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LINEAR BEARING/LINEAR ENDCODER/ARTIFICIAL NEURAL NETWORK/

OBSERVER DESIGN/GAIN SCHEDULING/COMPENSATE

Currently high speed automaf[ic machine has come to play a role in Hard Disk
Drive (HDD) manufacturing. The HGA assembly which have the importance process
which are adhesive dispensing and slider attaching to suspension with process by
Auto Core Adhesion Machine (ACAM). The ACAM machine are used the clamping
unit installed onto the feed drive XY in order to align and move the suspension to the
desired position and use linear sensor/encoder to check the clamping position and
feedback the actual position of clam'ping unit. However, the machine is run
continuously that impact to the supporting device as a linear bearing, linear sensor
were faulted or degraded. This situation can cause a system error which causes the
location reference to be missed by vision system. This research design and develop
the fault tolerant control for the ACAM machine by focus on the sensor fault
condition. The fault detection architecture of linear sensors using intelligent methods
of pattern recognition of an Artificial Neural Network (ANN) and ANN model fitting
for identification and diagnosis of sensors fault based on observer data from servo
controller design. The controller is designed using a gain scheduling technique to
compensate the appropriate gain for the controller to maintain the system to maintain

the desired performance after a sensor fault has been detected. The malfunction of



the sensor is simulated by changing the gain value and comparing it to the healthy
condition. The purpose of this research is to make the system work to the desired

performance, durability and increase reliability for machine maintenance.
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24 fmmugusuuieundufanilsaniug (State variable feedback controller)

4
~ o

MI0DNUDLITVUAIUANVRITEUUNY IugnulTgiaealunuiseininauems
a I a
panuuUMIasUarevedszuytaliiiuluamdeanisIagldimain Pole placement

v
method  [46] TagdumouLInADIINIATIITOUNIZVUdn Md ITaa AN 1A tazdos

9 [

anl o % (% [ 9 [ I~ a A
ﬁlligﬂ')']@nllﬂ‘iﬁiﬂu%m@ﬂi%ﬂﬂﬂﬂﬂ')ﬁ'lﬂ?ﬁﬂ')ﬂﬂ'lllﬂLmﬁluﬂ'ﬂlﬂfﬂu%‘3\1?(']1’15‘U'§$‘1J°]JV]3J

S 1

v @ < A ad 1 v o us/' 9 v I Y 91
U Uﬁﬁtﬂmimﬂﬂﬂﬂummm SIS ARITERINILEG 1’1’]ﬂi5]f)\'1ﬂ?ﬁ%gﬁﬂﬂﬁ@\uﬁﬂﬂ'lﬁlﬁf%Wﬂ

[ [

{1 a g/’ < 4 [l a 3 4 o @
ﬁﬂ@uslglj'l\ifI\iﬁ'lﬁi‘UﬂWi@ﬂ@Q“ﬁﬂl“ﬁutcﬁﬂi Lla$ﬂ31l|§.l\‘]8ﬂﬂﬁl°lllﬂ'lﬁ@Iﬂ@ﬁlﬁ@ﬂ’lﬂ’lﬁ?ﬂ Iﬂ&liu

yA o

awv 3 4 0o v o 4 [
nuteie Ididuauensdszgnamsthdadauna (Observer) o 1d lumsszumaidunls
ao1uz Tagazosuieludiudall msileundudinlsaniuzvoaszuudoadiuranian
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X(t) = Ax(t) — BKx (22)

X(t) = (A- BK)x (2b)
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det(sl -(A-BK))=0 (2.3)
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...... (s+pn) HaI1AUU R Iuva K Iﬂﬂﬂﬁtﬂiﬁmm&mﬁhﬂi%’c’f“l/]‘ﬁ"’ll’t)ﬂﬁﬂﬂ'liW‘Iju'm

[

FzWUNID luMIeonuuDABUTINGIIN TAenINTzUUNABINITYAAIUAUUINNI 3 BUAL

[

av dy o A = 9 o o = [
Iﬂﬂ\ﬂﬂ'ﬁ]ﬂu5$UU6111JLﬂaﬂuaﬂﬁﬂgﬂ’)ﬂl“ﬁﬂﬁiﬂu@iﬂ@ﬁllwtlﬂ'lﬂﬁgllﬁ@i\ill“lg'ﬂﬂ')llﬂll 59UAl

9
v W

#9171 TR NUUUNIAI19EDINeN13 19 11/51un5 8 MATLAB lumissiediuinlagede
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NANMINUFTIUANTUNITUDY UOAIADIUNY  (Ackermann’s Formula) Taauanaslaail Ao

o Y L] d' LY d'
dmualnszuveglugdves wannlaluea Aunuamdyaiuniuguauaumsi 2b Tagan
X(t) = (A— BK)x mMviua
A= A-BK
TagaumMsvedszuundoIns Ao
s"+a,s"+a,s"  +......+a, ,S+a,=0 (2.4)
£ = . Y v ~
9NN BHUDI Cayley-Hamilton 92 1@AeunITh 5

f(A=A+a,A™"+.. +a A+al=0 2.5)
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a J a v v & 1 ~ {
lumsansgdazauydlnszuuliouamilu 3 nazunua A= A-BK lugumsa 5 w218

| =1
A= A-BK

A? = (A-BK)? = A> - ABK — BKA

A = (A-BK)® = A°— A’BK — ABKA— BKA?

' v
unuaad luaunsn 5 Ay

A ra A +a,Avra,l =
a,l +a,A+a A’ + A —a,BK —a, ABK —a,BKA— A’BK — ABKA- BKA? (2.6)

' v ' -
WMTaaunIsi 6 wwwuN a,l +a,A+a, A%+ A’ =f (A)=0 auiu aznuinile f (A) =0

Yo A A
22 1ddsqun1an 7 Ao

f (A) = B(a,K +a,KA+ KA?) + AB(a K + KA) + A°BK
a,K +a KA+ KA
=[B| AB| A?B] a,K + KA
K

(2.7)

' A & = P 1 a ad
Fauning [B|AB|A’B] ﬁammﬂmm%’mnawﬁmwmuan NNFUNIN 7 QaIDUATE

b4 1
yoauunsng [B|AB|A?B] Wasreathavesaumsi 7w 1d

a,K +a, KA+ KA?
[B| AB| A’B]f (A) = a,K+KA (2.8)
K

2 1w o { ¢ <
wimueaswets K agmlannmath [0 0 1] guawnsi 8 danae

K =[0 0 1J[B| AB| A*B] ' (A) (2.9)
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2.5 AIT9NA (Observer)
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d115zanasan ue (State estimator) BIHNILITININAITUNATDIUE (State observer)
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Y
SUNLIAY (Full-order state estimator) AomM3tlszanamansaniuz ninmuamudoyaves
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4
A o

v
aw @ @ @ ]
18 Tumsteiidulsanmznuarzgnia laslddszanauaniuzunu@u (Full order state

estimator) uﬁmﬁqgﬂﬁ 2.8

5211
r [ x(1 (1)
4’@&{ x=Ax+ Bu ]&' < A
—]‘J Observer ‘-

x(t)
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A

517 2.8 Mmvuguuunileundudmlsanuzswnuiiduna



19

U U > U [~3 .
2.6 AITIUNADUAUIAN (Full-order state estimator)
v o v @ 15 . o 1w
AIPONUVUAITUNABUAVIAY (Full-order state estimator) 3¢ N1N15UTZUIUAIAD
o ] 5 v 9 4 v Ao 1 Y o a A
uilsamanndr lminanuaTasordedoyaveusianauisainian Iduas dyarudunyands
9 A o 1 o 9 ~
W'l luszuuneziinmsdseunaa State Tagaumsvesszuuazamsaiiminnyseaunu
Manavesdliuea1d lasszdseualudnyuzuuuila (Open — Loop Observer) Iag
v 4 v
AnsannsyUFaduinadsvesszun 1d¥usUnaT (Linear Time Invariant System)
doanisez ldmadunalunsidszmnamaulsamavesszuudonlugy State Space Form 18

AaEaUNITN 11

X= Ax+Bu (2.11)

De

(2 =

A7 qmmmimuwamﬁ@ﬁéfaqmmzﬁwmimuﬂuﬁgﬂuuuﬁm Ao
X=AX+Bu+L[y—-CX] (2.12)

A A a dJo v o
\J3] L AD LUNTNFDNTIVYIIUDIAIFTUNA [n x 1]

X fp adulsaeauesdidauna [nx 1]
o A Y A Y
Maumsn 11 audeaumsn 12 a2'1d

X— X = Ax+ Bu—{AX+ Bu+ L[y-CX]} (2.13)
dagiaumsh 13 9218

X—X=[A=LC](x-X) (2.14)
Taslumsssnuuudrdunadeamsiszanan X 191108 x 150 X = X100 t & «

1 A A Y o d Y o 1 ~ Yo v [
Llﬁiut\‘]ﬂullﬂlliu@]u%’uﬂuﬁﬂ\iﬂ']ﬁuﬂﬂ'] X(t = 0) 1Wﬂﬂ3$ﬂﬂﬁ')ﬁ\ﬂﬂﬁ msiszuaninig

NANAIA (estimation error) AIEANNITN 15
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e(t) = x(t) - X(t) (2.15)

msoenuuudIFunansazdoainld et) >0 1o ¢ o » waznnauNTh 13 wilon'ld

hit

é(t) = Ax+ Bu—{ AX+ Bu+ L[y—CX]} (2.16)

é=[A-LC]e (2.17)

d' 1 [ ~ o Y a [ d! [ 9
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e . [ 4 o Yy @ A a J9Y
U84 Observability matrix R)"lmmﬂugma %$ﬂ11ﬁﬂﬁﬂ1Wﬁ\‘llﬂﬂ 1139 Rank UY9UNNINHEADI

1w a 4 ~
MINY n INTNY Poll,ﬁﬂ\ibluﬁuﬂ"li‘ﬂ 18

P=l. (2.18)

= = o Y . g1 A CA A
TaeNszuvazlanmduna la (Observability) Neiviile detP, =| . #0 130

CAnfl

C
CA
rank : =n

C An—l

2.8  amunugula (Controllability)

o a

anmaIuAu 14 (Controllability) 9z 1suendeanuamsandygudunaneousy1a

g 9

v v W I v v o 1

(Admissible inputs) vzansandnadudsaauzliiduala 9 lugrwnardida Taeli
o R R 1 A 9 .. @ Qal} 1< ' J .

ATUIDNAUTUAY (Initial value) vouausanug iy g ﬂzvﬂumaz"lﬁ Tﬂfl“l/ﬂﬂﬂ”l Determinant
[ Y 4 a 4 [ Y a 4

Y94 Controllability matrix P, Taiim1iugud n3e Rank vouunsnddeumnu n wnind P

~ o Y Y
ueraaluaunsi 19 wihIdiianmaiuguld
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P=[B AB A’B...A"'B] (2.19)

[ouly Mszvveziianmaruguld (Controllability) Ao e

detP. =[B AB A’B...A"'B]#0
w3e rank[B AB A’B...A"'B]=n

2.9 531J‘]JﬂQUﬂqml‘]J‘]Jﬂ\‘]Tluﬂ'ﬂﬂ’J”lﬂJ!a’ﬂﬁ1ﬂ (Fault Tolerant Control

System; FTCs)

5$‘UummuLmummwiamwmﬁﬂmﬂ (Fault Tolerance Control System; FTCs)
A A o Ty y v 9 A~ a A
ApsTULNTANNEINITaRIIUae lanuaudesns wiluganznlinnuianainte
a 9 1 a dgl 1 = = A =) %
AAYIUANTDUNATY 1T1HINEVBITLU VLU UAINUABA NI TN ABLDaANIBTlDaAU
MIAVHMAVINM T NUYRITZUU AT 1A MsaanudeaFenisaIunso
wldlae shimsasniudedanain nazszydutennudenienouiiniita e tive
Bimsdagduuunsiiauvesszunlng (Reconfiguration) 1oaanIoHaNAEIAINY

{ a 3 4 ™ ' <
@eoeneanaUnlusz Uy (Zhang YM, Jiang J.) Tagsid ldaunsouta iy 2 szuw
(Y] d' A
Aa31N 2.10 Ap

291  szuunuasranaranuy 135 udearise (Passive Fault Tolerant

Control)

Tasdrnrugugnesnuuuy e linumuasanuranaauaza i

4 Y a a

4

udueu ielideranaramaludiniuguazaioinuIamadesvesszun ladens

1 H 1 Y
anlszantamineensyla Tudiunislsanuinsimua1d Falasdsnaszuounuiieg i

Usudueuaz lideamsdeyatlounduninszuunmsnsrniy
292  szuunuARANaIaMUUUSUAIeY (Active Fault Tolerant Control)
< = Y ' v

WuszuuieenuuulinsaeuduesionNUANKAVOITZUD TABNTS
Auammsdudumsaiugulvdiie aunsasnuuatesninuazlszaninimues

seuv'ld 28]
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FTC

Passive Active

FDI/Systemn Identification
|
Control reconfiguration/Restructure

]
Online controllcr
redesign/adaptation

Robust control Projection

717 2.10 M3uialszanvedszvuAIVANID LN UABHANAA

Taea lszvvuuunuasanuianarnnuulsudaedld (Active Fault Tolerance Control)
Usznouldredrusznonnan 4 daulaun szuvaiuan szuumuauuuuliuda1d uag

FEUVATIVAOUTOAANAIA LENIYz ez ITIRY LdAg Aagili 2.11 [28]

' \ | = '
W - 4vp FDD 5
' | Reconfiguration | ;. | Fault Detection :
: 2 ectigated '
: mechanism ’_Ifm'{-_‘ & !
: i Diagnosis ‘,
! ¥ % :
E \ : i’ i
Reference; % : i output
i L = >
1| Contr ‘llel taput S}Sﬁg‘m
1 X ! \
1 % : \
' \
e | | | faul(s —

71 2.11 szvumuRuuULNLdeANUAANM ALY FUF N4 Td
szuuAILRUIUINUGeANuAanaanuUl SR nee IaTsamrsaswuneemily 2 nuy
wan [31] Ao
2.9.2.1 é’amqumumﬂmimﬂ”i (Projection Controller)
NIAIUANMDULUDNITAIANTSEl 13 AeniseenuuuszunTag

a A 1 I ) o a A J 9 3 ~ a d?
Wi]ﬁmﬂamﬁ‘ﬁi@mmm%L‘ﬂu t’fmwmmmwmﬂmﬂuqﬂ"lﬂm‘ﬁuﬂﬂmmﬂmluiﬂﬂ
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° . . . L4 .o
HUU1009 (Model Switching or blending), YAAIVANUUUAIANITMU (Prediction) AL YA

AIVANUVUMIMUUAA (Scheduling) A931/7 2.12

FIe

Passive Active

FD/Sysrern Identification
Control reconfiguration/Restructure

[
[ |

Rabust control Projection Onli ne ;:m:ﬂr-':lln.?r
redesign/adaptation
| |
Model switching ok
Hoo SMC or Scheduling Predictlon Adaptation Con.lro]I SIg Inal
b blending redistribution
1 | | [ 1 [ 1
v ! Gain 4 ; ; s : NDL
MMST n o 1Py MPC MRAC | | STC e backstepping
PCA

JU7 2.12 MINUUNANHBLMININUYDIIZVVAILANLVUNUABANIUHANDIA

a) M3nuANUDYSu/asuuuu91a99 (Model Switching or blending) 1114270
Tunmslduuviassmategluuy degin 4 gminnlaveldszunamisosuieduns
nasumlasvesanimmsldnulurategduuy dnaudamsaruguuuuduaudiulng

Y 1
w193 msmuguuuuFadu auiu ieesnunuganiugy Inenisaiiegasians
v < o v = A A

va1e 9 jluuPBszuunszausasesiumsudilymivesmslasuenluise
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A5 2.1 Gain scheduling

Region | Inflow rate (LPH) | Set Points Height (cm) K, K;
1 0-95 3 1.966 | 15.877
2 95-155 8 13.98 | 9.723
3 155-213 15 49.15 | 7.100
4 213-246 20 87.38 | 6.149
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Controller parameters
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WINTUITLUUDUAUNUIAITUNITN (22) Lag (23)

JEUU: ﬂ:—aerbu (2.22)
dt

HUUIA0N: Cglltm=—amym+bmuC (2.23)

AINIAN: u=qu.—q,y (2.24)

MANUAANAIN  e=y-Yy_ (2.25)
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2) m‘snszms&’agtymmugu (Control Signal Redistribution)
a) c?hmqumumsﬁudm (Control Allocation; CA)
ianuansalumsuantedaanadimsaiuau lldsdnszqulaommiz

pg v lugAana/muANmal Taodnuauuuumsiludiuldsumsmseenuuuin



32

[ 4 < [ [
nndyarunuae o tazesnlsznou wruddmsniuguailounudlinluguaIm
9 A a d? a 4 Y] 9 ld?’ [
Apanisinaduase uazise Texivesdrnruquainsaeenuuy 1d Tas hivuiuyaniugu
puumsiludiu nagaunsoFeunuganiuquuuuaela luduvesmseenuuuyanILAL

