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Abstract

In this studythe discrete wavelet packet transform (DWPT) has been ust#w&inglestep and iterative
denoising methods for enhancing data with Higrel of noiseto identification of modalfrequenciesn
ambient vibration tests on a petrochemical process tow8hiraz Iran The ambient vibration test is
performed by the wind loadll mechanical systems operated during the test; hence, different noise sources
exist.Here both high and low frequency ranga® decomposeeffectivelyin theDWPT, and t provides

a lot of global andocalized information. The DWPT-basedone stepdenoisingmethodfails to properly
denoise thdigh-level noisydatawith denoisingthresholds obtainebly differenttheoretical method$or

this reasontheso-calledpedling approached achieved by iterativedenoisingmethodis used to enhance

the quality of thesignal For this iterative methodhe parameters are obtained by the-aiadierrormethod

. After the signalenhancement stage, the signal processing step is performed by continuous wavelet
transforms (CWTs) to detect the tifrequency information in the data. Furthermore, the modal
frequencies are directly identified by the cross wavelet toams{XWT) and the corresponding spectral
power density. Finally, thestimatedrequenciedby XWT are compared with theaturalfrequencies of a

damaged model simulated by the finite element (FE) method.

Key words: Ambient vibration testWavelet packet transform; Iterative denoisig; Multiresolution

analysis Modal frequencies.
1. Introduction

Ambient vibration testsire quick and cheagheydo not require excitation equipment and the source of
excitation is environmentébads,such aswind [1-5], traffic loads[6] and small to moderate earthquakes

[7]. These tests are commonly used to identify modal parameteramodal frequencies, damping and
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modal shapgsin health monitoring studigs, 8], assessmertf real timequalifications[1-5, 8-15] and
vibration contraé[16]. Identifying the modal parameters of the system is challenging due {stationary
responses and the hidgwvel of noise in the recorded nonlinear signals in ambient vibratibiaselet
transforms[3, 4, 7-12, 15, 17-22] provide the timdrequency information of the data with different
resolution accuracies and decomposition levels in apapametric approach using only the output data.
However, the highevel of noise causedsoproblems irthe performance dhis powerful transformation
[23]. To reduce such shortcomings, here, the wavelet packet transform would be used.

In this study, the main purpose is to identify physical features from data with -tefaghof noise using
discrete wavelet packet transform with muéisolution analysis (MRA) approaciihe wavelet packet
analysis permits to access effectively the tineguency localized informatioonf both high and low
frequency contents. Which is thieastcoming of the common discrete wavelet transform, that is for high
frequencycomponentsit is not possible talistinguishhigh frequencycontents from each othefwo
general datalenoising orenhancement approaches carcbentedin the MRA framework (1) One-step
denoising 24-29], and(2) lterativebased enhancemdi®0-36]. In the first casein onestep ofMRA, it is
triedto remove noisérom data. In the iterative approach, noise is estimated and removed from the data by
using severalerative step®f MRA. This approach is useful for data with hilglvel of noise, where one
step denoising methods may not be efficitmnhoisy data, it is almost impossible to completely fitiat

the noiseHencethe iterative denoising method camprove or enhance the ajity of denoised data.
Iterative denoising schemes wémgially proposed by Starck and Bijad@ig], Coifman and Wickerhauser
[30, 31], Hadjilleontiadis et al.32, 33], and Ranta et |34, 35).

The results of the ambient vibration tests (e.g., modal frequencies, modal shapes, and damping) can be very
sensitive to noise. Few works studied only noise effects (especially effects dévaedbf noise). Hence,
one of our main goal is to focus on neeféect reduction to decline sensitivity of results obtained by
ambient vibration tests. Especially in this study, due to-fd@gal of noise, the common denoising methods
may not be effective. Hiee heiterativedenoising is introduced which was ugedore in some few studies
for denoising of noisy sound from recorded sounds from lungs or medical images [30,81r86licing
this powerful tool is one of oysurposesf the current study. Aftedata denoising in this studgnodal
frequencies of enhanced data are capturembbymoncontinuous waveldbased transfornfer a real case
study.

In the iterative methodhe recorded raw (initial) signal is considered completely as noise for the first
iteration, and the denoised signal is considéodaavezerocomponentsFor the nexiteration, thenoise
signal (in the previous iteratignis decomposed into different mstion levels by MRAby the wavelet
packet transformRegarding the decomposition results, the last resolution leve{0 , wavelet

coefficients that are large enough aoasidered as physical phenomeriimese coefficients aseparated



from noisy information Thesewavelet coefficients are reconstructed by the wavp#atketinverse
transform and theareadded to previoudenoiseddetectedlinformation from the previous iteratigfor
instance, the zero vector at the first iteratiofje remainig wavelet coefficientéwith small valuespare
reconstructed as updated noise for use in the next iteration. This iterative prizecipeatedtepby-step

until reaching gpre-determined criterionBecause physical information is collected layer byetafrom
residual noise, this approach is also expresséd@a® el i ng off sucB@3linthise | ayer
iterative methodjn each iterationit is assumed that the wavelet coefficiemith large enougtvalues

belong tophysical information. These wavelet coefficients are detected based on (predefes)Ithat

the last resolution leveh the wavelepacket transformir hesethreshold can beletermined byneans of

the variance of wavelet coefficient valuesthe last resolution lev@or instancesee the last row, level 4,

in Fig. 1; in this level, for each decomposed set of coefficients, corresponding vaaanoecalculated.

For each set, then, the thresheldue would be proportional to corresponding variande)general, the
thresholdvaluescan be chosen based on some criterievenempirically.

By comparing the results of the iterative denoising approach with the results of teeepraenoising
approach fordata with higHevel of noise and sowith small signatnoiseratio (SNR) values (here, in
ambient vibration testing), the importance of using the iterative denoising metlubdibe confirmed

Although the quality of the signals is improved by the iterative algorithm, it is still a difficult and
challenging task to determine the physical properties in such improved data.

In this study, the concept of cross wavelet ana[Z&6s37] and the corresponding spectral power have been
used to improve the ability of detection of physical features. These transformations would be used for
denoised data obtained from the iterative denoisingritthge. Crosswavelet analysis allows the
identification of physical featuresommonin two signals with significant common energy in time
frequency space. Since noise has a random property, two recorded data are expected to have different noise
energies atlifferent times and resolutionidence, noise effects would be diminished in cross analysis.

Also, the spectral power of th@osswavelettransform can help to identify the loakxcited frequencies

in the frequency domain. Features that have both ¢iomtinuityand energgoncentration with large values

in spectral powerepresentatioicouldinclude physical phenomena. In identifying the modal frequencies
for modes with small contributions, simultaneous investigation can be hélpiiith is laterdiscussed in

this study.

