


FAULDI AGNOSI S NBFOR
NETWORKEDMPL E X
STRUCTURAYI RTUBEAM
LIl KBTRUCTUREPROACH

WAN&AHONG

Ph D
The Hoonngg Pol ytechnic

201 7






The Hong Kong Polytechnic

Depart ment of Mechanical E

Fault Diagnosi s
Net wor ked Compl ex
Virtuadi Bea®Btruct
Approach

Wanigong

A thesis submitted in partial
for the degree of

Doctor of Philosophy

Sept e miBdr









Abstract

Faul t detection and |l ocalization techni
processes involved in ensuring reliabild]i
safety relat edyspurcehmeasss eesr ai ns, pwwechpl ar
may h&varacterized by | imited datasets c

(e. gl apmehi ngSeneetiwog)k based fault di ac
structulriemiptséd h knowl edge is an interes

structure the@l th monitor

n thiamovtelwdyet hod for sehmset aoctoknepdl ieaxg n o
structures pdediiareda-lvii & ¢ et f Bl@Sp)r @ a ¢ h

i's devwedlacugdgad di amrdeasuinss hosfa Gihtee at i st isc al m €
togetthler advapti ve t harrgeslecledit edc H mirtqoufea ul t

overcome the <challenge of obtaining an

mited expdricmnenptl ®&Ixi s@agarcdead eas a comb
numer ous awliirkamadt rborect ures considerd ng th
from vibration soufvcierst utad odiemipit S@ nsens o
chain autrempateascendths¢yi dat e vi brat iwhmchr @ams
beobt aamedmabyamalilnypr oved optimization al
response soefruchures tirmntsmi ssivobr @tait hn c a |

obvious faul't features |f there is a f atl



bolts,-loaomdemolnty ett cfgat dhesecdrmube effecti ve
and efficiently captiwrcad uasatthhgen ho p ti izraidz & toir o nf
met hemadsed on t hlei kersural cTihe sen nooovred e pvti .r t u a l k
| i-Kkeructur @ s a paporpd a cahadbi taeg nidfe i sompl ex struct ul
wi t htoauada rpudior knowl edge wotomtd lye | fianulttesl, panmnad
knowl edge of nor mal.Nepehati doa&ls ¢ &n dietqiua rse
response data, nor is it toesfeapketmenimmspeci
within a sabhsachpedtworkhe monitored structul
The effectiveness of-lithe propotserde vapprua@aac
validated in expefamlent anadud mu ldio talg noism gl @ nc |
| ooseditrsg oro cracks around bolts-bafsecompl ex
hanging structComeparitheavad Bdudhd ira@zlt on negat.
add on @(EH®NAIRJ cvael imed teioadhhe propos-edkeirtual
strucVbBLaBppr bashprovedactcoufrlmmet em@amueé t. | ocal i za
The comput ati toyi akihretounglli é&bee asnmt r u chtausr eb eaeprp r 0 a ¢ h
evaluated, whilké pmndpocmreacwsipddodadas i ng sol uti o
tod imault di agm®acli sn etfomdphleeexd wt t bont 1t ed@s

prior knowl edge
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Chapter 1. Introduction

1.1. Background

| m he fmedhamifccianeer i ng, fault diagnosi s
monitoring the operleadumateicnhgt @eduarn dmne sof
| ocating the /fsaturlutcet ukreeesmat heneper ati onal
safetynfohemati on iunsghde fhoeral dé&t ecootndi ti on
systiemtsl udes t hosepossiigtniadns, rperleastseudr et,0 t e |
vol tage .%omtke tsbdecrmm be directly obtained f
most cases, data cannot be tihmndierasgyt twa
by vibratfibhTbessodsat a, or iagfi nméed yur eamer
si gnwahlisc h represent t he r epshuy sti cafl trrees p
phenomena and are sensitivettyg ormaltlhecla
systems.

Generally, the techniques for fawl't di
based fault difargeneo sfiasu l[ahlt dradgdeeeld | a ppr oac
woul d be mor e accurate when t hgsisdaaluct
i nformati obhedies cdebiyb gmop o ait t woul d may conf
di |l emma when the physical paaccamegieng wasd
di fferent operatiomr giomg i tsiyerne.m Idry n a mim

appropor iagel yt -bheednodppr oaches for faul t

1



system is rather complex with intkenal stat
me a sdlbbryeo mme an s[o3r]sl nst e-Adee magpltoaches focus
study of the residual sthatlhdsethad Bhd eoehs
model s, which are much more flexible and aj
condition of the complex dynamic systems. T
in complex dynamic structur e osny sttienmes sheas elsec
daamal ysi s.

The studies daff @atri meaud ér idedsagnosi s begin wi
informative featur essitgin alFeeparteusreen tmetahnes ta nmee ss
di stinguishing cihraghpelcy sprrpostttiice s reefpremsieqquene s
cardi[nfal]lon ydederabtngbut essrmreostt hepokjseat at h a
[ 5] I n Waeaedraeanal ysis, features riéght7]be exp
texture dklapowes spectrfall]densensyl,¥jebteat as e
structurfal3]feaa&nfgaleddt det ecti on i n gearboxes
stati stturcead ifreafunction f drlMsincHawda ngedrhesh
commonly used features | i ke root mean square
deviati on, variance, elmv éwma,gpe etab.soEvea wal e
comprehensi ve f eaharrees edaerscchr i gprte poInd finm bseu cs e e 1
which 213 features havetibalenfordehaufliedets
pl anetary gear boxes. There arewhntiBer ous typg

chall engel ect ittheeat ures for fault detection



effective in one system may not be valid
Di agnosi s techni/guesultd mlrtahmambdmninteoryi ng
vi bration signals are generally divided
frequency domai nf rfeegaut eunrceysl .6 paBneédu mtgisnsed mp | e
I nterpretable, time domain features have
i mec hatweigian e[ekZiligwhi ch arfe ogecaanw csuilgantaelds wi
any transformation such as rnoaodrd vneratna ge u
of this group of features is that ti me
preprocessing wi thout t he t asks i ke f
tansf or ma[ftd.2o]nmM,heetdd awback of t Haesehiagtr oiutp
coulldedo®gust i n high FneigseneryvidomaFmant eat
Four iMfreansf or(mraitE)oen transf or med from the
frequencly23,o0ma&@Athlp advantage of frequency
may ebaest er i sol ate the faults atl6égc.er2tha]i n
Howeweur i erTrramlsdtoedns ( FTs) hdvenet avi malow.
Thoutghhay e very wuseful t ool for stationar
stationar[yl.6sifFbuat hahs time frequency ana
have beleompadviecor tdheadnicangi ovn drky6 |€Evegmals ® , t
expensitwe hadonslt egroup features i s that th
expense and computational [c2¢pnmelsgxictival i y

dealing with high di mensional ti me serie



features are considered to extract the <char
certainismggtmedy s

Anot her ¢ hadrdleyegee aipspatabpapthes abl e i f avail ab
knowl edge of thevi shstremar d t bomibtoed t he nor
conditions and th&€oabaonmagyv &ibmé&b iplribtay
knowl edge of faul t$asmdat hiosd so fttoe nd eftoerc t s itghnea
condition ®ofy tmae c fayusbge mumead reawtua ebdsahei s
functtioonknown sf 3nal Afne ih g edtrnhi)ev edhd Bbaal ste

di agnopirey aid iandgoppt the unsuper viCfAied met hods
fault dodetnehmamoamdat af fr om t he choeualld hbec onsdead i o
for training and est 2®l,i Shijiyhoe Ve lkkenformd netd ge b a
t he cbaafldfemmrgmati,omsmpiexcsiandgy for the data in
Clustering met hods ar esfaomrotardkdr ersesa n@gn atbH ee |
conditiohessefpnoboor knMawll,e dgt otfh & arudltisabi | it
be decwlheametilhe samples ar kBnowladeédgesnbassiizse a
incompletee | imited prior knowlSedgygestifcalhe
met hoordds sihatsiedt i bidkamiago-Emvr nowS ttesX3 ) K

358nal ysamsi afce [ GANOBA)K m itnlg8 8 ,,B8B8Yé si an
hypot hesl[i4dsO,t eshld nigri &kteil [04Regalv e been widely us
f ofraul t odi a@gmagies sitramal idzteddye agye t o i mpl e me

t hough the avail abl.e That at hreiesplhto b i ed | wmt he &



statistical fitrepsnal durees t tidad t@aiing te id biyaal r et aubsl eeds
t measure the underlying py olbhatbwe ensyt wo sg
ofilata, which hgsabpepbnedtc dHeoswetvieirhbn a st at
test i's effective as the reference dat s
assumpteil dlthsed degr ee of cor r etlsatdiooens bneottw epe
the evidesg&ntdhhe cr esul ts of a statistical
event .

Therefore, t hertehtee s h mi qdueesseerttehcatto rtchaen h e
condition oWi tthhoeut s yosvteernt o mp lain eva ttlihensggs t h e

dependemderork.nowl edge

1.2. Objectives and Met hodol ogy

Thi s fsotawmsy t he devaed fofpemestnitii@daul t di agno

ofcompdtexxudthumwéns a&ihl abdteex tdraetnee . yh @ ri enfi d reed, t

obj ecttihaedpmaifnl y: i ncl ude

1) An effective fault diagnosilottle cdhinnglue
andul tfigpulet dedetobrcahi zati on afhotulgdh co
t hernemri speser knowl e dgaeh do fl htnted efda wwl tdsa
measurednoérmal tdveer atiinovnoalvecdondi ti ons
2) Thé aul t sdmeatghinogds ipr acti cal and easy to
structures with | ess parameter assump

dait a



3) Thfeaul t sdisaygsmioessils e Sss Cc omp ut acta no nbael dcoonset , a
i n a reasonable offline time or on I|ine.
Taaccomphesbdbjectives above, a fault diagno
beamke stVBIcSurapprsogpFhogbisseshdkows t he overall
fl owchart of the met hodGéongyalelxy,l ot hedpi ap
met hodod mmgna sseesri es of st espsg:nadatpar egpa @wiessisti

(feature chamdatud rti ziahteifidcnait tofirasunl) t detection,

opti mal virtual beam c onbsa sreudcitatouna,| abneda nisa. u |
- e \/ Feature Characterization [ [ B
Dets Acaulsiton I Raw signals H (Ti'}:,e:llure E)'mjl;:x‘tor;es) L—»L Feature selection I
i == ' W—*_\ Ures) b,
+S O-FCMIT A g "\ Selected
)
Shaker Data acquisition ra K AT (daiors) )
Data acquisition /r--_--_---_--_.-----_F?P}E[{‘I.ifet.off--_----.--.--.-.----.\
System

Fault indicator of the diagnosis system |«—
using the signals measured from both
diagnosis system and fault free system:

Feature-represented signal
measured from diagnosis system

Structures, e.g. satellite
(Sensor networked structures)

| Feature-represented measured
—| from fault-free system

Fault indicator from the
< normal system: [, (v |

Fault detection

Prior knowled® No

Statistical tests by similarity
comparison of two datasets

satisfics the

expected?

7
Satellite
model

networked structure

y Fault indicator-based threshold
Typical bolted-base hanging structures method

L.
ﬁ

BAFS for the optimal vnrtuglgean& obal best

Re_Dev of N Virtual beam 1|
9 “Feature subseT Sensor chain

sensors based on
©39 /[fbfﬂ f][A,A: 4]

Feature 1

Re_Dev of N
| sensors based on

Associated Re Devof N 5& 0 O\
with N 1| sensors based on Ie) é)o Virtual beam 3
Feature 3 8 ('ulurc’ mbm u:wr 2 um
IBOA
Population optimization /
Vlrtual beam for fault locallzatlon

“Tocalization faciors

= IC p()hl |on [0 LbPDn S O
Oup v
i -— e

potential faults

& _
Figl-tTehe overall f pr raompeowsoer dk  noef t ht ohdeo

Considering the computat rcaphlialiine ytfhoer ts iagsn ane |



prepr oc e stshien ga psptraogper,idaotnmea & meedfoepitvewdr eansf or
t he -chiimgehnsi onal raw ti me s ebraiseesd ssitgarnta lsst
vectors wiii tmke n ¢ ofoweera | f syl t Todiadydhrobsasss ht h e
conditiwmeav amibtehbpt i oy knoahe& digiemiotf edlaud 4 1
from the nor mal stoantdiisttiiocnasl ianpvporlovaecdh,es t o
together with adaptive threshaoaRAdi ttecwdini c
beam baseddapyphropedt 1ier fault | ocalizati:
ot he damage information which could be c
t o thangevsi bofati on .t rTahnebmiagsiomn patams mi s
repredgrseensori scelgaairrded as ahdc awrmmgttruwmdt ed
aut omauw s iamdgd wod roypit o mi zat.i on met hod
Thereiermai n csoihths tsbl di yei dmtnn

A systeimat uall i kbeeasnappctboeascbproposed fo

5

mu | t-fi pu let |l ocali zati on of compl ex St
knowl edgfeaudft st,theand wusing only | imite:
operational conditions

The proposed fault diagnosis method a
met hod@il og.y, anopwviomuzt a D)t @n yanie tolmad i c €
select the messemssrcrcmanasi ¥rom the
fault | ocalization, which makes the p!

to i mpl ememnrtl d mseatmesadrrk ed structures wi



assumptions and no | imitation on stationa

., To addmhmessnul tiple faul't | ocali zation pro
biased running is developed in the opti mi
the multiple Dbiased virtual beams so as
faulty component. | Monetebwvoedr  togeshati sviidbda

threshold techniquesfauetaldebteptévantedot
the challenge of obtaining an appropriat
experimental dat a.

Sensor networ ks mount eadt eodn atchceo r dti rnugc ttuor et

regions of coverage and influence associ :
di mensi onal signals are-decmanacoaemail zdagd mien
domain features, which can help minimize

maxi micieadgrmesi s accuracy.

Generwiltlhy, Ilesnsirteegcu i r e mend ®©d mpprreihoernis,i ve f at
det ectif@aniloecrad i zati on a&neyvtod mt dptsiamiyzan i on
met hodde veedd i n tfhirs fauudy dmpgergsissrattures
single or mul tviaplieeufsaunetcshani aalisnegnnsgoirneer i ng

net work attached.

1.3. OQutl i ne of t he Thesi s

Thi ©ekssc s5i dsessnet woa skeidr thea a-lni & & u cnted he d

and its application in monitoring the heal't
8



l i morefeiser ko wlir2slgeews t he overalils.str u

Speci fhecarldtye @€Besvrgani zed as foll ows.

: : /7 Signal preprocessing ™. -~

Literature review (Chapter 4.1) | { Fault detection methods (Chapter 4.3)
(Chapter 2) i P : !

Typical Features (2.1) e ed prion Yes [ Fault detection using

Feature extraction methods | : s statistical method

Fault detection

using threshold j

| Data acquisition (4.1.1) |

(2.2)
|| Feature selection methods

(2.3)
Feature diagnosis methods | |
,(_2~4)

Feature characterization |
(4.1.2) '

Selection of features (4.1.3) |

A Fe s i
Featurc based fault

R e

BAFS is used to select the optimal sensor chains for the virtual bcark‘

Stop Fault ?

/Bacterial based Feature

Yes

Relecdon (Chaprer 5) 7 /Experimental Validation™,
Candidate dataset H x 3 |
?’ Fault diagnosis on |
OGN, Procedures and i| complex structure with Virtual beam- |
- %%Og %) X Computational _ single fault (Chapter 6) like structure |
RIS il Complexity Evaluation i ault diagnosis on approach |
- f“ (Chapter 8) i| complex structure with (Chapter 3) |
BAFS ——® @Best Solution || multiple faults (Chapter | ;
AN 7) // Fault localization |

L JL )
Discussion and Conclusion (Chapter 9) )
Fi gu-2Tehe overall structure of the the

Chapter 2 presents a | itemoadteulr eb arseevd efw
i agmoestihsods according to their feature
onsists of thr ee sfurbesgeucetnitolnys :u steydp iicna le nfg
xtr amdti loond s , and feat uTrhei ss eCheacptti dorea srteu
dvant ages as saweliviantsaeg dahetolfpdshn tascndle out

esearch gaptsudofesexiostpirnogtietddnt eegpof en
i agnosi s.

Chapter 3 introduces a bacteri al based
erved as the optemierpati bhemappodpri ate

0 consfivi udtu @iThhde e sorpdt ii rmtad &t o beiasnt i ng of

haiisn esysenmparlrl ant for whuth Wokchl! ibzat

utomatically usingropesedti mi £t&atisorm hmet



the effectiveness of the proposed optimizati
several frequently used benchmark datasets.
I n Chapter 4, the fault indicators and ti me
arper eseAmt eudn.supervised fuzzy clustering meth
most i nformative features frdmetise¢e aavailakll
teanfdault -bmadedatadreshol d fmert hfoadu latroed ectoendti inc
overecotmhe <chall enge of obtaining an appropr
' i mited experimental dat a

Chaptperre sbe nntesw rtolpery $ dd at i-loink ebesatnr uct ure appr
Virtual beam plays the important role for f
opt ifmiadt uadil s beaatl hoeped mbyati on met hod pr opose
3, incl sl egfittsB®Nnsor net wor ks obpecobimpé ex s
funcdnaont he oerdt bgi nme i mo dfadro gwi rg u al beam
constrandt sammari g&mieomal off ut s for fault | oc
t he owvpit i maa.l beams

Chapter 6 demonstrates thweiretfuadldtkliewe @me s s

structubae prpdiyli dégpbecdi ngobhating they | ooseni ncg

one fault I of t he dsykset éantfbec ttuypei.c al compl e
Substructuredia«mr moeebsat el Ibiet edetected 1incl
structure body (or body wunit), and band ant ¢

In Charpt ehel vbh-é&ahme sdpprceaplpltigdelde f aul t



di agnosgat alfil kitethes t rmuwlt tdirged saeinti hog cs1mme wg
the variouwi tbmpbnaesataeag prior knowl edge
prior knowl edge .ohfe ncolramsmshir ccaole tdsvedbni o nlsa s e d
fault |l ocalization method is adopted for
Chapter 8 gives the det-di ked sppmrceamees
di scusses the appl i cafbarl imoyr eo fc a ngeh doxr osptor
studi eeampinteat i onal compl exity of the pr.
provide a pr omilsiinneg anmpeptlhiocda tfioorn.on
Chaptseurmmasit ihz2e i mportance and significan
beamke strucMeaewkhgpeopodtemavieamentnsp i n t he

studidciss carsehebdsapt er .

11



Chapter 2. Literature Review

Ashotperdevitohues |l yeed for fault diagnosis in a
system has | ed to the r es eaanraSthy siirepsentgus on t
ti me series datua ufdderlgyfna indextt inda catgih o s mat i v e

f eatwhrieleep rierstghret t i me sslPenryi eksi nsd gonfalt i me seri e
represent eidr heysdamtawiumersot hey work directly w
i ndi ruesditngw deri ved model s adom, sxditomact ed!| fea
representati onsi nceaat uee de xfporesmisregd Anumber o f
researchers have been iorvddtei geasxtsionagc ad iefdf er e
algorithms for signal anal ysi s.

Thi s sreevireesdsat ed topics involving feature
di agnosiasd,ditthieonevol uti onary optimization mel
ara&l do scussisnecde Itlhepe wiapplied t eemssedrescti ng
(represented by whimee da ettaeen mof petiainrgiarke sv)i r t u al
(this problem is formulated as .&nnaptiymi zat.
the existing faultthdilaigmiotse cso fa@ @ uhieraepime otr wi

knowl edge are reviewed.

21. Typi cal fFoeratfartRtse ogni ti on

The features descr i bceadn fboa cplaastseirfni erde caosg ns

st r uathur ahtyeba h Ji glhesy wi | | bepanatetyced
1



221. FeatuiSeatie®chaalgue€s

Features in statistical techniques are
and t he data ame g ifds$eriemitnagireodc@s t @aicmc or
guantitative features such as root mean
f acamdorartalon c Gedtfii ctiiemdl delesitsa toins-ttihceso ro
val uesameleydd t o det erimdosne di is@ emp b WDk armri t
mul tiple groups of dat a

St atistical mebtahsoedds idmdsiecdatt@otiridssh & chlaovwee t
been widely usef 46 hd atulH rte sdhedledcst iiom st a
obtained iempcanaeaswigtth st i calal wukehs@teesst( or
and r el-pdreadmentocrnabte tuessetds f or faulng det ect i
dat asets or two distributi ongofdlbocnieded
t he s ameT hsey £ltsaan)iass sa ¢ a l stcatpiadd cero@afg met h
the differences in means and Vidrisascel wA
sample (unpairBtde otr amd epeaeinrded tTftoers tr eapreea f
empl oyed t o compeatrvee awih ep @ puirnfdedghiemmm® s umpt i
that the samples are from t he Ssuacnhe ndeitshtor
are more | ikamffetotwhrielues ededpésc ingy t ohe t hr
value for fdauistld8et ecti on

| f the samplaGauarse amot( offr Nmr mal ) di str

tests are more applicable since they dc

13



Common!| yomarametri ct hWisltcso xiomc Isudgetehde rank t e
Wil coxon mat d¢clresd )p atWi rh ctoxotn, r&mikgmowgof( v

S) KestsWaall i s test, and Friedman's test. The
for gtrwaup dat a -Walnlcies Kreasshkraed® mpar enor e unmat c
groups an@t &ésti edmlmpaee or more matched or p

Wil coxon ranikt Bemdisthieéd¢ weedieanh u ehsa sa nbde e n

applied 6wiull ¢l yj 818 e5catkKipd rmo gSommiorvnov-St ee st ) K

[ 5lhéasthe underl ying probability distributio
dat a. It has been succes$bguelgr§5 dBgd!l i ed to tI
Evenalsani t ati on of statistical methods is t

within the data might not be able to manife

d fficult to di dorafiwmiomatie fadmoegtdatraups

222.Feat uStersudtheicltani ques

I structural techniqgques, thecebpsaape are di
based oebasteaducftasat uraedsh e Rperfiemirteicdyt eiso,e f eat ur e
are used to represent the inherent relati ons
pattern recognition is applicable, in most <c
based on inherentsoafn do bijdeecnttsy & si uhébhl &a snraid nndr ie me
series dat a. |l mage data are recbgnthed acco
exampil ecuNHSe-00 hi stogramresannmait ms al and spa

information of the I magajgeanddaeamhe fluirsthegr am
1



study. | chi mgage ssmaes, poaneexst roafc tiendt earse sft
to enhance t hienigqagethimgraaurre ref-eased t o
featu6.@iso r hi gh |l evel geomettrhiecoamtr Iseutbj e
transhfasli heemvestigated to transform t he

contour | etwhd ccdif fTartmaastead s f eat ur gs6.lijomebe ev

series data, a@mrceparsitdreaeudstibeyg tsitnreuct ur al p a
sys{éin
Buthe i mplementation of the structur al

mainly by the extraction dhfe tshter saswrcalurf
can beoepedsent a particular object only
pmi tives (li ke hianmdlde e b antAsdbnshbdeirpes )i s no
met hod f or stthstuwudpnl fdeas@s eosn the st a

rel evant featur.e extraction met hods

223. Feat uHgbrTeadg hni ques

Hybrid tecimbi geeshe characteristics of
approaohteass compensate for the drawbacks
met hods, and t ot hteavloe gadwarst adgeorofexampl e
featur,&ksur(esgs, skewnesasnd strhuicstuoa@idanie
feathaes elkdemcted from the time domai n \
of bear i[ 6dA]sf atuhe scl assiycation of t he s

syst eanc hiad | e n g[i5ngth atsa stkkepooqomd ar to apply
15



classification methods to distinguwish objec:t
based features. [ n bi ol ogi cal systems, St
regulnettowvbya k8 dedemed and explored for obseryv
using statistical o[r6.3q §l &dtiiineats erci enset hadtdad
represented by structural ipgaétitnertnhse, tannde psrea
are cl| asaspipfligtdagb ysti cal cl assjdtirclmdti wmalal go
generative descriptions).

