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ABSTRACT
   Traditional clustering algorithms are widely used for building bag-of-words (BOW) models to aggregate spatiotemporal feature points extracted from a video for human activity recognition problems. Their performances are restricted by the computational complexity which limits the number of feature points being used. In contrast, deep clustering yields good clustering performance without the limit of the number of feature points. Therefore, this work proposes a dual stacked autoencoders features embedded clustering (DSAFEC) and a BOW construction method based on the DSAFEC (B-DSAFEC) to reduce the computational complexity and to remove the selection restriction.The DSAFEC first transforms feature points extracted from a video to a learned feature space and then probabilities of cluster assignment of feature points are predicted to build BOWs for human activity recognition. A soft clustering is used by assigning each feature point to multiple clusters yielding the largest probabilities instead of only one in hard clustering. Experimental results on three benchmark human activity datasets show that the B-DSAFEC yields better performance compared to five reference methods which are developed based on either traditional clustering methods or deep clustering methods. 

                            
                          CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· While existing unsupervised remedies of deep clustering leverage network architectures and optimization objectives that are tailored for static image datasets, deep architectures to uncover cluster structures from raw sequence data captured by on-body sensors remains largely unexplored.
· Through extensive experiments, including comparisons with existing methods, we show the effectiveness of our approach to jointly learn unsupervised representations for sensory data and generate cluster assignments with strong semantic correspondence to distinct human activities. 
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· Representing local features using the BOW and its variants is successful and popular in dealing with HAR problems.
· The scale invariant feature transform (SIFT) and the dense trajectory (DT)  are successful feature extractors for video. 
· The DT extracts features based on sampling trajectory and motion boundary descriptor.
· The deep clustering (DC) is applied to address audio source separation problems by predicting implicit segmentation labels of the target spectrogram from audio 
            
2.2. PROPOSED SYSTEM 
· we demonstrate the effectiveness of our proposed approach. Further, we compare our method with closely related approaches, including traditional clustering methods.
· We compare against end-to-end deep clustering methods proposed in  for still images and show their inability to cater for the sequential nature of time-series data.
· Our results demonstrate that our end-to-end approach not only outperforms traditional clustering algorithms applied on both input data and auto-encoding spaces, but also offers a large performance margin over representative deep clustering baselines proposed for image data.
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· Based on the DT , an improved dense trajectory (IDT) is proposed and shows improved performance in HAR.
· The STIP is also employed to build the BOW in where the BOW size is selected automatically via a minimization of the localized generalization error of a radial basis function neural network (RBFNN). 
· Using action bank as feature extraction,  directly trains a RBFNN yielding high performance and then performs uncertainty reduction for ambiguous classes.
· The B-DSAFEC can also use a soft cluster assignment  (B-DSAFEC-S) to assign a feature point to multiple clusters to improve its performance. 
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Going deeper into action recognition: A survey
	S. Herath, M. Harandi, and F. Porikli, 
	This motivated us to provide a comprehensive review of the notable steps taken towards recognizing human actions

	A bag-of-words equivalent recurrent neural network for action recognition
	A. Richard and J. Gall, 
	In this work, we propose a recurrent neural network that is equivalent to the traditional bag-of-words approach but enables for the application of discriminative training. 

	Visual words selection for human action classification
	J. R. Cozar, J. M. Gonz ´ alez-Linares, N. Guil, R. Hern ´ andez, and ´ Y. Heredia, 
	We have applied this method to the KTH dataset to obtain a vocabulary with more descriptive words where the representation is more compact and efficient. 

	Two improved k-means algorithms
	S. Yu, S. W. Chu, C. Wang, Y. Chan, and T. Chang, 
	The k-means algorithm is vulnerable to outliers and noisy data, and also susceptible to initial cluster centers.



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, the dual stacked autoencoders features embedded clustering (DSAFEC) and a novel BOW based on the DSAFEC (B-DSAFEC) as an efficient deep clustering algorithm are proposed for HAR tasks. The DSAFEC predicts cluster assignment probabilities of feature points and then the B-DSAFEC uses these probabilities to build BOW vectors for HAR. Experimental results show that the proposed BDSAFEC outperforms BOW models built either using traditional clustering algorithms or using deep clustering methods. Experimental results also demonstrate that end-to-end joint learning is more appropriate than greedy layer-wise disjoint learning for training of the DSAFEC. The soft cluster assignment improves the performance of the B-DSAFEC. 
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