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Abstract

Extensive digitization of images, paintings, diagrams and
explosion of World Wide Web (www), has made traditional
keyword based search for image, an inefficient method for
retrieval of required image data. Content-Based Image Retrieval
(CBIR) system retrieves the similar images from a large database
for a given input query image. Today, we find various methods
for implementation of CBIR which uses low-level image features
like color, texture and shape. In this paper, a global image
properties based CBIR using a feed-forward backpropagation
neural network is proposed. At first, the neural network is trained
about the features of images in the database. The image features
considered here are color histogram as color descriptor, GLCM
(gray level co-occurrence matrix) as texture descriptor and edge
histogram as edge descriptor. The training is carried out using
backpropagation algorithm. This trained when presented with a
query image retrieves and displays the images which are relevant
and similar to query from the database. The results show a
considerable improvement in terms of precision and recall of
image retrieval. An average retrieval precision of about 88% and
an average recall rate of about 78% is achieved using the
proposed approach over SIMPLIcity project database.
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I. INTRODUCTION

Recent advances in science and technology has increased
the use of image data in diverse areas such has
entertainment, art galleries, education, fashion design,
industry, medicine etc. Explosion of World Wide Web
(WWW) in last decade has seen an enormous increase in
the usage of digital images and the ease of access these
randomly stored images in remote databases. Therefore, it
is necessary to store and retrieve image data efficiently to
perform assigned task and to make a decision. Developing
proper tools for retrieving images from large image
collections is challenging.

Text-based approach is also employed for image retrieval.

In text-based approach, the images are manually annotated
by text descriptors and then these descriptors are used by
database management system to perform image retrieval.
This technique requires vast amount of labour for manual

Bangalore, India

Manuscript received June 5, 2014
Manuscript revised June 20, 2014

Bangalore, India

image annotation and also there are inconsistencies
between user textual queries and image annotations. To
overcome the inconsistency problem, content-based
approach is used. Content-Based Image Retrieval (CBIR)
aims at constructing meaningful descriptors of physical
attributes from images to facilitate efficient and effective
retrieval.

Research activities in CBIR have progressed in 3 major
directions: global image properties based, region-level
feature based and relevance feedback based. Initially,
developed algorithms fall under first approach and they
exploit only low-level features of an image such as color,
texture and shape of an object to retrieve images. They can
be easily implemented and they perform well for simple
images. They are not suitable for broad content image
databases. Region-based approach retrieve images via
image segmentation. These methods attempt to overcome
the drawbacks of global feature by representing images at
object level. But, the performance of these methods
mainly relies on results of segmentation. Relevance
feedback (RF) is an interactive process which refines the
retrievals to a particular query by utilizing the user's
feedback on previously retrieved results. A user defined
evaluation function is necessary in this approach and also
there is interaction between user and computer at each
level of iteration. This approach is expensive in terms of
space and time.

In this paper, a hybrid CBIR system which is a global
image properties based and uses the aid of neural network
for effective and efficient image retrieval is proposed.
Three visual features color, texture and edge of an image
are utilized in our proposed approach. A feed forward
back-propagation neural network (FFBP) is used to
achieve the proposed functionality. FFBP precedes both in
forward and backward direction. Output computation is
carried out in forward direction and error computation in
backward direction. The main properties of this paper that
makes it different from other CBIR are identified as
follows: 1) low-level image features —color histogram
from color space, along with texture and edge descriptors,
are adopted in our approach. 2) search technique (training
and testing) —Training is all about making FFBP NN to
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learn about the attributes and features of images in the
database, so that it can make use of this knowledge about
images in retrieval process when presented with query
image. Back-propagation technique, which is a supervised

method for learning is used for training the neural network.

And testing deals with using the previously trained
network in retrieving the relevant and similar images as
that of query image.

2. RELATED WORKS

Focusing on literature survey, we find some most
important CBIR systems [1], [2]. Some papers overview
and compare the current technique in this area [3], [4].

Earliest developed CBIR adopted various color descriptors.

