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Evaluating User and Machine Learning in Short-and Long-term Pattern Recognition-based Myoelectric Control







ABSTRACT
· Proper training is essential to achieve reliable pattern recognition (PR) based myoelectric control. 
· The amount of training is commonly determined by experience. 
· The purpose of this study is to provide an offline validation method that makes the offline performance transferable to online control and find the proper amount of training that achieves good online performance. 
· In the offline experiment, eight able-bodied subjects and three amputees participated in a ten-day training. 
· Repeatability index (RI) and classification error (CE) were used to evaluate user learning and machine learning, respectively. 
· The performance of cross-validation (CV) and time serial related validation (TSV) was compared. 
· Learning curves were established with different training trials by TSV. 
· In the online experiment, sixteen ablebodied subjects were randomly divided into two groups with oneor five-trial training, respectively, followed by participating in the test with and without classifier-output feedback. 
· The correlation between offline and online tests was analyzed. Results indicated that five-trial training was proper to train the user and the classifier. 
· The long-term retention of skills could not shorten the learning process. The correlation between CEs of TSV and the online test was strong (r = 0.87) with five-trial training, while the correlation between CEs of CV and the online test was weak (r = 0.30). 
· Outcomes demonstrate that offline performance evaluated by TSV is transferable to online performance and the learning process can guide the user to achieve good online myoelectric control with minimum training 






        	
                            
                          CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· It consists of training a model on a source domain (abundance of labeled data) and using the trained weights as a starting point when presented with a new task. However, fine-tuning can suffer from catastrophic forgetting, where relevant and important features learned during pre-training are lost on the target domain (i.e. new task). Moreover, by design, fine-tuning is ill-suited when significant differences exist between the source and the target, as it can bias the network into poorly adapted features for the task at hand. Progressive Neural Networks (PNN)attempt to address these issues by pre-training a model on the source domain and freezing its weights. 

2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
                The participants took part in a ten-day experiment. In each day, the subjects were asked to perform one contraction of each motion randomly displayed on the screen in one trial. Each contraction lasted 5 s and there was a 5-s rest between contractions and a 60-s rest between trials to avoid fatigue. Each subject completed 20 trials per day and the electrode location was marked. The experiment usually took about 1 hour. Able-bodied subjects performed all the thirteen motions while the amputees only performed eleven motions because they reported difficulties performing ball grasp and cylindrical grasp 


2.2. PROPOSED SYSTEM 
· Training one network per source-task (i.e. per participant) for the PNN is not scalable in the present context. 
· However, by training a Source Network (presented in Sec. V) shared across all participants of the pre-training dataset with the multi-stream AdaBatch and adding only a second network for the target task using the PNN architecture, the scaling problem in the current context vanishes. 
· This second network will hereafter be referred to as the Second Network. 
· The architecture of the Second Network is almost identical to the Source Network. 
· The difference being in the activation functions employed. 
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
In CV, the original data is randomly divided into training and testing sets, and this process is conducted many times to evaluate the averaged classification error. However, EMG patterns are non-stationary because of user learning.The effect of user learning cannot be evaluated effectively due to the iterations in CV. By contrast, in a few studies, the first few trials were regarded as the training set and the rest trials were the testing set, which was called time serial related validation (TSV) in this study. The training set of TSV is in time sequence, which has the potential to evaluate the effect of user learning. Moreover, whether the offline performance evaluated by TSV is transferable to online control has not been studied. The correlation between offline and online performance is an open question. 

Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Myoelectric control of prosthetic hands: stateof-the-art review
	P. Geethanjali, 
	The myoelectric control-based prosthetic hand aids to restore activities of daily living of amputees in order to improve the self-esteem of the user.

	Prosthetic myoelectric control strategies: a clinical perspective
	A. D. Roche, H. Rehbaum, D. Farina, and O. C. Aszmann, 
	The findings from this review suggest that regression algorithms may offer an alternative feed-forward approach to direct and pattern recognition control, while virtual rehabilitation environments and tactile feedback could improve the overall prosthetic control.

	Electromyogram pattern recognition for control of powered upper-limb prostheses: state of the art and challenges for clinical use
	E. Scheme and K. Englehart, 
	Using electromyogram (EMG) signals to control upper-limb prostheses is an important clinical option, offering a person with amputation autonomy of control by contracting residual muscles

	Myoelectric pattern recognition outperforms direct control for transhumeral amputees with targeted muscle reinnervation: a randomized clinical trial
	L. J. Hargrove, L. A. Miller, K. Turner, and T. A. Kuiken, 
	The effects of TMR may be enhanced when paired with pattern recognition technology. We sought to compare pattern recognition and direct control in eight transhumeral amputees who had TMR in a balanced randomized cross-over study. 



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:
This study shows that training is a gradual process in PRbased myoelectric control. An effective validation method (TSV) is proposed to evaluate offline performance, which is transferable to online performance. The user takes about fivetrial training to be familiar with the control strategy, and the same training-trial numbers are required to make the classifier fully trained. Long-term retention of skills does not influence the learning process when the user is retrained on new day. The performance is similar in online testing with or without classifier-output feedback. These results provide useful guidelines for real-time myoelectric control with minimum user training. 
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