] = o 1 3 ~ (= Y
uuuNUaeANUdeIe danuauuuums Judiu Wugaaruauuuui lulinnudesnislu
m3lsuansainnadenanaiataz @509 Iaea TN UANUANHAIVBIF IR ULUMNT

b) Pseudo-Inverse Method (PIM)
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%(t) = AX(t) + Bu(t) (2.32)
e fmuald Fiflumiloundy Tag

u(t) = Fx(t) (2.33)
St v Eaumssznulounduganuns

X(t) = (A+ BF)X(t) (2.34)
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X, (t) = (A, + B, F)% (1) 233)
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2.10.1.2 S2UUATIVIVORANAIAULLAMANAI (Residual base)
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3 1/ 2.22 Support Vector Machine (SVM)

Machine to Machine (M2M) (Rok,2017) lugad1wnssu 4.0 azysaimaivelnnis
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AUIUNIAT Network Output
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Aq=-a(y-y)

A | v 9 v/ .
2.13.2 mﬁammmﬁaway’m’]aunau (Back-propagation network)
TasevrelszamneuniinsasisTueaunumsdedoyalaoisuainis,
9 1 d' o 9 o ~ ~ 1Y d'
#$193IN13¥1 A Error Afmauldnn output U3 Neural Network wulseumeuny target N1L31
[ y A P <] v A o [ g} @ A, Y a

ﬂ?ﬂ?i’N]l’J l,ll't]]lﬂﬂ"I Error ﬂi]$ﬂ@‘L!ﬂf‘]llw‘li’)‘i/nﬂ15ﬂiﬂﬂ?ﬂ?ﬂu1ﬁuﬂ11’iﬂlwaﬂ11ﬂIllmalﬂﬂ

Aa Y A % ~
ANUAANDIAUDENTA ﬂﬂgﬂﬂ 2.29



46

error
e Q_. Y1
/ Error = Yearger — Youtput

\

QA
OO0
()

N/

XR ) Vs
Input layer Hidder layer Output layer

o . . - .
310 2,30 vuvdraeslnssnolszamidonnuuiloundy
FagumamanuAanaInveImsad s Tuaagson lugduuuvesamassideaes (Mean

Square Error, MSE) AIENNIN 39 Al
1 2
Error = E(ywrget ~ Youput) (2.39)

Ao dy 7 ¥ a 1 =} a a ¢ A o
el azlszgnaldmatialnssinedssanmon 2 sialunisinigiineiing
Y] 1 4 o . . o
AALENTOUNNTDIVDIRAFUYOT AO LUUM IS MUNTOYA (Classification) HAZHUUNITTIIUIY
Tael¥3511Y Regression H30EUNITNTNANDY
o 9 . . A o Y Y
1) M3 unYoYa (Classification) Av NIzUIUMITWUNVOYA oY UgUL
v 1% 9 qgj A Y I X 1 1 U 9 ~ o
nauAANYaZIoYary o etaad liudnNuuanaNTEHINNguYeIdoya Tagnazii
o U Y y A A aa v o vy
M3BwUNNguUITRYa lnenslaasoaliennadausslunssuunlssiannguisya
(Feature extraction) HazM3IAnaeudoyanaaes (Training data) tivernaeulszuuiFond
Y ' "y 2 o9 o Jay Y =< v Y
Ndoyalaoglungudeyadernuiig Taswadnsn lannmsindoudeyanaasevz 1d Tuaa
Y
datlszinndoya (Classifier model) taz 14 Tumsinnehdeyaiinisezdalneglungula Ta
A q ¥ o Y <3| J o 1 [ ..
Nlwaanlglunisdwundeyacemilunguiiuiiedvalsguuy 1%u Decision tree,
Mathematical formulae, Classification(IF-THEN) rules e Artificial neural networks pattern

. A yyo =< v Y ¥ A A Y Y o o
recognition ma"lﬂmﬂwidﬂﬁaumegamﬂa@ma'Jmay,ammamﬂmﬂumayjammumﬁau

(Testing data) TwaaienlSeuiieuiunqudoyanaaesiildlumsinadonluaaii Tuaadl



47

v v ~ o o ' R v o A
ﬂ'J']llQﬂﬁfNiﬂﬂuf]ﬂLWﬂ\‘]Glﬂ uazmmiﬂi‘uﬂqﬂumafnumqulﬂmmmgﬂm)ﬂuim‘]m
v vy A Ay v Y < 0 Y1y o ' !
ﬂf]ili‘llulﬂ Lmzulmlﬁuf)u”aclﬂmsumﬂilmaﬂfﬂsﬁm15‘01/1mw"lmwmg,auuﬂﬁ@gcluﬂquﬁlﬂ

=\

o o . . S . < {
#1135V Classification model 1 11 Taaauuy Supervised model AvilluTuaanyuuideall
Y

Ao Aq Yo o A v v Y Y a ¥ =
Target mﬂmuﬂ'iﬂcmﬂwamimmﬂ%ﬂummﬂumm@u“lmsaugi%m Target Y03

] I 1 o I 1 1 1

Classification fnzumaamﬂuﬂqu%yaﬁaﬂyngﬂu Discrete data 1%¥U Yes/no, NN A NQN B
v I [ 3 @ 1T o o

nau C Wudu dariu Classification model #10130IAANNLUNUIIVDINITNIUNY (Accuracy) 1a

T 81‘%’ Confusion matrix gﬂﬁ 2.32

Raw data

Training set

Validation set

Classification

model

5191 2.31 n32UIUMIEEUSV09 Machine leaning 1111 Classification

u




Predicled Class

A
~ ~
Positive Negative
; Bk Sensitivity
Positive True Positive (1P) I'alfe Negat{v‘e (F:‘IJ TP
|_\'[)C’ Il Error m
Actual Class
" False Positive (FP) Speelfichy
Negative R . True Negative (TN) ™
Type I Error m
- Negative Predictive Accuracy
Precision
Value TP+TN
__Ta. ™ TP+TN +FP+FN)
(TP +FP) e
(TN = FN)
= . .
jj‘]J‘Vl 2.32 Confusion matrix
. A a 4 v o J ' @
2) FUNITINITNADDY (Regression) AD N1IATIEHANNAUNUTTE I uals

aaszuazdnlsay Tagdunlsnmmaiua Genndunlsdass(x)
' Y A Y. A 1w = a 4 . -dy =
Uszumm (mmming) Fanalsa Y) 9 UnIs AT IEHUDY Regression 819981
o a 1 v Sy 2 . 1 |
ﬂﬂ!tﬂﬁ@ﬁig(X)NTﬂﬂ’N 1 ﬂ’Jﬂl‘lﬂ FINMIUsLUMTIUY Regression nUseemdu 3 uuy
1 9
WanfA® Linear Regression(LR),Non-Linear Regression (101¢ Logistic Regression ¥V
wa1sanluaIuues Linear regression TagnannN15U09 Linear regression A9 MINIANNT
9 =& [ @ 4 1 % o ] A =& FI
EUATITUAAIANUTURUTTEHINA WS X wagdwdsan Y ﬂ\i‘gﬂ“ﬂ 2.33 “]Nﬂ%llﬂ?n

P A ) = I3 Y o ] Y1 v a
AUNIILTUNITIAD hq (X(')) =0, +q1x(') C]Ni]”lﬂﬂﬁWﬁ@WU’f]ﬂaljaﬂﬂg‘]J ﬁ]zmullﬂ’l'lallilﬁsljauﬂ'li

ﬂi%%"lﬁlél”)l,mﬂﬂiw‘l!ﬁyuﬁiﬂ

3000000
500000 S
2000000 l‘h,,(x“}) = G+ Ox" ‘3"
Y nnnnn
1500000 °
1000000 oY 255
b 'o e 9
500000 35 -"‘00-‘ .
) ﬂ
0 1000 2000 3000 4000 5000
X

g'ﬂﬁ 2.33 N5 1MuaAY Linear Regression

U tﬂ'
tazAmlsneeg



49

P P A A Y o Y 2 .
TagnszuIUNIINISFeUgVeIssUuNaen 1 uuny aun1s1dunsa%3e Linear
) a Y o v A ¥ oo Y, g
Regression Iagnszuaumsisou; ilaeflougadoya msrinadns Taodoyayailiiuya
Y} o o L. A D] A Y a ~ 9 3 ~ P
VoYad NI Training Set 1Wa1szvUszIIMMABlTINANIGou] TaalumsiTouiun
v ;I @ s A v o J v
aumsduasanngadeyarasnntiu ldaumssadndt Muaasnnuduiusvesdoyasznin
dalsmuuazdunlsoaszauanms hy () =q, +g,x" FINTTUIUMIMIIFoUILAA

A3 2.34

.
,‘-

3101 2.34 N32UIUMIMSFEUVOI Machine learning 1111 Regression

R

U

A v ¢ a 1-1' t-ﬂ' Y
2.14 ﬂi‘nﬂm‘iimnsswmmma NNYIVOI
2.14.1  OIYNLINUMIVONUVDIZVLAIVAN
1143) .9, 2012 Dong tazame [42] lAinauemsnIuaNszUDTUIRADUINY
4 o D] % = Hq Yt ¢
Y9UAT099n3 CNC Tagldros Iuamas Fadanruquilsinslszgnassuunliuquuy
J 1 v @ a aw Y
ATINANANTANIATO (Fuzzy logic controller) 3IUAUAINILANLDY PID HUIAAYDINIUITBiIAD
9) 9 v A d‘ a 1 a a d? d‘ d‘
M3 193211 Fuzzy lumsainngmsaadulumamanianuianaianayumenaza1uiso
UFulasuardasversvesdinauguuuy PID ¢e 11l nansnaassrznlSouiiieuszning
A o . v v 2 Y3
FTUUAIVANUUY PID 5I50AMALIEUVNU Fuzzy logic 1 lydananslimudissyy
Aq ¥ . Y A d ' v
AUAUN 1Y Fuzzy logic TMmanauaueIiiz NIz UUAIVANLUY PID F35uaias 1viad
HUIUEIVDINIAIVANNGINI
a [ a 4 @
Tull a.¢1. 2015 Singh wazame [41] @ueITMIUTVIUNINNNOTVDIA)
AANUU PID Tagn1s 19 numdananu (Bat algorithm BA) 1iio1/5unanoudusuesz

Tl lamudesnms nlSoufoufunsly particle Swarm Optimization (PSO) Tumssugu



50

[ (% [ [ o
MInaadUzSeuney 3 NIAAD TTUVSUAVADI TTUVIUAVAIN HALIZUVVDIYDF 12
7 Ay v . ] Y o s A o '
woinos walld BA algorithm 1¥mavewandiganiuzasad uag Ternesyn Ad1n1 PSO
algorithm
<3 4
T3] a.71. 2016 El-samahy ttagaaie [40] MIAILANANIUGITOUUDINOIADS
] Y
Tihnszuaaswoylfudasamiaue luamideiinegnulseuiioudedds Aemsld szuu
[ a 4 [
Fuzzy logic Glumi1J'5‘1Jfguwﬁmmasmmmmmmmu PID (Self-tuning fuzzy PID control)
1Y a o o a J J
Aums 45z uuAIUAULLUE19BIULTIa8Y (MRAC) LUV 1a0InNALlAMAASY0LDIADS
A o o Y % Ay ¥
eselugiuesdilsaniuy minaaeuvzih lasmsas1anesnsuNIUTE Y Hall IMszuD
qgj = a A d' a d' a 4 a
mMamuguiiaeuullszansnmlunmsmuguiemanmsnlasuasmnnimesiazing
] H { < 1
MITUMIUILUUIINNBUDN LATzUUATFMsAIuANILLD MRAC 3¢ 1¥Hanauauesliian
HBINAMITTUNIUTZUL
2.142 MO NNLIVoINUIZUUMIATIDADUNAZIHINLVORANAIA (Fault
Detection and Isolation)
a J
1udl A.@. 2010 Bianchini #azANE [1]. lAUBNITIATIEHN NG BYRUDINT
4 1 a [ 4 Q'J [
FouTean1anenInTHINaNNAanaIanUInlsznoUMIduazouvesalnasy uay
mswauuiasraumansiiefsaNudvesnuAanaIad M uTeiana1a gnilu
Y ) ]
uuugnnas minaass laguidumsielsaiiugiuuy uazasiaaouanudvesnIuAANAIA
d' Y 1 a a d! =\ 3 d' 1 1Y Qs:
mamsal Budazriiavesanuianaia Felimslszananavesdyanaiuanaieiu 911l
Yo a d' a d o o A v a A
v ldsumsdszdiwiednsgidyanamsdudziou lagudazmaialinnumuizdy

[ o 1

dsudyanaueasazilszmnuestounniodue iy

a 4
111 f1.91. 2010 Boskoski tazAME [2]. l@UONITAATIZH Cyclostationary 1AL
o 9 d‘ a g’ @ 1 d' 4 a o 1
spectral gniiunldineasinmlSnaveniniunasauluuewmes Wi vanisidennin ms
o Y @ A Yo Aa Y Y VoA

asndunemesalendugniulddutiumsunilam laiduesaiden

T3] f.7. 2013 Moradi uazaue [3]. 1813 INneteuANI0uiiodnnms
q'./ Lﬂ' [ = Gl tﬂl o o = =
duvoaniona lasAnyuazdTouusanunsei vazinauennlSouournanszny
5YHI9NT NV THUAINAMTFUN DAL super-harmonic

T3l A.612012 Guo, Y wazame [5]. 18AnyImsasIvaeuesnlsznouves

[ 9 [

IS Y o Aa < 1 @ Yo a R A
@lauaﬂﬂuuuuwuumﬂ%ﬁmwmimmm/mmmwmmmmu Tael¥danaTnued1vsy

)

P
19 =

Wwianudtmuzanige tazlsuansiu-didoyavo919950T0W0UANND FITUBYN

£ U

ANy laesalnaiugaga



51

1130 f1.61 2017 Abd-el-Malek tazaaiz [6]. ldAnyIAsdenisvoIdniioni
S =R v o ] a .
T51095 FIa 1309519 UMUNUIANURANA1A 1S tazn151d Hilbert transform (HT) 14
o 9 o Iy a 4 A Y [ d' 9 d! [ dl Aaa o
wnnlddmsumsinszimssuduludiuveuniodld ldihdegasi snmanisitdeie
uazMInTIudreiigndes annsoasniutazszyANuAanaiaved Ianes 14
143) a.¢1 2017 Lu, C vazane [7]. 1AANYIANNUANAIINENTLHINAUATDUY
Uszamiion (CNN)  Ao3Fn1siGeudiFean enisswunaimie 14luns3dedeaay
Y 9y v
Aana1ALLUBINT oz eI UgniuLUgNNae Taetuegiumsswunanuziia uaznadoy
=l =1 Y o a A Aa a Yo < 1 Y o
mylSeunen Tagudumamenaaovdszans mn'ladusauinnii 90% uazldnsweins

9y a s Y A 9 a ~ 9
muﬂaummamaﬂmﬂamﬂ%mﬂmmmﬂug

1]
v A

113 761 2016 Melani ttazane [9]. laan¥1I5N3IHaReN 1uaa HAZOP lag

G

v '
J a =< 9 =

aa o . AR v o Y
NITIUIRNYUDNANAIAUU Petri Nets : ﬂiﬂlﬁﬂBTﬂJi’Jﬂiiﬂl’lWﬁ1Wﬁﬂu1 o ﬂlﬂﬂvaﬂllﬂinﬂfﬂi
a 4 = =\ S 1 Y] B ) 9 d‘
AUATICHANULT Y MﬂﬁgjﬂslﬂlﬂﬂﬁﬁﬂﬂiiﬁgﬁimiﬂTﬁW@Ju1§ﬂLLUULﬂ1WNTﬂ A EAVRPTRN EARTE)

e lumsIuIneaNuEanaIn laguuuoa 1uia
= . . av dyd Y o
143 f./1. 2007 Xin-min tazaae [12]. ORIV UNTAS 1MV 1A
o [ [} a [ A QEJ, di Y o a R (%} a R
dmIumInsTuaNurEanatnnaugnilusuniie Taglgdanasny RNCS Tagdanainu

P4
A

Yuegnu HOS NenunsansvduanuAanamvesadugnilulasldnisaaaomFeauniinieg

U

~ a o dy 9 aa [
111 f1.71 2008 Zhang Yuazame [13]. 1391 Truuanielumsidanenny
a [} A d? [ (Y] Yas d‘ A [} Y]
Hawaravesnaugniulasyuny EMD anlnasy uazlsismanaaeuiniesonatuadu