Yoo et al. [5] prosed a signhature-based color-spatial image
retrieval system. A CBIR scheme based on global and
local color distributions in an image is presented in [6].

Another important and essential visual feature of an image
in defining its high-level semantics is texture. A novel and
effective characterization of wavelet sub-bands in texture
image retrieval was presented in [7]. There were some
drawbacks in this paper, such as computationally
expensive. To overcome this, [8] concentrated on finding
good texture features for CBIR. A combined fractal
parameters and collage error approach is proposed in [9],
to make use of new set of statistical fractal signatures.

There are also some papers that are based on
combination of texture and color features in Liapis and
tziritas [10]. In this paper, two or one-dimensional
histogram of the CIE Lab chromaticity coordinates are
used as color features. Texture features used here are

extracted using discrete wavelet frame analysis. Chun et al.

[11] proposed a CBIR method based on an efficient
combination of multi-resolution color and texture features.
The color features used in this paper are color
autocorrelograms of the hue and saturation component
images in HSV color space are used. The texture features
adopted include block difference of inverse probabilities
and block variation of local correlation coefficient
moments of the value component image.

A survey on CBIR systems based on relevance feedback
approach yields [12]. This paper take into account the
high-level concepts in an image. This paper introduces
interactive genetic algorithm to include human-computer
interaction and tries to use user’s subjectivity in retrieval
process using a user defined fitness function. A
comparison is made between two pattern recognition using
statistical and neural techniques in [13]. Finally, a neural
network based approach for image processing is described
in [14], which reviews more than 200 applications of
neural networks in image processing and discuss the
present and possible future role of neural networks, in
particular feed-forward neural networks.

3. IMAGE FEATURES AND NEURAL
NETWORK

This section presents a brief review of considered low-
level visual features in the proposed approach and then
reviews the basic concepts of the feed-forward
backpropagation neural network.

A. Color Descriptor

Color is one of the important feature of an image, which
depicts much of the information from the image. RGB
color model do not correspond to the human way of
perceiving the colors. And also RGB space do not separate
the luminance component from the chrominance ones.
Therefore, HSV color space is used in our approach. Each
component of HSV model contributes directly to visual
perception, therefore it is commonly used in image
retrieval systems [15], [16]. Hue is used to distinguish
colors, saturation gives a measure of the percentage of
white light added to a pure color. Value indicates
perceived light intensity.

The required amount of information about the image can
be obtained from color distribution of pixels in an image.
For this purpose, color histograms are used as color
descriptors. In case of digital images, a color histogram
represents the number of pixels that have colors in the
image's color space, the set of all possible colors. For a
given image, the procedure for calculation of color
histogram is as follows: 1) Read images in database and
extract RGB format pixel information from images. 2)
Create normalized histograms for each of the RGB
components of each image read from database. Thus, each
image will have 3 histograms associated with it.

B. Texture Descriptor

Texture is another important attribute of an image and it
refers to innate surface properties of an object and their
relationship to the surrounding environment. For texture
analysis we use a gray level co-occurrence matrix
(GLCM), which is a simple and effective method for
representing texture [17]. The GLCM represents the
probability p(i. j:d. &) that two pixels in an image, which
are located at distance d and angle 6, have gray levels i
and j. The GLCM is defined as follows:

p(i, j;d)‘g) :#{(Xryl)(xz’yz) | g(xllyl) = ixg(XZIY2) = j,

| (Xl’yl) - (Xz’yz) |: d1l((xl’y2)7(X2’y2)) = ‘9}

1)

where # denotes the number of occurrences inside the

window, with i and j being the intensity levels of the first

pixel and the second pixel at positions (x1,y1) and (x2,y2),
respectively.
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To simplify and reduce the computation effort, we first
compute the GLCM according to one direction (i.e., 6 =
0°) with a given distance d (= 1) and calculate the entropy,
which is used most frequently in the literature. Then the
entropy (E) is used to capture the textural information in
an image and is defined as follows:

E :_ZC‘J logc, | (2)
1]

where Ci,j is the GLCM. Entropy gives a measure of
complexity of the image.

