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A study on the Patiern Recognition of the EMG signals using
Neural Network and Probabilistic model for the two dimensional
Motions described by External Coordinate

Young Gun Jang, Jang Woo Kwon, Seung Hong Hong

Dept. of Electronic Eng.. Inha University

Abstract

A hybrid model which uses a probabilistic modei and a
MLP(multi layer perceptron) model for pattern
recognition of EMG(electromyogram) signals is proposed
in this paper.

MLP model has problems which do not guarantee global
minima of error due to learning method and have
different approximation grade to bayesian probabilities
due to different amounts and quality of training
data. the number of hidden layers and hidden nodes, etc.
Especially In the case of new test data which exclude
design samples,the latter problem produces quite
different results. .

The error probability of probabilistic model is closely
related to the estimation error of the parameters used
in the mode] and fidelity of assumtion. Generally,it is
impossible to Introduce the bayesian classifier to the
probabilistic model of EMG signals because of unknown
priori probabifities and 1s estimated by MLE(maximum
fikelthood estimate).

In this paper we propose the method which get the
MAP(maximum a  posteriori probability) in the
probabilistic mode! by estimating the priori probability
distribution which minimize the error probability
using the MLP. This method ninimize the error
probability of the probabilistic model as long as the
realization of the MLP is optimal and approximate the
minlmum of error probability of each class of both
models selectively. '

Alocating the reference coordinate of FMG signal to
the outside of the body make 1t easy to suit to the
applications which it 1is difficult to define and
seperate using internal body coordinate.

Simulation results show the benefit of the proposed
model compared to use the MLP and the probabilistic
mode]l seperately.
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