A 1 I a a [ A 9
aﬂﬂu WU EMD ﬁ!ﬂﬂﬁﬁllﬁ'll]'lifl@l‘i'ﬁ]ﬁf)“ﬂﬂ'ﬂllWﬂﬂﬂ@]ﬂl@ﬂ@]aﬂﬁﬂﬂuqﬂ

£ U

wdy Y A
1

1ud 7.7 2008 Mbo'o UAZAME [14]. MIIUINIUA NI IBFINOATIVIL

nszud ldhveuniodld lrlihdegai tieasrmanudemevesadugniu uaznis

U

=

=l =} = Y] A 1 < AY Y A [ AY Ao & dgl 1
nSeuieumsnaaounernudoudou v od13lsnawnan1d Ao adugniluna Fziveg
U = d’ a
funsalves TraannaTan

a J 1
113) A.% 2018 Dalvand tazame [16]. Tadny1nIaI1zinulag ag
[ I~ o @ a
anlnasy 15 lumsasnndeunnuaiuse Wumsdszgnaldlunmsasrasuanuranainves

@ A a [ A ~ = g ¥ o a Y Y

adugnilu wazanuAanamvesndugnilwiisayamer AldmsiuneFudu Tasldnisaa

o

dyanasuniu kamsnadengudundanmvesadugnuaunsouenuezlsznnai q 14

o 9

Tuil A/ 2015 Vogl uwazame [17]. lddnuufeIdUNITATINIHIRENS

duaziiou uagmsasnndeudeAanainiawindlelasmiosiiassgulminaziniosian



52

Y Y

9 Y I KR ad Aa o Ao A [ o o
unuwyU (SCED) lduaasldmunaismsidaioniunaoudledounniosd1msuunuuns
d’ -2
IAT0I9NT
T4l A.A 2016 Vogl uazame [18]. ladnyinileiausunes (IMU) #9'ld
HEAUNDNTIVAVUTZANTNINAITNINUYDINITINIDIVDINUIAT D91 01AT 0T DIFAUF U
WIS IMU-base  Hanuausalumsiadenanaianiasuiagiadlredasiaiuaiy'ly
1 ~ [ 9
wdveulumanaaeungousy'ld
v Y
= 3

Tudl 0.7 2017 Kozjek nazame P.[22]. ladnywuniaesniuegiumsizoui

1

Y 0

v A o £ ’q ¥ ¥ ¥ v a ¢
AVYLATIDIINTG GIN“lﬂgﬂmmﬂizqﬂ@i“ﬂﬂﬂ15ﬁ'iNﬂ’mJgﬂ’Jmmﬂﬂummmﬁxwmm
P ' ' '
Aanaialunisvuglwaiadn: nsdin1s@ea1suuUAToI9NTADIATOIINT LAZNITNAADY
Y I ¥ ° aa o a 4 o a9y
uﬁﬂﬂﬁmumﬁmﬁaﬁiNLm‘lﬁl"lammi’Jui]ﬂEJmmNﬂWmWIJmmsﬂﬁ]ﬂﬂuﬂ”ﬁﬁﬂuﬂﬂ
£ = Yy A o 9
FINTILTYUIISINYINVUDYAVDINITSVIUNTT
[ <3 4 o
111l A.7 2010 Mohring tazaae [24]. TAANEIMNSHEUAUUDAUFUIFDT AR
A a ~ @ Y £ o Jq 9
ﬂi’eNmmJmmﬂﬂ‘szuﬁmummizuummmu]’lﬂ Gmgﬂum1ﬂi$qﬂ@1%1Uﬂ1imi’J%ﬁﬂu
1 A A g <3 4 @ o AN Y
GUENﬂiz‘uaumﬂuﬁﬂuﬂizﬂaumaﬂlﬂiﬂmamm%uwm muaﬂymzwaaWﬁWlﬂmmmu
2 v
HHU, FUIY L!,axmﬂmiﬂﬂﬁaumiLﬂaEJul,LiJammummmzmumimiﬂiﬂuﬂﬂ’a’ﬂﬂw
=1 o dy Iy o
GlfLHJ 7.6 2012 Rzeszucinski HagAUe B. [26]. Glm’e')ﬂmiﬂuuuulﬂum‘immua
= 4 1o { 1 I 1
cruunIni Fvuegnumsnlaswmlasanunieveaduldwesnnuiinziu (PDF) dons
1 o ) o @ o
ABUAUDIVDINISITIMIduaziioutazihwlszgndldnudeyansdudziouvs sy
Y Y Y} o A A oA ' =] o I~
NneaoN I@ﬂﬂWﬁi“ﬁﬂﬁ’lNIﬂ\i‘U@Qﬂl@y’aﬂ’lﬁﬁuaglﬂfJUﬂLﬂa@ﬂg“llﬂ\i kurtosis G]f\?ﬂ']iﬂWl!'Jﬂ!!ﬂu
1 = as A I ~ [ [ o ] dyd'd A A Y (] <3
AIUNUIUDI I5N1T "FM4" LummmﬂuwaaummrﬂwrmwwmmL%’é)ﬂf)llﬂ ’aﬁmuliﬂﬁm
1 F4 [l
Glumiﬂiﬂ FM4 fJWﬂklﬂJLLﬁﬂQLLu’JIﬁﬁJLWM%u@ﬂ’N@@!ﬁ@QW%@Nﬁﬂﬂ’lillWﬁﬂﬁZ%?UﬂJ@\‘]ﬂﬂWN
E4 [l F4
Aanata noAnssutienvii lugmadsaduanugunssestounnsed iz ey aeriu CI

Idy d?l 1o J ~ Jd v ] 1 I a
Tnutl ezvuednuamaNudosuuveslensuaNuuIttiuaNiivedulna (PDF) ¥94

U

o 4

] o A Ao v & Y 3 = y 44 2 2L 4 o o '
ﬂlﬂy)aﬂTiﬁUﬁglﬂﬂu‘ﬂﬁﬂqﬂ "']5\‘]!Lﬁﬂ\ﬂﬁL“Hu‘E]\‘]L!U’JT‘HNTILW?JGUUG]NNFI’N?J@'?JWH‘ET‘IU@E”Q

< [T v o 1 a
legl}llLHN ngflﬂ:nuﬁllwu‘gllﬂﬂlafl'JﬂuﬂTJﬂ”liLLWﬁﬂiSi]”lﬂﬂ'ﬂllNﬂwa 113

v Y o w \

2143 NUIVLNNIVBINY NTBDAUVUUATHAIMITZUUAINUABAANAIA (Fault

Tolerant Control)

9
Av A

Tudl A. 2010 Xu tazame [27]. \1'l’L!’Jﬁ]EluflWLﬁu’é]ig‘U‘Uﬂ’J‘UﬂiJﬂ’J']ﬂJﬂﬁWQ

v
v A

A Aq ¥ o o J dy a A a 1 o Yo o
aouN 1#91U (AFTCS) mm‘umaawmwm/ummaﬁllamﬂ sTUvaInIaIn lgnusalsed

E4 v
N 52U AFTCS Hagilsznouldde szuuasiam, msdisnedenanain uazdiniugui



53

YFulaould FedaneiNuueen13as199u uagmsuenaNuAanaIand 1l 3 1o F9d2
A (o ~ 9 ~ saq ¥ o Y A gA a a [ ~
avuguidSunaeuldunuiFea Indaldaugnibun lhvedaulseansamvesszuuneun
a 9y a Y = aw Y I =K a a
sruvzinaveRanalnlnIniga 1nmsdveudasliimudalssaninmuesssuu

113 .7, 2010 Nabil wazame [28]. 1dAn¥ITZUDMIAIVAUAIIUAANAIA

s A

4 v W a < a a o
105095 UAINTZAY (actuator) H30ANNAANAIAVDUTWIHDS N5z ANTNINNITHINUVDS
1 < o a Aa a
nszUIUMITAnaedIuiuldde IMATANITATIITOUANNAANAIALAZTZYADINHANA A
o A o d%‘ v 9 a =R A @ a Y @
(FDD Iaguuuitasaniannyuazeidedoyadannenunganssunszuiums laglagadn
A o w a 1 a a Y] 9 A <3 sAAa
NIRIMaNIUNGNIINA Lozl szliua1ss@nTNNY0IAINTZAUIAL /MTDITUITOINHANA A
lunsaliinanmssuniunszuy meenuuudaruauuuuilsunlasuld 1d5umsiaun
2}1 @ @ a o ag a J
TagnN1332WMaHaNNINITaa1eal (SVD) uazmatamssivuae lnssasanedannsoind
= a A ~ dyd ) Y
Falszansnavedlnsamsnruotianuanmgauna Tagainwamssiaslussuundaasln
=~} Y o Y
AUANNANIHAIVDIAINTZA U
= av dy Y o
Tud) a.¢1. 2001 Blanke HazAme [29]. 1uITedl lauuziinsaruguay
a =& I [ [ vAa =Y S A A 9y
Hanaa suduuuuInilumsaiuaudaTuia Tasldagilszasamainnnunionves

v ] P4 ] Y
T5901ULazaAnNUTe0I0UAT 1Y IBIAANAANAIATY e TiAToUAQUAIAFUIN

msaruguANUAanaIalumshinugua numsduiunsud lvderanarandimua e

Y
o 9

v 1 F4
anumuzay tazmslsulasu Gﬁﬂﬁu@ﬂﬂﬂ‘i%ﬂﬂﬂl@ﬂﬂﬁWN“]ﬂ «muiumzmumammu

u

=

a 4 va o 9 a wa v 9 Yo A Y I o
MAANzrRuaularanvesszu 1agnilfia Taeaden lasuiaenliilluasedidgyves

{ 1 a a o o A
MIERNUUDANUADANUAANAIA TABTINMTAATIZH 1ATIEA319 LagMIaeNMIRUTUNS

9 Ao A a YA A a9y Aa a d? a’;’ a
ud luianga Tasnarsanonuiasnsmsganszu ielidoAanainnady saununailn
anuduredodmiumsdszlumsudilyminuaeanuianaia Aed1usu NsTuToA
] ] Y
ayns uazANuaaesdrvouniosdugniiunldiioudasgaauludunouais q veans
PONUUVTEVUNNUABAIINHANAIA

Tud) n.91. 2018 Xiong tazamz [30]. lAAnBUNEONIUDAINIVANAIIL

a 4 < s A [ ' ' [
Aanaia oA ugNANUIS I oweInesodyaavestoyagndriu llawaedyg

] < o3| [ % o

Youmanasden (PMSMs) Tagldnilu observer nuudsudla dagniiunldlums
auquanuianain 1§ Fedeyannudanaradiulvgazgnisudlredniugu (controller)

v Y
WAN1IATIVAOUUALAITINADY W‘]J’J"Ii%iJiJ‘ﬂﬂﬂﬁuﬂTiéjNLﬁa’Jﬂlﬂﬂigﬂﬂ (FTC) ﬁl%’amﬂ’u

ﬁ”lll”liﬂaﬂNaﬂigﬂ‘u‘ll’f)\‘lﬂ’;l”lllﬁﬂ‘Wﬂ"lﬂiLli%iJiJllﬁ}



54

a 4
T3] a.7. 2014 Zhang wazame [31]. lddnvlunszuiumsnaauuuuuns
£ a o ng a :z‘ I ag [ 4 A
¥ansaruauANuAanatalumsinnenuduan Wy uIsmIdunszy lagasuive
s = ¥ v & =gy A A4
auguIeIANAveInszUIuMItazmsnlasumlasmsfloudeya daiv Jaldgluuunung
0 A o a A =S A 9 0o < % 1A
siuamielsulgalszansamvesmsaruguuuueila e Iinisaruguduse 1d Tag lud
a @ a ) [~ a a
MITUNIULAZANVAANAIAYEIRINTZAY T nauendasldimiudlszdniamvesns
<
AVANANUTITUMIRAVRINTZUIUNS
=l A (fll a 421 Y
113 f.¢1. 2016 Lan tazame [32]. anmanuAanaaiudunsonadu lade
TusznutnuryuveIneiuan Adinaneszuuniud ldmdes IBmaniuguanuAanain
Y o @ § 0911 ) IS
i Tagordoms Sy Tnuamsideunnuiiazduaou (SMC) lagmiwnldilunuaniadums
@ o R R o [ 09./’ a v W dy Y
ponuuuAInIaN Tasfmitadedadrunuuauan (1) Tddsdmuguiugiumay sMc 141u
Y 1
M31U3lUMANUAANAIAYBITEY HANITIIABINITATIVADVANIUAANAIANALULIAY)
@ < ' 3 0o <
uazvateAInTzdu azudasliviunmsesnuuuiivlszauanudui
113l A.¢1. 2000 Noura tazamg [33]. A3msaruguanuianatniesuie 11y

'
1 =}

J a @ 3 4 Y 1 [
UNANNHTYAY I O BABEANUAANAINUBIAINTZAULAZIFUITOS INAIOLIUTY N5
= A A o ~ = A v o
gudnlszaninmvesmaiinuluszuuignsuniu Famsiianlszamludnivguerney
Y Aa Y 1 < A o w as dy Y A~ A A o Y
saadoranainla od19lsnan Iasnavedtmsive Idilelimsgadenvesdinszqu
L4 ddy o oy g I a A o o

Tasauysel lunsaifimshigivesesaursilszd@ninmuazawsosulsziuaiy
1 d‘ A a A 9
ungedevoslszansnnla

113] .71, 2018 Sheikhbahaei azamz [34]. Iddnyidanesiuluidmisums

1 1 4
augumMIienuiiaesvesszuunuy luaoownuFudu Fidanes Muazduediums
= a v A Y o w =S @
WeouTdsunsunuylaulia, msdaiseadeding, msdeuTdsunsuunuvatsands nag
4 v v 7 y A A v oy
Junoumssaumsunily Tasszunldesntuuaniunsainmiienganazvensulaves
d‘ 19 o

mssunaui ligdn

113l n.71. 2018 Dhadekar tazames [35]. 1AANYINSIAUBNTAIVANITZOZE1)
AMUABANUAANAIAYDI0INIALIUNTINITTUNIUIINNIUDNAIGAIINAANAIANTOAITN
aumanvesdanszdu Tagldniwlimiveuuas Uszanuainissuniu (UDE) Aemaiinnis

1 4 S o @

UszmunansznuueInssunIuInMeusniazmslszmnuaniods 9anuduud i ua-

Y H
auaN nUITeiinsauauiaue il lssnuiinnulhdenmssuniuninaiousniin

2 vy ' v
‘UT!ﬂTﬂi@]ﬂlﬂUﬂWi@ﬁ/ﬂ'ﬂNﬂﬂJlﬁa’J



55

133l A.¢1. 2012 Tudon-Martinez tagAME [36]. NIAIVANANVAANAIALL
o 1 a J a @ a
uilsiuauammsilinesiFadu (LPV) Tagld Quarter of Vehicle Tunisasaasuanuianain
o 1 d‘a 09.1’ d! d? (% 1 a 1 dl A d‘ [ d’
HAZITYMUHUINAANDIATY FavzuUBdNUAANURANAIAYRIdIUNIMaR NSV uie
@ 1w 1 { % o 4 y @ a
Usuldaaenandesiiga Fegniiudszgndldiioasrasiuanuianala Tuaaiig
Y Aa a J @ @ ~ T v A 1 a 9
PoHANA1AYDINIT A5 a0 lud Il siuana19nu A aun1s 1dFuduve9 magneto-
. 1 A @ Y 1 1 Aa A <
Rheological (MR) tazaudu o azaalviegludiuntanain Tagn1snisdisauveandnuis
iesziu1d FawamssiasesnaSouieuseviensAIuaN LPV  1UUEITUAT HAYNIS
AIWAY FTCs WUNITTVUAIVAY FTCS @M150aANANTZNUNTINAAINIIN Suspension 14
[ o <
GEANGRTED)
113l n.¢1. 2014 Schulte wazame [37]. lAdnINIAILANANURANAIAUDS
3ot i ofuauiiinsdeiuny Hydrostatic Taald35nsulasu Tnuafiniuqu
v o 4 = Yy 3 = < 4 (4
Y941ATIATIAINIVAVIUY (PDC) Msdaostinaadliimiudinnusivesaninasuuilaq
< { o a o 3
Tlanusveuniesiuiia liihzgnatugulaedaniuguanus,
a v d a a
Tidl a.e. 2013 Mgy Ms Vs lesey A5 0T N eI sEwa #3103 gHa
° < @ {2t o
38]. Tévnauegluuumsnuguanuisaseuvesnomes I inszuansa (DC motor) NiA7
dunaswnudivarouside lnaauunil5uaala (Adaptive load torque compensator) Lo
a § o 1 § 4 a Y 1
Uszmnmmsusealnaannizihireszunld Fusriansolszgndunifadinanlumsadi
A Y o 9y = @
szuuauaunlszamaniuzvesszuy lded1eilogiiu Joyamsiasuntasvesdmls
[~ @ A Y1 ¢ A J 9 o [ A @
widluaunlsnamnsolsusvenaaunisainlasunlasvesginsalinszqudmiunieing