Though hybrid methods seek to preserve the

not a general tmat hogpabpplncalkklcwigeosf t i on sys

consi derations tp ecretnag tnmp anrg f e dtour e extract.i
i nterrel atTihoenrsehiipss ,noetofhoerhamsgngui éskti mdat i
suitabl e for al | applicati oompl exointsyi dandng
i mpl ement attihoens,itshe d@waisl abl e statistical f e

repr essonft astitigoaa lied itptagtt er n recogni ti on

22. Feat ur e Exettrhaocdtsi on M

Origi mal Idy,t at measur ed albryei meé kesse trd aotna . s eTnhseo r

i ncr enaeseidn g or fault di agngdseidsetsofacompoext sme

series analysi s. The noise asvsssiwpepndl sashat he
contribbeedi fficulty in fault diaggosais usi
di r gtlhyer ef or e, f e aftruorne so basreer veexdt rtaicntee ds er i e

Def i ni tHeoantturreectB on. Gi @ e mwsQaptBflem'Yur e set
1



fiadmappiQg:Y ©Y ,wih Osuch that the resu
vectwr®MBh MY characters the most inform
series possesses.

Feature extraction -ds maseidonal trreawmsg$iog
di fenapace with | ower di mensionality, an
compl ehengprocess of featuper paxf§ e faecdti wme
extraction algorithms is to describe th
Many approa&ecemedgdelvety®ple d obyacrha Seaveee o hha vss

simply fdiaviudtdosme domai n features, freque
tidfmeequency dom@EInlhedahusesecti on, metho

feature characteristics are studied and

221. Ti nbm maFenat ur e §e dharsiequ e s

Since tshhenmp !l @&r eand wiinthemeugdleat badbrlieous t ask
framing, wingowinegeaif gyl advant agefsabtbires me
(e,.RMS, variance, kurtosceef fgir@iss¢ nttfoa cat voor
complexity of phaprhbhbéavsmlenagppWwhicahi on

To identify faults, ti mehawenaleepenislemnaeid
by time domain features (e.g., RM@e var
condition monitp2Tihge of mmadhohimaesn fadedature

study) ofdesitfgfoardest he f-Aukt sapgsdstoécw eaitee d

empl oyed fwhitlteea ifreiang,res of signals col
17



systwene c | ausssiinfgi e sed di agnos| $,8lapproach.

di sturbance I mpact factors were studied by
combined time domain featBbM6xs patrtedlmcteomy!
The resultsanampgopiroatcd twh dth combined EMG f e,
advantage of improving the cl asstsatfiiocnaariyon p
and nonlinear characteristics loifkeripberaakt i on

tpeak werel GPlpt i fadul n duaigme sa rs -nafgpnfsawwe d Kk

clusterimblgs enghldddvele.l ve t i me do nmapilno yfeeda tfuorres w
identifying the gear. defects SVM as a cl assi
The common <characteristics of the above n
i mpl emeowed, i nc otmgprumsatafonal cost ,-l amd are ap
condition monit arpiplg. alnt eifd ecdrimal cttassi fie
t asks. However, one of theemaimetlhemist atsi drhs
necessipryorf ok cowmlceedgngengsy atcémdi ng nor mal a

defective states withtagi fferent fault types

222. Fr equbonncayFenat ur e §e dharsiequ e s

Frequency doenggast eld uwunroeam)eTrtamnsf or med fr
time domain data to isolate thZ6]fwhuilcth at ce
enabheidegappl itc@aulon di2algn dDi, s 7 1]

Fourier Transdmamige (lds) ®@wraditional techn

feature extraction, wltieicthe egunercManyhwm®maisour c e
1



var i atfi otnhse hapwd oadeeteyn devel aopeedr Hasahs F
(FFTmr Tmet hodpeskedtt he operatgemat abrypcapgp
to extractemblea ddevel abtirverteison si ghadlkenusappgi E
cl as siufcilkeNd\s a nd aSsVsMe stso t h enaccchn dhieti i¢go2r8 da f
72,. 73]

Despite their common appli-tiame owi nd&Fdw. h
commentrie7d4dlhi s type of technigtté baesweon
frequency and tempor al resol utt oisr'Ingt Thou
faults at certantnssetf aeqonenacy campen-eit is
stationar$ubsseguaethimeeguency domain featur

have been devewionpbesd aftoro ndaerayl isnggnal s

223. Ti nfer e qubBonncayFenat ur e §e dharsiequ e s

Ti Afier equency domain methods were devel o]
fault detection and diagnosis of machine
frequency contents of si gniandes .F oTuhreiseer nmieta
(STFT)edvWMilge di st r i bWatviedrmatn( SMVDr) Mg .a(hWT s )

Shotritme Fourier TransfoemgudéisdywhEmoalsy sai
overcome the disadvantage of FFT and pr o
ofQi veinbr at i on 7séi]gen dtlrissmpulemcy domai n signa
mu lftriequency weaeanpamalnyzsed using STFT to

vol tage source i nwWHemtepare maaljrocarhieaelar 6fy STE
19



t hat the r esiosl upgrioowmi doebdt afi onre da | | frequency c
t his disadvhaanst abgeembi SiTeRT wi[t7h7 ,. & \v8ehll drtess u
variable windowed SERa@bwasameeaadmipe@adt iton o
resolution associated .with the frequency cot
WVD aguad+Hf atranfanal ysi s of fering resol uti on
frequency domains. tbadb&gheaemasngiledred lyy saipgp | i1 €
ofgi vveinbr ati on si gnalsa.ssThce athkeedn twaadea n g age
simplicity and | ovwrdaamsp umaitn olniami tcatsitgn wahs s o
the classical WVD is the oohfaltlheen gientoefr fiemrteent
t er[msA] par acnaeltNhdéerdd was devel oped to enhance t
WVD and i mproveiglkari ftaead j 8@ aS8tlidvéen gm t i n
factor wadg WMVDsodescadd evi ate the influence o
modul.ati on

Wavelaets capabl e -safatti roenaafr 885gh krgayra Ipssi n t

that tempoeabhbfambhyt otbowiap ett iddisent hod .

Unl iSKTe T, wavel ets all ow different wi ndow s
frequency components embedded in vibration
| ow frequencies and a short wi ndfoomw nssi ze f or
ofwavel et t mannsafcohrimserfyo faebnht idnuaoguinso swavel et
trangqfCoMInB&hd st waevetransf or M8FDWRBE] mai n

di fference bet ween the two wavel et s |l i es i



transl ati on vsadetkessr ephestaoat méhe signal w
scales whidiemsoheér aasehsgreeci fi c subset scC
redundant Apfaot md&loowm ¢t .htewo met hods, t he
consiatsseroifes of varWawmndPaatia drgabnestfso, r ns u(cWP T
[ 8,22InMor Watv eTratn s .0 n

Il n addtihe ombdwedmentmgowency domain featu
to apply EMD decompo-st a&at bon aaoryi hssfivagghlaitl ng h e
di agnosi s. To -miexirr@sper @ hlee moidme fEBWDD , an
( EEMD)u twalsip®dld eal i ze itthye ciogmwalny i ng scal
Comepar t o ft bSTskeT, WV D, and DWT, heaxvpeer i mi
demonstthetsewperi oritpgohi HERD knoc&vealhn:
oft i me series ener gyHuraenmr eTsr eamtsd toir aans, ( HHIM)
EMD anbderHi Ispectr al analgsiasi OHSGAyn&@aadam
ti me serHewe,g@gpal BT mithgbecomes oveo & DInae
the drawbacks ass022jlaHHM was hi nepgMDoav eldn by
specdtfriat egy of o theaa oanpwbsaintdi lo@Btgrnaanissl at i on
i nvariant denws@d hg piTéepyjowassing techni
i nterference of noi se and enhance t he

compite di sctuhdeh @ean pr Vet igcdhdiisc mate HHT

i's more appropri at eoifaorgiez ®a b yweagvnegl etthse s i

Howeyvetrhe effecidheegunessiyodltausgraesf f set by
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hi gh computational c o stg,h eds preecnisalolnyal i nt i dnea ls

data, which makes tondihei dbelat thomapphktprihngt

23. Feature Settlmadi on M

Excdpmpfreat ure extracti on, toanaodtdhreers se ftfheect h ivg

di mensional feature characteri zahiiocnh probl el
i ssebect a relatively smal/l but potentially
f eat[urRlisnce there is no specific feature sel
in all Situations, numerous feature selecti
vari ety of applications.

This section provides thmebhokgraonddpfeseh:
certain rekekakedgwdtbkeateifecsebedopbaead mehhods

further studi es

231 Traditional Felag aurriet 'Smed ecti on A

From the perspective of the evaluation cri
be di wipdigndt ioslit er , wransmre,d dheydb[r®iédish o d s

The if magptperroaches sel ect,fihetbwumdieng otf o ftelae i
own discriminant attributes evaluated by nu
machi nes. The metrics incleaendtts hyfpot baeasused e
me ants toaft arspdviad u®,s]r el i ef a[l Y&®]r intfromana(tRF)N g ai

(1'd)99donsi bdaesedy feat urleQ O $meil reietdiumm ancy

2



maxi mued evance [(IMRIMR)nitcelr@a@ttur e [sleQ22]jcti o
dependen¢yr OBéertgi.n Filter approaches are e
to be dmsbehet htypes of feature selecti
machines are fuUsmsdlacgf@é yf o mmatnhcee @aasfsteesrs me i
filtering undéd9gidrEavbetnbfesfbefactrurmest hods do n
feedback fromhihree liemrfna antGwrmea heea ltodf @ tteino n
not f etalivairtehsel ghreasmntk ed val uers tahesbbafiest efda
cri secipvashhesi t hout scoring the [pbw®]r of
As a result, they might not be hadtiedbtealt o «c
feature space bPankesle ftelae uheghenaty have
t hgmO0I6 pr,adtti cites more common that filte
with wrapper feat ucrael Hgeddr ¢ dt [mMe@edldgor i t hm
Wrappers seek to fi nhbfeetanteur mestpadgiehgett
predetermined petfoncaccetcd hasssds cmden on a
such KNeahest Nei ghboankdigwe i B & Be & eK{NWNB ) .
search based sequenti al forward selectio
(SBS) are two attr actihv grwdraa sHdnveeV e rwr atph
main drawback i s that the f eaagtaginnee thawo
have been remojveldI|B®si cded ect@ddel ect the
al | possi bl e s unbeseedi est ond a Stidnsed di p dewsh isicidl |

I mposwhildlledysishg gh di mensi onal mi croarray
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probl ems because of high computational cost
based on evolutionary fhnegareistshmsy arfe eavpap luiad c
possi bl plH4pssdgGosmpared tobdddd efrsgt uwmreppelrec
met hods are geneialkleytmerqguatcuyabé the sel e
i assessiedg a Ilpeadrifngetdechni que.

Hybrid technigues are often devel oped with
wr appoerr/sgmmanbi nati on of the wrappers and wr
performance. rel e ttrhai rcotmbeinndati on of filters
tontegrat es udce Tthesthedr st-thadswti t hew dileut i onary

al gor[iltthems 1A &,)i bl1Which the filters are seryv
step to decrease the redundant and uni mport
whiwreappeestusealval uat e tthhee maehéewmwgnéeadotire su
according to a given I(eiatrmi o gwideamghteae or cl
comput ati onalss aioadtl edws wipple r stnth@ama i ng t he
effectiveness )JofTHeapnuok|l smliecttidaltedhe feat
respentso the | abels but are usehmitghnh the fe
have rbeeneond e dt hg@ pr epsrtoacgeaeslsi ol cannot guar ani
opti mal fielmh us e sAneainsg i ome combi nation of wr
wr ppr s, hybrid evdlawtei dreacroymep pgad fledt¢hyrhsa r |y
109,- 118K akagdvant agebaiifimeicahnatrmissm i at ed wi t h

each wrlappkiomgt he ceomopdtelweerapper s t o | mprove



robustness and stablitity afgobe $inategy
performance of wrappers if the hybrid st
Embedded approaches search for feature
usuall y egpeceinfilceatrcni ng model otbusffdadOar €sr
Fonstance, the regularizations or shrink
and selection]|[ dpe@Jratdagre [rledy&apno)s ieolnast i c
[ 122lJaave ibrecor por at ed i nto the devel opn
regul ari zatlizo3nfThmeo déleat ure dveit@htriencgosr dar
i mportance of features in classification
met hods wusually need | ess intensiwve CcO0mj
fittHowg.ver, typical embedded met hods g ¢
stucture assumptions. Somet ismds ,e nmbheaed delde

met hodg umingbodtuntf €mei @erompari son to [th241) il t

232. Evolomtairy Featude@o3eltdaontsi on A

Among differentt efcehantiugruee ss e leevcatliuotni onar \
algorithms such as|[ Gbeget D26 Alegemittirarh (EGA
[ 127]Particle Swarn 1dp3tj[Ani zQadalioomy (@®pStO)mi z
[ 10h%)ve become particularly popul ar sear:
Il nspired by natur al as wel |l as artifici
Computation -fliE€C)d afse@dt isigincieal i sntgener a

as edn ewec hrciapwd|l e of addressing expensi
25



There is little doubt that feature selectio
repeated features bel ong to some of t he m
evolutionary aligorrietphrness,end acha upotenti al S0
updated continuously according to the machi:
wi t h such evolutionary al gorithms ar e t ha
optimization by speci afloirzitnhge csepé caii fni ca gpernd bsli
that the results are [gt2&frally creative and
|l #spired by bird flocking or fish schooling
capabilities, PSO is a highly common evol uf
feature|[ §2BeclP&WwVeh3G&G]o, a disadvantage asso
it gets easily trapped into | ocal mi ni ma an
opti mal solution.

Apart from PSO, ot her s waldnl Jad tgiofrii ¢ ihanls , Be& @
Colony [(IBRGArtificial [ 1&dh&lhmeyesydtsomsbeen use
feature sekbacthohorThbhe opCiOmak feamal emens ehs
via a group of ants travelingumhbherough t he
informative nodes. The main advantage of thi
be obbgi aed!| obal sharing stroptteagmnae Theeatdirraw
subset may not al walysaberarspaed béinwheaeatt
Further, genetic or evolutionary based al g

(DE)LO08, 134GA2163,5]136Genkedd]c propalammiisg] ( GP)



which have been frequently shown to be
compl ex conditions are paesembi@eédr yodeF6&
al gorithms, wherefeathrflideprgpreasd esntas sa
feat urfeOmetainlse a feature that has unsoetd beert
i n genetic or evoluti omearpyr dopesreldy ad gfoirn
acceptable performance.

Since swarm algorithms such aschhS®Ondnd
evolutionary algorithms such as GA have
researchers have come up with combinatio
al gorithms: -£AC@ 1 3a%Hly bHyibkC&@SGA 40Even so,
thecefveness of feature selection is de
i ncreases.

Mo st of such feature selection met hod
computati onal compl exity or | ocal optin
feature sermmhsecttilear @o@griodl @ cl ear need for

met hod with global search ability.

233.Bact draiskeldat Berlee cAl igom i t h ms

The bacterial foraging opti mi 4dtdaldqch ( BF
the bacteria chemotaxis ( BCMXa2rhep ppreorahcahp sd e
two earliest banst airsieal b aas eadl dalegarn intgh opt i

common feature of the two algorithms 1is
27



chemotactic (for adAisn@g) ghhrehugpviodr ECf tE.c hndlqiu.e:
gl obal searching oapalmidl iotpgAsnilkaavt @ mmecent Iy
gained attention for feature selection.
Of t en, -bbasscetderFR & met hods cooper gdtled3Wi th ot h
combined the BFO with the notion of mutual
the purpose ofldéhphasbafieabtgenetl o al gorithm
foraging st-Lat ewgays (iBnFtGeAgr at ed wi t h a neur ;
i mpl ementing fuzzy |l ogic reasoning for feat:
particleimwaami oonpt (PSO) na+tpadt balce e rsiwalr mf
optimization (BFPSO) was devel oped for t he
sighakUusSI Al most al-basad hFD axltgeariiat hms, gener al
mend the defects of the origi niarhprBoAv'se i n co
convergence speed by combining with other tc¢

ThohugBAs have been developed foevdrealture s

' i mitations. Firstly, t he r andoim doereident at i ¢
increased tstreeara@mouwmtndafct ed gl obally althoug
consume | whlgeers etairntehi ng randomly for the op
excessive computation time has | imited the

di mensi onal dat aset s. Besides, the circul at

could not guaranteeeaspepttdblhe sceco BVAesr gver e s

al most uni veidn atthhigssi smmbegres for i mproving ¢



efficienchaektdbatgeri ahms for f eathdre se
further employed fTon senssol aubsehs pete

in a complex structure

24. Fault Diagnosiiss n{e dPhirmiodrea s

Knowl edge

Prior knowl edge of t he systadat aitnevso |l asrn ch

abnor mal icwen ¢ i ti improgsf taadddtt efcari on and faul
However, I n g ealheappliioaa tkinoonw|seod g ea | oMfa ytsh
availabl e. Therefbaelt i di & dereasiesigmiotad)d it c

prior krmowbeddweodn t wo ablpesdd : fdanmalde os i

met hods ldnmckeemddaal t di agnosis met hods

241. Modbhskealul t DMaghodss

The model s of the pr ocebsasseesd ame t shysdtse msc,
built accorrding tbeobsesemak o0pekrnaotwloend gset a
of faults, and fault detectiomGemecaduluie
hardware redundancy and software redunda
have been presented for faul t di agnosi ¢
remhdancy concept iIis to compare the dupl:.
[ 146]Though the hardware redundancy met h

consume more space for storage, whi ch in

29



redilamcy met hodRorsitnice dmMmMal0yt.i ¢ al redundancy
two main trends for fault diagnosis: paramet
Parameter estimations have attraicned incre
whifctdults are detected by comparing the act
parameters obtained .frTom & hger dieparl d fhlymetotnald & i
for fault diagnosis if the physical feature
paramef{ @43}t hlen system wad emacdaineec taont lod sub
whiwére separately modeled as the transfer
par amet ersdimagmedt acwapsarapnyeltieed t o faul't de
comparing the average resi duWit heonuetr ggnywi t h
requi r gmermtr dfaul tf aiun fto rpnaataincemw &d e stirgancekd ng | a
i h148]r detection of a dwhvmamidn eftaeurltnthsptl lae ep o
To estimate thereodesi parasmespascewdadenti ycat
proposed for onldiangea |flaeurlyt odpieanf dkcdhsni@an keckfr sy st e
similar studies were ®dlasedmance hosi n@ telsd i e
parameters fdri8f@Ga3ul]l t detecti on

Except for the parametran i entsi matrieo ndse,v erl e Pie
both | inear anwdi nlbondmnkmeawin-lsved e Hea s e d

fault di agnkalimameRilDatdeeil o(pkeFd) by [ R54 E. Kal ma
thei KFproposed for fault detection by keepinr

of fwaadlettsect ebdasbheyd KrFesi dual s [ulsBEEB]li hgpot hesi s



The original applhieedtiingyec&md B i ebse ema v e
made on the modified KF [a38prrdaphevel uhe
KF¢$ 158,, 1and] a uagme nKiE6dOdtshhreonl|l i nsaf 6that e
studisee@kbsyeoBwenrd Graph (BG) hatsb feaeund twi d
detection because of its capability of m
analysis of the redundancy wusing causal
condiftliedfl h62]Ja hybrid Bpndabddskpgh metHBod \
presented fosdimugnaspilse usaiung fault di s
di stinguish the fault types after the al
residual . To ihmamldé megt ftohe faawditi detaegpgn @
based on the signed bondl gaflaph mUEBGP!| wa

di agnfmsemrssure the onl-omei mdaat adohoqgf amnlide

the combinatiommef Lyhpudoscseseability the
i ntell i genacsed emtt[hloéd3 [Whough the -baskdof
residuals is generall] Y¥4djlaedench!| 1 omuimbel t

were developed for faultbsesrowsamigon hei tf lu
syst[elmas4,, li6en5wikkioenai n knowl edge can be ¢
experts (obtaining the knowtbhdget haomt hh
failing data.

Gener al I-byas emo dfedu | t d a agapah Isd imed hbdal t

di agnosi s without prior Kknknwdverd greo doegl fhaa
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omor malstkduwlwvke blue | 't Faontamél yor edatnacs y

the effectivenessagceathtcgndiepienidalflom Kkmewn
the physical i nformade oinneodd et hbgwleathe s ct ur e i
rel ifolrl @ h-masnedef ault dSiagoesi seamlet modsl i s
that easy ¢ opi@acdamafidryggxa mi ¢ tshyesrteemmsa,s been grow

intemeodietieesed fault diagnosi s met hods

242. Mod€r ee Mawletd Di agnosis Techniques

Being simple and flexible for fault di agnc
struct ufrfese,e nboadseeld breeetnh ondsd eHayveappl.i ed to f ai
Gener aldiéefy,eembased faudctandibeguesibasmdat lgoad |
approactedaianen approacithasedorapphdakcbdge
The fomanep m@mrefers to adopt the similarity <c¢
and t he wlsittlileratlieast,t er f ocuses on the explor
information based on available dat a.

