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Ball bearings are important components used to reduce rotational friction in
machinery. When a ball bearing is damaged, it can cause abnormal operation and even
stop the machine altogether. This research proposes a method for detecting faults in
ball bearings using an Artificial Neural Network (ANN) to identify the condition of the
bearings. A servo system is designed with a sensor for controlling motor speed and
estimating the electrical signal value, which determines the condition of the bearings
in three cases: normal, no lubricant, and groove damage. In designing the ANN model,
five statistical parameters are used to separate data and determine the characteristics
of the motor current and deviation values from the observation data. This research is

expected to increase the reliability of machine maintenance and repair in the future.
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7151113A2UANLAZUTUUTINISVINUYBITZUUALEATIAIINLED AINLLUET NTORD U
o 1% o Yy 1o« a a ) - Yoot
welissuvanansavhauliegraiussdnsninuazuiuguniian aunsamlalagldisnig

A9 9 laun



1) mswdasaunsanuduiuslusUvesannsdieyiusvesiiudseneg ilelvioglu
sUlsAtuLea (s-domain) anunsavildlagliisnisutasarvana (Laplace's Transform) I
BuduannmadeuaunismsduiusluguvesaunisiBoyiudvowinuusing 4 wdhunld
Frswasanana ewdsuaumsanuduiusilieglusuvesiladduea (s-domain) Tag
aunisamduiusildannisulasaanad asdguuuuduitadfudielou (transfer
function) Fsanansaltlunisinzinazesnuuuszuumunsild nsanziledagulvioglu
gUmemﬁaﬁ%’udweiauﬁzwmﬁmﬂs@uwmﬁuLmﬁwmaﬁzwwhﬁ?u

2) MInagauANLansalunInaUaLBIvassEuvansavilalaglddunn sng 9
Jlonsradeunadnsildanszuy Wieldnanauausuds lsransntnaneUALDIE LI
aunsanuduiusvessyuulagldisnisseyiendnualrasssuunse "System Identification”
Fadunszviunsilideyanansvausaiieadralunanisadamansi arunsaven
anuduiusszninsdunauazodnevesszuuld Bnssryendnuaivesszuulufitasléng
nagoUNaneUAuaaTInIA Insdiasssiaunsanuduiudseninsdunauaziendwaly
szuuldluguuuuvesiladdudnglou flaggaelisudleguantivas wodnssuvesszuuléa
Batu

231 Weidudnglou

flsrdudnelou (Transfer Function) 1iuilsidunisndinmansildifouny
FEUUNIIAINTTY Lga1u13aa5uIen1sinuesssuulanlsaunIsneadamans loy
flsrdudnelouavuonmnuduiusssninedunauaziednmuesszuulugUuUUTBsaNM 11
oyius Tnehluudailadduelouszgnldlunisiesziuazoonuuuszuumun Tasnsld
lafdumelonagdneliannsnhusuasysuusmgnssuvesssuu ity Inetanizeehad

cal v )

lunsmuaussuuielilanadnsnfonts Awanslugui 2.4

unA - . . oaua
—+ AumsIFeynus
u(t) y(t)

Tannan

|

G e 11ANA
Wanvuoelou }—
U(s) Y(s)

Tanmuoa

JUT 2.4 Weidusnelou



<
24 vaanlaazunsy

[ . | % o a

udontnazunsy (block diagram) LUUWNUAINLARASF YEY 1ULAENITANTUNITNIS

AMAAEASTDI5TUUNSBLAS aellof IlunsUssananadyya 1WueIeedlondeuldluns
90NLUUIEUUAILAY tnaUsenaumeudenateviafideuneduiaiduilon usazuden
wnunsaiunmeadinmansuian1svieuvesaieionis o lusyuu vdenlnesunsu
Heliienonisnsasulasiiludeianainvesssuy wazdelildaudilanisviues
seuUlAETU SIS oYy A9 9 Aelussu wavdianusaguTINEIY
19 9 Wielideraniseanuuusruumuauladndenisilisusevientaezunsulussuu
mvAuLuuUnagldgnasiienduiianienisivavestoyanisluseuy 7ni 2.5 uang
Y Y < a = % A o
anwagluvesudenlaezunsuluszuunivanwuunln Fausenaumeileiduingloudeys
melussuy laun dusuagusduuudyarudunn AGs), Aaruad GC(s), #efaans
AIUAY GP(s), Fan3393U H(s) wag Aausudsudyqiaierdne Z(s) nniadduaieleu
Wousderumegnasiinfufiavanisivarestoyalussuuniuaunsu iR, ssuuaruauild

'
v o =

alulagtulininissudyaauasn sdudyniasienindymiosedng Ingsaunsaiy

a Y

druvdnaen ey nBunmngmUTuURsud M MsTINdauBunauadyny 0

= a o I3 = cs < a v &
JUNTUYDITLUULTOHANF Yy 100010 we 91115l euduaun1smiendindians oy
y = fir, w) Inefifusudeudyaradunauaziodnneralilaldnuils ssuuamuaunaly

A q

1% a

Inflansdayay 1B uNnPDd Y I019BIVBITEU 1 Lagd U IUTUNIUVDITEUU W F9a13150
tanlglunisauuaig 9 lnediengunsarsloudyyiaman 9 awaiu lknn19ns9du
deyeyad MIUTTWANAFYYIM LAZNIIAIVANLIBAIVANIZUURNUADNINOZUATY TEUU
a t:gljd A Yo = v [y 1 ! o
muauwuURUailuszuuiilasunisAinwuasldnuivedrunsnate wagaiunsadnluldly

nsAUIMAN 9 lnegredniauluauiam

S

PP
+

=~

465 H=O—1 6.9 20O 6.9 P 209) =

H(s)

U7 2.5 UdienlneginiuvesssuuaIuauuule



2.5 fapuauuwuulaundudulsanu

Mmuaukuudaunduiwlsaniue (state feedback control) 1w3snsmauawly
sruumuANln lnedamuauagldaniue (state) vosszuuidududsdeundu (feedback
variable) ilonaazyFuUTId R MAIUAL (control signal) Aidssanludsseuy i els
ausamuANnIsinnwessEuulaeggnaeuaziiuseAvsnngsan TunisAuudyg
e newsanwuuszuule o dududesnseaeuitszuuiinismunulinassiosauyfing,
wUsantugnndraansadndld egnslsAny lussuuiisidudugs sldanunsaiadiduds
anugnndaldlaglilfiumes ailerlddreias fodu TunmAdeid 194 dunn (Observer)
WiouszinauAduysanue waglunisdoundufuusanuzvesssuuaziosdinaman
SasaereveIn1steundusiiuusaniuy (State feedback gain, K) Taeldw efdusaely

TUsunsu MATLAB uasgavinedmadnslluansuamensivudanlaozunsy

L4 u(t){fc=Ax+Bu

1 ) y(t)
)

-K

JUT 2.6 spuumuauuulaunduikUsanue

o 74
2.6 AEILNG

sruumuAukuUUaunaudlUsan UL (State variable feedback control) figans
TeyavesikUsan Uz niivessruuieldlunmsiunAInIuALazUTUUTaUsEANS AN

| 13 v v C ] d' A v Yo ¥ d' &
Y8352U 88915An10 n1siadndsanusyndaduiseseinvsededdrildanenuintuly
2/ Y A < 3 LY & o v
nsasesruuaTseduwesulalunisia Tunsudlulawvnil fussunurdwdsanue
(State estimator) n38daLNA (State observer) A)NONLUUVTUUUNUFIUVBIUUUTIADS
MepdlamanivesszuLed nglddayaninainnisussanamdudsanuslunisaiuinm
AIUANKATUTUUTIUTEANTAIMYRITEUY
Y Y 1 ) ad A v v <

N1300NLUUMUTZINAIAIMLUTADUZAINTALULTY 2 15 AD WuUBUAULAN (Full-
order state estimator) uazanauny (Reduced order observer)

wuudua Uiy (Full-order state estimator) fie Full-order state estimator #8n13

Uszanauandulsanusianunvessyuulagadedeyaninliwardygradunnndeud
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TWifuszuu mssenuuufiUssanawuususuiuilduuusassesyuuitussnoude
AUNNSAONUET A

WuUandusu (Reduced order observer) Aig N159BNWUUAIUTENIAUAIRILUTAN1UE
vesszuumuAulagliuadoyavosiuusanuz i inlduasdyaadunnvesszuy
AIUAN Tnsn1seenuuuilszanmaisanugdandunisussananiuUsanue il
annsatnldiindy Tagodetoyannmuusanuzitinlduazdyaadunniideulyiszuy lu
N1500NLUURIUTZUIAILUUAASUAY (Reduced order observer) agldwuusiaad
Usznaudeaumsdanuzveess T mauUansusu Tneasiisuauiulsdausfilssana
AtRENILUUBUAULAY (Full-order state estimator)

FelumAdeiagrihnistaaiusaniuglminndlagldrull-order state estimator
wanslded

2.6.1 FIFHUNADUAULAL

nseanwuUfdunnduduiin (Full-order state estimator) Aanslddeya

Yoo nauIsiianns fnlduasdygraduneidadlulussuuitoUssanurifuys
anmunomuavesszuulmilngldaunisssuu e dusilszanamfudsanuzaes
fafuedld sgnslsimunisuszanaiidumsusyanaludnvasuuuiada (Open-Loop) Tne
farsansyuudaduiiadauusvasssuulaiuiunan (Linear Time Invariant System) @4

JUMUUvRIsTUURdUTainsaieulasy State Space Form

—u(t) X =Ax + Bu il C y(t?
ITUY *
t e(t) é?
— x 9(t)
X =AX + Bu
CRLAGT ’ f(t)

= U o 4
E‘U‘W 2.7 WNUATNNANNTITNNIUYBIAITINEH
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2.7 STUUATIITULAZIMUNYDUANTDY

