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=Abstract=

A Study on EMG Functional Recognition Using Reduced —Connection Network

Jeong-Ho Jo*, Yoon-Ho Choi*, Moon-Sung Wang**, Sang-Hui Park*

In this study, LPC cepstrum coefficients are used as feature vector extracted from AR

model of EMG signal, and a reduced —connection network which has reduced connection be-

tween nodes is constructed to classify and recognize EMG functional classes.

The proposed network reduces learning time and improves system stability. Therefore it is

shown that the proposed network is appropriate in recognizing function of EMG signal.
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Table 3 Error recognition rates for unlearned move-
ments

Recognition interval
of threshold function

Suspended
condition rate[ % ]

Error
recognition rate

0.9/0.1 10 90
0.8/0.2 15 85
0.75/0.25 20 80

largest output 100 0
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