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ABSTRACT
Deep learning (DL) based diagnosis models have to be trained by large quantities of monitoring data of machines. However, in real-case scenarios, machines operate under the normal condition in most of their life time while faults seldom happen. Therefore, though massive data are accessible, most are data of the normal condition while fault data are still extremely limited. In other words, fault diagnosis of real machines is actually a few-shot diagnosis problem. To deal with few-shot diagnosis, this paper proposes adaptive knowledge transfer with multi-classifier ensemble (AKTME) under the paradigm of continual machine learning (CML). In AKTME, knowledge learned by DL models is considered to be represented by the learnable filter kernels (FKs). The key of AKTME is a proposed continual weighted updating (CWU) technique of FKs. By CWU, shared FKs are distilled from multiple auxiliary tasks and adaptively transferred to the target task. Then by multi-classifier ensemble, AKTME is able to recognize faults with few fault data accessible. AKTME is applied on two few-shot diagnosis cases. Results verify that AKTME achieves higher diagnosis accuracies than recently proposed methods. Moreover, AKTME tends to improve the diagnosis accuracy as it pre-learns on more auxiliary tasks continually.


                            
                          CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· Many of the existing intelligent data-driven fault diagnosis techniques in the literature struggle to adapt to different working conditions (such as different motor loads, different rotating shaft speeds, or varying amounts of environmental noise).
· In this paper, we propose a novel deep learning model for fault detection and diagnosis of time-series data that addresses many of the problems with existing intelligent data-driven fault diagnosis techniques. 
· The proposed novel dual-path deep learning model obtains state-of-the-art classification performance, while also addressing many of the problems with existing intelligent data-driven fault diagnosis techniques such as being able to operate on raw time series data (with no need for complex feature engineering) and robustness to noise and changes in operating conditions 
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· Researchers therefore attempted to use domain adaptation (DA) to solve the problem. DA can be regarded as a special case of transfer learning, which aims to transfer shared knowledge across different but related domains. 
· However, DA methods still suffer from some obstacles in solving the cross-domain fault diagnosis problem.
· For this motivation, this study introduces domain generalization (DG) into cross-domain fault diagnosis problems to remove the dependency on target domain data.
· By contrast, A6 performs worse than ADIG, which again proves the importance of the IN strategy in the generalization problem. 
2.2. PROPOSED SYSTEM 
· We show that our proposed framework works directly on the raw temporal data obviating the need for manual feature extraction or noise removal.
· In this paper, a novel dual-path deep learning network, combining a recurrent neural network path and a deep convolutional network path (RNN-WDCNN) is proposed and applied to fault diagnosis for rolling element bearings.
· The deep convolutional path of the proposed model, therefore, consists of five convolutional stages for feature extraction and a final dimension reduction stage to compress the learned feature representations.
· With an inference time of 3.53 ms, this would allow the proposed RNN-WDCNN intelligent fault diagnosis system to process the vibration data online in real-time.

2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· The discrepancy between the source and target domains causes a domain shift through the different working conditions, where the performance of the diagnostic model degenerates when the model is trained by the source domain but is used as an inference engine in the target domain. 
· Besides, an adaptive weight strategy achieves weight self-learning during multitask learning to improve performance.
· Comprehensive experiments based on two case studies are conducted to evaluate the performance of ADIG.
· To balance the multitask loss dynamically, a weight coefficient learner is proposed in this work to achieve adaptive weights.
· Modern industries are moving toward informatization and intelligentization in the fourth industrial revolution era, and modern machinery and equipment are widely used in various fields, such as construction, aviation, electric power, and metallurgy. 







Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Diagnostic and Prediction of Machines Health Status as Exemplary Best Practice for Vehicle Production System
	R. C. Luo and H. Wang, 
	Diagnosis and prediction of the health status of vehicle components production line machine is the core requirement for global manufacturing system. 

	An Intelligent Fault Diagnosis Method Using Unsupervised Feature Learning Towards Mechanical Big Data
	Y. Lei, F. Jia, J. Lin, S. Xing, and S. X. Ding, 
	The proposed method is validated by a motor bearing dataset and a locomotive bearing dataset, respectively.