WATANIIATINTULAL STYFMULMUITauNNTae (Fault Detection and Isolation, FDI)
dumadandsildlunsesaaeuuasinseissuudliodumdounnsosfiiAat unagszy
FumisiiAndaunndasiu 4 luszuu Junaia FoI difndeulluszuvgeamnssy wu
syUUAIR NI e UUNSHAR Wlatiensivasulazudludlymlunisyhauvesssuusing 4
wadla FOI 9lfidumeviegunsalinnaeusing 4 Wleifiutoyauagiiasginisvinauaes

o

szuu dlesruuiideunndes wdidynaiinunidistu uazasthdoyafiiulifeudiuteya
fifpsnslunsvhanund ilessyfumisuazamuestounnses uenaini mafia FOI
anunsoadauumeniseiledam wartedinussaniamlunisianuvesssuudndae
38015 FDI awnsawuseenidu 2 35 fe

2.7.1 n5tuUUINEB9U0952UU (Model-based approach) Ao N15&3 19l UL
FransasszuuiiohlUllum s eiuasnsnaevanizvesszuy I@ﬂiﬁmﬂaﬁiﬁ%’umﬂ
nsfanaziienzidynn iiemanisainnsfadeunnseuaziieldlunisin ss3nwvide
manse] (Predictive Maintenance) titeannanssnusionundemevestudiuiu o uavan
nsAuUdsmdinuenAiedns

272  MINTEDUENTIEMTNIUVDLASDIINS (Condition-based monitoring)
Junsenatawagiseidyaaiiensivdevaniizuesszuu Tngadowmeluladng
U sz el nsteseiduaiandes nsinseidyaansedeuln
venseadns Wudy ilensisdevanzaenndssinsuasmdounniosiionaindu uay
ansaudlaldnewinnnudemeitlifosms Metlaztieanaudomenazalisnglunis

PRURTULATDIINT LA NUUTZANTANIUNIS I UVDILATDITNT

FDI

Model Non Model
Based Based
| S— '
Residual Fault Condition Intelligent
Estimation Monitoring FDI
I ]
Observer Parity Observer Parameter Spectrum Trend
Based Equation Based Estimation Analysis Analysis

JUN 2.8 MsduuninaliansnsIadudeianain
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2.8  M9I38UIYBIATDIINT

NN3158U3V04LAT89INT (Machine Learning) ABNIUIUNNTNLATEITNTANTOLTBUS

o U &

nntoya Inglisndudessvymdadudduiitaay wielinguiognsdmnaiignimunan
nou lunssviumaFeuivenaissing lumaszgnatsdulnesnluifonyadey aflnia
(Training data) fignfloudnluluszuy desdnsasdeuiandeyatifioasrslunadiansa
vhuneradwsvestoyalnlld maiSeudveuniesdnsivane¥sns 1wy maFeuiuuuamd
(Frequency-based learning) N3L38U3UUUNISISEUSITEN (Deep learning) NMSITEUIWUY
#ugnu (Traditional Machine Learning) @ susiag3sn1sagimnzauduanuiideanisldauy

wansneiuluyussamues Machine learning anwnsauusliilu 3 wuu Aegui 2.9

Types of Machine Learning

Machine
Learning

Supervised Unsupervised Reinforcement
Task Driven Data Driven Learn from
(Predict next value) (Identify Clusters) Mistakes

A &3 i

g‘dﬁ 2.9 Usetanued Machine Learning

Supervised learning fia MsL3EU3vRUATBINSIALlEYATRYA (dataset) Min15Hn
Unefiu (label) Miszuitusagiagluniiavyla lnedane3iiuasiseuzanyateyaningn
wazannsaiuenadnsdmsudeyailiwemuineuld Jeasdigliaunseduunniedn

nqudeyaldmulssinnienuantfvidents eg13lsiniu n1si3eusuuu supervised

=

learning dasn1snisAnteifungneeswazinaninielinadnsnladanuwiugigauas

Y 1

4

winzauiunsilldnuase feieddmsdnasstoyalivunzauuasivsinaniiemaiio
= P a a
MsiSeuindusEavzam
. . < a 1% a [ A (=) o o
Unsupervised leaming 1unuinianisileusveaniesdnsilidinsimuadineu
naodliAuluea 1WInuewee unsupervised learning ABNISUILATIAT NI DA NWULUD

9
Foyai llasunistaudayaaniderviy lnenisseusazendeisnisinnqudoya



13

(Clustering) n3ayuuilily (Trend) vesvoya Lﬁalﬁt,ﬂ%'aﬁﬂia'm'ﬁaﬁwmaﬁﬁaaﬂa‘luamﬂm
Inlaglafeeinisinundineuaami awsalszendly unsupervised learing Tuau
#19 9 19U MITANaNgNAN, MIMENYAEYBINTH, MTIATIZVITEYaMNINTRY WALy 9
Reinforcement learning JuuwrAnves Machine Learning ﬁLﬁuﬂm%'aué’mmﬁa Al
Tneldszuunismavausndauinuiodsau (reward or punishment) 990 1u39d0u il
L’%auiﬁ%‘mimauauaaﬁgﬂéfmLﬁal,m%ﬁyﬁu?mmé’awm 5 lu reinforcement learning a%il
§i Al ﬁﬁauifmﬂmiﬁ’mu%ﬂ ‘ e?iqﬁemifmmhzaumiaiﬁiéf%’umﬂmiv‘f'mw,l,siam%y’q 1y
Al 9351 input 91nd9AdeN Wazazyiin1siden action MuAMLINEANTidelunTIANTS
Aawandeu G4 action MATianazlé3y reward 91ndsuwandon wag action filiivangauaylisy

punishment 31n&WIAAO

[
==

Tutlagtu n15ld Machine learning TuaumnssinuAmnssufiunumddnanndstu
lngianizlunisviunenisgeuinge (Predictive Maintenance) S¥UUAIUAN LagN130TINTY
uazszyToUNNT a9 (Fault detection and Isolation) Tusuided Ifn1sunausnis
Usggnaltivalulad Machine leaming Wiotglunsmsaduteunnsesveandugniiu Tagld
35n1slaserneUsramiisy (Artificial Neural Network, ANN) tugdgielunsasialunaly
mMsseddeyaLaziunedoya 4samnsarisaniiauazdunulumsquasnuinazden
thgaszuundeindasdnaeing q Idundsiu wagdieiudssavsamlunisvheuvesszuy
gaavnIINoNsandIuuAI esdnsiidemgavihnuiiiederiissfenisvinuiemsiin

YauNNToda Wi lusEuuanaIMng sy

1 =

29 lassdneuszamiiien

lassuneUszamiiey (Artificial Neural Network) sduluinaniandinenansidiaes

o @ 4 Y o~ o a Y a =
n15vuYessEuUUsTamdenuveswywd lagldnanni1sinisendn "nsiseusidedn’ (Deep
Learning) us¥naulusmenisiinlumaliiseuiuasUsummsimesivelvidninuudugly
n1svienaans lasaingussamieudsenauniegniisuseatana (Neuron) nangdai
Fousieiududu (Layer) wieuszananadaya 19U N139WUNAMN 113753930 TRY N159UN
= & v | b N v Ao Yy Y% 1%
e Wusy Tngusiagduariinifivihanuanie Wy dusuuuy (Input Layer) azSudoyaidn
11 Fugou (Hidden Layer) 9sUseaianauaziseusndoya Wagdudasan (Output Layer)
° U A v o =t D= d v aaa Aa a

ihwadnsninannisysznarauldnugdummssnudnasvilouduuisewalnfnly

anes Wieudlureuiunasynagluiuauvintuies



mput << X
3

JUT 2.10 wuudnaealassnguszamiiiey

2.10 MIARLENANEIAUYaITaY

Activation

14

= | ~ Y o = 9 1 A o g v
nszvunsinaeulassieUszamifisnazfosdnniouyndoyali nzauiiovily

Tuwainnisandiguuuulaf JuneunsAnuendnvusvestoya (Feature extraction) 3adu

& Ao w o v av & Yaa aa a 1%
Junaundrfglunisdanisteya lusddedaldisnimieads unldluniswisugadoya

dmiuilnaeu Uszneume Auady (Mean),mdnsidiuagaseniade (Crest factor), AN

AMUlee (Kurtosis), 89318 Wd ey aunadyay1aisuniu(SINAD) uag AndequulInggIu

(Standard deviation) Iaganusamwindlaannaunisi 2.1 — 2.4 anudisu

- Mean

- Crest factor

X
eak
c=-"%

rms
- Kurtosis

1 n xi—)E 4
K=—

i=1

- SINAD
SINAD _ Psignal+Pnoise+Pdistortion

PnoisetPdistortion

(2.1)

(2.2)

(2.3)

(2.4)
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- Standard deviation

= 2
Std = /ZE:TX)) (2.5)

2.11 USiiAthssanssusazauitedinetes

1ud A.A. 2019 Toumi Yassine wagamdy [1] laAnwinislamaiia kurtogram Tunns
AvuA band-pass ﬁmmzauﬁqm Snunizinsesduaadiiddmsunmsieseiouilay
Tnednyayauiléannnisutas Hilbert uay FFT ﬁ?mi’;aiﬁaﬁuﬁﬁal,t,aﬂ@mamﬂ’alﬁ niulald

TAsavngUszaisuiadLunUsELANANURaUNRvaInduanUuns19tu (inner race fault)

