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Joint Sparse Locality-Aware Regression for Robust Discriminative Learning







ABSTRACT
With the dramatic increase of dimensions in the data representation, extracting latent low-dimensional features becomes of the utmost importance for efficient classification. Aiming at the problems of weakly discriminating marginal representation and difficulty in revealing the data manifold structure in most of the existing linear discriminant methods, we propose a more powerful discriminant feature extraction framework, namely, joint sparse locality-aware regression (JSLAR). In our model, we formulate a new strategy induced by the nonsquared LS₂ norm for enhancing the local intraclass compactness of the data manifold, which can achieve the joint learning of the locality-aware graph structure and the desirable projection matrix. Besides, we formulate a weighted retargeted regression to perform the marginal representation learning adaptively instead of using the general average interclass margin. To alleviate the disturbance of outliers and prevent overfitting, we measure the regression term and locality-aware term together with the regularization term by forcing the row sparsity with the joint L2,1 norms. Then, we derive an effective iterative algorithm for solving the proposed model. The experimental results over a range of benchmark databases demonstrate that the proposed JSLAR outperforms some state-of-the-art approaches.


                          CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· We present a well-designed tracking algorithm that aims to learn visual dictionary and nonlinear classification function jointly enlighten by above mentioned nonlinear learning theory under a semi-supervised framework. 
· Therefore, the proposed method could overcome several limitations arisen in most of existing visual tracking approaches efficiently. 
· The value of the label is 1 for a sample overlapped with the target region completely, and 0 if no overlap exists between them.
· Some inaccuracy may exist in the center location of the estimated target. To refine the estimated target state, we train a correlation filter using the holistic target template cropped in the initial frame.
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· In the original regression, the strict zero-one target matrix cannot be approximated as an ideal low-dimensional embedding, thus we prefer the flexible formulation in problem which helps to realize the learning of margin representation.
· We transform the problem into an smooth optimization problem that is jointly convex for all variables.
· A significant way to address these issues is dimensionality reduction (DR), which transforms the original high-dimensional spatial data into a low-dimensional subspace by some resultful means. 
· Feature selection (FS) and feature extraction (FE) are two main tech - niques for processing the DR problems of high-dimensional data. 
2.2. PROPOSED SYSTEM 
· In contrast, the proposed tracking approach can construct a dictionary that fully reflects the intrinsic manifold structure of visual data and introduces more discriminative ability in a unified learning framework.
· Based on this inference, a nonlinear learning theory using Local Coordinate Coding (LCC) is proposed in . 
· The proposed tracking approach performs well on the benchmark and even better than the newly proposed works such as KCF and TGPR.
· These methods are easy to obtain appearance models with more discriminative power than that in other method, while our method only trains the proposed model with samples from several frames.
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· To appropriately reduce the dimensionality of data and improve the computational efficiency while maintaining high classification performance, preserving the local manifold structure is crucial to success.
· However, the strict zero-one targets are too harsh on the marginal representation to yield superior classification performance. 
· We theoretically prove the convergence of the proposed algorithm and experimentally verify its superior classification and generalization performance on multiple databases. 
· We analyze the irrationality of LDA optimization criteria, and establish more discriminative optimization criteria on the premise of ensuring higher generalization performance by replacing intra-class scatter and inter-class scatter. 
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Feature Selection Methods And Algorithms
	L. Ladha and T. Deepa, 
	The baseline fitness improvement (BFI) measure quantifies the potential value gained by applying feature selection.

	Robust sparse representation based face recognition in an adaptive weighted spatial pyramid structure
	X. Ma, F. Zhang, Y. Li, and J. Feng, 
	In this paper, a novel method named robust sparse representation based classification in an adaptive weighted spatial pyramid structure (RSRC-ASP) is proposed.

	Dimensionality reduction using similarityinduced embeddings
	N. Passalis and A. Tefas, 
	In this work, a new DR framework, that can directly model the target distribution using the notion of similarity instead of distance, is introduced.

	Simultaneously Learning Neighborship and Projection Matrix for Supervised Dimensionality Reduction
	Y. Pang, B. Zhou, and F. Nie,
	To overcome the drawbacks, in this paper we propose to let the similarity and neighbors be variables and model them in low-dimensional space. 



