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Chapter 1 Introduction

Chaptlenmt rloduct i on

1.2.Moti vati on

The i mporelasmctkri iof esmenloeé Y r c o mpeal neecnttr iodh | v &klei c | ¢
traditional fuel vehicledrieerpcetiectvibi mbe:
power to run the vehicle. El ectric vehicle

which providesi hicgpbhpraoerdertgy i nternal combust

electric vehicles more efficient, reduces e
i mportant for combating cl i madter ich angli alna m
el ectrical energy as a power source, which ¢
sources, such as solar and wind. Therefore,
finite fossil f uelma minldi tpyr.o nolt eec terniecr gwe hsiucslt e
controlled and regulated according to drivi
drivers can achieve precise control of power
dri ving smaffoertty. athodw ecvoe r , electric vehicle mo
chall enges during use. One of the key issues
electric motors. As el ectric motors operate
d fferent operating environments, they may s
i nsul ati on breakdown, bearing wear and e X (

monitoring of mot or status and timeliye dii rgn
realbiility and safety of electric vehicles.

The main obgtwewudy ve® @afddtreriss t he chall enges of
to insufficient sensor data or-dmpioseni anal fi
i ntel-bageldgcoeri t hms are developed to reconstr
fault diagnosi 9svendf eadvhieesetaircrm. chme be summar
To rewveewpplication of artificial ope:t el | ig

Different fault detectiaoal yaznelidhedi mghonst s e ame
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Chapter 1 Introduction

extraction methods are reviewed, and the app
is described in a | arger part, and the three
algorithms and hybrid al gor i tf hmraameavrdankrtetve edve
|l earning section, al mosAr @milfi dihal aMNaNdiralt hNet
which are developed and chahgedvéovaeWwi woekod
a comprehensive wnrd drasmstean dailandgo rtatfti hstnastaage an.
foundati on for subsequent algorithm developn
Topr esleywhri d modekti fouiVSr-ampemdengnesused t
mot or fault current residual €$i asmeetewart k skaanpé
o esvhloéarning i s concitmawittedf dwlrt VBilagmpeni s .

states contain uncer tmulns actoimnpmsnteinit g dtulkee m oa s

into the diagnostic model |l eads to unnecess
values as input signals, the uncertain curre
di agnostincepedDuer ma the | imited experi menta
sampl es is sol vedtibnyescolnesarrnuicntg nlga sae df eomm t h«
framewor k. The-badept @ad gariéehmi ors able to ex

signand obtain higher out put classification
variation of system parameters affects the d
mod el under the variation of sydteedm par amet e
To propose-basedt-Spattiimdgr am Convolutional

mod el to reduce the number of sensors tequi |
of fers significant cost and time savings for
By reducing the number of sensors required,

compromi sing the effectiveamenss Tdfe fpawlptosecat
mo d e | of fers a promisingesdlintgi crosfter, naeacuce
and i mproving the overall understanding of n
To propose an algorithm based on a gr-aphica

scal e i nformatt i pooposeidomnor reconstructing th
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Chapter 1 Introduction

periphery of the motor stator in vibration
nonlinear patterns and features in the motor
i mproved by |l earning the complidtihkemgenaeftit o
i nformation between sensors. The effect of
reconstruction accuracy may show variability
Thanalryessiusl ts can be ugepdl astoi ptaoanl deeaspef e
di fferent motor states, thus reducing the <co
efficiency of vibration monitoring.

The chall enges of motor condition monitorin
selection and arrangement: selecting appropr
motor to obtain accurate and rrfedrimarn cce nba toa.

processing and amalay saizsl:mgpgreo caensosuinntg oafndd at a

temperatur e, current, etc., extracting key
prediction. 3. Throughndnoftwul tc ochidadnmn @i smotne
monitoring, fault di agnosis and preventive

realtiozeidmprove the reliability, safety and m

promote the furtphpul doeveldtgweant caveéhi cl e tec

1.2.Di ssertation Outline

The dissertation consists of seven chapters.

Chaptiemt rloduces the motivation of this study

introduction of the research contents are |

Chaptreevi@eav appl i cation of Al techniques 1in

( FDD) in recent -yeased FBDrievi dweddedl i nto t
extraction and faul't classification. The ap|]
fe@eture extraction is also discussed. I n part.
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Chapter 1 Introduction

and deep |l earning algorithms in fault <cl assi
Chaptdeesi3gns a combi-cthreidv esthdifdd wl ®@rad nd amtga net wor
to detect voltage wsourcwueti haeadteasr i OVSPIMSMep e
resi dual obtained from the observatignndhbht a
sample to eliminate the influence of har moni
and reducing the uncertainty of di agnosi s.
framework, -basedt vestwiadn transfod meo €éX¥phTdpr enc
association of gl obal features of i nput san
through signal dimension transformati on.

Chapt e@lresédgns amashAetd eBpavpbnal Spectr al Graph
(ASSGCN) model is proposed to reconstruct t1}
number of sensors. The three spectral ,featur
and the <correlation of the operating condi
i mpedance matrix is studied and analyzed i

correlation analysis of spat i arl opcoosnefd gAuS GG |

model predicts vibration signals at differen
Chaptaeesibgns a s-paséedl i spectrvuen graph neur al
spati al connectivity and slpessdd adl wotrared .atTlo

efficiently aggregates and extraomwmtcatsems arnd
reconstructs the vibration signal of the vir
Chaptiex téhe conclusion part. The mai dheontr.i
future work that can be carried out to furt

di agnosis technology for preventive maintena
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ChaptRervizew of Arti-hacecl
Techni g€endiotri on WMoéniBWr

Mot or s

As a bridge for power transmission, t he m
safety of electric vehicles. Meanwhi |l e, i n o«
drive system, more and more rkeehogh basddvo
the fault detection and diagnosis of motor
application of Al technology in moAlrasfdul t
fault detectioni maidnlildy aginhvwisded (IFDD) t wo st efj

fault classification. The application of dif
is discussed. The application of traditional
faulstsidliazation is particularly detailed. 1In
revi ewed are summari zed. Finally, recent ad

mot or fault monitoring and diagnosis are dis

21l ntroducti on

FDDai €sondition detection technique that <ca

of an electric motor, detecting early fault
technology is to detect faults and distingu
advance t oocpcruawéemttaziae ds . Il n additi on, mo d e
been developed significantly, el ectric moto

industrielmoseseeéms] rtirci aesigemdal,| ¢l glcayi ng a
powertrain of e2dlet¢tiuvistcraeclkischtéde. bRisgc archit
drive system. The conventional powertrain o

mechasystéms. The electrical part i ncludes t
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uni t, the power el ectronic devices, and t he

inclutdeansmhedsitdhre wheel s.

L Axle
Transmission F Shaft

|

|

|

|

|

|

|

|

|

|

|

DC/AC Inverter |
Wheels [
i i '
|

|

|

|

|

|

|

AJIAT0D) DA/DA

Battery Electronic Controller Vehicle
<— Behavaiour == Mechanical Energy Flow
P [T e e profle g
<::> Electric Energy Flow
______________________________________________________ I
Figdl. The basic structure of the moto
Therefore, the motor is the most i mportant
to mechanical energy. The operatiomathisnat u:

motwman be monitor edtiamed tahcrqouu grhe ddoiwreoardegignlee s vy ¢
operating time increases, the possibility of
rises hreatening the reliabi lFiitgy2 i €2dd c stad £t y
experimental rig for the application of moto

mot or , controll er, | oad, sensor s, et c.

Fig2 The example of experimental rig
El ectric motors suffdelrtGéEnjempkkeyertahettypesco

faults are the rotor and bearing faults 1in
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mot or wi | | l ead to a chain reaction, whi ch
system [2]. Therefore, it has become i mperat
drive systems. The effectivfeadlitagniosisl edt reil

necess6ar.y Ffphvaoinve motor fault detection an
signals can be analyzed, including temperat.?é
current and vol tcamget iam afliyeslics ,aredleycsirso,maul t r a
anal y-8] sand motor current signature analys
mo ptopul ar research in this field. $thatasn veur

condition monitorlidng fAxrc uEVAtmotdertsec[ftli2n of

faults is an essenti al me as ur engt of hma itnhteaoirne
approaches that have been studied, freeneéchnr
external environments and operating conditd]i

oper at ieolne cotfr itthcema o ke r nceelretrae narle[nMi6tjJati ons [ 15
Il n general, the motor FDD t ec Hmisgeude smeat rheo dc

Mod-bhsed met hods f or mot or fault detection

simplest approach is based on i nptulte amat @wutip
outside the nor mal range of variati on, t he
Mat hemati cal models are wused to describe t

correlation with the sour cee opfr otchees sfeadu Itto, daent

| ocation and cause of the fault [17]. Moreov
process parameter estimation are also commo
advantage of thesedmeltlhodlewn si rn htate tthaeyi «© ady
t he mot or styisntee mdifaogrn orse asl, but an accurate m
required. Therefore, such methods are diffic
uncertaiaror nonline

Il n recent -esed,apmeodalih ahas gained popul ar
is a suitable method for incorR8ratilngtantief
general fl owchart of FDD techniques.
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Albased FDD is divided into two main steps:
Il n sbhbagysrad feature extraction engineering, th
the frequency domain signal dwsIldy,s ctriemhee anodurf
signal bamcadmesriesmel y i mportant when the motor
conditionsmeubhert (t3 BmBHidlrbbesr ansf orms (HT), w.
(WT) and other si gnalbeperno cweisdseilnyg ptreocphorsieqdu e sF
domain FDD analysis is the best choice wher
process extremely compl ex anbdasiendt efranuilttt ecnlta ss
met hods includeeemmacheaenie@ayrnimgzy dneur al ne
and hybrid algorithms, which can address 1is
di agnosis methods [19].

Artificial i ntellig-dnceensteédlen &kleygipes.ntArot

based studies have been extenBswpediyallay riiede|

system predictive maintenance, using machin
failures can help reduced@Atwinftii aniea la nrde urealu cre
activation functions to predict iIinteractions

bi ases are used t@eumabelsyshembi dlbobi oahr nc
extracted and combined wusing artificial neur
classification and regeéeemioahhi h&R$ ailrnkrse lne ain
(ANN) were applied to tr ackphansde d inadguncotsi eo ne xnic

dat a ovfolsttaagteo,r current, and motor speed were
the identification and diagnosis of i nduct i
unsupervised neur al net works have beamlachi e
networks in the classification of parti al d
where the fault of an induction motor is det
[ 23] investigated the staten ecltagnaitd aln mdc hin
algorithm with nonlinear state estimators, \

vel oci tryemmatasu Dee@addDt)rcoannpgne [ and obtain
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classification and predictions for compl ex
effectively 1 mplemented wusing sever al commo
( AE) , Recurrent neur al net wor k ( RNN) , Gen
ComVvutional Neur al Net work (CNN) Reamredr Dbepn

artificiadaded etldchgreinpceees is significant for
but there is no comprehensive oVemgwmaeswdof
techniques i n mot or fault detection and di
contributions of different scholars in this
( Fault detection and )
diagnosis technique
I
Procedures Motor faults Signal processing

; . Mechanical D?t.a. || /Vibration,current,a™
[Rotatmg machmery] faults Electrical \—)acqulsmon —| coustic emission,
faults o etc. J
[ Data acquisition ) Feature || - ~
Bearing m | | FFT,STFT,HT,WT,
(Data preprocessingj faults \_ DWT, etc.
— Fault
(Feature extraction) Stator and M— ( Tl:aditional- h
| rotor faults - machine learning,
0 J \ Deep learning, etc. /
[Fault classiﬁcation)

Decision making

)
N

Fi &3 General fl owchart of FDD techn

22.El ectric Motor and fault types

I n the advanced powertraisn apyedrtmeanm,e nit n dmacgtn
synchronous gnotoesthBM$EMo major types of el

mot ors are widely used in industry and are <c
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silicon steel sheets and encapsulated with a
the rotor, there are no mechanical el ements
with relit abdeer erpdeoef fi ci ent anspaeprompern att ieor
DC motors of the same power. The principle o

the rotor through the rotating magnetic fiel

no nmatgnc field he genheratedcderafdre, the rot
synchronous speed. Therefore, it is also cal
mechani cal structure of DC motors whi ch r

synchronous naoltloyr sb eacroemi girga dpuo p urloatro r d rasfv eP Misol
produces a fixed direction magnetic field, a
magnetic field to rotate, so the rotor speec

advandfaglisgh efficiency, high starting torqu

[a) Winding Short-circuit (b)

Rotor Shaft——

Bearingl —p

<

Rotor-bar hole—p .

s

Bearing 2%@

Fi 84 Typi cal faults: -€ma)cwittat oWS@W) nd{ by RbaD
(CRF226]

El ectric motors and drives at:d pdfaftoat édd uby s
be classified as stator open circuit and th

i ncreased r esilsotoasnec eellcepcaanréisct oonpoor connect.

eventually fire. 2) Rotor electrical faults,
to short circuits or increased resistance c
i nduct i oamn dmortootrosr, magnetic failures such as
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synchronous machines. 3) Rotor mechani cal f
eccentricity, and misalignment. 4) Faults of
systemd4d Fildgustrates the two t ycpiirccaui tf a(uws )
rotor crack fault (CRF).

Listed below are the main categories of fa
frequency caused by each type of fault depen

the operating conditions.

Stator winding fault: Most windingtdbdauhts r
def ecttser hotnlger mal aging and eventually i nsul
tourn defects. 't may resulhig iom ©DIne ope momg
circuits, excessive heating, and machine f ai
Bearing faults: Bearing faults can be caus
|l oad torque, there is a high vibration in th

bearing i hsHplghasurornentiieri bearing directed b

l ubrication to deteriorate. i v) Heat transf e
Bearing faults eccentricate the rotor, resul
bearingBstaess etshe shaft dynamics are i mpact
stator and rotor, as well as variations in [

for excessive motor vVvibration.

Ai-gap eccentricity occurs when the air gap

uni form. The twogtappescehtabrcot pwalarai static
gap eccentricity. I n the cadve of nstmatl i ¢ aelc aé
constant, but in the case of dynamic eccent:
the rotation of the rotor. When the rotor ba
current in the stator varies.

Broken rotor bar faults: Broken rotor bars
( BRB) . Freqguent starting under rated voltag:
(thermal stress), and unbal ansed magBRBRBi cThe
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induce |l ocalized heating or arcing in the r

bending of the rotor.

23.Tradi tfiamhal monitoring technique

Mot or current signature analysis (MCSA) is
electric motor issues. The idea was first pr
motors in nuclear power pl antss. alntd hnaost orrasp ildo
recognition in the industry in recent years.

without stopping production under regul ar ofj
preventative maintegnagpeéecthéecmoitguefuoolitdebelf
which prevents <costly catastrophic faults,
MCSA is amighadt¢tur(eEIAn)alaypspirsmagh behased t o as
mot ors, generators, power transformers, and
detect faults by monitoring the sthatser sauwrprle
currents of tmo®nmdtooredi swittyhpiacalilngl e. sTheor

MCSA employs the motor stator winding as a t

from the rotor while also revealing infor ma
sensor-ofcbampe, current transfatmart)s wiutttpua
mot or current and records it in the time do
sine wave. However, the motor current contai

is further modul ateidcdly dme mdedha&mienadal efl 2wl
resulting in extra sideband har moni cs. Faul t
magnetic field, af f-iencd u cntga ntchee oniu ttuhael naontdo rs e
current sypeaxppear, a@ashesi debands around the I
faults can be diagnosed, and their severity
to the frequency range 65 KkiHzt,e rNeysqtu ifesar' tsM@ $le c

a sampling rate of at |l east 10,000 times per
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MCSA is the best choisstateocomdi 6i ®nsnaead $t
current changes are influenced by both the
eccentricity and the bearing faullted darnwelbee
Three effects are present in the faults. 1)
by the rotation frequency; 2) the vibration
The most accurate matisod oi Iett@cus e hererexorstin
sensor is close to the fault | ocation, the r
becomes cl ear. However, in addition to MCSA,
been proposed.

One of the esnventioal ngomgpiprioamhes i s oil ar
(particle counting, temperature and Vviscosi:'t
for flow and cleanliness characteristics) me
sampl es. Lubrication analysis aims to retai
invol ved operate in the best possible envir
of fline, with samples being exami bedomepdotves
dirty owing to component welars. tAeguéthihigdhte mie
analysis is carried out wusing sensors that ¢
sound | evel meter. The pressure |l evels and v
devices with antialiasing ana odcdlglhe cstaendp | by g
emi ssion analysis and vibration analysis al
oscillatory. The acoustic signal characteri
machinery. The noi sy baictkigamailndc ormpgohnte nitmst rao
accuracy of fault identification of the moni
the AE condition monitoring method. The most
i s vibration analysingtiAmy i @ahamgye odr trha mec
cause the vibration profile to alter. Moni t
component is faulty or not. The disadvantage
to i mpromrmpemotsretnisng, crystal overheating, and
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d i ssues in motors are of great concern,
design and operation of mot or s. I n addi
ntial for condition monistudrti nign ohfi gthh et enmo
h can cause severe ther mal stress. Ther
h i s most |l i kely to cause motor faults.

or mance char alkcrteugltsttilhces todmpereatmorterr its e
ance to prevent accidents in operation
es heavily on the accuracy of the sensol
y fluxsmeasumdemertl|ly indicate the asymme
rr generfi atdauct eldy afnaunlatl i es . Researchers ha
anal ysi s of extermaadsimaegnex ami nfait e lodhs .
ementaatei t wo @it eofe stnmaiisn &@@pdor mavdblac ks of
oaches stem from the complexity of Si mu
ndent on the electromagnetic behavior of
h have significant isthieédsogs effFexgtsmon
i ved as much attention as MCSA is becaus
scxoxdstl mawternative method tlyatandarnacompen
ction in the | imitations of electrical,
he detection of modes associated with th
oaches have #@dednferffeondvel gnumohitorin
ems. The extended Park's vector method r
ent Park's wvector mode, while by averag

r swischregdéanatted when the vector mod

erter diagnostics are | oad dependency an
normali zed by the modulus of t he Par ks:¢
vve of the absolute Parkds vector i's ut

erdieagsedifs based on the Parksé vector t.
extra signal processing and variabl es.
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24Feature Bxtraction

The basic task of feature extraction is toc¢
recognition from plenty of features, achievi
i . e., to obtain a set o f "fewmamcbutwi mbr a
probability of classification error. Mot or

technique since the stator current waveform
that collected from aomsttamidartde ecnfoiioque Mosé s r
to decompose and interpret stator current

di scriminant analysis, wavelets, neural netw
27]. Time andmdatiegm e insfyruesgauleonicny tdomeai n str at
transient characteristics [28]. Envel ope an
di agnosing bearing faults, which is traditioao
peake. FFM method is effectively i mplemented
signal [ 29] . However, t he Fourier spectrum

descripvawvegi ngmeatterns of the acquifraeud tsi gt
di agnosi s reqguimemappsi cat ircem!l [ 30] . I n addi
vi bration signals in the time or frequency d
approach to assess the overwdnadcgmaaint mnaf yai
attractive due to the more detailed inform
However, fault detection is performed by <co
forces based on the dynhenici fbfeihcawlitoyr iorf ftahwel
classifying many frequency | ines present 1in
related to the health status of the motor. S
measure tbof wheiapeetrum over time to solve
intelligent FFT analyzer that selects multi
gener ates a reference mo d e | under healt hy

moni tohramagcteristics for fault detection.
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Furthermore, the Hilbert transform (HT)
the envelope of the vibration signal to
a result, this techni que nfarye gouee nucsye dd itsot rd hbau
vi bration signal. 1t is beneficial to extrac

to the adaptive and unexpected nature of

on reliable mahpnpot mbdelbsedndffectively

The $homet Fourier transform (STFT) is a
convertishngagahsesi vi bration data into a cont.i
mod el training [36]. Faul t s came chtee dd et eelcu ee do
vi bration spectrum modeling error. However
tracked since there is no precise method
Moreover, vVvibration gpeombanattenscoht anospe
provide I|ittle descriptive information about

modern procedures for tracking motor condi

recent perfommamwoe kef i nediyalami cally model
promise of reducing these issues and achi
net works can describe any nonlinear model
resul gstderirecall process. Combi ned wi

anal ysis method using vibration spectrum

extract fault spectrum f eat ursetsatfiornadegt eatoic

signal s, the wavel et transform (WT) i-s
frequency characteristics in the | ocal

and the intended wavel et basitsh wiilmMe parnadv ifdree
domai ns. Dureed ol uttisonmuilnsspecti on capabilitie
ability in fault diagnosis of mechanical

The Discrete wavelet transform (DWT)

ar ea.

advantage was to reduce the computation

mechani cal fault detection [ 4f2r] e d W4€e3l aedys i snuche
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Wavel et packet transform (WPTY rwasuepcgygp baad

| ofwr equency band in parallel to I mprove
have achieved great performance, emey WBTe
cannot split the frequency of the signal

characteristics [44].