Y

'
1 I~

Lars19uan (outer race fault) 1neldW151TLMSNI9ADAAD ANAAIALAADUNISIADILARY

(mean square error) VLﬁm’mQﬂéTm 98.08%

a

Tud A.e. 2019 Shixin Zhang wagaue [2] ladAnw1n1sldien s daduidenunIneeg

q

[y 2 1 a Y o Y] A aa a 1< a
navandulagldlassirgussamienlagidyarunisduasiiiousuuiifiendud un

g q

a

1A59U18UsEA M sUaNUNT RN LALALE AL LN R ANALURYITDLAANURANAIAYDINSU

9 Y

& o va v vy A U aa a aa o w Ao v
anUuuazransiuine veusuls Wallleuiuidsniswuukiag FBnsidanseuiunsidudeu
va a 5 = ] o dy dl' = % a s A 1 1

vaRuaudRioy duilinuuduggy Weaisudu DBN wisdinesinseviganaduaylyl
° v ° ! 19 = a o | a v ~ @V
Tudurosdraosarsmin WewsuiulasswieUsvamieon lasldamaaudinaiil
Fnuusedldianian

¥ p.A. 2010 Liang Qunlong kazaniy [3] ladnwiisn1sseulnanvesndugniuly
wsesdnsvyu Ingldlasainedszamiion n15asakuuTNanidinmansodnsieg way
A1U150AIVANANULILEILS wazllimuaINNI0luNTaNFYNINTUNIY ANYEaIlATIYIY
Uszamifieufonisiitoyanioge tnelifoasiauuudnaenenineansvedssuy wagi
MU LTLEUYeIIEUUIN Real coordinate space lnglalunanilsoudng n1sAIule
a <@ [y IS
#1590157 lunmsnlvanvesnaugnlu

Tud A.A. 2021 Pratik Phalle Lag Sangram Patil [4] la@n¥1n153tAT1¥M AN
a o Y = i o Y =~ & Aoy ] a{'
Aanainlundugnlu iessyunansenudeannsun1sduaziiouvegnUuinideunnsoi
s19luleelAI093AI9 Fast Fourier Transform (FFT) dounwsesfsnsluduindulagldy
Sn1sim@aunleliii (lectrical discharge machining) wagzlasinisiAvanaunasuaad

=

dmsundugnluiiananuasunidlagldiasesinses FFT agUlainfingduiaunignves

[
1

o = Ao v al o a1 A Ny ] a =
ﬂ'ﬁﬁua%lfﬂauwaﬂl’ﬂﬁlﬂ‘ﬂ BPFI IuaL‘Uﬂfﬂiilﬂ'mllﬂ‘UQ?I'J'WNSU@‘UﬂWiaﬂWiqﬂﬂqﬂium@ﬂ@]ﬂUu
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[
€ =%

Tn3sn1stinseviddusg fuanuduasUszaunsaivosuyuddeiananalddne fadui
IduseswmnadudeRanaalaglifinsunsnumeesyudlagldnouiunessaudulusunsy
MATLAB waz lasstheuszamiissionsiaduanuiinundvesndugniu tnedannugndes
0871 94.27 %

lul A.A. 2021 Anastasia Kotelnikova uazaug [5] laAnwiisnisaiuaulagldsa

dunansaikuuysuamnsmasiuante Wislrnisvinanuveseesiilasiianuadssaegla

v a

fUsniena assiutuiuisou o ddunansaldulaviinisussaianarianusiuag
AL WNY UnngIEFaunanisaliauaiuisalunisussunausidaluaniazaig
085 VDITTUU MElFAAUTZLANNN 9 N13T1a0UIMNINIsAIUANTIV AUl
Péndnnueiiniuaunseslsuwalaesnluifonn anudeslneyszun il

A o = = a a ¢ |
aunsaeielalaglumidstnisiuasunyasren e essruugosnana

Tud A 2018 Jing Sun wazan [6] WaAnw F8n1slinisusuleimdunanssuniu
(DOB) LiloMAndssunIuwazidsssunau nelavinnisfinwuavyssgndldiunisauaussuy
AULSAEesTy 8997nAarauAx PID wUUALAN N1391809uuTUSHATH MATLAB/Simulink

s d! aa s [ a ] U s

waznveageululnannasunIsnaaeINsl@ndues Quanser AliunsausunsulnsaLans
PID Tnefiuazlalil DOB NU5UUTIMA 9MnN15NRaBILandlTLiLINDOB NUTUUTILEEINITE
andarusuniulaaly DOB WUUA LAY LazaIu15atesn un1TIUNIUATBUBNLALIADS
sumulaegradivsednsnmn

Tudl A.f. 2017 Zhou Minghao wazaue [7] ln@nwisdunanisaluuuluddvmsu

< & a o v al fa o v 13
seuvuweshvasanusweweiivienilagldnismivaulvund sunesivaluudusuiy
(full-order sliding-mode control) Inumdeumesivanuudusuadlasuniseonuuudmsu
fadananisaluaznisauauiiedtedlasliaunisidsuslasmindwes neluwaznis
FUNIUIINABUDN FygyIAIuANABLlegnaseluiie Suna ndlsmasisaunazaiunsy
AUTENNAl YBsnanguaslsmesanunsaldd1iunsin field orientation control U8sNBLADS
wilenh waznsuszanausanisaldly n1saiuay wawesmdeni wuuliiguges
= a ) a0 A fa o Y] I

HAaTaINITUTEUWEY Minsesnnudaily nuadeumesivaiuudinmsiiuguwuy @1u15
munule Yusgiutoivuaimuussansnm n1531ae9 ARaRUIBNITIEWS

Tud a.A. 2019 Shengju Li k&g Xiaoming Ren [8] loAnw138n15AIuaNaasds laun
o a o N a Y] Y v o ¢
AamuRuwuUTlsdwasanuaNLUUTed-PID Tuvuieiu ldeanwuudidunnnisaiiie
AANANIZNUTDINITTUNIUNIEUDNLAZTILAIUANAIULSIVDINBLADS LTI ULAZATIAEY

Anugnaaslnen1sTaedtulusunsy Matlab kanisdtaesuandliiiuinfniunn Fuzzy-PID
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ﬁU33?11/1'Smw1®mﬁm’7fﬁ%uuaxmsmLéuammﬁmwamLLUUﬂaﬁu’mﬂ’j'm'rﬁmuamwuﬂsﬁ
MseRNLUUMEINANSTIEUTUUTUsANE N WAsTIveq

M3nIuALANILTIBINeWme LAY wilinadulszavinmuuulaunfinveuewnes
EA[GA

Tud A.A. 2020 T Wanglomklang tazaue [9] laAn¥1A1909193UANURANAIATS
pdugniudadulaeld Tassnaussamidion (ANN) sudfegafidanalddmsussuusalusdi
m’mL%ffsqamia%?mLLUUﬁi”laaﬂmu’]ﬁﬂmaﬁ\lﬂmﬂLLazmiaaﬂLLUUﬁzUUL%as‘Mmamaauﬁ 3
2nldun Un, vmansvaedaus0%, uwaylsifansndedu deyanmdnuaiinszilagisnis
adf nadnsuansliiuiiniseenwuuszuuauAuduszansamlunsfinmunisnevaues
wazluiaa ANN fiaauiiugn 99.7% lagltdanaitu Levenberg Marquardt

Ul A.A. 2018 Eva Navasari kaganiy [10] nAnwianuidemeveindugniulaeg
avaUssMeTsinsssatiaslagliiinsulasaidawuulidedes enseasy
Audemefiing U n1sUssiaanady anszadanslagldnidauuullsedes
L‘U%‘EJ‘ULﬁU‘UﬂT]ﬂJaIﬂ?Uﬂ%WNﬁﬂ@ﬂ%@dﬁmmﬂmﬁW§UQﬂﬂuﬂﬂaLLﬁ%ﬁLﬁWﬁ@ﬁﬂWﬁ’161 uanaNi
TasstneUszaiisugnldiiie nisduundssanvesauRanann nansiasIzsinuI A3
WiauevesNdnsasundu 100% dmsudeianaiaiisisly, 98% dmsutofinnaind

BN Wag 100% dmiugnuearasnaugnUindeme
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A5N15AL UL

3.1 unih

‘Lumu%’aﬁiﬁﬁmiaaﬂLLUUizwmmuLLUUﬂauﬂé’UﬁaLLﬂiamuz \Woauay
mnudiseuvewawmesliiinszuanse msoenuuuiidenflaunsafmunnanevaueim
watnvesszuuliidulunuiideanisld Tneldinaianisnsdnadivhlildnansvauesves
szuu2da (Closed-loop pole) mudein1s wenani weaiaddudunisiuduninud

Y

LE0EINIMYBITEUUME NT0RNKULLIzARIa ATy avasmlUsan s vesssuundalann

fuieteulisnsmens K egrlsfn lumfid szuudduduiigs Sadumsvinliiiam
gnlumsTaafutsanuglévng fufu lunsfnuniadinslimdanadulsanius
(State observer) bt ptaelun1sUsTIMAIT L SYR9TEUU TnsnTToBNLULAE A0
LuSaesndamanivessruLiie Madelarusgneudeaesdumdn Aenseaniuy
STUUMUANALIINNTIAA B UT Lagn1sATIaT UTeUN T sendugniu Faaznaasdly
anmezUn@ anmeiivnansvdedu uaraniizauidevnedisisly laenslilasselssamn
Wiay (Artificial Neural Network, ANN) Lﬁ@ﬁﬁLLUﬂ%@UﬂWﬁaﬂﬂjﬁuﬂﬂﬂﬁﬁmﬂaNﬂﬁ]’e]‘Uﬁ‘Ll’eN‘Vl’N

wadmandidaune d1dureenisvinideariandlusu 3.1
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v v
VNAFDUTTUUANNAY VIRSDUSTUUISY
v v
Avuadavuasadugniu . i :
1aamulng Aenniuasasiua
2 aamranasuaadu

