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ABSTRACT: Clustering is an unsupervised classification of patterns into groups (clusters). The images can be
clustered into group of visually similar images and can be used in applications like extracting images similar to
the query image. The proposed system uses descriptors such as pixel information, foreground/background
features, texture features for grouping similar objects. The cluster validation methods applied are internal and
stability measures. It includes Connectivity, Silhouette, Dunn index in internal measures and Average
Proportion of Non-overlap (APN), Average Distance (AD), Average Distance between Means (ADM), Figure
of Merit (FOM) in Stability measures. These methods are used to compare multiple clustering algorithms such
as K-Means Clustering, Hierarchical Clustering and PAM clustering for identifying the best clustering approach
and the optimal number of clusters. Out of the three Clustering methods, K-Means Clustering provides the best
cluster result. The texture feature produces better cluster result when compared to pixel information,
foreground/background feature and combination of both texture and foreground/background feature. The system
is user friendly and developed using „R‟.
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I. INTRODUCTION
Content based image retrieval (CBIR) is a
technology that in principle helps to organize
digital pictures by their optical content. Everything
ranging from image similarity function to a robust
image annotation engine fall under the Content
Based Image Retrieval. It is an application of
computer vision to the image retrieval problem and
arrangement with the difficulty of searching for
digital images in huge databases. CBIR commonly
works on the centre of uncertainty by using an
image or a part of an image.
Various types of cluster algorithms are
extended and these algorithms may vary depending
on the application. Content-based image retrieval
uses the visual contents of an image such as colour,
shape, texture, and spatial layout to represent and
index the image.
Features are the information extracted
from images in terms of numerical values.
Generally, features extracted from an image are of
much more lower dimension than the original
image. The reduction in dimensionality reduces the
overheads of processing the bunch of images.
Basically there are two types of features extracted
from the images based on the application. They are
local and global features. Global features describe
the image as a whole to generalize the entire object
whereas the local features describe the image
patches of an object. Global features include
Contour Representations, Shape Descriptors, and
Texture features and Local features represent the

texture in an image patch. Shape Matrices,
Invariant Moments, Histogram Oriented Gradients
(HOG) and Co-HOG are some examples of global
descriptors. Scale Invariant Feature Transform
(SIFT), Speeded-Up Robust Features (SURF),
Local Binary Patterns (LBP), Binary Robust
Invariant Scalable Key points (BRISK), Maximally
Stable External Regions (MSER) and Fast Retina
Key points (FREAK) are some examples of local
descriptors.
Generally, low level applications such as
object detection and classification in global features
and higher level applications such as object
recognition in Local features are used.
Combination of global and local features improves
the accuracy of the recognition with the side effect
of computational overheads.
Feature detection and extraction are
frequently united to resolve computer vision efforts
such as object detection and recognition face
detection and recognition and texture classification.
There are two key approaches to select the features
(variables) for the analysis: the minimal-optimal
feature selection which recognizes a small (ideally
minimal) set of variables that gives the best
classification result (for a class of classification
models) and the all-relevant feature selection which
recognizes all variables that are in some situations
relevant for the classification. Automatic feature
selection techniques can be used to build many
models with different subsets of a dataset and find
those attributes that are and are not required to
build an accurate model.
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II. RELATED WORKS
Chi Zhang et al., (2014) commented that
the algorithms of Content-Based Image Retrieval
(CBIR) have been well developed along with the
explosion of information. These algorithms are
mainly differentiated based on features used to
describe the image content. The algorithms are
based on color feature and texture feature. Color
Coherence Vector based image retrieval algorithm
is also attempted in the implementation process, but
the best result is generated from the algorithms that
weights color and texture. 80% satisfying rate is
achieved.
Guy Brock et al., (2011) described the R
package clValid containing functions for validating
the results of a clustering analysis. There are three
main types of cluster validation measures available,
“internal", “stability", and “biological". The user
can choose from nine clustering algorithms in
existing R packages, including hierarchical, Kmeans, Self Organizing Maps (SOM), and model
based clustering. In addition, a function to perform
the self-organizing tree algorithm (SOTA) method
of clustering is provided. Any combination of
validation measures and clustering methods can be
requested in a single function call. Additionally, the
package can automatically make use of the
biological information contained in the Gene
Ontology (GO) database to calculate the biological
validation measures, via the annotation packages
available in Bioconductor.
Khalid Imam Rahmani et al., (2014)
discussed that clustering makes the job of image
retrieval easy by finding the images as similar
given in the query image. The images are grouped
together in some given number of clusters. They
are grouped on the basis of some features such as
colour, texture, shape etc. contained in the images.
For the purpose of efficiency and better results
image data are segmented before applying
clustering. The techniques used are K-Means and
Fuzzy K-Means.
Lining Zhang et al., (2016) proposed a
novel Discriminative Semantic Subspace Analysis
(DSSA) method, which can directly learn a
semantic subspace from related and unrelated pairwise constraints without using any explicit class
label information. In particular, DSSA can
effectively integrate the local geometry of labeled
related images, the discriminative information
between labeled related and unrelated images, and
the local geometry of labeled and unlabeled images
together to learn a reliable subspace. Compared
with the popular distance metric analysis
approaches, this method can also learn a distance
metric but perform more effectively when dealing
with
high-dimensional
images.
Extensive
experiments on both the synthetic data sets and a
real-world image database demonstrate the