To overcome the dichotomous subdivision

empirical mo d a l decomposition (EMDpdappatedc!l

vi bration signal was decomposed intwemalt.i

regarded as dominant mode compone-stati dharcy

components of a signal with efficiency. Ther
processing and practical i rkd uosft rai anha tahpepnaitciact
for EMD methods has | ed researchers to prop:«
of other methods in recent years [46]. [ 47]

which combined the advamdaBB®BP mét wadel eTherk

can perform the identification of weak faul

met hod can efficiently analyze the signal

an adaptive signaln plbe cpeesrsfiencgt Ime tahpogsllmoeda ht o ar

processes. The main drawback was the patter

call ed Variational Mode Decomposition (VMD)

extracted pattet ebandwasdtd. fiCoimpression i s

frequency of the match. However, VMD cannot

and its modulation capability depends heavi
TABLZLHi ghloiFgehatt ur e Extraction Met hod

RefeTherPrincipIe Highl T ght

ce

[ 28] FFT . Spectrum a Ti Aier equency domain c¢

[ 29] envel ope Poor per f or-gnaatcieo if aorry

[ 30] Frequency . No tfirmreequency anal ysi:

[ 33] di stributi

[ 32] HHT  Mulrteesol ut ' To avoid compl ex math
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34]
35]

[ 36]
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39]

411
42 ]
43]

4 5]
46 ]
4 8]
4 9]

471
441
50 ]

51 ]

53]
54 ]

57]

58]

60]
61]

frequency To analyze signals wh
ti me
.Hi gh cal cul ation burd
STF1. Long and s Ti Ailer equency character
window mo Hi ghhrequency resolutic
resolution cannot be
simultaneously
WT .Signal Dec . Ti sler equency anal ysi s

and
reconstru

DWT Discrete i . To reduce calcul ation
out put

WPT Fitting th Effective sipdidudedgr e
signal hi4hequency band

features

EMD I rregular Adaptive data process
waveformi Suitabl-lei fe@asrt,admioonnar y

VMD Su$%ignal . To avoid pattern mixi
decomposit Modul ation capability

at differ settings
freqguenci e
EWT Adaptive w More consistent decorm
subdi vi si
LCD Adaptive Bettefrreguency | ocal.
decomposit More efficient extrac
a complex information from the
Faster calculation sp
PCA Multidi men Signal di mensionality

feature . To reduce model train
mapping .Better accuracy

CCA I nformatio Linear feature extrac
.Se-bfgani zi Distance preservation
mappi ng

SC . Symmetric _Rapid and accurate co

component
acqui siti
SVD Matrix dec.To usrathlowapproxi mat.i
systems

approach thamoalthows gmaahomo be decomposed

ntrinsic Time Scale Decompodirteiqarnc¢y TRnal
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acc
cha
si g
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cha
ef f
wi |
el i
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ut i
di f
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Sys
s el
f ea

Th

Sy

ational components. Although it has bett
ount for the physical meaning of the intr
racteristic scale decomposi nidomo(LEDr ahg
ni ficance and its intrinsic rotational o
ptively into instantaneous physical frequ
mpar ed wi t h EMD, t he LCGIDr emetthmacdy h @€ alb
racteristics and can extract the | ocal.i
ectively to obtain the fundament al char ac
I reduce the efficiency of the <cl assifi
mi nate useful details, I|linear methods are
th principal component analysis (PCA) an:
| i dlecherd ©ironal i ty naeduatgi cd eafr datsaal i zat |
ferent or unknown fault modes [53]. Many
sidering their dr awbacks in working with
ucture of dmtwawedthadlr] .i Shmadaenepi of D comp!
ressdddneinrs i @ n al space. -sMoascte ohfa st hae ndoantla nie
recent year s, sever al |l earning methods
or matweo-didmenai boal space, where D>d, to s
h as Curvilinear Component Andlowsicab(l @CAhn
e versa automatically. CCA has beewe appl i
tems-base@CAcecur al net work FDD was present
ection of the most i mportant features fro
tures from vibration signal s.

e novelty of the method |ies in its abil:]i
various faults in bearings, both | ocal i
ssification structure by peef orfmi @QA.t hel
ssification task can be accomplished by a
mmetric component (SC)-diosmaanpfFoODi sanadgymel
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received much attention, which can provide
current balance, magnitude, and sequence. Ho
fault <cl asses, which may requinriet edle tbayi | ceodmpnu
resources. The SC method presented in [58]
signal feature extraction in +4okti gloanpdata i

met hod without complex complue efri Imoeril g IIFar a
t ool for sequenti al signal processing that

masses to estimate the state probability de

(7]
()
o]
c

ential val uiears atmpd a my. ahar tBiagylees f i |l t erin

—
>
(¢

prediction of machines [59]. Since mech:
particle filtration is particularly effecti
mat hemmaddelad have been developed to explain
applications. However, the derivation of the
degradation process. The typtroaalerf au lktademr dva
mod el (HMM) , which is characterized by the f
determined by the previous state. Mor eover,
system may contain some r edundaancturmocdes ,Siwmhyi
decomposition (SVD) has been proposed to s
decomposition process, the signal is convert
the nature of the dfdaulitoyn,sitgon alus[e6 @]he[ 6 In]f.orlin
classifiers, [62] proposed a fault diagnosi s
deep |l earning and i nfor matlieovne If uisnifoonr n(altF)o.n
technigee tupelr aw-phiagrealmnot ofr rmwlirtrient s as dir
features from the motor current signals of e

2-lsummari ze al l menti oned signal process met
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25.Faudltassi ficati on

As the <cruci al step in fault detection and
performance is extremely i mportant. As an a
variety of model types: 1. Supealrwziisregd tlreaairmiil
and generating inference functions through

concl umuonn & bWfadfléhde mo st common unsupervised |
analysis, which is main$yi onseguddtepeed il aana m gh
subomai n of ema(oMLlh)gend its related algorithms

and function of the brdinn t(riad,i tarotniafli anaalh i mee

extraction and selection of features 1 s wusu
experience of domain experts. Feature engi.l
perfor mance. I n Wy elpe & emarmmdy nf@genaeutrheo dr,e pr es e n |
are abl e tloevielarfne ahtiugrheessr f r om r awutdamati Delklbp
|l earn hierarchical featurkis®hi n |datsa rwvaittelso uth e
of traditional ML and DL. The application c
|l earning algorithms in motor FDD are introdu
I ™ 4l )
Feature Traditional Classification
extraction ML Algorithm output
Data pre- - : : \ J
processing Traditional Machine learning Flow _
. ; Classification
Deep Learning Algorithm oitont
u
\ P L P

Deep learning Flow

Fi &5. FIl owchart athtnedadeadobadg M ear ni ng.

251.Support vector machine (SVM) Db

A support vector machine (SVM) i's a binary
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l ine between two classes of points by mappin
i n space. SVM is applied in regression anal:
estimati on.

SVM has various applications such as handwr
is particularly wuseful for smal | sampl es ar
characteristics and strong analpypiu¢calr i1asualht
of motor drive sysZ6em Iflauuslttr adieasg ntohsei so.p tHinga.l
classification by SVM.

Fig6. The opti mal hyperplane for binar)

AR -AA (2-1)
[ OO0 OEDOS O plNQ plgfs g (2-2)

wheoestands for the weight vechsostandbi c¢brdése

vectoosrt,ands for the d, almddt asdo cfiart eal svd dlhar t

case of nonlinedarmererpiaomaall onnpaces hitghe SVM c
that allows for | inear Rephr atdibensOminyalt s ¢
Qdi mensi onal function space of the data 1 s
repl aced. the mapping translation can be ac
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proposed RDI as a new faul't feature ca
itional dimensionless index and has a st
mati cal | ydaenlti namdatier rreeldeuvmadnitmefnesda toinnrad s fier
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to pick the most superior functionality

burden iacfatt aoe sthemef The classifier [

sification accuracy does not change in t
t and output. The advantage is that g 0«
eur eghirement for a |l arge amount of accltl
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B Class1
= A Class2

Fig7 The structure of KNN.

Due to its easy i mplementation andnesaubessttant
neighbors (KNN) method is a popular <classifi
principle structure 7f. KNNO]i spraess emht ewn ai ns yF
bearing faults in electric motors and monitc
kurtosis (SK) and reciprocal association to
principal coMmMpCGApnanndperegeé&alsest neighbor (KN

to provide health metrics.
TABLE 2-2Highlight of Classical Machine Learning Method

Refer Theme Principle Hi ghl i ght
[ 63] MEI SVI Sensor i 1 . Mulftault diagnosi s
correlation Highly rely on in

Pairwi secon
optimizati or

[ 64] MR MR Maximize Fast calcul ation
GSSVM rel evance .Random parameter
Mi ni mi ze r

bet ween
features
[ 65] CMFE .Obtweaoator s Sensitive to nonl
ESVM
[ 67] FFT S' Structur al Accel eration sign
Mi ni mi zati or
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[ 68] RBF MI Competition Low demand f or ac

metric dat a
combinatior Hi ghassification
[ 70] SK KNI Category .To i mprove speed
calcul ati on
[ 71[]17 ' RF ,Random samy  Effective classif
[ 73] replacement I nsufficient gene

Fi &8 Tohaesi ¢ structure of the random
Random forest ( RF) model s are based on the

(CART) [ 71]. Random forest is a method that
trees, with the fundament al unitl hesomi pg. a-
categorization results for an input sampl e w

classification votes and designates the most
baggi ng 28 eial.l ursitgrr.atesct aee bati the random f ¢
classifier was proposed in [72] for the <cl as
of the bearing vibration signals were compu!
devel opedmoaehy trhiad c omnbni nfeBsMM) fnuezuzrya | net wo
classification and regression tree (CART) foc
addition to strong oilIAiRMe ppeducemamede pfuhed
expl adml Itéheet ed functi onal information.

To sum up, the machine | earning methods me
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simple structures, high computational ef fici
2-2summari zes the classical machine | earning
I n contrast to traditional machine | earnin

amount of research has focused on how to ex

signal . On the other hand, t he mexittriawd edla tdaa.
identify sensitive <characteristics, certain
which may have an i mpact on diagnostic findi
the studies on intell i ogeartuafbd wl tr esiud grsqgs ibuth
obvious drawbacks. 1) . Manual extraction of
requires a |l ot of practical work to deter mi
Traditional macbhues teanaotngffechnvely disti
raw data, and the shallow structure of artif
the complex nonlinear relationships hidden i
of hidden neurons, DNNs can obtain nonlinear
performance in the field of motor fault dete
253.Convol utional Neur al Net wor k (1
Convolutional Neur al -fNoertwweorrck n(eCuNFNa)l imetavof
stimul ates the activity of the visual systenrn
sharing, and spatial domamai seaookdiargctsamal i

the structure of CNN. Therefodieme@€NNomnasl weat
i mages. Convolutional |l ayers (CL), pooling I
SoftMax | ayers laayvend et Haturm&kk eedsp o€ENN. The

used to mat hematically model the operation o

®@ QB. ® zQ & (25 )

whewe i ndicates the dypopeanotdeast at bd darnyweal uti o
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| ayer i s énkaedrenedp ,ofeach with its weight matr
versatility, the rectified |l inear uni t ( Rel
equation for RelLU i s:

Qo | Aahn (2-6)

The following equation can be used to express PL mathematical operation:
W i (2-7)

After the nonlinearcombination of features extracted by FL, the SoftMax layer acts as a
classifier. The SoftMax function converts ardiinensional real vector into a set of real

vectors (0, 1). The SoftMax function has the equation

o (2-8)

B E-e_ &

=
| i L) "
Input Image i i i

Cortvolution Max pooling Convolution
i Convoltition Max pooling i Max poaling
|_1st Convoluional Uit | 2nd Convolutional Unit | 3rd Convolutional Unit _ |
Fully Connected Layer

Fi g9 The basic structure diagram of
Signal processing techniques with different characteristics are combined with CNN for fault

signal diagnosis [74] [75]. [74] proposed a novel motion state monitoring framework with an

adaptive implementation of- CNN, where the two main modules of traalial fault

detection steps included feature extraction and classification were fused into one. The proposed

approach extracts the best features through proper training. Therefore, manual parameter

adjustment and manual feature extraction are not requaddeving more efficient fault

diagnosis capability. [76] proposed an integrated strategy based cdridata and deep
Page 42



Chapter 2 Review of Artificial Intelligencebased Technique for Condition Monitoring of EV Motors

learning to deal with initial faults. The average moving technique was introduced into the
typical correlation analysis (CCA) framework, making the new residual signal more sensitive
to initial faults. Moreover, new test statistics that work closely withlldackLeibler
divergence (KLD) were proposed from a probabilistic perspective and greatly improved fault
detection performance. The fault matrix was defined and used as the input of the convolutional
neural network (CNN), whose feature extraction capgbias greatly improved compared

with the conventional method, which helped to diagnose the initial faults accurately. The CNN
shown in Fig.2-9 was used as a construction block msignal framework. Randomly
initializing the designed model, the deep model was trained using the training dataset,
minimizing the error between model output predictions and actual labels by iteratively updating
theparameters of the DCNN model [77]. The proposed method has one input and output layer,
three hidden convolutiohanits, each of which was followed by a maaoling operation, and

one fully connected hidden layer following the convolutional and-pwoting layers. RelLu

was implemented as an activation function, CWT was used to convert thddmaen signal

into gray-scale images as input. The model was trained and verified with experimental data
including current and vibration signals. The training time was 201s and 156s, and the accuracy
rates of 98.72% and 98.26% were obtained respectively. In addition, CNN eaiwbth other
networks has been proposed. A convolutional recurrent neural network (CRNN) was used to
diagnose multiple faults of higépeed train (HST) bogies by combining CNN and RNN [78].
The model inherited the functions of both CNN and RNN. A newagmbr was proposed that
combines CNN and extreme learning machine (ELM). CNN demonstrated strong automated
feature extraction capabilities, while ELM was proposed as a quick and efficient classification
algorithm [79]. To improve the feature learning captds, a CNN with a square pool
configuration was built and used as an automated feature extractor in the first level. ELM was
further used in the second stage to increase classification accuracy and learning speed. In [80]
[81], the initial vibration sigal was input to a deep convolutional neural network named deep
convolutional neural networks with wide filstyer kernels (WDCNN). The. A large firkyer
convolutional kernel and a deep network structure with narrow convolutional layers were the
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two key features of the WDCNN. The proposed model enhances the accuracy of the current
CNN fault diagnosis. Besides, a new model named Convolution Neural Networks with
Training Interference (TICNN) was proposed to solve the fault diagnosis problem in [82].
Without the requirements for a tire@nsuming manual feature extraction process, TICNN
processed the raw vibration signal directly. Without any {bmesuming denoising pre
processing, the raw time signal was used as data. Meanwhile, the model wasdedepén

any domain adaptation algorithm or target domain information. An online fault diagnosis
scheme was proposed in [8BJonventional ANNSs for fault diagnosis classification tasks were
trained offline with historical data, and then the trained model was used for online fault
diagnosis. Due to the limitations imposed by the time consumption associated with the training
proces of the model, an online fault diagnosis algorithm including two phases was proposed.
In the first stage, an SVM was used to safmathe healthy data from the faulty data, and in the
second stage, a convolutional neural network (CNN) was trained to learn the features used to
isolate the faults. Although the proposed method was atcesmad sesupervised learning
model, the perfanance of the CNN in the second stage was limited by the number of data sets
and the training time consumptiofhe data was used only in the healthy state through the fault
diagnosis function in seBupervised learning. The operating condition or opegatondition

class of the powertrain was defined in the first stage by using a class of SVMs. The generated
health classes were used to train a Gided classifier. This approach outperformed current
algorithms and approaches that use domain feature goira& new LeNet5-based CNN for

fault diagnosis was proposed in [84], three datasets were used to verify CNN models based on
LeNet5 with eight layers, which comprised of three transformed pictures of 64>64, 6464,
and 16x16. On three separate datagbtspresented CNN had prediction accuracies of 99.79%,
99.48%, and 100%. By converting the signal into a-tivoensional (2D) image, the method
extracted the features of the converted #mage and eliminates the influence of artificial
features.The novel data prprocessing approach presented in the literature transformed raw
time-domain signal data into twdimensional grayscale pictures without the use of any
predetermined parameters, removing as much as possiblaaivéedge of the expert.
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However, the limitations of the methad terms of practical applicability included the
following aspects. First, the most prevalent fault circumstances must be identified, which may
be achieved using a dictionary list type. Otherwise, unknown faults will be categorized
incorrectly as known fdts. Second, the training procedure took a long time. Transfer learning

can be used to minimize training time in the future based on these constraints.