Asi |l lustrated -pasedoappy oastitygastaolardeetmacrte tlhiek
health condition of the system by comparing
the normal conditions with the estimate sign
Il n existing methods, it i's prevadlsi ngh t o ex
cooperation wi t h classificatComceamd ngdenhtei
unavaibBbplrioy knowl edge ofbasaeud tasBept hhatd i s o0

detect the healt hby omati dhioong otfh & ehéewmslytssds e m
3



t ohbeadiunc{bong&nown s[iyghlal mpaktiephe fault
in[ 28] botvlal tvieef sapurl itvsme avic d e ar awecree fsatuul @dised
di eselusinmgd nenl y onfdMeaanowfedttlymet met hod h
confirametdedtni on and classification of ¢t
mul ti pl ewietlhpometot s knowl eddetwfeenhe¢ heel atll
various haseoeded dati ailnmisnsg Theatsitam.t egy
sepiantggt si gnal s eiatedf dahtdwi dt h46findars de\
mul tfigoulet di agnosi ss,i nagnde tohlre cpornebs enrecde foafu
using a spectral analysis based on the M
Datdai ven approaches are to explore the
amount of hi stori c ped agas whumgérr wiosud dd  arec
approaches. I n supervised methods, cl as:
containing both the nor mal condition and
supervised methods, the rdeappal ifadnna he ae
establishing a k naol wgl oer dnghetr enls at shiesi.r  Baodtvha n t
di sadvantages, but only the unsupervised
with no prior knowl edge of f aulkt swasA cc
propo$é&éu8iinng the historic data only mea
datdai ve met hods PCAVM Swevr,e asntdudh GAD f or f
i ndi cati n®kV M hnaett hPoGDA had t he advantages i

met hods. PCA and | CA are two most popul a
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[ 29,. AW@]ditionally, the clustering methods
addressing the harsh conditiondfo3fl]no or | e
clustering method combined with feature ext
outl i er removal wa s proposed for heal t h mc
knowl edge of structur al malutd it 1. e Tl es ucpoentbvi ins
cl as xainfdi dQuscdyw st er i ng [wiaRsp dmeevaestwrgpee dis hient u s

of sl urwhye mp uanwpasit loa b Ic e eddatt rae mveelrye | i mi ted. To a
onel ass cl ang di6@ippadrattdantda sic r iwmtsi e nsi dered as
t he promising icdoenadiftoront hteh ae¢ex torndnye dat a fr on
condition were availabl e.

Generally, there is nosdigatalndbtasdidf mMmetdnde
datdtai ven based methods for f auilki miitaggh.osi s
Faul t dehbkbgtrehi emmai comp ahrei sso nmhkkeatuwmekepno wn

st anietshken o wn olba saii e di nfirtbiesaltltypy Ewvedi sDoOonNns.
there is a challenge for above methods to o
faul t dSetae ditsinenalmad sthatsieslt i bidk®lamhog sr ov
Smirnov-Stee3By)hkal ysis of v[ad3é arn®B1EK t ANOVA)

t dasnfg38,B8B8Ydsi an hyp[o4lhe sals]d t lersdteilnfogdh?o et
44have been wi aeldtg madg eadg nfoosri s st aceéat tieyedr e
and easy to i mplement though The Bahanebhobl ds

associ asedtwsthcal ftemal aiestsadattiansn.ed al t abl



Thmeassthe under |l yidgsprobabilintdi fferenc
data, which has bedmuduc dedsfculiloyn agplgiee
After the fault detection, the next ste
I n the AMsmonug ttuhfer .aneo dledc @ hiozlat woh hmet a r e
of prior knowledge of faults, a series

| ocali zation beeaaowsdse aenfd!| #imdpllfed,]al Inmevt h o d
named as subtract on negative add on pc
|l ocalization wusing the sensor networks.

t he (negati ve or positive) contriibuti ot
observations. The potential fault is 1iso
t hat matri x. To address the multiple f.
decentralized subtract on][ & @&ahst idveev eal dodp eo
in which all the alarm sensor nodes were

of their he73bhber §refoently used binary

maxi mum | i kelihood (FTML), Centroid Est
(ML)Nhd &NAP were compared, indicating th;
three methods for fault |l ocalization i
compl exity. To decrease the negative i nf

accuracy, thet stimnaeegwasfadopted in SNAP
[173]to assign the weights to the nodes

hi storic records i n failing al ar m. Gen
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net wor ks IS effective and easy to I mpl emer

structur es.

25. Concilouns

I n thi sexOhshtpiantgaise d rmeatvleod® en isnu nonradreirz etdo
seek the potent idala gaophphidesso a mi ¢ nnsa cghni anheurl yn
engiinnegEonsi dering t he simpl e, interpretab
preprocessing, time domain features are ado
further silgmaddtaootpitoymmi gati on of sensor netw
and sensors Istelckichgmesidows fFfaature selection
been sAsudd erdebsavblate eda f eat ur e selcehcasieomm al gor
as the candi dagtl @b ab e s @®aaryde ho danbpi Mte attyi on a | ef fi
Si ntchee pri ori sloatlowd sl gaev breelad b lags,pil b lcea t fi aownl t

di agnosi s met hdlkkar xlonsoderi ndod-basedrevi ewe
met hods are excluded since their effectiven:
i niti al whodaodlt hee tcoo nbloeiqygdatroedmbdeéd fault

di agnosifsr,eemotdeeclhni ques are more flexible f
dependence on slTpe wivfeirc tdhiter uachidulalieesn.cpen appr op
threshold val ue tfadri sft a ®latar dne ticdbantbia adhetr e d
detesinoe tshawdaarnddi zeeadsy t o | mpl ement thougl
datalei miAtdedd t iv@ntahl Ityhhe continuous advances 1in

and senor p | aft lesaeennsto r menteht owdosr, k i nfpd re mfeanu letd
3



di agnosis of | arge-copdcaeaflf thaTghéeorcegfso rwei,t hi
this astysdyy,mati c -$asrewdfeingegtpwoorakch 1 s prop
fault diagnosis of compliex stnroumd teulrgees owi

and using only | imited prior knowledge o
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Chapter 3. Bacterial Optimization Algorithm for
Feature Selection
The o@tiirntaué&dd o roseiast i ng of sensors i s essent
di agnosis Ilim tohuirs sChppytbhaed ea noaplt ibma szeadt i 0 n

met haddkevel oypeldelctdo most sensitive sensors (recg

foropbhemal wvirtual beam

31. Defi niEaathurod Sel ecti on

I n engineering application, feature reduct
to convert the high di mensional space into |
redundant and i rurreel esved retc tfieoant ureecsh,nifqeuaets ar e
to reduce the feature number, decrease the

we l | as Iimprove the classification perfor mat
0.0 o

%ﬁz él/zi?stf/f%%%%“ 34 3{1 2.} E{issiyeni ) (3)

&, X

As shown IinEq(3-1), the outcane of the feature selection is the subset of the
features by selecting the most informative and relevant feature subset to represent all
featuresMain advantages of feature selection methods lie in the minimizing the data

missing and avoiding the difficulty in creating the new features.



32. Bacterials Al gorithm

Il n the f oddcotwarnigglortbheetilmd Be damd rdiducleds e

filriséef ore presenting the proposed i mprov

321. Typi cal Bacterial Al gorithms

Il nspired by the foragilBg bDaCcicdhreimat aBact
Foraging Opti[midalaldi @8ac{ BF OBIC) C Ha2ripe0 t tawxa s
earliest bactefioal opbasedzatgomni phmbé| e ms.
are credited with starting a new heuri st
provide a gl obal searching capability f
advent , sever al Bachdriexlt eAsgonst hms t(h
appltioedenscear ch ar eas s[udcbh, als7sdfjgonak pPeoee

[ 1Y 7]and pattgrniw8r.,eddad®iji ti on

Algorithm: Bacterial Foraging Optimization (BFO)

Begin

Initialization: Dim, initialization of population, fitness
R calculation, chemotaxis step, etc.

,/ 0'(j+Lk.I}| For Nc=1: Maximum elimination step

Random direction @(7)

Chemotactic step ,”
size (i) s
/

/ For Nre=1: maximum reproduction step
___________ v/ For Nel= 1: maximum chemotaxis step
65D Previvis difectivn g (kD) For Each bacterium

Do: Chemotaxis process; end
End //population
. _ End // chemotaxis iteration
O'(j+Lk1D=0(j,k,1)+c(i)p(@) Do: Reproduction
. End // reproduction iteration
; A (i)
$(i) =

- —— Do: Elimination
~ AT (D)A(D) End // elimination iteration

Output: Optimal position according to fitness function

Chemotaxis process:

Fi gB8tTehe ea al | framewor k of BFO

Fi gB8Xshowsovtelreal | f r a nfFerwoomn kt hpef ofBiEgQuorfe ma i

di sadvant age sBRG smrc i iattBeadcet xetireiedl e(BASIgsor i t hi
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the expensi ve ec mneputeadt ifooralc otnidnuct i ng t he gl

best solutions. The embedded interior circul
hi gh di mensi onal probl emd i mei siysd emwdh. | eMam)
strategikesemaapplied to overcome this drawb

Colony Optimik@&G]i ome( BG@GO)Yy meotuhro dk n(otwol etdhgee )b e s
capabl e of i mproving the search capability.
bacterciyacll el,i fbey adopting t helhdendettihmma lh alse t

been demonstrated to yield faster convergen

However, BCO was originally proposed for S
probl ems; i aphlaigleids ctroebeewpti mi zati on probl e
are integers). By contrast, tthheessiosptii nabhei on
for sblvidngctrete combinatori al probl em of f

selecting the most sensitive sensors (repres:s
sensor net wor ks. The motivation is to sele
performance.r edsauwdweri,n id significant i ncr e:
associated wi t h t he optimizati on met hod u e

i mproved BCO willtbesidevel oped in this

322.Bacteri al Col ony Optimizati on

Bacteri al Colony [@B8I0g ;mi bateinhonmde(BC®G®)Yd from
original b a ebtaesreida | a | bgeohrai vt ihonrs : Bacteri al For

(BF®)144nd Bacteri al Chle noGoanxpiasr e @ BQ)o bacte

4



algorithms | i ke BFO or BC, BCO-bdaesdgns
conditions to avoid excessive search for
used by bacteria adopt mul t i pdlseuc b ommuni
dynamic neighbor oriented studies (or ra
st ddy as to attain the significant reduc
with efforts to randomly search and incr

ChemotAsx isshown g B32,e chenmprtaxdss consi sts
altesnaéaereignndionrg swammi ngu)mbl i ng.l yMortehes p

current positiagnpdodveesgi( ROEgr dercided by

previous position and the | earning expe
i ndi vidual exchangreisng, nt cmmlpiamg siomc It wd &
randomness to avoid the | ocal optad mal an

see (B®). Eq.
Running process:
RM=R(M-1D+R*(Goest- B(T-1))+(@- R)* (Pres; - R(T - 1)) (@

Tumbl i ng process:
P(M)=P(T- ) +R, *(Goest- P(T-1)+(L- R,)*(Poes; - P(T- 1)+

3
C(i)* i)/ YO (i)D() (&)

wheDéYis the postiltaicotnerdfuThfileer ahgon, whi
determined by tR€EY prtelve ouesstposao gii toinon of
Ghebktr ecorded asanbetbkeobakthhbagtilln diewitd ypaols
recorded aPsesTloe ahetblresd used for arri vi ng

posimiias givwgnt st pdeuddioivgnd-2.&/ Qi s t he
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direction Qamad tee oif u nylemaenrdact ppdy i@@f)d i s t he

chemotaxis step si@ep. cdheribugertwowamoes o0&an
the popul ation for gl obal search, while smal
more | ocal 'YdBeh¥r dhs. a randomly generated vect

0 an@dils the po.puNMartd ochetsd izfeg ri8&d b o

‘ Running process: ] ndividua n D
P =T D +F,* Gy~ A1) | ol xchangs 0 oBain P
+(1-R)* (B, — P(T - 1)) If Given probability > random constant
I Share the information with two bacteria next to it
(neighbor oriented exchange)

I Tumbling process:
P(T)=P(T -1)+R ,*(G,,, — P(T —1)) ;
else
e x = s A
=R R b Rl G iy Choose two random bacteria
] Chemotaxis process: I Share the information with two random bacteria
Factor 1: Oriented study, e.g2. Gpey, Ppess (random oriented exchange)

. | End if
"~/ | Output: Py,
"o Pr Py = pos with the best fitness value over three
bacteria (individual bacterium and two other

bacteria)

actor 2z P’rcvious direction

P Factor 3: Random Tumbling A

(Alternative process)

Fi gB8B2The main principle of BCO

ReprodWwdtipoareadefi ned chemotactic step size,
be empl oyed. The reproduction process relie
over the past chemotactic process. The firs
performance widtli dre &redptt hen peopardd hal f bact
capability wil!/l be replaced by the first h
evaluate the setahi'éblmicn@rd¢ apnalwioluiltdy b@ef cal cul a

Ji(healtrp:g{ 3G, j,k,1) ( 3)

i=

and the population would be updated as:
—  Hoy  — @ ( B)
whelie, )J ,i «,t he ftihtcha st e v aju"mweraefotthierei s ,

KT epr odtuld'@¢tiissmp,er Sa§,2.and the optimizati on
4



mini mize the objective fitneasdDdunct i ol

means the better health condition of t h

E Elimination and dispersal Following the predefined chemotactic steps and
reprodiwction time, eliminatiordispersal is taken to move the bacteria to the
dynamic position.

— 0 o @ @ i weQ (3-6)
where @ and @ are the maximum and the minimum of the variables, and
randis a randomly generated constant ranging from 0 to 1.
The reproduction in bacteriahbgteadialygo
bacteria and remove the poor ones from

el i mination operealiiozne idsi vtehrasti tiyt thherlopusg hr

mi grati on. More ddgtla&8i0l]s can be referred

33. The Pr oBpaocsteedr i al bAdsd)o Fietah mr
Sel e ¢cBEA RO

Having described the proposed BCO app
optimization probl ems, dvmcttwmrgarnmavshdnd t h
featur e (BAH&E&Wmtdieonwi th a view to address
problem arising during the feature selec

subsets from dataset s.
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l Initialization |

Y

N 5 |
> T=T+1
—1 Yes T>max_iteration ? Chemotaxis |
For each bacterium
Pop, =[.--£]
Obtain non- repeated
features:
For all bacteria ~ |— Pop; =[h.-fu} m<n
+ Update the feature distribution
Update the | Discriminatory strategies
Weight N variables selection ;AR R R RS t ““““““““ B
i 1
"""""""""""""""""""""" e Weighting mechanism & Archive strate, ) I
‘Randomness control b | C gre i !
! {1 o, S e e O |
I = .

L Reproduction Yes : cs; ls:nc}!angca L {[Sort the Weight in Obtain the unseen ] !
| QL LIEUmes | | | descending order, and features according to I
: HE : mark the feature Archive: | :
I 111 | number: 7 =[f, --ifs,] A=[f 5 f] ) !
; s B EEE =
| best is unchangeable 1k 11 !

L+ Elimination for Pel ti 1k :
. LA C e 1| 1 | Update the feature vector: | | Conditional feature |
N o mee 5 : N [ selection based on :

(N =i San Sy L] pribability P:,, . f,__.]|
! |
N

° Gbest is unchangeab : ‘ :
for Pte times : Update the population of bacterium: Pop, = New,(1: n) :
\\ _______________________________ 74

v

Premature Fitness calculation |«
termination +
> End Update the Weight and Archive
Fi gB8383The overall f B aacnmeewoirakl b @d egibhrét & ehtnur e Sel ect i on

The ovVvVemalewor k of the proposed feature se
Fig83e The chemotaxi s, reproduction and el im
t hose i n tClDe awvhii gihnalanNBlB®Ofr esernmpodrtant to
here that, since the number of sensors for
number of BAE®BsUKkaeswnn Furthéen06othHe&O, rdas8dar
have found that, among the thousands of f ea

(numbering in tens) are wusually of iIinterest



selection pr chklseoms .i sA tfhuartt htehre rconstr ai ne
i's useful i n comparing the performances
Sever al strategies are propaAafiSnclt wdiemd &
wei ghti ng nrercchlésnviresam e€g y, dairsicarbil neisn asteo reyc t\

premature termination. The main ones wil

3.31. Wei ghMWMa smlga ni $Am cahoBtvreat e gy

To evaluate the candidate variables (a
selection), a weighting mechanism and ar
variable performances and store the occu
| BAS, the number of features to be sele
repeated features in the same véVWightare
(Vanahr chi ¥BEhg Aper f or mance oife walnuwa tdead eb w
predefinemdctfti ¢mesBo fsi mplify the probl em,
of the fitness function indicates better
Assume that the numbeHk, otfh ec adnidmednastieo nv aor
vector for evsalfwant@iammgodnt thilkse fhaanteak i dhepop
performance scores used to record the pe
particle a®el mabWiexdThe iani ti a Wawze ighs v a
I f the attendance of a variable yields t
i's deemed to be more effective than the

variable is assigned with higher awelieght

45



Finally, the weights representing the perfor
updat ed.
| R ) >Fit(xj’m), t hen

Fit - Fit
W(i,m) =W(j,m) + | m | ()
Flt(Xi m

Ot her wi se

| Fit x m - Fit(xjym) [

W(i,m) =W(j,m)- =
(X m)

(B

The repl acememnmnt tdfc ovmatrriiatbutees t o the increas
of fitness. The rel ated3IwWeorg(hl)y. faore tuhped at e (
indi vi dluabadqtigrei.um the seldeicsi bo théplvace abl
varia@blne 6thebacteri um, and t hé&OQ@ur sent fitn
| arger than preW®WQaus ftihteme stshaevianieuieg h t of

bact é Wi ydwmi | | be | arger®dt haa ¢ ameiwbaa.ghér ot m,
W(Gj ,). mOt her wi s e @ wohuel dwebieg hstmaolfl e. t han t he we

I n BARS the occurrence of vari abl e across

€0,...00

H3Nmat Aji xand t he matrAx{4,j..,4h.im'rf"Qitmke'tneé as:
10,...0y

appearesbhaici erium, the rel atbtéd el embet i s u|

main contri bl somoofremardi xhe appearance of
that the unseen variables from candidate var

optimizati emepooeessecdbDhding the occurrence



could avoid the situation that certain v

never appear during subset assessment.

3.32.Di scr i mvVamra ta&ellye< t i on

To enhance t he eqduaviartiyabolfe tshueb sseetlse,ctt he
be of val ue, I f It has appeared freque.l
performance. Oflse upa&rdamet drmndi cate the di:
The waM ghs (hen updat®dndc&g di ng to Eq

Fe(=2) %,
_(Gi+B.) max( — =) (3)

J J

W(@i,m) =W(i,m)+F (4avp
wheiOd s the number Qoffedatiumeess hehsatbaehre used
whose <classification accuracies have be
fitness valbuies tShenihambegr Ofedt mes haath

empl oyed in the subsets vahesd owleas g ihfainc d

333. Randomness Contr ol Mechani s ms

To avoid the redundant searching for th
feature selection, the randomness contr
proposed bactermael hbdat Conaessdéeechgohhe ¢
the proposed bacter-cpnt¢l enembolamidoms si v hB
predefined processing rules to operate

These predefined rul egdiesitglmedprfoposenri
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optimizati on

capability

and avoi di the ra

ng

based al gorithms.
Three parameters are used fMorr er assmpdecmmdd sy, ¢
the paP@aimet esed t o ecesoenatrrconli ntghef oovetrhe opti
par am@taemiksar e exploited for controlling the
and el i-dni nmd i val strategi ecsod-&r)espectively (s
Ps euwdood4: 3Randomness Control
| 1 obal Dbest is unchanged
Record=Record+1;
el se
Recor d=0;
End i f
| Rec oPed=
SuccdssStop the ddtaerchi magt pomcted savoi
End i f
| RecoPd=
Do: Reproduction process
End
| RecoPeid >
Do El i-bi speirsal process
End
The | arger vaReuprdiof¢ atpas atimkeeé eronger iterat.
best solution. However, t his par ameter ca
computational bur den, while the value cannq
optimal rather than PleaRbaeset dseovled toipoerd. tPa rdeer
the process of reproduction and eliminati on
poorer bacteria from the popul ation and i mpr
rather than the gl obal bedgttddsIpereqiali cihr @a hes
i s adopted to improve the diversity of the i
the gl obal opti mi z tibroinngsSmmadrerr aarad airen eosfs

opul ati on, whi |l

e I

arger val uee,i ntdhe at es



randomness of t he i ndi vi BwvaanlBs; rwehliilees tohn

termi pat a®giterapplied to control the red

334 Modi fied Reproduction and EI i mi

The reproduction strategy in BCO is or]
probl ems according to the historic perfoc
to be |l ess effective in solving the dis

sel ectriefnar eflhet he reproduction strategy

i's modified in the proposed method for f
1) . Reprlooducmpobaove the gual ity of t he
achieving t he | ower clrassupidaateidont ha oa
reproduction process. Il n BAFS, the bacte

the avemaga (itaess Avfig tFeiétepop(cght aokq.
used to replace theorearctperi ioramen eceri fgo

average).

Popsize

Ava Fit = A inese .
vg_Fi Popsize §1 itness (a1}
. _ FS

FltneS$—m ( 4 2

The fitness of thee o@ltasngizfaitd atni onret érrordo n
FS represent the number of testing sampl

false groups, respectivel y.
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Iti s assumed that the objective of the opti
functi on. The bacteria wAvigh a&tiHer ept aesd gl
bacteria with thAvdiRFifthes fs$malelssar veahars ar
ascendiagdot ther bacteria | ocating at the fro
ones locating at the sib€ibka.ctlefr ituhme afriet rsemsad | cefl

Avg tFhen reproduction process is operated as
—0éni A —Q (33
wher—€Qrepresents itthac tpeRipisiiiszret tod t ot al numb e

bacteri a.