	Initial center frequency-guided VMD for fault diagnosis of rotating machines
	X. Jiang, C. Shen, J. Shi, and Z. Zhu, 
	 A comparison with existing methods demonstrates the superiority of the proposed method to detect weak faults.

	An automatic and robust features learning method for rotating machinery fault diagnosis based on contractive autoencoder
	C. Shen, Y. Qi, J. Wang, G. Cai, and Z. Zhu, 
	Fault diagnosis of rotating  machinery is vital to improve the security and reliability as well as avoid serious accidents.



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:
    Three contributions are presented in this study. First, we propose a novel insight, generic domain-regressive framework, which can diagnose unseen fault patterns in the target domain. Second, we propose a novel ADIG fault diagnosis framework to diagnose the unseen domain faults with three customized modules, i.e., feature extractor, domain classifier, and fault classifier. Through adversarial training, domain-invariant and fault-related knowledge are learned from multiple domains. Third, the adaptive weight strategy together with the normalization strategy facilitates training to learn and transfer additional domain-invariant features to the target domain. Visualization representation manifests the internal feature cluster of the proposed method, and comprehensive experiments prove that ADIG can generalize the knowledge to an unseen target domain, thus proving the superiority of ADIG for real industrial applications. 









                                             CHAPTER-6
                               REFERENCE
· [1] R. C. Luo and H. Wang, “Diagnostic and Prediction of Machines Health Status as Exemplary Best Practice for Vehicle Production System,” IEEE Veh. Technol. Conf., vol. 2018-Augus, pp. 1–5, 2018. 
· [2] Y. Lei, F. Jia, J. Lin, S. Xing, and S. X. Ding, “An Intelligent Fault Diagnosis Method Using Unsupervised Feature Learning Towards Mechanical Big Data,” IEEE Trans. Ind. Electron., vol. 63, no. 5, pp. 3137–3147, 2016. 
· [3] X. Jiang, C. Shen, J. Shi, and Z. Zhu, “Initial center frequency-guided VMD for fault diagnosis of rotating machines,” J. Sound Vib., vol. 435, pp. 36–55, 2018. 
· [4] Z. Pan, Z. Meng, Z. Chen, W. Gao, and Y. Shi, “A two-stage method based on extreme learning machine for predicting the remaining useful life of rolling-element bearings,” Mech. Syst. Signal Process., vol. 144, p. 106899, 2020. 
· [5] C. Shen, Y. Qi, J. Wang, G. Cai, and Z. Zhu, “An automatic and robust features learning method for rotating machinery fault diagnosis based on contractive autoencoder,” Eng. Appl. Artif. Intell., vol. 76, no. 8, pp. 170–184, 2018. 
· [6] L. Cui, X. Wang, H. Wang, and J. Ma, “Research on Remaining Useful Life Prediction of Rolling Element Bearings Based on Time-Varying Kalman Filter,” IEEE Trans. Instrum. Meas., vol. PP, no. c, pp. 1–1, 2019. 
· [7] H. Zheng et al., “Cross-Domain Fault Diagnosis Using Knowledge Transfer Strategy: A Review,” IEEE Access, vol. 7, pp. 129260– 129290, 2019. 
· [8] D. Xiao, Y. Huang, L. Zhao, C. Qin, H. Shi, and C. Liu, “Domain Adaptive Motor Fault Diagnosis Using Deep Transfer Learning,” IEEE Access, vol. 7, pp. 80937–80949, 2019.
· [9] X. Wang, H. He, and L. Li, “A Hierarchical Deep Domain Adaptation Approach for Fault Diagnosis of Power Plant Thermal System,” IEEE Trans. Ind. Informatics, vol. 15, no. 9, pp. 5139–5148, 2019. 
· [10] Z. H. Liu, B. L. Lu, H. L. Wei, X. H. Li, and L. Chen, “Fault Diagnosis for Electromechanical Drivetrains Using a Joint Distribution Optimal Deep Domain Adaptation Approach,” IEEE Sens. J., vol. 19, no. 24, pp. 12261–12270, 2019. 

image1.png
Mean accuracy (%)
R

1234567 89101520




