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Abstract

In the process of impact testing of large-scale mechanical equipment, the measured forced
response signals are often polluted by strong background noise. The forced response signal has a
low signal-to-noise ratio, and this makes it difficult to accurately estimate the modal parameters.
To solve this problem, the mean averaging of repeatedly measured frequency response function
estimates is often employed in practical applications. However, a large number of impact testsare
not practical for the modal testing of large-scale mechanical equipment. The primary objective of
this paper is to reduce the number of averaging operations and improve the accuracy of the modal
identification by using an adaptive noise removal technique. An adaptive denoising method is
proposed by combining the Wiener and improved minimum mean square error short-time spectral
amplitude estimators. The proposed method can adaptively remove both stationary and highly
non-stationary noise, while preserving the important features of the true forced response signals.
The simulation results show that the proposed noise removal technique improves the accuracy of
the estimated modal parameters using only one impulse response signal. The experimental results
show that the proposed two step method can accurately identify a natural frequency that is very

close to a strong interference frequency in the modal test of a 600MW generator casing.

KEY WORDS: Modal identification; Adaptive noise reduction; Low SNR; MMSE-STSA

estimator; WIENER-STSA estimator

Structural Control and Health Monitoring

Page 2 of 29



Page 3 of 29

©CoO~NOUTA,WNPE

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

http://mc.manuscriptcentral.com/stc

1. Introduction

Modal identification estimates the modal model of a structure, i.e. natural frequencies,
damping ratios and mode shapes, from measured input-output data. The accuracy of modal
identification is highly sensitive to the signal-to-noise ratio (SNR) of the measured output
signals(forced response signals). In modal tests of large-scale mechanical equipment, the
measured forced response signals are always polluted by strong background noise, and the noise is
rather complex as the contributing factors are diverse and complicated. The noise sources are
thought to originate from test environment including non-linear effects, extraneous structural noise
as well as ‘noise’ in electronic devices[1]. Hence, the forced response signals have a low SNR and
this makes the estimation of the modal parameters difficult. To obtain the ideal forced responses
the background noise should be removed from the measured forced response signals. Denoising
methods have been proposed for noise removal from frequency response functions(FRFs). Kim
and Hong [2] proposed a robust wavelet denoising method for FRFs estimation, which is based on
a wavelet-related median filtering and wavelet shrinkage to reduce the effect of outliers and
zero-mean Gaussian noise respectively. But the method requires many averaging operations for
accurate FRF estimation, which reduces the scope of its application. Sanliturk and Cakar [1]
presented a method based on the singular value decomposition(SVD) for the elimination of noise
from measured FRF's so as to improve the accuracy of modal identification, but the method needs
to set an appropriate threshold to avoid loss of valuable information. Alamdari et al. [3] introduced
a Gaussian kernel algorithm to reduce unnecessary noise from noisy FRFs, and it is designed to
localize damage in the presence of heavy noise influences by using FRFs of the damaged structure
only. Huet al. and Bao et al.[4,5] introduced a Cadzow’s algorithm to reduce unnecessary noise
from noisy FRFs, but the denoising method needs to set a reasonable noise threshold based on the
measured signals. The effectiveness of the denoising methods in [3-5] was illustrated by
simulation and experimental data, but none of the results show that the two denoising methods can

remove strong background noise mixed in a forced response signal.

Insert Figure 1 here
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Figure 1 shows the basic breakdown of signals into different types[6,7]. The most
fundamental division is into stationary and non-stationary signals. Stationary signals have
statistical properties that are invariant with time, whereas for non-stationary signals the statistical
properties vary with time. Figure 1 highlights that typical measured forced response signals
contain both stationary and non-stationary components for modal tests on large-scale mechanical
equipment. The ideal forced response signal has a transient component that is non-stationary,
background noise that is mainly stationary, and often a continuous component that is
non-stationary. The existing denoising algorithms cannot remove stationary noise and
non-stationary noise simultaneously, and these different types of noise should be dealt with
separately. The short-time spectral amplitude(STSA), Wiener filter(WIENER) and minimum mean
square error(MMSE) methods have been widely used in denoising and coding [8-15]. The
MMSE-STSA estimator is effective in removing stationary signals and the continuous components
of non-stationary signals from measured speech signals[8], although the technique requires the
SNR a priori. Hence this SNR is a key parameter in the MMSE-STSA estimator. The
decision-directed(DD) approach[8] is a widely used method to estimate the a priori SNR, but has
two inherent drawbacks:

o The estimated a priori SNR is biased since the DD approach depends on the estimate of the
spectrum in the previous window[8,9].

o The estimated a priori SNR is distorted when the measured signal has a low SNR[S].