2) . El i-Dnii :m@melritoal s used to guarantee the d
optimization of the proposed method. As the
continuous and the problem is a combinatori:

features from the ddatdadets,petriseal elpirmicreastsi d or
should be modified to make the method suit:
matAiix initialized wi ti'hf eadtlu red leurseenck siima ey os .
t hen eAligmeagutal dctortd@d@ea(@I)andB), fkrRatures are
ranked according oothdefeatcomeredbswedbus The
| ower wei ghting i ndexes ar e replaced with
eval uatAipj))jr0)e.ag.cor d AngAstsou meadtbreibxaer t bm i s
—Q " hQ . The features are sorted in desc
wei ghti ngEggé¢&tan(dB)) skehe | as® hfasat lhree | owe st

wei ghti ngW i nfcheexr eif or €Q | titthébfae & tewiilalm b e

5



replaced by a new feature that has never

bacterium wil | be updated as foll ows:
—Q QB RQFQ . (a ¥
wheris the featur e ttHidbta cit swrintantm tahpep eoacr ceudr

recAND=0

335.Bacteri al Al Reart iBérllreencMeia cheod

The pseddo of the proposed met hod, abbr

Al gor3tlt. hm
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Al gor i-thsme Bbae of BAFS for feature sele
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Il nputdat aset for Ttrambdenumbeandft&eat Dc
Il niti allTilzatTMaX3i teration
Fitness: fdacéeiop the fitness functio
by KNN
Cal cul ate the fitnesCaurafenaldiOotkkea atta roin
Optimi zati:on process
| Current <Maer_attieaomti on

Current =iCueraentonlterati on
ObtaiPMedim@es:t / hPits calcul at edp acwkcda d
Fi g8 edddGpesii S t he best position of the
Foeach bacterium

Running: Adapt the pos®tion of bact
Obtain tfhedf comease withFitthe ori gi |l
| Fi t(<afssume that the objective is t
Tumbling: Adapt the poEo®)ition of ba
end i f

Adap tWutsh en g( 3Baqndd-B)

End f/drend for each bacterium

Foal | bacteri a

Adaptwetilgeat n g( B ais(d3d Pa n do bghl B SO

Il §1 obal best i@ u®changed, i . e.
Record=Record+1;

el se

Recor d=0;

end if

| Current >Maer atid aRaaard =
Succebkhkt=lr;mi nati on to avoid the re
end i f

| Current >Maer atid aRaaa d=

Do: Reproducti(é@nlt 68363f er to EqQgs.
end if

| Current >Maer atid aRaaad>

Do: El i-bi saperi stad HIy®Pef er

end if
End for /|l end for al | bacteria
end | f

OQut putsel ected feature subsets




34. Par amée&tsegnsnati on and Deci si o

Il n this secti oRePret hiPerdp pardmanedosmness

are studied and di scussed.

341. Parameter Settings and Benchmar

To choose the appropriate parameters for randomness control, the dataset
609 tumorsdé is used for evaluation. Al |
entered as numie values. The dataset includes 60 instances with 5726 features

belonging to 9 classes, which is available onlhtg://www.gemssystem.org/

Sincethe motivation of the experiments described below is to study the choosing of
parameters, the number of features expected to be selected is defined as 30 (from
5726 features)The instances are divided randomly into two sets: 75% for training
and 25% fortesting.

The fitness function is the classification error rate achievea dgssifier. In this
study, K-Nearest Neighbor (KNN) with K=5 is considered as the classifier to
evaluate the performance of the feature selection method. The population bige of t
BAFS is 50, the maximum iteration for the optimal is 300.e parameteP: used
to avoid the redundant searing is studied ranging between 20 and 120, and two
other parameters for reproductiéh and eliminationPe are varied between 5

andPee.
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342.Experi ment al Res kPkPrse odPRIPar ameters

As 1is il lustrated previousPy,antdporsmall er
indicate the more frequent reproducti on (@
popul ation by repl adiamgl/tohe rpom@mwe mgi ndievipdp
adding the randomness). Results are given i
values of three controlling par @aAce&uers. Al Il
in Tables representactbheaGdyéenange atleasshkei cet
iteration BAFRSs used by

Tab3tle hows mini mum, maxi mum, average and st a
by BAFS ttoheacahsiseovcei at ed cl assi fication accur
of contr olT ab®2e adnebBegyist be det ai Tedd3leesul ts i n
Fi g84sebws t he refabldti2s dgb¥benThe values of ave
classification accuracy rate higher than 95

of accuracy rate among all points is texted.

Tab3lerhe range of <c¢classification accuracy rate and
terminatioPp parameter

Parametey Maximum Minimum Average  Std. Var
Pe =20 Accu  97.7800% 71.1100% 86.6598% 4.7054%
Iter 42.6000 30.6000 36.1612  3.0192
P =40 Accu  97.7800% 72.2200% 88.2306% 1.3857%
Iter 76.7667 61.9333 68.3844  3.3058
P =80 Accu  97.7800% 75.5600% 88.8343% 2.4382%
Iter 170.8000 95.2000 125.5906 17.4291
Pe.=120 Accu  98.8900% 72.2200% 89.7919% 5.6077%
Iter 242.8000 138.0000 175.3129 18.3019




100 100

& &
g 504 g 50
5 g
< <
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20 40
Pel 00 Pre Pel 00 Pre
(a) (b)
Pte=80 Pte=120
100 100
: 9
& &
5 50 g 50
3 3
< <
100 ' 100 [,
100 . — 150
100
50
Pel 00 Pre Pel 00 Pre
(c) (d)
FigB4leverage classification ®&cRuyr @ag achievec
AcordofRoggBhdda he | ar gélic ol miebuttehe hi gh
probabilities (with more points are hig

subsets to achieve the Hhivgemersoc | avses icfainma
the computational compP eAsi tsyh odwsnb dilen at ed
| onger computation time (iiseneecpdetseng e
the best solutions though higher average
the | arger value d&fe tAammomign & toiuan cpaasreasmei tne
the highest <c¢cl assi fi cataisogniifarcccaaec acryacwyutire

achieved when t he Ptiesr nli2n0a, t ibount ptahrea nceot nepru
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the best is Aaldsao itohalkligipghe ster ati ons cannot

solution. Though the average and the maxi mu
achieved whRald@r ameeé ecomput ati onal cost <co
process is rather experswvéhahnhteover mi wiace oo
PP 40. Actwually, the minor priority in clas:
expense of expensive computational cost

The effectiveness of optimizati on met hod
par anPed etrhp atreem@a ndeiar e al so playing the esse
updating the poprulsatriadre.gi 8isndea ke reproduct
eliblgeor i mproving the quality of the popul at
anke) are empadrotyreall ttohe frequency of reprodu
process. The classificati oMo aacurhacgyhlri gtha ed

in bol d.

Tab32rhe range of <c¢l assi fi coantsi ouns iancgc uvraarcyyi nrga tvea | auneds
terminati oPAe par ameter

PQZS Pg =5 Pg =8 Pg =10 Pg =13 Pﬂ =15 Pﬂ =18
P.=3 Acc 9111 9222 8889 87.22 80.00 94.44 8333
lter 3430 34.30 418 345 351 34.3 371
P.=5 Acc 9167 8111 8889 8500 77.78 87.78 9111
lter 42.6 40.0 39.3 385 37.5 34.3 394
P.=g Acc 88.89 8167 90.00 88.78 93.33 8500 7111
lter 34.2 33.7 31.2 37.9 37.1 39.4 33.7
P.=10 Acc 9256 9444 87.22 9333 94.44 96.33 87.22
lter 33.2 31.1 35.6 31.7 33.4 36.8 38.8
P.=13 Acc 7556 9111 88.89 9222 9222 90.00 94.
lter 37.1 31.2 32.0 35.7 36.5 334 38.8
P.=15 Acc 88.89 88.89 8444 90.00 91.67 9111 95.78
lter 37.1 34.0 33.6 38.1 37.1 36.3 41.8
P.=18 Acc 94.44 9222 93.33 9222 97.78 94.44 86.67
Iter 37.8 35.9 30.6 35.7 38.8 41.4 38.2




Tab33Average classification accur acyPer4a0t e and i

Pe=5  Pe=10 Pe=15 Pe=20 Pe=25 Po=30 Pe=35
P.=5 Acc 8111 8444 77.78 80.00 9222 9444 86.67
lter 69.67 63.83 7247 6540 67.23 6523 61.93
p.=10 Acc 9444 8222 9222 9000 8556 9111 77.78
lter 70.97 67.07 71.87 67.03 6537 7143 72.47
p.=15 Acc 87.78 9444 90.00 9222 9111 94.44 83.33
lter 72.60 66.63 70.20 66.67 67.10 6553 70.03
p.=20 Acc 7222 8889 8222 9556 9333 9111 8111
lter 6393 6253 7473 6393 6467 66.80 6897
p.=25 Acc 8444 90.00 8444 9556 97.78 87.78 88.89
lter 68.37 76.77 6650 70.37 6560 69.10 67.87
p.=30 Acc 9111 9222 9222 8333 88.89 86.67 78.89
lter 68.47 6887 6563 67.80 67.20 69.53 74.37
p.=35 Acc 94.44 8222 9778 9556 87.78 94.44 9111
lter _67.47 68.43 69.40 66.86 75.63 _70.23 _70.07

Tab3d4Average classification accuracyPi=80t e and i

Pe=5  Po=15 Pe=25 Po=35 P.=45 P.=55 P.=65
p.=5 Acc 7556 93.33 8556 8333 91.11 9444 97.78
lter 1142 113.2 1122 1346 1152 1156 143.6
p.=15 Acc 8556 88.89 80.00 87.78 9333 86.67 96.67
lter 130.6 127.4 1182 107.4 1122 1326 1218
p.=25 Acc 9111 8889 90556 88.89 7556 8111 9556
lter 1152 167.4 160.8 106.2 101.4 127.6 1326
p.=35 Acc 8222 9444 8556 94.44 8778 87.78 86.67
lter 1136 154.8 1240 1620 1482 116.8 127.8
p.=45 Acc 87.78 90.00 94.44 9556 90.00 90.00 93.33
lter 1150 120.0 107.6 123.0 1048 106.0 117.6
p.=55 Acc 88.89 91.11 9556 8556 93.33 83.33 90.00
lter 1324 1234 1244 1058 121.6 1248 114.4
p.=65 Acc 88.89 93.33 0l.11 8333 8444 8889 78.89
lter 1340 170.8 119.2 1522 1046 1054 129.8
p.=75 Acc 87.78 9556 88.89 94.44 8556 86.67 86.67
lter _144.2 1204 148.4 117.2 167.2 1514 1450

Tab32s hows that BAFRGoplrad poasleelct t he consi
achieve t he average classification acec.
comparative smal/l i t eirtaetriaotniso n( ntoi mmqg r ew ht
par ametPR¥ k8 amwedl.3 However, s mRlledd< lpl)r amet
associ aftreeqguventhl y utilizing the eliminat

effeé€obrve mproving the searrchincgesiapabil
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around plasnebdncresas around 10, the average

accuracy rate is achieved mostly around or ¢
Tab3db5ilAverage classification accuracyerla2tle and itera

Pg:5 Pﬂ:15 PQZZS Pe=35 Pg:45 Pg:55 Pg:65

P.=5 Acc 9222 9222 9444 9222 9111 8222 88.89

lter 221.0 177.4 176.6 162.4 1846 157.2 139.6

P.=15 Acc 88.89 8444 87.78 86.67 86.67 84.44 88.89

lter 1454 164.8 1948 204.6 1840 1834 159.4

P.=25 Acc 96.67 88.89 97.78 8111 9556 93.33 97.78

lter 202.6 169.8 156.6 212.2 161.0 176.2 172.4

P.=35 Acc 9444 8889 88.89 9444 8889 90.00 87.78

lter 191.4 149.0 1458 1544 189.4 160.4 166.0

P.=45 Acc 86.67 8222 77.78 96.67 86.67 91.11 88.89

lter 186.2 207.8 1748 177.8 1828 166.4 185.2

P.=55 Acc 8333 9556 88.89 84.44 96.67 84.44 90.00

lter 197.8 156.0 186.4 180.4 166.4 138.0 212.4

P.=65 Acc 91.11 8333 9222 9889 9222 90.00 91.11

lter 200.8 202.4 161.0 1836 1916 176.2 150.4

P.=75 Acc 87.78 87.78 84.44 9778 90.00 86.67 86.67

lter 193.4 198.6 151.8 170.6 184.2 1722 162.2

P.=95 Acc 91.11 81.11 9000 9222 9556 9556 92.22

lter 161.0 172.0 168.2 159.0 167.2 148.8 189.2

P.=105 Acc 97.78 9556 9222 96.67 9222 87.78 96.67

lter 188.8 152.8 1722 179.0 164.0 193.0 182.2
Si mi | arTlayp34ef narb35ewe can find that the smal.]l
(e P11 ®Ps< N Oassociated with the earlier proc
frequent randomness from el i mi ntadt i pmo rfeorr d

performance

Wh e n
decr e

| ar ge

termi nabPiié¢ sn rmparga mgt dret weeac 80r aay Mnatve

asi

r t

ng

han
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Even

t hough
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tfreeal ueeosRpantmmen beBubo | ar
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terminati oPnc pardamb@aenseddthe redundant s«
best solution. It I's approprRRateund 48-5s|
empl oy the reprodulkdiacmecornthraml 2@Pacaaande tsa
and apply the el i miPndaagieorn tchoannt rlo5 bpuatr asmme

ank e

35. Benc hmxmplkri ment s

To test the performance of the propos
bacteri al based algorithms are employed

sever al frequently used dataset s.

35l.ComparTesdmi guas ased s

I n this section, theBAFWielclt ilvee ntessst eod d
in comparison with four [lI4dEeEBFDawi éeéhi &l
chemotaxis stepl&2]BEO(BFODDGPNI|I i near ¢ he
( BFONDPCB3B 2]Jand 1B8CXQO

Features used in the currently avail abl
scalned easy to isudpgllye mémte. prompogsred opti mi
select the sensor chains from the netwo
more than 1000 iThereé&ina @F kicgauteinan)y. use
feature selection wit horhei @0l &ni fmedanasu eoensa)l

provided together with mechanical anal ys
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proposed bacterTheée tbiased dat hoet i s avai

htt p:./u/jchi.leadbu. cn/ dah@asektasht mni ne cdataset s

a

http:// www.t pahash36g/i ves t he detailed infor mat

Tab36edbat asets for feature selection

Dat aset Featuiclassinstan
Col on 2000 2 6 2
11 _Tumor s 12,531 174
14 _Tumor s 15,002 308
Brain_Tumo15920 5 90
Brain_Tumoi110367 4 50
SRBCT 2309 4 83
Leukemial 5328 3 72
Leukemia?z 11225 3 72
Prostate_Ti110509 2 102
DLBCL 5470 2 77

The population size in all feature selection methods are definddPas 50.
The iterationtime for BCO anBAFSis 200. For remaining three bacterial based
algorithms, the parameters are defined as: chemotaxis iteratigrb0,
reproduction iteratiomMe=5, and elimination iteratiohei=2. The parameters for
chemotaxis step strategies in BFOLDC and BFONDC are assignéthas: 1
andCmax= 5. According to the study on the three randomness control parameters
in BABOAFS, they are defined aBi=40, Pre=25, andPei=20. For each dataset,
the instance are divided randomly two sets: 70% for training and 30% for testing.
The fitness for all the optimization method is the classification error rate
evaluated by KNN with K=5. The number of features expected gxteh cannot

exceed 10 for Colon and 50 for remaining high dimensional datasets.


http://cilab.ujn.edu.cn/datasets.htm
http://www.gems-system.org/
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Fi g8%5*hows the average classificanison a
for varying subset size on datasets. The
BAFS outperformsasa¢éd methleoddatcd eseladct t |
achieving higher c¢classification accuracy
BFQDC andNDEEO Me anwiNDICe , shBWw® t he minor
BF@QDC in some cases | i ke SRBCUghlLetuhkemi
i mprovement of chemotaxis step strategie

of the original BFO, the exchange strat e
comparison to chemotaxis st-tB€Cegnds BF &®s
NDC) .
11 Tumors
gloo 8100M+
5 05| 5
2 N 2
g g — —+—BFO
g 85 ~#-BFO-LDC = ~#-BFO-LDC
2] -6-BFO-NDC 2 —-6-BFO-NDC
by=| % =
% 80" -+-BCO 2 —-—BCO
5 25l ‘ |——BAFS @) a0l _ | BAFS
2 4 6 8 10 10 20 30 40 50
Number of features Number of features
@) (b)
14 Tumors Brain Tumorl
100

Classification Accuracy (%)

—+—BFO

~#~BFO-LDC |-@—p——0
— -6~ BFO-NDC

-%-BCO
—+—BAFS

20 30

40 50
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the computat.
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and BFO based algorithms spend | arger ¢«
Fi gB6xhows that BAFS and BCO spend | ess

BF@QDC, -BBPO consume mor e t han t wice of

searching the best solutions.

Though randomnesamp |l megeldaninsBCiOs t he rando
in BCO is realized only by tumbling proc:
'S not only manifested in tumbling str a
replace the poorer feat ureecsor wii nly uwmmads e &1
i mportance of features are evaluated by
subsets achieving higher <classification

BAFS is obviously superior toaBCOniah mog

Colon Brain Tumorl
20 =< =< 2= - s _ 5
- - ‘ ~12f ST S
&z, N2 T N
2 15¢ 5 1 —
g g 10} o o T =
£ 10f £ g Y
2 j: .
D 5} i (R
“ 5 — @ 6f -
BFO — BFO-LDC  BFO-NDC — BCO BAFS 4t —gro——BroTDC—BFONDC——BCO BAFS
Algorithms Algorithms
@ (b)
B DLBCL
I0F . . ce—i e
4r = = - 7 o = == =
2. % 8
E =y - :
*: 10 71 é o[ T e
2 2 e R
o 8 = S F 5
2 v 4r i T
3 6 =
4 = | 2~—BFOo—BFO-LDCBFO-NDC —BCO BAFS—
BFO — BFO-LDC BFO-NDC  BCO BAFS Algorithms
Algorithms
(d)
(©)
Fi g@6@omputati onal time spent by feature sele
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3.6.

Th

Th
t he
app
The

s el

Di scuamsd o@oncl usi on

e propotsedi al algorithm based on randomne
estigated for feature selection in classi
avoid the redundant searching for the be
ucing tmematomputeatf or selecting the feat
nwhi |l e, t wo addiatpipdn a&ledc igsoiramet des pamoees
roduction and el imination. Experi ment al
i cate that thefforegduercyi dfy elainmion atbieon o
over 15 ti mes), and it is appropriate t
best position of t he -2p00 ptuilnaetsn.o nTghies |uenac h
hanism in BCO is mopreoethemoiari snstcempasa
feature selection in classification.

i's higher capability of the proposed met |
proposed method BAFS makes it more Ssuli
ropriate swénder comasitmucting virtual bean
refore, i n the furtherapsptluitedee ttshoer spr opos

ecti on tva rctounadl tonbuedatanutl e di agnosi s of comp



Chapter 4. Feature Characterization and Fault

Detection

I n Chapgd gmnal pr eamrdodesuuditnglet ecti on met |
S gnal prempmsadfsgaat nge chandctent ndbi sel e
obtain the most informative fedtwress famo

unsupervised clustering methb@ombki datveobo
obtatiesitacnadi| t -badaedadttdirrves pokdented for

det edtni ovih.at f ol |l ows, they wil/l be presen

4.1. Si gRraelpr ocessing

Sincedatthaef iarget hpsf ortnmefedo ranfih e athha £sd on
segmentation of§nhalke piompreees eisng i n thi

of feature chfagagcetcedctziaamon and

4.1.1. Data Acqui sition

Il n theabiesalm ke ssewxe dtrlree bamalcmairrke, i s
f drault diagnosis. Thus, the data measur €
selection.

The Hda&m struiclFiugéitaeohsoiwsnt s of sbbokt édvo |
steel panel s| eor g 0sbgwiadcee 8 igdhm)1l( BFrleaktehi ng

cracks ofholldosxeami hgeg easily creatends i n o
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for benchmarki ga4(@)\isn ¢ h(dwegedik(ecf)aul t s (e. g.
cracks) at differentRpPR2anRBonsadcarfberddnbo
root ,mircaclkea mtdoapc kc rmekpecti vely. Three accel ¢

regularly on the Heamtetd BhdNNBA3pABitions

Accelass

(a)e.a-hB ke structure system

(bGr.ack oelni kbeeasnmt r uctur e

ﬁl - ;2 A}3
= = E=
RL | r | m3 | R4

Asin[lH(j},t+%rt’)]

(chlustratiohi kersthecbene
Fi gdtTehe desi gnekde bsedamcture

The system is firstly measured without an
reference signal and then is exciTthed with ki
first measur ed ti meefsereaerece duait@n alctwhiacssh ¢ a

taken inthhenomieaori ng record of a struct u

6



measur ement time series data wunder faul
characterizatThe iampglutdi exdaohesisp ssr. omensald 1t |
i's not necessamaMsybammoghmgrek i §tiwdys,i gdi f f e
been test ¢ thset Uhdoyieusesst hg, changed rafmswmi s ati
and thus the excitation magnitude of t
characterization andpfiayl t md & dhghreo siinsp.u tA s
sweeffirmgguency excitation from 20 Hz to 2

the sample frequency 8192Hz, and velocit

412. FeatGhrag acteri zati on

I n the process of feature danatobctionmy
di mension wi || be cadowenrt ¢d mentdo meenast wme
that the frequency domain {fsdeaatturosmsarmayin
and -ti emguency domain features haveoumor e
stutlyne domain f eat umr etshedrhe § & deoapttuerdes ar
maxi mum value(f X),2)Mi AveumglebB)bs oPadle tva
(f4), Variance(f(5f)g) ,StRkdvar doEd)s,i aRa othn me
squar e f(rfeOguenCryefsito)f, acCtloerfafr Aah)x,e Kmagwlos e
(f 1Reak t(of 1p3e)ayka @ e iatkkdd d® r(aft li 40) , Efdrldy ,Rat
ener gy (ofple@d)a.t orhe det ai | 1 8Winfemadtoinoani nc af ne arte

arper esedfbddlei n
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Tabdlerypi cal time domain statistical featur

(1) Maxi mudmoRal ue: (2) Mini mu@o@al ue:

(3) Average %ﬁwmute (4) Peakdci®dQp 6 Dk'Q
i=1

(SVar i aBc e Q of (6) Standar<dB deQidti
(7Y)Skewness: (8) Kurtosis

P N P e e T N NP

ry wQ ufjrm 0 o -B 0Q o 7-B wQ o

(9) Root mean square|(10) Cr ¢g(sotr FCarcetsotr RMS

00 00T 60 D(‘bc‘d)"QTéE “'Q

(11)Cl ear ancle®dd@QdtBo rQ | (12)I mpul s el dacEBHB: WD

(D)Beak t:o peak (1Ppakagni tude t o RMS

-B 0oQ7T-B ws N p .
ﬁwaTé— WS

(15) Energy Ratio (16) Energy Operator
i~ . p e p G o
-B Q0 d/ -B oQ o : Yo 'Q yurré— Yo Yo

wherieis the frequed@y svb@®diter udimeds ur e of
spectramQ®fi s the frequeknsye ortarl el ,Ic&f,YaetOhies
obtained é&i®eke wt et al number of diataprpes enrt{
0fwQ QQindi cal 0 futnfcwh iomh cal cul ates differe€
o (i), auid s ntthieme rChicsortdhe QifteaMoot exjyacrnetyyr m
one el ement Xsboér tdeirf f ehanceselbeerteme esmp hwd | 4

we Bl ol p

413.Sel ectFiemanstmfe Si gnal Analysis

Si xteen predefined time domain features fo



feature representatives. Therefore, 48 f
f ofreature sel ecti on. aHancde pfeerad eurrte iinsd irveiga
clustering and feature subhbeitnse airnet eursveadl
segmentlsteicohidi.eups of sitegnadbspsvi oh <e®iagma
the condition of nor mal, root <crack, mi
clustering
E Nor mal ctoegd iotuiporo:f signals measured fro
E Root (cRlacrke ggnromdyp of signal si snemeairr ecdl aws
to fixed boundary (Lc/ L=0.0625);
E Middl e( R2 ackgegnomdp of signals measured
the middle of the beam (Lc/ L=0.35);
E Top JorR8Bc k eag@gnom)p of signals measured w
t he t olpeaom (tlhe/ L=0.65) .
The clustering onfledbdodisf awiregciapabueder| vy
dat a, which provide wuseful algorithms f
recognition, document clustering, et c.
unsupervised fuzzy clustering methods ha
obtained include the association degree
than the complete belonging of the objec
| i keme&ns clustering. The fuzzy clusterin

in time and enable to detect changes 1in
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series, which is very wuseful I n fault diaghn
s o, mpgtcFugtering methods are great dependc¢
robutshgeltodal opti mum. Partic]l 28 SBwder ywi Opti mi z
used stochastic gl obal optimization met hod.
fuzzmeams <clustering, I . e. combined Particle
f uzzneams clust € FCMYyp rnoept chsoedh p b n H é a tt wor e

selection. I n the combined fuzzy clustering
PSO wil | be integratedbwi t htahpdp e doFcCad t oroi maivnoa .