effectiveness of the proposed scheme in improving
the performance of the CBIR.
Maria Halkidi et al., (2011) discussed
about the fundamental concepts of clustering and
surveyed and compared the widely known
clustering algorithms. Moreover, the paper
addressed an important issue of clustering process
regarding the quality assessment of the clustering
results. A review of clustering validity measures
and approaches available in the literature were also
presented.
Syed Hamad Shirazi et al., (2016)
discussed that interests to accurately retrieve
required images from databases of digital images
are growing day by day. Images are represented by
certain features to facilitate accurate retrieval of the
required images. These features include Texture,
Color, Shape and Region. This paper presented a
literature survey of the Content Based Image
Retrieval (CBIR) techniques based on Texture,
Color, Shape and Region. It also reviewed some of
the state of the art tools developed for CBIR.
III.METHODOLOGY
3.1 ARCHITECTURE DIAGRAM
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Descriptors Extraction
Pixel Information
Extraction

Texture Extraction
(First order features, GLCM,
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Plot Cluster Results

Fig 3.1 System Architecture
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3.2 SYSTEM METHODOLOGY
3.2.1 FEATURE EXTRACTION
Feature extraction is the process by which
certain features of interest within an image are
detected and represented for further processing.
The feature is defined as a function of one or more
measures, each of which specifies some
measureable property of an object, and is
computed. This work deals with following features,
 Pixel Information of Image
 Foreground/Background of Image
 Texture of Image
3.2.2 PIXEL INFORMATION FEATURE
The Pixel information feature is to
compare the images by intensity of pixel at the
same coordinates within the images. In this work
30 images are processed. All pairs of images are
compared pixel by pixel and the ratio of similar to
total number of pixels is calculated and stored in a
matrix. The diagonal elements are 100% showing
the similarity of an image with itself. Here intensity
refers to the amount of numerical value of a pixel.
In grayscale images depicted by the grey level
value of each pixel. The intensity of an image could
refer to a global measure of that image, such as
mean pixel intensity.
3.2.3 FOREGROUND/BACKGROUND FEATURES

The Foreground/Background feature is
used to classify the object based on the background
model. The classification of background and
foreground modelling method which utilizes the
background similarity to fuse color and texture
feature. The object is extracted from converted
greyscale image. Otsu‟s thresholding method is
useful to automatically perform clustering based on
image thresholding. The algorithm assumes that the
distribution of image pixel intensities follows a bimodel histogram, and separates the pixels into two
classes (e.g. Foreground and Background). The
optimal threshold value is determined by
minimizing the combined intra-class variance. The
threshold values of all images are stored in a matrix
as the feature matrix.
3.2.4 TEXTURE FEATURES
Texture is a very nebulous concept, often
attributed to human perception, as either the feel or
the appearance of (woven) fabrics. Image will
usually contain samples of more than one texture.
Texture descriptions are measurements that
characterize a texture and then classification is
attributing the correct class label to a set of
measurements and then, perhaps to segment an
image according to its texture content.
Following Texture Features are considered in this
work,
 First Order Features
 Grey Level Co-occurrence Matrix
 Grey Level Run Length Matrix

