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Edge LSTM Towards Deep and Sequential Edge Computing for IoT Applications







ABSTRACT
The time series data generated by massive sensors in Internet of Things (IoT) is extremely dynamic, heterogeneous, large scale and time-dependent. It poses great challenges (e.g. accuracy, reliability, stability) on the real-time analysis and decision making for different IoT applications. In this paper, we design, implement and evaluate EdgeLSTM, a unified data-driven system to enhance IoT computing at the network edge. The EdgeLSTM leverages the grid long short-term memory (Grid LSTM) to provide an agile solution for both deep and sequential computation, therefore can address important features such as large-scale, variety, time dependency and real time in IoT data. Our system exploits the advantages of Grid LSTM network and extends it with a multiclass support vector machine by rigorous regularization and optimization approaches, which not only has strong prediction capability of time series data, but also achieves fine-grained multiple classification through the predictive error. We deploy the EdgeLSTM into four IoT applications, including data prediction, anomaly detection, network maintenance and mobility management by extensive experiments. Our evaluation results of real-world time series data with different short-term and long-term time dependency from these typical IoT applications show that our EdgeLSTM system can guarantee robust performance in IoT computing.
                            
                          CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· Existing edge nodes have limited processing capability, we also design a novel offloading strategy to optimize the performance of IoT deep learning applications with edge computing. 
· Most existing deep learning applications (e.g., speech recognition) still need to be cloud-assisted.
· Edge computing is proposed to move computing ability from centralized cloud servers to edge nodes near the user end. Edge computing provides two major improvements to the existing cloud computing.
· In the performance evaluation, we test the performance of executing deep learning tasks in FEC architecture for edge computing environment. 
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· In this paper, we propose leveraging the IoT virtualization concept and apply it to AI-powered IoT devices in order to tackle the aforementioned issues. 
· Unlike in centralized deployments, distributed AI solutions may suffer from interoperability issues, due to fragmented and mainly application-specific solutions.
· To circumvent this issue, it is crucial to set up mechanisms to identify and discover AI components and build intelligent applications upon them, while efficiently using network and computing resources. 
· The update can be issued for instance by monitoring the accuracy levels achieved in performed inference procedures or upon feedback received by the consumer applications.
2.2. PROPOSED SYSTEM 
· Edge computing is proposed to move computing ability from centralized cloud servers to edge nodes near the user end.
· Proposed model uses the flexible framework to provide optimized assignment of the task to the edge layer and cloud layer which reduces the rigidity.
· Proposed model combines the deep learning and flexible architecture and produce better performance using multiple agents.
· Proposed model performs deep learning in FEC architecture using multiple agent for edge computing. 
· These data include structured data, such as temperature, vibration or multimedia information, such as video, images, and sounds.
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· Relying on the local edge capabilities, instead of moving data to powerful remote data centers, can boost the system performance by reducing the data traffic load traversing the core network and thus ensuring low-latency access to context-aware cloud-like services.
· We report results measuring the performance achieved when running an object detection inference task.
· Mobile Net is designed for efficient inference in various mobile and embedded vision applications.
· This approach makes the discovery of IoT services easier, since metadata are used to index the virtual objects.
· It has been used in commercial implementations and within the FIWARE initiative. 
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Distributing Intelligence to the Edge and Beyond [Research Frontier]
	Ramos, E.; Morabito, R.; Kainulainen, J.P. 
	This paradigm aims to provide final users with more control and accessibility of intelligence services by boosting providers' incentives to develop solutions that could theoretically reach any device.

	Convergence of edge computing and deep learning: A comprehensive survey
	Wang, X.; Han, Y.; Leung, V.C.; Niyato, D.; Yan, X.; Chen, X. 
	Ubiquitous sensors and smart devices from factories and communities are generating massive amounts of data, and ever-increasing computing power is driving the core of computation and services from the cloud to the edge of the network.

	On multi-access edge computing: A survey of the emerging 5G network edge cloud architecture and orchestration
	Taleb, T.; Samdanis, K.; Mada, B.; Flinck, H.; Dutta, S.; Sabella, D. 
	It elaborates MEC orchestration considering both individual services and a network of MEC platforms supporting mobility, bringing light into the different orchestration deployment options.

	Edge intelligence: Paving the last mile of artificial intelligence with edge computing
	Zhou, Z.; Chen, X.; Li, E.; Zeng, L.; Luo, K.; Zhang, J. 
	We then provide an overview of the overarching architectures, frameworks and emerging key technologies for deep learning model towards training/inference at the network edge. 



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 a novel solution to enable the vision of AI deployed also at the deep edge in order to support intelligent IoT applications. The proposal relies on the virtualization concept, we borrowed from the IoT literature, and we specifically customized to meet the demands of emerging AI-powered IoT devices. We have designed a VIO, as a virtual counterpart of constrained IoT devices equipped with AI inference engines. For the semantic description of the cognitive device capabilities at the VIO, we relied on OMA LwM2M, to ensure interoperability and facilitate the discovery of AI capabilities by interested third-party applications requesting them. The conceived VIO also augments devices with storage capabilities, by caching inference results that may serve multiple consumer applications, as well as by pre-training and optimizing the pre-trained models to be injected into the constrained physical device. We develop a PoC to showcase the viability of the proposal. Results confirm a low pressure in terms of exchanged data on constrained devices, thanks to the usage of CoAP as a messaging protocol as well as to the caching of inference results at the VIO. 
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