At last, it should be noted that the aboventionedsignatenhancement method with iterative denoising
conceptcan be integrated (as a preprocessor) with other wavasetd methods developed to identify
modal parameteysee e.g4, 12, 39].

Here waveletbased timdrequency representations are used to detect physical features. There are other
methods for studying MRA, such as the Hilbdrtang transform (HHT])18].



This studyis composed afiine parts.Section 2 presents briefly the study methodol@&pction3 reviews

onestep denoising techniques by discrete wavieleisform Section4 devotes to issues related to the
wavelet packet basdé@rative denoising. Sectidisurveyswo waveletbasedignal processing and pattern
recognition tools: XWTandspectral powersSection6 explains the general features of the periling tower

and the corresponding ambient vibration teStsction 7 presents a numerical benchmark problem to
compare the performance of the estep and iterative denoising methoflection8 presents theesultsof
thesignal enhancement and frequency detection of the recorded data from the ambient vibration test. The
concluding remarks are presented in Sedion

2. Proposed methodology

Onestep wavelebased denoising methods have been used widely for demdasia with different wavelet
families decomposition levelsand thresholding method®esigningnew wavelet familie§39], new
wavelet transformsor thresholding 40-44] is still an open research ardar system identifications-or
high levelsof noise, however, the orstep denoising methods may not be so effectwel so iterative
filtering is suggestecke.g.[45]. In this studythere arénigh-level of noise mainly due tahe rigidity of the
structure glevatorsmachinery operationgns and considering wind for the ambient test. Hence, there,
iterative wavelebased method would be ustdreduce noise effects as much as possilile iterative
method would use the discrete wavelet packet method and théhhestolding approachirhe main
guestion is how to choose the threshold value which is proportional to thevadesece.In general, the
theoretical methods to estimate noise levels may lead te ovarnderestimated results. Hence, the
empirical methods can be recommen{itgj47|.

Our experiments show thiar waveletpacketbased iterative denoisimfpoosing of th@ropermroportional
coefficient may not béeasiblethrough empirical observatiofimsed oreitherSNR or peak SNRPSNR
(which was proposed id] for the terative method based on common discrete wavelet transtdemge,

a proper value may be estimated byttied-and-errormethod.

By a benchmarlproblem the robustness of the iterative methsdstudied. The problem is denoisiag
harmonic signal with higltevel of noisewith the waveletbased onatep and the iterative schemes.

After iterative denoisingnd enhancements of initial datiae possible modal frequencies would be detected
simultaneously by using complex CWT and esponding power spectra in the wavelet spaces. The
complex CWT revealshe frequency contents through tinand variation pattern in time. For modal

frequencies, such frequencies would continuously be excited during time. Also to capture more precisely



the modal frequencies, the concept of crass/elet analysis is used to choose common mobilized
frequencies. Finally, for several pairs of recorded signals in the main tow@€k\he, correspondingross
wavelet analyss, and corresponding spectral powersuld be performed. Those frequencies which are
common in all crossvavelet analyses would be known asnastpossiblemodal frequencies.

Finally, these frequencies would be compared with the results obtained by a lar@aidinite element

model,reported in another stud¢).

3. MRA-based dnoisingbased on wavelet packet transformation

Here the wavelet packet transformation is usatigtinguisheffectively all possible localized information

in time-frequency representatidboth with low and high frequency content§he schematic illustration

of the decomposition process of the wavelet packet transform is presented in Fig. B euh@@denote

the approximation and detail informatjorespectively Also, "O and "Oindicate highpass and lovpass
decompositionsrespectively Finally, the decomposed information belongs to the last level, level 4 or
0 T. All calculatiors would be performed for this level.

The different stages of wavelgdcketbased data improvement (denoising) can be summarized as follows:
hQ inthev th

(for data belong tortp );

1) estimationof noiselevel in a process; 2nodificationthe detail coefficients ‘Q 0
resolution leve(the coarsest resolution leveid the location (or timég¥c
the modifieddetail set is denoted byQ 0 HQ ; 3) reconstruction of the denoised sigrm} both

Q0 fr (belong tod & O €# in Fig. 1)[22, 26, 27].
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Fig. 1: Procedure for signal decomposition using wavelet packet transfdithere: Ais approximate information, Ddenotes
detailed information, His low pass filter,and Gis high pass filter [22].

Modifying detail coefficients can beerformedby thresholding technique. For example, one can use the

hard thresholding technique6-28], which is a simple kitbr-hold method. In this technique, for a
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thresholding method can be used to prevent sudden jumps in the modistidted) detail coefficients,
which is defined af26-28]:

9% Uonwo oo - 0. o @

Other thresholding functions such as sseofit and Garrotf29] canalsobe used to have a smooth transition
in the threshold coefficients. The threshold value can be indepesfdeetresolution levetbr dependent

on it. The independent level is known as global thresholding, where a predetermined thrissheddi for

all resolutions. But for the levelependent case, for each resolution levalifferent thresholdis usel,
which is shown as for level (}28]. Severalmethodshave been proposed to estimate the threshold value,
such as: SURE, Universal and GCV (generalized erakdation)[26-28]. Each of these approaches has
its ownconcepto determine the thresholdlues but all of them try to minimize the meaguared error,

0 "Y'G . These three methods can be developed as global andiepehdent thresholds.

According to the number of denoising iterations on noisy data, two different approaches were developed:
1) onestep[24-29], and 2) iterative method, also known ageldng method30-36]. In the onestep
method, noise is removdyy onestepof thresholding (with a general or levéépendenthreshold valug
while in the iterative method, noise is removiedlatively andstep by stepuntil satisfying aconvergence
criterion In each iteration, the data is theise obtained from the previoitsration[30-36] .

Based on the concept 0f "Y'Otwo criteria,the signal noise rati(SNR) andthe peak signal noise ratio
(PSNR), have beensedto determine the quality of various dat@hancemennethods denoising. These

two criteriacan bedefined ag27, 28]:
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wherei Hindi denote denoisednd original (noisy) signalsespectively;, @& is thevariance of i His

the ‘@ element of Hand,, i iHmeasureshe variance ofthenoisei {HJFunctionY , | (H
denotes the riskunction which is equivalent t@ "Y'Q28]. The unit of measurement for both SNR and
PSNR is dBdecibe). The parameter SNR measures the ratio of average power of a signal to average power
of power.Also, PSNR measures the ratio between the maximum possible value of power of a signal and
the power of noise. Henctihe largervalues of thesNR and PSNinhdicate the better performance of the
denoising (or compressiomethods,because these twmaraméers have inverse relationstspith the

noise variancd, i iHu For practicalapplicatiors, valueslarger than 30 dB areecommendedor

PSNR.



