large number of data items which can become an overhead because
of time complexity, defining distance measure should me made appropriately which is a tedious task when it comes to
multidimensional spaces, etc. Hence care should be taken while applying the clustering algorithm to images.

2. Classification of Clustering Techniques:

Clustering algorithms may be classified as listed below:

Exclusive Clustering

Overlapping Clustering
Hierarchical Clustering
Probabilistic Clustering

In the first case data are grouped in an exclusive way, so that if a certain datum belongs to a definite cluster then it could not be
included in another cluster. On the contrary the second type, the overlapping clustering, uses fuzzy sets to cluster data, so that
each point may belong to two or more clusters with different degrees of membership.
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2.1 Hierarchical Clustering Algorithms

Hierarchical clustering algorithms are also known as clustering algorithms through connectivity and have a basic idea that objects
are similar to adjacent objects than other more distant objects. These algorithms connect objects to create clusters based on the
distance between them. A cluster can be described by the maximum distance needed to connect its parts [26]. The clusters
structure can be represented by a dendogram, hence the name - hierarchical clustering [30].

The clustering algorithms family differ by approach and by using different metrics for measuring the distance between objects
(Euclidean distance, Manhattan distance, etc.). The user has to choose the criteria to join the two clusters. Some common choices
are "single link"(minimum object distance), "complete link" (maximum distances of objects) or "average link" (average distances
of objects) [27].

Figure 1: Hierarchical Clustering [48]

Clustering algorithms are classified into two categories: agglomeration and division [25].

Agglomeration algorithms are based on simple elements that create individually one cluster and continue by joining them. On the
other hand, division algorithms use, as starting point, a cluster consisting of all elements of the dataset and continue by dividing it
into smaller clusters [28].
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Figure 2: Splitting and clustering hierarchical Agglomerative schema [25]

2.1.1 Agglomerative Nesting

AGNES algorithms have the following steps:

- initialize n clusters, where each object, in the initial set, defines a cluster;

- calculate a triangular matrix of dissimilarity made of distances between all pairs of objects, d;; = dist(x;,x;);

- repeat it by n times (n - the number of dataset elements);

- identify in the dissimilarity matrix the smallest distance between the elements i and j;

- connects i and j clusters to a new one (i,j);

- replace objects i and with (ij);

- replace the dissimilarity matrix according to the new created way. This steps means to erase the i and j lines and columns and
add a new line (i,j) for the distance which will be calculated conforming to the desired link(simple, complex or medium) [26].

2.2.2 Divisive Analysis

Divisive Analysis algorithms have the following steps:

- initialize one single cluster which contains all the dataset objects;

- repeat this for n times;

- find the cluster with the largest diameter (the largest distance between two contained objects);

- find in this cluster the object with the highest dissimilarity reported

for every new object outside the cluster the difference is computed:

Di= [media (d (i, j)), j € new cluster] — [media (d (i,j)),j €new cluster]

- find the i object with the largest Di difference; if this is positive, the object will be added to the newest cluster;

- repeat the last two steps until all the Di differences are negative. Now, the cluster was been divided into two new clusters [26].
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The algorithm will end when all clusters will contain only one object. In the image classification context of the datasets, when we
have a clusters structure generated previously, the problem is no longer when comparing each image from the database, but when
comparison with each cluster of images. Thus for each cluster a representative object can be chosen as its center image or can be
calculated the centroid’s cluster. This is an average of elements characteristics from the cluster. Clusters classification is
performed by comparing the queried image with the representative centroid element from the cluster. Further classification can be
done by comparing the cluster level with each component image.

Generally, one chooses a distance which seems appropriate for the particular data set. For example, one may choose distance
between the closest elements as the inter-cluster distance - which tends to yield extended clusters (statisticians call this method
single-link clustering).

Another natural choice is the maximum distance between an element of the first cluster and one of the second - this tends to
yield “rounded” clusters (statisticians call this method complete-link clustering).Finally, one could use an average of distances
between elements in the clusters - this will also tend to yield “rounded” clusters (statisticians call this method group average
clustering). This is an intrinsically difficult task if there is no model for the process that generated the clusters.

2.2 Log Based Relevance Feedback

In a CBIR system, after a user submits a query by a given sample, the system will return a set of similar images to the user. The
returned images may not be fully relevant to the user's targets. In order to learn the query concept of the user, relevance feedback
is engaged as a query refinement technique for helping the retrieval task. The relevance feed-back mechanism solicits the user to
mark the relevance on the retrieved images and then refines the results by learning the feedbacks from the user. The relevance
feedback

Procedure is repeated again and again until the targets are found. As stated previously, the semantic gap problem in CBIR is very
challenging and regular learning techniques normally need a lot of rounds of feedback for finding satisfactory results. In order to
reduce the learning difficulty, one can seek the help from the user's feedback logs which can be available in CBIR systems from a
long-term learning perspective.