C. Edge Descriptor

Edges in images constitute another important feature to
represent their content. From the image perception point
of view, human eyes are very sensitive to edge features of
an image. Histograms are used to represent the edge
features of an image. An edge histogram in the image
space represents the frequency and the directionality of the
brightness changes in the image. To describe edge
distribution we adopt the edge histogram descriptor (EHD)

[18] with a histogram based on distribution of local edges

in an image. The extraction process of EHD consists of the

following stages.

1) Animage is divided into 4 x 4 subimages.

2) Further, each subimage is again partitioned into
nonoverlapping image blocks with a small size.

3) Then categorize edges in each image block into five
types: vertical, horizontal, 45° diagonal, 135° diagonal,
and nondirectional edges.

4) Thus, the edge histogram for each subimage refers to
the relative frequency of occurrence of the five types
of edges in the corresponding subimage.

5) After examining all image blocks in the subimage,
the five-bin values are normalized by the total
number of blocks in the subimage. Finally, the
normalized bin values are quantized for the binary
representation. These normalized and quantized bins
constitute the EHD.

D. Neural Networks (NN)

Neural network is a network of “neuron like” units called
nodes. This neural computing technique is used in fields
of classification, optimization, control theory and for
solving regression problems. NN are very effective in case
of classification problems where detection and recognition
of target is required. NN is preferred over other techniques
due to its dynamic nature. Dynamic nature is achieved by
adjusting the weights according to final output and applied
input data. This adjustment of weights takes place
iteratively until desired output is obtained. And this weight
adjustment of network is known as “learning” of neural
network.

The architecture of neural network consists of a large
number of nodes and interconnection of nodes. A
multiple-input neuron with multiple inputs ‘R’ is shown in
Figure 1.
Inputs Multiple-Input Neuron
N I

71
P2
P

Pr

a=f(Wp+t+bh)
Fig. 1 Multiple-Input Neuron

The individual inputs .8 ..z are each weighted by
corresponding elements wy ;.wy 5 ...wy z of the weight
matrix ‘W’ The neuron also has a bias ‘b’, which is
summed with the weighted inputs to form the net input
‘n’:

n=wyap Fwigpm bt wigpg + 5 3)

In matrix form, this can be rewritten as,
n=Wp+5b 4)

Now, the neuron output is given as,

a=f(Wp+b) Q)

The transfer function used above is a log-sigmoid transfer
function. This transfer function takes the input (which may
have any value between plus and minus infinity) and
squashes the output in between 0 to 1 range, according to
the expression;

y = log sig(n) (6)
y= 1 (7)
1+e™

where ‘y’ is output of the function for input ‘n’.

The nodes at a particular stage constitute a “layer”. The
first layer is called input layer and last layer is called
output layer. The layers in between output and input layer
are called hidden layers. As the number of hidden layers in
the network increases, the performance of network
increases. Each node in a network serves the purpose of
summation of all its inputs. The output of a node is further
applied to the next node. The simplest of all neuron is
perceptron. Perceptron is a two layer structure: input layer
and output layer. The output function of perceptron may
be step, linear or sigmoidal. If the output function of
perceptron is step then it solves classification problems, if
the output function is linear then it solves regression
problems. Simple perceptron or neuron is used for
resolving linearly separable data. If the data is linearly



IJCSNS International Journal of Computer Science and Network Security, VOL.14 No.6, June 2014 73

non-separable then other technique such as back-
propagation is used.

E. Feed Forward Back-Propagation Neural Network
(FFBP NN)

FFBP NN are found to be robust technique for pattern
recognition and classification. FFBP NN is a multilayer
neural network, wused to implement non-linear
differentiable functions. The architecture of FFBP NN
consists of input, hidden and output layer. FFBP precedes
both in forward and backward direction. It computes
output in the forward procession and computes error in the
backward procession.

