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1. Background  
 

Due to the success of digital cameras both in technology and in the market, a great number of 

digital images can be produced in no-time. As nowadays we have very effective text search 

engines available, such as Google and Yahoo which can also used to search for images based on 

text-matching, such as name or the content of the page the image resides in, people are now more 

interesting in searching images by using a query image only without the need of providing 

further information about the image.  

 

For purposes of content-based image retrieval, a number of methods have been proposed so as to 

achieve robust and efficient systems. These methods often represent images as a bag of features. 

A query image is then matched with images in the database by computing the distances between 

images. As a result, in general, object and image retrieval and classification techniques [13,19,2] 

are based upon the summarization of the image dataset using a codebook of visual words 

[5,17,12] , which are used to query the dataset so as to retrieve images that best match the query. 

When a query image is provided by the user, the features in the image are compared with those 

on the codebook. Then a measure of similarity between the images in the dataset is computed so 

as to retrieve the closest match. 

As a result, the design of architecture for image retrieval requires both, an image representation 

suitable for search and a similarity measure that can be employed to rank the images with respect 

to the relevance to the query [24]. The main challenges in existing algorithms remain efficiency 

(in terms of speed and memory consumption), accuracy and simplicity. By efficiency we mean 

how quickly the result can be retrieved and how computationally costly is the image 

representation used. By accuracy we refer to the correctness of the images retrieved by the 

system provided a query image. Simplicity applies to the degree of ease of deployment and use 

of the algorithm. 

 

2. Problem/Task description  

Problem: 

The design of architecture for image retrieval requires both, an image representation suitable for 

search and a similarity measure that can be employed to rank the images with respect to the 

relevance to the query. In this work, we will examine the use of a structured learning approach to 

the image classification problem. In this manner, we aim at investigating the inclusion of 

structural and feature information in the image into a representation suitable for content-based 

image retrieval. The main aim is to achieve 50 to 70 percent accuracy in newly designed 

Algorithm. 
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Main Tasks 

 Finding appropriate Features that can be used to recognize objects. 

 Understanding and integrating Saliency detection in system to identify objects. 

 Finding appropriate Representation of Objects so that each image can be manipulated 

efficiently and that the system can match objects from each image more accurately. 

 Integration of Learning Algorithm to get appropriate model, which can be used by 

classification Algorithm to get the best match. 

 Integration of classification Algorithms like SVM. 

 

 

3. Plan / Schedule  

As nature of Project is basically Research oriented so Iterative Model will best suit its needs. As 

the design throughout project will be changing considerably so each time design changes a small 

SDLC (Software Development Lifecycle) has to be performed. 

The following table contains the estimated schedule of the project as it goes through the 

semester. This schedule is there to help and observe the status of project at particular time 

instance. As research projects have considerable amount of uncertainty in them to achieve goal 

so the following estimates can change little bit with the course of time. 

Week  Date  Milestone  

1-3 21 July – 10 August Understand Domain and Requirements 

4-6 11 August – 31 August Finalize the major part of Design 

7-11 1 September – 5 October 
Implement and Verify Design and make changes 

Accordingly 

12-14 6 October – 26 October 
Finalize  Documentation and prepare for 

presentation  
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