254Recurrent neur al net wor k ( RNN)
Recurrent neur al net works (RNN) are present
connection between units as a directed | oo0op.

perceptron can only map fr2dm ii mgutc ad aetsa tthe t
RNN. Before the time series are input i nto
di mensi onal data according to the size of th
Wis a commonow wadhahe, taedwei ght matrices of t

Il n addition, wheYataltbelatti hget h®epmeé mtult upl i

by theYoéi ghhte i nput | ayer and then the resul
wei goht which is summed to be constant. The ec
YOQYz wztY (2-9)
0 Q zZw (221 0)
@ Output 91 % 1+1
4 w Se-1 d S ’ Sr+1V
@ =3 i Cell i< ésll i CeD—W}
Unfold - - -
u U U U
@ Input

Fi&&l0 The basic structure diagram of
Due to the RNN map the target vector from t
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of prior i nputs are retained in the intern:
backpropagation to accomplish the task of ti
di sappearance during the backprhfopangatcieomfo RN
't means that traditional -tRMNNM ey ematenlte easb |
the | omgr mhmemory (LSTM) algorithm is design
from di sappearing or expolndggkirmg.r elTa asncclev, e ftohre
are incorporated into LSTM. The wuse of cell
appl ifoalgled ti ng gates. Bteeeram s é e p & n dceams i cdadpd ulr
advantage over standard RNN f ererdaepmt wsreinmsg rryc
and | earning an efficient representation of
capture remote dependenciesesandanan!| LSdar hd
effectivelyl appliiagdhososf of motor drive syste
RNNVDCNN, a pawhdwalkurrent neur al net wor k w
deeper convolutional neur al net work routes t
WDCNNMombined the functions of recurrent neu
neur al net wor ks to captswerrd erse dattea raenlda trieanos e

hifhequency noi se. Besi des, [ 85] develngped

shdgretrm memory (CLSTM) isbaseed| ©PBRdi n or ditaatdil m
The developed model i mpr ov e dc htahnen ed f fiincpiuetn cdy:
|l earni ngt e hporSgplatdmar acteristics. The input
anal ysi s, and the resultslosnag e £thiat tadctc sc o mip i
the accuracy of the classifier. However, f ec
while finding the opitni mahle hcyl paesrspiafriaemme tfearsst etrc

its accuracy Tihse aClLsSeTrM oaursc htiotpeicct.ur ec hvaansn ed s e
i nput data and -utemmposahbndhat actSpritstoi cs mor
CLSTM supported the FDD approach to proper|
and achiaewecurmhaagy.er [ 86] proposed a deep neur
raw sensory dat a, cal | edt ecom-vseioarttisd ma la g b i adhie
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(CBLSTM). The proposed method consisted of ¢
size of the input signal i-di rle0cOtiila2n a |l T hlehT M
i mpl emented to encode the temporal 6Pp&t werms .
used before feeding the representations to t
was RelLu. One epoch takes 5 seconds to trai!
Compared with RNN, deep RNN,hn ShTaVs, beettct.e r tpheel
CBLSTM first used CNN toreghrhotakthéatunasd
inputs. Then, the temporal information was e

shdgretrm storage netweak datSdaMandnormedepédéndeng

while the bidirectional system captures past
|l ayer and a | inear regression | ayer were con
the targeataddl uesn, two RNN networks were ap
of the general fully connected | ayer to effe

data combined with the autoencoder wmfattitpen RN
with a variant autoencoder (VAE), variance a
more ré&hei-dobmain vibration signals at 3 diff

and two RNN networks were devpelcopeecd!| gsi easte

usual fully connected | ayer. I n addition, th
generation more realistic, in addition to re
computational costngtHowdvermhe whmemutt meqluence
the information to be diluted during the pro
255.Generative Adversari al Net wor k ( GAN)

A Generative Adversarial Net wor k ( GAN) i S
di scriminator. GAN training aims to achieve

di scriminator basseudm ogna meh ep rbii mooinplad. zTetreo g e n «

i n t he GAN ar e di fferenti al functi ebmss etdh at
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approach. The purpose of the generator is to
sample by wusing z as input. Therofohat itdHhea
similar as posbBubl eonhbusing the discriminat
di scriminator wi $rdomndi sttoi nigdue rsthi fy the actu
generated sample. Due to the conflicting goa
of the GAN compete and gradually become mor ¢
t he GAN is tyr aitrheed ddosrtrrda dtult i on of t he gene
di stribution of the actual samples, which ma

the differeamd. bet ween

Random Generated ’ "Real or ‘u\
{ N01se H Generator | e —+D15011111111at0r ,\ Fako

Real sample

Fi&gll The basic structure diagram of
Fizzll indicates the basic principle of GAN.

and generator appr oXOQOmant® y n raersp ercaprveedegnt ddh e
of random noise and actiuadntamppbestavel yepbe
di fferent training objectives of t he discri

defined respectively as:

i Elb oo O, 11 g 0"0a (2-11)
i A®@ Oho O I Tag O 11
0 "0a (2-1 2)

whebd eOi0ant OO represent the objective functio
gener ator ppRBoquadgciacdns e combined into a singl e
overall training operation of GAN, as seen i
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i ETl A®@ ORO O 1T O« 11 00 (2-1 3)
Due to their ability to | earn deep represet
GANs have received a | ot of attention in a w
used i n mechanical def ect diagaosmbal anacecle

di fferent machine health conditions can be
classification can be achieved by incorporat

Il n general-hadsvdd amBDIDLs hraawb ac ku,niwleircshali s t he

a substantial quantity of training data to |
a customized manner. However, for various re
corresponmdemtg hewaldit i feondi tions. 1. | ow fregq

rotating equi pment i baéerdatha give -dadnmgehudng nigde mesov e
if a | arge amount of data is avai llayblae.s nmahdr
amount of sample data to obtain highly accur
algorithms in an unsupervised manner. Due to
GAN wi | | | earn sampl es adahpet igveenl eyr aftoorr tarnadi nd
have completed training, the output of the ¢
samples even if the input data is random noi

such -@GA DHDGGEANChaverdeednstrong generative ef

GAN method to the FDD of a motor instead o
increase the i mbal ancebadcdaetda meft htolle gmomteoat ed
sampl es and i mgryovoefd ftahuel tacdcivargnosi s compar
met hods. Owing to a complete -baskdofaahomdi e

model s do not recogni ze the

case of new types of faults. Using stacked
adversarial net wor ks, [ 95] piGAMNG s @ chad feawlbtl
di scriminator to determine the damnpn e@a fraewllt c

di stribution. However, |l earning various dat
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Further mor e, t he proposed met hod can el i mi
di stributions of different fault patterns di
generalization capability compased ontG@GAM. sT
met hod is of great significance for solving
practice. Although FFT requires | ess expert.i
still requires thaendistthefprsomgonsadd pmetcleasd | man
entdend faul't di agnosi s met hod. [ 9 6] studi ec
di stribution for each healtmupendi siedn appd
i mprove the fapabrkiextohceioh GAN with bet
compared t o -lmasseidngapepr®AaN h. The generator
symmetrical structure which has one input an
the i nputgdmegreat oorf itshedetermined by the size

1281 128. RelLu is applied for the activation

the output | ayer. Besides, only 200desla.mpT hees
performance of testing accuracy is greater
1. 2%.

256.Deep Belief Network (DBN)

I n contrast to traditional neur al net wor k d
are probabilistic generative models in whict
bet ween the observedbyday ar atnadvast mbeentdtaebhrle llisn.i tLi a

to be assigned to the entire umetdwarok ascohitehveet

solution. DBNs consi st of mul tiple | ayers o
typical neur al nezlwar KT hes es mewmwoirkk sFiag.e " co
and hidden | ayers, with connections between
the internal units. The hidden | ayer dWnits &

order dyed idnspha visible | aye&Hf tThhe ouglha ttiha
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weights describe a probability distribution
cel 0.
(oXe;} =i} B o0 B @Q B B 000 (21 4)
The probability distribution of each possitk
by the following energy function similar to
noeE] —Ao@bpodH] (2-15)

Wh e the— B ; A@DOURQ .

The conditional probabilities of hidden and
N'Q pL] —— (216)
h
N'Q pE] S (217)

The RBM model with binary cedli &ecahobe dJgrad

foll ows:
Yorp -(Yp @00 ¢ @0 ) (21 8)
Yo ~(@00 ¢ @0 ) 2-19)
Yo 60 ¢ 600 ) 2-20)
whe+ies t he Iea@@‘]gnigs rtatee eaxnpdect ati on val ue,

conditionalh@diretcoinbButriueni on of the distribut
in the forward direction RBM | earning may be
which is referred to as supervised initiald@

having a priori knowl edge of the supervised |
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Hidden
layers RBM
Directed
belief nets
Visible
layers
Fi®&g2 The basic structure diagram of
Some -bBdled FDD met hods are carried out i n
hi erarchical di agnaocsairsr ynientgwoarukt o(nFaON)c rda |al gi nnog
of two |l ayers of DBN, was proposed in [97].
to deal wintolotthmessomf the fault vibration s
and its nmmalgndarm dee leeovhi eved by HDN and weak
to avoid device performance | oss and provi di
configuration. [ 98] proposed an i mproved <co
wi tbmpressive sensing (CS). The structure of
gaussian input |l ayer, 6 pcooonlviongutl aynwer shi damm
convolutions hidden | ayers and 12 pooling | a
for fault classification. The comprewseed vVvib
considered for wverification ihikted uper fsommdrec .

testing accuracy was 94. 89 %0ah8d8. the ismpamadwae
efficiency, CS was used to reduce the amount
Gaussian visible uni ts was devel oped to en
compressed dat a. Furdedep mmoeel t generoanlsitzaitcit
i mproved wusing the exponenti al moving avera
belief neD@BNk bHbAEOd on ant colony optimiza

proposed met hod c o,nstiwot shiodfd eonn el ai yneprust al nady eorn ¢
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signal is a Vvibration signal with 1024 dat a
the training process, the training accuracy
respectivel y. T hbeyl &RyBaWr glr eeardryi nifgé weelt g evreiatymnp rce
unsupervised models regardless of t he amoul
performance of deep belief networks can be ¢

best choice of parameter ACOhi sughudutabtl ee f o

par ameters. Therefore, the parameters of the
The composition of the DDBN model can be com
process and prior kmcowledge to i mprove effic

257.Aut oencoder

The autoencoder neural network is an unsupe
val ue equal to the input value2b3 Il usshgated:
basic structure diagram of AE. An autoencod
components: an encoder function and a decode
autoencoders have been usfeudn cftoiro ndailmelnesaironnianlgi.
prototype structure of the aut oencotdreai rhiarsg r
of the hidden | ayer -bwlsayngr agr asendsy ptemr aii siemg | ¢
uses BP to tuhentehwoektiheounghraystematic p
algorithm greatly reduces the performance n
i mproves the undesirable situation where the
short, wiotmpatrlerel ori gi nal AE, DAE can increas
hel pt rprgieni ng. SAE only changes one thing: th
and then the original i mage withouttt emroirseb s

representation can be extracted.
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Decoder

Encoder |
Input data Input data reconstruction
Fi &3 The basic structure diagram o

The dimensionality reduction includes the e
highmensi onal -ddanmeanst onal | o&presentative. T

opposite of the encoder networ knatnidon sr etaurtn

studi<ddméeowi onal f edaitnuernessi otncalt demthai.ghThe equ
bel ow:

N Voo ® (22 1)

® 0 w0 (22 2)

whedandare the weights and biases of the net
The purpose of t he autoencoder mo d el is t
minimizing the reconstruction—andoacan Theref

optimized by mini mizibngwhtihlee egéicvannsgi ngc siamp | e

0 -B my wA (2-2 3)
—h— AJCEDl —h— (2-2 4)
whereanddenote the optamel, vrad upectoifvel y. T

gradient descent (SGD) algorithm can be us
equations are shown as foll ow:
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wher

—N - _— (25)

S R — (22 6)

es the | earning rate.

A monitoring method based on stacked denoi s

stac
corr

spec

ked denoi-basgd aapprenaoldecan effectively
upted data and shows well p oitse nd u iatl a biIne

ific health state identification for sig

in operating conditions [101] [102] . A nov

cons
di ag
vi br
cl as
new
di sc
aut o
rel a

t he

tructed by normal i-E€N) pwaspHoes eadu tf man d ond el
nosis [103]. In this approach, the LCN f
ation signal using NSAE. -iTrhwar, i atnhte flLeCaN |
sify the healnd kaneddtoont boé tedar maad hi e:
deep | earning algorithm for bearing fau
ri minative and structur al i nformati on I
encoder mdtel meadhoadpplanedt udy the associ
tionship information between multiple fa

deep neur al net wor k. To effectively ass

inBbtbad in different | ocations to obtain mor e

arr a
di f f
was
extr
wi t h
Vi br
cl as

f eat

ngements and environment al di sturbances,
erent diagnostic resul ts.i glhoali nfpursoivoen tthee
proposed in [106]. The proposed met hod
acted from sensors and fed into SAE for
the same structure andyparsa melther st,r awmii
ation si gnradcse offaud-ndeaend amktterwi th 1260
sification accuracy was up to 97. 82%. F

ures from varioud semnmds ofreds iighntay ess eaw gera a ds:
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autoencoder (SAE) neur al net wor ks. The fuse
i ndicator s. [ 107] proposed a simple deep | ec
applied mani f ot Hsehled dr neimnmbge dtdo ng $ fet anofiehd f an

clustering networks and simply combined the

mod el included 5 | ayers and the size of the
TABLZ3HiI ghloiDehetp Learning
Ref er Theme Principle Hi ghl i ght
[ 77] DCNN Mul tiple hidde Deep mining sign
.Learn hierarch To require | arge
representationst
[ 74] CNN 1D Convolution To decrease comp
Net wor k ' Hi gh efficiency
.Scarmualrt i plicat I nsufficient cl a
addition
Raw data input
[ 75] Sparse Unsuper viiasyeedr tr Adaptive | earnin
filter networKk .No malnautad 1 i ng r e
CNN . Softmax regres
[ 76] CCA .Moving Average Statistics are n
KLD C Fault matrix i failures
. To i mprove compu

.No prior knowl ed
[ 78] CNN RN Vi bration sign Effi cite nsta vainndg
CNN EL Weighted ortho To reduce traini

constraint . To reduce manual
.Randomly gener To i mprove gener
wei ghts performance

[ 80] RNN Vi bration data No feature extra

WDCNN Domai n adanpaiaste Hi gh Robustness
suppression

[ 81] WD CNN .Raw vibration To improve netwo

Adaptive batch No precessing re

[ 82] TICNN Entdend | earnin No manual featur
1D structure i required
Di reeenoi si ng ' Hi gh robustness

.High accuracy
[ 83] SVMCNN  Unsupervised f High generali zat
.Onl i ne anmd Itt icl e Robustness
[ 84] CNN 2D i mage conve Tinmaeonsuming trai
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reducti on
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Adaptively | ea
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SDAEBAN Estimating the
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vi suali zati on
Vi bration sign
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ACO Layleyyr ayer unsu

DDBN prter ai ni ng
.Search for the
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and | earning 1
| ayer
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Vi bration sign
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by noi se
[ 52] SDA ' Heal th status Adaptive mining
.Greedy trainincharacteristics
Hi gh diagnostic
.Strong robustnes

[ 103] NSAE . Raw vibration To generate disp
[105] LCN .Obtain transla characteristics
features Effectively iden
heal th
condi tion
[104] AE ,Association Ma To dig compl ex i

' Hi gh diagnostic

i nput data. The RelLu Wwasncapphievhiier thlee Ada
i mpl ement ed. Bearing fault data was wused for
10 types of bearing health conditions with 1
was up to 98. 9PI%e x | elsu #tae@r iofg croent wor ks, t he

presents a new deep clustering method for E2

|l ocal stream shape | earning for unsupervised
Tab23summari zes the deep | earning methods f.
demerits of deep |l earning are presented as f
Merits:

1) High learning ability. Deep |l earning perf
2) Strong adaptability. Deep |l earning cont a
mapped to any function to solve complicated

3) Wel | portability. Many frameworks can be

Demerits:

1) Computationally intensive.

2) Deep |l earning requires | arge data and conm
3) High hardware requirements.

4) Compl ex Model design.
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26.0t helhaklked approaches

I n addition to the traditional machine | ea
ot her popul ar dratsiefdi anea |h oidrst alrlei cpd rswe r evi e w
hybrid algorithms combining fuzzyhwoldegi( ANERH &
transfer |l earning (TL), compressed sensing
estimation strategy, arkdsgmmati zesxal gloe i t has ¢

eacharsled met hod.

26.1Adapti veumeuwureystem (ANFI S)

Artificial neur al net wor ks (ANN) have prov
motion conditions with high | earning capabil
interpretable and cannot expl aindegpd ainfdiad | ke
Anot her technique used for fault detection

human knowl edge according to clear and wunder
l inguistic and heuris¢eicompumsdi waloue®s mph reau
auxiliary functions. The init-thaénpaulaemetars
prepared by experts. Thetemerdet of wbzyilno@inc a
base and tthoe opatriammezeer s for the available dat
can solve only one problem from fuzzy | ogic
fault di agnosi s -Fuaz2zy .| Adapenve Slesrem (ANF
neudf ozzy <cl assifier approach that combi nes
networks with a fuzzy |l ogic qualitative app
automatic fault detection andedtagrasbs ANFI
its variations with other methods have been

Il n terms of bearing faul't di agnosi s, ANFI S

wavelet transform [1168 algotwbhmgsamANEKS offic
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classify faults in induction motors with var
|l arge and includes redundant noise, the accu
data is fed directly intod tsheel eclta osni fciaenr . mil
di mensionality of the data by selecting the
current feat udiementsa ohhke §tpwee. However, w h
compl et ed, each f eatewruendaett ®0 N tuaninresc eses\aetya
significant features in the feature space.

select the minimum features that define the
extrachoaodn dnedci si on trees were employed in |
redundant features from data to reduce the
classification accuracy, a compact and sim
copnut ati on. For fault di agnosi s of i nduct i

Regression Trees (CART) and ANFI S adaptive t

Since insufficient accuracy of the measurem
environment al conditions of the measur ement
cannot be avoided, noi se filtetrhegalmelcihtayni s

process the measured data for analysis and
spectrum analysis ( SSA), and sparse filter
effectiveness of FL dependsséeite,avwHiyc o ni nvhel v
relationships between fuzzy rules and relati
ANFI S based on SSA/SF bearing fault detectio
detection method. flrnofno rtnmaet inmoena swiarse neexnttr adcatt ea
and SF, and a database with tagged data was
by the tagged data and then faults were det e
order parti cloepefdi Ittoe rmavkaes pdeevdeda tdiea n sH MiMa st ehda
integrates ANFI'S and modeling noise. Advance
model i ng. By combining AbBDNFUOUEBr antMMpwases$®r mert
be wused t of auwelstcrprbec e shse. Due to the dynamic
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adaptive scheme for fault propagation was
conditional data to build ANFIS for | aminar
based dmegquenecy represent-based @a&B3 ivwansd C
proposed in [128]. The fuzzy Doppler del ay
reduce the computational effort. This i s an
approach for selecting theedptfirman trmemise r eafm
and then using the capability of a neur al n
bet ween the input and output. The model S

di fferent cl asses.

262.Compressed sensing

The increasing demand for information about
has promoted -thmenmnssieonafl hinglor mati on. To e
comprehensivel vy, monitoring systems b@sed on
empl oyed. Multiple sensors acquire a | arge a

|l ong operating cycle puts a burden not only

era of big data driving moefofre chteiay @ hi nmfoar rmadt

| arge amount of data is an important topic
wi despread attention. This method theoretics:
original signal an dh eacshiigenvaels itnh es irzeed u cltti ofnr ec

theory and enables compressive acquisition

Thus, the sampled data is greatly reduced ar
achieved ebameas uwrnedt hdata in the compressed ¢
depth domain. A new intelligent FDD combinin
projections in the transform domain were us

compr esdsitohne,n aan st acked autoencoder networ k |

built on mining fault information using a de
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of multiple hybrid faults is an essential to
and analyzing the frequency of mul tiple an
measurement and edptmenmmisz aotniad n hoyflprraiodh ofgebadt unred hs

can detect the possibility of multiple and c

263. 1 nfrared thermography and tempe

When constructing an electric motor or sele
stress on possibly defective components of
Competitive pressure and high piovecudthidaumrstac ys
engineers to |l ook for new ways to increase
overheating can severely damage motors, accu
during operation. Among t hse tti wpei ctaol |loyv ecrrhietait
stator end windings and bearings, permanent
to damage to the -hmosgeod. mMmAads hoemgénitsengroovi de
picture of the macshinnoet' se ctohneorrmacla |Isltyatoer, tietc h
rotor temperature in this way. I n particul ar
thermography [122] [123] or classical ther mc
not yYetednindustrial mass production. Theref
on estimating the rotor and permanent magne:H
estimati on met hods, machi ne | earning ( ML)

approximation of the undéitdyshgws heheal déeadec

ML model to the collected test bench data an
accurate the thermal state i rnfhoer mheettitcer abhteai
monitor critical operations and apply derat.
recorded on the test bench or in producti on

can rely on thempedroatmorde | e stiimmdtear ¢ et han dee

of demeeicn fi c expertise and instrumentation
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certain classical supervised |l earning algor
components i-hi mMBSMasndeemahstrated by extensi
di fferent benchmarks. Al ternati voeldyet eicntf rbaeraer
failures i n rot adteisntgr uncat @ mvited € tnyomiam n&@ rno Mo we v e
is Ilimited by the minuscule amount of inforrt
address this probl edn mgrs$2i6din sievetl ®pwdv al atwo
DWT) based I RT technique for identifying di
out er ring cracks and i ngufnfeincsiieomtal | wh rsica aet
transf®Wh) (PRBsed | RTpmketcothpoRenthcanal ysi s
decrease the dimensionality of the recoverec
then a mar di stance ( MD) procedure was use:
i mportance. Ftoiro nf aaun & pcdrafsosrinhanccae eval uati on
were input into complex decision trees (CDT)

vector machines (SVM).