In the forward procession, training data is applied on the
neural network through the input layer. Then data is fed to
the hidden layer, the hidden layer actually performs the
processing. Finally the data is applied to Output Layer;
Output Layer incorporates the activation function
according to which output is computed. If the function at
the Output Layer is step, then it performs Classification
problem. If the function at the Output Layer is linear, then
it performs Regression problem.

The values computed in the forward pass are compared
with desired output. The difference between the desired
output and the actual output gives the error. This error is
computed and propagated back towards the Hidden Layer.
The gradient of the error is computed and applied on a
node k in this manner:
g, = desired _output — actual _output

g = di — W (8)

where e error on a single output neuron k is, dy is

desired output and ¥; is calculated output of neuron k.
Then, gradient is calculated using equation,

5 = (2 x e, ©

Sxg

where x; is the weighted sum of input values to node k.
This method of error reduction is called Gradient Decent.
This method of error reduction converges to output in
faster manner [9]. All of the above processing is
performed in the Backward Pass of the Feed Forward
Back Propagation Algorithm.

The Figure 2 shows a basic BPNN comprising of an
input, hidden and output layer. where inputs applied on the
input layer Xi, Hj is the hidden layer and the output of the
network is Y. Error signal that is generated when the
output "Y' is compared to the target output of the training
dataset comprising of the ideal classification result. The
error signal moves from the output layer to the hidden
layer changing the weights to adjust to the correct result
once this error is minimized close to zero the weights are
fixed meaning the network is trained and can be tested.

I Error Calculation

If any error is produced while
training the network, the error is
back propagated to adjust weights
and bias function

Output(Y)

Hidden
Layer(H)

Input
e

Fig. 2 Simple Back propagation Neural Network

4. PROPOSED SYSTEM

Generally there has to be wuser interface for
communicating with the image retrieval system, which
accepts query image, from the user and displays the
retrieval results to him. The module responsible for
implementing required image retrieval functionality is
neural network and its learning method using
backpropagation algorithm. At first, this network is made
to learn about features of the images from database. Once
trained, this network is able to retrieve the accurate and
similar images efficiently on its own.

According to the aforementioned concept, we design an
image retrieval system based on neural network, as shown
in Figure 3. Our system operates in two phases: training
and testing. Before actual training and testing are
employed, we need to perform some fundamental digital
image processing steps on every image we are using in the
proposed system.

This means the query image and all the images present in
database has to undergo some preprocessing and feature
extraction: 1) Preprocessing: Some preprocessing on the
image is needed in the form of color conversion and image
resizing. The RGB color space image is converted into its
HSV components. Variable size images are resized to

256256 sjze. 2) Feature Extraction: Statistical features
of an image are evaluated with respect to color, texture
and edge descriptors. The color histograms, gray level co-
occurrence matrix (GLCM) for texture analysis and edge
histograms.
1) Training:

The training process include creation, configuring a
three-layered neural network and making it learn about the
extracted color, texture and edge features of training set
images. Training set include all the images from image
database considered. The learning process is carried out
using backpropagation algorithm, which include
computing error, updating weights in order to minimize
the error.
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The training makes the network store the learnt
knowledge in its knowledge base. This knowledge base is
used in later phase in comparison and decision making
tasks by network. The comparison task include comparing
the features between query and training set images. And
decision making task includes making decision about
which two image features are most matched with respect
to color, texture and edge. And finally, retrieve the top
matched features’ images.

—
Image
Database m
Lae

for each imaf: in the database

olor L onyersion | \Lolor LONVEISIon
Preprocesing |} (e Toge ] Preprocesing ) (o T ]
4 3 .

Color Features
Feature Feature
Extraction | J { Tdlve Features ] Extraction

—]

m Query
Database Neural Networ Features

L 7] <
-

Similar [mages

Color Features

Fig. 3 General system flowchart of the proposed
approach.