Il n what foll ows, thke emaint mreithoidg! evidfl e i

Fuzzmeans cl FLiMohrdiuxgt er i ng met hod is to cl as:
the observations into groups depending on th

single observed davar is®E[kexs.)XGloxsR'sts of

Therefore, MNhkeanenvhatriecormg,e it could be repres
X1 Xipee Xy @
gxzxzz le:j
X ={x|i=1,2,..N} =€z u
(x| =g (4)
é u
N1 Xz Xnn U
For supervi sed clustering techniques, clu
denoasvdEor fuzzy clustering met hods, the par
probabilities of bel onging to predefined r

represented as:



ey, Uppseeilye @
U={u,li=1,..N,j=1,.c} &tz e )
= [ =4, , )] =41,..C;=% 3
U] J %’ 4 g ( )
e U
@nas UnzseesUne

au =1i=12,.,N
j=1

where the memdbre shapgilreygefyrigomp 0O Ror 1lhari

clustering methods, thelmajjcg: Stea pzy evel

Cmeans clmes HesvimkdhoWwnonzzy clusteramd@gnt echi

be formplL&86¢d as

c N
min § § u,"D? ()
i=1 j=1 '
a u'X;
v=l—i=12..c (4
auy
j=1
DijZA:”Xj-Vi”iz(xj-Vi)TA(Xj-vi) (%)
é‘iu”. =1y, 1 [0F i=12,..,N, U1 {0OF ( ®)

=1

| n hReC M, t heAimdn di agonal matri x and coul

t he common fAer mor i censi sts of vari an

§1/s)’0 3 0
e
A0 Ws)3 0

@

u

u . . . .

<. The member shi l e v{elr. i s e
% 4 4 U P G Vied

u

¢!

e
O 0 3 (Us)

The memberghisp rdaen@r exeg i irfogm O tt o sl ,r ait.hee.r
that m=1 or 2.
Particle Swarm Opnsmirzed i lon BIPS®D) fl ock

Particl e Swarm O[px8i5di zkEhown {BBEO)I t s S i
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consi derabl e perfor manictehPes©O, o g thiemivaat iadh epr
optimization problem are represented by par
be represxgak &d..xd siin Dide mensi onalN- space. I
observations fuzzy «clpuasrtteircilneg iospltrn enp zeg e mtne
omatrix with the assumptitonHehat the nonomben
matrKkF[ij,)g;kz,...,ka]T. The position of each partic
det er mii nveedl olicynléoyc,al( tthestbest fitness value of
hi story)t g owalt heshest fitness value of al/l

I n eachttitnmee sptaep i cl es are updated accor di

[ 185]

X (t+1)=x (0 +v (1) (4)

Vi (t+1) =WV, (1) + ¢, (pbest - x (1)) +

c,(gbest X (t)) (4
wherVW, i @aninertia wbhBight employs the Ilinear
optimizationw pr oces®, i e. QO0QI Qo Bi

NQ0QL Par aqeenagarrse accel eration constants to c

of particles.

Combination oPS®BELM)daondoFEMdemectm@Mf t he

the i mproved meddmnd PSdD wiatsh BSI®e&c MHCM o(rcal | ed
feature selection. Thge mdi n hied @& nidso nt & ntda kpeo
based initialization and | earning mechani sms

of F(CIM. e . , |l ess robust. fMoreokher gl obhel combi
7



met hod could also keep the priority of
obj ect & oartee dnaosts hpgre dted i ned cl usters, whi
to our pfplitclaéi om where the prior knowl ed
The psedddsSafCM has belklng @gritttemm i A

Al gor i-1t hgne «Lcbal eP SO0& C M

01 I npexktracted features transformed by

imarying health conditions.

02 I niti a:lPiozpautliaotnPo,p tsh e ep ar aamedtMarxs_i t er &
inertia weight of velocity

03 Population initialization

04 Particles: i Ramdomlpy 1lgener at4)aadmatan
constraints(#pfti hbéd ini Eqgal position

05 Particles iThhegmpowspt2 on of paUWgarctliet ii
obtained by FCM.

06 Eval ud&toimpruit e the fitnde3sd5yval ardufsiimd
best fitness value of that particl e uie
of all the particles) of the particl e:

07 Updati Adapt the position matrix of th

08 Optimization process

09 Whi Max _iteration is not met

10 Update the po&7)t iaomd ussatnigsfEyy t he (469 ns

E |l fhe curremMaxi terkrdtaitomn=

12 DoHal f poorwoupdrbecbpsi mized by FCM

13 end

14 Eval u:Ctoimprut e t he fit nde3s)sdthopl(uandsdomiga
Ppbestas well (gboegbbébbahebeatrticles by f

15 end whil e

16 Outputthe possibility of cbeatesapenditmg
achieved by each feature.

To select the modthPeE® C Hramatl iicvdediisftitagmré ur e s

four dhddlerenwtcobhdi-beamssofucture. The

I Ri g4&2 e
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Middle crack classification
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Top crack classification
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Classification of four conditions
10 T T T T T T T

AL
Y-V
B A3

Accuracy rate (%)

2 4 6 8 10 12 14 16 18
Feature Index

(d)

Fi gd2fccuracy rate achieved by clustering meth

sensorisndwivtidual ti me feature as signal
100 — .
\ "Eewg-e\v—\ﬁtz\_
951 [3.100]
s
r)
E S0+ 1
3
<
85+ .
80 . - :
0 5 10 15 20
Number of feature

Feature No. |3,8,10 | 4,8,15 [3,4,12 [4,10,15 | Total
Times 9 8 6 7 30

Fi gd43@l assi fication accuracy achieved

Fr oFm g &2 (ea) , the energy ratio (f15) is t
classification of four health condition
(fl) and peak toctpieak f(éd)umaese mosterms ec
to peak (f 4) i s al soeshd omostenisof-orArhat ik
mentioned featur es, -ntargensitt-&iddeec tr art i of G )1 49

show better the perfoimancaeccfoodi m@ulto
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classificéat gad(ebc)é)steosH o mbneaexri, mum value (f 1), |
to peak thedamagndit®RM® r altdi)o a(rfe si mi |l ar i n f
characterizati on.

Accor dARingg#2(edt) he peak to peak (f4) i1 s the mo
for sensor Al, t he ener gy ratio (f15) i s
classification of four2cowlhdifteonbkei maxiemms
(f 1) and peak to peak (f4) are most effecti
that the featurtehneehamamtenl nati(did)ofand peak
are similar, one of them wiulnld abnec ys e ICeoartbda ch etdc
with the results freoank s(efnds)ori sAls e ltehcet epde.ak t ¢
EvenFisp43sehows the classification accuracy
[ L2u7s]i ngpt hmi zat,i oonndmectahtoidng t hat the number
be 3batl atnhcee best performance of the fault c
computational compl exity. The feature crest
than the remaini ngi gd2dddyr es according to
Therefore, three features are selected for

factor (f10), and energy ratio (f15) are fir

42. Featur eaBénsdeadc alR or s

Eucl i diesathnanbe ( ED) i s a commonl vy used anp
measur ement , but i s suBltep,t itbh e viiad tisoaanl ¢ f dd

ratio is proposed as the feature indicator f
7



overal/l relaft i tvwo dsifgralesaicedefi ned as fo
0Qu hd O ® I o ( 9)

whede OB (¢ pBMH )represents the time dor
¢ time series data measfurreed drr omo rtnmael psrye
the elbemeant ndicates Mhei meait ot @r wdlt hekat ¢
feature didhensdofddbi tddenote thef eéamer e@é®m
of diagnosi sdOdifgnahre the mean values of
features-firmet sg sft@unl,+ Bane.l y i s the number
signal s measuf+ffadkef rdofm tttdheer ef aiuslt tomd ays wrneed
from healthy system, the deviation ratio
0Qu hd () () (40D

I n principle, the deviation rate shoul d
Howevermagdgmiptuudes at different measur em
someti mes very inconsistent), whi ch woul

measur ement dat a and decrease t he accur

problem of thisedismanser mesasdaea &ahe no

to the measured input magni fOO@R®. i An tihmp
proposed as the feature indicator for f a
relative differeedeasef foWwbowsgnal s, def.i
‘OO0 Qv hw

Y
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oy

AR A A (4}
—hY = hY  —
(6] 0 0

whede O M MBKH]is the real itnptuitmenagers iteasied atf a

measured -Ffreem $wsiYeéem, YRYEBRY ] the mean

val uesweof eal i nput magnitudes. To evaluate
t he fnogl Iroewiati ve index i s adopted:

e p ‘00 Qv hd

YO Qu hw = (47

B O0Qd hy IO
whete represents the sigmnak & behierdetcected,
signal measured from tMies ndhremalu/mbeal toiy s¢ @md

nor mal / healthy system.

43. Faul t Det ecti on

I't i s a rather challenghegptrask tkhmeowt adige
nor mal operiat mbhedyandmt he prior knowl edge
unava.llnabo er satdp d ytyhertetséh o | d and straetistical

combifroed f aul.t detecti on

43.1. Faul t | ndiAcdaatpotifh vbeassheod d

With | imited pri orcoknndoiwlidodngses s btbhlech o w mbh L e i
difficult to define. Above that, the applic:
be even i mpacted by the number of samples f

basi s. Since there is no standiaze fgarn del i n



threshohdthahs ad atpldiyeesehol d and edmptadd w
stati stfiooalf atud sth ederteehcatri eo ns1ogxreo utphsagmfal s

(except tnheeasoiurtddne@r s9r mal nvohdietdi ons

Il t i s astshuermeed itshanto noi se signals and o
from the nor mal operational syst em. Ot he
nearest neighbors (KNN) is applied to re

an iterafi3ud mprleacreegksyeshol d i s presented

for fault detectli3oonn as shown in Eq. (4
G Q¢ '00Qd o Y (43
6 ——By 00Qd h Y 6 Q.06

wheeQis a schheée rfaptesent st t&€fORUMeain o f

i s stthhendard deviation oféo s@gh ifsaulhte ibnadsii
thr e shod Wift d.etTéhoetail ure shoul d be tuned to
of classification. Too | arge of a value
the applithesdeei n utrdei gianlgu & ,rios@ ed®d,5 t o 2
p®Q T .When monit or iorbg etrhvaarte yomrselna b lny ac ol |
consi stemhewdgta collected from the repe

threshold values should be adaptive over

43.2.St at i Mettihcoad s

Wheencoungedrh the syskemwWwietdlyel iemipteed alt i
the data measured from the awowd mamalblpeirmat:
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(e. g.or ttghoogueplse t hreshold is so difficult t
har sh condittiisdahsckaele sTt e altnadt pdr ameat ar e t est s
capabflaeulotf d estiemtliaan tbpyet¢ oimhgewroi sl@an aset s or t\
di stributions (which are obtaitnhheeamer om t he
system).

I n a typmeal ,h ekxpers more practical to detec
with one dataset collected from the healthy
coll ecomdt he di dgmogneapuygbdmmeamits(advant age f ac
haegreat !l yd itnlcea eals&!| | engeStoat ifsaulctal dimed rhoosdiss
St atbiassteidc i ndi cators have beehd4bBiJTchel vy used
thresamsslodci ated witihs aobttaitvad ueadmspsd i n
statistical table, and theyltriessaandmed i zlea
the signal s mehaesaly ediad m o me p thwa stehe tladiws vee

di sturbance

Al t hohuggrhe ti s no odfvaochuwusniggsssitudietl aibnlee f or our
appli,canei ccran wawyltdhatoti be aadvgiosrahtehenest o use
t heareany extremen otulliidd les se aslt ametsh o ds (i . e.
indepdne&bt mogSomiorvn 9 v M@ scto x esnu)frraemckuent | y
used for f awvakdto pttecetdnetasane t hda woi mdialtarsiettys o f
wi tomeef er encnee acsautraesde tf r om t h ea nhoetahheerhy syst e

d agnosimesluateads €tr om t he diagnosi s system.



QDUnpaired or i nldepaempleaatt tt eetsti s used
means of two samples are different, [

samples are equal
. (AN

O
. p p
Y Ep £C

ep PpY  E¢ pY

oy Y
Ep £C ¢

whermgandg are the means ™fantdWwo as ampglhes
standard variance ¢méndqwor es atntped e s ¢ r raensdp
capacity. It can be wused only when sam
approxi mate shape of Gawussian distribut
(2Q)Kol mogSamiavm o Ast asthonparametric hypothes
depend on t he asswmpti onamph &t ¥ & lo ume s
di stri buti onSmi,r nkoovktSnioededripkaap ul ar st at i
met hod to measure the probability tha
di stri but i-soamplsestgt ¥ wor a chosen uni va
from a given -madngolSe(tuessitn)g ofmeo dat aset s
be ame ssi ze. -sQhuau egh gGlmidness of fit tes
met hod to teo#ff i thdad egdbsdndadss s met hod i
sampl es -$>t 891 . h&s no constrict on sam
testing withesimalmMmeasamgl &€ hei 2 i me ser.

cumul ative density function (CDF) will
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reference[d8b$tribution

D 0O & W

whedd s the wpbuet atvhen twhies-adraetaan gseedr iiens
ascendi g sortdheer .t ot al number of the data
defined as the maxi mumtavios «CIDIFtse dviad themad ik
the KS test statistic is represented by:

$ 1 A@sOw ™Ows

The similarity probabiiSi ttyesdf ctowd ds érei edse f

using mathematical[ 3 %]r mul ati on as foll ows

03 ¢B p Q ,° $ — Mg i

T

I f the two vibration signals ar0e$ si mil ar i
is approaching to 1. Oth&riwi a@prtolae hsinmi It &
O if two the distribution of two signals a

BWi |l coxsmnumejzh &
ph ® wh
7 B B O — O T®h ® wh

mhé i 0 Q Q
wheMianNbartehe ss o tseatmpdl lee main advantage of W
test i's that It is valid for the data fro
outd ieeampari son to®eswo slampher T Wil coxon t
reflect the |l ocation of differences.

I n stati Oiwiicaladesmesd to be aO0Obamsgeaeat distr

reference distributiboni.s Tthhea tn utfw oo imsyapnbpel heess i asi

8



same distribution, ot her wi s e, the null
formul ated as foll ows.

Hoo Ow ™Ow, 18w Ow.

Sinewealpe is wusually wused to measure t he

reference si ghtatbeni i alg f d idee ys iagrcaelp,t eidt tih

nul I hypptihesti e féeibrepeOttderwher, the nu
fail to be rejected.
Feature represented signals Feature represented signal
measured from the normal measured from the diagnosis
system system

A

Y

umber of fm Yes
xceeds the W

\ 4

\ Y
Fault indicator based
threshold method

Statistical tests

Y Y

Output: The health condition of the system

Fi gd44Tehe fl owwor k dfautt he dedamicitned met hod
433.Combi Metdhod for Fault Detection
Fault indhcaetctbotl laded mbi ned with statis
deci si ori gpadkdsemgws t he overall frameworKk
| f the number of Si gn aolpse rcad li loeucatleesds yforttcem
exceed t h(emoerxep etchheerd si x grhohaoatpls tmethawsl ts
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based threshol d Imettehsotds aanrde spracviisdtedc af or f a

abnormal ssgpeeadammazudet ect e dt édbsyewanyymeohods

44. Concl usi on

Signal prepcbdemdgamn@e comput asi pnowaindled el e
before the faflhulodat etaitomentamodds with di ff
requi sefmemparnsstruidioad f aul t det etchtehoesh&pdci fi
met hosdigigdotred ault detaceéi oansifdehabl e si gne
from the headdrhtyatgpdnen geetpireensve features of t
while statistical tests are adampd end tvelden t he
Since the mai hheibg stcd i prree vdntt hd scomprehensi v
met hod with the | ihnoistee dme ta homolms bkifnrewdl feadwglet, t

detecti on.



Chapter 5. Virtual Beam-like Structure Approach

Il n €haptear vi r-ltiulkaée DlevaBmaIppreo ach 1 s prop
both singlefasdldicamalli ziapl ® n. The concept
opt i mingeathibodhgoy c o n satprtuicrbar It b al beam,s and vV

for fault |l ocali zation are all i ncluded.

51. Concept of Yi kteudht rBeamr e

The c dnicretpu@ddt dmsamf somriaheé onntkleatstbeaamu
are basic structural componenf[t®k8WhHnenvari o
the structure i s excitedbwht lbaspaaphpsr opr
from the vibration sourceultd be heegasgpe
fivirtuadwhlb e€d msaopupll dif eébdel tto det ecti on and | oc
energy i ntensviitbyr batsa owpenpidst laso mth es ome c omp
influenced by the occurrence of faults.
|l f188Jit has been formulated that the s
of energy received by corresponding sens
are caused byetshevhemdr gpudldames c amtdun ehce
i nformation | i ke damage | ocalization and
sensor distribution in the nodeofaSseltl,
of energy corr sl bdtasckeddamage ainrsdi cesi on an

the | imitatiBased darhet lpirs ogener al i Kkeaowl
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structure approach is proposed for fault d
compl ex structure cramblbemtofansgtoirmaeld s eltec tai

di agnosis of wvirtual beams.

Crack

A2

1 ibration transmission path

(a). Vibration transmission path along betike structure

Sensor

M5 virtual beam
(Al1-Al12-A13

Connection joint Al4-A15)

(b). Examples of virtual beams on a sateHiilee structure
Fi gbtTewo typical examples of vibratio

To be <cl edriekre, sat rluecdmdrn kearsd rsateal ki taege ap
examples for formulation. A compliern efructu
numerous Vwviiirkemast beatmures considering the vi
from vibration souFiceBIk(eao ,e tecnberrsgggmastehi onFr om

is from the |l eft bottom (i.e. vibration sou



beamke structure can be regardebdeasoat v
to the top end represhA?Pt3ed Ty atplpd ys ¢ hs ar
compl ex structures, virtual beams along
structure can al ways be found by opti mal
net works distributedFi gb1Ebe csohnopuse xt wsot rti
virtual beams consisting of -twkhesgnsoct |
from the bottom toviobhati «ro mpiadahe $(irsiisndcieonr
structure is excited from thé&ilgbtrEmom). T
| ocates at the middle of those two senso
fault |l i ke | oosening bol't on this conne.
chains cawi beét eoh cthreanrngsema,lsisgisginheei sensor
at the closer and af tTeor bteh ec odnavneangiee nte,. gs.
virtual beam closer to the vibration sou

the one far away f r ognartdheeds wisls d @tpi( @n gs o u ¥

A31) .
Thus, it is rather important to select
virtual beam for damage | ocalization and

52. SensNert woDikst r i b uStell oenc ta nodn

I n | arge space praatcitwalest ¢ L@@y ky fthlue &5
di agnosi s, but it was not effective to

compl exity [@ah&Dheufsf,i ctiheencnyet hods f or sensc
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developed to obtain the flelWB@2Wsehsaoahse for

cont i aadiwairssesats®@eahnol ogy and senor placement

net works can be i mpl emented -dost famud thidghagn
efficnendy.s Istudy, the sensotr wmateurneo uand e a

net work for fault diagnosi s.

Since the complex structure composes of Vv
sensors are grouprat wairhkes .eemaratutsomsubf t he
net works is studied basedcomecaoampomnémht ® pamn dn:
solutions and i mprove tThhee fcaounlcte gltscaolbifz at i o
i nfl RROJeedegi onw ag@ éRAE@C) [ 1 nadrjle adopor sensor

net wor k SRedariat itchre. area around an event, wh
region are capable of fault R@Gseidthieomriem hi g
around a sendsdhr mecder wheace of f a ulht coul d
probabilityTh(eovei s t5a0n%)e bet ween two sensor
considering the coverage of sensor net wor k.

smal | i n term of computational compl exity

(7))

ensor s woulndg aheo plossibility o f t he nega:
information from the environment noi se and
consideration, the distance between two serl
'YX A EOD ¢Y,wheWwei s rtahde fu st Bgi on od. coverage

Taktehe sm@malellilkiet esas uek dmpladleilklel tset ructur e i



hanged from the top with a spring and a
faults can bel-tfads gruien o raiictkiss a ebtoudgs f et a
bol bosening faul't since it is eaypl to
|l oosening can happen i n varibase Itamagiercd
wi th the nrhaikne ssatreutcétdutreeo-b arseefbeb b hgdng str
The complex structure is pr &baghblsghodwsvi de
some thyoplibcessle hangeang satletkteutmmaelas ban

antenna, sol ar panel , connector s.

