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Abstract

A damage detection method is mewed which combines thendom decrement
technique (RDT) witHong and shofterm memory (LSTM) netwosk The method
usesthe measured vibration responsé offshore structures subjected torandom
excitationand is able to locate and assess the damage with accevacyn noisy
conditions Theapplicability of theproposed RDILSTM method is verified through a
numerical example and laboratory tests. The numeeixaipleconsistsof a jacket
platformsubjected tetandom wave excitatioff hesimulateddamageasesncompass
single and multiple damage locationst only onwhole segments but also on local
elements (ondfth of the whole segment) of the numerical structwigh minor (1%
5%) severity and different noise levels. RDT is applied fitstprocess the noisy
random dataand then the damage detection is carried out us8ipMV. After the
numerical example,he proposed method is applied to laboratory tests of a jacket
platform modelunderrandomloadng producedby a shaking tableMinor and major

damagesndtheir combination adlifferentlocations areliscussedBoth the numerical
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simulation and laboratory teshow thatthe proposed RDLSTM methodhas an
outstanding performange structural damage detection.
Keywords: long and shoterm memory network random decrement technique;

damage detectigmffshore structures

1. Introduction
Structural health monitoring (SHM) of offshore structupays amajor rolein

reducing the maintenance costs and guarantabmgperationsafety during their
service inharsh marine environmenf§ichols, 2003; Ren et al., 2006; Jahangiri et al.,
2016; Haeri et al., 2017Among the plethora of SHM methods, vibratibased
methodssuchas global SHMmethodshave been widely usetb determinghedamage
location and damagéevel of a structure using damage indicators based on the
measured vibration responsédbration-based methalcan be divided into two
categoriesparametric and nonparametric approachesording to whether or not the
modal parameters are ugedconstruct the damage indicatoibdeljaber et al., 2017).

The basic principléehind the parametrimethods is that the modal parameters are
associated witlthe physical parameters of the structures. Haheegchanges of modal
parameterslrew from the collected/ibration response dataased on sensors and the
data acqisition systenrelated tothe damaged and undamaged structuresisedto
constructhe damagéndicators During the pastew decades, the parametric methods
have made greatvancesThey are typically based on natural frequency or mode shape
(Ding et al., 2016; Bao et al., 2017; Ercolani et al., 2018), frequency response function
(Mohan et al., 2013; Mao et al., 2018; Lin and Ng, 2018), and modal strain energy
(MSE)(Ashory et al., 2017; Tan et al., 2017; Dehcheshmeh et al., 2020). In recent years,
the parametric methgdespecially the MShased method$iave often beenapplied
for damage detection agharinestructuresLi et al. (2008) proposed a crasmdel
crossmode (CMCM) approach taletermine thelamageof offshore jacket platforms
by using spatially incomplete modal data identify the damageof individual
componentsLiu et al. (2014)ntroduced thdactors of modeorrectionand defined a

new damage indicator basedtbe concept of MSHo localize the damage of offshore



wind turbines based on spatial incompleteness with better accuracy. Li et al. (2016)
introduced frequency information into the traditional Stubbs indethod. The
effectiveness of the improveahethod for damage localization was proved the
numericalexampleandlaboratorystudy of jacket platformsA review of four typical
MSE-related damage detectiorethods (i.e., Stubllamage index, MSEhange ratio,
crossMSE, and MSEdecomposition) was presented by Wang and Xu (201®ich
the four methods for offshore platforms damage localizatiere compared

As the parametric methods rely heavily on the accuracy of the modal analysis, some
signal processing techniqulkave been proposed to overcome the problbiat arise
in the identification of modal parameteesg., mode mixing, sensitivity to noisdu et
al. (2013) proposed the Prony based on stgi@ce model (Pron$S) methodwhich
can improve the precision of the signal decomposition and avoid the shortcomings of
the Prony method, such as noise sensitiaityg truncation errofLiu et al., 2019(a)).
Liu et d. (2020) proposed a single mode functi@MF) decompositiormethodto
reducethe mode mixing in the Hilbetiuang transform (HHT) for the SHM of offshore
wind turbinesBaoand Shi (2019) developed thperational modal analysis procedure
NEXT-SLRA-CE,in whichthenoiseelimination method (SLRAand ambient vibration
responses processing method (NExT) aoenbined with themodal parameters
identification method (CEHowever, in practicehese parametric methods still present
challenges:incomplete and inaccurate modal informatidn €t al., 2008), noisy
measurements (Liu et al., 2019(b); Bao, et al., 2020), solution of tbenilitioned
overdetermined system of linear equations (Wahgl., 2019), etc.