1. First Order Features
First-order features rely only on the values
of specific pixels in the image, and do not express
their relationship to other image pixels. For
example, the mean/median/minimum/maximum
pixel values in the image falls under this category.
The first-order features are Energy, Entropy,
Kurtosis, Mean, Median, Mean deviation,
Minimum, Maximum, Variance, Uniformity,
Skewness, Root Mean Square and Standard
Deviation.
2. Grey Level Co-occurrence Matrix (GLCM)
The GLCM considers the spatial
relationships between two pixels in the image at a
time (the reference and the neighbor pixel). The
distance between the reference and neighbor pixel
can also be chosen. The matrix is built such that
each row represents a pixel (reference) in the image
and each column represents a pixel (neighbor). The
features calculated are Energy, Entropy, Mean,
Variance, Contrast, Correlation, Auto Correlation,
Cluster Prominence, Cluster Shade, Cluster
Tendency, Difference Entropy, Dissimilarity,
Homogeneity1, Homogeneity2, Inverse Difference
Moment, Inverse Variance, Maximum Probability,
Sum Average, Sum Entropy, and Sum Variance.
3. Grey Level Run Length Matrix (GLRLM)
The row of the GLRLM represents again
grey levels in the image. However, the columns
represent length of the runs, with the entries
corresponding to the number of runs of the given
length in the image. The features calculated are
Grey Level Non-uniformity (GLN), Long Run
Emphasis (LRE), High Grey Level Run Emphasis
(HGLRE), Long Run Low Grey Level Emphasis
(LRLGLE), Low Grey Level Run Emphasis
(LGLRE), Run Length Non-uniformity (RLN),
Run Percentage, Short Run Low Grey Level
Emphasis (SRLGLE), Short Run Emphasis (SRE),
Short Run High Grey Level Emphasis (SRHGLE)
and Long Run High Grey Level Emphasis
(LRHGLE).
3.3 FEATURE SELECTION
Feature selection is the process of
selecting a subset of relevant features in model
construction. The texture feature set has many
features such as First order features, GLCM and
GLRLM features. The First order features has nine
features, GLCM has twenty one features and the
GLRLM has eleven features. A total of 41 features
were calculated as texture features. To overcome
the curse of dimensionality, the feature set is
reduced using correlation.
3.3.1 Correlation Matrix
Correlation is one of a broad class of
statistical relationships involving dependence. It
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often refers to how close two variables are having a
linear relationship with each other represented by
correlation coefficients. findCorrelation() method
to calculates the correlation matrix of data
attributes. This function searches through the
correlation matrix and returns a vector of integers
that are highly correlated. All the highly correlated
features are removed from the feature set.
3.4 CLUSTERING TECHNIQUES
3.4.1 K–Means clustering
K-Means algorithm is the most popular
clustering algorithm. It iteratively computes the
clusters and their centroids.
ALGORITHM
Input:
D= {t1, t2, ….., tn} // set of elements
K
// no of desired clusters
Output:
K
// set of clusters
K-Means Algorithm:
assign initial values for means m1,m2,….mk;
repeat
assign each item t1 to the cluster which has
the closest mean;
until convergence criteria is met;

K-Mean algorithm is a top down approach to
clustering. It is used for creating and analyzing the
clusters with „n‟ number of data points point is
divided into „K‟ clusters based on the similarity
measurement criterion. The results generated using
the algorithm mainly depends on initial cluster
centroids chosen.
3.4.2 Hierarchical Algorithm
Hierarchical clustering algorithm actually
creates a sets of clusters. Hierarchical algorithm
differs in how the sets are created. A tree data
structure, called a dendrogram, can be used to
illustrate the hierarchical clustering technique and
the sets of different clusters. The root in a
dendrogram tree contains one cluster where all
elements are together. The leaves in the
dendrogram contain a single element cluster.
Internal nodes in the dendrogram represent new
clusters formed by merging the clusters that appear
as its children in the tree. Each level in the tree is
associated with the distance measure that was used
to merge the clusters. All clusters created at a
particular level were combined because the
children clusters had a distance between them less
than the distance value associated with the level in
the tree.
3.4.3 PAM Algorithm
The PAM (Partitioning Around Medoids)
algorithm also called the K-medoids algorithm
represents a cluster by medoid. Initially, an
arbitrary set of k items is taken to be the set of
medoids. Then at each step, all items from the input
dataset that are not currently medoids are examined