The first problem has been solved by an improved a priori SNR estimation method proposed by
Plapouset et al.[9], which removes the bias in the DD approach. However, the second problem is
still unsolved and hence the MMSE-STSA estimator method cannot be directly used to remove
strong background noise mixed in a forced response signal. The Wiener filter is an optimal method
to remove stationary noise in stationary environments| 16],whereas the Wiener short-time spectral
amplitude estimator (WIENER-STSA)improves the application scope of the Wiener filter. Here,
the WIENER-STSA estimator can be used to eliminate stationary noise from the measured forced
response signal, so as to solve the second problem. In this paper, we propose an adaptive
denoising method combining WIENER-STSA and MMSE-STSA estimators with improved a

priori SNR estimation. The proposed denoising method can adaptively remove stationary noise

Structural Control and Health Monitoring
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and continuous components of non-stationary noise, while preserving the important features of the
true forced response signals. The proposed method can reduce the number of averaging operations
and improve the accuracy of modal identification for low SNR measurements.

The paper is organized as follows. Section 2 introduces some background about denoising, and
compares two a priori SNR estimation methods. Section 3 introduces the proposed method. In
section 4, the proposed method is validated using simulated signals. Section 5 applies the
proposed method to measured forced response signals collected from a 600MW generator. Finally,

conclusion are given in Section 6.

2. Background

2.1. The MMSE-STSA estimator

Ephraim and Malah [8] proposed the minimum mean-square error short-time spectral
amplitude(MMSE-STSA) estimator. Previous studies[8, 17] have shown that the MMSE-STSA
estimator has a beneficial effect for the processing of non-stationary signals when the SNR level is
high. Here the MMSE-STSA developed in [8] is reviewed.

In the usual additive noise model, the measured impulse response signal is given by
x(t) =s@ +n(), 0<t<T(1)

where s(t) and n(t) denote the noise-free impulse response signal and the noise signal,
respectively, in the analysis interval [0,T]. Applying the Short Time Fourier Transform (STFT),

we have

Xi(@) = Sk() + Ne(p) (2)

where p and kdenotethe short-time window and the frequency indices, respectively. Using
exponential notation, the k-th spectralcomponent ofthe noise-free impulse response signal and the
noisy signal can be expressed asSy (p) = A,e/%* andX,(p) = R, eV, respectively[8, 9].

The objective of the MMSE-STSA estimator is to determineAy, the estimate of the spectral
amplitude A, of the noise-free impulse response signals(t). Ephraim and Malah [8] estimated
A through the minimization of a Bayesian cost function which measures the mean square error

betweenA, and Aj. Thus the Bayesian cost function can be expressed as:
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PN
J =E{(4c - 4)}5)

where E{-} is the expectation operator. The Bayesian estimator is then given by
A = E{Ac]x(t), 0 <t < T}4)

Assuming the individual spectral components are statistically independent of one another, the
expected value of Aggiven{x(t), 0 <t < T}is equal to the expected value of AjgivenX,only.

We therefore have

2
fowfonakp(Xk|akr“k)p(ak;ak)dakdak/
0 2T \5)
I Iy r&Xilagaidp(ag,ar)dagda

Ak = E{Alek} =

where the symbol a; denotes the sample value of Aj,and p(-) denotes a probability density
function(PDF). In order to develop the theory along the lines that it has been done in the past it is
necessary to treat the Discrete Fourier Transform(DFT) coefficients as Gaussian distributions, the
assumption is quite poor in some cases but it appears that the resulting algorithm can still provide
useful results. With the Gaussian distribution assumption of each individual spectral component of
the noise-free impulse response signal and the noisy signal, the conditional PDF of the observed

spectral component given aiand a;, p(Xi|ay, ai), is given by

1 1 .
P(Kila, @) =~ exp {— 5 X — axexp(a)?|(6)

and the joint PDF of the impulse response signal spectral amplitude, p(ay, @y ), is given by