Y wal ¥ 1 < o & Y3 9 9 ana o
@ﬂiuuﬁ%@ﬂmﬂuﬂ%ﬁguu Gﬁﬂﬂgisﬁlﬂuﬂl@yjaﬂTﬁﬁﬁ’l\ﬁzUU?u%ﬂﬂ@]qu

agl
a o o a v { A o { (% a LY

USHAIIssUNgsuLazUITeNNeITo M I uaUINeINU I3N1509NUVUH?
dUNATZUY (Observer) ua3nuummuLmumwudammsﬁamﬂ (Fault Tolerant Control
system) adallsrUATINMIVBRANAIALAL IR (Fault Detection and Diagnostic) ¥41%1u

4 a I~ L 4 { o

MIPDNUVVILUUNDATIVMIANVAANAIAVDUFULHDS IUNITIAADUNVDITZVVLALIING
a P P2 . L. Y a 9 A o X
UATIEHAUFDIULNIIY (Condition momtormg) uazGlﬂmmiﬂugmmmﬁawnﬁ (Machine
learning) u‘uumimgﬂuuu (Pattern recognition) LA AMIDADOUTUT U (Regression) Wi
[ o a [ § a 'd a <3 4 3
18 UMITWUNANUAANAIAAL 9 FINTIUATITHANVAANAIAVDUT WD 1Y dzdoalds

9 < A @ .. £ A 9 A v A A
NFATIVFADUAIINITUDUH UVDUATDIINT (Computer vision) G]f\'ii]ﬂfl%ﬁ]']fﬁ’]ﬁi\um%ﬂ\‘lulﬁﬂi



56

dyd'ow A o < a2 9 woa/’ deydo 9y
GUEN“V‘I’L!‘I/IﬁﬂﬂﬂﬂWEJGlL!Lﬂﬁ@\i%ﬂ‘iﬂ’ﬂﬂli?q\‘l@ﬂﬂ’m ANUU Glumu'mﬂummmuemﬂwayjmm
v o a o 9 1 ~ Yo a
AITUNATSVU (Observer) 1J1’J!ﬂ51$ﬁIﬂﬁli‘b’jﬂi\‘i“ll'1EI“IJi%ﬁ'mmﬂlmﬂalﬁﬂuuﬂﬂ’ﬂllW@W\lﬁ'lﬂ

< 7 o v = Yo A Y < S o o
GUENL“]S“L‘!L‘;lff)illﬁg‘ﬂ1ﬂﬁcﬁm%ﬂﬂ']@@Iiﬁlmﬂ‘ﬂmlﬂgﬁiﬂﬁﬂ‘iJi%‘U‘iJLW@GLWLG]SHLG]iE)‘iﬂﬁ‘UiJTVINTL!

1&n@



VNN 3

o a

ad a v
AFNIIAUHUHHUITUIVY

qm?%ﬂﬁy%ﬁwmaaammmmza%’nizuummmmmmudammﬁﬂwmﬂllﬁ'gﬁa
muaw‘immﬁwmGlgﬂeﬁ’uméauﬁmnﬂum?m%’mﬁmﬁ’uwﬂaﬂﬂmmzﬁﬂﬁ'admmm
g1iaaad lasuuuanuiige Tavldmiesnuuuszuuaiuauuules Iswiudiduna
Susuduiionmsiszanaaidnsaaiuy Tasefonuusiasaneadiamansvessy
mMyeenuuuIzlmItloundudlnsanius (State variable feedback) LazoOALUULATAI
JLUUMIATIN AL I TR BT RANaIAveailes F a3 TagmIsiassandzveudumes
VANTOL  (Sensor fault) LUUAIN 9 Tagn15lSuamsasiveetlounduveusuwes uay
nSvufenian1zmsihauind (Healthy condition) Tasmilszend 1sunudianeInseine
Uszamney (Artificial Neural Network) Tumsasanmideranainfinaiy e l¥szuims

aa o ' { A o a 3 ' av '
Fldedounniesiinaduyaaifiosduaes Tavaugaiioussauisenenssaron

o

[ o 4 { 4
s 1venetound Uy UIYe S (Feedback gain sensor compensation) Azau e sz

Y Y
Ay A A U

o [l < Aa a [ [
ansaiauldedrudnilszansninasiaiuanudeanisae 1l Tagauddethisuaue
PONULULAZ A NgANATOUAULUL Tao a3 19819899101AT 091 8DAN 1A AAT 1D IUULL
[ va d' 9 1 a Aa d' 9 o 9 9 di [
galuild Nldaueglunszuumsnanssuielddmiunadouluiomanss imeiloaiu
HANIZNUABNTHAANTAADININITNATOUAN 9 HAZONLUUTZVUAILANMTIAADU ALY

v @ d'i ) 1 9 a ~ o Y

Houndudulsaniug iearugudwmnusvesszuy Iagldmaiansnadnatz i linans

I~ H a a o Y v W
aovausuilulmundosnsveszuuiella (Close-loop pole) tazauIdsiiaz 1¥drduna
Falsan1ue (State observer) M1l lunisdsznamdaalsuesszuy Tagorfon1osnuul
Y o a ¢ A Y [ 9 a 091’ [~ s A 1 @
AU UIIavIneaalarans e lvaiuisaana lsaielunmsaaaagsuses e daaiaiuls
1 d’d a 3 9 d' [ v @ Y dy
A 9 Nlsm1ge uazdaasldenluniesing Tasdrdunadinsaniug (State observer) il

o 9 9 1 a A J I 4

1211115 1uN5AT 1M Vo UNANT 09U IYARI BT ITUIYDT 1AINITNATBUNITATIVH
9 1 aa Ja 4 o 9 1 aa a3 o 1
POUNNTDIVDIYAAUBTIFUITOT VL 31009 1UAN1IZTOUNWI DIVDIALYTIFUIYDTUUUAN )

H [ 3 o ! { !
Tagmsnasumdasivensvosdumss 1la1uaindoans Taen1in1sas1I9 Mo LN NI 09D
aa o4 s v ' ~ . A
AtesIFures Hae 1% Iaseuiedsearniney (Artificial Neural Network) 2 411 A9 Pattern

.. . N 4 a s A o [
recognition L1 Regression 1130 Fitting model tial¥lumsdimszriinesiundounnsag



58

' yy o @ o Y 1 ] Y Y o
mumﬂweyjamuﬂiﬁmuz 591 GluﬂWi‘lﬂLLuﬂsUf]‘UﬂW‘i’ENNWUﬂWii‘BﬂlﬂﬂJﬁaﬂﬂlLﬂﬁﬁﬂTug
1 o A o 1 A o A o 4 o 4
uazﬂ‘izmmmemwmmwamﬂmﬂ‘izmmllﬂ%m%ﬂamwaﬂﬂmwummmwnm"lﬂ
muﬂwﬁw%mwmmswumuqu ﬂTWi')llﬂ'li‘ﬁ"l\?'lu"ll@Qiﬁﬂﬂﬂ?ﬂﬂullﬁgﬂ'ﬁﬁiﬁ%ﬁ1
9 1 LY 1Y d' ao dy 9 1 [
GU’E)‘UﬂW‘i@\?LLax‘BﬂWﬂﬂW@ﬁiWﬂlﬂ?ﬂ!Lﬁﬂﬂﬂﬂzﬂﬂ 3.1 Tﬂﬁl\i']ll')ﬁ]flufﬂgﬂigﬂ@ﬂ"lﬂﬂﬂﬂ 3 @aunan
1 Y
o MIOALUDIZVUMIUANAUNUIVDITLUAITATIIM o UANT DR IRATUA VAT oY

< & 1 ' a a o 1w
LG]ﬂ!L“]J'ﬂ{G?Qﬂgﬁﬂwa@ﬂﬂﬁgﬁﬂ‘ﬁﬂTWﬂ15ﬂ1§1uﬂl@ﬂ§3ﬁ‘ﬂﬂ’lﬂﬂﬂ UATNIIVAITINTIDNITIVYY

2
=1

9 @ A o Y o Y a A o w o Aw A
ﬂ@uﬂf‘]‘UL‘Wi’J'ﬂﬂ‘ﬁi%‘]J‘]JVINWu]lﬂ@]iW]ﬁJﬂﬁgﬁﬂ‘ﬁﬂ11/‘! Eﬂﬂ‘lﬂlﬂﬂﬂﬁ‘ﬂ”l’ﬁ]ﬂut!ﬂﬂﬁiugﬂﬂ 3.2

L it ettty & B W Wununine ettt e
’ " "
t) uit) ) yin b
I " - A .
! —'@C—E—-E/Q——ﬁ i=Ax+ Bu Jl C r \I
1 System I
I e,(t) ]
: b — |
1 Observer gain ) I
| 'y =0 -
. - LD l
]
1
1
: &(t) ]—E"—] ¥(t) I
. L. % =A%+ Bu | L !
]
: Observer 1
]
I
\ [« | ]
\ @ Control loop 5t
~ &
- L N — (R [ a—
_______________ @
= Feedback gain sensor || I
1 9.\ BEE QU NUFY B Al ek e e e -
l L ;
: R0 competis Esti 7 = : : { ANN model H Feature extraction H Data Preprocessing :
I I
I ]
I o I
Gain compensator | Fault Detection and Diagnostic !
\--.___@_ _____ E____a’ \___@ ____________ gnostic

517 3.1 ﬂTWﬁ’JEJﬂ15‘ﬁN'IL!“U6\138‘U1Jﬂ’JTJﬂmmgﬂﬁﬁi’ﬁlﬁﬂ%ﬂﬂﬂWﬁlﬂiLm%ﬂfﬂﬂfﬂf’h

U

99151U81Y



59

i ¢ o
'ElEJT'!Li‘]JiJ!Lazﬁ%J’!Q’gﬂTIRBEN URTIEHLUA ﬂﬂ!ﬁc’:iﬂi-l‘lj“aija

AT ULV EDIN NANAFTATUAS = ; %
f31aluea lasaedszanmmes

szsnammaieaivadrzuy

h J h
BOALLLIZUUAILAN NATDUTZLUII
¥ 3
NAADUS=UUATLA DAL UL TALTIATUNNTDA
h

: . w [ nfeuiguiisznieizuuiiims
MuuAIN Iz 90U DIV W ULD3

AUz uu iimsramre

3

0 -

udeyaduals ez Tundazaniz asUraninaand

k4
%

717 3.2 TupoumsaniinauesnuuLas MIITY

Y v d'l
31 NFANUUVUASAINYAVUINADULNY XYZ
au & o Y 9 £ v A Y o o
muddeilihmseenuuunazadeganaassduuuuIuIniie lddmsunaaealy
o v o | A
woanaaed Tagsiniseenuuy Taglddduduilumes lauemesmugli 3.3 Tagaseya

o A o ) S| ~Aq Y o P2 P
Junaoudmsvgataauuny X wag Y nlglunisnageulaoszunvzedomes usmos
=

[ @ 1 A

Aodaiiasriudaangiive 1dinanisiadaoumFudu dauszuualIuquIsAaoun

Y o J

@ o o <
Usgnoudisgadumes usmosna 2 unudyarumsniuguazlddyanueuidonlugl

a
]

A J v

woausaau il 0-10 1aad lunsdenu FaezlduesansuInsamFoudoiullsunsy

MATLAB/Simulink Tum3ssugudyanaeunden



60

DC Servo motor (Z-axis)

DC Servo motor (X-axis)

DC Servo motar (Y-axis)

U7 3.3 MmyeenuuULaz a3 19gANAADa

QN

e sueauTiunu

= o A 4 9y X
zﬂﬂ 3.4 YANAADITSUUVUIAADU NAITNUU

A 1 o 9 = o Y A @ ]
1317 3.4 drlszneudiAgvetganaaealszneudly e aadang MHUINTOITUHUIEY
(ay J 1 aan o A @ = o A
maunautlFunuTagganaanilaziveguuyaditissunsa 4 drlagandn; 1zgniunaom
P 2 A 99 A Ao 1 Ay s s ¥
a0 105 Iuemesiite Iyauaauilindou llidumishdeams Tavgases lauemosuay 14
a A s I 9 S A a A S < 4 [ ) ] A a
AT uTAAIADT HI0AIUITIFUIEDT IUNITATIVIARIUNUIVOIYANITIAADUN
o 4 A 1 @ 4 4 @ v A
o103 uemes 1etlouandu Taoya 1wes lnuemes  azoldegARIUANTLIAADY
. & v o @ Y ! . .
(Driver) B9z 5udayauan Tdsunsudanu TaglsTisunsy MATLAB luaiuue Simulink

uay 19uesAanIuAN RAPCON (RAPCON  Controller) tite 14 1un1si¥oudenu lisunsuy



61

<3 { Y
Matlab Simulink Gluﬂ']ilzﬁflullaﬂﬂllﬂazllﬂﬁu 5[]@\153”1Jﬂ')ﬂﬂ3~]ﬁqﬁ%1ﬂﬂ1iﬂﬂﬂllﬂﬂ ANLLTAN

Tuzinz.s

e iniosfyg muasiuinned ‘

(RLL]

i ,...u'uu
.‘“

!u;‘-u -i\

i uodnn auvprﬂﬂ:.;m}.f"ul--u WS MATLAB/Simuilink

‘]_Iﬁ 3.5 6Iﬁ’]i‘*]il‘lJ?nJﬂ'ITI/I'N'I‘L!

Q

¢ d
3.1.1 a5 nenes

[ [ [ 4
garyes uemesnldluauitvaz e dunaougauauilieTavdariiu

o

@ = d’l A A a A 4 P Y
ﬂ']fNﬂTQ%ﬂﬁﬂﬁﬂgTﬂﬂﬂ'ﬁﬂﬂaﬂﬂu%glﬂﬁ@uﬂqxi'q@ 50 aatuas laglyes 1Iuelnosone

. R, o 9 < 1w 9 @
Mitsubishi U119 200 Jad tazllsunnuEiseugagaminy 6000 RPM Tagldusaau I 48

QI 1 o 3

4 o o 4 @ @ o
Thaa Iﬂﬂﬂ']'i“l’l']\‘]']““ll@\‘]i“]f@ﬁi')i]ﬂl@]@ﬁ'E]']ﬁflﬂTi3'ULljQ@uu’m’]ﬂ“]gﬂsllﬂﬁ\‘]ﬂﬂlﬁﬂsllﬂ'lﬂ (Motor
] J @
driver) Taon13A1unuAae 1Usunsu MATLAB Simulink A114M19U05A RAPCON 1agia

< o < v < Jo < A
ﬂ’J'lil!‘i’Jif)‘]JIﬂElIﬂEJﬂ']i’Jﬂﬂ?'lllli’?l'ﬁf) Uﬁl%ﬁlgﬂlcﬁULcﬁﬂ’iﬂﬂﬂ’J']NLiﬂ’i@U (Incremental encoder) N

[

= = 1A A 9 [ 1 o 4
UANUASIDYAVDINITIADEYN 2500 PPR LW@i%iuﬂTi’JﬂﬂWi%El%ﬂ']'iﬂiguﬂlf]ﬂl“lfﬂﬁjﬂﬂﬂlﬁﬂﬁ

U

A = = VA Yo o o Sy v 4
LW'E]L‘]JiEJ‘]JWIEl‘]Jﬂ']“VIulﬂﬂ‘]JGI’JﬁQ!ﬂﬂ“ll‘t’]Qigﬂﬂﬂﬁﬂﬂﬂﬂqﬂﬂﬂﬂlmﬂqﬂ



62

Lead screw

31N 3.6 muﬂiwﬂauwaﬂmawﬂwmaau

d d
312 adlgseulaanes (Linear encoder)

J

A~ v s A sAq Y o 4 A ¥
aluﬁl‘ilﬂuiﬂmﬂﬂi o Q‘]Jnsm‘n“l%“lummmwzmqmimaauwmeﬁumd

2
Jya A

Tasaadetaz 1¥amios o ulaanesoio REINSHAW Model RGH22X30D00 lasa1nau

aa Ja

v s oA : o Aa Jd S s
ae lf) YAUDIALUYIIDU Iﬂﬂ DITU ’f]fi.ﬁ/] 0.5 llﬂJIﬂi!JJﬁi Tﬂﬂﬁ 'Ju‘ﬂigﬂaﬂﬁﬁ NUDNALUYI D UIﬂ 12023

921l 3 dAUNanAe YALVAIR UUALEI YATULAT LAZUDUAING F99201HONTHENOULE
. tﬂl = d‘ d‘ L) a 1 d' 9
(Reflection Type) maaﬂﬁﬂimaaummmmmmmwzffmu,ﬁa"lﬂmmuamaua“azm@u
NAUNTIAITULE mwmamu %flﬁ]fmm‘u amwmeaﬂummuﬂumma@aﬂi ﬁ,\‘lzﬂﬁ
s A
3.7 Tagagthaiiia 18 lUuS oudfesusuaiiean 1dnn Rotary encoder Y031503 13U01AD3 110