Testbench Data Aquisition

Measurement || Control
Interface unit

T X

X;y Model Training

Y
Workstation X ML y
/HPC Model

Field Application

A | _
- _l _I
- )
7
X I == |s,

™~

Figld The entire process test benc
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264.Transfer | earning

Fault signal p rsoecpeasrsa tnigon nacn du deexst rteheet i on of
in predictive model s. Fault discrimination

obtained through signal processing using a ¢c
faulpgl esesam s wusually smaller than the number

class i mbal ance wil/l | eaénsotthhe olVasbi ftrcat
data i mbal ance problem can be soltveduby denag
it 1is difficult to determine the weighting p
possible from data sources i s a major issue.

obtain fault chawacéerizatiosni mpsattscaHofor
equi pment to intentionally damage them to a
chall enge to make full use of historical dat
[127] pmepbsddta solve the problem of degrad

di fferent fault data caused by feature trans

(TCA) is a classical approach t o sdoltver gaedap
domai ns ar e maipmperds itonaa hriegphl i ca ker nel Hi | |
di stance between sources is minimized while
feature extraction method i shuséd s8oudtcsecawn
domai ns. Through feature | earning, a fault
conditions can be built to address the probl

265.GAbased approach

Genetic algorithms are search algorithms ba
characterized by parall el computation and g
met hod of approaching the optimatalkobpti mhz:

met hods, genetic algorithms require |l ess in
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genetic algorithms are often used to optimiz
or fuzzy | ogic systems. [ 28] presented a di :
backpropaAMNIiaolngdrAi t hm f or r ol lei ndhebeNa\r isng ufc
accurately. TANNEN pcroonpboisneadt 1 @A strategy can Dbe
designing appropriate, fast, and accurate A
Besi des, to i mprove featlueet isempamatbhddds yj ne
particihasewarnmpti mi zati on have different dr aw
|l ocal optima and computational inefficiency
features -dinmetntse athiargdr fs et can minimize faul
Moreover, unli ke traditional <classifiers, th
technique for anomaly detecti on, i ndependent
modes. tor bm@aring faults, traditional fault
specific problems and their design depends c
a GA optimization al gor i-ddmaitrh aft e actounrtba next ru
supervised artifici all Si)ntteol Itirgad mc et htee cdhertiegcut e
amount of i nformation. The proposed met hod ¢
range of operating conditiapepaclceneatal ¢tgn baé
al | practical fault situations. Negative se
di stinguish standard data from faulty data.
current signals oft drhegenoeroat.i dn fdterr eetnd g ideed e
vari ant s, including GA optimization, <c¢clone s
[132]. However, the increase of data | eads t
detecti on.

266.Arti ficial Ant System (AAS) ant¢

A uniform sampling window samples the sign

smal |

er size are insufficient to accommodat e
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di mensi onal signal increases the computati ol
technique based on the Artificial Ant Syster
faults. Besides, dictionary | @admumiengoingdidipao
mul tiscale dictionary | earning met hod wi th
extracting fault signals and requires | ess |

[ 135] proposed a fasteal addpttvenagray amefr n:
adaptively selected the l earning scale and
parameters in dictionary | earning. The techn

fault detecti on ederpfeadr maan ed .f e[ckt 3 6/]e cheand r espo

met hod that combined feature extraction, f i
collecting the starting sample data and proc
broad I|lcecatnang the networ k. The network wa
i ncrement al broad | earning until the test ac
TABLZHiIi ghl i ght -Boafs eOdt hert hAd d
ReferTheme Principle Hi ghl i ght
[117] ANFI S Ithen rul e Nonlinear A
.Member ship Capability
i nput .Hi gh adaptabi
[118] DT ,Rul e conver Taeduce dat a
ANFI1 S Vi bration .To enhance
signal inputperformance

Less accur at e
the current

signal
[119] ASSBDI'M Sparse filt High accuracy
.Singul ar Low calcul ati
anal ysis . Suitabl eagmlri c

.Ti me series
[ 59] HMMANFI S Markov mode Nonlinear map
. Probability Red#al me state
functi on
[ 120] Compress Nonlinear p Do not repuyi
Deep |l ea compressionknowl edge
Unsupervise To dig hidden
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Suitabl e for
amounts of dat

[ 136] Feature . Reconfigura High diagnost
I ncremen Simplify th Less training
Broad Le .The feature e

i s onpotti mal

[126] I nfrared. 2D t her mal .Nodestructive
Ther mogr Opti mal e Nowmontact det
ML matri X .Performance

transfer redundant
information n
[127] Transfer Feature tra To reduce f
Hi g¢dhh mensi onrequirement
mapping of .Cannot be apf
dat a target working
condition
[128] TFR .Smoot h bl u To reduce c
feature burden
extraction _To i mprove f e

[121] GAPCA LD Estimating- .Simultaneous
ANN di mensional multiple fault

hybrid feat

[ 28] GAANN Weighting a Fast structur

optimizatic High cl a
performance

[ 134] AAS Unsupervise To i mprove

classificatieffectiveness
.Data Cluste Removal of r
irrelevant
i nformation

[129] GAAI S . Spatial tra To reduce c

[ 133] compl exity

[ 135] Fast MMSDA Adapti ve .Short running

estimati on .Great fault
.Mulstcial e | eeperformance
27.D0i scussion And Future Devel

Albased techniques have been proven t
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in motor drive systhame.d Dmeedp ordesu rhalv en gtrvadrula |

in industrial applications due to the contin
of neur al net works deepen | eadnang stod ut hen s |
gradi emtasi.niPm@ met hods alleviate the | ocal o
gradually becomes popular including DBN, CN
di sappearance, transfer ff uregptiacres ssgooi @s aR
basic form of DNN. DBN si mpl ydicnoennvseirotnsa | a nv eici
i nput without <domeindeoinay sB8heuttwore infor ma

represent the distriidaltipni mtf odfatvai €w oam da csa

of similar data itself. However, the generat
surface between different categories, result
as t hmi Watsicve model . I n the area of 1 mage r e
is a popul ar st-uuldyr itnogpi wet warsk weadpgohltogy r es
net wor ks, minimizing the complexity woé&l the
recognition methods require extensive featur
may be wutilized directly as the input of the

can only propagate up oneilsayeard,e paemd etnhte apr @

call ed forward neur al net wor k. Il n RNN, t he

next timestamp. I n addition to solving the

(0

t

memory units (LSToM)praervee npgpr ogproasde de nt di sappe

tempor al memory function through gate switc

that can efficiently mine the intrinsic di

st

Il n addi tsicorni,mitnhad i ¢die power of GAN discri min

integrated fault diagnosis model s. Besi des,

from data sampl es, achieve great perfor mance

engegiemi ng.
The different signal pattern of the motor
conditions, and how to effectively detect
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a major challenge for future research. Tradi
adjusting the model parameters and structure
monitoring performance. Il n addworks,i $ hpr opao
novel research topic in deep | earning. Co mg
dynamic neur al net works can adapt to differ
structur e, which offers amnxdeasdéagpittabadvagt adge
dynamic neur al networks with different stat:e
great potenti al i n el ectric vehicle power |
reinforcement | eadriepg, earmeagntallyyopopiwimar al
feasi ble solutions for contr ol drives of el
capability. Il n conclusion, the adaptive adj
structure phacadiwindespage in electric vehicl.

and efficient motor drive performance to mee
vehicl es. Farit\neemmede ,al gatrat hms cana,eff ec:
which ar e meateinvda tferda nbeywoernkds t hat provide sati
requirements for domain knowl edge. The i mpr

based techniques ai msb afsuerdt hea p atboiuleésn lyiamocfe atu é

detection and diagnosis applications. They s
di agnosis and prediction in various demai ns.
based technol ogi es hasi natitnrtaecltleidg einntc rneoansiitnogr

—
Q
c
—

detection and diagnosis of motor, they
autonomous condition monitoring and fault we

system can be achieved.

Il n summahgpteenhews the application of artifi
fault diagnosi s. Comprehensive studies of mo
so far been |l imited to diagnosing f.aultsi s$n
di fficult to detect faults in motors wunder
may be reduced due to fluctuations in rotor
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Therefore, it remains an open challenge to

on -bAdsed faul't diagnosis. Artificial intel |l
includes a |l arge number of .ki.pfpercessi ngpesxod
and selection of appropriate statistical f e
chall enge to choose which tool i's best suite
situations. Mdr edverc, ptethdroeg iresaalrch i n this

techniques for fault detection and diagnosi
traditional met hods to artificimdseadntcildgmes
syesms stil/l have some challenging tasks to at
computation time, adequate database and robu
Overal lc,haipn eomimo®n el ectric motor and faul't

fault detection and di agaloyg sTeshdementahi ondsst r heaavre n

feature extraction are reviewed, the applic:
fault di agnosis is stated in a | arge space
background: tradi deepal emaohinge al garnit hgms ar

the deep |l earning pabdasedl| onbesvh & Nahpde da hgoge th
achieve di fferent pur poses. Finally, t he I

chall enges in fault monitoring and diagnosi s

Chapt edy b 81 d Mo del for I

Diagnosis of EV Powertra

The datadriven approach plays a critical role in the reliability of permanent magnet
synchronous motor (PMSM) drive for electric vehicles (EVs). Generally, data limitations and
the ability of algorithms to extract fault features significantly affect éréopmance of the fault

diagnosis. It is challenging to obtain the desired number and quality of samples due to the huge
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cost of obtaining fault data for motor drive systems under complex operating conditions.
Considering the drawbacks of dataven methods for fault diagnosis including hardware costs
and data uncertainty, a combined model and-dat@n fewshot learningnetwork was
proposed to detect voltage source inverter (VSI) eperuit faults in PMSM in thichapter

The proposed method utilized the residuals obtained from the observer data and the actual
measurement data being used as raw samples to get rid effetis of harmonics and thus
improve the quality of the input daiareduce diagnostic uncertainfyhen, an attentichased

vision transformer (ViT) model is applied to explore the association of global features of the
input samples rather than local features for the input sample by signal dimension conversion,
which in combination with the Siamese wetk framework. Finally, the experimental results
verify that the proposed method is successful in extracting the fault characteristics from the

restrictel data and achieves stable diagnostic accuracy under varying faulty load conditions.

3lIntroducti on

The el ectriicndvueshtircyl eh a(sEMgr own rapidly in re
being environmentally friendly and energy ef
battery wunit, DC/ DC converter, vollt3g7geAsoar C

power electronic device that drives a motor
of the voltage source inverter (VSl) 'S cCr |
percentage of faults occurri ngnk nc apaachi tpoarrst
power el ectronics devices 40%, 1d3|8odés aéthdi ar
VSI al so faces challenges such ag&3e@lfPctr oma
|l nsul ated Gate Bipolar Tredsastpower | &Bdsc)r @

to synthesize the AC voltage at the output

semi conductor devices are the moserfapgiieat
[14]1 Faults in VSI can caysdaoaat astprophhigat
propagaihemef or e, accurate and tfsagtn dd/étl e atrieo

Pageg 71



Chapter 3 Hybrid Model for Inverter Fault Diagnosis of EV Powertrain

i mportant . Failure modes 1in invercierrc wiotwefra ud
and opereaoauit faults. Failure is wusually causce

to failure of the bondingawidr ebseanmgcbifnghte

Swi t c hi-onigr csthiotr tf aul ts can bring abnor mal ove
in a short period, which results in irrevers
The €£horcwuit fault is detectedld4gnhd Ons alhaet eod

hand, -ahr opien foanudgtmainghet | synotvem but al so decr
performance with current distorfi1#48n and el ec
| n t hoeett Batrat st udi es, t-berapptobhabks tHdbagpeni s
f ocused-bars edi,-g areoédde,| -darn dv edna tire} 41 §]6.d sTy[pi cal | vy,
and cur rbeansteds ingentahlods are used to achieve fau
extracted from the signaldas@Adnofngultth edimed modis

c

c

rrentldpetamad clurrenlt4d)r ampeanatyacsed the a
due to the advamdeamt off Mma&cmigne narpienverter
| nL48 a met hod based on a reasonabl e esti mat
with single or double signal | oss faults. 1
proposde]® ¢an[identify faults by detecting wh
the stator currents are orthlo5j0pnahnldyt hlki goed
DC1pH]15P1, are also appliedi fouit-bardlgpld@mud its

Further more, i n -btahsee dp raopppBrsbéddc hvfopl §tta gfea u | t de:
|l ocali zation are achieved by adding additior
of the increased hardware cost and wuncertain

Mod-ehsed met hods have beebnp spirgonpiofsiecda nftd wl td
met hod baseduenceecarrent component (ZSCC) a
met hod prDby®siesd rionb ufst to parameter variati c
transients. Mor eover, met hods based on diffe
highly @é&flfficepomnted a fault -cdetcardtti dmurmdtsh a
mul til evel converters based on sliding mod:
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observer, nonl inear -i ok ®egmrwade i 5p8iak®d vprogomat iga
di agnosis performance with a relatively shor
resi dual values for di agnosi s, they are hi
Further more, a suitabl e itstsrues honl de nsseulre cntgo ra n
robust di agndstsfh €J.f olrnmaandcdei t[i on, t he met hoc
model as a fault detkRetweerbhyt teo mputtii magt & ch es i
signal has been c¢cdmt3l@duél6.sl y i nvestigated |

The -dlmitwawen approach examines the distribut.i
make the most of the diagnosticcimdwirtmadefoac
t hipehemse 1 nveBNbarse,d ai R@Aosi s etde & Bh6.i[hl6le [wa s
a I-toinme a#®hdmehmemory techni gue -owarsc upirte paonsde ds
circuit f-aeve$t nhestbellimeutral pil ot convert e
applied to fault chhraovestsgatedeat facl t o
openrcuit failures in multilevel Il nverter s
(PCA) and multiclass coemQVeM)at iRoenc evnetcltyo r Fnaaucl h
power electybnidsapprogch hbomndbriinviemg ampopd ela car
become an attractive research hotspot. I n
on converters and the | earning capability of
t o ieecvhe a fast diagnosis of various operatin
and -Whaagsead | earning capability. However, t he
uncertainties contained in the gighat he haitag
for the extraction of fault wvariabl es.

l rrel evant features in the sample of diagnc
the diagnostic performance. 't is i mpracti c:
data wunder changing operatingachinelve i bhe. deé
di agnostic results wusing hewdrpkroped enfyabulitd ¢
di agnostic scheme 1 n whi chs haotmalcehairnnei nlge airsniir
comprehensively eval uat ei oaan dc ownttialHinzedy utelnec nfi
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components. I n addition, a state observer is

residuals as diagnostic variables to get rit

harmonics to improve diagnosyi di aghostmnessaca
small sampl e si ze dasttavads@uhnmemactoentterdi.buti ons of
(1) The analytical model incorporating an ob
val ue of the VSI fault signal can provide in

performance of the diagnostic model

(2) AMrdatean di agnostic model based on a Siar
mod el the sample and distance distribution.
training datasets is avoided.

(3) An attenbdhdoend meacdhtamries mextracti on modul e
gl obal features to reveal hidden informatior

accurate diagnosis is performed for differen

3.20pemni rcuit Fault Analysis in PMS

Il n a PMSM drive system, space vectlas piud ale
contr ol mephadef permaneeat magnet motors, whe
consisting of six powephaswe tgdhweaerg ieh\waenetndérs ¢
width modul ated waveform tbatnmn enoabékeastbkossa
to an ideal sine wavefopmas@heobkpage sg¢entbes
Yo Wy oe Uy oea QYT (a)
To make the projection of the syn{phasiezed
coordinate axis equavatt met hse mamtiialler edctacr

switching of édiofotii opwhere the upper biridge is

where the | ower bridge is turned on. The rel
the switching function of the bridge, so the
% =Y i i Q- iaQ (3-2)
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The contr ol system needs t oY out pwhi cthh er ove
counterclockwise in space .atWhae nc eirtt ari mt aatnegsu
si xdegmee sector of the vector diagram, t he
vector required for this i nterval and dr i\

corresponding t o cthhinsga v £i@od rog Thh e i gihx swiltt ag

placed in the sector diagr anfy aAsc osrhdoiwing itno Rih
l aktelfropenrcuit fault ¥yssadiesxampleet edhent me
signal, which changes from the high signal ©0
of 606 are kept unpchhaasneg evdo |atd & gée0edin m vTehietr etrnhir te ew
due to the open circuit fault, therefore, t
accordingly. Il n theevecvectdisghame sher Bam

adjacent vectors dar.e Tavypaovedt®ld sdd@rveeseaamarar
in the center. The switchtcihgcuwitgnfads!l tag eamd s

vol$$@&e vector has different phase voltage
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To explain the mechanism of th& inverter open circuit failure more clearly, the fault
system is simulated by MATLAB/ SIMULINK. The PMSM used for simulation has 4 poles,
the speed command is 1000 rpm, and the fault is injected at 0.5 secon8sl. kiglicates the
threephase stator current waveforms of a PMSM in the switching deviceanent fault and
healthy states. The reasons for the distortion of each phase of the stator current in the fault
interval and the normal interval in a completeleyare analyzed as follows:

Failure interval: From Fig3-1, the current distortion occurring in the fault interval is
significantly different from the healthy current signal. When the voltage space Wectois
in the late sector V, sector VI, sector I, and early sector Il, the phase voltagebtained
from the decomposition of the space vector while the fault state is 0. It means thaf'When
goes from the negative half/cle to the boundary of the space vector while the fault state is 0.
It means that when'Y  goes from the negative halfcle to the boundary of the positive
half-cycle, the synthetic voltage space vector provided by the system after the faultkeeps
at zero until”Y  enter the negative hatfycle again,® is unaffected. Thus, thé& is
observed on the faulty stator current waveform in the negativeyat in line with the current
waveform in the healthy state and remains at O on the positiveitd.

Normal interval: In simple terms, the normal interval is when the voltage space vector is in
the later sector Il, sector lll, sector IV and the early part of sector V. Thepghese stator

current waveform at this point is the same as the wave.
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A) Faulty state
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Fi 82 Responses in the faulty half of a 1

333.The Pr opodPadHyMoried ven Met hod

33lLuenberger Observer for the diagnos

Based on the precmsdePMSMhdrobeesysteman be
Luenberger observer is created to enabl e fas
the inverter is in a healthy state.-ciDueuitto

faulftfeedihack gain of the observer does not a

residuals deviate from zero. The main funct.i
t hfpdhemse motor currents. The spacarstatedmoda
model expressed as foll ows:

— — ] 0 - T o T

= o ; 3

I S _ (3
The gener al state space model i's given by:

wo ow 06060 O
wo 0w

(3)
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. Q s 0 .
whewe gfrepresents the st adtoe guamtpirtes eaft st e

control wquermptrietsye,ent s t he obser\bedTpTcgutput of t

Since the observer i sLucehmsherr\gaelkrl o bsteher ere egnusa

by the following equation:

0'0(‘) owo 000 O VWO wo (35 )
WO 0wo
wheroed w0 represents the difference bebween t
represents the feedback d@aval.ueMoafefoeveetrs ttte

performance of the ob

server.
| W
Assulﬁe‘
W

p (36 )
whefQeepresents the error between the Dbserv
into the above equation, giving:

Q 0 0o6Q (3-7)
Il f we nedd etnd makdeode 0, then all the charact
0O VLOshould be negative, which i s:

YO 06 1 (3-8)

Through the pole confliégilQhreatd bsner tere if e ealbtaacik

332Transf-Basialchi ne Meamrhi ng

After the observer provides stable and i nf.

model s adatriaena apgptradach to evaluate residual

than threshold comparisons, w hhb yc hs icnaunl tsai nnepol
di agnosing and | ocating fdagleds malkchmi nhlei $ epampé
proposed. The proposed algorithm has sever al

Patch embedding and position encoding
Since the model needs t he idnpmetnssiogn aln pauft t:

the image is obtained through the previous !
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after the image he idnpudedoiinhe $liowmdssddhah

(D) token embedding. By converting the grap

picture into a small pat ch, each patch is ec
i's thefprooessessing each patch into a vecto
connected networ k. Then, each converted emb

nf ormati on.
00  OERé&pnnan (39)

00 f Al @é¢fonindm (31 0)

whenéis the position that denot®&@&sepréacemntonst

i mension. Each di mension of the position co
orm a geometri cc‘panody petsasmt lotn ableltomese nt he mode
o focus on relative positions to convert co¢

i milar to NLP tasks, a more intuitive appro

However, It titsatwotrrtéhi miontgi nlgar ge model s whi | ¢

expand the sizk, obutt heat meprutt tbéd onumber of

ramewor ks, to be compatible with wvarious t
osition of the entire encoder, and the feat
sed aiscatliasmsiffeatures to train the classifi
| earnabl e class token is added at the firs
t the first position, and tuhsei ncgl atshsei fMLcPa thiece
he network is trained, the token is randor
ncodes the statistical properties of t he
nformation from alrle oadigrre g atkiemrs) .( gA so biatl ifse

mage content, it avoids bias toward speci fi
Seaftention Mechani sm

The entire networ k str dactttuernet i ioctho mendle df lepeads 0
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networks. By stacking the transformer, a tra
be created. Consider RNN with information | o
mechanism can be used to redusei hhehdi stegnoeas
constant. I n addition, it offers better par
Attention function can be consi der evdalawe (aV)ma
pairs. I n the processheafe caamp uthirmreg arati enn tsitcoen

Transformer Encoder

Multi-Head Attention ™\
output

Linear

Scaled Dot-Product ™
Attention

output

MatMul

it

Scaled Dot-Product h Multi-Head
Attention Attention

Linear Linear Linear

r 1t 1

—
Fi g&3.Structure of transformer encod:
wei ght s, the first step is to calculate the
similarity fanrcdaoto,ns prodbaoatte and perceptron
wei ghts are nsoofmbmanvweidonsi @ acquire the fin
the related key values are weighted and sumn
600 QthibdE | & QO G- ad (311)
where the dot product of Q amdn@é rleplraersgeenrt sc
product represents a Q@Qreptesentegreke o$caliimn
introduced to prevent t hesgyhttamax causmery ttdce
derivatives to conveangédatre@ nemr osaol fitready dye!l @s
mask matrix (attention scoreVmapregenwsthhal
transformed features of the @hpubbt@dhe mhsek:

features.
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The purpose of-Héead rdAdtuentB@gobodMudni Bi go 8i vi de
into multiple heads, forming multiple subsp
aspects of i-AeadmAttentioml|lits the Prodeasd of
Attenti ddhi meecasd then combining the outputs
D6 dBOBNHI 6 ¢ ¢ dBDBOB RM o' (3-12)
MOQ 600 Q& BIQBE (3-13)

Where W represents a different weighatrix.
Distance Metric

The Siamese network maps the input to the target space by a function that uses Euclidean
distances in the target space to compare similarities. The training stage minimizes the value of
the loss function for a pair of samples from the same category anchizes<the value of the

loss function for a bunch of samples from different categories.
0 who YO YO (3-14)
where O ®hw represents the distance of input sample featurg¢®w and YO

represent the extracted features of the input sample after the transformer encoder in this article.
Loss Function

The input to the Siamese network framework is a pair of samples rather than a single sample.
Given the label of whether a pair of samples are from the same category. In addition, two
identical networks are designed sharing the same weights and a diseasteers applied to
the output. A loss function was designed for the input pair of samples to determine whether

they were from the same category or not.