The backpropagation algorithm for a 3-layer network
(only one hidden layer):
initialize the weights in the network (often small random
values)
do
for each image i in the training set of database
O = neural-network-output(network, i)
T = desired output for i
calculate error (T - O) at the output units;
calculate &y for all weights from hidden layer to
output layer;
calculate &; for all weights from input layer to
hidden layer;
update the weights to minimize error in the network;
until some stopping criterion satisfied
return the network

2) Testing:

The testing phase include the querying and retrieving task.
The query image is first preprocessed and also its features
are extracted. The trained network is presented with query
image features. The network, acting as a classifier,
selectively retrieves top matched, relevant, similar images
as that of query image from the database and are presented
to user. The algorithm for proposed CBIR system can be
given as follows:

a) Algorithm for training phase:

setup ANN and initialize the following parameters as:
number_of layers= 3; epochs=2000;
learning_rate=80%;

permissible_error=0.03;

input: network, training set
do
for each image in training set
extract its color features using color histogram
algorithm;
extract its edge features using edge histogram
algorithm;
extract its
algorithm;
fuse the extracted features into a single features
matrix;
until a single feature vector matrix is built;
do
train the network about class labels and feature
vectors;
until stopping criterion epochs=2000 is satisfied
output: a trained neural network.

texture features using GLCM

b) Algorithm for testing phase:
input: a query image.
load the input query image;
extract its color, edge and texture features;
load the fused features database;
compute similarity between query image features and
training set features;
output: set of similar images if present; if not, display
“No similar images found”

The advantages of the proposed CBIR system can be

given as follows:

1) Neural network based approach is efficient with
respect to space and time.

2) Content-based image retrieval using neural network
has high retrieval rate and recall than other
approaches such as genetic algorithm.

3) Uses supervised method for learning about training
set of images.
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4) Scalable with respect to image database size; only
thing we need to do, is to train the network about the
new image features.

5. EXPERIMENTAL RESULTS

The experimental work is carried out using the database
of the SIMPLIcity project covering a wide range of
semantic categories from natural scenes to artificial
objects for experiment. The database is partitioned into ten
categories, including African people and village, beach,
buildings, dinosaurs, buses, elephants, food, horses,
mountains and glaciers, flowers, etc., and each category
contains 100 images (Fig. 4). Partitioning of the database
into semantic categories is determined by the creators and
reflects the imilarity.

Fig. 4 Sample images of each category of the image database.

To realize the proposed system MatLab IDE is used. The
GUI design environment (GUIDE) tool is used to develop
the required front end GUI. The Image processing toolbox
and the neural network toolbox of MatLab are used to
implement the required image processing and neural
network tasks.

A three layered neural network which is used as classifier,
is setup and configured with parameters that are best
suitable for image retrieval task. The configuration include
setting the learning rate to 80%, setting the permissible
error to 0.003, and selecting the “Gradient Descent
Method” (backpropagation) as training algorithm. Then,
the network is trained about the extracted features of all
the images from the training dataset. The performance of
the training process can be analysed using the
performance plot, which is shown in Figure 4. The
performance plot is a graph of number of epochs versus
the Mean Square Error (MSE). The number of epochs we
have chosen is 2000 and the MSE measures the average of
the squares of the errors i.e., the difference between the
two training epochs. The graph shows the best training
performance at epoch number 1995.

Also, the regression plot for training process is shown in
Figure 5. The regression plot gives the relationship
between the input parameters (target, ‘0’ to “1”) and the
output parameters given by,

putput = (learning_rate X target) + bias (10)
In this case it is, output = (0.8 x target) + 0.039

The small circles at target ‘0’ indicate the input parameters
i.e., the image features such as color, edge histogram and
GLCM. The circles at target ‘1’ indicate the output
parameters i.e., image classes. The graph shows that the
regression of about 87% is achieved.

Best Training Performance |5 NaM af epoch 1995
T T T v T

T 5
Train
- Best
- Goal

200 400 BOO BOO 1000 1200 1400 1600 1800 2000
2000 Epochs.

Mean Squared Eror (mse)
3

Fig. 4 Performance plot for the training process.

Training: R=0A7919

PR, T

Cup B Targe 0 030

Fig. 5 Regression plot for the training process.

