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Abstract
With the increasing availability of digital images, automatic 
image retrieval tools provide an efficient means for users to 
navigate through them. Even though traditional methods allow 
the user to post queries and obtain results, the retrieval accuracy 
is severely limited because of the inherent complexity of the 
images for users’ to describe exactly. The more recent relevance 
feedback approach, on the other hand, reduces the needs for a 
user to provide accurate initial queries by estimating the user’s 
ideal query using the positive and negative examples given by 
the user. The current relevance feedback based systems estimate 
the ideal query parameters on only the low-level image features 
such as color, texture, and shape. These systems work well if the 
feature vectors can capture the essence of the query. With a few 
positive and negative examples, the relevance feedback system 
will be able to return reasonably accurate results. On the other 
hand, if the user is searching for a specific object that cannot 
be sufficiently represented by combinations of available feature 
vectors, these relevance feedback systems will not return many 
relevant results even with a large number of user feedbacks. To 
address the limitations of the current relevance feedback systems, 
we propose a framework that performs relevance feedback on both 
the images’ semantic contents represented by keywords and the 
low-level feature vectors such as color, texture, and shape. 
Problems with traditional methods of image indexing have led 
to the rise of interest in techniques for retrieving images on the 
basis of automatically-derived features such as colour, texture and 
shape – a technology now generally referred to as Content-Based 
Image Retrieval (CBIR). After a decade of intensive research, 
CBIR technology is now beginning to move out of the laboratory 
and into the marketplace.
The aim of this report is to clarify some of the issues raised by 
this new technology, by reviewing its current capabilities and 
limitations, and its potential usefulness to users in higher education 
and elsewhere. 

Keywords
Semantic Contents, Content Based Image Retrieval, Relevance 
Feedback

I. Introduction
The use of images in human communication is hardly new – 
our cave-dwelling ancestors painted pictures on the walls of 
their caves, and the use of maps and building plans to convey 
information almost certainly dates back to pre-Roman times. But 
the twentieth century has witnessed unparalleled growth in the 
number, availability and importance of images in all walks of life. 
Images now play a crucial role in fields as diverse as medicine, 
journalism, advertising, design, education and entertainment. 
Technology, in the form of inventions such as photography and 
television, has played a major role in facilitating the capture and 
communication of image data. But the real engine of the imaging 
revolution has been the computer, bringing with it a range of 
techniques for digital image capture, processing, storage and 
transmission.

Once computerized imaging became affordable it soon penetrated 
into areas traditionally depending heavily on images for 
communication, such as engineering, architecture and medicine[2]. 
Photograph libraries, art galleries and museums, too, began to see 
the advantages of making their collections available in electronic 
form. The creation of the World-Wide Web in the early 1990s, 
enabling users to access data in a variety of media from anywhere 
on the planet, has provided a further massive stimulus to the 
exploitation of digital images. 

A. The need for Image Data Management
The process of digitization does not in itself make image collections 
easier to manage. Some form of cataloguing and indexing is still 
necessary – the only difference being that much of the required 
information can now potentially be derived automatically from the 
images themselves. The need for efficient storage and retrieval of 
images – recognized by managers of large image collections such 
as picture libraries and design archives for many years
However, significant research advances, involving collaboration 
between a numbers of disciplines, would be needed before image 
providers could take full advantage of the opportunities offered. 
It is required to identify a number of critical areas where research 
was needed, including data representation, feature extractions and 
indexing, image query matching and user interfacing. 
One of the main problems was the difficulty of locating a desired 
image in a large and varied collection. While it is perfectly feasible 
to identify a desired image from a small collection simply by 
browsing, more effective techniques are needed with collections 
containing thousands of items. 

B. Characteristics of Image Queries
What kinds of query are users likely to put to an image database? 
To answer this question in depth requires a detailed knowledge of 
user needs – why users seek images, what use they make of them, 
and how they judge the utility of the images they retrieve. 
Common sense evidence suggests that still images are required 
for a variety of reasons, including:

illustration of text articles, conveying information or emotions • 
difficult to describe in words,
display of detailed data (such as radiology images) for • 
analysis,
formal recording of design data (such as architectural plans) • 
for later use. 
Access to a desired image from a repository might thus involve • 
a search for images depicting specific types of object or scene, 
evoking a particular mood, or simply containing a specific 
texture or pattern. Potentially, images have many types of 
attribute which could be used for retrieval, including:
the presence of a particular combination of colour, texture • 
or shape features[6], 
the presence or arrangement of specific types of object,• 
the depiction of a particular type of event,• 
the presence of named individuals, locations, or events,• 
subjective emotions one might associate with the image ,• 
metadata such as who created the image, where and when.• 
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Each listed query type (with the exception of the last) represents 
a higher level of abstraction than its predecessor, and each is 
more difficult to answer without reference to someone of external 
knowledge. This leads naturally to a classification of query types 
into three levels of increasing complexity