2
p(ax, ax) = m{zlzk) exp {— Aj(l;()}(ﬂ

where A,(k) 2 E{|N,|?} and A,(k) 2 E{|S,|?} are the variance of the k-th spectral component
of the noisy signal and the noise-free impulse response signal, respectively. Substituting Egs. (6)
and (7) into Eq. (5), the MMSE-STSA estimator of the impulse response signal spectral amplitude

is obtained as

SNRprior(k)
1+SNRp‘rio‘r (k)

A, = [1 +— ]_1-F(15)-M —0.5;1; —
k As(k) T An(k) . e

SNRpost(k)> AR(8)

VT

wherel'()is the gamma function, with['(1.5) = 7,M (a; b; ¢)is the confluent hyper geometric

function, and SNRpjor-(k) andSNRy,s: (k) represent the a priori Signal-to-Noise Ratio (SNR)

and the a posteriori SNR, respectively.SNRyior-(k) and SNR,s (k) are defined by
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1

2

; SNRppse (k) = —2_(g
4 174 post( ) - E{|Nk|2}( )
5

6 E{|Sk|*}

7 175 SNRyrior(k) = E“N’; 7(10)
8

i 0 176 Finally, applying the inverse STFT operation and the phase information of the measured
1;— 177  signal, the estimator of the noise-free impulse response signal can be obtained. In practical
13 178  implementations of the MMSE-STSA estimator, E{|S|?} and E{|N,|?} are unknown since only
14

15 179  the measured signal spectrum Xis available. Thus, both E{|S|?} and E{|N.|?} have to be
16

17 180  estimated. In practice,E{| N, |?}can be easily estimated during pauses in the impulse response using
18

19 181  a classic recursive relation [17], continuously using Minimum Statistics [18] or Minima
20

21 182  Controlled Recursive Averaging [19],whereas the priori SNR is a key parameter in the
22

23 183  MMSE-STSA estimator. The estimation of the priori SNR will be discussed in detail in the
gg 184  following sections.

26 185

27

gg 186  2.2. The a priori SNR estimation method

30 187 A widely used method to determine the a priori SNR from distorted speech is the

31

32 188  decision-directed(DD) approach. Ephraim and Malah [8] defined the DD approach as a linear

33

34 189  combination of the a posteriori SNR and the instantaneous SNR, with a weighting parameter, f3,
35

36 190  thatis constrained to be 0 < < 1.The linear combination gives

37

38 191 SNR2E, (p, k) = pE2=9L 4 (1 _pyp[siir k) —1](11
39 prior(p' ) _BW-I-( _B) [ post(p; )_ ]( )
40

41 192  wherep and kdenote the short-time window and frequency indices, respectively,P[x] = x if

42

43 193 x>0 and P[x] = 0 otherwise. The parameter 8 is set to a typical value of 0.98 for the DD

44

45 194  approach. However, Plapous et al. [9] showed that the DD algorithm introduces a window delay
46

47 195  when the parameter B is close to one, and this delay introduces a bias in the SNR estimation.

48

49 196  Consequently, the DD algorithm computed at the current window p matches that at the previous
50 . .

51 197  window p — 1. Thus, Plapous et al. [9] proposed to compute the SNR for the next window p + 1
gg 198  using the DD approach and toapply it to the current window because of the window delay. Hence,
gg 199  an improved a priori SNR estimation method is

>0 < |6BBuse @I X (.10 <

g; 200 SNRIZR (p, k) = Bt BoiPol 4 (1~ B)P[SNRpose (p + 1K) — 1](12)
59 7
60
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The improved a priori SNR estimation method solves the bias problem while maintaining the
benefits of the DD approach [9]. In order to measure the performance of SNR estimators, it is
useful to compare the estimated SNR values to the true(actual) ones, as shown in Figure 2 where
the estimated SNRs are displayed versus the true SNRs. The SNRs are plotted for a simulated
signal(to be described in detail in Section 4) to focus the analysis on the behavior of the SNR

estimators for forced response components.

