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ABSTRACT
Most ground-based remote sensing cloud classification methods focus on learning representation features for cloud images while ignoring the correlations among cloud images. Recently, graph convolutional network (GCN) is applied to provide the correlations for ground-based remote sensing cloud classification, in which the graph convolutional layer aggregates information from the connected nodes of graph in a weighted way. However, the weights assigned by GCN cannot reflect the importance of connected nodes precisely, which declines the discrimination of the aggregated features (AFs). To overcome the limitation, in this article, we propose the context graph attention network (CGAT) for ground-based remote sensing cloud classification. Specifically, the context graph attention layer (CGA layer) of CGAT is proposed to learn the context attention coefficients (CACs) and obtain the AFs of nodes based on the CACs. We compute the CACs not only considering the two connected nodes but also their neighborhood nodes in order to stabilize the aggregation process. In addition, we propose to utilize two different transformation matrices to transform the node and its connected nodes into new feature spaces, which could enhance the discrimination of AFs. We concatenate the AFs with the deep features (DFs) as final representations for cloud classification. Since existing ground-based cloud data sets (GCDs) have limited cloud images, we release a new data set named GCD that is the largest one for ground-based cloud classification. We conduct a series of experiments on GCD, and the experimental results verify the effectiveness of CGAT.



        	









                            
CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· Different from objectoriented classification, scene classification is a considerably challenging problem because of the variance and complex spatial distributions of ground objects existing in the scenes.
· Considering the number of scene categories and the accuracy saturation of the existing scene classification data sets.
· These methods all used pre-trained CNNs as feature extractors and then fused or combined the features extracted by existing CNNs.
· Two key factors that influences the performance of scene classification tasks are intraclass diversity and interclass similarity existing in remote sensing images. 
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· Some scholars have attempted to use the GNN to solve visual problems, such as image classification.
· However, due to the accumulation of misclassification information during the generation of label sequences, the use of the RNN may cause an error propagation problem .
· However, due to the difference between image data and graph-structured data, it is still a problem worth exploring to mine the spatio-topological relationship of images via GAT.
· Thus, how to effectively extract discriminative semantic representations to distinguish multiple categories is still an open problem that deserves much more exploration. 
2.2. PROPOSED SYSTEM 
· A number of advanced scene classification systems or approaches have been proposed, especially driven by deep learning.
· After this, a number of deep learning-based scene classification algorithms were proposed, such as CNN-based methods and GAN-based methods.
· A number of reviews of scene classification approaches have been published.
· Because of fusing features from the space and frequency domains, the proposed method is able to provide more discriminative feature representations.
· After extensive experiments, their proposed framework showed superior classification performance.
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· Benefiting from the nonlinear hierarchical abstract ability of deep learning, the convolutional neural network (CNN) has been extensively exploited to address MLRSSC and shows impressive performance .
· Extensive experimental results on two publicly available MLRSSC datasets, such as UCM multi-label dataset and AID multi-label dataset show that our proposed method can obtain superior performance compared with state-of-the-art methods.
· The superior performances on both UCM and AID multi-label datasets can show the robustness and effectiveness of our method.
· Obviously, the use of multi-head attention can improve the classification performance because it can learn more abundant feature representations. 
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Effective and efficient midlevel visual elements-oriented land-use classification using VHR remote sensing images
	Cheng, G.; Han, J.; Guo, L.; Liu, Z.; Bu, S.; Ren, J. 
	This is achieved by building a single-hidden-layer autoencoder and a single-hidden-layer neural network with an L0-norm sparsity constraint, respectively. 

	Unsupervised multilayer feature learning for satellite image scene classification
	Li, Y.; Tao, C.; Tan, Y.; Shang, K.; Tian, J. 
	This letter proposes a simple but effective approach to automatically learn a multilayer image feature for satellite image scene classification.

	Error-tolerant deep learning for remote sensing image scene classification
	Li, Y.; Zhang, Y.; Zhu, Z. 
	In contrast, it is not only relatively easy to collect coarse and noisy labels but also inevitable to introduce label noise when collecting large-scale annotated data in the remote sensing scenario.

	Accurate cloud detection in high-resolution remote sensing imagery by weakly supervised deep learning
	Li, Y.; Chen, W.; Zhang, Y.; Tao, C.; Xiao, R.; Tan, Y. 
	Accurate automated segmentation of remote sensing data could benefit applications from land cover mapping and agricultural monitoring to urban development surveyal and disaster damage assessment.



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:
      MLRSSC remains a challenging task because it is difficult to learn the discriminative semantic representations to distinguish multiple categories. Although many deep learning-based methods have been proposed to address MLRSSC and achieved a certain degree of success, the existing methods are limited by only perceiving visual elements in the scene but disregarding the spatial relationships of visual elements. With this consideration, this paper proposes a novel MLRSSC-CNNGNN framework to address MLRSSC. Different from the existing methods, the proposed method can comprehensively utilize the visual and spatial information in the scene by combining the CNN and the GNN. Specifically, we encode the visual content and spatial structure of the RS image scene by constructing scene graph. 
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