ﬂizLﬁummgﬂmwmﬁaﬁqmﬁﬁaamum



63

Linear encoder

{ a LR 4
517 3.7 Qudlesiou Tnanos

¢y A \

o A d' 5 v A
3.2 ﬂ1'§1’i1!!‘].|‘]]‘%1ﬁﬂﬂﬂ]ﬁ!ﬂﬁ@uﬂﬂl@ﬂ!“ﬁﬂﬁijuﬂ!ﬂﬂ'ﬁﬂ!“ﬁﬂuﬂi’)ﬂ'ﬂﬁﬂﬁ'ﬂ?;
= ) o o A o v " @
1NMIAnE In3aa3 19z IMNUIRNI LT DN AR UAATNFA 81T 1IN0IADT 1
A a o = d Aa o 4 A 1 =
inTeangaanIazAaIolsuresesaadan las iz iaulszno 2 dau ansodeu
o 4 % 1
nuUdtaeInIamansvessz Uy Alszneudlsdiullszneuniinayadadnguas
k2
1 4 J o a A aw
dauilsznounia liihAowes luemes lumsaiuuuineimasiamans luauisedla
T¥ngdonanevoaiinfy (Newton’s Second law) TumMITHMIGNNMTUBITZUVEFI NMI5A31
o a 7 3 axdqy o a 9
puudraesnnadamaasvesszumiduisnlslumsiinenganssuvesszuunaz 14
o t g a [ a o 1
ponUUUMAIUAN FudumsaanarlumsassinaesgniuszuuaTes Maasuuiaend
1o 9 a a A a d? Y = a A 2 o Y
ANNMNUE AT NG ANTTVYDITT DU s na L Ided1eidsz @nTnmdeez i ldms
ponUUUTTUDAIUAUE1 Ided1Ti)sz@nTanale scuuluaiugaavnssudr uunegdl
o { o { I a a o o
dnvaridudeunniz@owiluaumsnandamans 3 sMnUiIaeveeTTUUT WU
[ ad o J
a2 8l
[ 2L a v o Y
1) aumsanuduiusluglvosdumsiseyiusvesdulsla o udwla
1 d o a % {
Ieglugililanduied (s-domain) A1835n1sutlasarlare (Laplace's Transform) ¥aluiiiodu
9 d?' o o A A @ Y o Y A = 1
9192 A I NIUVINNFUMIANVTNRUTNTnar19d 05 nai ldimaeesnaaunis
v o J 1 o a 1Y) 4 ] z Y =2 o Y
ANUFURUTIE UGS DUNa T DIIANAVRITEULIMITY gatiedate ey lugiuunves

HansuoreTou



64

2)  NAAPUNANDUAUDIVDITIUUAIBUNADE1IADE19n S TUTn
A 9 Y o o v Y as @

Hanauauedn 19 1d1ih lmaumsanuduRuT a8 N5 YeINISHAAIAITZUY (System

. . { ' I A { °
Identification) NNUIOUDE 9 NAONINATDUTTVUAIBNAADAUDUTIAIND 1dnidoya
{ d v 1 o 1 3 o a o ] 1
Al ldadraflasFuoreToulasase vuudtasannumulasni llluauise egrasu

o a 4 L4 o a J
HuUSIaeInAdamaasveanomes Ifhnszuaass uazuuuiiavanaaaaaasvoa

= [ d' U a g o a 9
anang U,ﬁﬂﬂﬂﬂg‘ﬂ‘lﬂ 3.8 (a) 1aig (b) TagAn151HN0IA 9 "]JQQLLTJ']J%'I@’ENﬁ'liJ'liﬂ@‘ﬁiJ'lEJ]lﬂ

3

=

N

(b

51 3.8 uusananain (a) Anang (b) vewmes IWihnsziaass

Rl

o d
3.241 !!‘].lll‘i]1@@3‘]1?)\1!“59135319!9]95&11/‘]1?‘11ﬂ§$!!ﬁﬂ§\‘l (DC servo motor)

51/ 3.9 supuiasawaiauewmes ihnszuanss



65

\/a Armature voltage (V) Ia Armature current (A)

I—d Armature inductance (H) W Rotation speed (rad/s)

Fﬁ Armature resistance () ‘]m Moment of inertia (kg.m2)

Tm Motor torque (N.m) K Torque coefficient (N.m/A)

% Back electromotive force voltage (V) K, Back electromotive force coefficient (V.s/rad)

Br Coefficient of viscous friction (N.m.s/rad)
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Parameter Average Unit
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M, 7 (Kg)
R 0.7958 -
R, 1165.2 (9))
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Set up worktable position at 50 mm, Set up worktable position at 50 mim,
Settling time 8 sec) Settling time B sec.)
Healthy s2nsor
Sensor fault gain £0.1%
Sensor fault gain 20.2%
Healthy sensor s
- Sensor fault gain £0.3%
Sensor fault gain £0.2% ; =
Sensor fault gain +0.4% Sensor fault gain #0.4%
o T - Sensor fault gain 20.5% -
Sensor fault gain £0.6% ; .
. Sensor fault gain 20.6%
Sensor fault gain +0.8% :
Sensor Fault Zain +1.0% Sensor fault gain £0.7%
i S TR Sensor fault gain £0.8%
Sensar fault gain £0.9%
Sensor fault gain £1%
Data collected 50 samples | Data collected 50 samples
for each condition. for each condition.
Data preprocessing [Data preprocessing
and feature extraction. and feature extraction.
¥ ¥ ¥ ¥
Training ANN Training ANN Training ANN Training ANN
(Fitting model) Pattern Recognition [Fitting model) Pattern Recognition
Validation ANN Validation ANN Validation ANN Validation ANN
Fitting model Pattern Recognition Fitting modal Pattarn Recognition
h J ¥
Summary Summary
(a) (b)

31 322 dumeumsasiaTuaa Insenelszamifion (a)0.2%,b) 0.1%
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msuszuy Iasaniedseamiieuse 199Dy Pattern recognition itaLlU Fitting model 1Ay
1 a 4 us/‘ 1 1 o a 4 us/‘
Tuuaaz wistimesiu lddenyedoyalusie manouaussrIvMzveIIT TR0 T 9 Tag

1 A1 Observer error 11a% Theta Lﬁ@ﬂ%’ay’acﬁaq 1-5000 millisecond. §t81¢ Omega, Speed, Current

!ﬁ 90 data ¥739 1-2000 millisecond. ﬁﬂg 1/ 13.24
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= Sensor healthy
—— Sensor fault 0.1%
Senser fadl -0.1%
= Sensor faull 0.2%
—— Sensor fault 0.2%
1 ——Sensor fadl 0.3%
i = Sensor fault -0.3%

'] — Sensor fadi 0.4%

13 1 \[ —— Sunsot fadl -04%
5 1 ] | 1 1 1 1 1 ] Sensor fadt 0.5%
2 3 4 s 6 7 8 9 o Senser fault -0.5%

Tima(sac) Sensor fault 0.6%
—— Bensor Rl -0.6%

- = Sensor fadl 0.7%
] — Sensor fault -0.7%
1 1 1 L 1 ] ] = Sensor fault 0.8%
3 4 5 6 T 8 9 10 Sensor Fadl -0.8%
Tirslaec — Sensor faut 0.5%

e Sensor faut -0.9%
—Censor fault 1%
——Bensel ladl 1%
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=) d’l o =~ =
scheduling %30 gAAIUANAINADIUE Tagnisnaasstvziinialseumeuanuainisoly
M3fTeumMs¥ase 2 LU A LY Continuous gain scheduling uaz Discrete gain scheduling

Y

av o . . [~ a

Tagauiseii Idiimseenuuuyanaaes lagly 1asunsy Matlab Simulink Tasuemilu 2 33

Ao 1) Discrete gain scheduling 8% 2) Continues gain scheduling ﬁﬁgﬂ“ﬁ 3.2518%3.26
AMUAAY
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gﬂﬁ 3.25 ¥ANIUAULDD Discrete gain scheduling

CERERE

TSGR |

3 19 3.26 YANIVANLUY Continues gain scheduling
353 mamuuaEeu lumIiauveIszuY
aw A v s A A
lusdsetivznmianaaoulasldyanomosinaouiduszoznis 50 mm
aueu lulumsihauvesszuuiiumsesnuuudIAIUAUIAE SIMUATZEZATIAADUN

A 9 [ A & o a A 9 A
ﬂ'l‘ll‘ﬂﬁ’é]\iﬂﬁﬂ\‘]zﬂ‘l’l 3.27 “]NﬁﬂBﬂ!Zﬂl@Q@uV!ﬂﬂﬁl%Tlﬂﬁ@ULlﬁﬂﬂiu?ﬂ“ﬂ 3.28
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= A A 4
gﬂ‘ﬂ 3.27 NANGLaLsZezMsnaoun lunsnaaed

wh

Desire position profile {mm)

Time (s}

3101 3.28 alunuveBunAnagoun IFlumsnaasa
° J
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Y Y < S 1 o 1A o o '
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0.1%,+/- 0.2%,+/- 0.3%,+/- 0.4%,+/- 0.5%,+/- 0.6%,+/- 0.7%,+/- 0.8%,+/- 0.9% t1ag +/- 1 %
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Neural Network
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rAlgorithms-

Data Division: Random (dividerand)

Calculations: MEX

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

Progress N |
Epoch: 0 37 iterations l 1000
Time: | 0:00:00 |

Gradient:

Performance; 0.456 0.00
) |

Validation Checks: 0 |

Plots - 1

Performance

Training State

Error Histogram
Confusion —‘

' Receiver Operating Characteristic |

(plotperform)
(plottrainstate)
{ploterrhist}
(plotconfusion)

{plotroc)

Plot Interval:
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¥ 4 Opening Confusion Plot
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4 Neural Metwork Training Performance (plotperform), Epoch 37, Minimu...

File Edit View Insert Tools Desktop Window Help

Cross-Entropy (crossentropy)
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e
e
r

=
L

Best Validation Performance is 6.2472e-07 at epoch 37
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Training Confusion Matrix Validation Confusion Matrix
ewor| 37 | 0O | O 0of(o0 0|0 0 (1] eros| 4 | 0 | O o[ofo]o]o 0
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a a d o a o o %
n15152INUNa (Validation confusion matrix) ADUNITFUUNT NFA NI UNMTNATDU (Test
. . A J v Aa 4 o . . & <
confusion matrix) LAZADUNITFUINNT NFTINUDINITIULUN (All confusion matrix) FIVLIAY
Talszansamlassrvveanuuitaealasauielszanieuainso s uundAULAN
Aa a <3 S ¥ ) [ = 09:
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(Observer error) Tae1i1A1 Observer error mﬁ%’%‘lm‘iN?hﬁ%"Umi"]fﬂ!f]ffth AaRN15199 4.2

A = = ' Y o 1 = o
M1 19N 4.1 WaﬂﬁL“]JSEJ‘].IL‘V]EJTJﬂWﬂ’J”IiJQﬂ@’EN“’IJﬂ\ill‘]J‘]Ji]161E’NIﬂﬁﬂsll'lﬂﬂ'izﬁ”lvlmfmlmiﬁlﬂﬁ]"l
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Number of Number of Cross Accuracy
Epoch Time(sec)
parameters hidden layer Entropy (%)
5 50 117 2.3537e-07 1.00 100%
4 50 139 1.3529e-07 1.00 100%
3 50 92 1.9735e-07 0.00 100%
2 50 58 1.2306e-05 0.00 100%

1 50 37 6.2472¢-07 0.00 100%
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AINN 4.2 MITNUTAIVOUIAVDL Observer error step size = 0.2%

% Gain Error Observer error range (mm.) Gain compensator
0.0% 0.0167 to 0.0205 1.000
-0.2% 0.0047 to 0.0098 0.998
0.2% 0.0276 to 0.0320 1.002
-0.4% -0.0060 to -0.0020 0.996
0.4% 0.0396 to 0.0438 1.004
-0.6% -0.0171 to -0.0128 0.994
0.6% 0.0510 to 0.0556 1.006
-0.8% -0.0358 to -0.0232 0.992
0.8% 0.0599 to 0.0656 1.008
-1.0% -0.0437 to -0.0381 0.99
1.0% 0.0733 to 0.0779 1.01

443  wamsdpaauuuudiasdlasesiadszamanuuunisanaesudu (ANN
Fitting)
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1. Gan Healhy
2. Gam error -0.2%
Ol Neural Network 3. Gain error 0.2%
i e o o
31 Omega * Mean * i | &}d]’ Oﬂga =il * T 06%
4) Speed 7 '_!'_ - l h_}J g v 1 Ganerror  06%
5) Current g . 8. Gan error -0.8%
9. Gain error 0.8%
10 Gain error -1.0%
11, Gam error 10%
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o % a o us/' a o ~ A v A <3
UAZAZTNINITAANITIVUADIDONAITIAS | WWﬁWﬁJL@]@iIﬂﬂﬂ%%!iNﬁﬂﬂ ﬂ’NlJLi’JUl‘}J%u
(] a 1 4 v o
mﬁ’mﬁmuﬂmmmwcﬂwamawamamwmmmmmmmzizu1J
o a a < 5 o 1l a
4.4.4 Ni’lﬂ1§ﬂ"l!!‘l»!ﬂﬂ’J”I?JNW]Jﬂﬂelli’)Q!“ﬂﬂ!‘ﬁﬂiiﬂﬂ!!‘lJ‘lJi]1ﬁ’t’)ﬂiﬂiﬂslﬂ£lﬂ5$ﬂ1ﬂ!‘nﬂil
HUUNIOABRETUTH (ANN Fitting)
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- Backward elimination S parameters
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4. AT T4 (Omega)
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Neural Network
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Data Division: Random (dividerand)
Training: Levenberg-Marguardt (trainim)
Performance: Mean Squared Error (mse)
Calculations:  MEX

Progress N .
Epoch: 0 || 13 iterations ] 1000
Time: l_ 0:00:00 |
Performance: Joe- 0.00
Gradient: ! | 1.00e-07
Mu: 0.00100 | 1.00e-09 | 1.00e+10
Validation Checks: o 0 | 6
Plots v I \ W

Performance | (plotperform)

L Trai_nirig Sta_te (plottrainstate)

: Error Histogram ] {ploterrhist)

Regression | {plotregression)

Fit —| {plotfit)

Plot Interval: '

1 epochs

v Opening Regression Plot
r O fomTrD. 7 O concel
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4 Neural Netwark Training Performance (plotperform), Epoch 13, Minimu.., — O

File Edit

View Insert Tools Desktop Window Help

Mean Squared Error (mse)
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Best Validation Performance is 1.1026e-08 at epoch 13
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Data Division: Random (dividerand)
Training: Levenberg-Marguardt (trainim)
Performance: Mean Squared Error (mse)
Calculations: MEX
Progress N &
Epoch: 0 || 10 iterations ] 1000
Time: I_ 0:00:00 |
Performance: Fe-09 0.00
Gradient: e-08 | 1.00e-07
Mu: 0.00100 | 1.00e-09 | 1.00e+10
Validation Checks: o I | 6

Plots -

Performance (plotperform)

Training State I (plottrainstate)

j Error Histogram | {ploterrhist)

Regression J {plotregression)
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[4 Neural Network Training Performance (plotperform), Epoch 10, Minimu.., — O x>
File Edit View Insert Tools Desktop Window Help ¥
. Best Validation Performance is 1.3842e-08 at epoch 8
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Output ~= 1*Target + 0.0026

Output ~= 0.99*Target + 0.008

Training: R=0.99955

1.005
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Fit
1 L
0.995 "
0.995 1 1.005
Target
Test: R=0.99909
1.005
O Data
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0.995 1 1.005
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0.99*Target + 0.0071

Output ~

1*Target + 0.004

Output ~
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Validation: _R=0.99932

1.005
O Data
Fit
Y =T
1
P
8
0.995 8 |
0.995 1 1.005
Target
All: R=0.99944
1.005
C Data
Fit
1+t

0.995

0.995

A a Y a 4
719 431 nalanoeaFudy 4 Wi5imes

Backward elimination 3 parameters

1 1.005
Target

1 a ' J v o
L. AMANUHANAIATEHINLDIANAVDIAITIUNALAT TS U (Observer error)

2. STULIFIYNVDINTHIYU (Theta)

< a
3. AT AUBIYY (Omega)



g

il

=
N

‘ Meural Network Training (nntraintool) = e
Neural Network
Hidden Output

Algorithms B

Data Division: Random (dividerand)

Training: Levenberg-Marquardt (trainim)

Performance: Mean Squared Error (mse)

Calculations: MEX

Progress N |

Epaoch: 0 || 14 iterations | 1000
Time:

Performance: 0.00
Gradient: : | 1.00e-07
Mu: 0.00100 | 1.00e-09 | 1.00e+10
Validation Checks: ol 0 | 6

Plots y e —

PerErmance_ {plotperform)

~ Training State | (plottrainstate)

i Error Histogra’m | {ploterrhist)

K .~ by __I {plotregression]

_a| (plotfi)

k e (e 1 1 epachs
P B A

v Opening Regression Plot

TPIADEY ™ @ e

121

o [} a a 4
4.32 ﬂ']i?lﬂﬁf)ull‘u‘uﬂWa@\‘]Tﬂiﬂ“lﬂUﬂ‘i$ﬁ"mlﬁEliJLL‘]J‘]JﬂTiﬂﬂﬂ@EILGD'Q!&}u 3 WITUNDT



122

"4 Neural Network Training Performance (plotperform), Epoch 14, Minimu... = O
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Position error

Setting Position Position error
Gain Gain Position (mm)
Position W/0 (mm)
fault compensate compensate with
(mm) compensate w/o compensate
compensate
50.000 1.000 50.000 1.000 49.999 0.000 0.001
50.000 0.998 50.093 0.998 49.992 0.093 0.008
50.000 0.997 50.142 0.996 49.944 0.142 0.056
50.000 0.996 50.198 0.996 50.002 0.198 0.002
50.000 0.995 50.248 0.994 49.953 0.248 0.047
50.000 0.991 50.434 0.992 50.044 0.434 0.044
50.000 1.002 49.941 1.002 50.004 0.059 0.004
50.000 1.003 49.847 1.002 49.952 0.153 0.048
50.000 1.005 49.743 1.004 49.940 0.257 0.060
50.000 1.006 49.694 1.006 49.990 0.306 0.010

50.000 1.009 49.537 1.008 49.935 0.463 0.065
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Gain compensate by discrete gain scheduling
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Input observer S E—
errar sgpra
I : 'L- ek
| ———

i
Classification the data . | il J
and select condition | '

{ < 9 @ ' v a . . .
g‘lJ‘ﬁ 4.43 vaon laozunIud UM ABEAISATIVE18AIY 3T Continuous gain scheduling

Y v
ASNAADIATIN 1

HAIINNITNARBIAINTT1IT 4.6 FuSoufousniiseiemesszniaszuuATMIvaTe
oAz vV usUEes tazszuLR LT nssaem sas e iua e sd L sidens
VENUITZV VAT PITHAIFEAITAT V10U D ANMTIFUFUIVUNAN S FIWITOAAAIIL
AANAIAVBIRMHLINANRAD 0.228 Taamas Asifies 0.017 Tawaiviean’ld 93% iile
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M13197 4.6 NANINABDINMIVABEAIBAT VN8 1N UTLUVAIBIT Continuous gain scheduling

Setting Position error
Gain Position W/O Gain Position Position error (mm)
Position (mm)
fault compensate compensate  compensate w/o compensate
(mm) with compensate
50 1.000 50.000 1.000 50.000 0.000 0.000
50 0.998 50.104 0.998 49.996 0.104 0.004
50 0.997 50.151 0.997 49.976 0.151 0.024
50 0.995 50.257 0.994 49.982 0.257 0.018
50 0.994 50.298 0.994 49.979 0.298 0.021
50 0.991 50.450 0.991 50.001 0.450 0.001
50 1.002 49.854 1.001 49.986 0.146 0.014
50 1.003 49.867 1.002 49.981 0.133 0.019

50 1.005 49.765 1.004 49.976 0.235 0.024
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A13197 4.6 HANITNAABINT¥AYEAEAT 1V 1T AUIZVUAIETT Continuous gain scheduling

(n19)
Setting Position error
Gain Position W/O Gain Position Position error (mm)
Position (mm)
fault compensate compensate  compensate w/o compensate
(mm) with compensate
50 1.006 49.706 1.005 49.970 0.294 0.030
50 1.009 49.567 1.008 49.969 0.433 0.031
Gain compensate by continuous gain scheduling

50.6

50.4

50.2
g 50 ™ = ="
2 . ™
Z
2498
== Setting Positon (mm)
8 «
~49.6 Position (mm) w/o )

compensated
49.4 Position (mm) with
compensated
49.2

1.000 0.998 0.997 0.995 0.994 0.991 1.002 1.003 1.005 1.006 1.009
SENSOR GAIN FAULT

A = ~ = 1 ' v Y ax
3']J‘VI 4.44 ﬂiTNLLﬁﬂQﬂﬁL‘IJ'iEJ']JL‘V]EJ‘]Ji$UULLUUNLLﬁ%lliJiJﬂ"Ii%ﬂL%EJﬂ"Ii’]@]i”l"l]fﬂﬂﬂilﬂ 1D

U

Continuous gain scheduling

o A
4.5 NANIINAADIATIN 2
= [ ) =

45.1 wamsenaeuuuudiaedassviglszamiiaamuuzUnuy (ANN Pattern

Recognition)
= ° = vy v a_da Y
mMsHndouuuuaestazdelFuningouyavia 1050 x 5 nazezla
WNINFOIANAUUIA 1050 x 11 FIDUNAIZAAAUTOY ) 910 1050 x 5 T1laude 1050 x 1 A3

519 4.46
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1} Observer error

Hidden Layer

Output Layer

21 Theta 'g—i

3) Omega * Mean | * E{@!E‘HW
4) Speed

SH urrent / \

U

.
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Output
1. Gan Heahhy
2, Gain error
3. Gamn error
4. Gam error
5. Gain error

6. Gam en

ror

7. Gain e

or

8, Gain error

9. Gan error

10, Gain error
11, Gam emor
12, Gain error
13, Gain error
4, Gain error
15, Gain error
6, Gain error
17. Gain error
I8, Gain ermor
19, Gain error
20, Gain error

21, Gain error

“0.1%

0.1%

-0.3%
0.3%
-0.4%
0.4%
-0.5%
0.5%
-0.6%
0.6%
-0, 7%
0.7%
-0.8%
0.8%
-0.9%
0.9%
-1.0%

1.0%

A = v a 9 2 3 A
5UN 4.45 ﬂﬁNﬂﬁﬂUTﬂiQ"]ﬂﬂﬂigﬁﬁWlmmJlmﬂﬂWSW"IE’]JLL‘]J‘]Jﬁ'TﬁﬁJﬂ"ISTIﬂaENﬂ3\1‘1/] 2

o a a < J o | ~
4.5.2 Nﬁi‘nii]1!!1-!ﬂﬂ’J'IﬁJNﬂ‘IJﬂﬂﬂlﬂﬁ!mul‘ﬁﬂiiﬂﬁl!!ﬂ‘lji]'li;lﬂ\‘iiﬂiﬂ‘lﬂt’lﬂi%’dﬂlmﬂu

gmumsmgﬂzmu (ANN Pattern Recognition)

- Backward elimination 5 parameters

1 a J 4 v o
L. MANUHANAINTEHINUBIANAUDIAITUNALUAS TS U (Observer error)

1 J
2. MNTLUTUDINBINDT (Current)

3. 3LUIFAYNVDINTUYY (Theta)

< a
4. NI NUYFIYY (Omega)

5. A5 (Speed)



‘ Meural Network Training (nntraintool) — et

rNeural Network:

- Algorithms
Data Division:
Training:
Performance;
Calculations:

Progress

Epoch:

Time;
Performance:
Gradient:

Random (dividerand)
Scaled Conjugate Gradient (trainscg)
Cross-Entropy (crossentropy)

MEX

0 E 106 iterations I 1000

0:00:03 |

Validation Checks: 0- ‘g ; |6

(plotperform)

(plottrainstate)

I (ploterrhist)

(plotcanfusion)

{plotroc)

" 4 Opening Confusion Plot

@ Stop Tralqing“ ;&mcel

- -
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T_ Neural Network Training Performance (plotperform), Epoch 106, Validati... = ] *

File Edit View Insert Tools Desktop Window Help L]

Best Validation Performance is 0.0094286 at epoch 100
10° :

Train
Validation
Test

10

107

Cross-Entropy (crossentropy)

1 0'3 C | | i i i | I I i |
0 10 20 30 40 50 60 70 80 90 100

106 Epochs

= a A = o a J
E‘IJT] 4.47 UszansnmmsenaeuyuIaog Lmumimg'ﬂu‘uu 5 WITUNDT



140

sion Matrix Validation Conlusion Matrix
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- Backward elimination 4 parameters
1. AIPNNAANAIATEHAIENAUDIRIFUNALAZTZUY (Observer error)
2. FLUIFIYUVDINIHYY (Theta)
3. A5 TN (Omega)

4. AU50 (Speed)
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4\ Neural Network Training (nntraintool) — : x

r Neural Network

rAlgorithms-

Data Division: Random (dividerand)

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

Progress N |
Epoch: 0 E 104 iterations | 1000
Time: [ 0:00:02 ]

Performance: 0339 [ 1000452 | | 000
Gradient: 0132 [ WO00166 | | 100e-06
Validation Checks: 0 - i E ; | 6

Plots = " T

| Perf{:-rmanga_— ‘ {plotperform)
[ y Training State 1 (plottrainstate)
{ L. Errer Hlstogran_l 17 J {ploterrhist)

| Confusmn ‘ (plotconfusion)
| ]

Recewer Operatmg Characteristic | (plotroc)

W Opening Confusion Plot

Plot Intenral:

@ stop Training &ncel |

- ~— — L o o o
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|4 Neural Network Training Performance (plotperform), Epoch 104, Validati... — O ot

File Edit View Insert Tools Desktop Window Help ¥

Best Validation Performance is 0.0060011 at epoch 98
10° | :

Train
Validation
Test

107"

107

Cross-Entropy (crossentropy)

1 D'3 C i i i i i i i i i i
0 10 20 30 40 50 60 70 80 90 100

104 Epochs

d' a A = o a J
?JTJ‘V] 4.50 Usgansmumsindgeuuuudnany LL‘]JTJﬂ"Ii‘Vi'I?JTJLL‘U‘U 4 NTNADT
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Backward elimination 3 parameters

1 a 1 J v o
L. AMANUHANAIATEHINUDIANAVDIAITIUNALAT TS U (Observer error)
2. FLUIFAYUVDINIHYY (Theta)

<3 Aa
3. ANULITUYIYY (Omega)



‘ Meural Network Training (nntraintool) — o

Neural Network

-Algorithms:

Data Division: Random (dividerand)

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

Progress N |

Epaoch: g D

111 iterations | 1000

Time:

Performance:
Gradient
Validation Checks:

Plots 1

: {plotperform)

Training State

A
(plottrainstate)

Error Histogram {ploterrhist)

Confusion

{plotconfusion)

.
~
|
|

Receiver Operating Characteristic | (plotroc)

T 1 epochs

("4 Opening Confusion Plot

@ Stopjaiﬂ'wa a Cancel .

- -

= o 1 = a 4
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'I_ Neural Network Training Performance (plotperform), Epoch 111, Validati... — O X

File Edit View Insert Tools Desktop Window Help »

Best Validation Performance is 0.0066212 at epoch 105

100 t

Train
Validation
Test

107"

Cross-Entropy (crossentropy)

1 0_3 C | | | | |
0 20 40 60 80 100

111 Epochs

~ Aa A 2y o a J
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-‘ Meural Network Training (nntraintool) — x

r Neural Network:

Hidden Output

Algorithms

Data Division: Random (dividerand)

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

Progress N |

Epoch: 0 E 115 iterations | 1000

Time: | 0:00:02 |

Performance: 0.333 10283 0.00

Gradient: 0114 | :

Validation Checks: 0 - ) § ; |6

Plots —= " T

I Performance I {plotperform)
Training State I {plottrainstate)

Error Histogram {ploterrhist)

_COnquion | (plotconfusion)

|
L ziing e, B
[
|
|

| Receiver Operating Characteristic | {plotroc)

v Opening Confusion Plot

] Stop Trairl'wg“ Mcel

W e - - W W W

A = o 1 = a 4
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(4 Neural Network Training Performance (plotperform), Epoch 115, Validati...

File Edit

View Insert Tools Desktop Window Help

- a

X

Cross-Entropy (crossentropy)

e
o

10°
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ra

1073

Best Validation Performance is 0.0030259 at epoch 109
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Test
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4 Meural Network Training (nntraintool) = e

rNeural Network-

Hidden Output

rAlgorithms-

Data Division: Random (dividerand)

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

Progress N [

Epoch: 0 E 35 iterations | 1000
Tiines | 0:00:00 |
Performance: 000205

Gradient: 0.107 | . 0.0C :- 1.00e-066

Validation Checks:

Plots = " T
‘ T’eEermancg_— | (plotperform)
‘ Training State ‘ (plottrainstate)
‘ L. Error Hlstogram ] J {ploterrhist)
‘ o Ganfusmn | | | ! (plotcanfusion)
! Recewer{)peratmg Characteristic ‘ (plotroc)
Plot Interval: & = . . . 1 epochs

¥ 4 Opening Confusion Plot

@ Stop Train‘ing_‘ &ncel

N ~—r = - . »u -
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"4 Neural Network Training Performance (plotperform), Epoch 35, Validatio.. — O

File Edit View Insert Tools Desktop Window Help

>

Cross-Entropy (crossentropy)

TOD -

107

107

Best Validation Performance is 0.0017454 at epoch 29

Train
Validation
Test

10_3 C | | | | 1 I

0 & 10 18 20 25 30

35 Epochs

31

a A o a J
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Training Confusion Matrix Validation Confusion Matrix
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132UV (Observer error) Iﬂ&lﬁ1ﬂ'1 Observer error mﬁ%}N@131Qﬁ1ﬁ§’vmi‘mwﬁlﬁ1 ﬁﬂ@ﬂﬁﬁ

nas

~ = =} J 9y o 1 =S o
TN 4.7 Nﬁﬂ'ﬁ!ﬁﬂ’iEI‘UWIEJ‘U?H?]’J']NQﬂﬂfN511fNL!‘U‘]Jﬁ]']a’ENIﬂ3Q%Wﬂﬂi$ﬁ1ﬂlﬂﬂullﬂ‘ﬂﬂﬂﬂ1

Y v
UiV MIVMINAADINTIN 2

Number of Number of Accuracy
Epoch Time(sec)

parameters hidden layer (%)
5 50 106 3.00 96.6%
4 50 104 2.00 96.4%
3 50 111 2.00 98.0%
2 50 115 2.00 98.2%
1 50 35 <1.0 98.8%

A15197 4.8 AT NUFAIVOLIVAVDY Observer error step size = 0.1%

% Gain Error Observer error range (mm.) Gain compensator
0.0% 0.0167 to 0.0205 1.000
-0.1% 0.0091 to 0.0155 0.999
0.1% 0.0230 to 0.0268 1.001
-0.2% 0.0047 to 0.0098 0.998
0.2% 0.0276 to 0.0320 1.002
-0.3% -0.0036 to 0.0041 0.997
0.3% 0.0356 to 0.0387 1.003
-0.4% -0.0060 to -0.0020 0.996
0.4% 0.0396 to 0.0438 1.004
-0.5% -0.0110 to -0.0081 0.995
0.5% 0.0447 to 0.0500 1.005
-0.6% -0.0171 to -0.0128 0.994
0.6% 0.0510 to 0.0556 1.006

A15199 4.8 MINUTAIVOULYAVDY Observer error step size = 0.1% (A0)
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% Gain Error Observer error range (mm.) Gain compensator
-0.7% -0.0225 to -0.0183 0.993
0.7% 0.0566 to 0.0598 1.007
-0.8% -0.0319 to -0.0236 0.992
0.8% 0.0599 to 0.0656 1.008
-0.9% -0.0331 to -0.0306 0.991
0.9% 0.0686 to 0.0712 1.009
-1.0% -0.0437 to -0.0381 0.990
1.0% 0.0733 to 0.0779 1.010
4.5.3 Nﬁﬂ'Ii?lﬂ’d?)‘l!!!iJ‘U“51@6&1?]5\1‘11'1811]53ﬁ]‘n!ﬁﬂu!mﬂﬂ1iﬂﬂﬂﬂm%ﬂ!€ﬁ! (ANN

a 4 4 £ A A =2 [
IUNTNEDIINAUVUIA 1050 x 1 HIDUWAEAAAUTOY €] 91N 1050 x 5 blf]Jﬁ]‘L!ﬂQ 1050 x 1 ﬂ\iqﬁjﬂ‘ﬂ

4.52

1} Observer ervor

2) Theta

4) Speed

SHurrent

= = 1 = a Y () [
E“IJ“VI 4.61 MmydnaaulassinelseannenuuuNsoanoarudUd 1M UNITNAan

) Onega *

Fitting)

=2 o dy 9 9 a Ja
ﬂ15P\]ﬂﬁﬂuLLUUi]Taﬂﬂuﬂzﬁﬂﬂi‘lﬂﬂﬂiﬂcﬁ@uw‘@ﬂl‘HTﬂ 1050 x 5 Llf‘lgfﬂgllﬂ

Neural Network

Mean * :“} 7t .ﬂ @ & .O“ﬁ @J; ? 3.::!