4. |Iterative denoisinfpased on wavelet packet transform

Despite the widespread use of estepdenoising methods for signal processing problems, this method may
not lead to suitable results for hlgmoisy data. Iteratiorbased denoising methods have been developed
to improve the results of orstep method$30-36]. An iterative denoising approach is followed in this
section to improve data with a high level of noise. For a noisy stgnald p FE fa 0 , assuming the
signald as noise is the first step of the iterative denoising algorithm. Tdwrerenceand significant
features across the noise can be obtained.

Noise detection is performed liye decompositiorof &£ by MRA (here by the wavelet packet transform)
and then athe last level of resolutiofwith the coarsest resolution lev@l 0  or 0 T in Fig. 1),

those detail coefficients that are larger than a spedifiexshold(which represent important phenomégna
are identified Using the statistical approactihe distribution of detail coefficientQ 0  HQ is measured

(atcoarsesscaled ) and is shown byhevariance ofthe detail coefficients, i.e.:, . Then, cbtalil

coefficientslarger thard areassumedo belong to aconsiderablghysicalphenomenosfor 6

p. The selected detail coefficients with thexchanged) Gale coefficients at the coarsest resolution level
0 arereconstructed as the first estimate otidmised signahnd theemainingof the detail coefficients
along with zero scale coefficients are reconstructed and nanvpdia®doisedata The denoised data at
the end of each iteration is added to the denoised data obtained in the previous ifEnatiabove
procedurés repeated for the newpdatechoisedatain the nexiteration.In fact, significant information is
frequently removed frorthe initial datacontaininghigh-level of noise.In this regard, this approach is also
known as the ping method.

5. Information detectiomf the enhanced data by continuous wavelet tramsfor

In the previous sectiothesignalenhancemennethod vasdescribedased on thdiscrete wavelet packet
transform. In thissection after improving the signal, the tinfieequencyinformation of the data can be

studied andletectedby usingthe CWTs where for daté&Qo and wavelet 0, CWT can be defined as:

® Qo — 0or * — Qo where: ® and @ denote the scale and location parameters

respectively and thes y mb o | A*0 shows the i magdhisnmeans bycttenj ugat
continuous wavelet transform, a signal is watched locally with a moving window of different width (by
movingl 6f® ) Hence, localized information in tinfeequency can be detectdd this work, the complex

Merlot wavelet is used to detect instantaneous frequertdzéised as:
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wheret denoteghe bandwidth frequency add is the central frequencyt is assumed that ¢ and

t p® mHence the condition of complexity of the Merlot waveléhat is 0 0 V¢ would be
satisfied XWT and related spectral power are two powerful signal processing tools developed based on
CWTs. At first, the concept of spectral power of wavelet transfopresentedThis concept helps identify
energy concentration in the frequency (or scale) dorfsgactral power is defined as follows:

. 4
6 o g o "W 0 @)

Where&)represents the location of thealedwavelets o ; O denotes the duration of data

5.1 XWTsandcorresponding spectral powers

Two analyseshat can be performed based on the coefficien®/\Ts are: 1) XWTsnd 2) Spectral power
of XWTs. Regarding XWTsn practical calculations, it is often effectivedetectpossible links between
two signals. Based on the concept of X\{éiEnoted by ) energy coherence can be evaluaféor

signals’Qod and’Qo, dw "®Q can bedefined ag24]:

Mo "B » Qhh  © "Qdw’ (5)
In the above relation, the symbidl* répresents the imaginagpnjugate of a function. XWT identifies
regions where two data have power (energy) coherence in fregtierecgpace. Due to the random nature
of noise, it is expected that two recorded data, at different times and resolutions, have unrelated noise
energes.Regarding thepectral power of XWTsn identifying the energy coherence between two data in
the frequency domain, the power of XWTs can be ustfalXWT power is defined as:

. N e e (6)
v W = Ow "M Qw
Identifying physical (real) ph@mena in data is possible by simultaneously studying two powerful signal
processing toolsthat is XWTs and corresponding spectral powers. It can simultaneously show the
continuous distribution/pattern of energies in the tfreguency representation BYWVT energy and also

the concentration of energies in the frequency domain by the corresponding spectral power.



6. Ambientvibrationtest on the Ammonium Nitrate prilling tower

The petrochemical complex, constructed in 1959, is placed 45 kilometers north of the city of Shiraz, Iran,
near the Korr River. Geological studies have shown that the seismic activity in this zone is high,
nevertheless, the risks resulting from geotechmnsdability, including faulting, liquefaction, subsidence,
landslide and falling rock, are 10#8].

The Ammonium Nitrate Prilling Tower is made of a concrete structure and categorized-aslding

industrial structures. Four steel shimmies with the height of 25m, diameter of 1.9m and thickness of 0.5cm
are attached to the tower between the heights of 55.7m and 80.7m. Schematic illustration of the tower and

the corresponding crosectionare presented in Fig.[48].

A

Adjacent to the tower, the el evator 6s tachedtothed ur e wi
tower atheightsof 47.7, 50.6 and 55.7m. The foundation is constructed of reinforced concrete and contains

a circular pile foundation with the thickness of 1.5m and 78 piles with the diameter of 60cm under the
tower, and a rectangular piledndation with the thickness 80cm and 27 piles of 60cm diameter under the
elevator{4§].

A typical accelerometer used for recordiagcelerations deduced by ambient vibrations is illustrated
CAIdd HOOUVLD ¢KAA& RS GicliGometdr, whidws B NIIH: bandwidth, 2 0/@réablgl & LIS
and adjustable measurement range of +0.25 g to +4g, (3) Adjustable sensor sensitivity from +5V/g to
+80V/g, and (4) Sensor dynamic range ofdB0

Due to deterioration from its original condition and increasing vibrational response (mainly due to stiffness
reduction), which leads to automatic equipment shutdown, the owners motivated for rehabilitation studies.

The ambient vibration test is penfoed by the wind load. Spatial locations of sensors along the tower and
recording directi ons f20doAceelerdtiomiréardess onghe toler aresdénotedt e d |
by 0 where’® pfE fx , and the recordeY is the reference one. Recording directions for the recorded

data at the main tower are denoted®s0 for 'O plg . Data are recorded by the sampling $tép

pfp T Bec[4]].
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Fig. 2Ammonium Nitrate periling tower, Shiraz, Irarfa) Ammonium Nitrate periling tower (b) A sensor on tower (c)
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7. benchmark problem

In this section, the performance of the iterative denoising approach will be studied tignchmark
problems one with one harmonic component and one with-stationarychirp signal including three

frequenciepolluted with considerable noise levels

Benchmark 1 Let us consider a harmonicrittion®w 6 OE@ formm o ¢*, with the angular
frequency @i I or with the periodY ¢“7 p8t T gecond. A function with real random
valuesbelonging to v (and with the uniform distribution) denotedy 0 is added tad> 6 . The
resulting functionwith the considerable noise presented herby: ® 06 ® 0 ® 0. These
functions are illustrated in Fig. 3he function 0 is sampledvith the time stef2 6 T8t .0 he aim is
denoising of the sampled 0 by the common waveldtased methods and the iterative schemasdd on

the discrete wavelétansformatiojpand compare their performance with each other.

yo(t) (QOriginal data) Vnoise(t) (Noise)
1.0 4
0.5 = 2
= o
“-’f,\ 0.0 § 0
-05 > -2
-1.0@ 4
0 1 2 3 4 5 6
t(sec)
Y1()=yo(t)+¥noise(t) (Noisy data)
=
0 1 2 3 4 5 6
t(sec)
Fig. 3: The noisy date. < generated with the superposition of the harmonic date. < and the noisy datar. . = vg (a)
Originalharmonicsignale <, (b) Random noise. ygWwith uniform distribution, (c) Noisy data <.

