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ABSTRACT
This article presents a novel discriminative subspace-learning-based unsupervised domain adaptation (DA) method for the gas sensor drift problem. Many existing subspace learning approaches assume that the gas sensor data follow a certain distribution such as Gaussian, which often does not exist in real-world applications. In this article, we address this issue by proposing a novel discriminative subspace learning method for DA with neighborhood preserving (DANP). We introduce two novel terms, including the intraclass graph term and the interclass graph term, to embed the graphs into DA. Besides, most existing methods ignore the influence of the subspace learning on the classifier design. To tackle this issue, we present a novel classifier design method (DANP+) that incorporates the DA ability of the subspace into the learning of the classifier. The weighting function is introduced to assign different weights to different dimensions of the subspace. We have verified the effectiveness of the proposed methods by conducting experiments on two public gas sensor datasets in comparison with the state-of-the-art DA methods.



    
CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· This can effectively avoid the so-called dimensional disaster, in which the expected sum converges to a constant due to the existence of a large number of independent components in the data.
· However, this method does not exploit the label information in the source data and ignores the case that multimodal data distribution might exist.
· If we use particles instead of birds to describe this process, each particle in the model is an individual in the N-dimensional space to search in the space. 
· The current position of each particle in the particle swarm can be regarded as a candidate solution of the current optimization problem. 
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· Machine learning tools, particularly, domain adaptation (DA) methods, are utilized to deal with the gas sensor drift problems. 
· However, the gas sensor drift problem is quite common due to the environment change, such as temperature and humidity variations.
· The focus of this article is on the subspace-learning-based unsupervised DA methods for the gas sensor drift problem, where we have no access to the label information of gas sensor data from the target domain.
· To be specific, we proposed a novel discriminative subspace-learning-based DA method to conquer the gas sensor drift problem. 
· The novel SVM classifier can be efficiently solved by reformulating the problem as a smooth support vector machine (SSVM). 
2.2. PROPOSED SYSTEM 
· In this article, a local discriminant subspace projection (LDSP) method is proposed to tackle the gas sensor drift problem. 
· The proposed approach is a significant extension of a recently proposed subspace projection approach, i.e., domain regularization component analysis (DRCA) in.
· The proposed approach exploits the class label information of the source data in order to reduce the possibility of the case that data with different labels in the latent subspace stay close to each other. 
· We have proposed to introduce the locality-preserving projection for the subspace learning to deal with multimodal data. 
· We have shown that the proposed approach performs better than the state-of-the-art methods on two public gas sensor drift datasets.

2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· The proposed methods inherited the merits of extreme learning machines, i.e., high efficiency of computation.
· We will take a more complicated technique of feature augmentation into consideration in the future work for further performance improvement.
· However, the deep learning-based methods cannot be better than the proposed methods on the average recognition performance. 
· LDSP has a better performance than DANP, which means that DANP might not be good enough to deal with the multimodal data.
· This technique is also used in other DA methods such as the transfer component analysis (TCA).
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Compensation for the driftlike terms caused by environmental fluctuations in the responses of chemoresistive gas sensors
	F. Hossein-Babaei and V. Ghafarinia, 
	The ambient humidity and temperature along with the as-measured steady-state value of the sensor's resistance are the inputs to the system, while the contaminant concentration is defined as the output.

	An agent-based implementation of hidden Markov models for gas turbine condition monitoring
	A. D. Kenyon, V. M. Catterson, S. D. J. McArthur, and J. Twiddle, 
	This paper considers the use of a multiagent system (MAS) incorporating hidden Markov models for the condition monitoring of gas turbine (GT) engines.

	An energy-efficient multimode multichannel gas-sensor system with learning-based optimization and self-calibration schemes
	K. Park et al., 
	In-house microelectro-mechanical (MEMS) devices, with a suspended nanowire structure, are manufactured to provide desired characteristics of small size, low power, and high sensitivity.

	Non-destructive evaluation of apple maturity using an electronic nose system
	L. P. Pathange, P. Mallikarjunan, R. P. Marini, S. O’Keefe, and D. Vaughan, 
	Maturity indices such as starch index and puncture strength were used to categorize Gala apples into three maturity groups referred to as immature, mature and over mature fruits.






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
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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:
     This article proposed a novel discriminative subspace learning-based method for the gas sensor drift problem. Comparing with the existing approaches, we have made two major contributions. The DANP and DANP+ methods drop the assumption of gas data distribution such as Gaussian using the graph embedding. The discriminative subspace learning is achieved by introducing the intraclass graph term and the interclass graph term. The intraclass graph term is utilized to preserve the graphical structure of the intraclass data samples, while the interclass graph term is utilized to preserve the graphical structure of the interclass data samples. In the meanwhile, the domain distribution discrepancy is reduced via the MDD term. In addition, we integrate the subspace learning and classifier learning in a unified framework to further improve the DA performance. The effectiveness of the DANP and DANP+ methods is verified by conducting experiments on two public gas sensor drift datasets. 
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