S-band antenna Other antenna

Solar panel

Fi gbB2Teypi c altbabscel theadngi ng 8t siect @t ®ed el
As showhi gibiBe accel erometers ar e evenl
substr,matmerde sasneswos ked Fsotrr utch eerneceen vaefn i
descri pti onoc attheed Tsoemn gledmel u mnt o b mpbies nt

nam&Ai.Four connect oP,SP,Rr ePmdiened Bbe senso
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bottom of Pihe oamBdcabnedr t he sensor

connkPicg nadAmédbde sensor

strucSEnseoegaecehmar

panel

ocat

ed o

net war kbhsasassebodgr d thpee d

are grouped

as a

net

the body are groupedeascsasobhemsyremwel k app

two or -mbreaswebesapable

of faul t detecti

coul d bel oepguditor uacntyu roefs stihaf t Wier puakebeam

For examphA&anMEcmosudrds be

both solar panel

Sensor networks for
solar panel

used for virtual
and main body.
SIS e
]
55 - Vibration
2 'nsmi}prath
Sensor networks for
SHAKER main body
7
net wor kisi ken < threu cstatdred | i t e

Fi gbB8ensor

Once a componen

rel ated to that

fault |l ocali zati on.

single solar panel incl

t i s detected for

camp o vvdinrtt oui asl

The candi dat e

ude the sensors

on i

con

be

sensors u

on t

\

«
R

-

C

the abnor

abdeoapnmt ecdo nasntdr u c t

r

adjacent whinlnecttloeg ssens pl aonfe stehde anta itnh eb ol deyf ti



Fi gb3aer e assigned to both that direction
adjacentsRosvenmeceamrsensors response of se
faults could be isolated with respect t
decrease the computational compl exity fo
efficiency foTo ffawd tthedri amarorsow the pote
c ompowietnt f e wervisrethisaolr sheams are construc

met hodol ogy formul ated in the next secti

53. Optimization MWetrhiBedadsh ogy f or

To apply thlei keurcsttwale bamdlimi o dl i fagmofsi s, t |
BAF Smet hod i s adopted for the cosByruct.i
selecti bgssesferbecap mr openabewdSpkeci fheal |l y,
optimi zation met hodolaongdy cionnvsotlrvaiinngnst hies

Secti on abp.p3dl.ilc,atainodn of BAFS for sensor se

53.1. Obj ecruneei on and Met hodol ogy

A |l arger value of the relative deviatic

signal s rnmoena stuhreeddifagnosi-Bregssemtamd The

continuous sensor chains in the sensor
opti mal virtual beam. The |l ength of this
most i nfor mahatvearseensseomrssiti ve to dynamic
smal | region. The objective of the optin
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part s: the maxi mum of the relative deviati

routing.

It is assemadathda@tBotflnei s sel ected in the o)
process. TheDdnde daet ensuantbietryf off sems ams beam
This resulting obj'ective to be maximized is
"0Q0 ¢ Qi

B —B YOQU hd B | | T OQdM ( 8)

wi 4 h plE AT G BOOAA

i OEAOxEOA

Subject to:

$ (&)

| GO ( B)

0 | 0 phQ pfB 'Y phBoRQ pMB B (&)

io 0 ( B)
3 PFEGEQE YOO QU Y

B oi h 7 - y ( ®)
THE £Q¢ YOD @ ho Y

wheNMies the tot al number of sensor$® in a comg

see.(BBpandi s the number of sig+#ialer mgadwemed f

@ represents the td mei gomanlai medeuwt eed eby ofen
when the system is im adeeaktebytéeate meSidmir
feature of diagnosis signal measured by the

construct abD¥secua@odo®RBmdni et cannot be too |



too small. Selecting a | arge number of s
potenti al occurrence, while a smaller nu
|l mal i zati on. I n our experience, it i s ap
three to five sensors.

The virtual beanersdpf esaedt snonhé@eof vi br

path on the way from vibratiessegotiaéson

for the fault |l ocali zation are aligned
convenience, we assume that the vibrat.i
corresponding column. The Raends @¢rg,l vanndor k

0 represents theO sremvs o®ndoolcuanine dofatt he ¢

net wor k. For each row, the awdwmber acf &
formul ated ucEBngSConaostthenwirtual beam i
sensors from varying rows, at |l east one
Gdw ©O . The sensors bel onlgd nige tloo @atsedc s
nei ghbors if they are in the same row f
sensor chain become(s®)i.nvali d (see Constr

Const(r®int ustrates that a fault mi ght

Qi sensors from the net wordgern ndalmaemnm o fth
senseanss ytshteem has a higher probability
there isalamimyisemas omet wor k, it is diffic

system is healthy since dlhar ms ingegadto rrbeea s
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influenced by chorse dheobbéer mfaati on proce:
Const(rBiisantnot satisfied. This means that the
state. The arleagun asreamesexdr fofom t he need to ensu
is in an abnbowmaVvVercondftibe. knowl@edge of p
t hresho(l d&,v asltuaet i st i cal met hods are used for
similarity moasdanaments.of t

The distance between two adjacent sensors |
0"Qd . The mini mum of the | ength of a virtu
that visit every selected sensocrensxddtvley on:«
sensors and refine theiseghenwktoghfauktt oso
relative d(Wtafnctehgd isel.gntied Tlkeesodesomi nat or
il lustration of t he fitness function i
B | | I 0Qd in EA) is sodhedtast arout e
pr obdluesm n g Genetic Al gor it hm[ L(ORSBANAT tienr Mat |

i mpl ementing the optimization process, the

532.BAFfSompt® ®xallectSemrs oo fs

Themproved bactbearsieadl faelagourAFrehsted ecseodnf ¢ B
opti mal selection of sensors to construct
di agnosi s ::Coldhee fposrewdo t ual meam &ometdoucti on

5-1.



PseuCood eeBAFS for virtual beam constructio

Ol I nputThe vRdDeeasmndofl Dev from sensor net:
Gbw; the least requiremenai gf maxnarumal
sensors to be used tDbD construct the vi
I niti allPiopdtiod@, M&B_iteration
| Const(r@m)iwati sdbhradr mal state is detect:
Do
Fitness: fdet@dkopitness functli)gn accor
Calcul ate the fitnedsCurafenaldiotkkaattadroin
Optimi zati:on process
| Current <Maeriat e oat i on
Current =iCuerantotnlter ati on
Obt aiPgeatnf®e.s: / hPs cal cul at ed aecoadlredil
1, &Rigs the best position of the grc

r O O O O O O o o
O © 0 N O O b W N

Foeach bacterium

Running: Adapt the pos2)Yion of bact

Obtain tfhedf comepsase withFitthe origin

I Fi t(xafssume that the objective is t.
Tumbling: Adapt the pos3i)tion of

end i f

AdaptWatnllesi ng -E)gsa-8) 3( 3
Endor

Foal | bacteria

AdaptWutsheng -E)gsa-t )3( 3

|l Current >Maar atikdaaiGgatsheunchangeabl
Reproduction: refer to BFO reprod

end

| Current >Maar atikdaadiGg.ntshaanchangeabl
El i minati on: refer to BFO eli mina

end

| Current >Maeaer atiedaaiGp.ntshaanchangeabl
Premature t er/mienmadt itohne opti mi zati o

end

End for

End/fVfthe optimization process

W W W NN DNDNMNDNMNMNDNMNMDMNMNMDMNMMNMMNDNPEPRFRP P PP PP PP
N P O © 0 N O O B W N PFP O O 0N O O & WODN P

Out puffThe best position for the opti mal
or virtual beam)

5.33.fBi ased ®Rwuang@pmtg norez aMet hodol ogy

The main chal |l-fenlgletc d loir 3 artufffodcticquir @ do n e
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fault (or mailr favigponut) tphreo balbrd oyr mal reflecti
sensanske,nsors suf fmaariinn ge viernk,enrgnhbdi st &ael t wi t h
mo steri ous i nfluence ornefttilibec fsayuditta ng)n omieg Hth eo n
ot her pot.enBtugah sfoanue bsse npsoo rhshpeomagy ntto al f aul t s
t he exrteesnponse cahocseseénmoeecsl di strei buted cl
main events, whiioh ndemtedit b otnd < appa ki Ifiauy t e .
Sucfhact oex awettibeat @i fafsisowli taimheesdftaiwil t h i sol ati on

since other potential faults cannot be corr ¢

Sub Sub-

network | network 2
A 70O — 7 O 7O\

) Region of influence
(ROI)

Bolt

© Sensor

Fi gb4ubnet work sepraeg@itomnofbaisefdl wemnc e
(ROC is the area around a sensor node, i n which the
high probability (over 50 %) ; ROI is the area arouni
region are capable ofbfhuty @evectbo®w) )n high

As s homngb4e sensors oocamdieimpgedennht o sever
Subsets accofidiehg aoeahar 0Ohdemanoresy ewitt, hiwhi |
that region are capabl e of ofvaeumith 6d%stoentet i 0 n
over |l apping regions between two adjacent ar

bolts of L1 or/ and Ik®l|llaosptamcttonet ae&bemiyt of



detected by the sensors i n subnet wor k

subnetwork 2 are | ess effecti vwi dea. Vheerad &
Since t he virtual beam consi st s of four
| oomrsi ng bolt in L1 might be masked by | o

I n theai strate@iyasedmednmpiremgent ed and

wiitimmhoept i mi zatfioem @btoaiesisng mul tiple virt
potemaslaio as to decrease the possibilit
masked blyhfioit @a®e d Ooirruchind anmgelstiitrddagp en ddnt r u
the optimi zayBIAoFrnB omrso geosse oft han one Vvirt
consi sti ng soofr dcihféfnenrsehnet fsiernst rcuomn,sgtshtei nf i
of sensors is selectedthieomalthes neft wioe &ts
(.ieReDewmssoci at scenwiotrts tf m @snT hteh es oin mutt tv oenk

first runsemyneri sdlsa totikeeraengeairt dlead &osam used
the fault with the mostl fsitghnei fsiecnasnotr anbentov

to the faulty component contains more th

| at e morrienadawni ot ual beao alriemicroatsd s tulcd edi
ari singmdirmmevmiaeit n (iawelt), thef cgremesmr s se
with the | argest aweey nedrued nfga u lhtd fil radhitecraet c

arNssubnet works INmi at coadnpr®iasNsliinfg eafent s el
cha(as | east One areen s olatfatignfieddiafsfearoernutn)n i r

procihes str avbedpy askids rdensnc ssigpdede. i n P
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Psewdob@Bi ased running

01 I npReDeof sensors from networks usin
02 Calculation the MNamleonr dofB-gs udlon &Etqgwd r k
03 For i =1:N

04 Ifi=1l

05 Datasaul t i ndiReBéwof sahsess from

responsible for with the alarm cor
06 el se
07 Datasaul t i ndiReBéwof sahsess from
responsible for witgnohieng@l tahen mo
(withgeBéebelvaml ready selected in tt
08 End f
09 Sensor selectAF8nrpfecegebdEyp 5Bseudo
10 Sol usiedmcted sensor chain (iitrhen) t he
11 End or

12 OQutputMultiple virtual beams consi sti

Generally, the i1iteration times of opti mi ze
beams rely on the number of subnetwor ks in
ar@®@ Ysensors moampgaerde notn. aT hce numbjieirs of i ter a

defined as:
. 0, Y
" Roker 5-7
v w %_O ( )
wherOe s t he sleenmsgptrh cdfab ena rh.e—+I ifvsi rntoutalan 1 nt ege|

t helnequals to the closest +#Aei grholbrore xiamtpe geer io0

— Py Dhen Howev &rn,s isfmal® €0t hehaint er ati on
ti m& ipdt means that there is only one vVvirtu:
fault |l ocalizati on.

I n a | arge space str wacteurodittamimdetdp p$ €i vl & t 'l
the same fault is isol atlend aldydimaroen,t hmarms ionmgd e

beam consisting of a chain of sdmhsuaers might



thd ault | basleidz oatni drheb e@e®wiilnatl ba&icedudi ng

ta bédedarke sitmr utcheaurree xt section

54. Val i datindgnr oBabhmeMet MPRaali n a

Bealm ke Structure

I n this frseédnl¢ almrk,e astructure with cracks
studied tly pvelidanart hep reofpfdescetdibueeahne s s «c

met hod

541. ThBeadn kSSructure

The Hd&km strucFiug #taohnesahstti wo | ayer bol
panels of square size -I(i4l0e nfd e mkmdo@ .c3Ing .
| oos émilnmg can be easily c¢created in one
benchmark eFudwuviédy. (§bde faults (e.g. cr
positions caRlbaeaRhB2nanddrbVeont emdirdiaddlkea s
craaxrkdop crmaegpectively. Three accelerat
beam at shown positi onTshedednaodtne dstbriyudatlur A
at the top end and attached to fimiusailaker
beam i s represent e-A2M3y ashes hsoewins.or chain
The system is firstly measured without
sigmald then is excited with known ffaul

measur ement d atta ownmsd earr ef auusletd sfiotruaf aul t
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and di agnosi s. The i nput excitation used i

necessarily any specific signal. For Dbenchn
tested. Actuall y, owusr osft uvdiibersa tfioocnu st roann stnmies sc
the excitation magnitude of the i1 nput has n

and fault diagnositsh.esAtshani exatnpiegua nwe dpisn
excitation from 20 Hyz itnot e2n0sOi tHyz 2vj ,t ht Heh es eemc

8192Hz, and velocity 4 oct/ min.

542. Benchnas ki ngBeonn ke uct ur e

As given i,nhSeetfieatdrés are selected for f
ener gy egethiko taor ep efaiknal loy deémapul ¢ Badad norsi s .
those three ti meanedaaonmaiar ufee aatnudr dahfe tsawalntd ar d

indicators in four di TabladEFi §®3uét cases ar ¢

First feature
S —
1 A2 A3

Sensors
Second feature

60L T

40 ]

ZM
———————%

Al A A3
Sensors
Third feature

\;— &
& ©
A2 A3
—=— Normal—=— Root crack--— Middle crack—=— Top crack

N
o

=
o

-

Deviation ratio Deviation ratio

Deviation ratio
PSS

D2

Fi gb5Tehe mean and variance | Dev of three sensors

Fr o gb%ehe deviation r atoifosifgrnam fceramallr esst
10



al ways the smallest, and as the deviatio
(e.g., threshold metelvodti vanl ueatnobdb erta
boundary of the normal ), Tahef amdan nmiaglhue s
variances of tlhDe vige Wiaahb-liearne rsahFa wnb-§. en
The mai n resul ts as reveal ed by t he S
summari zed as:
1) The occurrace of a root crack leads to the largest deviation raRkes@ev)
in all features from all three sensors in comparison to the deviation ratios
(Re_Dev) obtained when the system is in the three other health conditions;
2) When a crack located at the middle between sensor Al and A2, the features
from sensor A2 and A3 give the larger deviation ratios, especially for the
second feature (energy ratio) and the third feature (peak to peak);
3) The top crack located between A2 an8 keads to larger feature deviation
ratios in data from sensor A3, while the feature deviation ratios from sensor
Al and A2 have no significantly difference from the normal cases.
b)) The above insights provide ianvleudi ng et |
fault occurrence and-lp&ei tsitaorusc.t uhAs , f dr
energy iIs transmitted from the rbot (or

the three sensors A1, A2 and A3 are | o
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Tab3l€rhe results of fault indicators based

(* F1: Crest factor; F2: Energy Rati o, F3:
SensoNormal ( Root ( Mi ddlI e Top (T)
| Dev | Dev Re_ D | Dev Re_D | Dev Re_D
F1 0.34N 1.74N(5.121.57KR4.631.04RKR13.07
Al F2 0.24N 2.72N11.22.21NR9.151.52N16.29
F3 0.09N 2.74RN27.51.34N 13.40.39K13.92
F1 0.11N' 4. 14N(38.33.26K'30.42.19N120. 4
A2 F2 0.04N 5.04N126. 3.09N 77.81.01N125. 2
F3 0.05N 1.69N31.01.46KR 26.60.24N14.49
F1 0.39N 11.36RK29.12.76KR 7.084.83N:12. 4
A3 F2 0.14N 60.37K436. 8. 01N 57.922.36 161.
F3 0.05N 1.44N29.21.54N'31.20.32N16.54
The finding that the occurrence of a crack
path is manifested in the responses from s

explained via energy[d88e delB®dadrdd lylsyi,s iifn tlhe ecr
is |located closer to the root of the vibrati
ratios would be | argerbrat mon etadeéns ahifs stiehteo n
fault position is far awagsimir®osi drhepatolo,t fod

sensors can detect the fault features.

55. Faulocal ilzaasta 88 nmotnBealsn

I n this$heemetf@amdt tf 6 s apr 2atevinoretdu auls ibnega ms .
Since one or more Vvirtual beams might be ob
fault | ocal isziantgiloen vhasteuda| ovrbetamalanbbe amd t a ip¢

f or mul asteepdar at el vy

10



551, Fault Locali Saindoret basedBeam

The virtualaubtecammatdam |l beg constructed b

based optimization method and | abel ed b\

in the struwithumeatsi ahn ptargehn h@dihes inext st ag

the fault | ocat4idcknr accaourcdiumrg .t A-l sddamamar vy

structure approach for fault isolation

1) Occurrence of fault cl| osad atronswidbnroamri o
the network with a | arge devi atni on r a
bealmke structure;

2) Occurrence of fault away fromalt&demvi b

senssow h small er ceowmipatriicronr atoi oa ifmaul
vi bration source if the fault extent
3) A fault r esuattisve ndeavilaatrigoenr rraetlieo i n t

to the faul't or at the afterward of t

4) The sensors | ocate closer to the vibr
detected if the fault is | ocated f ar
@ Potential fault

B A4 8

[a)] o

o o

x A3 x A3

A2 A2 A4
Al Al

Sensors Sensors

(a) (b)

3 A4l

gl glAl A3

8 A2 3 2

A4
Al A2
Sensors Sensors
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(c)

(9)

Figb6Teypi cal
(Vi brdtriamms mi ssi -ARAPAAt It hirso uAgith Al

sensor s

exampl es

3 A4
[a)
o
o A3
Al
A2
Sensors
(e)
gl A2
(0]
o | Al A3
A4
Sensors

on

t hat

(d)

3 |Al
5 A4
x
A2
Sensors
(f)
3| Al
5 A2
[0
14 A3
A4
Sensors
( h)
of faul t oifs avl haetti voanl

path | ocat

t o

abcecaomn di ng
A4, and

as

every t

ed nei ghbors o1

Accordingly, thel skematyuéttromebeampresent e
of generality -foktenhet vriegta@apr deamo f or faul |
be cloemar t ypi cal exampl e g ifrotru @hauvbletameeml at i o
showriigbe6.e Four eensédfdstoi A4d) from the sens
selected twi ctomdHebeambor convenience, al |

assumed to indicate the abnor mal condition
requirement for the optSiemdli )owni WhleBadt ibeeram (r
transmission path is from sensor Al to sens
that path are also the neighbors on the str.
The first sensor Al is closer to the vibrat
sensowrouAld brReeghéoan dher sensors afterward of

e. gFj gbt(eaBi,gb6(eb) Famad6(egBven so, the signals
be influenced by the noise or other unexpec

10



| arge RBe Boehalslome Feny&6(ef ),i ktethe mul ti pl e
to study for Aa potent i &l sfuswpletct ed for t

|l ocali zedegheonet t(REOTJecdd] a sensor node

i Ri gb6 e
I n our study, three features are prov,
provided by sensors, so there might be

di agndwuisg.ut bfealflmocal baaedoon mul tiple vir

be presented in the next section.