To engage the users' feedback logs in CBIR, one may refer to the similar techniques studied in traditional information retrieval in
which a lot of studies have described how to employ the users' logs to improve the retrieval performance [32, 31]. Some typical
approaches are based on the query expansion (QEX) techniques [32, 43, 39, 42, and 37]. Query expansion is viewed as a multiple-
instance sampling technique [36] in which the returned samples of the next round are selected from the neighbourhood from the
positive samples of the previous rounds. Although query expansion showed successes in document retrieval, it may not be very
effective to solve the problem in multimedia retrieval [38, 41].In order to learn the users' logs effectively; we employ a popular yet
powerful machine learning technique —support vector machines (SVM)-to attack the problem. SVM is a state-of-the-art
classification technique with very good generalization performance applications in relevance feedback [33, 34, 35, 40]. In each
relevance feedback session, a user will specify N+ samples are relevant (positive) and N- samples are irrelevant (negative). The
information will be logged in the database after the end of the session. When retrieving the relevance feedback information from
the logs, a relevance matrix (RM) is constructed to describe the relevance relationship between the images in the database. The
column of the relevance matrix represents the image samples in the image database and the row represents the session humber in
the log database. For each given session, the relevance information of positive samples and negative samples are recorded as
relevant (+1), irrelevant (-1) or unknown (0). For example, suppose image i is marked as relevant and j is marked as irrelevant in a
given session Kk, then the corresponding value in the matrix is RM (k; i) = 1 and RM (k; j) = -1. Therefore, relationship of two
images i and j can be computed by the following modified correlation formula:

Ry = Y Ok RM (ki) - /1):’\,(/{.|/)
k
5 [ 1 if RM(k,i)+ RM(k,j) =0,
% = 10 if RM(k,i)+ RM(k,j)<0.

Term is engaged to remove the element pair (-1;-1) for the & correlation formula. If Rj; is positive, it indicates that image i and
image j are relevant otherwise they are irrelevant. Then for each given image sample, we can find a set of relevant samples and a
set of irrelevant samples ranking by their correlation formula. If R;; is positive, it indicates that image i and image j are relevant
otherwise they are irrelevant. Then for each given image sample, we can find a set of relevant samples and a set of irrelevant
samples ranking by their relationship. From the above descriptions, we can find that the relevant samples for each given sample
may be with different relationship values, meaning that their relationship is with different confidence degrees. Typical SVM
cannot well explore the relevance information with different confidence degrees. In order to utilize the advantages of SVM for
solving the relevance feedback problem, a modified support vector machine called soft label support vector machine is used.

2.4 Fuzzy Clustering
Fuzzy clustering is another technique which found its way as one of the soft means of clustering technique. It’s a very recent

approach used in many applications to solve diverse problems. They have dynamic capability to improve the segmentation
accuracy of different images especially for the real world applications. Motivation of using fuzzy technology is the high degree of
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adaptability to complex and dynamic nature of segmentation problems. It is mainly used to process the color images [8].It is
considered to be soft way of clustering as compared to the K-means clustering technique.

In fuzzy clustering technique, each point has a degree of belongingness to the clusters, rather than belonging completely to just
a single cluster. Hence we see that the points on the edges of the cluster may lie in the cluster to a lower degree as compared to the
points in the center of cluster. Any point x having a set of coefficients gives larger degree of being in the means; the centroid of
the cluster is considered the mean of all the points, weighted by their own degree of belonging to the cluster [16-20].

Fuzzy C-means partitions a set of n objects x {x , X ,..., xn} in R ¢ dimensional space into c(1 <c <n) fuzzy clusters with y = { y1,
y2 ,y3 ..., yc} cluster centers or centroid [6]. The fuzzy clustering technique of objects is described by a matrix called fuzzy
matrix p with n number of rows and ¢ number of columns in which n is the number of data objects and ¢ in the number of clusters.
Lij, the element present in the ith row and jth column in p verifies the degree of association or belonging function of the ith object
with the jth cluster. The objective function of Fuzzy C-means algorithm is to minimize the following equation:

C n
I =X ujd
m t ]
j=1 i=l

Where
dy=Jx = )|

The Fuzzy C-means algorithm is iterative and can be explained as follows:
1. Select m (m > 1); initialize the belonging function values p;;
i=12.nj=12,..¢.
2. Calculate the cluster centersyj, j=1,2,..., ,C
According to above given equation.
3. Compute Euclidian distance dj;, i=1,2...,n

