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A Study on the ldentification of the
EMG Signal in the Wavelet Transform Domain

Jong-Weon Kim, Sung-Hwan Kim

All physical data in the real world are nonstationary signals that have the time varying statistical
characteristics. Although few algorithms suitable to process the nonstationary signals have ever been
suggested, these are treated the nonstationary signals under the assumption that the nonstationary sig-
nal is a piece-wise stationary signal. Recently, statistical analysis algorithms for the nonstationary sig-
nal have concentrated so much interest. In this paper, nonstationary EMG signals are mapped onto
the orthogonal wavelet transform domain so that the eigenvalue spread of its autocorrelation matrix
could be more smaller than that in the time domain. Then the model in the wavelet transform domain
and an algorithm to estimate the model parameters are suggested. Also, an test signal generated by a
white gaussian noise and the EMG signal are identified, and the algorithm performance is considered
in the sense of the mean square error and the evalnation parameters.
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Inverse Wavelet Transform
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Fig. 3. Nonstationary EMG signal model in the wavelet trans-
form domain
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1 SAMPLE |, ERROR | PARAMETER
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Fig. 4. Flowchart of the identification algorithm for the non-
stationary EMG signal
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Fig. 6. Parameter estimate behavior of the each algorithm
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Fig. 7. MSE comparison of the each algorithm Fig. 8. EMG signal from the biceps muscle
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Table 2. Stochastic value the each interval (S.D. : Standard Deviation)
‘Block | mean | S.D. Block | mean S.D. Block | mean S.D. Block | mean $.D.
1 0.016 0.123 9 -0.046 0.181 17 -0.034 0.169 25 -0.013 0.134
2 -0.016 0.049 10 0.020 0.188 18 0.061 0.227 26 -0.002 0.164
3 -0.003 0.026 11 0.024 0.119 19 .| -0.042 0.128 27 0.009 0.124
4 0.015 0.032 12 -0.008 0.092 20 0.039 0.133 28 0.003 0.134
5 0.012 0.033 13 0.002 0.147 21 0.007 0.180 29 0.019 0.095
6 0.002 0.047 14 0.029 0.145 22 0.001 0.148 30 -0.001 0.102
7 0.001 0.059 15 -0.041 0.168 23 0.004 0.140 31 0.013 0.080
8 0.045 0.097 16 0.045 0.164 24 0.018 0.137 32 0.007 0.060
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Table 3. The input autocorrelation matrix and its eigenvalue in the time and the wavelet transform domain

Ry (%) Rz(k)
k ¥k k Tk k Tk k 7k
1.000000 8 0.313064 0 1.000000 8 0.064454
1 0.806675 9 0.257713 1 0.209784 9 0.049463
2 0.739484 10 0.197780 2 -0.128629 10 0.022667
3 . 0.628253 11 0.117234 3 -0.115894 11 -0.068490
4 0.514697 12 0.012993 4 0.141731 12 0.011112
5 0.454161 13 -0.027870 5 0.043899 13 0.193916
6 0.403598 14 - -0.052057 6 -0.064702 14 0.218294
7 0.357882 15 -0.077771 7 -0.278809 15 -0.053090
Autocorrelation matrix (N =16)
Ry (k) Rz ()
k vk k Tk k Tk k Tk
0 1.000000 2 -0.288650 0 1.000000 2 -0.060516
1 0.233382 3 -0.407204 1 -0.075085 3 -0.363773
Autocorrelation matrix (N =4)
Ry (k) Ra: (k)
k Tk k Tk k Tk k 7k
0.1747 8 0.1050 1.0020 8 0.6120
1 0.1735 9 0.0969 1 0.9892 9 0.5258
2 0.1533 10 0.2396 2 1.0343 10 1.3841
3 0.1527 11 0.5548 3 1.0628 11 0.2722
4 0.1617 12 0.8368 4 0.8680 12 0.2137
5 0.1841 13 1.0839 5 0.8580 13 1.5191
6 0.1950 14 3.6188 6 0.7464 14 2.1280
7 0.2016 15 8.0676 7 0.6541 15 2.1302
Eignvalue (N = 16)
Ry (k) Rz (k)
k Tk k ¥k k Tk k Tk
0 12381 0.5881 0 10744 2 13645
1 04745 3 1.6994 1 0.9786 3 0.5825

Eignevalue (N =4)
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Table 4, Parameters of the input autocorrelation matrix in the two domain

Parameters Amin ‘ Amax Amax/ Amin "Det (R) Tr(R) 7{R)
Time Domain (N = 16) 0.0969 8.0676 83.257 2.975E-8 16 5.378E8
Time Domain (N =4) 0.4745 1.6994 3.581 0.5870 4 6.814
Wavelet Domain (N = 16) 0.2137 2.1302 9.968 0.0707 16 226.31
Wavelet Domain (N =4) 0.5825 1.3645 2.342 0.8537 4 - 4,685
e ™ Y Autocorrelation
l pepp Al ul l ‘ ‘ Ik “ u]| ‘: n‘{ i l ‘Hl Ii\ “\ ”.l‘ i.l‘wl“.;:,n“l‘ ]}.‘.\ ‘.l‘
v T O =
‘ Crosscorrelation
e, o
* Sample number [n) o= _L“_BM‘\/—-\__/
JE 9. ZF‘@EI E‘EE A._li Delay number [n]
Fig. 9. Estimated EMG signal
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Fig. 10. Autocorrelation function and crosscorrelation func-
tion
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