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ABSTRACT
When a multiobjective evolutionary algorithm based on decomposition (MOEA/D) is applied to solve problems with discontinuous Pareto front (PF), a set of evenly distributed weight vectors may lead to many solutions assembling in boundaries of the discontinuous PF. To overcome this limitation, this article proposes a mechanism of resetting weight vectors (RWVs) for MOEA/D. When the RWV mechanism is triggered, a classic data clustering algorithm DBSCAN is used to categorize current solutions into several parts. A classic statistical method called principal component analysis (PCA) is used to determine the ideal number of solutions in each part of PF. Thereafter, PCA is used again for each part of PF separately and virtual targeted solutions are generated by linear interpolation methods. Then, the new weight vectors are reset according to the interrelationship between the optimal solutions and the weight vectors under the Tchebycheff decomposition framework. Finally, taking advantage of the current obtained solutions, the new solutions in the decision space are updated via a linear interpolation method. Numerical experiments show that the proposed MOEA/D-RWV can achieve good results for bi-objective and tri-objective optimization problems with discontinuous PF. In addition, the test on a recently proposed MaF benchmark suite demonstrates that MOEA/D-RWV also works for some problems with other complicated characteristics.
                            
                          CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· In many existing studies, the weight vectors are predefined and distributed uniformly in a unit simplex.
· Then a weight vector deletion operation is used to remove existing unpromising weight vectors or/and weight vectors associated with the crowded solutions in the population.
· Adaptation of the weight vectors during the optimisation process provides a viable approach to enhance existing decomposition-based EMO. 
· There may exist a big difference of distance between adjacent Pareto optimal solutions (obtained by adjacent weight vectors) in different parts of the Pareto front.
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· It decomposes a multi-objective optimization problem (MOP) into a set of scalar subproblems using uniformly distributed aggregation weight vectors and provides an excellent general algorithmic framework of evolutionary multi-objective optimization.
· The weights are adjusted periodically so that the weights of subproblems can be redistributed adaptively to obtain better uniformity of solutions.
· MOEA/D decomposes the target MOP into a number of scalar optimization problems and then applies the EA to optimize these subproblems simultaneously.
· Dealing with these subproblems simultaneously will be a waste of computing efforts, as it contributes nothing to the performance of the algorithm. 
2.2. PROPOSED SYSTEM 
· This study proposed a model of multi-objective optimization for reservoir operation (MORO) with the objectives of maximizing water diversion and power generation.
· In this study, MOEA/D-AWA was adopted to the MORO problem with the proposed operation model, and the monthly water level values of the reservoir were selected as the decision variables.
· Under certain constraints, the quality of the solutions is evaluated according to the proposed objective functions.
· The proposed reservoir operation model is effective and reasonable in theory, and can be used to improve the comprehensive benefits of the reservoir.
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· The new weight vector initialization method can significantly improve the performance of MOEA/D in general.
· At first, the classical ZDT and DTLZ problems are investigated. Performances of MOEA/D-AWA on MOPs with complex PFs are studied afterwards. 
· We can conclude from the above results that the weight vector initialization method in MOEA/D-AWA significantly improves the performance of MOEA/D on tri-objective MOPs with simple PF.
· The AWA strategy is designed to enhance the performance of MOEA/D on the MOPs with complex PFs. 
· MOEA/D-AWA combines the new weight vector initialization method and the AWA strategy together, so the best performances in terms of both coverage and uniformity are achieved.
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	A two-phase evolutionary algorithm for multiobjective mining of classification rules
	Chan, Y., Chiang, T., and Fu, L. (2010). 
	The algorithm incorporates the concept of Pareto dominance to deal with trade-off relations in both phases. 

	MOEA/D for flowshop scheduling problem
	Chang, P., Chen, S., and Zhang, Q. (2008). 
	We study the replacement strategy of neighboring solutions, the determination of the reference point, and compare different decomposition methods.

	Enhancing MOEA/D with guided mutation and priority update for multi-objective optimization
	Chen, C., Chen, C., and Zhang, Q. (2009). 
	Multi-objective optimization is an essential and challenging topic in the domains of engineering and computation because real-world problems usually include several conflicting objectives.

	Evolutionary multi-objective optimization: A historical view of the field
	Coello Coello, C. A. (2006). 
	Using as a framework the history of this discipline, we discuss some of the most representative algorithms that have been developed so far, as well as some of their applications



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 have proposed an improved MOEA/D for the MOPs with complex PFs. The proposed MOEA/D-AWA is an enhanced MOEA/D with two major modifications. One is a new weight vector initialization method based on the geometric analysis of the Tchbeycheff decomposition approach, the other is an adaptive weight vector adjustment (AWA) strategy for dealing with the MOPs with complex PFs. We compare MOEA/D-AWA with four other state-of-the-art algorithms: the original MOEA/D, Adaptive-MOEA/D and paλ-MOEAD which are two enhanced MOEA/D with weight adjustment, and NSGA-II. Experimental studies have been carried out on ten wellknown ZDT and DTLZ instances and two newly constructed instances with special designed complex PFs which have sharp peak and low tail. The proposed MOEA/DAWA approach has also been applied to two many-objective problems. Experimental results have indicated that the proposed MOEA/D-AWA approach is able to successfully obtain a well-converged and well diversified set of nondominated solutions. A detailed study has also indicated that the new weight vector initialization method can significantly improve the performance of MOEA/D on triobjective MOPs with simple PFs. 
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