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ABSTRACT
Online non-intrusive load monitoring methods have captivated academia and industries as parsimonious solutions for household energy efficiency monitoring as well as safety control, anomaly detection, and demand-side management. However, despite the promised energy efficiency by providing appliance specific consumption information feed-backs, the computational energy cost for running the load monitoring systems is not explored. This study analyzes whether the energy spent to execute the non-intrusive algorithms, out-weights the expected energy efficiency gain from using the algorithms. Furthermore, we present a study on the computation costs estimation and prediction of a Cloud-based online non-intrusive load disaggregation algorithm through data-driven models. Moreover, a generic framework for an automated algorithm computational cost monitoring and the modeling methodologies are devised and proposed for meeting extensive scaling load monitoring and deployment requirements. The proposed approach was examined and validated on ls and cvs running the disaggregation algorithm. The prediction models, developed using statistical and machine learning tools, demonstrate the promising applicability of the data-driven approach with a very high prediction accuracy without detailed knowledge of the computing systems and the algorithm.

                            
CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· This data acquisition is commonly related to a device or system, very close to the existing electrical facilities, where different approaches can be deployed in order to measure certain parameters, such as currents or voltages, in a certain household or building.
· It has been concluded that all models provide excellent classification performance and correctly identified the existing devices, establishing the applicability of the proposed approach.
· The first step of any HEMS is to monitor the electricity consumption of the several devices existing in a household.
· As a myriad of approaches has been proposed for this last step of NILM, the aim of this section is not to provide a deep review of the existing alternatives, but rather to point out important works on optimization and machine learning (supervised and unsupervised) algorithms used for load classification. 



2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· These power changes are grouped into clusters, with each cluster representing a state change of a target appliance. Since then, several works have investigated the NILM problem utilizing different sampling rates and techniques. 
· This visual representation solves the appliance recognition problem by exploiting computer vision techniques.
· Thus, there is no need to implement specific algorithms; instead, by training a CNN model, the classification problem can be successfully solved.
· To evaluate the classifier, the most common metrics used in classification and NILM problems are adopted. 
2.2. PROPOSED SYSTEM 
· In an event-based algorithm is proposed to identify load signatures, according to trajectories of real, reactive and distortion power. 
· Other transforms were also employed, such as the Stockwell Transform , and combinations of different techniques, such as DWT and harmonics , have also been proposed.
· A fusion of a supervised training process over available labelled datasets with an unsupervised training method over unlabelled aggregate data is proposed in.
· The authors analysed the requirements of DR and proposed a new NILM system with an enhanced load space and measurement approach.
· As their application did not include renewables, they proposed to include them, together with a forecasting mechanism for the electricity produced, in future work.
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· In this sense, the proposed algorithm performance may degrade for multi-state appliances. 
· Consequently, the identification algorithm’s performance is independent of the simultaneous operation of other types of appliances, even when a large number of devices is considered.
· It is evident that the proposed classification algorithm presents high performance regarding the microwave and the fridge.
· The overall performance of the proposed methodology is tested on a private dataset.
· The performance of the proposed methodology is compared to other NILM-based energy consumption estimation systems. 
· In this study, three appliances are selected to test the proposed methodology’s performance, i.e., fridge, washing machine, and microwave oven. 



Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Review of Smart Meter Data Analytics: Applications, Methodologies, and Challenges
	Wang, Y.; Chen, Q.; Hong, T.; Kang, C. 
	The widespread popularity of smart meters enables an immense amount of fine-grained electricity consumption data to be collected.

	State Forecasting and Operational Planning for Distribution Network Energy Management Systems
	Hayes, B.P.; Prodanovic, M. 
	The paper describes development of three services designed for use in distribution network energy management systems.

	Chance Constrained Optimization in a Home Energy Management System
	Huang, Y.; Wang, L.; Guo, W.; Kang, Q.; Wu, Q. 
	This paper details a proposed demand response (DR) application to optimize the operation of appliances in an indeterminate environment in a home energy management system (HEMS).

	Detection of Non-Technical Losses Using Smart Meter Data and Supervised Learning
	Buzau, M.M.; Tejedor-Aguilera, J.; Cruz-Romero, P.; Gómez-Expósito, A. 
	 In this paper, we propose a methodology for non-technical loss detection using supervised learning.



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, a novel real-time event-based energy disaggregation methodology is introduced. Initially, a simple event-detection algorithm is proposed to find time instants when an appliance is turned-on and extract transient responses at 100 Hz. Next, a convolutional neural network classifier identifies if a transient response was caused by a target appliance. Finally, a power estimation algorithm is implemented considering appliance end-uses as pulses of constant power. Experimental results show a promising performance for specific appliances. Unlike most relevant papers in the literature, the proposed non-intrusive load monitoring system can identify in real-time when an appliance is turned-on based on its information-rich transient response sampled at 100 Hz. Furthermore, it is delay-free since, once a target appliance has been turned-on, the active power can be directly calculated. Moreover, the system is computational and memory-efficient and can be integrated into smart meters. The proposed approach can be used for a significant number of appliances with negligible error. However, energy consumption of specific appliances, e.g., heat pump, tumble dryer, including many states of operation, cannot be calculated by the proposed methodology. For such cases, dedicated algorithms should be implemented. As future steps, a more robust power estimation algorithm will be examined for multi-state appliance uses. Additionally, the proposed methodology will be tested on more types of appliances.
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