A given query image is feature extracted and searched for
similar images. For each query image, relevant images are
considered to be those and only those which belong to the
same category as the query image as shown in Figure 6.

ot

(a) (b)
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Fig. 6 Retrieval process. (a) Query image. (b) Retrieved
results obtained using the trained network as classifier.
Based on this concept, the retrieval precision and recall
are defined as,

N
Precision = —2&@ (11)

R(a)

Recall = M (12)
N

t

where NA(q) is the number of relevant images similar to
the query, NR(q) is the number of images retrieved by the
system in response to the query, and Nt represents the total
number of relevant images available in the database

The two tables given below shows the details of retrieval
precision and recall values for each class of image. The
TABLE | gives the precision values along with the
average precision and similarly TABLE Il gives recall
values along with their average.

TABLE I. PRECISION VALUES FOR EACH CLASS

Category Category Precision

ID

1 Food 0.90

2 Buildings 0.85

3 Beach 0.87

4 Elephants 0.91

5 Buses 0.89

6 Dinosaurs 0.92

7 Flowers 0.86

8 Horses 0.88

9 Mountains and glaciers 0.89

10 Africa people and village | 0.87
Average 0.88

TABLE Il. RECALL VALUES FOR EACH CLASS
Category Category Recall
ID

1 Food 0.75

2 Buildings 0.82

3 Beach 0.86

4 Elephants 0.71

5 Buses 0.77

6 Dinosaurs 0.80

7 Flowers 0.85

8 Horses 0.79

9 Mountains and glaciers 0.80

10 Africa people and village 0.70
Average 0.78

This tabular data is plotted and shown in Figure 7 and
Figure 8. As shown in figure 7, the retrieval precision for
different classes vary from 85% to 92%. Therefore, the
overall average precision comes to be 88%. As shown in
figure 8, the recall rate for different classes vary from 70%

to 86% and the overall average precision comes to be 78%.

1
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Fig. 7 Retrieval average precision of the proposed approach
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Fig. 8 Retrieval average recall of the proposed approach.

In comparison to other content-based image retrieval
approaches such as those based on genetic algorithm,
which is computationally heavy with respect to CPU
usage and memory, the proposed approach outperforms it
in terms of retrieval performance. This is because, a
trained network is always fast in classifying and decision
making tasks.

6. CONCLUSION

This paper has presented a CBIR system using feed-
forward neural network. The color distribution histograms
are used as color information of an image. Also, the
entropy based on the GLCM and edge histogram are
considered as texture descriptors to help characterize the
images. The use of feed-forward neural network has
considerably improved the recall rate and also retrieval
time, due to its highly efficient and accurate classification
capability. Also, the backpropagation algorithm has
increased the retrieval precision due to its capability of
minimizing the error during training process itself.
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Experimental results of the proposed approach have
shown the significant improvement in retrieval
performance. A very good average retrieval precision of
about 88% and average recall rate of about 78% is
achieved using the proposed CBIR system. Further work
include implementing the CBIR system considering more
low-level image descriptors and highly efficient deep
learning neural network, which might prove to be very fast
and precised one.

REFERENCES

[1] Y. Liu, D. Zhang, G. Lu, andW.-Y.Ma, “A survey of
content-based image retrieval with high-level semantics,”
Pattern Recognit., vol. 40, no. 1,pp. 262-282, Jan. 2007.

[2] A.W.M. Smeulders, M. Worring, S. Santini, A. Gupta, and
R. Jain, “Content-based image retrieval at the end of the
early years,” IEEE Trans. Pattern Anal. Mach. Intell., vol.
22,no. 12, pp. 1349-1380, Dec. 2000.

[3] S. Antani, R. Kasturi, and R. Jain, “A survey of the use of
pattern recognition methods for abstraction, indexing and
retrieval of images and video,” Pattern Recognit., vol. 35,
no. 4, pp. 945-965, Apr. 2002.