The sampled noisy data is denoised with the commorstapediscrete wavekiased denoising method,
wi t h @#1Sanl wd v e |1e decompasiiorlewels and with threedifferent thresholds obtained
with three famousipproacheshat isit h 8UREBS, A UNi ver s &lrd neknod afp\paommwua c he s .
stepdenoised results are presented in Fig.hk results confirm that the oséep wavelebased denoising
leads to overor undersmoothed result3 hevalues of thesNR and PSNR are presented in Tabl€His

table confirms that me or both valuesof SNR and PSNRare negative for théUniversab and the
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fiVisuShrinko threshold, which confirms these threshslére improper. It is interesting that for the
ASUREDthreshold, despite the SNR and PSNR values are positive and large enougieyitbevdenoised
result w0 is incorrect (as it should approximabe 0 ). This confirms that controlling only the values of

the SNR and the PSNgduld notbeenowgh.

SURE Universal VisuShrink
6 0.15
4 1.0 0.10
2 . g-g 0.05
S g o £ 0.00
S ©-05 > _0.05
-4 -1.0 -0.10
-sl{a) -1.5[(b) -0.15{(€)
0 1 2 3 4 5 6 0 1 2 3 4 5 6 0 1 2 3 4 5 6
t(sec) t(sec)

t(sec)

Fig. 4: The denoised results with the ostep wavelet-basedmethod with three different threshold values(a) Denoising with
the SURE threshold, (b) Denoising with the Universal threshold, (¢) Denoising with the VisuShrink threshold

Tablel: Denoising of the signal with different one-step waveletbased denoising methods; wherém

U
Method  —S\rdB)  PSNRIB)
6EOO3I o@uX( CBOT
SURE OBQULG OoRPT(
Universal PBYX WEC L WW

For the iterativanethod it is assumedhat 1) Using [190 WwWheelisStymi ami | v, 2)
decomposition levels 52, 3) Number of iterations is four, 4) the threshold value for each iteratjon is

¢®, , where, denotes the variandasince noise level is high, a large value Tfois chosen) For each

iterationthe captureddafad e n ot e d b andréninimgmiadl deh o} e d dreypreseMadi s e 0)
in Fig. &
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lteration 1; Signal[1]; §=2.5¢" lteration 1; Captured Noise; €=2.50'
6
4 4
2
0 3 2
z_2
-4 _4
-6 _6
0 1 2 3 4 5 6
t(sec)
(a) Results of the first iteration
lteration 2; Signal[2]; =2.50’ Iteration 2; Captured Noise; €;=2.50
0.6 6
0.4 ‘21
0.2 o
> 00 5 0
z_2
-0.2 =
-0.4 6
0 1 2 3 4 5 6
t(sec)
(b) Results of the second iteration
lteration 3; Signal[3]; €=2 50’ Iteration 3; Captured Noise; €=2.50"
) 3 . 6
0.1 4
o 00 % g
-0.2 -4
o 1 2 3 4 5 6 -6 1 > 3 4 5 6
t(sec) f(sec)
(c) Results of the third iteration
lteration 4; Signal[4]; €=2.50' Iteration 4; Captured Noise; €=2.50
0.1
0.0 /J o
> _0.1 S
-0.2
0 1 2 3 4 5 6
t(sec)
(d) Results of the fourth iteration

Fig. 5 Captured data and remaining nois# each iterationstep. Iteration numbers are four.

By superposition of these four captured dath Si gnal [ 1] q thefinal éhtancedrdatd@n[bd ] 0 )
evaluated. The difference between initial d@ba 0 ) and the enhandedata is known as thienal noise
Theenhanced data and the final naase presented in Fig. Bfter enhancement, thetal pattern oto 0

can be estimated while it inclusl®calized noises.
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Enhanced noisy data Captured noise

4{(a)

o)

= R
o

<= 2

-2
0 1 2 3 4 5 6 0 1 2 3 4 5 6
t(sec) t(sec)
Fig. 6 The final results after four iterationsvith * 8 Q; (a) Thefinal enhanceddata, (b) The remaining noise

Using the continuous wavelet transform, denoted hem hy the values of @ at differenttimes and
periodsarepresented for botthe noisy dateb o and the final enhanced data in Fig\WWhere the wavelet
family is the complex Morlet wavelatith parameters ¢ andf  p® mThis figure confirms: 1) For
thew 0O the frequency components cannotetectedandnearlyall frequencybands are polluted, 2) For
the enhanaddata the frequency content @pproximatelyaroundthe period”Y p8t ¢ ‘Bdsery close to
the frequency content @b 0 . Also, the effects of considerable noise can nehdyemoved from the

noisy dataw O .

This benchmark problem confirms the robustness of the iterativasiteg approach for data with high

level of noiseAlso, this approach can be used for data with localized-legél of noise.

Noisy data: y;(t) Enhanced data

1.5 1.5
.10 1.0
3 O
b Q
= k23
= i = .
0.5/ ¢ 0.5
0.0 = 0.0L.2 - 2. -
U 2 3 4 5 6 K > 3 4 5 6

t(sec) t(sec)

Fig. 7 The absolute values of CWTss, = 206Gl Ay SR o0& G(KS O02YLX SE a2NI @ 5p oSt Sz

the noisy data(b) 57, for the enhance data
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Benchmark 2 Let use assume a chirp functj@s:o 6 OE@ form 0 -¢“;w 6 OEdOo
for-¢* 0 -¢*;andw 0 OEd©® for-¢* 0O ¢“. A function with real random values
belonging to ¢®kt® (and with the uniform distribution) denoted tiy 0 is added tad 6. The
periods of the signal ardform 0 -¢“,] Qi O or’Y c¢“7 p8t T gecond; For "

0 -¢“,] pad WMor’Y md ¢ osecond; Forg* O ¢“,] CT OMorY TR @p Y

second.

The pollutedsignalis denotechere by: 06 © 0 0 . These functions are illustrated in Fig.
8. The functionw 0 is sampled with tharhe stegQ 0 18t 1.’he aim is to enhance the sigdalo by
the iterative schemda the discrete wavelet transformatidxl assumptions for the wavelet transform are

the same as Benchmark 1.

