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WiDE WiFi Distance based Group Profiling Via Machine Learning







ABSTRACT
We develop WiDE, a WiFi-distance estimation based group profiling system using LightGBM. Given the uploaded WiFi information by users, WiDE can automatically learn powerful hidden features from the proposed features for between-person distance estimation, and infer group membership with the estimated distance. For each group, WiDE classifies the mobility level, and recognizes the group structure by applying the multi-dimensional scaling technique on the matrix of distance between pairwise persons within the same group.We first validate the performance of between-person distance esti- mation via extensive experiments in a three-floor campus building and a shopping center, showing that WiDE system outperforms other machine learning based approaches for between-person distance estimation, with the average absolute error (AAE) of 0.69m and 1.14m for the campus building and shopping center, respectively, and the corridor identification accuracy for the campus building is over 99%. In addition, the experiments in the shopping center show that our approach can accurately detect groups, classify group mobility into fine-grained level and recognize the group structure.

        	
                            
                          CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· The system can enable many existing industries to create new value for their customers by leading prospective buyers to desired products in superstores, allowing students running late to class to more easily navigate their confusing campuses, empowering tourists to find their way around attractions, and helping many others in a multitude of situations. . 
· The current implementation differentiates itself from the other various existing ventures because of its independence from a uniquely designed and installed infrastructure - the program runs indoor positioning by sensing and analyzing only the ambient signals of a given location without relying on explicitly placed beacons, or other signal generating objects. 

2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
                The goal of this stage is to find good initial weights for the different layers of the network, instead of using initial random weights . This is known to speed up the convergence of the training, reduce the possibility of falling in a local minima, and avoid the vanishing gradient problem . In this stage, each autoencoder in the stack is trained independently using the output of the previous autoencoder as its input (input data for the first autoencoder). Despite probabilistic techniques being able to handle the inherently noisy wireless signals in a better way than deterministic techniques, they usually assume that the signals from different APs are independent to avoid the curse of dimensionality problem . This leads to coarse-grained accuracy.
2.2. PROPOSED SYSTEM 
· This system can be improved in further iterations by exploring the benefits of data preprocessing outside merely the realm of simple time-based binning. 
· More features can be generated to extract additional useful information from the raw data and reduce the time spent in training; statistical metrics, such as mean, standard deviation, or other Gaussian distribution statistics, can be derived in conjunction with motion data to coordinate dynamic binning intervals, among others. 
· By continuing to improve the proposed system, we aim to bring the outdoors in, making indoor navigation as simple and easy to use as GPS is for the outdoors today
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· It can also be seen from the figure that WiDeep has the best performance in handling device heterogeneity compared to the other two systems across all percentiles. 
· This is due to the combination of additive noise in the training data and the adoption of denoising autoencoders which gives WiDeep greater flexibility than the other systems. 
· In particular, this is true since device heterogeneity can be considered to be a form of noise, which the WiDeep network and training process are designed specifically to combat. 
· Horus also shows better adaptability than DeepFi. 

Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	A survey of selected indoor positioning ´ methods for smartphones
	P. Davidson and R. Piche, 
	The approaches include Wi-Fi and Bluetooth based positioning, magnetic field fingerprinting, map aided navigation using building floor plans, and aiding from self-contained sensors.

	The microsoft indoor localization competition: Experiences and lessons learned
	D. Lymberopoulos and J. Liu, 
	We present the results, experiences, and lessons learned from comparing a diverse set of indoor location technologies during the Microsoft Indoor Localization Competition.

	A distributed localization scheme for wireless sensor networks with improved grid-scan and vector-based refinement
	J.-P. Sheu, P.-C. Chen, and C.-S. Hsu, 
	Localization is a fundamental and essential issue for wireless sensor networks (WSNs). Existing localization algorithms can be categorized as either range-based or range-free schemes.

	An effective area-based localization algorithm for wireless networks
	N. Lasla, M. F. Younis, A. Ouadjaout, and N. Badache, 
	Area-based localization algorithms use only the position of some reference nodes, called anchors, to estimate the residence area of the remaining nodes. 









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:
We presented WiDeep, an accurate and robust WiFi fingerprinting indoor localization technique based on a deep neural network. The system leverages stacked denoising autoencoders in a probabilistic framework to mitigate the noise in the RSS measurements. Additionally, it employs model regularization to enable the network to generalize and avoid over-fitting, leading to a more robust and stable models. We evaluated WiDeep in two different challenging environments that represent a university building and a domestic apartment using different Android devices. The results show the WiDeep comes with a localization accuracy better than the state-of-the-art systems by at least 53% and 29.8% in the large and small environments respectively. Moreover, its performance is robust to different devices and different densities of APs in different environments. 
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