On the other hand, theonparametric methods aim to constrdatnagandicators
from the measured datda structure based on signal processing and statistical methods
instead of modal analysi&n ovewniew of the commorsignal processing techniques
for SHM of civil structures was given by Amezquanchez and Adeli (2016),
including statistical time series (TS) modelsalkhan filter (KF), wavelet transform
(WT), S transform (ST)and newer signal processing algorithi@g., fast Sransform,
complete ensemble empirical mode decomposition (CEEMD), empirical wavelet

transform (EWT))The main advantages and disadvantages of these methods were also



summarizedAsgarian et al. (2016) adopted ttate of signal energy (RSBj wavelet

packet transform based on measured accelerations as a damage index and the
experimenal results indicate that RSE is more sensitive todéw@magdocationthan
otherlocatiors. However, the greatesiifficulty of the nonparametric approacHes

in detecting the damage effectively and efficiently from the huge amount @& nois
polluted online data collected by many sensors.

In the past fewyears,machinelearning techniques have been ugsedumerous
vibrationbased structural damage deteatioapproaches These aredivided into
parametric and neparametricmethods(Avci et al, 2021) Parametric machine
learningbased approaches rely on modal parameters such as natural frequencies and
mode shapes as extracted features, and then the classification is pelipraveell-
trained classifier to assess the structural dambugtead,nonparametric machine
learningbased methods use the outputs of certain signal processing methods which
extract damagsensitive features without the need of moalalysis.The extracted
features are then fed into a machine learaiggrithmto perform the damage detiect.

The most popular methods for feature extraction are-Régressive (AR) modeling
(Figueiredcet al., 2011; Santos et al., 2016; Gui el al., 2017) and PrinCgrabonent
Analysis (PCA)(Dackermann et gl2010; Bandara et ak013; Bandara et al., 2014)
However,machine learnindgpased structural damage detection methods depend to a
great extenton the selected damagensitive features and classifiers. Tieature
extraction techniguesuch as modal identification, AR modeling, and PCA usually lead

to considerable computational complexity and time, and the classifier needs to be tested
to ensurethe robustness of the machine learning methods for the damage detection,
which affects the applicationof machine learnindpased methods in reaine SHM
operationgAvci et al, 2021)

Unlike machine learning, deep learning methods have a large number of hidden
layers and can automatically extract features without the neethdaual feature
extraction(Sony et al., 2021)Nowadays deep learninglgorithmshave achieved
tremendous sucss in a variety of application domaitsom et al., 2019)including

SHM. Deep learning methods may provide a solution to the problem of the traditional



nonparametric approaches, ,ileandlinga large number afoisepolluted online data

due to their strong capability to demith high+edundancy data for feature extraction.
Among them, theconvolutional neural network (CNN) is one of the most popular
methods used for structure damage identification (Liu and Zhang, 2019; Xu et al., 2019;
Zhang et al, 2019; Khodabandehlou et al., 2019; Truong et al., 2020). Compared with
traditionalmachine learning methodsuch as SVMrandom foresanddecisiontree,

CNN has obvious advantagesno need for preand posfprocessing or foextracing
features manuallgAbdeljaber et al., 2017), and less noise sensitivity (Lin et al., 2018).

However, most of the CNN damage identification methods are employed considering
simple damage scenarios, and some of these methods make usedohénsional
image data rather than odanensional time series data to determine structural damage
(Bao et al., 2021 Recentstudies Abdeljaber et al., 201 Abdeljaber et al., 201&vci
et al., 2018jnceet al., 2016Kiranyazet al., 2018have shown thatne-dimensional
CNNs have advantagesover twodimensional CNN when dealing with one
dimensional signal Onedimensional CNN have a compact structufewer hidden
layers and neurons) and can learn challenging tasks with small amotatisionf) data.

In addition, the computational complexity of edienensional CNN is significantly
lower than that of twalimensional CNMN.