3.aamranuEamaensly

dl g:‘l o a a v
E‘U‘VI 3.1 YUNBUNITANUUINUINY

3.2 UUUADINANAANEASVDITZUY
31NN13ANIIATIAT A NITYINNUYBIYATIABIANUAEEVBIRS UGN TN WU
YnI1a8IUTENBUMIBEINUTENOU 2 du lngaunsaasIauuuinaomvanmansvedssuula
Fagui 3.2 lunsiseilléldngiefiaesuesiiadiu (Newton’s Second law) Lilomaunisma
AflnFnansvesTEUy Fsazuiadu 2 dw tieairsuuudassmsndaman; fe
3.2.1  uuudraeawslwidn (Electrical part)

3.2.2  uuudnaewnena (Mechanical part)
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!
< }) I_I_IB L=

77777 (1)1 Vol

JUN 3.2 wuudnaeanabiiiuasnnanavessyuy

1AW TADIAN 9 VaslUUTIaesdINITaed U lAR

V.,: Armature voltage (V) I 4: Armature current (A)
: Armature inductance : Rotation speed (rad/s
Ly, : Armature inductance (H) Wy, : Rotation speed (rad/s)
: Armature resistance : Moment of inertia (kg.m
R, : Armat istance (€2) m : Moment of inertia (kg.m2)
: Motor torque (N.m : Torque coefficient (N.m
T}, : Motor torque (N.m) K; : Torg fficient (N.m/A)

€} : Back electromotive force voltage (V) K}, : Back electromotive force

coefficient(V.s/rad)

B,,: Coefficient of viscous friction (N.m.s/rad)

TingussnuvesAasvanil (Kirchhoffs voltage law) L 83tA31212995 1w 04

yawmeslniinseuanse agldaunismsliiheelud wanduaunisi (3.1) - (3.3)

V, (t) = Li(t) + Ri(t) +¢, (t) (3.1)
e, (t) = K,a, (1) (3.2)
V, (t) = Li(t) + Ri(t) + K,a, (t) (3.3)

NNSUTEENALINgUeiasuaailafiu (Newton’s Second law) Tun1siiansanssuy

714Na LA INAUNITNINAVDINDLADS INHINTLUANTILANILAAIFUNTN (3.4) - (3.8) 9Tl
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J o ()+B o 0)=T T, (3.4)
T =Ki(t) (3.5)
T =Ja{)+Ba() (3.6)
J,.o, ) +B, o, (t) =Kit)-J,q () - Bao(t) (3.7)

In@y (1) + B, @, (1) + 3,03 (1) + By (£)
Kt

—i(t) (3.8)

3.3 wuudaesvasszuuluuigiiann
Tunisimseinazaiisssuuamuauadelnailaenaliazviinisesniuy ssuvuy

Iawuavm3eState space form dsfludentnogunsudsgud 3.3

D

A

U7 3.3 vdenlaezunsuvesszuuluuigliawm

Tagazled
%(t) = AX(t) + Bu(t) (3.8)
y(t) = Cx(t) + Du(t) (3.9)
Avuali



PMNAUN1A 3.3 uae 3.7 awld
Li+Ri+K o =V,
Jn@p +0,0, =ki—(J,@y +b )
J.o +b o+ 3,0 +ho =Ki
(G, +3)a+0,+b)a =ki

dnguauns

v

WeulugUvosunsndazladai

1

o2

| |
[l
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| I
|

|3\—

|

|

()
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(3.10)

(3.11)
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3.4 YanedauANUFEnIgvaInaugnly

91307 3.4 Uszneulufmediudsznoudday 2 dau Ao yadsinaniilouiansei
Tfundugniiuuazuoimesluinnszuanss wazdinsldnugamunuiuindouiienununis
vihauveaeinesliin dsyamuautuindeussudnaanlusunsy MATLAB/Simulink
il D4 TUNNTOBNUUUTHUUAUANYAYIARDIE FItTU N13DDNLUUTLUUATUANYANARDILIY
Fududipsmuuuuitassmsadamansvossyuu Wisldluniseonuuufamunuuazns
ponuuUiduAmrely MiaiauuTeomsadnmansvessruLtuarinsTagaRdvan

wazuawmas i nszransuduszuufeiy wazUsznaulumgssuun1enNanasdIuYaIsE Ul
I RRED!

namaslnin AaugNLuLeT

) ulAnlaas
NIZLAR 36 as 60000

=X
SNV

JUN 3.4 ganaaeuANUFseYeIntugnUy

341 TWsunsudenuuazynauny
n3&suyaduLad suveaangazliyamunuUszneufegUnsaindni
Usenauseunasdnglniinssuansavun 36 1aad vesatuuaimasiniinnssuanss uaz
UasnmUAN Arduino Mega 2560 Tngazdssusiulusunsy MATLAB/Simulink snugul 3.5

lun1sieuvdenlaezunsuvesszuunivauiieanwuulilunguf Insvesa Arduino Mega
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2560 wgnilaunaiulusunsy MATLAB/Simulink iiveldlunisiisuvdenlaezunsuwas
muauszuuluduneudalvvenisldauyaduindeuveaanstl sreazideanisldauvese

Arduino Mega 2560 azesunanalu

Arduino Mega 2560 Motor driver

0.0

Power supply 36 volt

U7 3.5 YAAIUANNITYINAY

1) Arduino Mega 2560 Lo19¢NAABUTEUUAIUANTLADBNLUULAZNIS
udeyanisvaaes aglduasa Arduino Mega 2560 U 3.6 v8 ous o uldsunsy
Matlab\Simulink 1385%u 2020a lngdasinfslauisiieldnunasndunniag 1e1dnnves

Uain flaguil 3.7
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USB Port
MATLAB
‘SIMUUNK < >

U7l 3.6 MaldeusesEMInaSimulinkiazuasn Arduino Mega 2560

#4 ARDUINO - Simulink - o X

SIMULATION MODELING

E‘L}‘ JCpen ~ % Stop Time <w ij UD - @
New Esae ~ Library Step Run Step Stop Data M
~ = Print ~ | Browser U@ Fast Restart Back - Forward Inspector
FILE LIBRARY PREPARE | | Y SIMULATE REVIEW RESULTS
ARDUINO

® |[%a]arouno A

~ | Normal - |

Model Browser

[T 3 VO R
Jopadsuy Auadosd | b

ARDUINO "

Freq: Default
Pin: §

ARDUINO

Pin: 8

2 e

Ready 100% VariableStepAuto

JUN 3.7 launsiveldnunasndunnuaziondnnuatuesa Arduino Mega 2560

2) oulAnmaswuunyy (Rotary encoder)
lun1sinaruiisevvesneines axldieulAnineswuunyu (Rotary

= [ < = & 6§ @ sl v [y [ ]
encoder) Litan533InANNTIT0U Fulugunsalifuweiilinsindunisvyuresing lagdu

a

Mnyuaziignnaansefanian q NUszneumejwazveneeanililuil (sroove) H39gnnas &9
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Channel A -
ChannelB
‘. Channel Z -
% i
Photodetector
el & assembly
/// “~ Transparent code disk
Encoder shaft
sl Opaque graduations
]
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JUT 4.1 dyarudunanasieninnvesssuudmsuriinsssyiendneel

910 doyadunauaziednnaNnIIMaassazdouduuuTaeileidudielouves
szuudssenauluiiemsadwesvengashwawmesiiiuarivania lnefi v feainis
fvuamSuiureauiarnsdweslunisuszinuaaglivadavasnismeniivngau fige
(Optimization) feAsasnisanaseuulididududu (Nonlinear Least Squares method)

Taedian Best fit 1NAU 94.2% NAN1SUSEUIUATLUUIIADILARIAITUN 4.2 WAy 15199 4.1
U
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’ * Time (seconds) lteration 190 20 20
U7 4.2 namsuszanaAuuudiaos
a51971 4.1 Wsfnesvesomes

W1518LMD3 fin Vel
L 0.057 i
R 0.86 o
k, 02 Nim/ A
kb 1 V. slrad
7 0.0014 ke m?
J, 0.0003 ke m?
B, 0.0072 Nm- s/rad
B, 0.00052 Nm - s/ rad

4.3

n'm/lﬂaa‘uqmé’nwmzLLazwamauauawaﬁxuU

n1snageuanInAIuANla (Controllability) tUuN1TInANANNTOVRITTUUAIUAY

lunismivauaniuensenssuIunisia q lussuunils 9 ngldaunsalaiuau (Controller)

WaglgULas (Sensors) WBAINTEUUMUANENLNTIAIUANANTUEVSONTEUIUN ST LA B Ll

wagnsmuANaEnsnvilaegiiuseansnmuiela Iaeld Controllability matrix
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C=[B AB ... A" 1B]
JEUUALANUT0AIUANLATBUAUVBITTUUWINAUSURUYRIINS NG C

C=[B AB]

c=[17251 ~255.74
0 13841

gudiu C = 2 nszatiu szuunuaule

mManeaouanindanals (Observability) 1unmanifindavesssuumuny (Control
System) 6‘5@Li‘]‘ummamﬁizﬂ,umi%'ugyamuzsumizwmﬂéfigﬁgm Output Ay Tng
lanunsasuianugla o vessvuulaandyayiad Input voanuziSudu (nitial Condition)
flai¥fnszuull Observability g4 uaasiianunsniuaniuzvesszuuldannsindaya o
Output I¢eehausiugh Fansdelannsafinmuuazdiulgsuszansamussssuuldfituns
M32988U Observability va9szuvasarilalagld Observability matrix Fufuun3ndiild
Tun1531As129% Observability v095guU Ine Observability matrix %Qﬂa%’wﬁmmaumiﬁ

v v

Woulssserinsanuzvesssuuiudad Output Tnsendalumninglalniadu (Coefficients

1%

Matrix) tagtuninddgeyiad Output @azaeliainisainszviaiuaiuisalunissus

Y

anuvesszuUlneggnaes
0=[C CA ... CA™ T
SEUVLAIUITOANNA LA DD USUVBITZUUMNAUD USUVDUUNING O

o=[c cAl"

