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ABSTRACT
Most convolutional neural network (CNN)-based cloud detection methods are built upon the supervised learning framework that requires a large number of pixel-level labels. However, it is expensive and time-consuming to manually annotate pixelwise labels for massive remote sensing images. To reduce the labeling cost, we propose an unsupervised domain adaptation (UDA) approach to generalize the model trained on labeled images of source satellite to unlabeled images of the target satellite. To effectively address the domain shift problem on cross-satellite images, we develop a novel UDA method based on grouped features alignment (GFA) and entropy minimization (EM) to extract domain-invariant representations to improve the cloud detection accuracy of cross-satellite images. The proposed UDA method is evaluated on ``Landsat-8 → ZY-3'' and ``GF-1→ ZY-3'' domain adaptation tasks. Experimental results demonstrate the effectiveness of our method against existing state-of-the-art UDA approaches. The code of this paper has been made available online (https://github.com/nkszjx/grouped-features-alignment).



                            
                          CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· Existing works for domain adaptation in semantic segmentation focus on RGB data.
· Therefore, when applying existing models on data with a different distribution than the training data, i.e., from a different domain, the performance is considerably degraded.
· Coping with these issues would enable the use of large existing labeled LiDAR datasets for more realistic use-cases in robotic applications, reducing the need for data labeling. 
· SqueezeSegV2 based the adaptation on existing adaptation works like correlation alignment .
· This work investigates different UDA strategies (both existing and novel) to improve UDA for the particular case of LiDAR semantic segmentation. 
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· The first strategy addresses this problem by applying a set of simple steps to align the data distribution reducing the domain gap on the input space. 
· As far as deep learning methods are concerned, there are two main types of approaches to tackle the 3D LiDAR semantic segmentation problem. 
· Regarding segmentation on LiDAR data, very few works have studied the problem of domain adaptation. 
· Depending on the problem tackled and prior knowledge, we can hypothesize which of these differences can be neglected and assumed not to affect to the models we are learning.
2.2. PROPOSED SYSTEM 
· They propose to apply the KL divergence between the output probabilities of both modalities as the main loss function. Besides, they also apply previously proposed methods like entropy minimization.
· The proposed approach achieves better results than the other baselines in the three different scenarios for unsupervised domain adaptation in LiDAR Semantic Segmentation.
· These two proposed strategies can be applied in conjunction with current state-of-the-art approaches boosting their performance. 
· Besides, we propose a learning-based approach that aligns the distribution of the semantic classes of the target domain to the source domain.
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· As evaluated on extensive domain adaptation tasks, our proposed method achieves stateof-the-art classification performance on both vanilla unsupervised domain adaptation and partial domain adaptation. 
· Domain adaptation attempts to boost the performance on a target domain by borrowing knowledge from a well established source domain.
· These approaches are suitable for those scenarios where the source and target domains share the same support, thus they cannot achieve satisfactory performance in the wild scenarios.
· Compared with these two novel methods, our method still achieves the best performance, demonstrating the advantage and necessity of considering the relation between the global and local distribution alignment. 
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Discriminative learning under covariate shift
	S. Bickel, M. Bruckner, and T. Scheffer. 
	We derive a solutio n that is purely discriminative: neither training nor test distribution are modeled explicitly.

	Partial transfer learning with selective adversarial networks
	Zhangjie Cao, Mingsheng Long, Jianmin Wang, and Michael I. Jordan. 
	This paper introduces partial transfer learning, which relaxes the shared label space assumption to that the target label space is only a subspace of the source label space. 

	Partial adversarial domain adaptation
	Zhangjie Cao, Lijia Ma, Mingsheng Long, and Jianmin Wang. 
	Domain adversarial learning aligns the feature distributions across the source and target domains in a two-player minimax game.

	Robust transfer metric learning for image classification
	Z. Ding and Y. Fu. 
	Conventional metric learning always assumes the training and test data are sampled from the same or similar distribution.



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:
   Aiming for better unsupervised domain adaption, we propose a novel method named GSDA aligning the distribution of two different domains globally and locally as well, with gradient synchronization between them. The hierarchical gradient synchronization module is established to ensure the consistency between global and local distribution alignment for better structure preservation. The extensive experiments verify the superiority of our method. 
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