one by one to see if they should be medoids. That
is, the algorithm determines whether there is an
item that should replace one of the existing
medoids.
ALGORITHM
Input:
D= {t1, t2, ….., tn} // set of elements
A
// adjacency matrix showing
distance between elements
K
// no of desired clusters
Output:
K
// set of clusters
PAM algorithm:
arbitrarily select k medoids from D;
repeat
for each th not a medoid do
for each medoid ti do
calculate TCih;
find i, h where TCih is the smallest;
if TCih < 0, then
replace medoid ti with th;
until TCih ≥ 0;
for each ti € D do
assign ti to Kj, where dis(ti, tj) is the
smallest over all medoids;

3.5
EVALUATION
METRICS
FOR
CLUSTERING
The procedure of evaluating the results of a
clustering algorithm is known as cluster validity.
Two cluster validation measures are
1. Internal Measures use basic information
in the data to measure the quality of the
clustering.
2. Stability
Measures
assesses
the
consistency of a clustering result by
matching it with the clusters obtained after
each column is removed, one at a time.
The
internal
measures
include
the
Connectivity, and Silhouette Width, and Dunn
Index. The connectivity indicates the degree of
connectedness of the clusters, as determined by the
k-nearest neighbors. The connectivity has a value
between 0 and infinity and should be minimized.
Both the Silhouette width and the Dunn Index
combine measures of compactness and separation
of the clusters.
The Dunn Index is the ratio between the
smallest distances between observations not in the
same cluster to the largest intra-cluster distance. It
has a value between 0 and infinity and should be
maximized. Silhouette validation is validating the
result of clustering to find the accuracy of the
obtained results from the cluster value. Silhouette
cluster validation range from -1 to 1. The
Silhouette cluster interpretation result is,



0.71 – 1.00 excellent split
0.51 – 0.71 reasonable structure has been
found
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0.26 – 0.50 weak structure, could be
artificial
<0.25 horrible split

Cluster stability measures include
 The Average Proportion of Nonoverlap (APN)
 The Average Distance (AD)
 The Average Distance between
Means (ADM)
 The Figure of Merit (FOM)
The APN, AD and ADM are all based on the crossclassification table of the original clustering of the
full data with the clustering based on the removal
of one column.
 The APN measures the average proportion
of observations not placed in the same
cluster.
 The AD measures the average distance
between observation placed in the same
cluster under both the cases(full dataset
and removal of one column)
 The ADM measures the average distance
between cluster centers for observations
placed in the same cluster under both
cases
 The FOM measures the average intracluster variance of the deleted column,
where the clustering is based on the
remaining (undeleted) columns.
The values of APN, ADM and FOM ranges from 0
to 1, with smaller value corresponding to highly
consistent clustering results. AD has a value
between 0 and infinity, and smaller values are also
preferred.
IV. RESULT AND DISCUSSION
The proposed system is experimented using R tool.
Three descriptors were used and three clustering
techniques were used.
4.1 PIXEL INFORMATION FEATURE
The images are compared on Pixel basis and the
ratio of similar pixels are calculated (Table 4.1)
using the formula,

4.2 FOREGROUND/BACKGROUND FEATURES

Using OTSU() method, three threshold
values are obtained. These values are used to form
the matrix for all the images is shown in Table 4.2
Table 4.2 Threshold Value Matrix

4.3 TEXTURE FEATURES
First Order Features calculated for all the
images in the dataset are Energy, entropy, kurtosis,
skewness and median features. GLCM calculation
includes
the
value
of
GLCM
mean,
GLCM_variance,
GLCM_autoCorrleations,
GLCM_cProminence,
GLCM_CShade,
GLCM_cTendency,
GLCM_contrast,
GLCM_sumAverage and GLCM_sumVariance.
The GLRLM features are GLN, HGLRE, LRE,
LRHGLE, LRLGLE, RLN and SRHGLE values.
The values calculated from these three types of
features are combined and Correlation is applied to
select the not highly correlated features from the
features dataset.
The selected features (not highly
correlated) are entropy variation, GLCM variance,
GLCM contrast, GLRM_GLN, GLRM_LRLGLE
and GLRM_SRHCLE. The snap shot of these
values are shown in Table 4.3
Table 4.3 Reduced Texture Feature Set
Matrix