0= [80.332 —4.é145]
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JUFU O = 2 Ws1zaty szuudanale

4.4  HANIINAFDUTTUUAIUANKUULLDSLILALAFINA

vaenlaezunsuvesszuumuAukuukuudsuiufulsanuesessuuwesls uas
fdainn Tnemssenuuussuumueuil Wunddussuunismusuaditlmidadumsesnuu
Tngl#38nsnasavesing dmsuszuumuaueefhdnduseddimulsanusdounduiile
Funndunaiivnzauiian uilasunfudafuusunadadusniiagfndlalnense feifu
dunan1salFegnldlunisuszunann luniseenuwuulafimunaudnyuglanzveIns
novaussdusTUUSufUas uUUMIINAY (Overdamped) Tngliiandrgaausasiad 8
Jundt fedy sumlswesinaszuuda (Close loop Pole) %agjﬁ 0.5, -20 waE -50 WBNNNL
Inavesndanasioniiniivessuu 10 witlumansldau welsifdunmanunsoussuna
AUsanue laviu

NANGYBINTOONLUUILLADRI1VN8v0INTTUBUNAURILUTEAUE (K gain) AB 2.95
way 0.46 A1 L v09iidannpe 45.1 ag 150.56 Lagsns1ue1evesiiniuAy (Ki) Aa 0.36 7
daneanunsaUszanamusinsiyueanauaz s UssunaveInsswaNeLnoseonin
g lun1sneaeudsednininvesssutauay 1n15lon1smaaou NsAAAIUBUNAE198
(Reference Input tracking) m’mL%UiauﬁﬂﬂﬁﬂgﬂﬁmuwL‘f]ULLUU%uﬁJuvL@ (Step Input) G?jﬂ
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1 1.08317015 47.1356468 3.09911471 9.70934214 024915725 7.24478364 22.2229442 0.050332264 3.65093863 0.1167432 1 0 0
2 1.08538042 47.1633411 3.10636813 9.53686481 0.24979746 7.28168882 22.2578794 0.04658046 3.70312754 0.11705481 1 0
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8 1.09033198 487466273 3.15624928 9.23651678 0.25270304 8.04326219 20.8491398 0.020528583 3.39768153 0.11674219 1 0 0
9 1.09041294 46.3772465 3.16886827 9.27077786 025719659 8.15719873 21.9769649 0.013981253 3.17370351 0.11456312 1 0 0
10 1.08285894 46.6728758 3.17601025 9.33829158 0.2574695 833780074 22.18628 0.010279506 3.09004919 0.11449394 1 0 0
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13 1.08987305 46.0051694 3.1768273 8.99846116 0.2584988  8.3504322 22.4058255 0.009835298 3.10425454 0.11397269 1 0 0
14 1.08469778 46.1301793 3.18067323 9.67747835 0.25870343 8.16804612 22.2533288 0.007879897 3.16170332 0.11412736 1 0 0
15 1.08893418 45.8570207 3.1821367 9.87484166 0.25928574 8.2073705 22.1533537 0.007090469 2.75319822 0.11364598 1 0 0
16 1.09119233 46.5315191 3.1837114  9.2539501  0.2584489 83759469 22.2184032 0.006258581 3.31921946 0.11410758 1 0 0
17 1.08955062 45.5087877 3.18423801 9.33423662 0.26004247 8.24671396 22.2183417 0.005970366 2.70385129 0.11308964 1 0 0
18 1.08676607 459876934 3.19524911 949312229 026043198 847001021 22,098545 0.000251949 3.09300953 0.11330214 1 0 0
19 1.08563341 45.8724263 3.1945185 9.97108706 0.26052927 821225008 22.0942431 0.000639879 2.70455373 0.11319608 1 0 0
20 1.08734885 46.2896064 3.19340383 9.22379501 0.2597722 8.18215909 22.0749742 0.00119848 2.91972493 0.11377307 1 0 0
21 1.08233156 47.5260378 3.19873457 9.14295013 0.25853626 8.3350203 21.4454589 -0.00156755 3.07168267 0.11499383 1 0 0
22 1.08575674  47.01795  3.20125088 9.35693486 0.25951456 8.22968775 21.5365054 -0.0028506 2.91947678 0.11453188 1 0 0
23 1.09026971 47.4585295 3.21008364 9.13869267 0.25978497 8.26940309 21.4402948 -0.0074688 3.16839087 0.11449925 1 0 0
24 1.08498759 47.4439799 3.2084952  9.5321738  0.2596579 8.31440936 21.442748 -0.006657 2.65162013 0.11432339 1 0 0
25 1.086069  47.4377106 3.21180378 9.50777496 0.25997655 8.34442284 21.2279547 -0.00840514 259529129 0.11470009 1 0 0
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4\ Neural Metwork Training (nntraintool) — X

Neural Network

Hidden Qutput

Algorithms

Data Division: Random (dividerand)

Training: Scaled Conjugate Gradient (trainscg)
Performance: Cross-Entropy (crossentropy)
Calculations: MEX

Progress
Epoch: 0 ll 19 iterations | 1000
Time: | 0:00:00 |

Performance: 0586 [[ENG00928 | 000
Gradient: 0504 1.00e-06
Validation Checks: ~ 0 [0 | | 6 | 6

Plots = |

Performance (plotperform)

Training State I
Error Histogram '

Confusion

(plottrainstate)

{ploterrhist)

(plotconfusion)

4\

Receiver Operating Characteristic | (plotroc)

Plot Interval: ' 1 epochs

V Opening Performance Plot
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Best Validation Performance is 0.014024 at epoch 21

Train
Validation
Test

—_
<

Cross-Entropy (crossentropy)
=)

10-3 C 1 | 1 1 Il
0 5 10 15 20 25

27 Epochs

gﬂﬁ 4.17 n13039960U Cross-Entropy
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Training Confusion Matrix Validation Confusion Matrix
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% format shtf v g
%codertarget.arduinobase.registry.setBaudRate(gcs,115200);
%% parameter

%Estimation initial(s):

% BL =1;

% Bm = 1;

% JL = 0.00058;

% Jm =1,

% Kb = 0.094;

% Kt = 0.094;

% La = 1,

% Ra = 1.1,

% Je = Um+JL);

% Be = (Bm+BL);

%Estimation result(s):
BL = 0.00051904;

Bm = 0.0071959;

JL = 0.000267,

Jm = 0.0014049;

Kb = 0.058317;

Kt = 0.13414;

La = 0.057969;

Ra = 0.85939;

% DC TEST

% BL = 7.9005928e-04;
% Bm = 0.0015424;

% JL = 8.946114e-04;
% Jm = 3.573313e-04;
% Kb = 0.011;

% Kt = 0.0997;

% La = 0.044;

% Ra = 2.20;

Je = (Um + JL);
Be = (Bm + BL);

%% Transfer function

num = [Kt];
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den = [La*Je (Je*Ra + Be*La) (Be*Ra + Kt*Kb)];
G = tflnum,den);

%% State Space

A = [-Ra/La Kb/La; Kt/Um+JL) -(Bm+BL)/Um+JL);
B = [1/La; 0J;

C=[015

D=0

sys = ss(A,B,C,D);

%% Controllable check %%

is_controllable = rank(ctrb(A, B)) == order(sys);
if is_controllable

disp(‘'System is controllable)

else

disp('System is not controllable')

end

%% Observability check %%

is_observable = rank(obsv(A, Q)) == order(sys);
if is_observable

disp('System is observable')

else

disp('System is not observable')

end

%% State feedback design with Type 1 servo system %%
A _hat = [A zeros(size(A, 1), 1); -C 0];
B hat = [B; 0;

Ts = 8;

time_const = Ts/4;

d_pole = -1/time_const;

CL pole = [d_pole -20 -50]; % settling time 2 seconds
K_hat = acker(A_hat, B_hat, CL_pole);

K = K_hat(1:end-1);

Kl = -K_hat(end);

%% Observer design %%
obs_pole = [100*d_pole -120];
L = acker(A', C, obs_pole);
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fprintf('state feedback gain K = [%f, %fI\n', K(1), K(2))
forintf('controller gain KI = %f\n’, K)
fprintf('observer gain L = [%f, %fI\n', L(1), L(2))

sys_N = ss([A -BK; LC A-BK-LC], [B*KI; 0], [C 0], 0);
step(sys_N, 10)

.2 Simulink

S —

=
A e Ha e =

UM .1 Simulink Y8358 UUATUANLAZAIELNA
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%%
for i=1:50

dir = "C:\Users\LENOVO\Desktop\FAtest\n (" + int2str(i) + ").mat"
load(dir,-mat’)
CNoemal{i}=EstimateCurent;

errorNoemal{i}=error;

end
%%
for i=1:50

dir = "C:\Users\LENOVO\Desktop\FAtest\l (" + int2str(i) + ").mat"
load(dir,-mat’)
CLubricant{i}=EstimateCurent;

errorLubricant{i}=error;

end
%%
for i=1:50

dir = "C:\Users\LENOVO\Desktop\FAtest\i (" + int2str(i) + ").mat"
load(dir,-mat")
Cinner{i}=EstimateCurent;

errorinner{i}=error;

end
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%% Curent

for f = [1:13]

n=FeatureTableCNormal.Properties.VariableNames(f);
n=string(n);

n = erase(n,"Matrix_stats/Coll ")

subplot(5,3,f)

plot(FeatureTableCNormal.(f), LineWidth',1)

hold
plot(FeatureTableCLubricant.(f),LineWidth',1,' Marker',*")
plot(FeatureTableCInner.(f), LineWidth',1,' Marker','o','MarkerSize',4)
title(n);

xlabel('Data’) ;

ylabel('Curent) ;

legend('Normal','Lubricant’, Inner");

end

%% error

for f = [1:13]

n=FeatureTableerrorNormal.Properties.VariableNames(f)
n=string(n);