Long ShortTerm Memory (LSTM) networks a majorbranch of Recurrent Neural
Networks (RNN)- are popular for temporal information processifigrecent years,
LSTM has become thmost modern techniquer variousmachine learning problems,
such as computer visioime-series data prediction and natui@hguagerocessing.
However,LSTM networks have nateceived much attentian the SHM field so far
Luo et al. (2019) proposedh &HM method usinghe dualtree complex wavelet
enhanced convolutiondlSTM network.The resultsof thar automotive suspension
experimentshowed accurate prediction with high efficiency. Yang et al. (2020)
proposed a CNNLSTM method for modal frequency identificatiowhich showed
high accuracy inthetess of variousmaterials.Zhang et al. (2020) presented a crack
detectiormethodfor conaete bridge decks based @combination of ondimensional

CNN and LSTM methodstrained bynumerousimages ofintact and damaged



structuresTo date, LSTM networks have seldd@@enappliedto damagedetectionof

large andcomplex structuresuch as offshore platforms, bridges and high buildings,
based on ondimensionameasuredibration responseIn addition, the deep learning
methods for damage detection are usually sensitive to noise, and there are few
researches on antbiseprocedurs for damage identification based on deep learning
methodsunder random excitation.

The random decrement technique (RDTst gproposed by Cole (1968) is an
averaging techniquét is able tadrawthe free decayingesponselata from the random
vibration lesponse data of a structure unzino mean and stationary Gaussian random
excitation Asit is simple and effective in processing random vibration response output
and without any prior knowledge of inpaithe method is commonly appli¢al identify
modal parameters faivil and offshore structurg8udipriyanto et al., 2007; Lin and
Chiang, 2012; Brincker and Ventura, 2015; Feng et al., 2CLifjently, RDT has also
been used forstructure damage detectionShiryayev and Slater (2008) applied
statisticalcharacter®f random signatures to identify the damage of a frame structure.
Elshafey et al. (2010) adopted the combined method of RDTnaithal networks to
detect the damage offshore platforms undeandomexcitation Morsy et al. (2017)
implemented multehannel RDTto localize the damage obncrete bridge girders.

Becausdhe RDT haghe ability to extracthefree decayingesponsdrom random
signalsin noisy conditions, and the LSTM method has a l@rga memory function,
which can dealvell with the gradient disappearance and gradient explosion problems
duringthe long timeseries datarocessg, a novel approach based on tdmenbination
of RDT andLSTM is proposed inhis studyto determinethe damage location and
damage severity of a structure based on noisy random vibration response data.

The paper is organized as follows. The LSTM and RDTbaiefly introduced in
Sectiors 2 and 3, respectively. Section 4 presdahts numerical study of the RBT
LSTM method for damage detection of a jacket platform subjected to random wave
excitation The simulated single and multiple minor damagesvbale segmeistand
local elemerdrespectively are considereas well as the nois®DT is applied first to

process the noisy random dadad then th&STM for damage detectiois carried out



utilizing the processed timgeries dataln Section 5experimenrdl researchwith the
proposed method fa scaled jacket platform moda&hderrandom load produced lay
shaking tablaes presented, and the performance evaluatiodifterent damage cases
(including the combination of minor and major damageddferent locations)is

discussedFinally, conclusions are drawn in Section 6.

2. Brief Introduction to the LSTM method

Traditional RNN can guarantee the continuity of information well and has achieved
great success in text, image and speech identificai®shown in Figl, T isthe

input informationto neural network Aandthe final output isQy It is seenthat the
information can be transferred from the current step to the next step in the RNN.
However,if the transmission distance becomes longer, it is diffiulensure the
continuity oftheinformation.In order toovercome this shortcoming, a LSTM netk

was proposed, whichs a variant of RNN and has the ability to store loligjance
historical information(Wu et al., 2018)As shown in Fig. 2, the configuratiarf the
LSTM networkhasobvious differences witthe RNN, consisting of three gatéthe

forget, input and outpugates)and an update status

Fig. 1. Diagramof simpleRNN.



Fig. 2. Diagramof LSTM.

2.1 Forget gate
The forget gate is usdd select which informationeed to be discardethrough the
sigmoid layer Thediagram is shown ikig. 3 (the redines) andthe output of the forget

gate B can be expressed as

QB: ékgL[ Q?g T(J + X0 (1)
where € is the sigmoid function, 5 is the previous output,T; is the current input,
9 is the weightand > is the bias termNote that the output of the forget gate should
be converted into the value between 0 and 1 for the stafg.ef which represents the

pass rate of the infmation. For example, O indicates that no information passes and 1

indicates that all information passes.

