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Deep Manifold Embedding for Hyperspectral Image Classification







ABSTRACT
   Deep learning methods have played a more and more important role in hyperspectral image classification. However, general deep learning methods mainly take advantage of the sample-wise information to formulate the training loss while ignoring the intrinsic data structure of each class. Due to the high spectral dimension and great redundancy between different spectral channels in hyperspectral image, these former training losses usually cannot work so well for the deep representation of the image. To tackle this problem, this work develops a novel deep manifold embedding method (DMEM) for deep learning in hyperspectral image classification. First, each class in the image is modelled as a specific nonlinear manifold and the geodesic distance is used to measure the correlation between the samples. 
    Then, based on the hierarchical clustering, the manifold structure of the data can be captured and each nonlinear data manifold can be divided into several sub-classes. Finally, considering the distribution of each sub-class and the correlation between different sub-classes under data manifold, the DMEM is constructed as the novel training loss to incorporate the special class-wise information in the training process and obtain discriminative representation for the hyperspectral image. Experiments over four real-world hyperspectral image datasets have demonstrated the effectiveness of the proposed method when compared with general samples-based losses and also shown the superiority when compared with the state-of-the-art methods. 
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2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· There is a large variety of HSI classification problems requiring a tailored design or an accurate assessment of existing DL solutions. 
· To comply with the specific application requirements, complexity and computational issues as wellas hardware optimization must enter the selection of suitable approaches in addition to pursuing satisfactory accuracy performance.
· we present an overview of DL applications to HSI data subdivided into the main working fields. 
· There is still an imbalance between the number of RS related papers with respect to other application fields. 
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· There exists high nonlinearity of samples within each class due to the high spectral channels, which makes the representation under Euclidean distance cannot work well. 
· Therefore, how to effectively model and represent the samples of each class tends to be a difficult problem.
· Due to the good performance, this work takes advantage of the deep model to extract features from the hyperspectral image. 
· Therefore, how to construct the training loss and fully utilize the data information with a certain limited number of training samples becomes the essential and key problem for training deep model effectively 
2.2. PROPOSED SYSTEM 
· The proposed deep embedding model has demonstrated its superiority and effectiveness in the hyperspectral dimensionality reduction task. 
· Classification is explored as a potential strategy to quantitatively evaluate the performance of learned embedding representations. 
· Extensive experiments conducted on the widely-used hyperspectral datasets demonstrate the superiority and effectiveness of the proposed SSME as compared to several state-of-the-art embedding methods in terms of overall accuracy (OA), average accuracy (AA), and kappa coefficient (κ).
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· To objectively evaluate the classification performance, metrics of the overall accuracy (OA), average accuracy (AA), and the Kappa coefficient are adopted. 
· All the results come from the average value and standard deviation of ten runs of training and testing. 
· We present the general performance of the developed manifold embedding for hyperspectral image classification. 
· It should be noted that the developed manifold embedding is implemented through CPU and the computational performance can be remarkably improved by modifying the codes to run on the GPUs. 
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Weighted nonlocal low-rank tensor decomposition method for sparse unmixing of hyperspectral images
	L. Sun, F. Wu, T. Zhan, W. Liu, J. Wang, and B. Jeon, 
	A large number of mixed pixels in a hyperspectral image hinders the subsequent analysis and application of the image.

	Learning dual geometric lowrank structure for semisupervised hyperspectral image classification
	Z. Feng, S. Yang, M. Wang, and L. Jiao, 
	Most of the available graph-based semisupervised hyperspectral image classification methods adopt the cluster assumption to construct a Laplacian regularizer.

	Feature learning using spatial-spectral hypergraph discriminang analysis for hyperspectral image
	F. Luo, B. Du, L. Zhang, L. Zhang, and D. Tao, 
	SSHGDA can effectively reveal the complex spatial-spectral structures of HSI and enhance the discriminating power of features for land-cover classification.

	Low rank component induced spatial-spectral kernel method for hyperspectral image classification
	L. Sun, C. Ma, Y. Chen, Y. Zheng, H. J. Shim, Z. Wu, and B. Jeon, 
	Both techniques are likely to misclassify the pixels that lie at the boundaries of class, and thus a small target is always smoothed away.



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:
    Based on the intrinsic manifold structure of the hyperspectral image, this work develops a novel deep manifold embedding method (DMEM) for deep learning. This method aims to solve the problem of general samples-based losses ignoring the intrinsic structure of each class in hyperspectral image. Considering the characteristics of hyperspectral image, especially the spectral signature, the DMEM constructs the training loss using the manifold structure of the image and incorporates the class-wise information in the learning process. Therefore, the learned model by DMEM can be better fit for deep representation of the hyperspectral image. The proposed method have been evaluated over four datasets and compared to several related works to verify its performance and significance. Using the intrinsic data structure in the deep learning process does help to improve the performance of the deep model and experimental results have validated the effectiveness of the developed DMEM. 
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