n = erase(n,"Matrix_stats/Coll ")

subplot(5,3,f)

plot(FeatureTableerrorNormal.(f), LineWidth',1)

hold
plot(FeatureTableerrorLubricant.(f), LineWidth',1,' Marker',*')

plot(FeatureTableerrorinner.(f), LineWidth',1,Marker','o', MarkerSize',4)

title(n);
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xlabel('Data’) ;

ylabel(error') ;
legend('Normal','Lubricant’, Inner’);
end

%% Curent+Load

for f = [1:13]

n=FeatureTableCNormalload.Properties.VariableNames(f);
n=string(n);

n = erase(n,"Matrix_stats/Coll ")

subplot(5,3,f)

plot(FeatureTableCNormalload.(f), LineWidth',1)

hold
plot(FeatureTableCLubricantLoad.(f),'LineWidth',1,'Marker',*")
plot(FeatureTableCInnerLoad.(f), LineWidth',1,'Marker','o’, MarkerSize',4)
title(n);

xlabel('Data’) ;

ylabel('Curent’) ;
legend('Normal+Load','Lubricant+Load', Inner+Load");

end

%% error+Load

for f = [1:13]

n=FeatureTableerrorNormallLoad.Properties.VariableNames(f);
n=string(n);

n = erase(n,"Matrix_stats/Coll ");

subplot(5,3,f)
plot(FeatureTableerrorNormallLoad.(f), LineWidth',1)
hold
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plot(FeatureTableerrorLubricantlLoad.(f),'LineWidth',1,'Marker',*")
plot(FeatureTableerrorinnerLoad.(f), LineWidth',1,'Marker','0',MarkerSize',4)
title(n);

xlabel('Data’) ;

ylabel(error') ;

legend('Normal+Load','Lubricant+Load', Inner+Load");

end

%% Curentnoloda-load

for f = [1:13]

n=FeatureTableCNormal.Properties.VariableNames(f);
n=string(n);

n = erase(n,"Matrix_stats/Coll ");

subplot(5,3,f)

plot(FeatureTableCNormal.(f), LineWidth',1)

hold

plot(FeatureTableCLubricant.(f), LineWidth',1, Marker',*")
plot(FeatureTableClnner.(f), LineWidth',1,'Marker','o',MarkerSize',4)

plot(FeatureTableCNormalLoad.(f), LineWidth',1, Marker', pentagram’)
plot(FeatureTableCLubricantLoad.(f), LineWidth',1,Marker', ')
plot(FeatureTableCinnerLoad.(f), LineWidth',1,'Marker','square’)

title(n);

xlabel('Data’) ;

ylabel('Curent) ;

legend('Normal','Lubricant’, Inner',Normal+Load','Lubricant+Load', Inner+Load");
end

%% errornoload-load

for f = [1:13]
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n=FeatureTableerrorNormal.Properties.VariableNames(f);
n=string(n);

n = erase(n,"Matrix_stats/Coll ")

subplot(5,3,f)

plot(FeatureTableerrorNormal.(f), LineWidth',1)

hold

plot(FeatureTableerrorLubricant.(f), LineWidth',1,'Marker',*")
plot(FeatureTableerrorinner.(f), LineWidth',1,'Marker','0', MarkerSize',4)

plot(FeatureTableerrorNormallLoad.(f), LineWidth',1,'Marker', pentagram’)
plot(FeatureTableerrorLubricantLoad.(f), LineWidth',1,' Marker',\")
plot(FeatureTableerrorinnerLoad.(f), LineWidth',1, Marker','square’)

title(n);

xlabel('Data’) ;

ylabel('error') ;

legend('Normal','Lubricant’, Inner’,Normal+Load', Lubricant+Load', Inner+Load’);

end
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Abstract

Recently, the roller bearing is the main component of rotating
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Aady (Mean), FaUsenauuanniy (Crést Facton, AR s (Kurtosis) tagA1iad urindaans (ms) iiasey
dnwnrdiaunguenssussaweinndapiifunauasdefiavasinmsdune wamsidenuiuvuiasins
asndutefinvanalatinnugniatvasmssuundseam 94,49 Taiimrmonnsanlumsldousi
AdAny: adugaly, mesanuuuidunamsd, Irsshodszamidion, nsaivnmeime s nseuanst

Abstract
The bearings.are the important part that use to reduce friction. of. the. rotating machines. When . fault
Queurs will affect the abnomal operation. and caused. the_maching. breakdown.. This.papst_presented the
fault. detection approach based on Artificial Neural Network (ANN) to recognize. beaging condition. Servo
system with obsewver.were. designed for. matar.confrol and estimating current.signal. The. bearing conditions
demanstrated. in‘thiee. cases.consistingof nommal, pe_lubficant. and Quterimce defect.. For ANN_maodel
al_paremeters include meap; crest factor. kurtosis and. root-mean:square_ (ms) ware

training. four st
selected to. jdentify. the causal characteristics. of the. motor. current. from. observer. and. observation .ermor
data. the result.indicated. that. the. fault detection. madel has been displayed. classification. accuracy. 99.4%
which appropriate. using.in the real. operation.
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vinustssodsameliaounisainisiifivan ildesdusenevuomdugnuiiuuilinilesdunedsdanase
UsedvBnmuossruumuuiasiiindosnamududnnamgavhenild

ndugndudunidiluesivsenovitddgilumsmgu afugnugnidodsmndlusdasdnsmudning o
@empiitonwenidutafiawastunisedaiwindssililundugndu Fnduammddigrainsduasiiounes
ndugnlu (Cui L et al,2014) dwfumsiinnedlaunsuasarudvesdyyiunsdvanioudumaiang
Amreiidfosfuitddglunsfummanivasmamidemie N. Tandon (N. Tandon.,1994) WdnBeuiinudladusingg
Wy A RMS Angeqn Daduuen uavawnadi #1 Kurtosis way AMS vadiaanunanidiiiamudowe ussn
wanfy iliannsossydiumisfuiueutamu@oweld drgegaes FFT dmandvesnuudenudi
Fnvurianizarsydiumisaanmdons winnudewisuiedidliannsosylilu FET wwudie doiein
Fnvrifudounaadygunisdvaniou lunsdvosdgy unisduasioudildygiusuniy wl§iins
Uszmaawady i M3nes unzimafia tlauuugfinnifigs (P.OMcFadden et al,1984) finvsléinednnis
Ainnwintsdunatumadelunisnsisdutounmdeame i Tneselimsiinssilanmnat Taaumni wasns
Aaypinnina Weswngunsaismunuaedaddifuivg Saidedin wariaruay PID Wudamunui
wivduaratvs atrlsfinw Ussansnmussssuumuny PI0 ersliduiimely winliviumadiweded
sellmseds (K. Li,2013) §uaueifsrvuwe il mademadandmiunimuguainnd temeomeinszuania
Wyrdesiuussdavestvandioiuminnia (Khajomtraidet C et al,2013) Misanuuuidnnansd-Meauguwes
wawmpdnsruansiniulian19esiag siaalaels Matlab/Simulink (0. Pat,2016) finsindiunismatuataite
Fuunyszian aourniminutaned osdnmulugaaivnsay swlasigreyszamiioy (Arificial Neural
Networks - ANN) Ding (X X. Ding et al..2017) Wag Zeng (X.Q. Zeng et al,2016) wauems3tvduiBinunimeas
randewovasndugndunanaioviy aendlafinm Buymelotudunmmation weddufowdnidayans
durdounisfiadunmensinaaediflinenisuaidn (Wavelet) Sdudounargudsioyalunseuiunms
wias audunsremdugniuiadussdusnaudidy fimsnanfsmsdassumiasdisdssamivilaold
Funaunsduandoumumsdieseiuuuadin (Hilbert footprint analysis) (Dubey Ret al,2015) Kedwsfld
Arwigh 87 3-100% uenandl Zhao D Bninauemmsasdumnudumeromdugnitiaelilasiuyseam
wipnuufinds(Deep convolution neural networkiiEn 3t sduTnudnluidlug e wiuauasaieni
wiuth 98.3% (Zhao Diet.al,2019)

nu’zim'fii’nqﬂwmixi‘iav?wm‘ilmmnwﬁwmﬁanamﬁ'uqnﬁuuazéwun\mmwlnulﬂmn'wﬂumn
Wi Idimseenuuuizuy Plwedlndeuddunamsciacurlfgnifondelélumsrmunuamidvowemed
uarlddmivlsmnafnsauanamaiuararuianaiasewitn sy anmeesndugndudsenaudae Und
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Abstract: - The roller bearing is the main component of rotating machines, which is used to reduce friction while
the machine operation. The bearing faults are the key problem of the rotating machine because they affect the
unusual operation and caused machine downtime. This paper presented the fault detection approach based on an
Artificial Neural Network (ANN) to recognize the bearing conditions. Servo systems with observers were
designed for motor control and estimating current signal. The bearing conditions demonstrated in three cases
consisted of normal, no lubricant, and outer race defect. For ANN model training, four statistical parameters
including mean, crest factor, kurtosis, and root-mean-square (RMS) were selected to identify the causal
characteristics of the motor current from observer and observation error data. the result indicated that the fault
detection model has been displayed a classification accuracy of 94.4% which appropriate using in real operations.
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1 Introduction variables were estimated using the observer-based

Nowadays, many industries utilized the rotating Kaman filter technique which suggests a reasonable
machine as a power drive for several mechanisms and result for the dynamics response, [4]. Debabrata Pal

shafis. The rotating machine is required a control proposed a full-state observer with state feedback
algorithm, for instance, a PID controller to regulate a control that is simulated on motor speed control. To
speed at the desired operating point and other obtain the appropriate parameter, MATLAB software

components to support their motion. The roller was implemented for designing the state feedback
bearing is the main part used for supporting shaft and obser}'er gain. The experimental valldalpn
rotation. In the real process, the machine was discussed in performance response and the noise
operated continuously under load situations. This signal influent the control system, [S]. In many works
condition caused the bearing element tends to failure i fault detection and diagnosis, modermn control

effect control system performance and reducing the design shame is a powerful method that combines an
machine life cvele. intelligence approach to produce fault-tolerant