552, Fault Locali Matit/pikaséd Bemam

Aftepopt hmipzraotcineasmse t ivamtoam@séni pe@ambeaei ned

usitnigme df oenaa.iTrin @ uvgahr ivau g u al b e a nusi fcfoenrseinstt
sensor chwainlabalreeaul t | ocali zati on, t he
potential fault position, which means th

one fault rather thant uall th ed ms craesfel. e dHto w
position, we cannot conclude thefaybtem
Ssincrohkhereniedt ual beam mi ght be eowhketnai ned |
To bevclikean] beams obt awiiht etdwd rsourd nae tcwonrp

t akaesn an epamplésthatre are two subnetwor

virtual beams would be conssummbeg oh fh
| ocali zation based on virtuwil daediice ah wihr o n
I Fi gbT7T.Eor ffazihfuiwe virtual beams indicat e
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potepbsations of faulrte,gi tomesme amed esfutsiparnd aahe
ex ami nGatthieornwi se, there is only one potenti al
beams itnhdei csad me p oBaesnetdi ad n frawll ttfiapu let fiesmat ur e
considered i n the sysatm edsthée ammass/abdetemald et
on featurecmpoithgarnsusapected for multiple faul
faults are detected simultaneously by mul ti

Crest

Energy ratio

Virtual beam for fault localization

Virtual beam | }-’C Fault position, )«—
¥

factor !
1N Virtual beam 2 }—»( Fault position )—

SR i,,.ul Virtual beam | }—»C Faullposilionr.ﬂ)T:g
‘ ] Virtual beam 2 }—b( Fault position )—

7 [ Virtual beam 1 }(" Fault position_ )}—
1Py

I Virtual beam 2 }—»( Fault position )—

Potential faults

{(Fault position f11

“/" Fault decision
/ A fault is N
considered if it is
detected by more

. ;'--'Fauh position £21 \
- ™
i( Fault position 22 ) /

than one features
A system is

suspected for
multiple faults if

more than one
faults are detected

{(Fault position 132

simultaneously by

\_multiple features /

Output: Potential
7 \_ Fault Position(s) )/

Y

FigbTWi rtual beams for dmutlitmd odmmaizmtfi @ant raesse d
Even so, the sensor chain obtained after t
virtual beam which would be given the fir
comparison to the virtual beawm areanddiat t
of decision between kernel virtual beam i n
based on another featur econfhoer nseetcpoontde nvtiiratlu a
fault position | ocalized by the kernel virt
56. Concl usi on
A novel wil ntkkealstbheadt ure method capable of
di agnosis process for complex stidwestsures us

10
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prior knowledge of faults imas hbh skehxzeddav ®
optimi zati pne sadmgbdeadpBiempipdtde onstructi on o
opti mal vsiursti ngl vbdamti on sefhaoat s ©Woaegnal
The Hea&nmr structure is served as the benc
rules to narrow theauslet@s echsolmoa ¢gheempovk
The validabobpobnmioZattilbpins met holdi kkea ssetdr uwitr

apprbachfaulwi ldli alp;m osamsducted i n the nex
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Chapter 6. Fault Diagnosis of Complex Structures

with Single Fault

In this section, the VBL&pproachs demonstrated by applyirig detecting and
isolating of a satellitelike structurewith only one loosening screw i g 6-1 e
shows the overall framework of the proposed method for fault diagnosis of complex
structure with only single faulfTo distinguish with multiple fault diagnosis, the
strategy of biased runrgnis not adoptedince there is only one fauland the
threshold based methosd applied tofault detectionwith the assumption that the

prior knowledge of the normal conditions are available

CNsSoT- Signal preprocessing B\
nctworlkcd Data acquisition N @egglre com_gutation\ﬂrhr(shold
complex G PRI AR i
p Reference healthy Sﬂ' :5:355353 = X, o ]Sy | computation Qulty~_ No
structures e k o, = ¥ X0] 5 |(" Threshold gl
=S [SM LMD, sMALe X, = (X7, . Yo )/ A <
Timé séries data ——ad

| Fault indicatdk: soev (.. x.,)] Yes

Lo K condition Time séries data~ ™/ K ] Fault indicajbr: oe(x., Xa.,) /

Virtual beam-Iike structure approach for fault Tocalization \

irtual beam for fault localization ™\
(Section 5.5.1)

Output

“Localization factors™,
{{ A
h inp (
{ Responds of sensors

Position of
potential
fault

Virtual Beam

7“" W\v fault indicator:
= Re_Dev(Xy, Xgi05)
Fi g6-iTéde overall framewoirkke osft rvuicrttuurael abpepagnbach ( VBLS)
fault diagnosi s

X ZA\

6.1. Exper i Mleattfadr m

As s hoFwng Gi2ne a slaitlee | streucture i s hanged fr«

spring and a shaker is attached at the bottc

10



bol bosening or fracusesslomt beodiThg sf swludy
easy to create I n ahoesprirmngnentbal happer
hanging struct doraesse wiothhneat o | we-tlihk et he
structur e, r-beaf seer rheadn gaisn go asltrdudc k el r €| 4 B Bz
Feature dynamics without f aul-ltocso saernei nagv ¢
faults can be obtained subject to-a si mi
l i ke sacoaeltar(eRtdodel w3d3ahMIsFEiInsi gairwi ty 1
pl aced as the acetWwerdovneéneleyg sdi s2t5r i but ed ¢
sttuckEi gm3)e mMmoni toring the faulTthec@endist ina
rest roinc githemn i onar y, ob wstahmepdl keesoc @l Is et chtee ds a me
time instant (Tshpeptitnal scadoeltadf befieencscya
excitation from 20 Hz to 20§, Hezhevi $s Ampal

frequency 8192Hz, and velocity 4 oct/ min

Figag2atelilke estructure and testing pla
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6.2. Exper i meattianRe Faun d s

Var yi nlgoobsoelnti ng f aul-ltisk eo nmotdheel saarteel dor i de |

typical compl ex s ublsitkreu cnioudreels toon bteh ed estaetcetl el di
panel , main structure body (or body wunit),
Though sensorcemeacat  appromacmhmlea for opti mal (
studied in the I|iterature for modeling the
from t-hedenlonmet hods. I n existing studies, ¢

positions where flalL84sobespst drlegqgadient ong v
horizont al and axi al directifdnsé,,t drpj ck up
install ed at positions detefmPB&EdmMbyt consi d
popul ar method of isolating potenti al fault
faulty [sle&@dneniwB9]ch is not applicable in our
or l'i mited priori. I n our study, accel er om¢
monitoal thecbedition of the s¥sgedMe(e. g. t he
Currenny yal guarhiatvlembeen prneepodoaakafoeraseansor
Among th€remwmdélocal i zation med dbbod pr woit hout
knowl edge of f aruy tesst iamateari e sarod pricomposed f o
because of -cosmp laditd | [éddtment f r e qu elnitnd ayr yus ed

esti mataourlst Itioklee rfant @MRKWME@sBumt rl aikde(CHshtoiomat or

Max i mum LiMLe | ishuobdtdr acte osmddhegratpomartda ve ( SNA

comparmeld] 2]i ndi c atSiNMAgrats heatu ptrhet o ot her t hree

11



for fault | ocalization in termBhefSMARUT
[ 17Was proposed fousifraggk® | i bcadi matromr t
(negative or positive) contribution of e
The potential fault is isolated at the e
I n this section, the propostiNAPBeE Ssappt e
fault | oTchael | ztaudioend component l i ke sol ar
Qwi tphmmpnmelalngd gri d reol The omadisus of R
| engtbhcedfl s§ au(e..,qg. t he di st anScleA llbe tawede n
screwhmRLHb®3),e ahd'y.

The sensor chain in&ouot udtoadpiantsi mge gafr

sensbs4) (used fowofinihtei aliingantsiimomBARFS.y T

mi ni mum number o f sensor s wi t h t he ab
(BAO i ¢) in two complex structures (i.ce.
the simple structure (i .en skasdrardtoenrea)

dOww should be Dsmavled @sdattchahhe remaining p
i n the optimization method are initialliz
pr oclehsésrreshol d for each seneomi MeWEgh.yul t
(4A30m the basis of prior iPwfadfruueats toant iisnt |
tests is 0.05 (i .prpThe9b5d% tcacfet u tfeonrti italiec a &

obtainedciitxhdepgmdent me as ur enad n tssyg attlaekme n
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t woeasur é¢ mamtes di agndédes weygheéemvectors for t

di stance of sensors in this study are the s:¢

@Sensor network for ()Loosening screw

Fi gB8-83®ensor networked structure of band ant

6.2.1. Fault DbagBasdsAntenna Structure

The band antenna structure | ocathed hat t he
bus unit wi oimgf earc hsdi e w1 @glerd e slesn ssohr oswnw eirne
assigned on the band antenna along the vibr:
|l ocated at the adjacent region of the band
constrodctvionual beams in both two structure

was a relatively simple struoattwer wi { Als mal

A2, A3, A4 and A5), optimization method wa
optimal virtwiant b&lambeaam whe® constructed usi
was detected by any sensor. The vibration s
satellite, and transmission path was from s

signals were measwrtend ofnreo m otolsee nd ynsgt esmr ew ( C

A2) shBiwn63(eb ) .
11



Tab6lle hows

for each

abnor mal

i ndi cat e

al mo

(ass

consi

exceedi

ng

refl ects t

sensor
state
S
sal aaslehnsor s ) .
oci ated) watah

der ed

t he dledgwand nt reatrieol aRei_vilee vd e v i

based on three feature r

of the system &rg6Hheghl i

i mi |l ar conclusid@esakusiionwiptake

THRe Dfeemmgebe oli agnosi
p &a gabib.teodn sitm-a) nti s ( Mot

(since the numbnert woofr ks @ nss dbr swi

BAFIS§gqaiiSin éhné@ism one of sensors

he aabndremalureypstaem, appropri at e

Crest factor

15

IDev

=

= = =]

Al

Peak2peak

IDev

Energy ratio

IDev

— ]

Al A2 A3 A4 A5

> Normal condition = Screw loosening

Fi ga4compa

ri son between the mommabrdysgemoahnde

sensors
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Crest factor

> : . :
(O]
E) %,))ASMGAES
% 2 3 4 5
Sensors
Peak2peak
I R R
» A2 A4 A
x 6A [ [ [
1 2 3 4 5
Sensors
Energy ratio
3 10 x x \
Q5 A
& ;%Al Ag A3 A4
1 2 3 4 5
Sensors

Fi ga5Tehe changes of Re Dev along

di agnosi semwsysndint a(t*i ng

Tabgldevi ati on ratio

(1 Dev) an

d

t he

re

transmission p
tdaeefhiughlyi gdtsaepmerd nmasrgku)ar e

|l ative deviati on

representatives from sensor chain

FeatureSens | DdWNor mal | DdWi agno:Re _DOebvi sgn
Cr efsatct A1l 2.3406N0.€7.5746N3.23.2362

A2 2.7046N0. €3.1256N1.(1.1557

A3 3.5576N2.(5.6332NK3.71.5834

A4 3.1285N1.73.9444N2.41.2608

A5 3.0806NK1.74.7882N3.11.5543
Peak2peAl 2.3098N1.411.6090RNR9.5.0261

A2 1. 7033N0.€¢€15.2666N5.8.9628

A3 1.7497N0. €16.0499N8.9.1729

A4 1.7267N0. €15.6056NK6.9.0378

A5 1.7385N0.€¢€15.6677N6.9.0121
Energy Al 2.2155N1.:27.3485N2.¢3.31638

A2 4.3239N3.:23.4715N1€5. 4283

A3 8.8846N13.8.7803N8.:0.9883

A4 6.2454N5. :37.3870N3¢t5. 9863

A5 22.7528N21166. 4417N17.3152
According to the <crest factor, only sensor
cannot deci de whet her the fault |l ocates 1 n {
feature based on peak t o Re alkefsbewsotbeABbvi

11



A3A4A5 are increasing. The potential faul
A4 ref erirgbmgea .0 Based on eneruglyt riast iaor,o ut
sensors Al and A2. Therefore, the potent
at the bottom of band antenna according
I n this case, the potenti al fasulal s tlhd

situati oSN Ameutnhdo db.y

' T 'B yir".
i ks
ormal screw Loosening screw .

A N5©/—\51 ®A52 ©653 ©A54 @55

N4@§41 AA42 @A43 Ad4 @§45

L1 L sensor

Y AL QAR A AM AT

N3©

Ll P22
() Dis(AZ3, A24)
L3

L4

All __Al12 Al13 14
nett ¢ it M g
-

§ Z

Figa6*ensor networked structure of sol

6.22. Fault DoagBobkas Panel Structure

Sol ar panels are elypiitkeel mBBHKHSs iIm tthe ss
the sol ar panels was studied for t he di
substructur &.i g, esheomwanorisn di stri buted on
mai nly studied to monitor the health con
di agnosis are measured from sBkbeewaul Dosy
screw L2 or | oosening screw L4.

Tab6-2gi ved DeamnetBe Dcefv t he sensors from ¢t
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obtained by the BAFS met hod. Two features (
sati sfying6Camrst rpaioas efetda taisvespaf t he signal
beams obtained by optimi Eagedé ) matglllad ar e hi
6-8( b) , and the potential ig®&wulutcs ubasenddt bondvah

poi ntFd d 6K &r &y 68 (d).

Fault: L2, peak2peak Virtual beam method: ReDev (peak2peak)
o o e}

o)
2 4 o) It o f © . C ©
2 c & Q ¢) o) D)
22 8 2o o o o o
@ 4 3 20 Q o Q o
2 [ Q o o )
network 1 2 ner%_ork 4 5
Fault: L2, energy ratio \(/\lrtual be:im methc')R| : ReDe\'/m(energy '%:mo)
0 @ o el el ol 2 .5 o o = 5
S o Q o ©l 3 : 2
c O o o o o) s 9 o o o o
) o) o o) © ) Q o Q o)
o o fel o [ o o o o o)
1 2 3 4 g 1 2 neavork 4 5
network etwo
(@A) ar m ss eannsoonrg t he (b). Vistual b
SNAP peak2peak
w e © ®© ©
g 4? Pote@al fault pogltion 2
g Q o)

1 2

network sensors 3 4
SNAP energy ratio Virtual beam method (Energy ratio)
%) 00 .
§ % P4 5 %) § /otentlal fault(V,
< .9 potenfll fault posifo o 100
&% t% .§| 2 B T ads
1 2 3 4 0; 5 3 4
network sensors
(c). Fault iSMARLt (d). Fault i¥wBLAti
Fi g6-7¥¢BL Snet hodNaAmet hfoodr f aul t i solation when the di
suffering from a | oosening screw L2.
In the first diagnosis system, the virtual

the sahA6B5S5AMHBE3. TheRet rleehivd g&*(ed) was simil ar t
t he cRisgeb6a), so the potenti al fault was ar
Thus, the potential fault watsi dalc atld ztehde ianc tL

condition of tibe mililagnhnysi yisystaémbeams wer e
11



BAFS i n second di agnResilbeavs gdt em. t ibesece
beanriigb8(ed) had indicated that the poten:
sensor A23 and A24) or bBXekcgbtd()ar othred

tr enRle olbeavsed on the fFrge8@j)r shawsbeamt

potenti al fault is L4 screw (Rrotéthe sen
). Therefore, the | oosening screw L4 was
met hod.

Tabd2Re s wifftesatr erpeg esented sensors ba@Gled a@amd olp4 i m:
faul t)

Featur L2 Faul t

Virtual | DdWor mal | DéWwi agn Re_Dev
(Di agnosi
Peak2p A45 0.1750NK0.13.6026K2 20.5870
A55 0.0733N0.(7.7350RKR2 29.4732
A5 4 0.1378NK0.171.0908RKR0 7.9151
A5 3 0.2010N0.15.4318N1 27.0194
Energy A45 0.0910RK0.(5.6291N1 61.8600
A55 0.0733NK0.(7.7350N2 105.5254
A5 4 0.0579RN0.(C1.0333N0 17.8584
A5 3 0.0659N0.(8.3404N2 126.5724
Featur L4 Faul t
Virtual | Dev (Norrl DéWwi agn Re_Dev
(Di agnosi
Peak2p A35 0.0877NR0.(5.4717KR2 62.4085
A25 0.0801NK0.(4.3116N1 53.8325
A2 4 0.0607+0.(0(3.9737N1 65.4589
Al 4 0.0649N0. (4.6388N2 71.4539
Energy A24 0.0806NO0.(C10.9196N 135.4077
A23 0.0920RN0.(9.9495N3 108.0746
A33 0.0563N0.(2.9290N0 52.0444
A4 3 0.0965N0.(23.1811N 240.1040
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Fault: L4, peak2peak Virtual beam method: ReDev (peak2peak)

o

o

o @ © <4 © ® © © ©
5 o 0 © 2 S 9 o Q
c 0 o o o) @
S 2 ° pS c 0 o) o o)
6 o o > n 2O Q o
T2 ok S S 8
netWOI’k network
Fault: L4, energy ratio Virtual beam method: ReDev (energy ratio)
& (zl © @ o o) E (e A4 A4 A4 Q9
o L Q [ Q o 3 L Q Q o
2 o o o o o c o0 o o o
e Q ol ] ) & 20 o )
o o) e © [6) y & o Py
1 2 3 7 5 2 S g b 2
network network
(@A) ar m ss eannsoonrg t h ¢ ( bYi.r t uasl beam
SNAP peak2peak Virtual beam method (peak2peak)
0 6 o) o) o ? 80 . :
o 4 - 0 > Potential fault (V)
g 4) Potent@fault pos@n é c0/AL4 = —
» ZZ 2 0 @ AS5
1 2 3 O 715 2 25 3 35 4
network sensors
SNAP energy ratio Virtual beam method (Energy ratio)
v [6l © © o) o) 40 . . o . i
8 40 [o) © [0} ) g 200 /Potentlal fault (V) \m
c O : " 0] - i
Potential Jault positi [J] ;\Q_\Q/f
3 Bl % fl% ’* ) 2 NEZ — A33 A43
1 15 2 2.5 3 35 4

network sensors
(c). Fault iSMARt (d). Fault isBUSt

Fi g68wWwBL®&et ho E®NaAmdt Hood f aul t i solation when the di a
suffering from |l oosening screw of L4.

Theli stri butd emsamres a hFaeingnd-7iea) Fa iy 68 (ea)

when the diagnosis system is suffering fron
respectively. Based on the distribution of al
detected by SNAP approachigé&@i doildjastreed and h
6-8(c).) Accordi S®NAfPO0 ap,bpetohaecihhnnenxc@arts ng the abnor m
were mainly | ocated at t heFirgiGgritetc ) of t el ar |
system was deter mi nedf atwlctcharveei nbge etno bpeesalk tboy
but L2 faul't was det e.clTthautst, i oboeti leddi nisf | acful ¢ n & rog
di stinguish between fault,whl obapedvidetd2l acrt

potenti al fault regi.oml thhore deacdrmerdicagred wil 4
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(seeg68Eect)yhe L4 fault was isolated by bao
since the alarm sensors Twerefmaien!| y hleod:
for the second diagnosis system was <coO
| oosening sSEMAR L4 using

Il n compaSNARnappriole hpropos-bdkei stuatt

met hod i s more effective in isolating
providing more accurate indicatioens for
potenti al fault regemeadifes. further 1| mmed

|

Loosening screw

—

Normal screw

() @ 9
A3 Al4 AIS

All Al12

X 7
Fi g69®ensors are networ kedl iokne nsatirnu cht cud
virtual beamFoanstrgdctoinen.(i .efregque 2l y
suffering from the | oosening screw faul't

6.23. Fault DbagBodysStructure

As shdodwmehret he main boldiyk eo fmadcheel siast emhol ri
i n comparison to sol ar panel . The scr e\

connectors are the onl yt d otolhe mainm ebcad yn.g
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|l oosening of those screws | ead to rather se

detected and i1isolated at the very beginning.

Tab@3Results okbpfeaentedosenpdi maba@rRA4t ufaalulbte)a ms

Feature P1 Faul't

Virtual | Dev (Norrl Déwi agnRe_Deyv
Peak2peiA22 0.0171N0.C0.0699KN0 2. 1744
A3 2 0.1084N0.10.2356K0 4.0928
A4 2 0.0088N0.C0.0755N0 8.5735
A5 2 0.0310N0.(C0.3838N0 12.383
Energy 1A41 0.0211N0.C0.2008K0 9.5137
A51 0.0237N0.C0.2397K0 13.286
A5 2 0.0060NO0.C0.2427K0 40.396
A4 ?2 0.0620N0.C0.8238N0 10. 116
Feature P2 Faul't
Virtual | DdWor mal | DdWwi agn Re _Dev
Energy 1A24 0.0581N0.C0.4232KN07.2870
A3 4 0.0967N0.C0.5952RK0 6.1519
A4d 4 0.0919RN0.C1.1293K0 12.286
A5 4 0.1140N0.C1.6128KN0 14. 141
Feature P3 Faul't
Virtual | DdWor mal | DdWwi agn Re _Dev
Crest fiAl12 0.1378N0.10.7181N0 5.2118
A22 0.0731N0.C0.7341KN0 10.040
A32 0.1633N0.10.5403KNK0 3.3096
A4 ?2 0.0897N0.C0.8181N0 9.1219
Peak2peiA22 0.0666N0.C0.6482N0 9.7384
A32 0.1579N0.11.1124N0 7.0446
A4 2 0.0673N0.C0.6619K0 9.8287
A5 2 0.2250N0.11.7278N0 7.6788
Energy 1A22 0.0862N0.11.0500RK0 12.182
A32 0.3204N0.22.3689K1 7.3931
A4 ?2 0.0807N0.(C1.1618K0 14.397
A5 2 0.0987N0.(C1.5787RK1 15.992
Feature P4 Faul't
Virtual | Dev (Norrl DdWbDi agn Re_Dev
Energy 1A24 0.0581N0.(C0.6518N0 11.224
A25 0.0468N0. (0. 1695N0 3.6236
A35 0.0343N0.(C0.2895KN0 8.4406
A45 0.0283N0.C0.1030K0 3.6396

Accel erometers used for fault di agnosi s 0

subnetworks since there were sekWiegadle adj ace

12



6-9, sensors A22, A2 4, A42 and A44 assign.
were on the band of adjacent substructur
which coul d ber westeidorf oaf tthtee comtsitmal vir
The sensors were distrilbbut)ed FeoweanIpy sdwvdro
P1, P2, P3 and P4, were f-fegsenihyg. sTheée
the diagnosi s si gneaacsh woefr et hmeema swarse dc awhseen
screw, e. g., one |l oosening screw on P1 (
Tab6l3gi veBearnRee Deavl ues of t he ismanls owisr tfu a
beams obtained by the BAFS. Only one fe
di agnosis when the diagnosis system was
respect to7LConwhrbhentw¢5features (energy
altlhhe three features were used for fault
from P1 and P3 f Rel tDeal e arclabb-BEst eod
graphicall Fipaek@eéentgé&d i n
AccordFingé6-t@® two Vvirtual beams were obt
represent-A3-A4252, AaAd-2A45 1. As there we
t wal ar mssemsdarhe eamsi{sensbual AH2 and A5
fault based on the first virtual beam wa
Accor diinggt6tdn) , t he potential fault was al
according to the trend of fault indicato

the faul't deci si ohi basedr vt wrineg twasd baal
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t hreespomas$ ar oofs,s ethftse potenti al fault position
hi ghli Ghg&Hd@&) ihndi catihemg pohatnhti al fault was |
The diagnossuwr esd gfhradm tmeea P1 fault system co
by both met hods.
Fault: P1, peak2peak Virtual beam method: ReDev (peak2peak)
» o o o o o) o @ o e} o o)
S % @ o) Q o) S 40 o) Q o)
52 Q e Q ? 2 o o o o
‘”Zc; 5 g (g) f; 3 20 o o o
1 4 3 4 5 e} % % o o
netWOfk 1 network 4 S
Fault: P1, energy ratio O'rtual be,%n metho,c\i: ReDev | (energy ratio)
» & A4 A4
S o o s & g o Q
2 o o ) 2 o o o o
o Q o Q ) 82 Q o )
Q Q o) 0 o o o o
1 2 3 4 S) 1 2 3 4 5
network network
(@A) ar m ss eannsoonrg t he (b). Vistual b e
SNAP (peak2peak) Virtual beam method (peak2peak)
§ . . o o g Potential fault(
§ Pontial fault gosition g & 10 . A42
1 2 3 b 5 % 15 2 25 3 35 a4
network sensors
SNAP (energy ratio) Virtual beam method (energy ratio)
g g g > S0 " Potential fault(Vj i '
2 ) o o Q
b @  Potentfl fault posifion o x
o o o 9 A4l . A42 , , ,
1 2 3 4 ) 1 15 2 25 3 35 4
network sensors
(c). Fault iSMARLI (d). Fault idBLRLI
Fi g6t &BL&et ho®&Na&Amdt hod for isolation of P1 fau
Clearly, the diagnosis signals measured fr
detected corr ecltilkye bsyt rvievttulkaelg 64 @asib ys h o
one virtual beam was obtained after conduct.
Accor dRingb6te ) , P2 fault was detected and i s
consisting of -ASe\misAdbrd . c Hoiwe:veA24 it was confu
di fferent fault SINOAAcPa Imematoidesred | whdns steme o r
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t hSsNAmet hod based oan atrhressleoossiadtd omotofdi st i ngu
faults of HdaleaarnmdssPadn ssdrmr i buted i n varying pc
di ffi EMNAmRetflood t o decliodcealtihzeata cocnuroaft epot ent i
Fault: P3, crest factor Virtual beam method: ReDev (crest factor)
0w @ © © © © 0 0 Q e) © ©
o L @ o Q o S X o o} (o}
20 © o o o c 0 o o o
. @ o o) o 32 0 @ 9
0 © 9 o )
1 4 t\§/vork 4 5 ? 7 emork 4 8
o Fault: E’%ApeakZpeg\k _ Virtual beam method: ReDev (peak2peak)
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.S @l o Q ) Q0 o) 1o} )
[ o o o ) 5 o o) o ¢
1 2 network 4 S (i 2 net\%ork 4 g
" Fault: P3, energy rafi Virtual beam method: ReDev (energy ratio)
5 4 o 9 g " & @ e o °
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7 Y 3 g 8 "2 9 ° 2 9
network 7 8 8 3 2
network
(@)l ar m ss eannsoonrg t he (b). Vistual b
SNAP (crest factor) o Virtual beam method (crest factor)
© © © 20 . : . . :
© 3
R
] o )¢ x 0 _Potential faulf(V) S . A4
" tential fault position 1 1.5 2 2.5 3 35 4
© 3 9 2 sensors
o SNAP (peakzpeak) ° Virtual beam method (peak2peak)
2 Q o > 1 T T T T
o x O]
ol o o % gl/A22 otential A42
@ K i X g . A% , . A52
1 15 2 2.5 3 3.5 4
4 sensors
o SNAP (energy ratio) Virtual beam method (energy ratio)
24 & o & 20 Potential fault(v)—— | ‘
2 o8 © o 1W
) & R g 0A22 . A3 , , ,
© 1 1.5 2 2.5 3 35 4
& y Sensors
(c) . Fault iSMARLtI (d) . Fault isolatio
met hod
Fi g6t 2BL & et ho®&Na&Amdt food i sol ation of P3 fault.
When the diagnosis signals were measured f
faul t, a virtual beam -wa838bH5ai Aedoudimg Ba&
Figetgd), the potenti al fault was Ppositione
according to the faul tFilg®d6(all)i.z aXoinosni dneerti hnogd st
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wi | | be manifested in the respohsatiodn sens
transmission in complex structures i s quite
paths consisting of vibration sensors can b
BAFS from networks according to the respons
bet ween them.

