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AutoDiagn An Automated Real time Diagnosis Framework for Big Data Systems







ABSTRACT
Big data processing systems, such as Hadoop and Spark, usually work in large-scale, highly-concurrent, and multi-tenant environments that can easily cause hardware and software malfunctions or failures, thereby leading to performance degradation. Several systems and methods exist to detect big data processing systems’ performance degradation, perform root-cause analysis, and even overcome the issues causing such degradation. However, these solutions focus on specific problems such as stragglers and inefficient resource utilization.    There is a lack of a generic and extensible framework to support the real-time diagnosis of big data systems. In this paper, we propose, develop and validate AutoDiagn. This generic and flexible framework provides holistic monitoring of a big data system while detecting performance degradation and enabling root-cause analysis. We present an implementation and evaluation of AutoDiagn that interacts with a Hadoop cluster deployed on a public cloud and tested with real-world benchmark applications. Experimental results show that AutoDiagn can offer a high accuracy root-cause analysis framework, at the same time as offering a small resource footprint, high throughput and low latency. 




                            
                          CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· It can also be used to deploy and configure node-level metrics on to registered nodes. Because of this, when registering nodes it is required that credentials for each node be supplied (username, password or key). 
· If node-level components and services have already been deployed by other tools they only have to register the already deployed node-level service endpoints. In this scenario credentials are not needed.
· Metrics version annotation is also supported by the dmon-controller. By this we mean that metrics pertaining to a specific application version can be annotated using tags. This way we can easily query, aggregate or even compare metrics of the application. 
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· Developing a general and extensible framework for diagnosing a big data system is not trivial. 
· It requires well-defined requirements which could enable the broader adoption of root-cause analysis for the big data systems, flexible APIs to interact with an underlying monitoring system and integration of multiple solutions for detecting performance reduction problems while enabling the automatic root-cause analysis.
· In this paper, we tackle this research gap, and design and develop AutoDiagn to automatically detect performance degradation and inefficient resource utilization problems, while providing an online detection and semi-online root-cause analysis for a big data system. 
2.2. PROPOSED SYSTEM 
· In most of reviewed platforms, analytics against collected monitoring data is handled via user-defined alerts. Although these provide valuable data for Ops teams, they do not provide the level of insight required by Dev teams for optimization and validation purposes. 
· More sophisticated, contextualized methods and tools are required. The DICE Anomaly Detection component is able to detect such anomalies and with the help of the DICE Enhancement tools will feedback this information into design-time models.
· logstash-forwarder is designed for the purpose of log forwarding to one or more logstash server instances. By using this approach inside DMon we are eliminating node-level side effects caused by local processing of logs.
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· To the best of our knowledge, there is a lack of a generic and comprehensive solution for the detection of a wide range of anomalies and performance of root-cause analysis in big data systems.
· We develop a general framework called AutoDiagn which can be adapted for the detection of a wide range of performance degradation problems while pinpointing their rootcauses in big data systems.
· Visualizing the collected metrics and the results of root-cause analysis of any failures causing performance reduction in the cluster with a userfriendly interface in real-time. 
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Cyber-physical application monitoring across multiple clouds
	A. Noor, K. Mitra, E. Solaiman, A. Souza, D. N. Jha, U. Demirbaga, P. P. Jayaraman, N. Cacho, and R. Ranjan, 
	Cyber-physical systems (CPS) integrate cyber-infrastructure comprising computers and networks with physical processes. The cyber components monitor, control, and coordinate the physical processes typically via actuators.

	Understanding application and system performance through system-wide monitoring
	R. T. Evans, J. C. Browne, and W. L. Barth, 
	TACC Stats has been in production use for about 5 years and is now used by numerous HPC systems around the world. 

	Architecture of a scalable platform for monitoring multiple big data frameworks
	G. Iuhasz, D. Pop, and I. Dragan, 
	 In this paper we present a distributed, scalable, highly available platform able to collect, store, query and process monitoring data obtained from multiple Big Data frameworks.

	A scalable platform for ˘ monitoring data intensive applications
	I. Dragan, G. Iuhasz, and D. Petcu, 
	In this paper we present a distributed, scalable, highly available platform able to collect, store, query and process monitoring data obtained from multiple Big Data frameworks.









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:
    In this paper, we have presented AutoDiagn, a framework for enabling diagnosing of large-scale distributed systems to ascertain the root cause of outliers, with the core purpose of unravelling the concretization of complicated models for system management. After making a comprehensive literature review and identifying the requirements for realworld problems, we conceived its design. The combination of user-defined functions powered by APIs and the agentbased monitoring system along with the findings obtained from an empirical analysis of the experiments we conducted play a fundamental role in the development of the system. AutoDiagn can be applied to most big data systems along with the monitoring systems. We have also presented the implementation and integration of the AutoDiagn system to the SmartMonit [45], real-time big data monitoring system, combined in our production environment. In our implementation on a large cluster, we find AutoDiagn very effective and efficient. Outliers are one of the main problems in big data systems that overwhelm the whole system and reduce performance considerably. AutoDiagn embraces this problem to reveal the bottlenecks alongside their root causes. 
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