-

e

D.

Chutput
1. Grain Heakhy
2. Gam error
3. Giain error
4. Gam error

5. Gamn error

6. Gam error -0,
7. Gamn eror 0.3
8. Gam error B
9. Gam ervor 0.4%
10, Giam error -0.5%
11, Gain error 0.5%
12, Gam error -0.6%
13, Gain ervor 0.6%
14, Gam ervor -0.7%
15, Gain error 0.7
16, Gam error -0.§
17, Giain ervor 0.8%
18, Gain error 0.9%
19, Gain ervor 0.9%
20, Gain error -1.0%
21, Gain error Lo
o A

AN 2
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o a a 3 °
4.54 wamsmzmnmmwﬂﬂnﬂmaa!cﬁuwaﬂﬂmmumamimww ﬂﬁzmmﬁﬂu

HULNIOADDET AT

Backward elimination 5 parameters

1. MANUAANAIATZHINUDIANAVDIFIFUNALAZIZ LY (Observer error)
2. AINTZUAVDINDIADS (Current)

3. LULIFAYNVOINTHYY (Theta)

4. 91153 1F9343 (Omega)

<
5. AU (Speed)
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4‘ Meural Network Training (nntraintool)

Neural Network:

Hidden Output

Algorithms e

Data Division: Random (dividerand)
Training: Levenberg-Marguardt (trainim)
Performance; Mean Squared Error (mse)
Calculations: MEX

Progress N !

Epoch: 0 i 56 iterations | 1000

Time: | 0:00:02 |

Performance: 0.000255

0.00

Gradient: 000121 [0

| 1.00e-07

Mu: 0.00100 | 1.00e-09 | 1.00e+10

Validation Checks: o 0

| 6

Plots i~ R EE |

— 9 ’
Pe_rf{:-rmamie_l (plotperform)

Training State . | (plotirainstate)

Y A W

| Error Histogram | {ploterrhist)

Regression _| (plotregression)

| N :
ol Fit _:I (plotfit)

Plat Interval: '

1 epochs

'v OpeningRegression Plot

_ @ Stop Training @ cancel
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4 Neural Network Training Performance (plotperform), Epoch 56, Minimu... = [l x
File Edit View Insert Tools Desktop Window Help ]
5 Best Validation Performance is 3.7279e-08 at epoch 56

10 F :
Train

Validation | :

Test

= mEx e Best
g 5
£
:
= 107
LU
T :
2 :
g 6
o 10 ::
0 :
c :
3] F
@ :
= 407

10—8 5 | | L L I
0 10 20 30 40 50
56 Epochs
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Output ~= 1*Target + 0.00085

Output ~= 1*Target + -0.004

1.01

1.005 |

0.995

0.99

0.99

Training: R=0.99951

o

Data

0.995

1
Target

1.005

Test: R=0.99955

1.01

1.01
C Data
Fit

1.005

1
0.995
099 @ -

0.99 0.995 1 1.005 1.01

Target

Backward elimination 4 parameters

1*Target + -0.0043

Output ~

1*Target + -0.00054

Output ~

Validation: R=0.99947
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Target
All: R=0.9995
1.01
O Data
Fit
1.005
1
0.995
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0.99  0.995 1 1.005  1.01
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A a 9 a 4
5UN 4.64 nsloanvoradl 5 Ws1Hmos

1 a 1 J v o
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‘ Meural Network Training (nntraintool) = e

Neural Network

Hidden Output

-Algorithms:

Data Division: Random (dividerand)
Training: Levenberg-Marguardt (trainim)
Performance: Mean Squared Error (mse)
Calculations:  MEX

Progress N |

Epaoch: 0 E S0 iterations | 1000
Time: | 0:00:01 |
Performance:  0.00375 [Hl aage080 1 | 0.00
Gradient: 0.00599 :-08 1.00e-07 7
Mu: 0.00100 | 1.00e-09 | 1.00e+100
Validation Checks: 0| 0 | 6

Plots y I L W |

| Performance | {(plotpertform)

I Training State {plottrainstate)

| Error Histogram | {ploterrhist)

| Regression | (slotregression)

[ “mp | Gt

Plot Interval: '

v Opening Regression Plot
rO.fomet Q. 7 O concel
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(4 Neural Network Training Performance (plotperform), Epoch 50, Minimu... = O *
File Edit View |Insert Tools Desktop Window Help ¥
, Best Validation Performance is 3.2776e-08 at epoch 50
107 F :
Train
Validation |
Test
e 1 R Best :
@ :
h :
£
L ot g
(5] :
E s
! é
g= 5
2 é
1] §
= 3
s :
-5 E
c 10
1] 5
o :
=
10—8 = 1 L 1 1 1 L Il L 1 :
0 5 10 15 20 25 30 35 40 45 50
50 Epochs
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Training: R=0.99954 Validation: R=0.99952

& T 1.01
] O Data 8 O Data
= (=] Fit
o
(=] |
o () oot e ) (RN [ = S— Y=T
S 1.005¢ S 1.005
+ +
W
-
o 5
T
@ 1r ki 1
= e
— -
i Il
1 ! g
+ 0.995 5 0.995 =)
E =3 o®
=] = 8
o) o -]
0.99@ s 0.99¢ . -
0.99 0.995 1 1.005 1.01 0.99 0.995 1 1.005 1.01
Target Target
Test: R=0.99948 All: R=0.99953
1.01F 1.01
O  Data Q  Data

1.005

1.005

0.995 0.995

Output ~= 1*Target + 0.00074

Output ~= 1*Target + -0.0013

0.99 0.995 1 1.005 1.01 0.99 0.995 1 1.005 1.01
Target Target

d' a 9 a J
71 4.67 nalanoeeFadu 4 Winimes
Backward elimination 3 parameters
1. MANUAANAIATEH NUIENAVDIAIFUNAIAZIZ U (Observer error)
2. FTYLIAAYNVDINIHYY (Theta)

<3 Aa
3. ANULTUYIYY (Omega)
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-‘ Meural Network Training (nntraintool) — x

“Neural Network

Algorithms

Data Division: Random (dividerand)
Training: Levenberg-Marquardt (trainim)
Performance: Mean Squared Error . (mse)
Calculations: MEX

Progress o =

Epoch:

Time;

Performance:
Gradient:
Mu: 0.00100 | 1.00e-09 | 1.00e+10
Validation Checks: o| 0 | 6

Plots y7 { -y

Performance !{plotperform)

: Training State (plottrainstate)

| Error Histogram (ploterrhist)
Regression | {plotregression)

Fey | (plotii)

Plot Interval: .' epochs

& o - >

4 Opening Regression Plot

f-qqtﬁh@\'a: ? @ Cancel
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[4 Neural Network Training Performance (plotperform), Epoch 39, Minimu... = O

File Edit View Insert Tools Desktop Window Help

Best Validation Performance is 2.8929e-08 at epoch 39

10_3 =
Train
Validation
Test
.E. 1074 R = 111
=
S
E 107
1N}
=]
2
S 6
= 10
wn
=
o
@
E -10_?
10_3 = 1 i 1 1 i 1 i
0 5 10 15 20 25 30 35
39 Epochs
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Qutput ~= 1*Target + 0.0008

Output ~= 1*Target + 0.0022

Training: R=0.99954

1.01

O Data

1.005

0.995

0.99@
0.99 0.995 1 1.005

Target

Test: R=0.99963

1.01

1.01

O Data

1.005

0.995

0.99€
0.99  0.995 1 1.005

Target

1.01

Output ~= 1*Target + -0.0026

Qutput ~= 1*Target + 0.00051

Validation: R=0.99962
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1
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Backward elimination 2 parameters

1 a 1 o v o
L. AANURANAIATSHINUDIANAVDIAITUNALAS TS U (Observer error)

2. SLULIFIYNVDINTHIYU (Theta)
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Neural Network

Hidden Output

Algorithms =

Data Division: Random (dividerand)
Training: Levenberg-Marquardt (trainim)
Performance: Mean Squared Error (mse)
Calculations: MEX

Progress = =

Epoch: 0 || 15 iterations | 1000
Time: | 0:00:00 |
Performance: 0.00341 0.00
Gradient: 0.00491 | 1.00e-077
Mu: 0.00100 | 1.00e-09 | 1.00e+100
Validation Checks: o] 0 | 6

Plots 4 = 2 A

- _If'_t_erfoqn_g_m_:e | {plotperform}

Training State | (plottrainstate)

j Error Histogram {plaoterrhist)

|
e
|

Regression (plotregression)
At 0 | (plotii
Plot Interval: A T epochs

¥ 4 Opening Regression Plot

‘Hiaui%“ @ Cancel
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—J_x_ Neural Network Training Performance (plotperform), Epoch 15, Minimu... — O *
File Edit View |Insert Tools Desktop Window Help »
. Best Validation Performance is 3.6853e-08 at epoch 15
107 f :
Train
Validation
Test
o
!
£
= ind L
« 10
O
E
1]
E=,
&
©
=
@
6 |
P 10
©
Q
=
108 k . . i
0 5 10 15
15 Epochs
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Output ~= 1*Target + 0.00095

Output ~= 1*Target + 0.00044
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Training: R=0.99954 Validation: R=0.9995

1.01F 1.0 D
O Data e O Data

=4 Fit

1,005 @ 1005 i
+
S
@
=]

1 E 1

=
-
; o

0.995 5 0.995 -
2 g
3 g
o =}

0.99€ 0.99¢ :

0.99  0.995 1 1.005 1.0t 099  0.995 1 1.005 1.0
Target Target
Test: R=0.99959 All: R=0.99954

1.01 1.01
O  Data :

O  Data

1.005 1.005

0.995 0.995

Output ~= 1*Target + 0.00053

0.99@ . ( .
0.99 0.995 1 1.005 1.01 0.9 0.995 1 1.005 1.01

Target Target

A a Y a 4
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Backward elimination 1 parameters

1 a T J v o
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Neural Network

rAlgorithms-

Data Division: Random (dividerand)
Training: Levenberg-Marquardt (trainim)
Performance: Mean Squared Error (mse)
Calculations: MEX

Progress N |

Epoch:

Time:

Performance;
Gradient:
Mu;

Validation Checks: N o E | 6

Plots y LR .y

Performance I{plotper'form]

Training State (plotirainstate)

j Error Histogram } (ploterrhist)

Regression | {plotregressian)

Fit —‘ (plotfit)

¥ 4 Gpening Regression Plot

r.q.ﬁaTEW@: 7 @ Cancel
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[4] Neural Network Training Performance (plotperform), Epoch 12, Minimu...

Eile Edit

View Insert Tools Desktop Window Help

Best Validation Performance is 1.515e-08 at epoch 10
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2
=
o LE
s}
=
L
©
&
o
=
®
£ |
c 10
o
@
=
1[}'3 =
0

12 Epochs

{ a a o a a J
zﬂﬁ 4.75 ‘ﬂig’ﬁ‘lﬂ‘ﬁﬂWWﬂ"lﬁ'ﬂﬂﬁf)uLL‘U‘]J%"IﬁfNLL‘]J‘]Jﬂﬁﬂﬂﬂ’t]fll“]f\‘llig(}u I WIUR BT



170

Training: R=0.99981 Validation: R=0.9998
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Output ~= 1xTarget + 0.00083

d' =) =3 1 9 o 1 =)
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Y v
DADDUTFUFUANTUMTNAADIATIN 2

Number of Number of R-
Epoch MSE Time(sec)

parameters hidden layer squared
5 50 56 3.66e-08 2.00 0.99950
4 50 50 3.38e-08 1.00 0.99953
3 50 39 3.33e-08 1.00 0.99956
2 50 12 3.41e-08 0.00 0.99954
1 50 12 1.36e-08 0.00 0.99981

{ o 1w a a <
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Y v
NARDIATIN 2

Target Output
1.01 1.01083
1.009 1.00983
1.006 1.00683
1.005 1.00583
1.002 1.00283

1 1.00083
0.999 0.99983
0.998 0.99883
0.996 0.99683
0.993 0.99383

0.99 0.99083
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AA83F Discrete Gain scheduling
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Classification the data
Input obssrver and select condition

erroe signal

cdvaun
Gain ermar = . Sensor fault
l A compensator ‘ 1 =1

Faut seescr

P

el sosos

U

Y v
NARDINTIN 2

{ <3 9 @ ' v A . . .
519 4.77 vaenlaeziAT UM UMTVAEAI1OATI1VNEAI8TT Discrete gain scheduling A5

M15199 4.11 HANINABDINMIFABEAOAT V811 N UTZVUAI8IT Discrete gain scheduling

Setting Position error Position error
Gain Position W/O Gain Position
Position (mm) (mm)
fault compensate compensate compensate
(mm) w/o compensate with compensate
50.000 0.9990 50.050 0.9990 50.005 0.050 0.005
50.000 0.9985 50.056 0.9990 50.012 0.056 0.012
50.000 0.9980 50.099 0.9982 50.011 0.099 0.011
50.000 0.9975 50.103 0.9980 50.013 0.102 0.013
50.000 0.9970 50.145 0.9972 50.010 0.145 0.010
50.000 0.9965 50.159 0.9970 50.019 0.159 0.019
50.000 0.9960 50.198 0.9959 50.002 0.198 0.002
50.000 0.9950 50.263 0.9947 49.998 0.263 0.002
50.000 0.9945 50.261 0.9950 50.017 0.261 0.017
50.000 0.9940 50.304 0.9941 50.000 0.304 0.000
50.000 0.9935 50.317 0.9940 50.025 0.317 0.025
50.000 0.9930 50.351 0.9930 49.998 0.351 0.002
50.000 0.9920 50.400 0.9922 50.008 0.400 0.008
50.000 0.9910 50.454 0.9909 50.002 0.454 0.002
50.000 1.0010 49.945 1.0015 50.019 0.055 0.019
50.000 1.0015 49.921 1.0019 50.020 0.079 0.020
50.000 1.0020 49.892 1.0025 50.017 0.108 0.017
50.000 1.0030 49.841 1.0032 50.018 0.159 0.018
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M13197 4.11 HANMINAABINMI¥ATEAEAT 1N 1N UTTVUAIEIT Discrete gain scheduling

(GR)
Setting Position error Position error
Gain Position W/O Gain Position
Position (mm) (mm)
fault compensate compensate compensate
(mm) w/o compensate with compensate
50.000 1.0035 49.826 1.0033 49.990 0.174 0.010
50.000 1.0040 49.806 1.0042 50.019 0.194 0.019
50.000 1.0050 49.766 1.0050 50.009 0.234 0.009
50.000 1.0055 49.726 1.0054 49.997 0.274 0.003
50.000 1.0060 49.707 1.0060 50.012 0.293 0.012
50.000 1.0065 49.673 1.0066 50.007 0.327 0.007
50.000 1.0070 49.657 1.0073 50.016 0.343 0.016
50.000 1.0080 49.607 1.0080 49.992 0.393 0.008
50.000 1.0090 49.543 1.0092 50.003 0.457 0.003
50.000 1.010 49.503 1.010 49.995 0.497 0.005
Gain compensate by discrete gain scheduling
50.6
50.4 [ D
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Discrete gain scheduling
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Setting Position (mm) Position (mm) Position error Position error
Gain Gain
Position W/0 With (mm) (mm)
fault compensate
(mm) compensate compensate w/o compensate with compensate
50.0000 0.999 50.0480 0.999 50.0038 0.048 0.004
50.0000 0.999 50.0743 1.000 50.0476 0.074 0.048
50.0000 0.998 50.0956 0.998 49.9981 0.096 0.002
50.0000 0.998 50.1162 0.998 50.0116 0.116 0.012
50.0000 0.997 50.1262 0.997 49.9813 0.126 0.019
50.0000 0.997 50.1572 0.997 50.0128 0.157 0.013
50.0000 0.996 50.1975 0.996 49.9938 0.198 0.006
50.0000 0.995 50.2369 0.995 50.0063 0.237 0.006
50.0000 0.995 50.2769 0.995 50.0249 0.277 0.025
50.0000 0.994 50.2956 0.994 49.9944 0.296 0.006
50.0000 0.994 50.3106 0.994 50.0126 0.311 0.013
50.0000 0.993 50.3343 0.993 49.9920 0.334 0.008
50.0000 0.992 50.3843 0.992 50.0016 0.384 0.002
50.0000 0.991 50.4500 0.991 49.9962 0.450 0.004
50.0000 1.001 49.9512 1.001 50.0094 0.049 0.009
50.0000 1.002 49.9350 1.002 50.0348 0.065 0.035
50.0000 1.002 49.9056 1.002 50.0107 0.094 0.011
50.0000 1.003 49.8520 1.003 50.0035 0.148 0.004
50.0000 1.004 49.8281 1.004 50.0329 0.172 0.033
50.0000 1.004 49.8080 1.004 50.0074 0.192 0.007
50.0000 1.005 49.7556 1.005 50.0060 0.244 0.006
50.0000 1.006 49.7269 1.006 50.0347 0.273 0.035
50.0000 1.006 49.7131 1.006 50.0075 0.287 0.008
50.0000 1.0065 49.6794 1.007 50.0271 0.321 0.027
50.0000 1.007 49.6531 1.007 49.9944 0.347 0.006
50.0000 1.008 49.5950 1.008 49.9966 0.405 0.003
50.0000 1.009 49.5462 1.009 49.9953 0.454 0.005
50.0000 1.010 49.4925 1.010 49.9928 0.508 0.007
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.1 TsunsulumseonuuussuuniuguuazAIduna

cle

clear all
S=18;
T=0.001;