Insert Figure 2 here

Figure 2 compares the actual SNR versus the estimated SNRs using the posteriori algorithm,
the improved algorithm and the DD algorithm given by Egs.(9), (11) and (12), respectively. In this
case, the solid line corresponds to the actual SNR that can be used as a reference. From Figure 2, it
is obvious that the a priori SNR estimator based on the improved algorithm is closer to the actual
SNR than the a priori SNR estimator based on the DD algorithm at higher SNR levels. However,
the a priori SNR estimator based on the improved algorithm departs from the true SNR at lower
SNR levels. The improved algorithm is superior to the traditional DD algorithm when the
measured impulse response signal has a higher SNR, but is distorted when the measured impulse
response signal has a low SNR. In order to avoid the low SNR situation, the WIENER-STSA

estimator will be introduced to improve the SNR.

2.3 The WIENER-STSA estimator

The Wiener filter is an optimal method to remove stationary noise in stationary environments
[16]. Here, the WIENER-STSA estimator is introduced to enhance the application scope of the
Wiener filter. Adopting the noise model mentioned in Section2.1, we assume s(t) and n(t) to
be uncorrelated stationary random process, with power spectral density functions denoted by
Ss(k) and S, (k)respectively, where kdenotes the frequency index. One approach to recover the

desired signals(t) relies on the additivity of power spectra
Sx(k) = Sg(k) + Sy, (k)(13)

To recover a sequence s(t) corrupted by additive noise n(t), that is from the sequence

8
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x(t) = s(t) + n(t), a linear filter h(t)is found, such that the sequence $(t) = h(t) * x(t)
minimizes the expected value of the nosie, under the condition that the signals s(t) and n(t)are
stationary and uncorrelated. The frequency domain solution to this stochastic optimization

problem is given by

_ Sk
H(k) = Ss(k)+Sy, (k>(14)

which is referred as the Wiener filter. Since the Wiener filter is derived under uncorrelated and
stationary conditions, the Wiener filter provides noise suppression without significant distortion in
the estimated signal and the background residual. The STFT is applied when the background and
desired signals are non-stationary, and then Sg(k) and S, (k)can be expressed as time varying
functions S;(p, k) and S,,(p, k), where p represents the short-time window. Thus every time

window is processed by a different Wiener filter, defined as

. Ss (p.k) .
Ss(p.k) _ Saoo  _ SNR(pk)

Ss(J)+Sn () 1+§sg_5';3 T 1+SNR(p,K)"
n\p,

H(p, k) = 15)

The reduction of the noise is based on obtaining an accurate SNR [20]. In order to effectively
remove stationary noise, an instantaneous SNR will be introduced, defined as

X @012 -EIN@,0)I%]
SNRinst (p, k) = = E[IN(P,k)IZI] (16)

where X(p, k) is available, and the estimators of E[|N(p, k)|?]have been introduced in Section

2.1. Hence, the WIENER-STSA estimator is obtained as

A SNRinst(0.k
S k) = Hp, k) - X(p, k) = 7Het @ x(p, 1).(17)

Finally, applying the inverse STFT operation and the phase information of the measured signal,

the estimator of the noise-free impulse response signal can be obtained.

3. Proposed Method

We assume that the ideal forced response signal is the transient component of non-stationary
signal, and the background noise has a stationary component and a continuous component that is

non-stationary. An adaptive denoising method is proposed to obtain the ideal forced response

Structural Control and Health Monitoring
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signal. In the first step, the WIENER-STSA estimator is used to remove the stationary signal
components, which is very helpful in improving the SNR of the measured forced response signals
and make the filtered signals suitable for further processing. In the second step, the MMSE-STSA
estimator with an improved a priori SNR estimation method is introduced, which can be used to
remove the continuous component of the non-stationary signal. The flow chart of the proposed

method is shown in Figure 3.

Insert Figure 3 here

The implementation of the proposed denoising method is summarized below:

(1) Estimate the noise PSD E[|N(p, k)|?] during no forced response using the Minima
Controlled Recursive Averaging approach [19].

(2) Calculate the instantaneous SNR using Eq. (16).

(3)Remove stationary noise components from the measured forced response signal using the
WIENER-STSA estimator with an instantaneous SNR estimation method.

(4)Re-estimate the noise PSD E[|N(p, k)|?] during no forced response using the Minima
Controlled Recursive Averaging approach [19].

(5)Calculate the improved a priori SNR using Eq. (12).

