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Table 1
Comparison of the estimated damping ratios and damped natural frequencies obtained from the FRF measurements and the
transmissibility-based approach

L(H) (%) {A™'TY%) fa(H) (Hz) f4(47'T) (Hz)
0.027 0.027 8.602 8.602
0.169 0.169 53.88 53.88

0.308 98.11

0.474 0.474 150.8 150.8
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. 5. Estimates of the impulse response coefficients, @,
using the inverse regularization matrices from Fig. 4
and the same 1nput and output sequence.

Model SNR < 5.5 SNR > 5.5
LS 1 1
OR 0.04 0.05
GP 0.31 0.40
DL 0.20 0.23
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