[4] X. S. Zhou and T. S. Huang, “Relevance feedback in
content-based image retrieval: Some recent advances,” Inf.
Sci., vol. 148, no. 1-4, pp. 129-137, Dec. 2002.

[5] H.-W. Yoo, H.-S. Park, and D.-S. Jang, “Expert system for
color image retrieval,” Expert Syst. Appl., vol. 28, no. 2, pp.
347-357, Feb. 2005.

[6] T.-C.Luand C.-C. Chang, “Color image retrieval technique
based on color features and image bitmap,” Inf. Process.
Manage. vol. 43, no. 2, Mar. 2007.

[71 M. H. Pi, C. S. Tong, S. K. Choy, and H. Zhang, “A fast
and effective model for wavelet subband histograms and its
application in texture image retrieval,” IEEE Trans. Image
Process., vol. 15, no. 10, Oct. 2006.

[8] M. Kokare, P. K. Biswas, and B. N. Chatterji, “Texture
image retrieval using new rotated complex wavelet filters,”
IEEE Trans. Syst., Man, Cybern. B, Cybern., vol. 35, no. 6,
Dec. 2005.

[9] M. Piand H. Li, “Fractal indexing with the joint statistical
properties and its application in texture image retrieval,”
IET Image Process., vol. 2, no. 4, pp. 218-230, Aug. 2008.

[10] S. Liapis and G. Tziritas, “Color and texture image retrieval
using chromaticity histograms and wavelet frames,” IEEE
Trans. Multimedia, vol. 6, no. 5, Oct. 2004.

[11] Y. D. Chun, N. C. Kim, and I. H. Jang, “Content-based
image retrieval using multiresolution color and texture

features,” IEEE Trans. Multimedia, vol. 10, no. 6, Oct. 2008.

[12] Chih-Chin Lai, and Ying-Chuan Chen, “A User-Oriented
Image Retrieval System Based on Interactive Genetic
Algorithm,” IEEE ~ TRANS. Instrumentation and
measurement, VOL. 60, NO. 10, pp. 3318 - 3325,
OCTOBER 2011.

[13] Tasweer Ahmad, Ahlam Jameel, Dr. Balal Ahmad, “Pattern
recognition using statistical and neural techniques,” IEEE
CONFERENCE. Computer Networks and Information
Technology, pp. 87 - 91, 11-13 July 2011.

[14] M. Egmont-Petersen, D. De Ridder, and H. Handels,
“Image processing with neural networks - a review,” Pattern
Recognition, 35:2279-2301, 2002.

[15] H.-W. Yoo, H.-S. Park, and D.-S. Jang, “Expert system for
color image retrieval,” Expert Syst. Appl., vol. 28, no. 2, pp.
347-357, Feb. 2005.

[16] H. Nezamabadi-pour and E. Kabir, “Image retrieval using
histograms of uni-color and bi-color and directional changes
in intensity gradient,” Pattern Recognit. Lett., vol. 25, no.
14, Oct. 2004.

[17] R. M. Haralick and L. G. Shapiro, “Computer and Robot
Vision”, Volume I, Reading, MA: Addison-Wesley, 1992.

[18] T. Sikora, “The MPEG-7 visual standard for content
description—an overview,” IEEE Trans. Circuits Syst.
Video Technol., vol. 11, no. 6, Jun. 2001.

Arvind Nagathan received the B. Tech. degree in Computer
Science and Engineering from BLDEA’s CET, Bijapur,
Karnataka, India in 2010 and is currently pursuing M. Tech.
degree in Computer Science and Engineering at CMR Institute of
Technology, Bangalore. Research interests include machine
learning, pattern recognition and computer vision.

I. Manimozhi is working as Associate professor in computer
science and engineering department, CMRIT, Bangalore. Her
research interest include image processing, image analysis and
pattern recognition.

M.Jitendranath is double doctorate in Electronics and
Computer Science Engineering and is working as
Professor and Dean of Research in Computer Science and
Engineering department in CMRIT, Bangalore. He has
published 35 papers in the area of Mobile Adhoc
Networks international journals.