=y

8
0 ¢ hoohoo p ®-0 ohh vl (3-15)
where’ O who is distance and the input is composed of a pair of samples and a label, when
they are the same categoryy T, otherwise, p. Moreover, U is the boundary of

O whw which is the constant. The main advantage of this framework is that it is light on
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labels and has good scalability. It also works well for data sets with a relatively small size of

data.
Output

The similarity of the two inputs can be determined by calculating the Euclidean distance of
the output with the following formula in terms of whether the output of the model is considered
similar or different. The output is mapped to [0,1] where 1 indscthiat the two input samples
have the highest similarity and 0 indicates the lowest similarity of being idesigaiis the

sigmoid function andFC is the fully connected layer.

~

0 who | QQA0 why (3-16)
Training

The training process for fault diagnosis inputs sample patinghe same or different classes
into a VIiT based on the duahannel network framework to extract features, then outputs the
similarity distance of the sample pairs, calculates the loss via Equation 15, and optimizes the

model.
Testing

The input samplesv are paired with samples from the support set during testing to create
a new sample pair and data set for testing. Here the faults are divided into 4 labels, and the
typical number of samples per label when constructing the support set is 5. Thus dicakul
are performed under each label on the samples to be tested to obtain the corresponding

similarity probabilities and the average is taken as the final output.

Algorithm 1: Proposed algorithm for fault diagnosis

Input: Sample pairsO s the training data collected from the wavelet transfornesitiual
variables D is the depth of the network.

Output: Network parameters— (I=1 , [ @btained after training.
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1: Init ViT model and network parameters- , —8

2:for episode= 1, ...,i do
3: "YOw FYOw N VIiT model(O )
4: Calculate Euclidean distand® @ho YO  "YOw

5: Update— , — to minimize:

=y

8
bl p ®-0 afd ol

[02]

: When the stopping criterion is satisfied.

\l

: End for

[o¢]

: Return The updated network parameters , —.

3.33.Mechani sm of the hybrid method

As showm-3,i nt hFe gf.| owc hda-tt ¢ bodf r dtvheen ndoidaegin osi s

divided into-bpaeretisobseA mordeils used to obtai.l
t hen an-batsedsnhfogovnl ear ni ng model I's used to
cirtufaults. The current residual values are

and the estimated currents from the observer
achieve the input pairs for tlkee mtahahtninned IVa alr
modul e i n Si-maseesdk fnred mveowdkr k , the outputs ar
determine the type of sampl es. The detail e
shown in Algorithm 1. Subgequemiml yh,ast e esru v

experi ments.
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PMSM control model
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+
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S4Exper.
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S

The data used for experimental verification is collected based on the TMS320P23385

met h ¢

microcontroller as shown in Fig3-4. The ePWM module of the TMS320F28335 includes a

Trip-Zone (TZ) submodule, which allows flexible configuration of the PWM signal for high

and low impedancdjencethe TZ submodule was used to inject opemcuit faults in this

study.Trip zone are submodules in the ePWM module used to implement overcurrent or other

protection mechanismBi addition, the internal state variables of the controller are transmitted

via a D/A converter to an oscilloscope for observation and acquisttt@nsystem sampling

frequency is 10 kHz, and the thrpbase current residuals are sampled in half an electrical

cycle. The controller receives commands from the host computer via RS485. The PMSM

parameters used in this experiment are listed in Taftle
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TABLFELTh&ar amedaflehr& per i nPeMiStMa |

Parameter Value
number of pole pairs 4
resistance of stator 0.306q
d-axis inductance 2.4 mH
g-axis inductance 2.4 mH
the flux of the rotor 0.281 Wb
DC voltage 60

Oscilloscope —

EFX XL

msmComputer g Inverter = _
Fi b Thexperi ment al pl atfor m.
Four | ocal experiment al units were constru

i nver tcirr cowpietn fault states simultaneousl! y. I
by artificially supplying a swhtcbl begnab 6¢
real i nwearrtceuri toppeaul t. Fault i nj ecttiroann siiss tsoirt
of f, resulting in the current | oop in the di
the four setseofhexpamemenat smigmitemdoitri ethistr & |

turns. A total ohe 4001 settsedf fAdEa sthivdvae x e rTiar

2 het dat aset i s di vi ded into di toeméntoff & wlu
including the healthy state, Fault T1 state
bal ance the dat aset , their state rati os ar e

i mpl emented for trairninmeg ta nud itrfegsdtiteagoRigdi otr lkcihs
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a machine | earning framework that provi des
training deep neur al net wor ks
T A B L32FAULTY STATE AND LABEL
Operating Condition Faulty State Label
Dynamic Healthy 01
Dynamic T1 Faulty 02
Dynamic T1&T3 Faulty 03
Dynamic T1 $T4 Faulty 04

341 Mod8hsed Residual Analysi s

The qualified diagnostic variables require that the diagnostic variables should remain
constant when the system is operating without a faeffardless of changes in operating
conditions. When a fault occurs, these variables will rapidly deviate from the constant point
and depending on the cause of the different faulty states shows different features.

Fig. 3-7 shows thethree phase residuals under different fault states. Different fault
characteristics can be observed from the residual signal in the time doma#6 Blgpws the
variation of the estimated and actual values of the observer in different fault states. It indicates
that the feedback gain of the observer when different open circuit faults occur does not allow
the residuals to converge quickly causing the residuals to deviate from zero. Otherwie, Fig.

8 shows the dynamic response of thglase current for diffentload variations, where the

load variation is now sought to increase rapidly for a short pefioel.dynamic response of

the observer fluctuates as the load fluctuates between the different ranges. The residual current
varies periodically over a constant range, regardless of whether the load is gradually increasing
or suddenly decreasing. It showsttlize thregphase residual current can vary periodically
within a constant range, regardless of changes in other parameters due to uncertain fluctuations
in the load. It demonstrates the robustness of the residual variable as a diagnostic variable.

Furthermore, the rapid deviation of the thpdese current residual from the zero value shows
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the different characteristics of the fault injection experiment. Therefore, the current residuals

obtained using the modbhsed observer are satisfied with the diagnostic signal as the

subsequent dat@driven model for fault diagnosis.
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Fi &7.Thr ee
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342Model Optimization of Network Hyper

As can be seen in Table33 the accuracy of the model tends to increase as the depth
increases. This indicates that the increase in network depth has a positive effect on the
performance of the model in this experimental setup. Batch size has an impact on the
performance of the madl Smaller batch sizes may lead to instability in the training process,
which affects the accuracy of the model. Whereas larger batch sizes may lead to overfitting
phenomena, which can degrade the performance of the model testhset. Considering
various factors, the performance of the model with medium batch size is more stable in this
experiment. The learning rate also has an impact on the model performance. A smaller learning
rate may cause the training process to convalyely, while a larger learning rate may cause
the training process to oscillate or diverge. In this experiment, the appropriate learning rate
performs better. Different optimisation algorithms have an impact on model performance. In
this experiment, thedam optimisation algorithm performs better and the model is more
accurate on the test set compared to other algorithms. From 3rdbtéfferent learning rate
strategies have an impact on model performance. By using strategies like learning rate decay,
learning rate restart, and learning rate wapn the accuracy of the model on the test set is
improved. With depth and batch size kepnstant, for the same learning rate strategy, the
accuracy of the model increases as the learning rate decreases. This suggests that using a
smaller learning rate helps the model to converge and improve performance. In summary, in
this experiment, deepearodels and moderate batch sizes combined with a reasonable learning
rate strategy result in better model performance. It is worth noting that these conclusions are
drawn under specific datasets and hyperameter settings, which may need to be adjusted
ard optimised for specific tasks and data situations in practical application8-Jgdicates
the accuracy and loss curve in training and testing process and the computational efficiency
and resource utilisation of the model were quantitatively evalu&eecifically, the training

phase of the model required 656.63 seconds of execution time, while the testing phase was
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completed in 145.09 seconds. In terms of memory consumption, the training phase used about
970.70 MB of memory while the testing phase consumed about 968.63 MB.

As shown in Table -3, the experimental validation introduced other stHtéhe-art deep
learning models for comparison, including GoogleNet, VGG, AlexNet, as well as ViT (Base,
Large, Huge) of different sizes. It can be concluded that the proposed model performs best in
terms @ precision and recall, showing the ability to accurately identify positive samples and
avoid missing negative samples. Meanwhile, GoogleNet aneHide also show excellent
overall performance through mulcale feature learningnd seltfocused mechanism with
higher F1Score, VGG and VidLarge also perform well in terms of recall, with a slightly lower
precision but emphasising the focus on global image features. However, AlexNet performs
relatively poorly due to its relatively athow architecture. In terms of the ViT model, we find
that ViT-Base performs poorly, which may be due to the challenges of thattszifion
mechanism in the image classification task. However;Néige and ViTHuge perform well,
especially ViFHuge interms of recall, highlighting the importance of laiggale seHattention
mechanisms in capturing image features. Furthermore, a comparison of the different
architectures shows that GoogleNet achieves balanced performance using -scateuilti
Inception modle, while VGG's deep structure and small convolutional kernel help to capture
detailed features but can lead to overfitting. As an early deep learning model, AlexNet has
relatively weak performance, which may be due to its shallow structure. In conclusion
precision, recall and overall performance should be considered when choosing the best model.
This study also highlights the impact of deep learning model architectures adramdfn
mechanisms on performance, and future work could focus on furtherigipg ViT models

and exploring combinations of different architectures.
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TABLEFault

Di

agnosi s

Accuracy Under

Hyperpar ameters

Depth  Batch  Learning Number  Optimization  Accuracy
size rate of head algorithm (%)
12 16 0.01 8 adam 76.67
8 16 0.01 8 adam 79.17
4 16 0.01 8 adam 87.50
24 16 0.01 8 adam 90.17
2 16 0.01 8 adam 82.51
24 16 0.05 8 adam 73.34
24 32 0.01 8 adam 91.67
24 32 0.002 8 adam 90.17
24 32 0.003 8 adam 84.17
24 32 0.001 8 adam 83.33
24 64 0.01 2 adam 71.67
24 64 0.01 4 adam 68.33

T A B L34 Fault DiagnosisAccuracy Under Different Network Structures and

Hyperparameters
Depth Batch size Learning rate Number of  Accuracy (%)
head

24 32 Learning Rate 8 88.75
Decay 0.005

24 32 Learning Rate 8 91.05
Restart 0.01

32 32 Learning Rate 8 91.72
Warmup 0.01

48 32 Learning Rate 8 92.85
Warmup 0.01

Paged 91

Di fferen
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Fig. 3-9. Accuracy and loss curve in training and testing process
T A B L35 Performance Comparisonwith Different Models
Model Precision Recall F1-Score
GoogleNet 0.78 0.75 0.76
VGG 0.82 0.85 0.85
AlexNet 0.58 0.56 0.57
ViT-Base 0.63 0.71 0.67
ViT-Large 0.85 0.88 0.86
ViT-Huge 0.86 0.90 0.88
Proposed 0.92 0.91 0.91
343Anal ysis of feature extract:.i capa

To
conducted
met hods,
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effectivenbasedfappropchb
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adaptation The accuracy of each Theet hpordo pwasse di
met hod consistently outperfdapmat MANLsstaeeg s PN
adaptation process, the proposed method achi
for MAML and 75. 348t dpraddNpt altni otnhepr®@ es s,
achieved an accuracy onft |92 .h8 59%,e rwhtihcahn wahse s8i
and slightly higher than the 89.54% for PN.
of the proposed Siamese network approach, |
i ncreases.

The ability of the proposed method to deal
nomar ametric strategy can construct the samg
samples are near each ot her, @mdkddiafpfperoeancth
on the Siamese Network framework trains the
manner, constructing different pairs of samg
into the network for twahenhheg. tTikestmpl keayparti
same class by generating the corresponding
prediction period, the pairwise network pr o«
and the supporpr esdeitc,t iwant hbetihneg ftihnealcl ass wi t |
support set. To verify the superiority of tI
based on t he 3labnk otledat semgeeViT modEliwith.a limited number of
sampless weak in diagnosing the three faults, and ordinary ViT networks tend to mistake them

for differently labeled samples. However, the proposed algorithm overcomes the effect of
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restricted sample data and achieves high diagnostic accuracy when processing four samples,

with only a few samples being identified as coming from other categories.

B AML 9165 9285
— PN o750 ga.ss 034 8978 —— 8954
1 Proposed Method 83.45 8545 —— w256 84.45
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Fi 10 Performance compashsbonl| et hi cd amet ba
steps adaptations.
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Fi&llla) Confusion matrix of Vit CLonfubeodi a
matrix of the proposed method for the d
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Due to the superior performance of the proposed algorithm, it has the potential to be applied to
other types of motor systems. However, for internal permanent magnet synchronous motors,
the permanent magnets are embedded inside the rotor, which may detradseries of
nonlinear magnetic field behaviors, which need to be detected in the fault Special consideration
in diagnostic models. In addition, due to their structural differences, the resulting fault
characteristics will be different. This requiresuite work to further verify the generalization

in different data sets.

355.Concl usi on

Thickaptneeresti gates the per f-bama ddcrdiavbein choynbbrii

model forciVRIuidpdmult diagnosis. An observe
residuals as input samples for faultfewfor ma
shot | earning is constructed for VSI open ci

condition contains uncertain components due

the diagnostic model camgheseéstoBynmeceagsahe
as input signals, the wuncertain current comg
perfor mance. The problem of sampl e sparsit.y

addressed by -schoodg tiriangt ibrags efdewn t he Si amese

adopt ed-batstee@ntailgrori t hm can extract gl obal f
out put <classification performance. However,
can affecperdficargmeorsde,c it is required to furt
hybrid model under varying system parameters
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ChaptAert 14 1 ci al | nt el | 1 ge
Based Virtual Vi brati on

Il n EV Powertrail n

For modern electric powertrain applications (wind, electric vehicles/simpsftetg, the
vibration analysis of the electric motor is one of the most important tasks. Normally, a large
number of vibration sensors are placed evenly around the stator of the prototype to sample the
acceleration and vibration signals. To decrease the \obragisting cost and time, in this
chaptey an attentiorbased spatiadpectral graph convolutional network (ASSGCN) model is
proposed to reduce the number of sensamsaonstruct theibration signal of the motor. Three
spectral features of the vibration signal are modeled separately, and the correlation of the
operating condition force (OCF), acceleration and vibrpedance matrices are investigated
and analyzed in the spatial dimems Via dynamic correlation analysis of spatial configuration
and spectral response, the proposed ASSGCN model predicts vibration signals at different
sensor sampling points. A 20kIPMSM testing rig with Briel & Kjeer's vibration sensing
equipment is emplyed to test the proposed ASSGCN model and the proposed method

successfully reconstructs the vibration source signal and achieves well performance.

41.Int roducti on

With the popularity of per maesmleendt rmacgh\ed h into
monitoring and analysis of the vibration cha
vehicles can effectively evaluate the operat
continuity of the powertrhan at isoyrst®imgndln igse nt
machine faults and noise caused by excessi Ve
force sources of excitation for motor vibr

mechani cal forces. Meichthraanti icoand afe ftolranad ti adtno ra n
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el ectromagnetic and mechanical forces. Si mul
the vibration of the PMSM including cogging
pwlati on, et c. These sources have a specific

frequency of t6BEl 7MMSMhestattfoectf 1of radial for
with | ow modul Ug-Jli7e2. i Raeésali ghobede [ har moni cs

number can produce | argeikzowgf-nd@iesdmdyeysivg b
el ectrical machines based on the andl/psi s of
[17]14. Therefore, to further dgnegrii ftihceantow on od w«

predict vibration and noise durli7#pb7]6. he quant

Met hods to cal cul at eg avpi bmmaag n eotniad fflouwxc ed & re
Max wel | stress tensor, virtual work principl
finite el emdmt Masal gsusdifes utilize the finit
the flux density of the air graBp tBoy cuaslicnul aetgeu
to calculate the waveform of the air gap fI
approaches have beensusedthe pPM&EMcOHurhegviob
calcul ations based on equations for the wayv
promise in accuratellyefhpaeeidatchhe nmo ttdhre. VH ubrrtahte
El ement Met hod ( FEM) simul ations have been
el ectromagnetic and mechani cal interactions,
dynamics. Additionallgdalcombahysgs ewpehi meame

has proven lkifdecthgethe &acuracy of the pr

|l everaging the-basaldytiecadahi gneé sFEMget her, a ¢
of the motor's vibrational characteristics c
andi atkill ity in various operating conditions.

made usiip SBHEM a[sled on the proper materi al a
acquired by modal testing. Howevels t-lse tpme
consuming. The analytical met hods are attrac
as an alternative to the8lnoiAen-q@mpal rvaibataitv
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permeability formula to offset the rotor out
vi brations i n the8PmotDert adielseidg nn oprrnoacl e sfso r[cle s
calculations with phaseuputabhes aodpretdbct
been propPpsetihenefflect of air gap deformati o
and characteristics of radi al vi bration on
(I PMSM) at rated powdr i 3fe.p BT Ise ewidb ri ast it v ecsht a
mot are aefined by the el eegtarponfaogrncee i @amd | ¥y he
response of th8bsparopwmséadplhagsbd dz ssdrsi ti vity
vi bration prediction that can be freed fron
el ectromagnetic and str udthurpalopmerefdo ramacnocneb i ¢
based on the airgap permeance model (APM) an
(ARNM) at bt gui vel ygaagpn elxyz & atthenaifrorce to eval
The Fl gshwiwsr ati on anhtgsisveneahaldgsi € of v
signifviclhmat f om neotniiotnordiantga cvarbtrai ns a weal tl

about the operati Bg.stTdatee chfantglees mac lhihree mal

in the motor |l ead to changes in the wvibrat
eccentricity, stator winding or rotor faults
be monitoredsbgnal brdaheovi bration signal IS

mounted on the cap of the rmatchhe nhke adletalr i s1tga tou
based on vibration, the most suitable vibrat
need to be selected to be evenly distributed
be detected,ediagedseduantdo prhe high instal/]l
sensors and the complex operating condition:

therefore prevent the effective detection of
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[ Calculation ] [ Experiment j I Al bd“fd. Data-driven |
\ Emerging method) ;
el
Analytical Direct [ Signal )
method measurement | Reconstruction !
Strain gauge ——-r—
e FEM zau g . l___
umerica
measurement { _Cgriec_tltln_’l
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Fi 41.Cl assification of vibration anal ys
To decrease the vibration testi-chrgi weorstmanhi

| earmasnegd approach to recoombirwmati oon bwiat h o b |
di stribution relationships of vibration sens
number of sensors, obtaining an-dadcvwernatnmea cvhiihb
l earning methodegirespli edi ¢tais&ks amde been wid
el ectr i cwevre hii8BLng YP1pPpBL 916 And graph neur al net
suitable for mi ni ng g 8ph Tdhaet ae fffoercd g iveee aul s ef
met hcoadmsbi ned wi t h s enisborratsiiogn aslisg nteadlesp eiendsetnet a d
solutions is attractive indomdustsighahbhppt he
model uses the spatial structure relationsh
spectrum dootri otnheofexuwirbrati on features thr ouc¢
graph convolution for information uplhapi@g o
was summarized as bel ow:

(17The paper proposes an innobastedeSwpeadturadlon
Graph Convolutional Net work (ASSGCN) model t
virlati on signal reconstruction, thereby decr e
(27he correlation of the ¢@peéascacteilnagi gctnoangdni (t R AS)
anfdrequency respamee ifnvrecti grat(eedRRNd anal yze

Page 99



Chapter 4 Artificial Intelligence Neural Network Based Virtual Vibration Sensor Reconstruction in EV
Powertrain

(37 he proposed ASSGCN model |l everages dyna
configuration and spectr al response to pred);]
points.