The roller bearing faults have various control which is used in high-speed machines, [6].
pursuits to detect and classify. Cui Lingli, [1], The spindle bearing fault diagnosis was investigated
presented the fault diagnosis based on adaptive in multiple conditions using energy-fluctuate with
machining. The vibration signal was used as mf:chlpe leaming lechnlq}:e that is provnded by
analytical data-and the result affected to stability and Xiaoxi Ding, [7]. Several signal processing has been
controllability  of the model. The statstical devclopeq f‘"’ fax!ure gnalysns. due to handling data
parameters consisting of RMS, crest factor, and peak chan’lcl'ensucsi Toumi Yassme,' [8] worked on
value were studied to analyze the bearing defects predictive maintenance for bearing fault analysis.
scenario, [2]. P.D. McFadden, [3], has researched l:hlbprt lmnsfon'n_and the FIT technique were used
vibration monitoring in a high-frequency range to for feature extraction that will be uansfe_n'ed 1o create
explain the envelope of signal utilized for the rolling an artificial neural network model. Pratik Phalle, [9],
clement of bearing. To accurately control motor presented  fault identification using  condition
position and speed. the adaptive load torque monitoring which contributed to the bearing
compensation algorithm was applied. The state diagnosis. The inter race defect was fabricated as a
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faulty situation by using an electrical discharge
machine (EDM). The classical control as PID
controller cannot carry out the external disturbance
and feedback measuring with uncertainty suggested
by Jing Sun, [10].

This research purposed the development of
bearing fault detection and classification approaches
by using an artificial neural network. The Pl servo
system with state observer design is selected to
control the motor angular velocity and it’s used for
estimating the motor current during operation. Three
conditions of roller bearing which consist of normal,
no lubricate, and outer race defect were investigated
to demonstrate the different fault situations. The state
observer variables were used as raw data for
extracting into feature data which include mean,
kurtosis, crest factor, and RMS. These parameters
will be used to train an ANN model for the specific
type of bearing fault

2 Dc motor with rigid shaft modeling
There is a wide application of DC motors for driving
a rotating machine, one of which coupling with the
rotation shaft. The mathematical modeling of a DC
motor with a shaft is important because of its use for
system response analysis and controller design. This
work discusses on modeling of a motor with a rigid
shaft. Two roller bearings are supported on both sides
of the shaft and it's also coupled with a loaded disc.
The physical diagram illustrates the position of the
DC motor and mechanical part in figure 1.

I

Ry I
B 4 9, 9,
- . ~~ ‘
B,
. A T wLlrwb

Fig. 1: Physical Model of DC motor with Shaft

The model was considered through electrical ‘and
mechanical relations. The clectrical part can be
derived from basics series electrical circuit which
follows as:

LD +R i) +km (1)=V, (1) (1)
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The model parameter R is armature resistance, L
is armature inductance & is back emf constant, and
o, is motor angular velocity in rad/s. the mechanical

shaft is connected to the load disk which can explain
by newton’s second law which refers to (2).
Jo (D+B o (=T -T, (2)

Where Jis motor inertia, J, is load inertia, B s
motor viscous damping, and the motor torque 7', and
load torque 7', are shown in (3) and (4) respectively.
T, =kiln 3)

T=lo(n+Bw/(n 4
The shaft speed illustrates by @, however, we
assume that the motor and shaft speed are equal that
can arrange into (5) as follow
.I‘_m/(l) +B,¢u,(1)=kli(l) (5)
Where J =J +J andB =B + B

[ m i ¢ m I

From (1) and (5) the state space model is represented

as
b
g |
" i z— "
; [m!]‘[ ~ ‘m (6)
I

»
¢

=

k

m
X i -Lm =
Mo
(] I_r =

system identification is a common technique based
on measuring system input and output data to
approximate the system parameters. It was used for
estimating the motor with shaft parameters as shown
in Table 1

Table 1. Motor with Shaft parameter

u:hl

|

~

[ parameter | value Unit

B 0,057 H

‘ R 0.86 2

| K, 0.134 Nm/ A
K, 0.06 V. s/ rad
7. 0.0014 kg m?
3i 0.0003 kg m?
B, 0.0072 Nm - s/ rad
B, 0.00052 Nm - s/ rad

3 State feedback with observer design
architecture

The purpose of the servo system as shown in figure 2
is one of the modern control arts which is a design
using the pole placement method. This control
system needs to be done by feedback state variable to
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compute optimal input but normally some variables
are difficulted to measure directly therefore, the
observer 1s utilized for its estimation. The functional

Fig.2: Servo system with observer architecture

block diagram exposed a vital parameter which
relevant in each state. The actual speed 1s measured
for the feedback loop and compared with their
estimation from the observer. The design of response
specification is defined based on the second order
overdamped response with suppose 8 sec of settling
time. Therefore, the closed-loop pole location is
placed at -0.5, -20, and -50. In addition, the observer
pole must be faster than 10 times of close-loop pole
in practice. The result of designing is feedback gain
K is [2.95, 0.46], observer gain L is [45.1, 150.56]
and Ki = 036 respectively. The state observer
estimated the current and shaft rotational speed
through the matrix L which can reduce the error
between actual and estimate output. To validate the
control system performance, reference input tracking
was implemented. The set point is set as a step test by
changing the profile from 500 to 600 RPM as
indicated in figure 3.

= o = s G e B 1
= o — = oo |
~ 200 [—Amm\'puu |
g~ . S I
J —Latints Sped]

010 20 30 4 S0 60 W M w10

umels)

Y —
Ladl L

" a b — e e e
0 i 20 0 4 0o 0K %W 100
time(x)

0 (1) "0 “ L s K0 © %000

ne(s)

Fig.3: Reference input tracking test and state vaniables

From the response, the graph is clear that the
control system can control the motor speed nearly by
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the desired operating point with properly transient
and steady-state behavior. Moreover, the observer
presented a good estimation of output speed and
provided the motor current from its computation.

3 The purpose of feature extraction

for time domain data.

Signal processing is the standard approach for
handling measurement data. there is various method
which is applied in the time and frequency domain
that depends on signal characteristics. Signal noise is
ausual term that comes with raw data, and it needs to
be curtailed, This paper employed both low-pass and
band-pass filters to reduce the influent of an
unexpected signal. After the data pre-processing, the
statistical features including mean, crest factor,
kurtosis, and root mean square (RMS) was declared
to extract the crucial manner of data. The significant
feature that will be implemented to fabricate the
artificial neural network model for classifying the
bearing fault conditions. the mathematical formulas
are following (7) to (10).

Mean X=— ) x (1)

% prak

Crest factor C= (8)

s

| n rx-Y "
Kurtosis Kx—lz l” 9)

i=|

Where o is the standard deviation

Root Mean Square rms = (10)

4 Experimental setups

The functional diagram of testing and data collection
is shown in figure 4. The procedure started with
defining of reference speed input profile. The bearing
conditions are prepared for three different situations.
In each state will be recorded the estimation current
and observation error which contribute to the
MATLEAB environment. Finally, feature extraction is
a minor step for generating learning data set that is
deployed to ANN model creation,
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=3
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1. Estimated current
2. Observation error )

Feature extraction W

| |

[

l ANN model training

Collected data }

Fig 4: Experimental scheme

4.1 Bearing fault conditions

In certain situations, the rotating machine has several
problems that occur with roller bearings. Whereas
there are some faults which marginal arise before the
huge damage. Thus, two fault conditions of bearing
were investigated. The starved lubricant condition
was considered as one of all faults which are
exploded to clean the grease to 0% level. Another
fault is an inside surface outer race defect It was
created by a computer numerical control (CNC)
machine. This status explained the bearing that
initiated a deep groove caused by fatigue that is run
for a long time. Figure 5 illustrated the difference in
bearing conditions which use for testing.

A deep grovve on ouler 1ece |

(b) (<)
Fig.5: The bearing condition (a) Normal (b) No
lubricant and (C) Outer race defect

4.2 Data collection

The estimated motor current and observation error
from the control system was considered  the
fundamental data for the feature extraction process.
The MATLAB/Simulink software is applied for data
collection and interface with the ARM Cortex-a72
microcontroller to run as hardware-in-loop testing.
The configuration consists of setting up the desire
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speed accounting for 500 to 600 RPM. Figure 6 is
showed the comparison of current and error for each
bearing condition. The data were recorded in 30
samples per condition

4 T r T

" T —
o n X w0 " “ “ ™ L " 10

Fig 6. Fundamental data of each bearing condition.

It was found that the current between normal and
other faults is distinguishable, on the other hand, two
types of faults are quite tough to separate. As a result,
the artificial neural network (ANN) will be an
appropriate  approach to classify these fault
symptoms.

4.3 Feature data and ANN model training
The maps as shown in figure 7 and figure 8 are
represented by essential feature current and error
data. it contains 30 data points for each condition
thus, there are 8 different inputs to supervise the
model. From the graph, it can be classified as normal
and other cases of fault. On the other hand, all
features are difficult to distinguish between no
lubricant and outer race defect condition.