(6) Remove residual non-stationary noise from the filtered forced response signals using the

MMSE-STSA estimator with the improved a priori SNR estimation method.

In this paper, the a priori SNR estimation always uses the improved a priori SNR estimation
method, and the following parameters have been chosen: short-time window p = 0.06s, windows

overlap 50% and weighting parameter $=0.98.

4. Simulated Example

To validate the proposed method, a simulated signal, x(t), is generated according to the

model

10
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1
2
3 =& (1) . =& (t=i) .
e cos (2 f, (t—i))+ s, -e D cos (27 £, (-
4 283 x(t)=z 5 e .cos( zfi( z)) 5, e .cos( f,( t))
5 T\ sy e cos (271, (=) )+ 5, e wcos (27, (1 - 1))
? + ((s5 -c0s (27 f,,t))- (s -cos (27 £, 1)+ s, -cos (27 f5t) + 1)) -random noise (14)
g 284  The parameters of the simulated signal are given in Tables 1 and 2, and the sampling frequency is
10 285 1024Hz.
11
12 286
13
14 287  Insert Table 1 here
15
16 288  Insert Table 2 here
17
18 289
19 . . .
20 290 The simulated signal, x(7), is composed of two terms. The first term represents a forced
21
22 291  response signal, where s;, S,, s3 and s, are the amplitudes of the impulse response signal, fy1,
gi 292 fn2, faz and f,, are the corresponding natural frequencies and i is the sample time increment.
gg 293 The second term represents noise components. According to the mathematical model and the
;g 294  parameters the simulated signal has the following three characteristics.
29 295 (1) The forced response signal has a low SNR(SNR=-4.6dB).
30
31 296 (2) The noise components contain stationary noise and non-stationary noise.
32
33 297 (3) The noise components contain a base frequency(f;1), which is very close to a natural
34
35 298 frequency(f,,) and makes it difficult to accurately estimate the natural frequency(f,,).
36
37 299
38 . . . - . . L
39 300  The simulated signal x(¢) is shown in Figure 4; the simulated signal contains significant
jg 301  environmental noise, and the forced response signal has a low SNR. The proposed denoising
jé 302  method was applied to the simulated signal, and the results are shown in Figure 5 and Figure 6.
jg 303  Figure 5 compares the filtered signals from the MMSE-STSA and the proposed methods in the
46 304  time domain, and Figure 6 compares the results in the frequency domain. Figure 6 shows that the
47
48 305  natural frequencies cannot be accurately estimated using the raw simulated forced response signal
49
50 306 spectrum.
51
52 307
53 .
54 308  Insert Figure 4 here
55 .
56 309 Insert Figure 5 here
57 .
58 310  Insert Figure 6 here
59 11
60
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Figure 5 shows that both the MMSE-STSA and the proposed method can remove most of the
environmental noise. The zoomed part of Figure 5 shows that the filtered signal with only the
MMSE-STSA method is distorted in the time domain. According to the simulated signal
parameters, the first two true natural frequencies are 44.0Hz and 50.0Hz; however Figure 6 shows
that the filtered first two natural frequencies using the MMSE-STSA method are predicted to be
42.0Hz and 49.5Hz. Figure 5 and Figure 6 show that the filtered signal with the proposed method
has a good consistency with the ideal forced response signal in both the time and frequency
domains. Meanwhile, the strong colored noise frequency(49.5Hz) disappears after the filter
operation of the proposed method, and the two close natural frequencies (44.0Hz, 50.0Hz) are
accurately estimated. The simulation results indicates that using the WIENER-STSA estimator
before the MMSE-STSA estimator under low SNR conditions significantly improves the
estimation. The proposed noise removal technique can improve the accuracy of the estimated
modal parameters using only one impulse response signal in a strong background noise

environment.