Fig. 3. Diagram of the forget gate (red lines



2.2 Input gate
As shown in Fig. 4,he input gateservesto clarify the information that needs to be
stored, whichincludes two parts:(i) obtaining the value that needs to be updated
through the sigmoid layer and the updatebability E thatcan be expressed as Eq.
(2), and (ii) construding the candidate vector% through the hyperbolic tangent
function in Eq. (3)
E & 9§Dys I+ ), (2)
@ tanh (9.f Qs T + >3, 3

where 9 and 9., representheweight and >j;and >y denotethe bias term.

Fig. 4. Diagram of the input gate (red lines

2.3 Update status

The update process frorfg, s to % (Fig. 5) isexpressed by
% B 0%+ EU% (4)
where Uis the elementwise product The elemeniwise product of %5 and B

represents the information that needs to be forgottehthe elementvise productof

Eand % represents the information that needs to be added.



Fig. 5. Diagram of the pdate process (red lines

2.4 Output gate
As shown in Fig6, theoutput gateservedo obtainthe output information K through

thesigmoidlayer,andsubsequently to obtain the final outplt throughtheelement
wise productof K. andthe processed informatiotanh (% by the tanh function,
which can be expressed as
¢ 94 Qo5 T+ >, )
B K Udanh (%, (6)

where 93 is the weight, and>; is the bias term, andls the elementvise product

Fig. 6. Diagram of the otput gate (red lings

3. The concept of the random decrement techque
The RDT is a method of data processinghich refers to the conversion of random

vibration response signals into free decayiiligation signalsThe concept of the RDT



is easy to understand and has been widsbd to process the dynamic response data
of large structures under environmental ex®tatior modal analysis or damage
detection

According to the derivationf Cole (1971), the random decrement functitl 1)
is regarded as the average of the time segmdigs- i) of the response signand

the triggering condition for each segmentli§R) = =, expressed as
b6 = 2 Afd URH DIUR = =3, 0
where 1= PF Ryis the time past the triggering timé&y =J @ represents the

number of triggering points. Eq. (7) can be rewritten in a more general form,
béN = "[URF )| 6yl )
The random decrement functiob §1) is estimated as a conditional expected value.
Thevalue of the triggering condition§(  y) is determined by the user, usuallytie

rangeof (1~2) &, where & is the standard deviation of the sigridlp.

4. Numerical dudies

4.1 Numerical model

A numericalmodel of ajacket platform wa constructed using th&NSYS software
The dimensions of transverse brace (TB), pile(Rig) and slanted brace (SB) of the
modelareillustratedin Table 1.The platform is about 60 m in heigldcated in avater
depthof 41 m andits superstructureveighs 2.8x 10° kg. As describedn Fig. 7, the
superstructuref the platform isnodeled asour lumpedmass pointplaced on top of
the four Pls. The material properties of the platforare as follows: density7850
kg/m? Poisson’s ratio)).3;and Young's moduly210 GPa. Asumingthatthe structure
is excited by theandomwave producedby ten regular waves with different wave
heights(0.3-1.0 m) and period@.56.0 s) along the directionin ANSYS, the damage
simulation is to reduce the Youngsodulus of one or more components of the
structure.

Table 1 The dimensions of the jacktpe offshore platform

Component External diametefm) Wall thicknesgm)
Transverse brad@ B) 0.78 0.0381




Pile leg(PL) 1.2 0.05
Slanted brac€SB) 0.509 0.0254

4.2 Damage localization

It is a challenging workto identify minor damages of a complex structufer
evaluaing the applicability of the proposed methohd damage severigimulated in
this study is less tharb%. In thissection, a total of 5 damageases are analyzed
including 2 singleand 1 multiple damage locations whole segmeist 1 single and 1
multiple damage locations dacal elementgonefifth of the whole segment) of PL,
TB and SB, respectivelpltogether 5 scenarioxorresponding to each damage case
are considered in this study, consistin@ofintact and 4 damage scenaridse details
of the damage cases alarified in Table 2 and Fig7 (a) to Fig. 7(e). In case 5for
example, Fig. {e) demonstrates the 4 multiple damage scenarios on local elements
with different locations and differergeverities For the first damage scenarithe
damage severitis 5% for local element omB, 2% for local element oRL, and 3%
for local element on SBrhe rest are similar to the first damage scenario.