1. Level 1
comprises retrieval by primitive features such as colour, texture, 
shape or the spatial location of image elements[5]. Examples of 
such queries might include “find pictures with long thin dark 
objects in the top left-hand corner”, “find images containing 
yellow stars arranged in a ring” – or most commonly “find me 
more pictures that look like this”. This level of retrieval uses 
features (such as a given shade of yellow) which are both objective, 
and directly derivable from the images themselves, without the 
need to refer to any external knowledge base. Its use is largely 
limited to specialist applications such as trademark registration, 
identification of drawings in a design archive, or colour matching 
of fashion accessories. 

2. Level 2
comprises retrieval by derived (sometimes known as logical) 
features, involving some degree of logical inference about the 
identity of the objects depicted in the image. It can usefully be 
divided further into:
retrieval of objects of a given type ,
retrieval of individual objects or persons,
To answer queries at this level, reference to some outside store 
of knowledge is normally required – particularly for the more 
specific queries at level 2(b). In the first example above, some prior 
understanding is necessary to identify an object as a bus rather 
than a lorry; in the second example, one needs the knowledge 
that a given individual structure has been given the name “the 
Eiffel tower”. Search criteria at this level, particularly at level 
2(b), are usually still reasonably objective. This level of query 
is more generally encountered than level 1 – for example, most 
queries received by newspaper picture libraries appear to fall into 
this overall category.

3. Level 3
comprises retrieval by abstract attributes, involving a significant 
amount of high-level reasoning about the meaning and purpose 
of the objects or scenes depicted. Again, this level of retrieval can 
usefully be subdivided into:
(a). retrieval of named events or types of activity, (b). retrieval 
of pictures with emotional or religious significance. Success in 
answering queries at this level can require some sophistication on 
the part of the searcher. Complex reasoning, and often subjective 
judgement, can be required to make the link between image content 
and the abstract concepts it is required to illustrate. Queries at 
this level, though perhaps less common than level 2, are often 
encountered in both newspaper and art libraries. 
This classification of query types can be useful in illustrating the 
strengths and limitations of different image retrieval techniques[6]. 
The most significant gap at present lies between levels 1 and 2. 
Many authors refer to levels 2 and 3 together as semantic image 
retrieval, and hence the gap between levels 1 and 2 as the semantic 
gap. Note that this classification ignores a further type of image 
query – retrieval by associated metadata such as, who created 
the image, where and when. This is not because such retrieval 
is unimportant. It is because (at least at present) such metadata 
is exclusively textual, and its management is primarily a text 

retrieval issue.

II. Methodology

A. Proposed Algorithm
The steps for CBIR using Principal Component Analysis are as 
follows:

1. Representation of Each Image
Obtain images A1, A2………….AM and represent every image 
as a one dimensional vector. Every image in the must be of the 
same size (NҳN).

2. Computation of the Mean Image
The images must be mean centered. Mean value of the pixels 
intensities in each image is calculated and subtracted from the 
corresponding image. The process is continued for all images in 
the database.

3. Normalization Process of Each Image in the 
Database
Normalization is done by subtracting the mean image from the 
training medical images.

4. Concentration of Normalized Images
From the matrix A, which is the concatenated form of all normalized 
images and is of the order N2 x M 
A = [A1 A2 ……..Am]

5. Calculation of Covariance Matrix
The covariance matrix which is of the order N2 x N2 is calculated 
as given by
C = AAT

6. Calculation of Eigen Values and Eigen Vectors:
Now, find the Eigen values of the covariance matrix C by solving 
the equation 
(Cλ - I) = 0
To calculate the eigen values λ1, λ2,…..,λN

2.
For specific Eigen values λi solve the system of N2 equations
(Cλi - I) = 0
To find the eigenvector X repeat the procedure. Where, Xi indicate 
corresponding Eigen values.

7. Sorting the Eigen Values and Eigen Vectors
The Eigen vectors are sorted according to the corresponding Eigen 
values in descending order. The eigenvector associated with the 
largest Eigen value is one that reflects the largest variance in the 
image.

8. Choosing the First ‘K’ Eigen Vectors and Eigen 
Values
 Selecting only ‘k’ Eigen vectors corresponding to the ‘k’ largest 
eigen value. Then, each cancer in the training set can be represented 
as a linear combination of the first ‘k’ Eigen vector.

