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Active Domain Adaptation With Application to Intelligent Logging Lithology Identification






ABSTRACT
Lithology identification plays an essential role in formation characterization and reservoir exploration. As an emerging technology, intelligent logging lithology identification has received great attention recently, which aims to infer the lithology type through the well-logging curves using machine-learning methods. However, the model trained on the interpreted logging data is not effective in predicting new exploration well due to the data distribution discrepancy. In this article, we aim to train a lithology identification model for the target well using a large amount of source-labeled logging data and a small amount of target-labeled data. The challenges of this task lie in three aspects: 1) the distribution misalignment; 2) the data divergence; and 3) the cost limitation. To solve these challenges, we propose a novel active adaptation for logging lithology identification (AALLI) framework that combines active learning (AL) and domain adaptation (DA). The contributions of this article are three-fold: 1) the domain-discrepancy problem in intelligent logging lithology identification is first investigated in this article, and a novel framework that incorporates AL and DA into lithology identification is proposed to handle the problem; 2) we design a discrepancy-based AL and pseudolabeling (PL) module and an instance importance weighting module to query the most uncertain target information and retain the most confident source information, which solves the challenges of cost limitation and distribution misalignment; and 3) we develop a reliability detecting module to improve the reliability of target pseudolabels, which, together with the discrepancy-based AL and PL module, solves the challenge of data divergence. Extensive experiments on three real-world well-logging datasets demonstrate the effectiveness of the proposed method compared to the baselines.



        	








                            
                          CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· Existing work for domain adaptation in sentiment classification mostly belongs to labeling adaptation. 
· The problem of domain adaptation has attracted increasing attention in the fields of both machine learning and natural language processing (NLP). 
· The domain-independent features generally perform more consistently when the domain changes.
· We empirically show that both FE and PCA-SS are effective for cross-domain sentiment classification, and that SS-FE performs better than either approach because it comprehensively considers both labeling and instance adaptation. 
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· In this paper, considering the practical defect diagnosis application, a novel DA approach is proposed to handle the class imbalance problems.
· Within the last decade, DA techniques have been focused on solving the above problem.
· Compared with the previous approaches, our work aims to model the manifold regularization, MVD and the instance reweighting techniques in a unified way to solve the class imbalance problem in fault diagnosis.
· To solve this non-trivial problem, ignored the intermediate density estimate, proposed a non-parametric divergence-MMD to compute the distance across domains by matching the data to the reproducing kernel Hilbert space (RKHS). 
2.2. PROPOSED SYSTEM 
· A feature ensemble (FE) model is first proposed to learn a new labeling function in a feature re-weighting manner.
· In this work, we propose a joint method, called feature ensemble plus sample selection (SS-FE), to take full account of these two attributes for domain adaptation in sentiment classification.
· In formulating our SS-FE method, we first propose a labeling adaptation method via POS-based feature ensemble (FE). 
· To address this issue, we propose PCA-SS as an aid to FE. 
· PCA-SS first selects a subset of the source domain labeled data whose instance distribution is close to the target domain, and then uses these selected samples as training data in labeling adaptation.


2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· The fundamental challenge for the generalization performance of DA approaches is to decrease the cross-domain distribution discrepancy.
· By contrast, MVD simultaneously regards the first-order and secondorder statistics, which shows better performance of marginal distribution adaptation and can bridge the cross-domain discrepancy more effectively than MMD.
· A rolling bearing dataset offered by Case Western Reserve University was employed to validate the performance of MRMI in this part.
· The smooth transmission of the object datasets can be guaranteed by mapping the global GFK into a low dimension representation, thus, good diagnosis performance can be obtained.
· This indicates that the performance of DANN decreases dramatically when the cross-domain discrepancy is substantially large.
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Big data approach to batch process monitoring: Simultaneous fault detection and diagnosis using nonlinear support vector machine-based feature selection
	Onel, M.; Kieslich, C.A.; Guzman, Y.A.; Pistikopoulos, E.N. 
	This paper presents a novel data-driven framework for process monitoring in batch processes, a critical task in industry to attain a safe operability and minimize loss of productivity and profit. 

	An intelligent system based on optimized ANFIS and association rules for power transformer fault diagnosis
	Tightiz, L.; Nasab, M.A.; Yang, H.; Addeh, A. 
	Two industrial datasets are utilized to test and evaluate the performance of the put forward method. 

	Fault diagnosis of single-phase induction motor based on acoustic signals
	Adam, G. 
	The proposed methods had good results for diagnosis of bearing, stator and rotor faults of the single-phase induction motor.

	A multi-level output-based DBN model for fine classification of complex geo-environments area using ziyuan-3 TMS imagery
	Li, M.; Tang, Z.; Tong, W.; Li, X.J.; Wang, L.Z. 
	Fine-scale land use and land cover (LULC) data in a mining area are helpful for the smart supervision of mining activities.





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:
     This study develops a new MRMI method for mechanical fault diagnosis in a class imbalance environment. MRMI joins manifold regularization, MVD, and instance reweighting to handle the class imbalance problem. In addition, `2-norm regularization is employed for improving the generalization ability of MRMI. The proposed method is tested on two sample class imbalanced vibration datasets. The classification results show that MRMI can effectively extract more transferable features and significantly outperform the other four baseline domain adaptation approaches while the distribution discrepancy across domains is rather large. Thus, MRMI is a robust and effective DA model for cross-domain mechanical fault diagnosis problems. In the near future, MRMI could be extended to other related fields, such as online health monitoring. 
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