The axial strain responses from 8 sampling pdictiannelspf the structurgFig. 7
(f)) corresponding to the prand postdamage structursubjected tahe random wave
(Fig. 8 (a) areobtained. Note that tisampling channslare fixed for all thdamage
cases.Fig. 8 (b) describesthe axial strain responseobtained from channel 1
corresponding tbwo scenarios (i.e., the intact and damage with A%rgg) in case 1.
The difference between the time domain dat#éntwo scenarios is found to be minor
due to the minor damage severity.

Table 2. Damage cases of the numerical jaeypie offshore platform

Case Damagdocation Damage severit{Po)
1 Wholesegmentf PL 2,2;3;4
2 Whole segmenof TB 2;3;4;5
3 Whole segmenof TB, PL, SB 5,2,32,3,4,3,4,5,55,5
4 Local elemenbf PL 2;3;4;5
5 Local elementf TB, PL, SB 5,2,3;2,3,4;3,4,5;5,5,5




(a) case 1 (b) case 2

(c) case 3 (d) case 4

(e) case 5 (f) sampling points
Fig. 7. Damage cases with different damage locations and severities and sampling points.
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Fig. 8. The random wave (a) and strain responses obtained from chaoné& 4cenarios in
case 1(b).

4.2.1 Construction of LSTRetwork
The flowchart of LSTMnhetworkfor damage detection in this woikkdescribed in Fig.

9. In order to improve the calculation efficiency, similar to the image recognition of a
normal neural network, the omEmensionalvibration responsedata need to be
transformed into twalimensionatime-seriesdata, and then the standardization of the
data is conductedly subtracting the original timgeriesdata from thenean values and
then dividingby its standard deviationThereafterthe standardizedlataare divided

into the training dataset70% of thedata)andthe tesing dataset(30% of thedata)
Duringthe training gep, the LSTM networksire updated by determining the minimum
valueof the losfunction Note that the cross entropy functigrselected to btheloss

function in the damage localization process. Finally, in the testing or validation step the



updated LSTM network is used to evaluate the prediction ability of damage localization
based on the testing da&

Theconfigurationof the LSTM network used in this work is as follows. The number
of units is 120, the input shape (10, 8) andhe output shapés (1, 1). The Softmax
function is utilized in the dense layer. Adam’s algorithm is appliedHertraining

process with a learning rate of 0.0001.

Fig. 9. The flowchartof LSTM networkfor damage localizatioand severity identificatian

The length of the strain response daliéainedfrom each of 8 points is 128with
the samping frequency 10®z. It follows that hesizeof the dataetcorrespondingo
eachscenarias 1280x10x8, anthe total dimension of the dataset for Secenarios
of each damage case is 6400x10x8.4Siheof thetrainingdataset is 4480x10X80%),
and the size of theesing dataset is 1920x10x@0%). It is noted thatach datum
should be labeleduringthe procedag of LSTM. Theintactscenarias labekd as 0
and the damage scenarios are labeled as 1, 2, 3, and 4, respdatiaéithe 5 damage
caseswhich are clarified in Fig. 7 (a) to Fig. 7 (e).

Furthermoretheconvergence history of training accuracy and loss value for damage
case lis demonstratein Fig. 10. It is seen that both the accuracy and loss value reach
a stablestate afteB0O0iterations.The calculationtime of damage case fbr the epoch
of 300is 296.8s, with a computerconfigurationconsisting of an Intel core 49750H

CPU, theWindows 64bit V10 system andPython 3.7.



Fig. 10.Convergence history of training accuracy and loss value for damage case 1.

4.2.2 Damage localization Results
Theresults of damagcalizationfor each of the 5 damage casedescribedoy the
confusion matriXsee Fig. 1 (a) to (e)), in which theredictionaccuracy othe LSTM
for different damage locatisnwith different damage severities is illustrated,
respectively The confusion matrix is usually applied evaluate the quality of the
output of a classifier. Ithis study, he diagonal elements represent phebabiliies of
the predicted label beingqual to the true label, wheas the oftliagonal elements
represent the probabilities of mislabeling by the classifier. The higher the trace of the
confusion matrix(i.e., the sum of the elements on its main diagoriab, better,
indicating many correct predictioriBhe sum of the elements in each row is 100%.

