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ABSTRACT
By training different models and averaging their predictions, the performance of the machine-learning algorithm can be improved. The performance optimization of multiple models is supposed to generalize further data well. This requires the knowledge transfer of generalization information between models. In this article, a multiple kernel mutual learning method based on transfer learning of combined mid-level features is proposed for hyperspectral classification. Three-layer homogenous superpixels are computed on the image formed by PCA, which is used for computing mid-level features. The three mid-level features include: 1) the sparse reconstructed feature; 2) combined mean feature; and 3) uniqueness. The sparse reconstruction feature is obtained by a joint sparse representation model under the constraint of three-scale superpixels' boundaries and regions. The combined mean features are computed with average values of spectra in multilayer superpixels, and the uniqueness is obtained by the superposed manifold ranking values of multilayer superpixels. Next, three kernels of samples in different feature spaces are computed for mutual learning by minimizing the divergence. Then, a combined kernel is constructed to optimize the sample distance measurement and applied by employing SVM training to build classifiers. Experiments are performed on real hyperspectral datasets, and the corresponding results demonstrated that the proposed method can perform significantly better than several state-of-the-art competitive algorithms based on MKL and deep learning.
                          CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· The proposed method further considers contextual information using MRF while the existing methods do not utilize this prior.
· However, existing HSI data sets suffer from a significant class imbalance problem, where many classes do not have enough samples to characterize the spectral information.
· The performance of existing CNN models is biased toward the majority classes, which possess more samples for the training.
· Our 3D-HyperGAMO generates the new samples in the distribution of existing class-specific samples for minority classes from noise.
· The proposed model outperforms existing models in most of the cases. Moreover, the performance gain obtained by the proposed model is more significant for small training sets. 
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· This problem is usually reduced by introducing a feature selection/extraction step before training the hyperspectral classifier with the basic objective of reducing the high input dimensionality.
· However, an important problem in the context of hyperspectral data is the high number of spectral bands and relatively low number of labeled training samples, which poses the well-known Hughes phenomenon. 
· The properties of kernel methods make them well-suited to tackle the problem of hyperspectral image classification since they can handle large input spaces efficiently, work with a relatively low number of labeled training samples, and deal with noisy samples in a robust way. 
2.2. PROPOSED SYSTEM 
· In the proposed method, we adopt a fine-tuning (FT) strategy to largely reduce the cost of retraining CNN after each round, and thus reduce the computational complexity.
· Although there have been several works combining AL with deep learning for HSI classification, our proposed method has its specific characteristics. 
· Therefore, this proposed method can be regarded as a further attempt to combine AL with a deep neural network as well as consider more contextual information in order to reduce the labeling cost.
· To expand the training set for training deep CNN, a novel pixel-pair method is proposed.
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· We take advantage of two especially interesting properties of kernel methods: (i) their good performance when working with high input dimensional spaces, and (ii) the properties derived from Mercer’s conditions by which a scaled summation of (positive definite) kernel matrices are valid kernels, which have provided good results in other domains .
· Among all the available kernel machines, we focus on SVMs, which have recently demonstrated superior performance in the context of hyperspectral image classification.
· However, performance can be improved by including both spectral and textural information in the classifier.
· There is superior performance of cross-information and weighted summation kernels with respect to the usual stacked approach. 
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	A statistical approach to the fusion of spectral and spatio–temporal contextual information for the classification of remote–sensing images
	F. Melgani and S. R. Serpico, 
	In this paper, an iterative statistical approach is proposed to fuse spectral information with spatial and temporal contextual information for the classification of multitemporal, multisensor remote-sensing images.

	Fuzzy rule-based classification of remotely sensed imagery
	A. Bardossy and L. Samaniego, 
	The fuzzy classification algorithm will use a rule system derived from a training set using simulated annealing as an optimization algorithm. 

	A multiple-cascade-classifier system for a robust and partially unsupervised updating of land-cover maps
	L. Bruzzone and R. Cossu, 
	The system is composed of an ensemble of partially unsupervised classifiers integrated in a  multiple-classifier architecture.

	On the mean accuracy of statistical pattern recognizers
	G. F. Hughes, 
	The minimum-error recognition rule (Bayes) is used, with the unknown pattern environment probabilities estimated from the data relative frequencies.



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:
    We have presented a full framework of composite kernels for hyperspectral image classification, which efficiently combines contextual and spectral information. This approach opens a wide range of further developments in the context of Mercer’s kernels for hyperspectral image classification. For instance, tuning the µ parameter as a function of prior knowledge on class distribution could be considered. Our immediate future work is tied to the use of other kernel distances, such as the spectral angle mapper, and more sophisticated texture techniques for describing the spatial structure of the classes, such as Gabor filters, Markov random fields, and co-occurrence matrices. 
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