(47 he experiment al ver ikKWcPaMS M nt eisst i megr froi rgmewd
KjbPr's vibration sensing equipment, demonst

reconstructs the vibration source signal and

42.Mot or Vi bration Anal ysi s

421St ator Structure Vibration Model

The inner surfaces of the stator core and windings are subjected to periodic radial
electromagnetic forces during the operation of the motor and generate vibrations. The stator of
the intercepted micrelement section motor is shown in Mg2. The number of stator slots is
n, and each slot contains a full massdf. The electromagnetic force acting on the inner
surface of the stator i) — . At the same time the stator section surface received
respectively from the adjacent mieetement section of the shear for&@ —R , shell section
surface also received from the adjacent maement section of the shear force

MM pwp
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Fi 422Shell -emmieacneant segment .
The expression for the mass of #fell micreelement segment is shown as follows:

@B YO —aQ— (4-1)

The periodic deformatiom of the inner surface of the stator caused by electromagnetic
forces is used as the base displacement excitation and loaded onto the stator structure to
calculate the forced vibration response of the stator housing. Using Lagrange's equation with

dissipaton, the response is solved as follows:

= x
0%«
5¢| =¢

"0 (4-2)

5%
¢

where -  represents the firgirder derivatives of the electromagnetic force and the base
displacement concerning time, respectively. Lagrange's equatie#)=T (—)-U (—R), T
() andU () are the kinetic and potential energies—R is the energy consumed by

the damping of the system. The equivalent stiffness 0 ‘O of the stator structure, the

equivalent damping ¢ & 0 —, where— is the damping ratio of the system.

0 OQ+6 OQ— 0 G Q— 'O (4-3)
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Where M, C, K, 'O is the mass matrix, the damping matrix, the stiffness matrix and the

excitation force, respectively, with the following values

5 "YH — M 5 9 -+
T Y@ © —ho
5 "0Y- " aY- " oY -
” O_Y_ ” .O_.Y_ T O Y_ ’
0 )
- Q- Q

O Yn k0 ¢Yo- —n 0 —f 0 —8 ; (4-4)

Equation (3) represents the vibration characteristics of The-segment stator by
superimposing all the micrelement segments in the range mf—to give the vibration
characteristics in the-dngle range. When superimposed, the internal forces in adjacent
segments cancel each other, leaving only the internal forces f and f to the left of the starting
segment to cancel. The excitation force is difned as follows:
YO B Yd —b

"0 (4-5)

Tt

Assume® - . 0-QHRD - _ 1 —Q-hthen the vibration equation of

the stator structure on the whole circumference is equation (11) By solving for 3 then the

vibration response characteristics of the stator structure can be obtained.

0 HQ+8 ®Q— 0 & O (4-6)
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422St ator vibration modal analysis

To obtain the modal parameters of the stator vibration, experiments are usually carried out
using multipoint excitation measurements and modal analysis techniques. The motor stator
mode is influenced by therder of the electromagnetic force in the motor. Moreover, to
correspond to the order of the electromagnetic force, the modal order of the motor is defined
as the same order when the displacement pattern of the vibration coincides with the force
pattern ofthe electromagnetic force. The order of the electromagnetic force represents the
spatial characteristics of therée, thel  order radial eletomagnetic force produces n force
peaks on the motor stator. As the stator vibrates at its intrinsic frequency, electromagnetic
forces in the radial, axial, or tangemhtirections are applied, and the response is generated in
each direction when the frequency of the electromagnetic excitation is equal to the intrinsic
frequency. Axial vibration is relativelyweak due to the high axial stiffness of the stator. The
focus in motor vibration analysis is on radial vibration.

The study of vibration characteristics is the key to reducing vibration and noise in electric
motors. Experimental modal analysis based on the motor stator is the basic method for
obtaining the modal structural parameters. The full modal parameters sifubgire can be
found by measuring the value of the frequency response function matrix. A single point
measurement of the mujtioint excitation is made by distributing the excitation points
uniformly in a cross section perpendicular to the stator axisregasuring its radial response.

The experimental modal analysis not only provides accurate parameters of the stator system
for each order ofiibration but also visualizes the shape of the stator system vibration. The
obtained modes can be used to build up a vibration calculation model for the stator system and

provide the basis for structural optimization.
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43.Specspatial Gr aph Mo d el for

Reconstructi on

The sensor clusters around the motor stator housing can be considered as different node
locations distributed on the motor surface. Each vibration sensor unit is treated as a node and
due to the structural features of motor vibration, there are interdeperd between each
sensor data. The sensors and their monitoring data are therefore taken as nodes with
characteristic properties and the interdependencies between each sensor are treated as edges
connecting the nodes. ASg. 43 shows, the resulting dattype is the graph structure. By
aggregating information fromeighbouring ndes of the current node and by analogy to the
current node, a representation of the state of the target node under the influence of the
surrounding nodes can be obtaing@the proposed method is based on the attertasmed
spatialtemporal graph convolutional network (ATSGCN) model present§ibi] for traffic

flow forecasting with an improved application for mining vibration spectrum signals.

Data Acquisition Data processing Framework of the proposed ASSGCN

Nodes oo ) —
feature m Graph Data ""‘lﬂ‘

Spatial attention layer Chebyshev GCN layer

(Attention matrix: 4 ) (Weight matrixza")
D M / Aggregation
E .easurement Spectral attention layer Spectral 2-D CNN layer
Collection Platform (Attention matrix: £) (Weight matrixzg")
| | 10 collecting points Filtering
. l ng poi . |Resillualcunvnll|tinn Isyer| |Nﬂrma]isxlinn layer (Relu)|
TR o 0l 4 Tl u‘ (frequency domain)
A ‘lr T [, I‘U;Jﬂ ™ I -
'ﬂ“ﬁ'fl'”'.\l“lw Wy ‘I_ﬂ“w W” | | Removed - 95
e R Removed sensor S, ,&/ HI‘
I \\ sensor 4 lil;llll}.tl:(‘tnlil n
. S
S, s, y /\<‘_77,,;‘b X
. O Removed ey (% o
= S S e
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"./‘1 g S

- / -\\."-
fgparial“ s &
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t\unncctyn 4 ~
Known S : .
2-D Sensor cluster:

Spectral connection 1-D Sensor cluster: e = J %
P sensor spatial ® 1. spatial 2. spectral

Graph
convolution

uoIIUU0I
enedg
~—

Fi4¢43. The basic frame of the proposed
The processed graph data is noted-asuft , wherec= 0 B 0 s the set of nodes with

the number N g5 - = QB Q s the set of edges with the number M. For a given graph
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—= oh , The corresponding adjacency matrix is dendied mip with a size of0 0,

0 j; denotes the existence of an edge fromto 0, Conversely, it means not present.

Removed
sensor

Sensor cluster Nodes network

Fig. 4-4. Graph data for sensor cluster distribution.

Laplace matrices are used to study the structural properties of graphs, The symmetrically

normalized Laplacian expressions aréaiews
0 o 70 (4-7)

where 'O represents the degree matrix of the nodesLTigelefined asO 0. Laplace matrix
whose spectrum decomposesias YOy, andQ QQ& h_ rexh_  represents
the diagonal matrix of eigenvalues. The corresponding graph convolution formula is derived

from the ordinary convolution formula:

"o, .00, ® YYOOVYw (4-8)

~ ~

Where: QJand : O represent the Fourier transform and its inverse transf®@is a
Laplacian propagation functiofQd and & denotes the graph input feature. RegardQ as
the function of the Laplacian eigenvalu& Q 'Q"Q@-Qwith the parameters—Due to
the large number of mat operations involved, Chebyshev polynomials were used as a basis

for approximation.

Qzd YQYw YB O —YQVY® (4-9)
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Where k depends on the nearest neighbor node of the central node's order. To prevent

overfitting and to simplify calculations, (14) can be expressed as follow:
Mz —0 O T80 7 (4-10)
Thus,the layerto-layer propagation expression of the GCN is shown as follows:
D, 0 TH60 Tow (4-11)

Where,, O represents the activation function andrepresents the weighting parameter.

431Spec-$pati al Attention Modul e

In the spatial dimension of the stator structure, the vibrational states of the different sampled
points are interacting with each other, and the influence of different spatial points is highly
dynamic. Thedynamic correlation between nodes in the spatial dimension is captured

adaptively by using an attention mechanism.

Nodes feature | LELEHILL Graph Data

Spatial attention layer Chebyshev GCN layer
(Attention matrix: 4) (Weight matrix :0")
Aggregation
Spectral attention layer Spectral 2-D CNN layer
(Attention matrix: ) (Weight matrix :6")
Filtering
Residual convolution layer Normalisation layer (Relu)

Fig. 4-5. The framework of the proposed ASSGCN.

600 EQ n 7 7 71N A (4-12)

600, i (4-13)
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The sample input signal for the sensor cluster is constructed as oo 8

The training parameters including weights and bias are s&t t¢# 7 and A, where

7 Na 7 Noq , 7 N A . 0 denotes the number of channels of input
data on layeri . "Yis the length of thet level time dimension. Furthermore, in the
frequency domain dimension, the vibration characteristics in different frequency bands are
correlated as they are collected by a cluster of sensors distributed in different locations. The

correlation of the inputlata is captured by using an attention mechanism.

600 63 n 5 5 5n A (4-14)
w4 h
000, 3 - (4-15)
Where the learnable parameters also incldeA N s , 5 Ng 5 Ngq :

5 N g

432SpecSpati al Convolution Modul e

To take full advantage of the topological nature of the sensor clusters, graph convolution
based on spectral graph theory is used at frequency domain points to directly process the signal
in the spatial dimension using the signal correlation on the saas@ork. In spectral graph
analysis, the graph is represented by its corresponding Laplacian matrix. The nature of the

graph structure can be obtained by analyzing the Laplace matrix and its eigenvalues. The full
graph signal in the frequency domain dimienss @ « N s , the graph Fourier transform

of the signal is defined a® 5 & and the inverse graph Fourier transfornuis 5a A

graph convolution is a convolution operation implemented by replacing the classical
convolution operator with a linear operator diagonalized in the Fourier domain. Therefore, a
signal "O on a graphw is filtered by a kernelQ. z "O represents the graph convolution

operation. Then use the Chebyshev polynomial approximation:

Mz0 NMOd B —YDio (4-16)
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The parameter— s is the polynomial coefficient vectoy ——0 O, _ is the

largest eigenvalue of the Laplace matrix, the recursive definition of the Chebyshev polynomial
is"'Y® ¢Y @ Y whYow pAY® oBTo adjust the correlation between
nodes dynamically, for each term of the Chebyshev polynomial, combilitgs with

the spatial attention matrixY 0 to get “Y 0 "Y. Therefore, the graph convolution
formula above is changed as shown below:

Mz0 Qbw B —Yiow (4-17)
Furthermore, the definition can be extended to nul&innel graph signals. Supposing the

input is N 88 B8 N g , where each node's feature hés
channels. At each frequency poiif@ perform ¢ convolutions on the grapid to obtain

"Qz"0 where— —h—tB— s the convolution kernel parameter. After the graph

convolution operation has captured the adjacency information of each node on the graph in the
spatial dimension, the standard convolution layers in the frequency domain dimension are

further stacked teignal more unknown nodes by merging the information of known nodes.

n YQO™Y: YQOWYzn N g (4-18)

Where z is the standard convolution operation andrepresents the parameters of the time
dimensional convolution kernel. TispectralSpatialattention module and tt&pectralSpatial
convolution module form a spati@mporal block. MultipleSpectralSpatial blocks are
stacked to further extract a larger range of dynaBpiectralSpatialcorrelations. Finally, a

fully connected layer is added to ensure that the output of each component has the same
dimension and shape as the predicted target. The final fully connected layReltkss the

activation furction.

Page 108



Chapter 4 Artificial Intelligence Neural Network Based Virtual Vibration Sensor Reconstruction in EV
Powertrain

433Sensor Cluster Adjacency Matrix Con

As input to the construction of the proposed module, the adjacency matrix can reflect the
structural association between nodes by whether two nodes are connected or not. Similarly, in
sensor clusters, the construction of adjacency matrices for sensersigsilso essential to
reflect the correlation of vibration responses at different locations. By séttingo determine

whether nodes are connected, 1 means connected and 0 means the opposite.

phiQQ, - .o . _
¢ D1 oA PR 8y (4-19)

Where U represents the input nodes numberdenotes the connection states. The fact that
vibrations propagate through the medium and decay in intensity with distance indicates that
each node in the graph is constantly changing its state due to thadeflokits neighboring
nodes and more distant points until the final equilibrium, the closer the neighbodes the
greater the influence. Information on the nodes containing structural relationships and vibration

characteristics will be used as inpotthe model for parameter training.

4340ver al l structure and training stra

The detailed steps of the entire algorithm are shown in4%.The data pool is first

constructed to include three physical quantities that describe the characteristics of the vibration
signal @ & h & o ¢ RN 1) p hwhich O is the number of signals sampled in

the time domain. Transformation of vibration signals in the time domain to the frequency

domain by applying the Fourier transform calculation as shown below:
W0 B w:Q 7 (4-20)

where 0 is the number of samples of the time domain discrete signal and n is the input of the

time domain discrete signal.
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Removed S
sensor il

Sensor graph Graph
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(elele . O)
CO O O O) Spatial
Removed 7.~ F . : connection
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S]\" . I
Spectral

connection

Fi 46.The spsmxatriadl correl ati onsidgrmalram of
To achieve the prediction of the vibration response, the spectral attention matrix

000 F]is calculated by the spectral attention layer after the data pool has been obtained. The

spectral attention matrix is then doultiplied with the input data and used as input to the

spatial attention layer to obtain the spatial attention mairix o . Furthermore, the values

obtained by multiplying the resulting attention matrix with the previous layer of dot products

are used as input to the graph convolution network. Approximate Laplace matrix eigenvalue
decomposition by using Chebyshev polynomiBlIssition information is obtained by entering

the adjacency matrix of the sensor cluster. Further convolution is then performed in the spectral
dimension. At the same time, the whole process described above is used as a SS module and
then the residual nebrk is used to avoid the issue of gradient disappearance or gradient
explosion when the number of layers of the model increases. Finally, through a fully connected
layef the calculated feature space maps the sample marker space and then outputs the predicted

frequency response of the vibration signal.

44, Experi mental setup and validation

A 48 otpsol €8 | PMSM was chosen as t he exper

experiments of the prototype were carried ou
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of the prototypel are $shewrexiper Tanelne s, the p
static and dynamic experiments using Brg¢el

prototype was taken out separately and the i
system wienethessedtic experi ments. I'n the vi
points are taken as hammer excitation points
as sensor acquisitrtrifacepoifntéeeonraame. odfher ase
the same group is taken as the final respon:
way for both dynamic and static experiments
was thetbdemsetrAsture and external conditions
matrix of the motor also remains the same. l
up with mul tiple variations of |-dbiame nasnido ns |

acel eration sensor was used for the eXperi me

: <"(

4
Water cooling

system

Speed and
torque sensor

B&K 4520
type 3D
acceleration
sensor

Fi47. Experimental setup.

TABLZELEx per i SethlPgalamet er s

Parameters Value
Number of poles and 8/48
slots
Rated power/kW 21
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Out radius of stator/mm 200
Out radius ofotor/mm 123.4

Internal radius of rotor/mm 43

Length of core/mm 110

441Data Preprocessing and Description

The vibration signals collected in this pap
a wide motor HrAé6GgHe X yidibchinadat(els t he sampling
di stribution pointsToi wetrhd yf nndeuencyu sd mmasisn
acquired motor operating condligadnsondddmrcd ude
purpose of this article on vibration predict
operatitng@gncdmdice (OCF) of a motor under a Vva
t frequency respamglel $enacdc eihne (aktRiF) ni rsti gmrad | (

under a variety of operating conditions are

Prediction target (10) 4\

Known sensor cluster

Force/(N)

4000

Frequeney/(HZ) 0 o ’ Sensor points

Fi 48. Sampling dataset of 10 sensor distri bt

| n addi2tpijroonposed vibration i mpedance matri
devel opment of a mathematical anal ysi s mo d ¢
experi ments was therefore divided into eight
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Each operating condition includes three indi
Furthermore, the dataset is divided into a t
algorithm is constructed e amean oab st chleu tPey t eorrrc
the | oss function used for training in the
function, which is the mean value of the abs

predicted val ues neangd irteupdree soefn ttsh et ree rnmeran n t h

regard to the direction of the error. The eq
boo 2% 421)

compared to MSE, MAE is lktesasnsagsiptriocesso o

gradient regardless of the input value, whic

has a more robust prediction performance.
There are some significant parameters to c
size represents the | ength of the specified
S p e estpraatli al relationships but nmany. aMesaon wihniclree,.
i nput feature di mensions depend on the feat:!
this article include the amount of Vi brati c
accel erati-iompedaanndc evimatoni, cefhe lanjaddnty matr
connectivity between nodes in the graph dat a
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through experimentation and tuning.

442Prediction performance with multipl

To verify the robustness of the prediction model, vibration signals were collected under both
no-load and orfoad conditions in the multiple operations. In addition to acceleration and force
in the frequency domain, the impedance matrix is used as inghe tmodel as the three
components describing the vibration characteristics. Téldeand Table4-3 illustrate the
predictive performance of the model at different loads and speeds according to three indicators
including mean absolute error (MAE), meama error (MSE), and root mean square error
(RMSE). From Tablél-2, the prediction accuracy of the vibration signal OCF at a low speed
of 3000rpm is higher than that at a higher speed of G@®0 under the same load at 66N.
However, the prediction performance of the FRF is the opposite pfedetion performance
of F. At the same load of 66N, the prediction accuracy is higher in terms of the higher speed of

6000rpm than at a lower speed.