5. Experiment Results from a 600MW Generator

5.1. Experimental setup

In this section, the proposed method is validated using the measured forced response signals
collected from a 600MW generator. The generator exhibits excessive vibration during operation,
and the rotating frequency of the generator is 5S0Hz. Figure 7 shows the image of the generator,
and the generator shell located inside a sound-proof housing. Figure 8 shows the bode diagram of
the generator; the generator has a resonance frequency at 48.5Hz, which is not the natural
frequency of the rotor according to the simulated results. Hence, this resonance frequency is likely
to be a natural frequency of the generator shell. A modal test was performed to obtain the natural
frequencies of the generator shell. However, the measured forced response signal is polluted by
highly non-stationary noise, and the measured forced response signal has a low SNR. The spectral
analysis of the measured signal shows that the forced response signal contains a strong colored

noise; the strong colored noise frequency is 49.8Hz, which is very close to the resonance
12
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frequency at 48.5Hz.This makes it difficult to accurately estimate the natural frequency of the
generator shell. It should be mentioned that the state-of-the-art method (PolyMAX algorithm)
estimates the natural frequency to be 49.8Hz, which indicates that the strong colored noise signal

has a great influence on modal parameter identification.

Insert Figure 7 here

Insert Figure 8 here

5.2. Experimental results

The time domain waveform of the measured signal is shown in Figure 9.The measured signal
contains high levels of environmental noise, and the forced response signal has a low SNR. The
proposed denoising method was applied to the measured forced response signal, and the results
are shown in the time and frequency domains in Figure 10 and Figure 11 respectively. The filtered
signal from the MMSE-STSA and the proposed methods are compared. Figure 11 shows that the
natural frequencies cannot be accurately estimated from the raw measured forced response signal
spectrum. Figure 10 shows that most of the environmental noise has been removed by both the
MMSE-STSA and proposed methods. Figure 11 shows that the colored noise frequency(49.8Hz)
has been filtered using both the MMSE-STSA method and the proposed method, but a natural
frequency close to the interference frequency(49.8Hz) disappears with the MMSE-STSA method.
This demonstrates that the MMSE-STSA method may lead to distortion of the estimated modal
parameters in noisy environments. In contrast, Figure 11 shows that a natural frequency at 48.9Hz
appears after using the proposed method, and the result is consistent with the Bode diagram during
the rotor startup. Thus, the application of the WIENER-STSA estimator is necessary before the
MMSE-STSA estimator under low SNR conditions, and the proposed method can help to

accurately identify natural frequencies in modal tests of large-scale mechanical equipment.

Insert Figure 9 here
Insert Figure 10 here
Insert Figure 11 here
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6. Conclusion

In this paper, we focus on modal parameter identification when the forced response signal has a
low SNR. An adaptive denoising method based on the WIENER-STSA estimator and an improved
MMSE-STSA estimator was proposed. Comparing the proposed method with some
state-of-the-art denoising methods in Ref. [1,2], the proposed method does not need to set an
appropriate threshold to avoid loss of valuable information, and does not require many averaging
operations. The proposed method can adaptively remove stationary and non-stationary noise
components, while preserving the important features of the true forced response signals. The
simulation shows that the proposed noise removal technique improves the accuracy of the
estimated modal parameters using only one impulse response signal, which demonstrates that the
proposed method can reduce the number of averaging operations when the measured forced
response signal has a low SNR. In the modal test of a 600MW generator shell, the measurement
results show that, in contrast to the state-of-the-art method (PolyMAX algorithm), the proposed
method can accurately identify a natural frequency that is very close to a strong interference
frequency. Consequently, the proposed adaptive method is a powerful tool to improve the accuracy

of modal identification when the forced response signal has a low SNR.
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Table list
Table 1. The frequencies of the simulated signal
frn1(Hz) frn2(Hz) fnz(Hz) frna(Hz) fr1(Hz)
44.0 50.0 65.0 80.0 49.5
Table 2. The parameters of the simulated signal
S1 S2 S3 S Ss Se S7 i G T(s)
8.00 14.00 1200 1300 590 013 016 10 6 6.3
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Figure list

Figure 1. Classification of signals.

Figure 2. The actual and estimated SNRs for a simulated signal.
Figure 3. Flow chart of the proposed method.

Figure 4. Time domain waveforms of the simulated signal.

Figure 5. The simulated signal waveform before and after filtering.
Figure 6. The simulated signal spectrum before and after filtering.
Figure 7 The image of the generator: (a) Generator and sound-proof housing, (b) Generator shell
Figure 8. Bode diagram of the rotor response during startup.

Figure 9. Time domain waveforms of the measured signal.

Figure 10. The measured signal waveform before and after filtering.

Figure 11. The measured signal spectra before and after filtering.
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