For"®h iteration, the captured data (denotedib$i gnal [ i ] 0) and remaining noi

presented in Fig. 9 for four iterations with the threshold ¢& ,, .

Yo(t) (Original data) Vnoise(t) (Noise)
1.0 2
0.5 = 1
= 2
‘;‘5 0.0 § 0
-0.5 >-1
—1.0l(2) -2|(b)
0 1 2 3 4 5 6 0 1 2 3 4 5 6
t(sec) t(sec)
Yi(t)=yo(t)+¥noise(t) (Noisy data)
<
0 1 2 3 4 5} 6
t(sec)
Fig. 8:The noisy datax <« generated with the superposition of the harmonic date. < and the noisy data. . . vg (a)
Original chirp signak <« including three harmonics, (b) Random noise vg with uniform distribution, (c) Noisy data
« 4«
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lteration 1; Signal[1]; €=2.50" Iteration 1; Captured Noise; €=2.5¢'
3 3
2 2
o 1
< (1) -% 0
-1 z -1
-2
-2 -3
0 1 2 3 4 5 6 0 1 2 3 4 5 6
t(sec) t(sec)
(a) Results of the first iteration
lteration 2; Signal[2]; =2.50" Iteration 2: Captured Noise; €=2.5¢’
3 3
2
2 ° 1
[N 1 ) 0
0 Z -1
-2
-1 _3
0 1 2 3 4 5 6 0 1 2 3 4 5 6
t(sec) t(sec)
(b) Results of the second iteration
lteration 3; Signal[3]; =2.50" Iteration 3; Captured Noise; €=2.5¢
0.3 3
2
0.2 9 1
0.0 Z -1
-0.1 -2
-3
0 1 2 3 4 S 6 0 1 2 3 4 5 6
t(sec) t(sec)
(c) Results of the third iteration
Iteration 4; Signal[4]; €=2.50' Iteration 4; Captured Noise; €=2.5¢"
0.06 3
2
0.04 o 1
[ = 0
0.02 2 3
0.00 -2
-3
0 1 2 3 4 5 6 0 1 2 3 4 5 6
t(sec) t(sec)
(d) Results of the fourth iteration

Fig. 9: Captured data and remaining noise at each iteration step. Iteration numberdaare

By superposition of the four captured data (ASi gl
calculated. The difference between initial daba ¢ ) and the enhanced data is known as the final noise.
The enhanced data and the final Base presented in Fig. 10. After enhancement, the total patt@rroof

can be estimated while it includes localized noises
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Enhanced noisy data Captured noise

1.5
1.0
05
= 00
-05
By C
0 1 2 3 4 5 6 0 1 2 3 4 5 6
t(sec) t(sec)

Noise

Fig. 10:The final results after four iterations with 8 Q3 (a) The final enhanced data, (b) The remaining noise

By thecomplexcontinuous wavelet transform (i.e, ), the values ofw  at different times and periods

are presented for both the noisy datad and the final enhanced data in Fig. 11. The complex Morlet
wavelet is used for the transformation widrameterg  ¢andt¥  p® tThis figure confirms: 1) For

thew 0 the frequency components cannot be detected, and nearly most frequency bands are polluted, 2)
For the enhanced data, tperiods™Y p8t1,XY ™ ¢ g, @nd’Y T& ¢ paje denoted by the blue
dashed lines in Fig. 11(yhich arethe periodcontens of the original datab 0 . It is obvious that the

enhanced signal has effective concentrations around the periodp8t T i@ ¢ ¢ ¢ p. Y

Noisy data: y,(t)

1.0 ‘ 1| 1.0

T(sec
T(sec

0 1 2 3 4 5 6

Fig. 11The absolute vales of CWTszr, = 206GF Ay SR o6& GKS O02YLX SE a2NISi ¢l #St Stz ¢
T+ for the noisy data, (b)5r, for the enhance dataThehorizontaldashed lines denote the periods 1.047, 0.5235, and
0.2618seconds
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8. Results of estimateshodalfrequencies from the ambient vibration test

Different recorded datia the main tower0¢ pOco pOu pOp @ndOx ¢arepresented in Figl2. Here the

sampling time step %0 1@t pand the data lengths are chosen t6 bey

Indeed, to distinguish twoealy locatedseparate peaks of frequenci@s'Q where’Q "Q itis necessary

to use a data length, or truncate the original signal by lendthas[49]:

. S )
' o w0
or:
FQ Q Q 5 ®)
0]
Hence in our study, the peaks with differe¢® — 18t ¢ UOa can be distinguisheddence, the

longerthe lengthof data, the moraccuratdrequency detection.

At first, two common approaches are considered to detect modal frequencies: 1) Studying in the Fourier
space, 2) Investigating by the estep denoising in the wavelet space by the discrete wavelet transform.

Regarding the Fourier domain, the frequenaytent of the signaldc pOo mnddu @re studied by using
the discrete Fourier transform, denoted here bg. The energy densities in the frequency domain,
S wsS are presented in Fig3. It is obvious that due tilhve ambient vibration, operations ofechanical
systemselevators, fanand background noise, there are severals. Alsq due to the lack of information

from time domain, it is impossible to select modal frequencies directly from the frequesicy
8-1: Onestep denoising methodimsed on waveldpackej transform

Different steps of waveldiased denoisinby the onestep methodsan be summarized as: Ejtimation
of noise level in a process; Bodificationof detail coefficientsQ "@Q where the modified set is denoted
by 'Q@Q : where®CandQdenote resolutiofevel and position, respectively (wittocation Q¥ ); also
0 0 ph8 wherev  and 0  represent the finest and the coarsest resoHieels
respectively 3) Reconstructionof the dnoised signal by bothQ@Q and the unchanged scale

coefficients ®0  Fx [50,51].
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t(sec) t(sec)

a(cm/s?)

t(sec) t(sec)

0 40 80
t(sec)

Fig.12: Recorded signals at different station§he horizontal and vertical axes denote time and acceleration, respectively;
sampling time step i¥ « 8 ;(a) Signal} , (b) Signall , (c) Signall , (d) Signal} , (e) Signall  [48].
The modifying stage can be performed by thresholding technique. For instance, fdeéiped threshold

o, det ai l coefficients bel ow t-trkesp ntethad &s&nownlasl ar e
the hard threshding [50-52], with the definition:

mos T )
vhos |
wherei 8 denotes the shrinkage function. To prevent sudden jump in modified (thresholded) detail

i 0

coefficients, there is another simple and famous approach known as the soft thresholding method, defined
asEq. (1)[50-52].