2.5 k-means Clustering

K-means is one of the simplest unsupervised learning algorithms that solve the well known clustering problem. The procedure
follows a simple and easy way to classify a given data set through a certain number of clusters (assume k clusters) fixed a priori.
The main idea is to define k centroids, one for each cluster. These centroids should be placed in a cunning way because of
different location causes different result. So, the better choice is to place them as much as possible far away from each other. The
next step is to take each point belonging to a given data set and associate it to the nearest centroid. When no point is pending, the
first step is completed and an early groupage is done. At this point we need to recalculate k new centroids as barycenters of the
clusters resulting from the previous step. After we have these k new centroids, a new binding has to be done between the same
data set points and the nearest new centroid. A loop has been generated. As a result of this loop we may notice that the k centroids
change their location step by step until no more changes are done. In other words centroids do not move any more. Finally, this
algorithm aims at minimizing an objective function, in this case a squared error function. The objective function is a chosen
distance measure between a data point and the cluster is an indicator of the distance of the n data points from their respective
cluster centers.

The algorithm is composed of the following steps:

1. Place K points into the space represented by the objects that are being clustered. These points represent initial group

centroids.

Assign each object to the group that has the closest centroid.

When all objects have been assigned, recalculate the positions of the K centroids.

4. Repeat Steps 2 and 3 until the centroids no longer move. This produces a separation of the objects into groups from
which the metric to be minimized can be calculated.

wmn

Although it can be proved that the procedure will always terminate, the k-means algorithm does not necessarily find the most
optimal configuration, corresponding to the global objective function minimum. The algorithm is also significantly sensitive to the
initial randomly selected cluster centres. The k-means algorithm can be run multiple times to reduce this effect.

K-means is a simple algorithm that has been adapted to many problem domains. As we are going to see, it is a good candidate for
extension to work with fuzzy feature vectors.
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2.6 NCut Algorithm

Ncut method attempts to organize nodes into groups so that the within the group similarity is high, and/or between the groups
similarity is low. This method is empirically shown to be relatively robust in image segmentation [44]. This method can be
recursively applied to get more than two clusters. In this method each time the sub graph with maximum number of nodes is
partitioned (random selection for tie breaking). The process terminates when the bound on the number of clusters is reached or the
Ncut value exceeds some threshold T.

2.7 Model-Based Clustering

There’s another way to deal with clustering problems: a model based approach, which consists in using certain models for clusters
and attempting to optimize the fit between the data and the model. In practice, each cluster can be mathematically represented by a
parametric distribution, like a Gaussian (continuous) or a Poisson (discrete). The entire data set is therefore modeled by a mixture
of these distributions. An individual distribution used to model a specific cluster is often referred to as a component distribution.

A mixture model with high likelihood tends to have the following traits:

e Component distributions have high “peaks” (data in one cluster are tight).
e  The mixture model “covers” the data well (dominant patterns in the data are captured by component distributions).

Advantages of model-based clustering:

o  Well-studied statistical inference techniques available.
o  Flexibility in choosing the component distribution.

e Obtain density estimation for each cluster.

o A “soft” classification is available.

3. Distance Measures

Since clustering is the grouping of similar instances/objects, some of measure that can determine whether two objects are
similar or dissimilar is required. There is main type of measures used to estimate this relation: distance measures and similarity
measures. Many clustering methods use distance measures to determine the similarity or dissimilarity between any pair of objects.
It is calculated for Numeric Attributes, Binary Attributes, Nominal Attributes, ordinal Attributes, and Mixed-Type Attributes.

4.  Applications of Clustering Algorithms
Few areas where Clustering algorithms can be applied:

o Marketing: finding groups of customers with similar behavior given a large database of customer data containing their
properties and past buying records;

Biology: classification of plants and animals given their features;

Libraries: book ordering;

Insurance: identifying groups of motor insurance policy holders with a high average claim cost; identifying frauds;
City-planning: identifying groups of houses according to their house type, value and geographical location;

Earthquake studies: clustering observed earthquake epicenters to identify dangerous zones;

WWW: document classification; clustering weblog data to discover groups of similar access patterns.

Conclusion
The goal of image segmentation is a domain-independent decomposition of an image into distinct regions. Clustering concepts
and image segmentation concepts have been analyzed. Image segmentation has become a very important task in today’s scenario.
In the present day world computer vision has become an interdisciplinary field and its applications can be found in any area. Thus,
to find an appropriate segmentation algorithm and clustering algorithm based on your application and the type of inputted image is
very important.
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