Features of current (A)

N
o Wi - -

N o
b Pt

Fig.7: Feature map of current
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Features of error

Ib‘-hd--- v"— [Ny
Fig.8: Feature map of error

Consequently, the ANN will be used to learn the
featured trait that is ambiguous in each fault. The
structure of the ANN model has multiple parameters
that affect the prediction accuracy such as the amount
hidden layer, activating function, learning algorithm,
and the quality of the input data set. The observation
of some neural in hidden layer change is presented to
examine the highest model accuracy. In this studying,
we have compared five different neural representing
5,10, 15, 20, and 25 layers. The training data set was
split to training 70% for supervising and the network
is adjusted according to its error. the validation
process is used 15% of data for measuring network
generalization, and to halt training when
generalization stops improving. The final step is
model testing, it utilized the data by 15% that is for
measure the model classification after training. In
pattern recognition, the neural network is used for
classifying inputs into a set of target categories it’s
which means three bearing conditions. The network
will be trained with scaled conjugate gradient
backpropagation and set the SoftMax function as
activating function. The configuration of the model
structure for 10 neural in the hidden layer is
illustrated in figure 9.

4 Neural Network Training (netraintood) = X
Meural Network
L] L
- | X Y S
/4 &
g e i
——
Algorithms

Deta Divisiors Random (cpcetmn

Training: Scaled Conjugate Gradiant (114l
Performance:  Cross-Entiopy (r1osrentiopy
Calculations  MEX

Fig 9: The example configuration of the ANN model
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The result is revealed in table 2. It is clear from Table
2 that increasing the hidden layer number implied the
optimal value representing 15 numbers which
generates the model accuracy of 94.4%.

Table 2: Model accuracy with various neural number

| Number of Neural YaAccuracy
| 5 66.7
' 10 90.0
; 15 94.4
“ 20 911
25 88.9

Many loss functions are used for the optimization of
model weight in the training process. This work has
used the Cross-Entropy loss which is one of the
powerful functions for model validation. The result
can discuss the performance curve as shown in figure
10. All curves are demonstrated the optimal point to
stop learning the highest accuracy model at epoch 30.
Minimizing cross-entropy is given better results as
can be seen from the result of the graph.

Best Validation Performance is 0062627 at epoch 30

Cross-Entropy (crossentropy)

107 A
0 5 0 15 20 28 3 s
36 Epochs

Fig. 10: Cross-Entropy validation curve

4.4 Fault classification result

The confusion matrix is commonly used to interpret
classification accuracy. As shown in figure 11
combined the detail of the neural network model for
classifying the bearing conditions. the numbers 1, 2,
and 3 are represented the normal, no lubricant, and
outer race defect classes respectively. Training,
validation, and test matrix appeared a correction of
more than 90%, and all matrices denoted with 100%
for detecting between normal and no lubricant class
and overall indicated 94.4% of accuracy.
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Fig.11: Confusion matrix of fault classify model

5 Conclusion

This article proposes a classification of roller bearing
fault based on an artificial neural network (ANN) and
servo system with stat observer design. the estimated
motor current and observation error are utilized as
preprocessing data. The parameters consisting of
mean, kurtosis, crest factor, and root mean square are
used to extract the crucial feature from current and
error which 1s used to supervise the neural network
model. Three conditions of bearing include normal,
no lubricant, and outer race defect are investigated as
the target of the model. The number of neural in the
hidden layer was changed to examine a suitable
model in the training process, using state variable
data, signal processing, and ANN algorithm can be
applied to fabricate the bearing fault detection model.
The result revealed that the model has an accuracy of
94.4% for classifying demonstration roller bearing
faults,

Acknowledgment:

The authors would like to thank Suranaree University
of Technology for laboratory testing and financial
support for this research projeet.

References:

[1] Cui, Lingl, Jing Wang, and Seungchul Lee.
Matching pursuit of an adaptive impulse

E-ISSN: 2224-2678

246

[2]

131

[4]

[5]

[6]

[7]

[8]

9]

T Th, b

9 g Y 1 T h
Winai Tumthong, Jiraphon Srisertpol

dictionary for bearing fault diagnosis. Journal of
Sound and Vibration 333.10, 2014, 2840-2862.
Tandon, N. A comparison of some vibration
par s for the condition monitoring of
rolling element bearings. Measurement 12.3,
1994, 285-289,

McFadden, P. D, and J. D. Smith. Vibration
monitoring of rolling element bearings by the
high-frequency resonance technique a review.
Tribology international 17.1, 1984, 3-10.
Khajorntraidet, C., J. Srsertpol, and C.
Prattanarak. Alternative technique for DC servo
motor control using adaptive load torque
compensator, Advanced science letters 19.8,
2013, 2139-2143

Talole, Sanjay E., Jayawant P. Kolhe, and
Srivijay B. Phadke. Extended-state-observer-
based control of flexible-joint system with
experimental validation. IEEE Transactions on
Industrial Electronics 57.4, 2009, 1411-1419.
Chommuangpuck, Prathan, et al. Fault Tolerant
Control Based on an Observer on Pl Servo
Design for a High-Speed Automation Machine.
Machines 8.2, 2020, 22,

Ding, Xiaoxi, and Qingbo He. Energy-
fluctuated multiscale feature learning with deep
convnet for intelligent spindle bearing fault
diagnosis. IEEE Transactions on
Instrumentation and Measurement 66.8, 2017,
1926-1935.

Yassine, Toumi, Lachenani Sidahmed, and Ould
Zmirli Mohamed. Bearing fault classification
based on envelope analysis and artificial neural
network. 2019 International Conference on
Advanced Electrical Engineering (ICAEE).
IEEE, 2019,

Phalle, Pratik, and Sangram Patil. Fault
Diagnosis of Rolling Element Bearing Using
Artificial Neural Networks. 2021 4th Biennial
International ~ Conference  on  Nascent
Technologies in Engineering (ICNTE). IEEE,
2021,

[10] Sun, Jing, Chunyang Wang, and Ruihao Xin. On

disturbance rejection control of servo system
based on the improved disturbance observer.
2018 37th Chinese Control Conference (CCC).
IEEE, 2018

Creative Commons Attribution License 4.0
(Attribution 4.0 International, CC BY 4.0)

This article is published under the terms of the Creative
Commons Attribution License 4.0
https://creativecommons.org/licenses/by/4.0/deed.en_US

Volume 21, 2022

85



CERTIFICATION for the PEER REVIEW PROCESS &
EVALUATION of the PEER REVIEW PROCESS &

CERTIFICATION for NON EXISTENCE of ARTIFICIAL CITATIONS
and ANTI-PLAGIARISM CONTROL

Name: Thanasak Wanglomklang, Thanyaboon Tuntavesesak, Winai Tumthong
and Jiraphon Srisertpol
Institution: School of Mechanical Engineering, Institute of Engineering,
Suranaree University of Technology
City: Muang, Nakhon Ratchasima
Country: Thailand 30000
Phone: +66960411806
Academic Email: thanasak.w@sut.ac.th
Corresponding Author: jiraphon@sut.ac.th
I declare, I confirm, I certify, and I sign that I received substantial, important, line
by line peer review with several and substantial comments, important remarks and
hints from, at least, 3 Reviewers and the Assistant Editor for my paper: Roller
bearing faults classification using Artificial Neural Network based on Servo
system with Observer design.
with Authors: Thanasak Wanglomklang, Thanyaboon Tuntavesesak, Winai
Tumthong and Jiraphon Srisertpol
I would like to thank all the reviewers for their thoughtful comments and efforts
towards improving our manuscript. We revised the manuscript with special
attention to the comments that we received from Three reviewers (elecs2022-132-
reviews) reviewers that were experts, specialists in the area of my paper.
I declare, confirm, certify and sign that WSEAS has checked my paper for
possible plagiarism by Turnitin and my paper was found without plagiarism or
self-plagiarism by Turnitin. I also declare, confirm, certify and sign that also
that no Associate-Editor, no Editor-in-Chief, no member of the WSEAS
Secretariat forced me in this Journal to add references (citations) to any previous
publications of the journal.

I also declare, confirm, certify and sign that I have made all the changes,
modifications, additions, studies, corrections asked by the reviewers and I have
fully complied with their instructions. I also understand that before the
publication the 3 (or more than 3) reviewers will check my paper to see if all the
changes, modifications, additions, studies, corrections etc have been done and I
authorize the WSEAS to publish my paper or to reject my paper even in the 2nd
round of peer review or to continue with an additional round of peer review.

I also declare, I confirm, I certify and I sign that I will not publish this paper
or an important part of the paper in any other Journal (inside or outside
WSEAS) Conference Proceedings (inside or outside WSEAS), Book (inside

86



UseIngLueu

weSusysal nunidadnd iAeilloTud 29 fiquisu n.a.2542 Aduagaiu sae

gufiu YmdaunsswduiFuddnulussdussondnudulszoufned 1-6 AlsaFeou
wsranainen uazdnAnulussiududsendnududi 1-6 AlsaFouseduinerds duse
nMsfnimnssumansUadia Ganssuedeana) ddnivimnssumans uniineide
wieluladasutd Sminuesswdin e we. 2563 lW@nuroszduimnssumansaumiiodin
anamyMimnssuannseling vauzAnwszauus gy vlaiieuenaunIImnITITuIL
3 Fadlunsuszyadunis Taun

1. ﬂWiﬂ’i%sqll’jslj’]ﬂﬂi%?ﬁ%ﬁ?ﬂiiﬂi‘ﬂﬁ’] ﬂ%gjqﬁ' 44 The 44th Electrical Engineering
Conference (EECON44) Juil 17-19 eeiRn1eu 2564 i 15aus A dunsa Wy suneides
U daminuu

2. msUszgainnsssdued messaadiund adeil 13 ouazuinnssuiowaun
\ATugAY BCG” Yufl 17 - 18 wae@niou 2565 o wunving1ds waluladsusaadau Inen
LURgTUNS

3. 6th European Conference on Electrical Engineering & Computer Science (ELECS

2022) Bern, Switzerland, December 21-23, 2022



	Cover

	Approved

	Abstract

	Acknowledgement

	Content

	Chapter1

	Chapter2

	Chapter3

	Chapter4

	Chapter5

	Reference

	Appendix

	Biography