The possiblethresholding approaches are mentioned in TabReBardinghis table,the parameters can
be defined as followd he term "level" indicates a levdependent threshatdy. The Universal, SURE and
GCYV thresholding methods try to minimize the mean square@rsic A} [ 70, wherd] is a

vector of thresholded data with the threshold valufjis the unknan smooth (untouched or without

noise) data, and denotes the length of data. Sirl'es unknown, it is necessary to estimatéY'(62).
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In the Universal methodproposed by Donoho and Johnstgrikg threshold gives a minimax solution of
the ideal mean squared error in the asymptotic behavibreilas0 © H) [50-53]. For a signal of length

0, for the Universal approach, the thresholf#:
-k - , COE&W (10)

where, denotes the noise leval, is the noise variance for white Gaussian naigechcan be estimated
as[29]:

o QQQEEY, ;,,M0HQ  pltiB ) T¢ (11)
T X T U
where’Q 0 RQ denots the detail coefficient at the first level of decomposition (or at the finest
resolutionpic with the locationQ¥¢ ). For large values ob, the Universal threshold can

remove both the noise and the physical signal.

In the ASURB methal , the Steinbds unbi ased 0rY@stknatiend30b2mat or (
54].

For the case where the wavelet detail coefficients are sparse, Donoho and Johnstone shioybtidat a
method which combines the Universal and the SURE thresholds is preferable thanThiuRfEbrid
threshold when used with the stfresholding method is known as tAUREShrink method.This
threshold can be obtained [&5):

-k - G8R- h cOiée® (12)

Asymptotically, thegeneralized cross validatiocCV) function is a vertical translation of the "Y'O
function, while the GCV can be evaluated only based on input (noisy) data. Hence, the threshold value

minimizing GCV also minimize® "Y'{62).

The AVi suShr idesigied to emae Gaaskiah naise with high probability (which tends to

result in overly smooth image appearan&®y. image processing, by specifying a smaller sigma than the

true noise @ndard deviatiop , a more visually agreeable result can be achigs@ld

Regarding the common waveletsed approach, in the following, the etep denoising by the discrete

wavelet will be studied for data P12. The famous approaches are usaddioproper thresholds, that is:

t h SUREShrink, ASUREO, and AUniversal 0o methods[l12 see Ta

orthogonal wavelet with 13 decomposition levels, the denoised results are presented4nA&p, the
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values of SNRsind PSNRs of denoised data are presented in Table 3. The results confirm that: 1) The
denoised data are ovesr undersmoothed, 2) The negative values for either SNR or PSNR confirm

improper denoising results.

In the following moreadvancedvavelet transform will be used, that is the wavelet packet transform to have
considerable flexibility in studyindpcally in time-frequency spaces:or theOp ¢signal, he onestep
denoisedresultsby the wavelepacket transformare presented in Figl5. The considered wavelet is
Y & opo and 0 p o(number of decomposition levglsThe performance of different omstep
denoising methods f@p @ndOu signals measured by SNR and PSNR criteria is also presented in Table
4. Both Fig 15 and Table4 show that among the denoising methods, the GCV denoising method leads to
the best resultdHowever,for all denoising methods the PSBIRre considerablyless than 30 dB which
confirms the insufficient performance of the estep denoisingnethod using different thresholding

approaches

Table2: Different denoising approaches with corresponding thresholding method and estimating noise level

Denoising method Thresholding approach Estimating method of the noise
level
GCcvV soft GCcv
GCVLlevel soft GCVLevel
SURE hard SURE
SURELevel hard SURH.evel
SUREShrink soft SURE
Universal hard Universal
UniversalLevel hard UniversalLevel
VisuShrink soft Universal
VisuShrinkLevel soft UniversalLevel
0.007 P 0.007 Pay - 0.007 Ps1
0.006{{2) 0.006 0.006/(€
., 0.005 0.005 0.005
§ 0.004 0.004 0.004
& 0.003 0.003 0.003
0.002 0.002 0.002
0.001 0.001

0001) | ||
0.000L - | |
0o 10 20 30 40 50°0000° 90 20 30 40 50°0%% T 10 20 30 40 50
v(Hz) v(Hz) v(Hz)

Fig.13: The energy densitg « s in the frequency domain for different recorded data, whelie « denotes the Fourier
transform of« «;(a)§ « s ofsignal|l ,(b)d « s ofsignal|l ,(c)d « s of signal |
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0.17332

0.17330

20 40 60
i(s)

80
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Fig.14: The denoisedE signalby the onestep wavelet based denoising using the thresholds obtained by the
R & ! yhe gyl wiavelethndddNE |; @KOSet smoothed by

OSUMEShrink >
d{! w9 { KNy (b OverisiNddtheld Byf {R!=w 9 £

a{ ] wo¢

Ly

{ (&) Eeaskn@othédDy { K NRA y' 1 €.

Table3: Denoising of théE  signal with different onestep waveletbased denoising methods; wherém

GKNBaKz2t R

up ¢
Method  —SNRdB) PSNRdB)
SUREShrink VR XY ¢Cc®ucg
SURE V@ X Y 222521
Universal V@ X W 222521
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GCv

GCVLlevel

SURE

0 2 4 6 8

t(s)
SURELevel

0 2 4 6 8

t(s)

UniversallLevel

0 2 4 6 8

t(s)
SUREShrink

0 2 4 6 8

t(s)
VisuShrink

2 4 6 8
i(s)

Universal

2 4 6 8
t(s)
VisuShrinkLevel

0.20. 0.20.
B2 B2
= 0.18 = 0.18
G G
® 0.16 ® 0.16

0 2 4 6 8

t(s)
Fig.15: Denoising of théE

t(s)

2 4 6 8
Ks)

signal with different onestep waveletpacketbased denoisingnethods; whered m

8-2 Results for the Iterative denoising method based on wavelet packet transform

In this part, the results of sighal enhancement with iterative denorgiigpdsare presented. The largest

possible value ob is obtained by a trigand-error approach. The proper valueiofis estimated asi

p. For signal®p @ndOu pafter 13decomposition levels andt2ratiors, the valuesf the SNR and PSNR

(which shows the effectiveness of the data enhancement metfequesented in Tablb. The"Yw & & Q0
wavelet of order 12 is assumed. Note that at the end of the iteration, the corresponding enhanced results
and the initiahoisydata are used in the calculation of the SNR and PSNR parameters.
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Table4: Effects of denoisingvith different thresholdingby the one-step DWPTmethod with the ﬂ cOm g <«nddm

Method E E
SNRdB) PSNRdB) SNRJB) PSNRAB)
GCV 42693504 18560875 30779994 16993771
GCVLevel 32025807 7.2176840 27.396521 13593568
SURE 33036281 86313331 25231523 11313871