Extensive experimental VBtLEd iapgpuimaeccwehtdi cat

for the considetedecempuexusasel kige, sol ar
modul e, band antenna), and has shown the
compari s8NAP omgthkeod. providing more accurat
when the diagnosis system is detected in ab

be characterized as time domain features sus
Sens erepiktgamcei ean vi bration energy path coul
condition ofCodmee pwyesrttelmy, wr oing mir gatmbib @ uou
obtai n&NAPs imeg hod

I n virtluiake bsetarmuct ure met hod, tareded bratior
asvirtu@®d@lcobhsamting of a chain of sensors (f
obtained automatically by optimization al go
|l ocali zation by narrowing the region where
may t herefore be concS NAIR metattipe iWnB bcoonspeadr i s 0 r

met hod i s more reliable for faul t |l ocali zat.
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Chapter 7.  Fault Diagnosis of  Complex

Structures with Multi ple Faults

Though VBLS appfraowmlcth dioagnso6@nhgalpet esr sé& ,udi
threshold based fauldadvdebhetheomasmaempodol
knowl edgeroomal system is av thiel adtl aet. i sltn
approaches wirteh ctolmd i ae dpotri viea utlhtr edseod odt |
VBLS approach i sl ovcaalliobdtaatbeoddb hf osri nfgaluel ta n d
| ocal weahobah using the prior knowledge o

knowl edge of normal operational <conditio

7.1. Pr obloermmuFl at i on

Occurrenteploég fmadl ts indicates the pre:
simultaneousl!l y. The mumeenk ondwTihhe | dxt eamtd
faults is probably different so that the

ot h[e2 0 [olcecauroa® ne fault (or roaiisadpevent hep

abnor mal refl ecti oantmo sneu mea msucsr ss esnwsfofr esr
mai n e vkeexrtn gl Mmawstetr i wiutsh i nfl uence on the
reftibstfamual ti gnore the other potenti al f
indicate the potenti al faul t s, the respo

sensor s di stributed near closed to that

detection sciabeabfidulttys.ofThose factors wil
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mu

ftaiult ssotatobher potential faults cannot

(a) Multiple (b) Mul tiple (c) Mul tiple

panel body amdansdl a
Fi géitEexampl es of multi-lpillke fatuduotsct omesatellite

Our study focuses on the fault diagnosis of

f a

s h

Th

pr

udn svari ous Takmp @an-esmktsetl d ucteur e as an exar
owhi g ea@a), the first case is the fault oc
rews are working for -tdient owminteltc tti loen otfr wc tc
e second case is the fault | ocated on the
r eaoh fjixi ntthet sol ar plainked jomi ntth ea nhda rtdg fc
nnect to the structurFei ghoekfleh) . wWRoD€chmbhasi peée
ult cases, the faults might | ocate at var

curs on the main body and onki gwlceat es on t

) . tlhne stiddb ave menti oned three cases will be
sy handling method based on virtual el emer
esented for fault diagnosps$eofastisesctures
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Figédg2@orrel ation of ti me a#rdd efgrueegnuceyn ceyx cu ntdaetri

At the very beginning, the reference si
whi c ht hneo rimra | state without any cracks or
i nput, anot her group of vibration signa
when the systtehkiifd eeraitt end mant . F-or ben

| oosening on stthreucddijradce mtse ssithu df eequent |
various hangi ng dtarstedt ucroensn ewip el e lstulbta & d

easily 1 mpl ement fAosr semopneng idR e rhtea |i nptuut d yi
adopt ed her ef raessq uae nscwe eepxicnigt at Henwi t bmt B 6

exciting intensnfigreq0efdgy BAO2s &lmpl and ve
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@nsor networkem s Signal preprocessing N
structure

Data acquisition Q ﬁ? eature computa}ion\/ Threshold
'Sm:Fl TSI s ] o fo = [¥2,x2] ™ | computation

521,522,0+,52t CThrcshold )
A

[ Fault indicator:\o- (x..x.,)]
T Faiag = Wiiag: - Xitag])

“Time series data / k Ll Fault indicator: /2e:(¥. X, |-

Reference healthy |

system

e Similarity comparison for fault detection
Similarity . s Jor [

using combined statistical methods
) K mgcasurement

Virtual beam for multi-fault localization

Optimal virtual beam construction \
"""""""""""""""" - /Two biased running
F T e,

L T

Fault isolation based on virtual beams

(S_e_ction 5.5:_2) v Shiape factor
Oulput 7 ault \ Virtual Beam1

! ensor |(C)

B i i ~Crest factor i
i ositions /| | Virtual Beam?2 H [A:«. 2 A:: B ‘4:3 ]
Fault Fault i il | Virtual Beam1 I
Positions |4 0§ili0“5 i i\ Virtual Beam? nergy ratio {| Virtual Beam |4 e
Fault Virtual Beam1 H SEISOr

H e IR : chai OO0
\ 05itions e Virtual Beam2 g‘[‘i:;"{:;’""i:n] I QT

Fi géd3Tehever al l framewolrikk e fstvriudtuwarl e bempnr oach ( VBLS)]
fault diagnosi s

7.2. Experi mental Testing and Resul

Differentxpeommehtal tiestthisnb€EbvVyBh&r 6,
appr o &cphpd i feaul t di agnosis of compl ex struc
suffering from mbg®3sehhoawns otnhee foavuelrtasl.l fr amew
proposed metlhod afud rtBindusl&tginpp sin®i ng strategy I
in the optimizamiudondipftifeerceesst t wiascreeailtfeibe a ms f
compowiembnor mal siemdsiocrast i ng

Based on dSeNcAePn t SthAd® zDeSANAP ) 7wla]s devel oped for
mul tiple faulinlwiciathzatl omhe alarm sensor
center and tracking thEeenesponsbeohcthencyn
l ocali zation is frequantllty. cd&mrsaaalssad sk e d adie:
negative influentctlee offTaediagmnutl tiynwdeen barse,d Subt
Negative AddTI®NAM caspiptwiaeee Wel oped tahned s hown

supefrarormul ti pl eifmawcloimplac ¢SaNAPz i thhies Dsect i o
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the proposed VBLS app MéeSaNAPLi7t30] cloanpalriede w
or mor aesfi aglnseetnwsdonre st udi ed component (I
di vided i"®twdpgnpgum edlalngd gr i ch ri@gpo.l uTh e

radi us of ROC is tWe olcan@¥t hY.o fMo3 ixd adeelt las ,

be refleXx#2]d to

7.3.1.Exper i nPelnattaflor m

To val helaiteédress of tHe&evisrttrwalt ubeeamppr
di agndshecesmplfex structure which miplha be
fag!l tt he -Isiaktee | dtiatdex p @@nks iidse bo-hgo s darei ng f a
frequendilny BBtHSemrt ellilkitetrauct ur e with one or
bosl ti s ishutdhiedd Chapter

The samel islkad eddidiaipett ud ei n p¢ &b 0 dFOsgiuRteapt
6-2)i s al so st-bduéed HOTohaeg nbdoEidssedconnect ed st
l i ke sol ar panel , -Imakien sbyosdye no ma rtgh es gsuadtoeel d
| ooseni ng sfaatuellil&kietoemotdik & amad icothesnd etr @ dbe
using the pr oploiskeed svtirrutcutaur eb eaapnpr oac h. S
V v) distributed oni kihgb&IEhamceteybriree gautse ndyo w
exciidfmtom 20 H@G® Hmdopted with the excitin

frequency 8192 Hz, and velocity 0.4 oct/
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7.32.Mul-Eault Di &Sprdleamiesl on

Theolsar panel tiweac onbheodtyetbtysdobvamePRPy, L3
and Rled4f.er rFii g@g-3,tebseesor net wor ks for the virtu;
the sensors on the solar panel (25 sensors)
(8 se@enssiYyering that the sol arbypyamedr i s co
cossdhapednect ors, we can say that the presen
have a negative iIimpact on the functioning o
are studied for earllny tphoda mefgpoelixl@adew £ anelat sdioamgnc
panel withoorse no(@ gfeimgoditdas)r 1 f aul t L1&L2 f au
and L1&L3 faults
1). L1 fault condition

Fi glrtdseh stwhrees ponsesemo@mms hlee s okt ave rptamnaell and
beamsonstructed by the dmtei dii maggtniacsre smeti hgad |
measured fromftfleei sgstfemwmm .IThh@o efmitgnugr ebso | t at
represent the ishehpeebas pdaséeli blihedsensors poi
systreem hai ghFi gia4(ead)clymi gd4(ed( ft)he sensor chain
highlighted using circledimartkhse afrgrrseas ernutns
anot her sensor chain hiignhltilght ®@covid hr BsBrgu@a
optimizati ohhe@robrcensds3 aocsfs ofca wltte di nant cha ttdhre s e

the virtualsdbeg@aimsemrien the figure below
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Fault: L1, crest factor

Fault: L1, Peak2peak

Fault: L1, energy ratio
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Crest factor Peak2peak Energy ratio
© ©
o o q
) o )
<] o <]
2 o o g 2 2
@ o o
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network network network
The first run, Crest factor The second run, Crest fact The first run, Peak2peak The second run, Peak2pe: The first run, Energy ratio The second run, Energy rat
2007 LG T e [ A T s 0Q Potential fault >3 ental fauit 2
Potential fault 20| 100 70| A23 A33 100d oo 1000 D
109 ALS g34 Potential fault
Al4d  AL5 ppg  IS/AL3p, 8¢ 25 60] 2004 A25 p35l 500A33 g, A35
0 1 6 5 A4y h34 F:
1 2 3 4 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4
(dor est (fVaBcLtSc (ePpak to pea (fEhergy rati

F i g @4 Response of sensors from the solar panel and virtual beams constructed by

optimization method when diagnosis signals are measured dystem suffering from

loosening bolt at L1

Based on VBLS, two virtual -AeAMB2With t
and -AL&81325 are obtained on the basis o0
beam indicates that the fallrgestafauhd
value manifests in sensor A24 and it col
virtual beam in the first run.-AlA4TDHrding
A25), the fault is probably o6mcavwvedviar ouw
beams, fault L1 | ocated on the top | eft
crest factor

Similarly, inF i g @4 (@), two virtual beams are constructed based on the peak

to peak. The first virtual beam consisting of sensor chain-A338-A25-A15

indicates that the fault is likely to be located on the top left. Referrifgitog b6 e

133



where the trend of the second virtual beam is represented by the sensor chain A22
A23-A33-A43, the fault is around sensors A22 and A23. This implies that the fault
is probably in L1 or L3 accordingptthe corresponding ROCs. The virtual beams
based on the energy ratio show that the fault is most likely located at the top left of
the structure. According to the fault isolation rules described in Section 5.5.2, a fault
is considered only if it is isolatl by at least two virtual beams. As such, only L1 is

isolated by the VBLS approach.

Crest factor TI-SNAP Peak2peak TI-SNAP Energy ratio TI-SNAP

100§ L J O O 100§ O O O € 100§ L J Ld Ld
“® u o o ) “® ° o o
o NG i J o
b ° iotentlal fa.ult pOSI[IOI‘I‘. wb 3 b ° Pegential faulgposition ¢
o o] L] L] o ® o] L] L] L]
N ° o N r,‘Putenlial ;qult ps ° ° o
(aCf est f ac (bPEak to p (cEhergy r a
Fi gédbsFaul t | ocal FSzNaAtPi owh ewuns Bdii gang@loss iasr e measured from
suffering from |l oosening bolt at L1

Fi gé¢Ssehows the potenti alTiS MAP.t Tehvee ngvwse nto clall
at the top left is isolated on the basis of
right of t he dceomtpiofnieend b yF icaylresgatd ) faanadt @re a(ks e e

to ped&k g@sek) Thus, aSdNaPdi ag teast two eve

and L4) are isolated simultaneously by mor e
| arger regions for potential fault isolatiorl
I n the case of | oose screw L1, itstopd aMBRLS apr

the single fault and provides the more accul
the potential fault.

2) .&L21 faults condition

13



| i1 gé6, i ncetalrleet hewe udetsect edt mayfeaul t vy
all considered to be valvidramnadl alppadmcadbdi
usitnhgept i mi zatilmei metubhbdbe@d@gnsnpbttlae nedo |

opt i mipzreotcieosns e si Rir gegdé-fseh o wn

Fault: L1L2, crest factor Fault: L1L2, Peak2peak Fault: L1L2, energy ratio
@ & & 9 @ @
® o S ® ® ©

8 o [ ) (o) q 4 [ ) [ ) (o) L]
-} x x o
» [ ) [ ) [ ) [ ] » [ ) [ ) [ ) L]
» [ ) [ ) [ ) [ ] 2 [ ) [ ) (o) q
M 2 b1 2 2 b1
(aCfest fac (bPEak to p (cEphergy r a-
F i g @6 Response of sensors on solar panel when it is suffering from loosening bolts at

L1&L2

Accor di higg@roeat wo virtuaA3BH2mBMS /B A

A3 4A4 474 5 are obtained usingthkekefcrest se
chaafmul t i s pr obtadbpey t| o¢ at & @ L whlitdhhee g ahree |
second sensor aefhaulpr e mdintecam eosfi gthitaet, st r u ct

i .e. ., ,Thauts, L2 1 and L2 are both isol ated us:s

on the virtual beams on the basishownpea
FigéTvwhi l e the virtual beams obtained ac
ratio) I mply the possibility of multiple
the fault indi cauatd bgamheé¢sAMREIA3IVNai n
i ndi cates that the fault i s around senso
be i solated. Meanwhile, the second- virtu

A2A1A15 indicates tdhabatthé&. fS8uhteibotlloct

fault are i1isolated by <crest factor and

135



concl

uded

t hat

t h

e

system

cont ai

ns t

In contrast to the VBLS approach, theSINAP approach focuses on the position

of alarm sensors which have been highlighte& in g 4-8. Based on the regions

containing the leader sensors reflecting the faulty system, the faulty sites are

localized at L3 and L4 using crest factor, L1 using peak to peak, and L3 using energy

W O

ratio. Though the trust index is adopted to assign the weights for the sensor nodes

based on their historic records in failing alarm, the harsh condition with limited

avdlable prior knowledge makes the poorer performance é8NNAP approach for

fault localization
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3) .&LBad ulctosndi ti on
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hi ghli Bhogedla s nitNAP approach.
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F i g @-t @&irtual beams constructed using optimization method when the system is
suffering from loosening bolts at L1&L3

Obviously, as shown i i g @-I @the virtual beams created accomgliio the
crest factor indicate that the potential fault of the system is on the left side of the
panel, and the virtual beams obtained on the basis of-joedéak further lend

support to the conclusion from the first feature, i.e., the fault is at Lbahd8/ The

137



virtual beams based on energy ratio clearly indicate that there are two faults in the
system and that they are L1 and L3. Thus, both L1 and L3 are correctly isolated by

the proposed VBLS approach

Crest factor TI-SNAP Peak2peak TI-SNAP Energy ratio TI-SNAP
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Figdt®Bault | ocal iSZNeAAPi omh emns idngagmlosi s signals are mi
system suffering from | oosening bolt at L

According to the sensors responses based on fault inditlatstrated inFi gur e
7-9,F i g o+tT Jgives the potential faulty events isolated by TheSNAP approach.
Generally, the fault L3 is isolated by all three features, L1 is localized by the peak
to peak and energy ratio. Howevdngtloosen screws of L1 and L3 have brought
almost all the sensors on the solar panel indicating the abnormal condition. As a
result, all four screws have been isolatedTtihWSNAP approach on the basis of the

energy ratio
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2) .&PR1 f aults conditi on

Th e s etnhsaotd gctderitéd a b nor anrehéi gy 9 tFehmy &4 @
(a()cAccordingly, theduvitywtou &li alséame usmindi wngn e
i ki g @I @& d()f The first virtual beam, highlighted by square marks, are the

same for the three features, which indicates the potential fault position of P1 because
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the sensor A25 contains the largest value of fault indicator on this chain. Therefore,

only Plisisb at ed

W i

t hout

t

he

strat

egy o

f

ot

original VBLS approachBased on the crest factor and energy ratio values, the

second virtual beam (highlighted by circle marks) indicates that the potential fault

Is positioned at P2. Mearhile, the second virtual beam based on the gegleak

values inF i g @-I &e) implies that the potential fault position is P3. According
to the fault localizatio rules based on multiple features, connector P3 will not be

considered as the potential fault. Thus, two connectors, P1 and P2, are isolated and

shortlisted for further examination using VBLS.
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However, it is a challenge to isolate the potential faults usiR§NAP approach
on the basis of the distribution of alarm sensors. According to the alarm sensors in
Fi g @1 &a), connectors P2 and P4 are suspected as potentially faulty sites on
the basis of crest factor (séei g @1 #a)). Similarly, based on peak to peak, the
region contains the bottom of connector P4 is isolated usif§NAP approach.
The region isolated using energy ratioAn g @1 &c) is valid. As a result, the
potential faults located by ISNAP approach are at two regions (i.e., P2 and P4),
which are completely identified with the real implement.
3) &P3 faults condition
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connectorsaRlbahtd B8 isolated to examine pof
According to the distribution of sensors indicating the faulty system, the regions

of containing the connectors P1 and P3 are isolate@il&yNAP. Specifically, the

event P3 is localized on the basis of crest factor and both P1 and P3 are localized

using peak to peak, but the fusion regions are isolated using energy ratio. Thus, a

systemwith multiple faults at P1 and P3 has also been correctly isolated Gythe

SNAP approach
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Fault: P3L1, crest factor
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Since the alarm sensors are appeared on the solar panel, the sensors responsibl

for solar panel are employed for fault isolation using optimal virtual beBnass e d

on t he

c(rseBsetg T2 &cd g d  -p-@ @ ki g T2 2 f, the fault

is isolated around sensors A24, Al4 and A23. Acecaydo the ROC, the event L1

is isolated. Each of the two virtual beams obtained on the basis of energy ratio has

indicated a different fault region. Specifically, the kernel virtual beam consisting of
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sensor chain A2RA22-A23-A24 reveals that the potenittiault position is at L1
(since sensor A24 reflects large value of fault indicator), and the second virtual
beam suggests that the potential fault position is L2. Since the detection of L2 is
based on a minor virtual beam and no other virtual beam has giwsimilar fault
indication of L2, it is not considered to be a potential fault. Therefore, only L1 are
detected by the VBLS approach for the potential fault position using the sensors

assigned on the solar panel.
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sol ar panel

Combined withthe information provided from solar panel and main body, the
bolt L1 on the solar panel, and connectors P1 and P3 on the adjacent regions of
connectors and main body are isolated using the proposed VBLS approach.

Considering that bolt L1 is used to fix ttemlar panel with main body using
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connector P1, bolt L1 and connector P1 could be considered to be the same element
for the purpose of determining the potential fault position. In other words, the loose
screws on the connector P3 and L1 have been corrisctigted by the proposed

VBLS approach
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Similarly, according to the distribution of alarm sensors on main body shown in
Fi g @2 Maulty events are localized at P3 bySNAP approach i i g &2
In addition,F i g U-2 8hows the potential faulty regions on the solar panel.
Specifically, loose screw L3 is isolated using crest factor Fseeg %2 %a)), and
loose screws L1, L2 and L3 are all isolated using energy fatio ¢ &2 %c)). As
a result, the faults located at P3, Lidal2 are all isolated by TENAP approach
providing wider regions for the potential fault examination.

In comparison to the belbosening fault occurring in the main body, the fault on
the solar panel is easier to be detected sincelbadening on theolar panel is a
rather severe case. Whereas Hotisening at L1 can be detected by sensors located
on the main body, the loosening screw (i.e., one of four screws) at the bottom of the
connector closer to the main body cannot be detected by the sensitrs solar

panel. This might be the reason why the loosening screw on connector P3 has not
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been detected and isolated by the sensors on the solar panel.
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