s=100*sum (img1==img2)/length (img1)
Table 4.1 Similarity Matrix
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4.4 COMBINATION OF TEXTURE AND
FOREGROUND/BACKGROUND
The texture and foreground/background
features were combined. Since the number of
features is more, feature selection is carried out
using Correlation matrix. The values calculated
from foreground/background and texture features
are combined and Correlation is applied to select
the uncorrelated features from the features dataset.
The selected features (not highly correlated) are
X1(Threshold), kurtosis, GLCM variance, GLCM
contrast, GLRM_GLN, GLRM_LRLGLE and
GLRM_RLN GLRM_SRHGLE and is shown in
Table 4.4.
Table 4.4 Reduced Foreground/Background and
Texture Features set matrix

Fig 4.1 Silhouette plot of clusters formed using
Pixel Information
The average value of 0.45 is obtained
using Foreground/Background descriptor is shown
in Fig 4.2

Fig 4.2 Silhouette plot of clusters formed using
Foreground/Background Features
K- Means, Hierarchical and PAM clustering
algorithms were applied and compared. The
experimental analysis shows K- means clustering
algorithm provide better results when compared to
Hierarchical and PAM clustering algorithms is
shown in Tabe 4.5.
Table 4.5 Validation Result of clusters

The average value of 0.57 is obtained
using texture features are shown in Fig 4.3.

Fig 4.3 Silhouette Plot of clusters formed using
TextureFeatures

Silhouette plot diagram represents the
average value of Silhouette width for pixel
comparision. The average value of 0.24 is obtained
using this descriptor.

Fig 4.4 Silhouette plot of clusters formed using
both Foreground/Background and Texture
Features
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The average value of 0.52 is obtained using both
foreground/background and texture features.
From experiments, it can be concluded that the
accuracy of k-means for image dataset is having
good evaluation much better than the hierarchical
and PAM clustering. A good clustering method
produces high-quality clusters to ensure that the
inter-cluster similarity is low and the intra-cluster
similarity is high.
4.5 COMPARISON RESULT
Table 4.6 shows cluster validation of KMeans clustering for different types of descriptors.
Finally Texture feature provides the best cluster
result, when compared to other features.
S.No

Features

1

Pixel Information Feature

2

Foreground/Background
Feature

Silhouette
Value
(-1 to +1)
0.24
0.45

3
4

Texture Feature
0.57
Combination
of
Both
0.52
Foreground/Background
and Texture
Table 4.6 Comparison Results
Here three different types of descriptors – Pixel
Information, Foreground/Background and Texture
Features, applications of three clustering
methods – K-Means, Hierarchical and PAM
clustering for two cluster sizes – 5 and 6. Internal
as well as Stability cluster validation methods are
used for validating the clusters.
V. CONCLUSION AND FUTUREWORK
Content based image retrieval system is
concerned with the representation, storage and
retrieval of digital images from a large database.
The proposed work mainly focused on grouping
similar images based on image descriptors. Three
descriptors
Pixel
Information,
Foreground/Background Feature, Texture Feature
and
the
combination
of
both
Foreground/Background and Texture Feature are
used in the proposed system and three clustering
algorithms such as K-Means, Hierarchical and
PAM clustering algorithms are used for clustering
the similar images. All the clustering algorithms are
validated using cluster validation techniques.
Validation result shows that K-Means clustering
produced the best result. The result has been
evaluated using Silhouette validation technique. In
the experimental result, Pixel Information Feature
obtained
a
Silhouette
value
of
0.24,
Foreground/Background feature obtained a
Silhouette value of 0.45, Texture Feature obtained
a Silhouette value of 0.57 and combination of both
Foreground/Background and Texture Feature

obtained a Silhouette value of 0.52, all of the four
descriptors the texture feature gives better result.
This work can be extended
 To include other descriptors like shape
and texture of the objects in images.
 To apply more clustering Techniques and
identity the best methods.
 To work with a large dataset.
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