SURELevel 30.054381 5.1049236 23.358374 9.4540047
SUREShrink 31176870 6.3329708 24.243898 10.315175
Universal 30.3283032 5.4488797 25048999 11.119087
UniversalLevel 30.6195054 5.6516937 24.081426 10.025114
VisuShrink 30.0684292 5.1165927 23967897 10.051441
VisuShrinkLevel 30.2468347 5.2791582 23.683542 9.7212105

FortheOp csignal after each iteratiormoth noise andhecaptureddenocisefidatal d enot ed as A Si

are presented in Fig6. Numberof iterationsis two, and it is assumed:  p and0 p oThe last row
presentshe denased (enhancedkignal aftertwo iterations obtained asB "Y' QQEQusee Fig.16.
Estimated noise is obtained from the differenc¢hefinitial signaldp cand the final enhancethta as:

O0& Qi & ¢ B "YQQEXIA each iteration, information witkoherentstructures is selected as
denoisedsignal and the remaining ddtausedas noiseandis usedor the next iteratin. In summary, due

to the highlevel of noise in the data, the noisannot be removed completelpdeed,it is removed as

much as possibjeby decomposing the signals into coherent (denoised signal) and incoherent (noise)
structures by a method that ismsiltaneously localizechoth in time and frequency domainThe

enhancement effect is investigated for P12 data.

The final energy densitgf noise(thefinal noise in Fig 16, the last royis presentedn Fig. 17 in time-
frequency representation lsing thecontinuous wavelet transform to identify localized ranedeise

information in the noiseFig. 17(a) represents a 3D plot of the informatiaiYaco  , and Fig.17(b)

represents the corresponding contour,phdtered and”Ydenote time and period, respectively; atd
is energy densityAll calculations are performed with the complerrht wavelet with parametefs ¢

andt p® mThe energy rangis T8t ¢ & ww ® INAYAN) in Fig. 18.

According to Fig.18, for short periods, i.€Y 1@, stochastic like localized information exists and for
periods in the rangedo  “Y p&, several significant phenomena occur locally, which may be caused by
the operatiors of mechanical systemelevators,and fansin the tower. This stochastic or local like
information is not important in this study, sinoaely excited modal frequenciesre importantwith
continuouspresenceahroughtime. So far, several powerful signal processing tools have been used to

enhance or clean the signAfiter enhancing the data, the next stept is tried to integratpossiblephysical
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features to extract more reliable information. The main idea is to useveawstet analysis to find repeating

physical patterns in differénlata.

Table 5: Iterative denoising of dat&E and’E _ with parameters: E andd/m
; Op ¢ Bu p
Iteration SNR(dB) PSNR (dB) SNR(dB) _ PSNR (dB)
1 28.820625 15.012432 36.564065 12.582310
2 39.730155 25.878075 45.793346 21.754959
021 Signal[1]; e=1x0’ Captured Noise[1]; =1xa’
0.20 0.04
A0.19 . 0.02
<, 0.18 %
< 0.16 T _g02
0.15
014 -0.04
0 >0 20 60 80 0 20 40 60 80
K(s) t(s)
(a) Results of the first iteration
Signal[2]; =1%o’ Captured Noise[2]; g=1xd’
0.010 0.04
—~ 0.005 —~ 0.02
R K
£ 0.000 £ 0.00| pimovimsirtna ey
L S
@ —0.005 S _n.o2
-0.010 -0.04
0 20 40 60 80 0 20 40 60 80
t(s) t(s)
(b) Results of the second iteration
Enhanced data:Z,2:1Signals[i] Noise=Noisy data—Enhanced data
0.004
0.20 . 0.002
£018 £ 0.000
L L
& 0.16 ® _0.002
0.14 -0.004
0 20 40 60 80 0 20 40 60 80
t(s) t(s)
(¢) Final Results after two iterations

Fig.16: Iterative denoising of the signdE  with two iterations; both denoised signal and estimated noise are provided at
each iteration the first row). The last row contains final denoised signal and estimated noise; evaluations are obtained with:

{eom g« anddm
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|W,(noise) | 2

|W,(noise) | 2

8.x1078

6.x1078

4.x1078

y T ﬂ}-nm;‘: 1 .,.,L»,,t,_ ‘ ) OISO A R ‘ 2.x1078

0 20 40 60 80
t(sec)
(b)
Fig 17: Density of energy fothe remaining noise afterl3iterations of the peeling algorithm for datdE  where R, and

I . () 3D representation of the noise energy densitgly) Corresponding contouplot. t I NI YSGSNE adé FyR a¢:

the time and period, respectively.

8-3 Crosswaveletanalysisfor frequency detection

Here by using cross wavelet analysis and corresporbmger spectrum, physical responses are

detected. Croswavelet transform can be used to identify common frequencies between two data with

significant power. This feature of cregmvelet analysis is used to study each pair of enhanced signals
0¢ poo p, O¢ POv p, Op €0x ¢, and O¢ POp ¢. Here, P21 is chosen as the reference reddrese

signals are denoised with thaveletpacket baseierativeschemewith "Y & & apxp0 pPped p
andusing oftwo iterations.
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The results of wavelet analysis andrresponding power spectrum for each pair of enhanced signals

0c p0o p, Oc pOu p, O¢ POX ¢and O¢ POp ¢ are presenteih Figs.18, 19, 20 and21, respectively
In each figurethe energy density of th@WT (i.e. w ) of each signalcorrespondingrosswavelets

(that is ¢xv ) andtheir spectral powergthat isO or0 ) arepresentedin all figures, for theenergy
density and the crossvavelet (x , plottedrangesof energiesare m8t ¢ & cw )

0 dow  andmdt § & widw ®w 0 owdw |, respectively

Based on therosswaveletanalysisand the corresponding power spectrum, the identifiedatlike
frequenciehave peakin the powerspectral curveandarecontinuoughroughtimein XWTs. To clarify

detectedrequencesthey are pointetly arrows in Figsl8(e)21(e)). The detected frequencies are:

1- Forthe pair 'E HE  (Figs. 18(e,f): 0.88, 0.92, 15, 1085, 1.11, 1.2, 1.24, 1.29, 1.8, 1.64,
179, 1.83, 2.12, 2.16, and 2&8Seg

2- Forthe pair 'E RE  (Figs. 19e,f): 0.88, 0.92, 1.05, 185, 1.24, 1.291.58,1.641.79, 1835,
2.12, 2.16, and 28Se¢

3- Forthe pair 'E RE  (Figs. 20(e,f): 0.88, 0.92, 1.08.085 1.24, 1.29, B3, 1.54, 1.8, 1.64
1.79,1.83, 1.9, 1.97, 2.072.12, 2.16and2.28 Se¢

4- Forthe pair'E RE  (Figs.21(e,f): 0.88, 0.92, 1.05,1.085, 1.21, 1.24, 1.29, 1.58, 1.695,
1.72,1.79, 1.835, 2.12, and 2.16 Sec,

