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A class of unbiased identification for inverse system with input noises
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Abstract: In identifying the inverse system, the input is the output from the original system. This signal is corrupted
by noises with unknown variance. When the ordinary least-squares method is applied to estimate the parameters of the
inverse system, the estimates turn out to be biased. A new identification algorithm for bias compensation is proposed.
Therein, the noise variance of the inverse system input is first estimated using the wavelet transform, and then, a recursive
least-squares method with bias-elimination is used to estimate the parameters of the inverse system. Thus, the proposed
algorithm does not require the input signal to be the white noise with a zero mean. Since the computation is recursive, it
can be implemented online for estimating parameters of the inverse system. Experimental results show that the approach is

effective.
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Fig. 1 Inverse system identification principle diagram

3 &/ ZRAN U B9 Z (Asymptotic bias of
LS estimator)
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5 ST (Application research )
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frs = (—1.9992, 0.9994, 0.0206, —0.0011, —0.0193),
Oprs = (—1.9342,0.9366, 0.4407, 0.0945, —0.5329).
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Table 1 error of dynamic compensation(°C)
ZLAMR I AR 240.35 275.19 305.72
TeRMEAL BRI B 102. 73 172.53  215.87
BNRE 137.62 102.66  89. 85
G(2) g IMEAE KRBT 197.78  241.67 281.13
BIRIRE 42.57  33.52  24.59
G(2)pLe IMEALIRBSHIE  230.56  266. 83  298. 21
A RE 10. 79 8. 36 7.51

6 455 (conclusion)
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