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Saliency-Based Multilabel Linear Discriminant Analysis







ABSTRACT
Linear discriminant analysis (LDA) is a classical statistical machine-learning method, which aims to find a linear data transformation increasing class discrimination in an optimal discriminant subspace. Traditional LDA sets assumptions related to the Gaussian class distributions and single-label data annotations. In this article, we propose a new variant of LDA to be used in multilabel classification tasks for dimensionality reduction on original data to enhance the subsequent performance of any multilabel classifier. A probabilistic class saliency estimation approach is introduced for computing saliency-based weights for all instances. We use the weights to redefine the between-class and within-class scatter matrices needed for calculating the projection matrix. We formulate six different variants of the proposed saliency-based multilabel LDA (SMLDA) based on different prior information on the importance of each instance for their class(es) extracted from labels and features. Our experiments show that the proposed SMLDA leads to performance improvements in various multilabel classification problems compared to several competing dimensionality reduction methods.



            
                          CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· Multi-label databases exist for various real applications, such as Yeast database for protein localization sites prediction, CAL500 database for music retrieval, or medical database for text classification.
· Linear Discriminant Analysis (LDA) and its variants have been widely used to extract discriminant data representations for solving various problems involving supervised dimensionality reduction, e.g., in human action recognition, biological data classification , and facial image analysis.
· In this paper, we propose a novel method for multi-label data classification based on a probabilistic approach that is able to estimate the contribution of each data item to the classes it belongs to by taking into account prior information encoded using various types of metrics. 
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· Compared to single-label problems, the characteristics of multilabel problems are more complicated and unpredictable.
· Moreover, different classes typically contain a varying number of data items, leading to class-imbalanced problems.
· The problem of multilabel learning (MLL) has been widely studied and various multilabel classifiers have been suggested.
· In multilabel LDA (MLDA) and its variants, these problems have been tackled by introducing different weights to take into account the label and/or feature correlation of different items.
· We formulate a novel SMLDA method that uses the saliency-based weights in the scatter matrices and can alleviate the problems related to imbalanced datasets. 
2.2. PROPOSED SYSTEM 
· The proposed method is based on a probabilistic model for defining the weights of individual samples in a weighted multi-label LDA approach.
· The proposed Saliency-based weighted Multi-label LDA approach is shown to lead to performance improvements in various multi-label classification problems.
· We compare our proposed approach to related methods on 10 diverse multi-label data sets, and the results show considerable improvements in multilabel classification tasks using our approach.
· We introduce the general concepts of saliency estimation and the probabilistic saliency estimation approach needed to develop the proposed method.

2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· We integrate different label and feature information previously used as weights in dimensionality reduction to SMLDA by using them as prior information for probabilistic saliency estimation and show experimentally that our approach leads to a better performance.
· The performance is affected severely due to the imbalance of input datasets.
· Although weighted LDA algorithms enhance the performance in singlelabel classification tasks compared to traditional LDA, such variants are still not directly applicable for multilabel classification tasks.
· In all test cases by both classifiers and any evaluation metric, the average performance of the proposed approach is better. 
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Multi-label text categorization with joint learning predictions-as-features method
	L. Li, H. Wang, X. Sun, B. Chang, S. Zhao, and L. Sha, 
	To address this problem, we propose a novel joint learning algorithm that allows the feedbacks to be propagated from the classifiers for latter labels to the classifier for the current label.

	Multilabel distribution learning based on multioutput regression and manifold learning
	C. Tan, S. Chen, G. Ji, and X. Geng, 
	The smoothest regression function is used to fit the manifold data, and a locally constrained multioutput regression is designed to improve the data's local fitting.

	Multi-label methods for prediction with sequential data
	J. Read, L. Martino, and J. Hollmén, 
	We carry out an empirical evaluation investigating performance on real-world sequential-prediction tasks: electricity demand, and route prediction.

	Multi-label classification of music by emotion
	K. Trohidis, G. Tsoumakas, G. Kalliris, and I. Vlahavas, 
	Music may evoke more than one different emotion at the same time. Single-label classification and regression cannot model this multiplicity.



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 article, we proposed a novel probabilistic framework for the LDA-related dimensionality reduction algorithm aiming to improve the performance of multilabel classifiers on various multilabel datasets. The probabilistic approach uses an affinity matrix to ensure similar results for similar instances and a prior information matrix to integrate prior information on the prominence of each instance for each class. Our solution can alleviate the data imbalance problem, which is commonly encountered in multilabel datasets, as the weight factor vectors are calculated separately for each class. Our method can also alleviate the common overcounting problem. We proposed variants of our methods using different prior information matrices based on both labels and features. We used seven metrics to evaluate the performance of our method with competing methods on 17 multilabel datasets. The experimental results showed that our method enhanced the classification performance compared to the competing algorithms and handles imbalanced classification well. Our algorithm is still based on the linear subspace learning technique. In the future, we will make a nonlinear extension using the kernel trick. 
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