Since signals are not recordsithultaneouslycommondetectedperiodsin all pairsare assumed to be
possible modal period§ he common periods in all signal paiese: 0.88, 0.92, 1.05,.085,1.24, 1.29,

1.58,1.64, 179, 1.835, 2.12,and2.16 s Also, the results show thdtie to the serrsymmetric shape of the
structure, there areseral pairs of nearly excited periohsthe power spectruifwhich may be two similar

modes independently in theandwdirections)

Also, the mainconcreteowerwasindependentlynodeledby thelinearfinite element (FE) method using
3D continuum elements with linear shape functi@t@. The effecs of damagesoilstructure interaction,
concretesteel interactiorelevatorsand operatingnachineryand fansare not considered in the FE madel
The nodal frequenciesbtainedirom the FE modehrereported as0.1829, 0.1843, 0.20, 0.2138, 0.3139,
0.3232, 0.3954, 0.4118, 1.6004, and 1.9738[&&ic

According to the modal frequencies identified from the FE modefpdhksiblereasos for the difference

between the resulfsom the ambient vibration test and the FE manbelld be
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1- Theoperationof mechanical systems and the existence of three active fans in the main tower.
2- There were four narrow steel towers on top of the main concrete tower. These steel towers are not
considered in the FE model.
3- There is existencef (considerable) damagend cacksin different parts of thenain towerand
the connection of the main tower with the neighboring structure. Theyngemnsidered in the
FE mode]
4- Four narrow and long steel towers are above the main strueimnever they are not simulated
in the FEM.

9.Conclusiorand future study

In this work, introducing the iterative enhancing approach based on wavelet packet transform is the main
goal. As the authors know, this is the first time that wavelet packet based @eatatigising is used for
ambient vibration tests. Also, both the estep and the iterative denoising methods (based on MRA) have
been investigated to improve the signals with a high level of noise recorded from ambient vibration tests.
In this study with a benchmark involving high level of noise, the robustness of the iterative denoising
method is studied; the result is compared with the commorstepedenoising method with different
thresholdsThe results of the orgtep denoising mkebds confirm that:

1) Outputs still need considerable improvement, due to small values of PSNR (Table 3 aBY Fig.
2) From different thresholding methods, different results can be obtained

For the wavelepacket based iterative denoising method fghthével of noise in data, ihay bepossible
to conclude:

1) The wavelepacket based iterative denoising approach can enhance the signals (see captured noise in
Fig. 16 and correspondingnergydensity of noise in Figl7),

2) This method can effectivedetect random local data. This confirms the importance of using iterative

denoising approaches for data enhancement (noise energy 1T)ig.

3) Noise in the signal cannot completely be removed even by the iterative meth@in@eenglocalized

featues in Fig.19).
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After enhancement of higlevel noisy signals (recorded from ambient vibration tests) by the iterative
denoising method, it has been tried to identify the excited frequencies by using the continuenaetets
analyses and the corresplimgy spectral powers. In the continuous wavelet transform, Morlet complex
wavelets are used to detdmith instantaneous frequencies and corresponding excitation patterns in the
time-frequency representation. The excited frequency is recognized as aaplpjsmomenon with
continuous excitation over time in the tisflequency representation. Regarding their spectral powers, also,
thesemodal frequencies have local concentrations with considerable powers around modal frequencies (or

corresponding scales). By cremsalyzing of the pairs @nhancedgignals, the results confirm:
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spectral power of denoiseE  d) The density of energy for the denoised® h Fr |} ; ) The spectral power of XWT
for the dendsed data’E  and”E [f) The density ¢ J—|—,- . for the denoised dataE and”E . In these figures, plotted

graphs are fotherange 8 4 +e5:, 7. JFeg, or 8 lFeLq Lo Ldel
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Fig.20: Powers and energies of wavelet transforms of denoised sigrigls and”E  and corresponding= F %|and spectral
power of< 5= 4| a) The spectral power of denois€& ; b) The density of energy for the denoise® hr, | :¢) The

spectral power of denoiseE  d) The density of energy for the denoised® h Fr |} ; ) The spectral power of XWT
for the denoised datdE and”E ) The density ¢ J—T . for the denoised datdE and”E . In these figues, plotted

graphs are fotherange 8 4 $ e, T Id+esr, or 8 1oL Lo Lol
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Fig.21: Powers and energies of wavelet transforms of denoised sigfi&ls and"E , and corresponding: F %|and spectral

power of< 5= 4| a) The spectral power of denois€&

spectral power of denoiseE  d) The density of energy for the denoised® h T |}

; b) The density of energy for the denoise® hsr, |

;C) The

; ) The spectal power of XWT

for the denoised datdE and”E ) The density ¢ J—T . for the denoised datdE and”E . In these figures, plotted
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1) Crosswavelet analysis improves the tifrequency representation for identifying excited
frequenciege.g., Fig.19),

2) Despite the improved tirgequency representatiaf cross waveletghis transformatiomay
also beinsufficient becausef existence okeveral continuouequenciesn its timefrequency
representation. As it is not cleahetherthesefrequenciesare modal frequencies or n@igs. 18-
20),

3) However, he spectral power of the wavelet transfawoald beuseful fordetection andapturing
the frequency ogignificantenergieqgas physical phenomena),

4) Due to thenearlysymmetricaplaneof the structure, the detect modafrequenciesreclose to
each othe(see Fig2) (however forthetortional modal frequencies, it is not the case),

5) Cross wavelet analysisuldreduce the effects of stochastic phenomena such as asitey
do not have coherence with each offsere Fig19).

At the end of tfs study thedetectedrequencies are compared with the frequencésuredrom the 3D
FE model They havegoodagreementwith each otherHowever, there are frequencies that are not seen in
the FE model, which could be due to the followiagsons

1- Theoperationof mechartal systems and the existence of three active fans in the main tower

2- There were four narrow steel towers on top of the main concrete tower. These steel towers are not

considered in the FE model
3- Existence of damage and cracks in different parts aféia tower, which is not considered in
the FE model.

Finally, it should be noted that the common discrete wavelet (packet) basspmenoising with
different threshold may lead to over undersmoothing results for signals with high level of noiae (
presented in Fig. 4 and Table 1). Hence, for such data, the whaskdd iterative approach could be
promising along with other common methodkso, the finite element model in [48] was not based on the
modetupdating approach to achieve more accuraidel: it was an initial model based on initial
assumptions which should be updated. Hence, model updating would be recommended.
In conclusion, for civil engineering applications, vibration responses are complex, displaying variations in
space and time.He responses often contain nonlinearity and uncertainties not considered during data
collection. These responses can also be polluted by various sources, affecting numerical simulations and
damage identification processes. A significant challenge is heffactively remove noise from the
collected data to achieve reliable damage indicators that are insensitive to noise and environmental
factors. Hence, proper denoising, damage detection and numerical simulations are still active research
areag57).
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