2.3 FEASIBILITY STUDY
The feasibility Analysis is an analytical program through project manager determines the project success ratio and through feasibility study project manager able to see either project. The key considerations involved in the feasibility analysis are:
· Economic Feasibility
· Technical Feasibility
· Operational Feasibility
· Environmental Feasibility


2.3.1 ECONOMICAL FEASIBILITY
Hence this project is economically feasible there is no need to involve any cost for this project. 
2.3.2 TECHNICAL FEASIBILITY
Software Technologies used are PHP and MySql. In the educational institutions, it is possible to update the system in future. No special hardware is required for the purpose of using this system. Hence it is declared that this project is technically feasible.
2.3.3 OPERATIONAL FEASIBILITY
As the admin work mainly to maintain the Patient and Doctor .Doctor will predict patient cancer disease. Hence it is easy to operate with training. Therefore it is operationally feasible for implementation.
2.3.4 ENVIRONMENTAL FEASIBILITY
This project environment is correct as a admin has developed this system and no expenditure is involved under any head and this process is part of admin document management, this project environment is accessible.   
2.4 SYSTEM REQUIREMENTS
· System	:  Pentium IV 2.4 GHz.
· Hard Disk	: 40 GB.
· Monitor	: 15 inch VGA Color.
· Mouse	: Logitech Mouse.
· Ram		: 512 MB
· Keyboard	: Standard Keyboard
2.4.1 HARDWARE REQUIREMENTS
             The Hardware of the computer consists of physical component such as Input Devices, Storage Devices, Processing & Control units and Output Devices.  Computer includes external storage unit to store data in programs.
           The Hardware Configuration involved in this project
· System	:  Pentium IV 2.4 GHz.
· Hard Disk	: 40 GB.
· Monitor	: 15 inch VGA Color.
· Mouse 		: Logitech Mouse.
· Ram		: 512 MB
· Keyboard	: Standard Keyboard
2.4.2 SOFTWARE REQUIREMENTS 
 	Software is a group of programs that computers need to do a particular task.  It is an essential requirement of Computer System. The Software used to develop the project is
· Operating System	: Windows XP.
· Platform		: DOT NET TECHNOLOGY
· Front End		: ASP.Net 3.5
· Back End		: SQL SERVER 2005

CHAPTER 3
  SYSTEM DESIGN AND DEVELOPEMENT
SYSTEM ARCHICTURE
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CHAPTER 4
TESTING AND IMPLEMENTATION

0. TESTING
 Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one.

 4.1.1Unit Testing
	Unit testing comprises the set of tests performed by an individual programmer prior to integration of the unit into a larger system. The module interface is tested to ensure that information properly flows into and out of the program unit. The local data structure is examined to ensure that data stored temporarily maintains its integrity during all steps in an algorithm’s execution. Boundary conditions are tested to ensure that the module operates properly at boundaries established to limit or restrict processing. All independent paths through the control structure are tested. All error-handling paths are tested.

4.1.2 Block Box Testing
Black-box testing is a method of software testing that examines the functionality of an application without peering into its internal structures or workings. This method of test can be applied virtually to every level of software testing: unit, integration, system and acceptance. It is sometimes referred to as specification-based testing.




4.2 SYSTEM IMPLEMENTATION
Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one. 

















                               CHAPTER 5
CONCLUSION:
     In this paper, we succeed in achieving a more robust and discriminative low-dimensional representation of data, which is suitable for labeled data classification in multiple scenarios. The proposed model can both adaptively reveal the local structure of the data manifold and flexibly learn the margin representation. All the modules in our model are measured by L2,1 norms, thus achieving the joint robust subspace learning and feature selection. Furthermore, we derive an alternate iterative optimization algorithm which is theoretically proved to converge. Extensive experiments conducted on several UCI and other real-world databases have demonstrated the robustness to outliers and classification efficiency of the proposed method. Although we employ retargeted regression here as a way to induce the margin representation, there are certain limitations on the low-dimensional representations, which is where our future work needs to focus. 
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