TABLEZCompar iResmuldfs
Operating Conditions

MAE MSE RMSE
300066-OCF 0.1378 0.2608 0.5107
600066-OCF 0.3734 1.7489 1.3225
820048-OCF 0.37 0.451 0.6716
300066-FRF 0.8032 1.1564 1.0753
600066-FRF 0.694 0.9218 0.9601
820048-FRF 0.8201 1.398 1.1824
300666-PAS 0.1973 0.2165 0.4653
600066-PAS 0.9156 1.3965 1.1817
820048-PAS 0.4032 0.5114 0.7151

With the same predictive performance of OCF, the predictive performance of PAS which high
speed for the same load. Furthermore, under the same load and speed conditions, OCF has the

best prediction performance among the three vibration parameters.4falllestrates the
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investigation of the predicted performance of the three vibration signal parameters at different
speeds under Aload conditions. The data set was collected at four speeds includingg®®00
3000rpm, 6000rpm and 8200pm. The prediction accuracy of OCF at 8200 rpm was the
highest for the different speed conditions compared to the other speed conditions. And the
predicted performance of FRF is best at 66f8. In addition, PAS has the lowest prediction
accuracy at 3000 rpm and has the lowest averagepoederror compared to the component
models with the best learning for PAS signal featutggesents an intuitive indication of the

trend in the predictive performance of the proposed model for the vibration signal under
changes in torque and speed conditions. For MAE values, the trend in the prediction error rate
of the model varies witimcreasing torque for the three vibration signal components at the same
speed. The prediction of OCF performs significantly better thanother two vibration
componentsand the prediction accuracy is stable within a fixed range. This is because the
proposed model is more effective in extracting the Force signal characteristics than the other
two signals, which show strong robustness. Among the other three evaluatiors ntbagi
predictions of FRF and PAS fluctuate more radically under variable load and variable speed
conditions. For the MSE value, the prediction accuracy of the FRF decreases and then increases
as the torque increases fromn® to 66nm at a speed of 80f@n, representing a wide range

of errors. Differences in the learning performance of models for different vibration signals

indicate that the adaptability of the proposed model for different signals remains to be improved.

TABL&EZCompari son of Resul ts
Operating

i MAE MSE RMSE
Conditions

2000no0-OCF 0.3578 0.2608 0.5107
3000no0-OCF 0.395 0.2686 0.5182
6000no0-OCF 0.3137 1.1709 1.0821
8200no0-OCF 0.2757 0.0764 0.2764
2000no-FRF 0.659 0.8313 0.9117
3000-no-FRF 0.474 0.4252 0.6521
6000no-FRF 0.7604 0.9975 0.9988
8200no-FRF 0.3964 0.2705 0.5201
2000n0-PAS 0.3529 0.3523 0.5935
300G6no-PAS 0.1956 0.0666 0.2581
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6000n0-PAS 0.2057 0.0621 0.2492
8200Nn0-PAS 0.4476  0.9634  0.9764
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4.4.3. Error analysis and performance discussion

It is worth noting that the paper focuses on the reconstructed performance of the vibration
response in thaigh-frequency range. The experiment is for the prediction of the frequency
response of a higfrequency vibration signal from 448102hz. Fig4-9 to Fig.4-10 show a
comparison of the reconstructed signal and the actual response at 6000rpm without load. Fig.
4-11 to Fig.4-12 indicate the results of the signal reconstruction under the condition of
8200rpm with a load of 48NFig. 4-9 illustrates that the fragency response of the OCF at
4818hz and 5627hz is relatively large and that the propasgalithm can accurately
reconstruct the response at this frequeiitye reconstruction values of 48186Hz and 5627Hz
frequency points are consistent with the experimental vaihésh indicate the effectiveness
of the proposed model. The measured acceleration response amplitudes were in the range of
4801-4938 and 5804938hz, with relatively large responses. The model predicts the
corresponding frequency bands between E841hz and 553-5983hz and the corresponding
results deviate from the measured resblg approximately 3.8%Due to the underfitting or
overfitting of the vibration signal training samples, the generalization error brought by the
model is reflected in the frequency of 5094hz, and the reconstructed value has a large error

from the real value. It is required to beduced by increasing the training samples or further
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optimizing the model. It suggests that the learning capability of the model decreases as the
complexity of the operating characteristics increases due to the change in speed accompanied
by multiple changes in vibration amplitude. At the same time, thegticdperformance under

load conditions is similar to that under-load conditions. The number of noticeable
acceleration responses and high OCF amplitudes was slightly less at the operating condition of
6000 rpn without a load than at 8200 rpm. FHg13 to Fig.4-14 show the vibration response

of adjacent points to the reconstructed points to investigate their spatial connection under
different operating condition®.oint 10 represents the reconstruction point, point 1 and point 9
are two vibation points adjacent to the reconstruction poliite amplitude curves of the
reconstructed points are similar to those of the adjacent points as can be seen from the graph.
It indicates that the vibration characteristics of the adjacent points of the motor are similar with

high response amplitude at several frequency points.
TABLEHEXxperi ment al CAmput aBwrodert

Operating Experimental Training time Testing time (s)
Conditions Accuracy (s)

OCF without load 0.8542 45.63 31.45

FRF without load 0.9136 54.34 37.54

PAS without load 0.9521 44.54 45.45

OCF with load 0.9124 48.43 46.34

FRF with load 0.9432 47.64 45.65
PASwith load 0.9620 38.54 43.54

The predictive performance of regression models in general is related to the size of the
training data, with limited data set causing overfitting problems in regression models. As shown
in Fig. 4-15 theMAE training error in the various operation states 25 epochs to a lower range
and stabilizes in a certain interval. It means that the proposed model has generalization
capability to the input vibrationlata set. However, after 100 epochs of training, basically
decreases from the initial high training lossaofund there is some fluctuation in the training

loss of the training set for the different operation states, which indicates a slight overfitting of
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the model. Therefore, the effect of balancing the training performance of training datasets in
different operation states on the ultimate prediction behaviour deserves further investigation in

subsequent work.
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TABL&SCompari son Resul ts

Methods Training Condition Experimental
sample Accuracy
(%)
Standard GCN 60 Conditions 17 84.32%
Standard CNN 60 Conditions 17 79.64%
KCN 60 Conditions 17 92.34%
IGNNK 40 Conditions 17 95.67%
SVR 40 Conditions 17 72.34%
ASSGCN 60 Conditions 17 96.20%

Page 119



Chapter 4 Artificial Intelligence Neural Network Based Virtual Vibration Sensor Reconstruction in EV
Powertrain

Table4-5 compares a number of advanced reconstruction models, and the ASSGCN method
also performs particularly well, with the highest experimental accuracy of 96.20%. This
demonstrates the effectiveness of the method in achieving high accuracy. the IGNNK method
achieves a good experimental accuracy of 95.67% with a training sample of 40%. the KCN
method achieves an accuracy of 92.34%, demonstrating its reliability in conditional prediction.
The standard GCN and standard CNN methods achieved accuracies of 84.32966&646l
respectively. Although not as high as IGNNK and ASSGCN, they still provided reasonably
good performance. On the other hand, the SVR method had the lowest experimental accuracy

of 72.34%, suggesting that it may not be as effective as the otherdwsdth@redicting

/
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As shown in Tabld-4, the Vibration acceleration response had the highest experimental

accuracy of 0.9521 without loathllowed by FRF and OCFTrhe accuracy of the FRF and

OCF was 0.9432 and 0.9124 respectively. The training and testing times were within
reasonable limits for all operating conditions. were within reasonable limits. The training times
ranged from 38.54 to 54.34 seconds and theiteets ranged from 31.45 to 46.34 seconds. By
comparing the experimental accuracies, it can be seen that the proposed algorithm exhibits

relatively high prediction accuracies under all operating conditions. This indicates that the
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algorithm has good performance in vibration signal prediction. In addition, the algorithm shows
good accuracy with and without load, which indicates that it has good generalization capability
for different operating conditions. The relatively short tragramd testing times imply that the
algorithm is highly efficient and can complete the training and testing processes in a short
period. In summary, the proposed algorithm has high accuracy and high efficiency in vibration
signal prediction, which is poteally valuable in practical applications. However, further
research and experiments may be required to validate and evaluate the adaptability and

robustness of the algorithm more fully.

45.Concl usi on

The proposed Attentichased Spatiebpectral Graph Convolutional Network (ASSGCN)
model successfully reduces the number of sensors required for vibration signal reconstruction
in electric motors. Experimental results on a 21kw IPMSM testing rig with Brijeer's
vibration sensing equipment validate the effectiveness of the proposed method. The following
conclusions can be drawn:

1. The ASSGCN model utilizes the correlation analysis of the operating state force,
acceleration, and vibration impedance matrices in the spatial dimension. The model
predicts thevibration signals of different sensor sampling points by modeling the
frequency spectrum features of vibration signals separately and using dynamic correlation
analysis.

2. The reconstructed vibration signal is in good agreement with the actual response at a
specific frequency point, demonstrating the validity of the proposed model. The lowest
MAE is 0.1378 and 0.1956 under-temad and load conditions respectively.

3. The model exhibits high predictive accuracy for OCF at 91.24%, FRF at 94.32% and PAS
at96.2%. And the training loss of 0.67 can be achieved in 25 epochs within a short period

indicates the expected performance.
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The proposed method offers significant cost and time savings for vibration testing of electric
powertrain applications. By reducing the number of sensors required, the overall monitoring
cost can be reduced without compromising the effectiveness of é&eidttihn and prediction.

the ASSGCN model has the potential to have wider applications beyond specific IPMSM
configurations. In summary, the proposed ASSGCN model offers a promising solution for
reducing vibration testing costs, increasing efficiency, amgbroving the overall
understanding of motor vibration characteristics. Its adaptability to different motor
configurations and wider application in electric powertrain systems make it a valuable tool
in the field of vibration analysis and monitoring. Thedal exhibits robustness in extracting
force signal features, making it suitable for applications requiring vibration analysis in
electric powertrain systems. In addition, the adaptability of the model to different signals and

operating conditions can berther improved.

Chapt dheb5 Study of Senso
Patterns and Random M a

Vi brati on Sensor Reconst

Condition monitoring of motors is critical in a variety efectric powertrain systems,
especially in electric transportation, pumping stations of nuclear power plantgibettion
analysis based on sensor data is a popular topic in motor condition testing. As an essential part
of condition monitoring, vibration testing can assist in detecting equipment failures, assessing
operational status, and providing guidance on gméve maintenance. However, achieving
high evaluation accuracy and reliability with fewer vibration sensors and thus reducing the cost
of manual operation and maintenance of sensor networks is a challersgehafjtepresents
a spatialspectral based ductive graph neural network for mining vibration sersased

clusters for spatial connectivity and spectral correlation. The proposed algorithm effectively
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aggregates and extracts the features of sensor graph signals in the vicinity of the target location
and reconstructs the vibration signals of the virtual sensor by convolutional networks. To verify
the effectiveness of the proposed method, experimeniéicaéon hasbeen carried out on a

21kw IPMSM testing rig with Briel & Kjeer's vibration sensing equipment

51.Int roducti on

Permanent magnet synchronous motors (PMSMs) are widely used in various industrial
manufacturing fields. Especially in the transportation industries including electric vehicles,
ships, and aircraft, etc. As a core industrial facility, effective motor hewlthtoring is a topic
of interest to the industry, such as timely damage detection, optimizing maintenance strategies
and reducing resource requireme®7] i [200. However, motor health monitoring
techniques that are basedsignal analysis require continuous processing of large amounts of
collected sensor signal and the data is inevitably contaminated by random noise, resulting in
additional monitoring costs. Health monitoring methods based on vibration signals have
receivedwidespread attention as the acquisition of vibration signals can be achieved by
mounting velocity or acceleration sensors on the outer surface of the madbieever, the
construction of datariven models based on large amounts of vibration data fdicpirey and
estimating the vibration characteristics of a structure or system can reduce the number of
sensors required and the density of arrangements, thereby reducing the demand for actual
sensors and the cost of vibration testing.

Fig. 21 indicates the three methods for vibration monitoriignitoring techniques require
norntdestructive evaluation technigues to ensure their operability and system inted@64]In
A new analytical modeling method is developed for modeling transverse vibrations to estimate
the inherent frequency of a mechanical compor@60R] proposes a method for monitoring
the health of a motor at rest through impedance ana[$i3] definednoise characteristics
provide a robust smatlignal detection methd@r motor condition monitoring algorithms in

harsh industrial environments, using a priori knowledge of harmonics in the motor current
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spectrum to maintain performance under-tinear speed variations of the motor.[RD4],

multiple features with rm€UMSUM and GRRMDBCUMSUM envelope spectra as two new
health monitoring indicators are proposed for the performance degradation conditions of
bearings. Extracting additional fault information from vibration signals with high background
noise and intrinsic sitpls to represent the trend and rate of bearing degradation. Considering
the susceptibility of sparsity measures (SMs) to impulse nf#68] proposed an adaptive
weighted signal preprocessing technique (AWSPT) to improve the effectiveness of SMs in
guantfying the trochoidal aspects of repetitive transients in machine health monitoring. The
lack of data, the low sampling frequency, and the interference with the precise control of the
system pose a great challenge to the health assessment-epaeghraiting bearings[206]

Using changes in the system energy balance relationship to evaluate component degradation.
CNN models are built to describe the energy balance relationship and a transfer learning
approach is explored to capture the changes in madaipeters as the bearing degrades. For
motors under identical conditions, fault monitoring based on spectral analysis is difficult due
to the magnetic asymmetr207] proposes guidelines for online test results performed under
high slip conditions when the motor is stationary or starting to distinguish between magnetic
asymmetry and rotor faults. Since bearing shocks are regarded as impulsive resistance torque
disturbarmes,constant rotor flux linkagéCRFL) transient equivalent circuits were developed

in [208] to analyze motor in the presence of thesefighuency mechanical disturbances to
monitor different types of bearing failurd209] propose thatuxiliary frequency(AF) is
injected into the current signal to enhance the characteristic frequency component of the fault.
The traditional twedimensional spectrum was transformed into a massive feature into a single
scale spectral representation to facilitate featureaetkém for motor defect detectiof210]
proposes a sparse giidsed optimizatiorapplication for characterizing fault states. An
efficient search for the minimum of the objective function on the grid created using hyperbolic
cross points (HCP) minimizes the cost and complexity of the system. In general, the condition
monitoring techniges for motors in previous research mainly include sigaaéd feature
signatureanalysis, mathematical modehsed diagnostic techniques, and ditaen artificial
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intelligence algorithms. The signal collected by the sensors includes voltage and current,
vibration and temperature, etc. The acquisition of a precise sensor signal and the construction
of an accurate mathematical model are challenging in terms of equipnséallation and
calculation costs.

The magnetic force and its vibration are reduced by changing the axially varying
permanent magnet pole width and copper ring, placing a magnetic slot wedge (MSW) at the
slot opening211]-[213]. Moreover, adding auxiliary winding with the capacitor is an effective
way to reduce high frequengyjbration[214]. Simplified current contours are used to remove
the third harmonic component sum of radial forfZk5][216]. Signal reconfiguration is an
effective way to reduce monitoring costs. Despite the well variational performance of the time
frequency manifold (TFM) for the analysis of defective bearing vibration signals, the amplitude
information is still affected by itsonlinear processing. Ifi217], a signal reconstruction
method combining (TFM) and sparse reconstruction are proposed to erthantault
characteristics of rolling element bearings. Considering the shortcomings of-statge
vibration signal feature collectio218] proposes a new joint multiple reconstruction
autoencoder (JMRAE) with the training objective of jointly optimizing multiple reconstruction
losses aimed at automatically capturing complementary and discriminative feature
representations of vibration signdfem different scales. Furthermore, noise pollution is a
pressing issue for vibration signal analysis.[249], a multiscale filter reconstruction is
proposed to suppress spaadependent components and noise in simulations under variable
speed and noise conditiorf220] presents a kriging compressive sensing (KCS) method to
reconstruct signals using datallected by the sensing platform. The kriging variance is used
to determine the weight coefficients of the krigegtimated virtual samples to distinguish the
fidelity of the real measurements from the virtual pe®s.The contribution of this chapter was
summarized as below:

(1) Combining the inductive learning model to study the reconstruction efficiency of
different sensor distributions.
(2) Correlation features are extracted from sensor signals at different distances through
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multi-scale information fusion.
(3) Explore the impact of different sensor numbers and distribution locations on

reconstruction efficiency.
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This section provides a review of motor structure and vibration testing methods and provides
a detailed description of transfer path analysis. Then a brief description of the kriging problem
is given. Finally, the migration of signal reconstruction toftbkel of motor vibration testing

is analyzed.
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5.21.Mo d a l Experi ment Anal ysis
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TABLFELIModaXpeé&ri Maeat gki s

Experimental | Description Measured
Method Parameters
Free Vibration | The structure is Natural
Experiment excited and released t frequencies,
[222] undergo free vibration| vibration
modes
Forced The structure is Frequency
Vibration subjected to known | response
Experiment frequency and function,
[223] amplitude external natural
excitation. frequencies,

damping ratio
Operational The vibration respons¢ Vibration
Modal of the structure under | signals,
Analysis [23] | actual operating spectral
conditions is recorded| analysis
results, modal

parameters
The experi mdnsaubsmetthattsve can be wused i ndi
obtain accurate modal parameters. During th

acquisition equipment are used to record tfF
anal ysiestacbnuged to extract the modal par .
these experi ment al met hods all ows for a <co

vi bration characteristics of mot or structur e

522.Transfer Path Analysi s
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523Kr i gi ng DR oorbil ptm on

The method based on transfer path analysis requires the installation of vibration sensors on
the outer surface of the motor vibration test, where the number of sensors and the density of
their distribution can have a critical impact on the analysis resuisstherefore attractive to
build virtual sensors from known real sensors to reduce the cost of vibration t@steng.
construction of a virtual vibration sensor on the surface of a motor can be seen as a spatial
interpolation problem [24]. Spatial inerpolation is thessueof estimating the attribute value
of any point afto in the space under the condition of the observed vélue & ® o of a
certain attribute of several discrete points td  in the known space. The formula for kriging

interpolation is described as:

O B _® (5-3)

Where the® is the estimated value at point htd and _ is the weight factor, which
satisfies a set of optimal coefficients with the smallest difference between the estimated value
® at point &MY and the real valuegd . Kriging interpolation considers the spatial
correlation properties of the described objects in the process of data gridding so that the
estimated value is close to the actual value. To optimize the objective function, the kriging

error was expressed adlbws:
- a hodid a (5-4)

Where w & & wwB _ w ,the variance ofx can be rewritten as follows:

¢B _OMB _oO=B _B _ D&MD) (5-5)

Define semi variance function as below:

1 B¢ bR (5-6)
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Where| represents variance and function can be rewritten as follows:
‘ -0 ® (5-7)
Then, substituting the mentioned formulas,khging error was finally expressed as follows:
- a c¢B ‘ B B 711 ° ‘ (5-8)

To minimize the error of interpolation, the Lagrange multiplier solution is used to find a set
of _ to obtain the desired variance. Given a target function 'Q- @ and the
additional condition to find the extreme point@f "Q- & . Then the Lagrange function

~ ~ ~

0O (7 h h h_wascreated with the parameter. The firstorder partial derivatives of

"O Q- & h_ concerning_ be equal to 0.

53.The Mul-dsgacmal Model

As shown in Fig5-4, the sensor array in a vibration test requires information acquisition and
pre-processing, which is then converted into ¢maph data input required by the algorithm.
The sensors distributed on the surface of the motor can be seen as a cluster. dfssodss
that the sensor cluster represetitsspatial data points,0 R G n RCe , wheref) h
"Qand ¢ represent the node position, the node characteristics and the label of dat@point

The attributes of each node contain vibration information. The nodes inform&ion

wh ra includes acceleration response, displacement, and impedance matrix data which

collected by sensors. Generally, the proposed method aims to use the spatial information and
attributes of each node to predict the spectral charactefistafsthe vibration of the target

nodeg ..
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531.TPA aslaedrt Adhjcaec MatyCorstructi on

In vibration testing, to obtain the elements in the inertia matrix of the motor stator system, it

is usually assumed that the mechanical system of the motor stator is divided ie¢ual

parts along its circumference, that thie excitation forces "O are applied to the tooth
surface of the motor stator and that theacceleration responses) are measured on the
surface of the motor stator frame. The response of the target point is equal to the sum of the
responses of the excitation force transmitted by each point throughtssitance 'O  and

mutual inertances 'O . Each element of the inertances matif fan be measured by
applying an excitation at a single point and collecting the responses at multiple points. The

expression can be shown as below:
™ "0 1 "O] E O 1 O]

B O 1 'Ol (5-9)

wherethe® 17 , 'O 7 and O] represents the acceleration matrix, the inertance matrix
and the excitation matrix in the spectrum dimension respectively. The inertia ratrix

is a convenient indicator to describe the health of industrial machinery sy&teth<ut it is
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necessary to apply appropriate modeling and analysis to the matrix information to assess
conditions with highly dynamic characteristics. The goal of the reconstruction is to predict
virtual sensor signals at unknown locations based on previously obsebvation signals

from the Nassociated sensors on the network. Representation of the sensor network as a
weighted directed graph- @O , which represents nodes, edges, and weighted
adjacency matrixu N 4 8 Mapping U historical graph signals to unknowh graph

signals by learning a functionQO8 The mapping relationship can be described as

. o) .
Bh I+ B h . Therefore, a novel spatiapectral graph model was

proposed in this paper. As shown in Fig. 4, the following steps are performed to construct the

spatiatspectral graph based on the inertia mentioned above.

