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=Abstract=

A Study on the Pattern Classification of EMG
and Muscle Force Estimation

Jang Woo Kwon, Young Gun Jang, Dong Myung Jung, and Seung Hong Hong

In the field of prosthesis arm control, the pattern classification of the EMG signal is a

required basis process and also the estimation of force from collected EMG data is another

necessary duty.

But unfortunately, what we've got is not real force but an EMG signal which contains the

information of force. This is the reason why we estimate the force from the EMG data.
In this paper, when we handle the EMG signal to estimate the force, spatial prewhitening

process is applied from which the spatial correlation between the channels are removed. And

after the orthogonal transformation which is used in the force estimation process, the

transformed signal is inputed into the probabilistic model for pattern classification.

To verify the different results of the multiple channels, SNR (signal to noise ratio) function

is introduced.
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Fig. 2-1 A mathematical Model of EMG
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