9. Projection of Training Images
A facial image can be projected onto k dimensions by 
computing
Yi = XT Ai
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10. Forming Feature Space
Feature space is obtained as y = [y1, y2…, ym], where, M is the 
no. of images in the database.

11. Procedure for Query Image
Given an unknown cancer image, represents the image as a vector 
Q. This image must be of the same size like the training cancers 
and it must be mean centered. The normalization procedure is 
subtracting the mean image from the query cancer.
Φ = Q – m.

12. Finding the Euclidean Distance
Euclidean Distance, a nearest neighbor classifier is used for 
classification. Find the maximum distances between the feature 
database and projected query image as given by
d (yi ,yt) = ∑ || yj 

I -yj 
t||2

Where || yj 
I - yj 

t||2 denotes the Euclidean distance between the 
training feature matrices and query features matrix.

13. Sorting the Distance and Retrieval of Required 
Images
Now the distances are sorted and the images corresponding to 
the top ten retrieved images are retrieved as the images closer to 
the query image given.

B. Modules in CBIR

1. Pre-Processing Module
The content retrieval is based on the Image Pre-processing module. 
Here, an image will be stored in the database using the three level 
processes. They are: 

Low level process: It is done for reducing the noise in the • 
image.
Mid level process: It is done for segmenting and describing • 
the image.
High Level process: It is done for making sense to human • 
vision.

2. Feature Set Module
Here, the features of an image are analyzed and stored in the 
database. The features are Texture, Shape and Color. 

In Texture analysis the texture features are extracted.• 
In Shape analysis the shape will be determined by considering • 
the Edge angle. Here, the edges of the image are taken. Thus, 
the shape is considered. 
The last is Color analysis. The RGB values are considered • 
here. Thus, the color features are extracted. 

 After retrieving the values of the features, it goes for next process 
where the images are going to be trained.
The set of feature vectors is input to the adaptive mean-shift 
clustering stage of the framework. The process starts by clustering 
the input feature vectors, which represent the multimodal MRI brain 
data using the FAMS implementation of the AMS algorithm
In that AMS we can include Locality-Sensitive Hashing. That 
can produce optimal approximate neighborhood with radius. This 
stage, each feature vector bears the label of its convergence mode, 
or cluster. Each mode obtained by the clustering process expresses 
the local structure of the data in a given region of the feature space. 
It should be emphasized that modes define clusters of arbitrary 
shape, without any convexity constraints. The number of obtained 
modes is an output of the fast adaptive mean-shift algorithm.

Fig.1: Block Diagram for the Proposed Algorithm

3. Training of Images
 After extracting the image features like texture and matrix 
conversion the pixel values are trained in the database by labeling 
the features of the images. The matrix conversion is done by 
giving intensity at each point x, y and RGB values are found. A 
matrix will be formed having M rows and N columns. Then the 
images are labeled in the database. So, it can be retrieved from 
the database easily. These labeling is done by the features of the 
image. Now, the image is stored in the database. 

4. Image Retrieval
Now, the image is given as the input image for extracting the 
results. These results are extracted by the following process:
First, the image is given as the input to the camera or x-ray objects. 
. Initially, this image is a raw image where it contains noise. 
Then, the Features like Texture, Color and Shape are extracted 
by the RGB values. These features values and database values are 
matched. If it matched there will be fast retrieval of the image is 
done. The content of the image is also retrieved. 

III. Results And Discussion
In this work, we are digitizing an image by extracting RGB values 
and setting them as matrix values. Then we are removing the noises 
of the image using digitizer. Then it is stored in the database. 
When the user searches the image, it will retrieve the matched 
image which is equivalent to the database image by matching the 
texture, color and shape of the image.
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Fig. 2: Give the Disease Name and Browse the Image of the 
Disease

Fig. 3: The Result is Shown

IV. Conclusion
In this paper, we have presented a new framework in which 
semantics and low-level feature based relevance feedbacks are 
combined to help each other in achieving higher retrieval accuracy 
with lesser number of feedback iterations required from the user. 
The novel feature that distinguished the proposed framework from 
the existing feedback approaches in image database is twofold. 
First, it introduces a method to construct a semantic network on 
top of an image database and uses a simple machine learning 
technique to learn from user queries and feedbacks to further 
improve this semantic network. In addition, a scheme is introduced 
in which semantic and low-level feature based relevance feedback 
is seamlessly integrated. Experimental evaluations of the proposed 
framework have shown that it is effective and robust and improves 
the retrieval performance of CBIR systems significantly.
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