(1) Consider each response poift pltf8 h) as a node, connecting each pair of two nodes

"‘Qand "Qas an edge

(2) Construction of heterogeneous subgraphs for training graph networks. The two types of
subgraphs— and — are determined by the distribution of response points. The
response nodes distribution is shown in Fig. 5.

(3) Finally, the resulting graph includes different subgraphs of the distribution of nodes,
ie,— —h-

Furthermore, the constructed subgraph can be described by its adjacency matrix

6 M . the adjacency matrix required by the proposed method can be obtained as follows:

phQQ  § o .,
e i o it PR (5-10)
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Real sensor O virtual sensor
Fig. 5-5. Diagram of different sensor distribution.
where 0 represents the input nodes numbgr, represents the thresholdenotes the
connection states. The article considers the similarity of nhode data as an indicator of node
connectivity status. Employing the cosine similarity calculates the cosine of the angle between

two vectors in a vector space as a measure of theimdgrof the difference between the

individual nodes. The formula was shown as below:

” (5-11)

wherew and w represents the sample feature information of the target computing nodes.

The transfer pathasedadjacency matriXxs constructed to give the model a relationship

between each response point, which is measured by the similarity between each node.

532At t e fbtaiscerd Feature Fusion Modul e

The acquisition of measurements of basic parameters is necessary to characterize the
vibration signal, measuring the displacement and acceleration response at a point on the
vibrating component. By determining the intrinsic frequency of the measured bocly i&
used to identify whether the component is moving prop&te. graph convolution operation
facilitates nodes to aggregate information from neighboring nodes. The depth at which a node

aggregates its neighbors is referred to-asder perception. Different levels of perception can
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capture information at different levels of the original features. Moreover, it is crucial to
consider multsignal fusion and the aggregation of features from different signals in this paper.

The purpose of this module is to find the relationship betweexirpity and global nodes

using the attention mechanism and to reconstruct the vibration signal usingignatifusion.

Scale 1 Scale 2 Scale 3
/I-order \ /2—0rder +—‘ \ /3—0rder \
O O O

o, | Ir” %o ®e
o)INIte

O

Spatial
connection

Spatial
connection

Spatial
connection

Fig6.Di fferent adjacency informatio
Instead of convolution kernels of different sizes, the scale of the chana#isnded to by

point-by-point convolution. To make the model as lightweight as possible by employing point
by-point convolution. Mining local and global features using the channel attention module. The
channel attention of local features was extracteddiyt gonvolution The formula was shown

as below:
0O 60wo&E 60 W6 DER (5-12)
where thed @ 6 € &point convolution reduces the input features channelsPtg of the
original number.i and 6 represent the channel scaling ratio and the batch norm layer,
respectivelyThe number of channels is restored to the original number by point convolution.
The computed weights are used to obtain the oudputfter the attention operation on the

input feature® , the expression was shown as follows:

O WSOV ®w ®sS A0KS QG (5-13)
The local channel information is kept at the same size as the input features, so adding the two

requires a broadcast operatia, denoting the multiplication of the corresponding elements
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of the two feature maps.

5333SpatSpattr Dl f{6S) oGo nGrod pult i on

This section presents the features fusi@b]and extraction of mukscale node information
using the proposed model. Modeling of spatial dependence by relating vibration signals to
propagation processes that explicitly capture the structural properties of the vibration. The
Diffusion graph convoltion (DGCN) in DCRNN as the basic building block of the model. The

expression was shown as follows:

Broadcast

CxHxW j @J viHxW
( GIobaIAngooImg jl( GlobalAngoolmg )( GlobalAvgPooling )

v
( Point-wise Conv) ( Point-wise Conv) ( Point-wise Conv)

Multi-scale
Channel Rel u
Attention Module

CPoint—wise Conv) CPomt -wise Conv) CPolnt -wise Co nv)

EL

Y

CxHxW| @ Broadcast |C><H><W
v CxHxW [_‘,
@f Sigmoid :@
Matrix
@ Multiplication
Feature Fusion
'@‘B ‘oadcast

Fi &7ZMul t ifsecatliere fusion modul e.

(O] B "Y®w 0Ogji Yo Ogp (5-14)

Where 0 and g denote the order of diffusion convolution the learnable parameter,

respectively. @ ; Tw denotes the forward/backward transfer

matrices. 'O is the output of layert with parametersg ;N 4 andg;va 8

Compared with traditional GNNs that develop a fixed spatial structure, the applied model has
a subgraph structure of each sample. Therefore, the neighborhood woatrix that
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captures the neighborhood information, and the direction of information transfer is also
different in each sample. Moreover, the desired structural properties are obtained by adding a
deeper network structure to get rid of the effect that the nodes basigdonly pass zeros to

their neighbors in the first layer. The formula is expressed as follows:

O , B Yw O ggp Yo O g5 (O] (5-15)

Where the, (} is a nonlinear activation function andj N 4 andg N4

areparameters of the neldyer. The final different input samples contain information about
the sensors with missing data. After obtaining the final graph representation, the reconstruction

signal was output using one of the other DGCN. The equation was shown as follows:
™ B "Y®w O g5 Yo O gy (5-16)

Where @ represents the output of each branch after propagating the convolution layer based

spatiatspectral (SS) diffusion module.

534.Tr ai Btirnagt egy

To reconstruct the vibration signal of PMSM, a malgnal fusionbased graph propagation
neural network model is develope. addition, to make the learned information transfer
mechanism more general for all nodes, applying the total reconstruction error on observed and

unknown nodes as our loss function was shown as below:
! —B B Wi Wp (5-17)
where denotes all learnable parameters in the proposed model. Then, the trained model will

be validated in the test set for reconfiguration performance.
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54Experi Memitfailcati on

541 Data Description

To verify the validity of the proposed mode
coll ect motor vibration dat a. For the protot
chosen to have 10 force hammeacexocftaheohrao
sensor acquisition points. To obtain the fi
within the same group s taken. Both dynami c

prototype mounted

Br¢el & Kjbway 46261 ehometers was used
of the experime®8.s are shown in Fig.
TABLEExper i @etnlPgarlamet er s
Parameters Value
Number of poles and 8/48
slots
Rated power/kW 21
Out radius of stator/mmnr 200
Out radius of rotor/mm 123.4
Internal radius of rotor/mm 43
Length of core/mm 110
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1. Inverter of prototype 2. Dyno 3. Controller of Dyno 4. Prototype 5. Water cooling system
6. Speed and torque sensor 7, B&K 4520 type 3D acceleration sensor

Fi 88 Experi ment ri g.

TABLE3Experi @endalkti ons Description

Conditions Conditions description
Condition 1 Speed: 2500rpm Load: Nc
Condition 2 Speed: 3000rpm Load: 66
Condition 3 Speed: 3000rpm Load: Nc
Condition 4 Speed: 6000rpm Loa@6N
Condition 5 Speed: 6000rpm Load: Nc
Condition 6 Speed: 8200rpm Load: 24
Condition 7 Speed: 8200rpm Load: 48
Condition 8 Speed: 8200rpm Load: Nc

The frequency width of the dat a -6¢c400 0 HZc taesd
shown 59. FMogr.eover, to verify the effect of
mot or under different operating conditions.
|l oad and speed conditions. The viesmpatiser dat
sets of different operating state,

includingl dadeandofoad states respectively.
the Pytorch framework. For comparison of acc
mean absolute error (MAE) and thewmeanuabdo
metrics to evaluate the prediction perfor man

preferred indicator for consideration, which
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Fig9Theol |l ecting dat a.

542Accur aRgcoonfstruction Perfor mance wi

Conditions

0] Ll L] L] Ll Ll L] Ll L] L] (J:
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= 008F BEOHZ | si3qmz. | HSOHZ 1= = I1'Virtual E
2 \ / SS541HZ 4015 =
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g S006F  se03mz // / 5624HZ g L%
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Fi®¥l0 Measured and reconstructed value of
condition of 8200rpm without | oac

As shownb54n theblsemal | est MAE value of 0. 007¢
conditio®®ENofin6e6d@m@ di fferent scenari os. | t

bet ween the predicted and true values is r
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prediction. I n contrast, the | argest MAE of
of  84280NQ, reflecting a higher average differe
indicating a decrease i n pr edSEk tviad nu ea cocfu rO0a c0yC

found for the ope¢¥¢6adtNi,ngvha arhd irteipares eanft s3@®0QA ar

0.4 — . | _
N 483(’”/':' 5434H7Z —point9 |10.15,
% 03F \l 4938HZ \ 5486H7Z, - - -point 10 5_
s 4837HZ= SISZHZ |, / 5982HZ, . 5
- | I _ lo.

E i { 7 sesuz | £
,;E:OZ"-IS(IIHZ'T‘ | y 3
' I | \ , S
: H | 1 {0.052
= ]

2 "ﬂ* | ‘gﬂ;
< o ! ) | h‘ I 1 () o5

0
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Figll Spectrum of acceleration response und:¢
| oad for sensor point 9 and point

average difference between predicted and tr

accuracy. On the other hand, a maxi mum RMSE
nd oad operating condition, refl ectatnignga al a
decrease in prediction accuracy. Regarding
found foB66Nhep&0®t0i ng condition, indicating

the predicted and true valueson.inldncabnhgat
maxi mum MAPE of 5.6745% awad dmpamat iang tdaen bi0to
| arger mean percentage error and indicating
this analysis, it can bedektorchutedst vatri ahe
accuracy under different operati#hgadoogietriadmn
conditions show higher MAE , RMSE and MAPE,
accurately predctcedrningt ivibrandem tcheasea specif
60BB®N operating conditions show relatively

mo d e | performs better in predicting the vib
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summary, the model shows a degree of gener al
the motor under different operating conditi

refinement to address the di fingr emtindehamact e

TABLHEXxperi Resual s

Conditions MAE RMSE MAPE
1 0.0077 0.0089 3.1038
2 0.011 0.0096 3.3212
3 0.0103 0.0158 3.4947
4 0.0079 0.0112 2.6237
5 0.0085 0.0212 5.6745
6 0.0093 0.0223 3.389

7 0.0117 0.0142 3.8207
8 0.0101 0.016 4.3275

543 Per for mance Compari son Under Di f f e

Number s

Analysis of the data presented reveals a nc
number of high frequency random points and t
by MAE, RMSE and MAPE. A clear olvaémuest iasn ti
number of high frequency random points incr
when a single random point is used for predi
when nine random points ar ehauts eads. tThhei sn uensbcearl
points used for prediction increases, the
RMSE shows a similar pattern of incremental

points increases. 8%heokrowspbnil@ABSEoOCOR Predict
point, while the highest RMSE of 0.0286 is ¢
result suggests that the mean squared differ
as the nambem pbdbints used for prediction inc

similar trend, gradually increasing with th
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small est MAPE recorded was 3.1038% when a si
while the | argest MAPE observed was 20. 933579
suggests that t he mean absolute peroaestage
increases as the number of predicted randon

consistent relationship between the number o

error. As the number of r androm npcorienasse d nscirgere
i mplying a decrease in prediction accuracy.
of i nformation obtained from fewer random |

predictions.

TABLISEXxperi Resual s

Num MAE RMSE MAPE

1 0.145 0.0097 10.984
2 0.134 0.0086 10.9335
3 0.0112 0.0133 20.5859
4 0.00093 0.0109 21.4495
5 0.0087 0.0016 23.83

6 0.0119 0.0166 11.2029
7 0.0105 0.019 21.041
8 0.0106 0.0115 3.6255
9 0.0077 0.0089 3.1038

As shown5l1li2n FEihge. data presented reveal val

bet ween the number of sensors and predictior
Specifically, i tn usnhboews otfh es eenfsfoercst oonf tthhee pr e
by MAE. Firstly, there is a clear wupward tr
decreases. The trend is consistently obseryv
evidencendcrbegastehei nn MAE as the number of sen
analysis reveals variations in prediction er
the same number of sensor s. The variation e
prde cti on accuracy.

At a sensor count of 9, t he | owest MAE of
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condition, while the highest MAE of 0.0109 \

This suggests that certain sensor | ocations
prediction accuracy. Over a widegemarnnglel,y irm«
prediction errors. |t can be observed by the
increases from 1 to 9. The reduction indicat
extra sensors I mprovesi bhe BHowavacy bf thei m
mar gi nal gain decreases significantly when
threshold, each additional sensor contribute
in a | owecreadsde o tdhe MAE. The phenomenon
di minishing marginal returns, suggesting tha
di minishes. While increasing the number of s
the growth in reconstruction efficiency sl o
specific threshol d. Cheaktli tcomasi dei at iecsent
opti mal number of sensors toaachinawvy. the req
0.04 T T T T T T T

—+—2500rpm no load
0-035% S —#— 3000rpm 66N ]
) 3000rpm no load
—E— 6000rpm 66N -
—*— 6000rpm no load
8200rpm 48N

—<— 8200rpm no load

-
=
]
h
T

0.01

0.005

Sensor number

Figl2Predicted error in different sen:

544Vari ous Sensor Di stri bution Discuss

As s hownb5lign tFkieg.reconstruction accuracy ex
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number and distribution of sensors fof a gi\

|l oad operating state, theolhhsgrhesd wlhkemnnssirnug
di stributed sensor s, resulting in a minimur
uni formly distributed sensors, the reconstr.!
MAE of 0. 0036, whi c h oif ndsiecnastoers ntuhnabte rt haen de f
reconstruction accuracy may show variability

t hat the effect of the number and distribut.

show vari abirleintty ogcerrcastd odchiaflf est at es. Further:
sensors may |l ead to an increase in reconstru
scheme, the data show a decreasing trend in
sensors is increased from 2 to 5. 't is wort
sensor counts shift from 2 to 5 in a dense

number of sensors has the potrerctoinalt rtuac tiimmr. C
noting that different operating states may ¢
changes in the number of -48Nsansdd&bd0 dipsetrraithb
states, the incfreasmsoms tlheadhsumberrel atively

the other operating states have relatively I

i's i mportant to carefully select the corre
especgi alor a given operating state. The vVvib
provides valuable insight into the effect of
accuracy. Further anal ysis and expenrsiinveent s

understanding of the reconstruction characte

t he number of sensors and the distribution s
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Reconstruction Accuracy Heatmap MAE
Dense-5 L 0.016
Dense-4 -0.014
-0.012
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S
3
0
s 0.010
0]
& Dense-2
0.008
Uniform-5
0.006
Uniform-4
0.004

2500/no 3000/66N 3000/no 6000/66 6000/no 8200/48N 8200/no
Operation Conditions

Figl3Heat map for different sensor distribu

55.Concl usi on

Thickhaptreersent s an algorithm based on a grap

wi t h -sntualltei i nf or mati on fusion to reconstruct
of the motor stator in vibration testing. Th
1. The proposed model i-Isi nceaapra b et toefr nmi nminndg fr

vi bration signal s. The reconstruction acc

interactions between nodes and using the c
2. The experi ment verification indicates that
di stributed sensors better than densely di ¢
rpm without | oad and the mini mumaéer Rob26eobt

3.The effect of the number and distribution

show variability across different operati ol
Furthermore, the results can be analysed as
the evaluation of different motor states, wh
and increases the efficiencyumtfi ovni brrealtii ami Ir
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proposed method varies with the number and d

the reconstruction performance I mprovement r

Chapt@oancél usi ons and Fut

6.1.Concl usi on

El ectric vehicle motor, as the core power s
environmental protection, energy saving and
faults and damages during opersattatouns, asnod atcic
di agnosis of faults become key tasks to ens
Through the resear cdiriivnen hailsg opraiptehrms ,u ssi enlge cdtal
and reconstructing Visbrwiittifoma listeinosnosr tdhart cau gshi
arrangement s, accurate and reliable vibrati
obtained. Using t-Bamplydor | dammoidredq fsrmarhd wor Kk,
analyzing motobidmat aedenxttracti ng key -cfieractuuirte s
fault diagnosis of the inverter toTlkesmaient h

work and contributions of this study can be

| n Ch aapptpelri c2a,t i on of artificial i nthed d i lgeeenrc e
revedcwmprehensive studies of motor faults ai
far been | imited to diagnosing faults in mot

to detect faults in motors wnaferf dulgthtdil agre

reduced due to fluctuations in rotor speed d
it remaind emmgeopg®n comali der the | mpadbtasefd mot
fault diagnosis. Artificial intelligence for

number of different typ-psooOoé&sssianhpesnake ctaitod it ¢
of appropriate statistical features, and sel
which tool is best suited for a particular p
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t h
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Th
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mo

ere is a |l ot of scope for research in this

tection and diagnosis of rotating machiner

tificial i ntell i genéea smealfnhosdtsi.c Ay dtfea mg adt
all enging tasks to accomplish in terms of
equate database and robustness.

Ch atpiteerp e3r,f or mance -mds edidimdavtreann hydb rmadeno d e
enrcuit fwasti dv.aghnogoabsseedr ver i s wsedeinhd o
siduals as input samples for fault i-nfor ma
ot learning is constructed for VSI open ci

ndition contains uncerdtaiiomn choanprog eunstesd dause f

e diagnostic model can |l ead to unnecessary
i nput signals, the wuncertain current coO0mg
rformance. dShmplper obpamsiotfy due to | imited

dressed by -schoonts tlreuacrtninmgg fleased on t he Si an

opt ed-batsteentailgror i t hm can extract gl obal f
t put ati assipfeird or mance. However, consider i |
n affect diagnostic performance, it i's re
brid model under wvarying system parameters

Chdagptetrr edbtais e d -Spead tirad | Graph Convolutiona
d evla s pr oproesdeudc et ot he number of sensor s r e
construction in electric motors. The ASSGC
erating state force, acceleration, and vib
e mopeedicts the vibration signals of diff
equency spectrum featur e wsfi nvgi bdyantaminc sd
al yTshies .proposed met hod offers significant

el ectric powertrain applications. By redi

nitoring cost can be reduced widtheoeatti ¢ro mpn
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prediction. t he ASSGCN model has the potent.i
| PMSM configurations. Il n summary, the propos
for reducing vi bration testing cootve,r alincr
understanding of motor vi bration character
configurations and wider application in elec
the field of vibration analysis and monitori

| n Chbagnt eal gori thm based on a graphical neur
scale infowamatpmoep éreescdoonnst ruct virtual sensor
of the motor stator in vibration tebtnagr TI
patterns and features in motor vibration si
| ear nei ngomphl ex i nteractions between nodes a
bet ween sensors. The experiment verification
uni formly distributed sensors betteb. 6 &n de
at 6000 rpm without |l oad and the minimum er
2.62%. The effect of the number and distribu
show variability astrates di,F dtehde art aasoupl @tgsa tecichonn al
virtual sensor signals to provide a referenc
reduces the <cost of i nstalling vibration s
monitoring. Thlei arbeiclointsyt roufc ttihoen prreoposed met h
di stribution | ocation of real sensors.
Al | in all, as far as the topidr iovfe nmoalogorciotn
concerned, this study combines theoretical e
researches andr i ddewnelarptsi fdatisalt o ntetodngenee
vi bration signals andi Acoautattaeauditaguongies ath
achieved the following results:

A comprehensive review of the application

of mot or condition detection
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Devel oping a Hybrid Driv€i Mecde.l fawuwl Met or
Devel opmewtr i ovfe na gd atpah rneecuornaslt rnuecttwonmokt otro v i |
Explore the impact of different sensor di:

Il mprove reconstruction efficiency

62ZFuture Wor k

Basetl he conclusions above and cowserniderfimigurt
research could be carried out in the foll owi
Enhancing fault detection and diagnosis: Fut
and efficiency of fault detection and diagno
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