For example, the damage case 1 (single damage location on whole sefyRignt
Fig. 11 (a), shows that thelamage localization accuracy of labdfiftact scenariojs
95.92%,while the probability of misidentifyindabel O as label 1 is 3.5@ and the
probability of misidentifyinglabel 0 as label 2 is 0.55%&imilarly, the damage
localizationaccuracy of label 1 is 92.7%bel 2 is 100%label 3 is 98.45%andlabel
4 is 99.75% The meanidentificationaccuracyfor damage case 1 iken calculated to
be 97.37%rom the 5 diagonal elements

Fig. 11 (b) and (c)demonstrateéhe predictionaccuracie®f the LSTM fordamage
cases2 (single damage location on whole segmeh@B) and 3(multiple damage
locations on whole segments TB, PL, SB, respectively.The mean prediction

accuracieganbe calculated to be 98.79 % for c&sand 99.43% for case 3



Furthermore, Fig.1L(d) and (e) demonstratke prediction accaciesof the LSTM
for damage cases (single damage location on local elemehPL) and 5 (multiple
damage locations on local elemeaisIB, PL, SB, respectively. It is calculated that
the mean prediction accuraciese 98.27 % and 99.37% forcase 4 and case, 5
respectively.

The results showhat LSTM is capable of determinirdamagelocationsfor the
jacket platformwith great accuragyothfor the whole segments or the local elemgents
even though the damage severity is very srialfthermorethe prediction accuracies
areslightly higherfor the multiple damage locations thdnosefor the single damage

location.
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Fig. 11. Confusion matrixof the damage localization for 5 casesspectively.



4.3 Damage localizationonsidering the influence of noise
In real engineeringjt is inevitable that the measured vibration response data will be
contaminated by noisAt the same time, for provinthe effectiveness of the RCahd
LSTM methodunder the noise conditioadditive Gaussian whit@oiseis considered
with 5%, 10%, and 20% noisevel

Without loss of generality, the damage case 5 with seuersé levels is considered
in this section. In addition, the traditional machine learning method SVM is applied to
identify the damage locatidor comparison withite LSTM. The method of parameter
optimization is used to find the best parameters of SYMY&s1, (= 0.092, and
kernel="rbf’. The results of identification accuracy for case 5 with sevarae levels
arelisted in Table 3. It is seen that both the LSTM and SVM methods can identify the
damage location with accuracy more than 99% based on the noise free data. However,
with the increase inoise levelthe accuracyf the two methods decreases significantly,
most notably in the case of the S\Uivethod.

Table 3 The damage localizaticeccuracyof case 5 wittdifferent noisdevels (%)

Noise level(%)

Method
0 5 10 20
LSTM 99.4 71.5 51.3 32.7
SVM 993 41.7 30.4 24.4
RDT+LSTM 100 100 100 100
RDT+SVM 100 100 100 100

For overconing the influence of noise on the LSTM method, Ri&T is applied for
noisy data preprocessin@ig. 12). For the noisy data of each chanokkach damage
case, the length of output data is set to 6400 (i.e., half length of the noisy data) and the
triggering conditions selected to be 1.2 times the standard deviation of the sigisal
during the RDT proces3hen the new (processed) data @béained by averang the
subsamples of the noisygnal.After the signal processing based on RDT for the noisy
data of the 5 damage cases, the dimension of the new dataset becomes 50% of the
original dataset. Then the LSTM and SVM methods are applied to identify thgelama

location. Table 3 also lists the results of identification accuracy using LSTM and SVM



after data preprocessed by RDT for damage case 5 with different noise levels. It is found
that the damage localization accuracy of the two methods combined with RDT has been
significantly improved, reaching 100% even for the 20% noise level.

Fig. 13 (a), (b) and (c) show the original data, noisy data with 20% noise level and
processed data by RDT of channel 1 with 5 scenarios (labels) in damage case 5,
respectively, which can be the possible explanations for the differences bétween
damagedcalization accuracy based on the original data, noisy data and processed data.
In Fig. 13 (a) the differences of the original data among the 5 labels are less visible,
since the damage severitiesldterent positions are small. However, the identification
accuraciesre still more than 99% using both the LSTM and SVM metHodsworth
noting that the noisy data corresponding to the 5 lalkéds (3 (b)) are extremely
confused and not easy to distindquisy LSTM or SVMalone Furthermore, the data
processed by RDTare shown in Fig. 13 (c), from which we can find the obvious
differences between the intact (label 0) and damage scenarios (label 1, 2, 3 and 4), even
thoughthe differences among the damage scenarios are still not very vigibleesults
indicate that the propos&®DT-LSTM approachs capable of localizing the damage

fromthe noisy data with great accuramyen if the damage severity is very small.

Fig. 12.Flowchart of noisy dta preprocessing by RDT













