%% System parameter %%
Bm = 6.4741,

Ct=10566;

Jm=10.27;

Ks =5.1885%10"6;

Kb =0.0294;

Kt =7.3892*10"6;
La=24.338;

R =0.7958;

Ra=1165.2;

%% State space model %%

A=[-Ra/La 0-Kb/La00;00100; Kt/Jm 0-Bm/Jm 00;0000 1; 0 R*Ks/Mt 0 -Ks/Mt -Ct/Mt];
B=[1/La; 0; 0; 0;0];

C=[o 001 0]

D=[0];

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

%% Controllable check %%

OrderSys = order(sys);

RankSysCl = rank(ctrb(A,B));

if OrderSys == RankSysCl
fprintf('System controllable')

else

fprintf('System is not controllable')
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end

%% Observabilitty check %%
RankSysOB=rank(obsv(A,C));
if OrderSys == RankSysOB
fprintf('System observerbility")
else
fprintf('System is not observerbility')

end

%% State feedback design with Type 1 servo system %%
Ahat = [A zeros(5,1); -C 0];

Bhat = [B;0];

CLpole = [-2 -4 -600 -600 -600 -600];

Khat = acker(Ahat,Bhat,CLpole);

K = [Khat(1) Khat(2) Khat(3) Khat(4) Khat(5)];

KI = -Khat(6);

%% Observer design %%

L =[147.0504 3.4072e+03 1.2672¢+03 1.2113e+03 7.5466¢+05]';

fori=15
fprintf('state feedback gain K(%d) = %f\n',i,K(i))
end

fprintf('controller gain KI = %f\n',Kl)

AA = [A - B¥K B*KI;-C 0];
BB = [0;0;0;0;0;1];
cC=[coJ;

DD = [0];

sys_N =ss(AA,BB,CC,DD);
step(sys_N,5)
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.1 Mifiauenanbuzuoitoyauazaivadoyanaaou

clc
clear al

%% feature extraction part
begin=1;
final = 5000;
final2 = 2000;
%% Load data Healthy %%
dir1 ='C:\Users\Arl2yn\Desktop\Proj ect\K test - Copy (2)\Data for Compensate 300um\o%\';
fori=1:50
Hcon(i) = load([dir1 't numastr(i) .mat1);
end
Hsignals = struct2table(Hcon);
Hsignals = tablexcell (Hsignals);
fori=1:50
HObsvErrorsignals{i,1} = Hsignals{i,1} (begin:final,1)';
HCurrentsignal&{i,1} = Hsignal{i,1} (begin:final2,2)";
HThetasignals{i,1} = Hsignals{i,1} (begin:fina,3)’;
HOmegasignals{i,1} = Hsignals{i,1} (begin:final2,4)’;
HPositionsignals{i,1} = Hsignals{i,1} (begin:final,s)’;
HSpeedsignals{i,1} = Hsignals{i,1} (begin:final2,6)’;
HLinearencodersignals{i,1} =Hsignals{i,1} (begin:final,7)’;
HEncoderrotarysignals{i,1} = Hsignal§{i,1} (begin:final,10)’;
end
Hsignals =
[HObsvErrorsignals,HCurrentsignal s,H T hetasi gnal s;HOmegasi gnal s,H Speedsignal s, HEncoderrotary
signals];
%% Load data Error -0.1% %%
dir4 ="C:\Users\Arl2yn\Desktop\Proj ect\Ktest - Copy (2)\Data for Compensate 300um\-0.1%\’;
fori=1:50
F3con(i) = load([dira 't' numzstr(i) ".mat");
end
F3signals = structatable(F3con);

F3signals = tablexcell(F3signal's);

fori=1:50

F30bsvErrorsignal€{i,1} = F3signal€{i,1} (begin:final,1)’;
F3Currentsignals{i,1} = F3signal{i,1} (begin:final2,2)’;
F3Thetasigna i, 1} = F3signals{i, 1} (begin:fina,3)’;
F30Omegasignal&{i,1} = F3signals{i,1} (begin:final2,4)’;
F3Positionsignals{i,1} = F3signals{i,1} (begin:final,5)';
F3Speedsignals{i,1} = F3signal€{i,1} (begin:final2,6)";
F3Linearencodersignals{i, 1} =F3signals{i, 1} (begin:final,7)’;
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F3Encoderrotarysignal<{i,1} = F3signal {i, 1} (begin:final,10)’;
end
F3signals =
[F3ObsvErrorsignals,F3Currentsignal s,F3 T hetasignal s,F30megasi gnal s,F3 Speedsignal s,F3Encoderro
tarysignalg];
%% Load data Error +0.1% %%
dirs ='C:\Users\Arl2yn\Desktop\Project\Ktest - Copy (2)\Data for Compensate 300um\+0.1%\'’;
fori=1:50
Facon(i) = load([dir5 't' numzstr(i) ".mat");
end
Fasignals = structztable(F4con);
Fasignals = tablexcell(Fasignal s);
fori=1:50
F4ObsvErrorsignas{i,1} = F4signals{i,1} (begin:fina, 1)’
FaCurrentsignals{i,1} = F4signal{i,1} (begin:final2,2)’;
FaThetasignal s{i,1} = F4signals{i,1} (begin:fina,3)’;
F4Omegasignals{i,1} = F4signals{i,1} (begin:final2,4)’;
FaPositionsignals{i,1} = Fasignals{i,1} (begin:final,5)';
F4Speedsignals{i,1} = Fasignals{i,1} (begin:final2,6)’;
FaLinearencodersignals{i,1} =F4signal { i, 1} (begin:final,7)";
FaEncoderrotarysignal&{i,1} = Fasignal s i, 1} (begin:final,10)’;
end
Fasignals =
[F4ObsvErrorsignals,F4Currentsignal s,F4 T hetasignal s,F4Omegasi gnal s,F4 Speedsi gnal s,F4Encoderro
tarysignalg];
%% L oad data Error -0.2% %%
dir8 = 'C:\Users\Arl2yn\Desktop\Project\Ktest - Copy (2)\Data for Compensate 300um\-0.2%\';
fori=1:50
F7con(i) = load([dir8 't' num2str(i) ‘.mat);
end
F7signals = struct2table(F7con);
F7signals = table2cel | (F7signals);
fori=150
F7ObsvErrorsignals{i,1} = F7signals{i,1} (begin:final,1)’;
F7Currentsignals{i,1} = F7signals{i,1} (begin:final2,2)’;
F7Thetasignals{i,1} = F7signals{i,1} (begin:final,3)";
F7Omegasignals{i,1} = F7signa€{i,1} (begin:final2,4)";
F7Positionsignals{i,1} = F7signals{i,1} (begin:fina,5)";
F7Speedsignals{i,1} = F7signals{i,1} (begin:final2,6)";
F7Linearencodersignal§{i,1} =F7signal §{i,1} (begin:final,7)";
F7Encoderrotarysignal&{i,1} = F7signals{i,1} (begin:final,10)';
end
Frsignals =
[F7ObsvErrorsignals,F7Currentsignal s,F7Thetasignal s,F7Omegasi gnal s,F7Speedsignal s,F7Encoderr
otarysignalg];
%% Load data Error +0.2% %%
dir9 = 'C:\Users\Arl2yn\Desktop\Project\Ktest - Copy (2)\Data for Compensate 300um\+0.2%\";
fori=1:50
F8con(i) = load([dir9 't' num2str(i) '.mat");
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end
F8signals = struct2table(F8con);
F8signals = table2cell(F8signals);
fori=1:50
F80bsvErrorsignas{i,1} = F8signals{i,1} (begin:final,1)";
F8Currentsignals{i,1} = F8signal&{i,1} (begin:final2,2)";
F8Thetasignals{i,1} = F8signal{i,1} (begin:final,3)’;
F80megasignals{i,1} = F8signal&{i,1} (begin:final2,4)";
F8Positionsignals{i,1} = F8signals{i,1} (begin:fina,5)";
F8Speedsignals{i,1} = F8signals{i,1} (begin:final2,6)";
F8Linearencodersignal s{i,1} =F8signal §{i,1} (begin:final,7)";
F8Encoderrotarysignal&{i,1} = F8signals{ i,1} (begin:final,10)';
end
F8signals =
[F80bsvErrorsignals,F8Currentsignal s,F8T hetasignal s,F8Omegasi gnal s,F8Speedsi gnal s,FBEncoderr
otarysignalg];
%% Load data Error -0.3% %%
dirl2 ='C:\Users\Arl2yn\Desktop\Project\K test - Copy (2)\Data for Compensate 300um\-0.3%\’;
fori=1:50

Fl1con(i) = load([dir12 't' num2str(i) .mat1);
end
Fl1signals = struct2table(F11con);
Fllsignals = table2cell(F11signals);
fori=150
F110bsvErrorsignals{i,1} = F11signals{i,1} (begin:final,1)";
F11Currentsignals{i,1} = Fllsignals{i,1} (begin:final2,2)";
Fl1Thetasignals{i,1} = F1lsignas{i,1} (begin:fina,3)";
F110megasignals{i,1} = Fllsignals{i,1} (begin:final2,4)";
F11Positionsignals{i,1} = Fl1signals{i,1} (begin:final,5)";
F11Speedsignals{i,1} = F1lsignals{i,1} (begin:final2,6)";
Fl1Linearencodersignals{i,1} =F11signa<{i,1} (begin:final,7)’;
F11Encoderrotarysignals{i,1} = Fllsignals{i,1} (begin:final,10)';
end
Fllsignals=
[F110bsvErrorsignals,F11Currentsignals,F11Thetasignals,F110megasignal s,F11Speedsignals,F11E
ncoderrotarysignals];
%% L oad data Error +0.3% %%
dirl3 ='C:\Users\Arl2yn\Desktop\Project\Ktest - Copy (2)\Data for Compensate 300um\+0.3%\';
fori=150

F12con(i) = load([dir13 't' num2str(i) ‘.mat");
end
F12signals = struct2table(F12con);
F12signals = table2cell (F12signal s);
fori=1:50
F120bsvErrorsignals{i,1} = F12signal<{i,1} (begin:final,1)';
F12Currentsignal€{i,1} = F12signal{i,1} (begin:final2,2)";
Fl12Thetasignals{i,1} = F12signals{i,1} (begin:final,3)";
F120megasignals{i,1} = F12signals{i,1} (begin:final2,4)";
F12Positionsignals{i,1} = F12signal€{i,1} (begin:final,5)";
F12Speedsignal §{i,1} = F12signal<{i,1} (begin:final2,6)’;
F12Linearencodersignals{i,1} =F12signa <{i,1} (begin:final,7)’;
F12Encoderrotarysignal s{i,1} = F12signal{i,1} (begin:final,10);
end
Fl2signals =
[F120bsvErrorsignals,F12Currentsignal s,F12T hetasignal s,F120megasignal s,F12Speedsignal s,F12E
ncoderrotarysignals];
%% Load data Error -0.4% %%
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dirlé = 'C:\Users\Arl2yn\Desktop\Project\Ktest - Copy (2)\Data for Compensate 300um\-0.4%\’;
fori=150

F15con(i) = load([dir16 't' num2str(i) ‘.mat);
end
F15signals = struct2table(F15con);
F15signals = table2cel | (F15signal s);
fori=1:50
F150bsvErrorsignals{i,1} = F15signal<{i,1} (begin:final,1)';
F15Currentsignal{i,1} = F15signal{i,1} (begin:final2,2)";
F15Thetasignals{i,1} = F15signals{i,1} (begin:fina,3)";
F150megasignals{i,1} = F15signals{i,1} (begin:final2,4)";
F15Positionsignals{i,1} = F15signal€{i,1} (begin:final,5)’;
F15Speedsignal<{i,1} = F15signal<{i,1} (begin:final2,6)";
F15Linearencodersignal&{i,1} =F15signal s{i,1} (begin:final,7)";
F15Encoderrotarysignals{i,1} = F15signal<{i,1} (begin:final,10)";
end
F15signals =
[F150bsvErrorsignals,F15Currentsignal s,F15T hetasignal s,F150megasignal s,F15Speedsignal s,F15E
ncoderrotarysignals|;
%% Load data Error +0.4% %%
dirl7 = 'C:\Users\Arl2yn\Desktop\Project\Ktest - Copy (2)\Data for Compensate 300um\+0.4%\’;
fori=1:50

F16con(i) = load([dirl7 't' num2str(i) '.mat');
end
F16signals = struct2table(F16con);
F16signals = table2cel | (F16signals);
fori=150
F160bsvErrorsignals{i,1} = F16signals{i,1} (begin:final,1)";
F16Currentsignals{i,1} = Fi16signals{i,1} (begin:final2,2)’;
F16Thetasignals{i,1} = F16signals{i,1} (begin:fina,3)";
F160megasignals{i,1} = F16signals{i,1} (begin:final2,4)";
F16Positionsignals{i,1} = F16signal<{i,1} (begin:final,5)';
F16Speedsignals{i,1} = F16signal<{i,1} (begin:final2,6)";
F16Linearencodersignals{i,1} =F16signal <{i,1} (begin:final,7);
F16Encoderrotarysignals{i,1} = F16signal{i,1} (begin:final,10)";
end
Fl6signals =
[F160bsvErrorsignals,F16Currentsignals,F16T hetasignal s,F160megasignal s,F16Speedsignal s,F16E
ncoderrotarysignals);
%% Load data Error -0.5% %%
dir20 = 'C:\Users\Arl2yn\Desktop\Project\Ktest - Copy (2)\Data for Compensate 300um\-0.5%\";
fori=1:50

F19con(i) = load([dir20 't' num2str(i) .mat]);
end
F19signals = struct2table(F19con);
F19signals = table2cel|(F19signal s);
fori=150
F190bsvErrorsignals{i,1} = F19signal€{i,1} (begin:final,1)';
F19Currentsignal€{i,1} = F19signal{i,1} (begin:final2,2)";
F19Thetasignals{i,1} = F19signals{i,1} (begin:final,3)";
F190megasignals{i,1} = F19signals{i,1} (begin:final2,4)";
F19Positionsignals{i,1} = F19signal&{i,1} (begin:final,5)';
F19Speedsignals{i,1} = F19signal<{i,1} (begin:final2,6)";
F19Linearencodersignals{i,1} =F19signal <{i,1} (begin:final,7);
F19Encoderrotarysignal s{i,1} = F19signal{i,1} (begin:final,10);
end
F19signals =
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[F190bsvErrorsignals,F19Currentsignal s,F19T hetasignal s,F190megasignal s,F19Speedsignal s,F19E
ncoderrotarysignals);
%% Load data Error +0.5% %%
dir21 = 'C:\Users\Arl2yn\Desktop\Project\Ktest - Copy (2)\Data for Compensate 300um\+0.5%\';
fori=150
F20con(i) = load([dir21 't' num2str(i) ‘.mat);
end
F20signals = struct2table(F20con);
F20signals = table2cel | (F20signal s);
fori=1:50
F200bsvErrorsignals{i,1} = F20signal&{i,1} (begin:final,1)';
F20Currentsignal s{i,1} = F20signals{i,1} (begin:final2,2)";
F20Thetasignal s{i,1} = F20signals{i,1} (begin:fina,3)";
F200megasignals{i,1} = F20signals{i,1} (begin:final2,4)";
F20Positionsignals{i,1} = F20signal&{i,1} (begin:final,5)";
F20Speedsignal<{i,1} = F20signal<{i,1} (begin:final2,6)";
F20Linearencodersignals{i,1} =F20signal {i,1} (begin:final,7)’;
F20Encoderrotarysignals{i,1} = F20signal{i,1} (begin:final,10);
end
F20signals =
[F200bsvErrorsignals,F20Currentsignal s,F20T hetasi gnal s, F200megasignal s,F20Speedsignal s,F20E
ncoderrotarysignals);
%% L oad data Error -0.6% %%
dir24 = 'C:\Users\Arl 2yn\Desktop\Project\Ktest - Copy (2)\Data for Compensate 300um\-0.6%\’;
fori=1:50
F23con(i) = load([dir24 't' num2str(i) '.mat1);
end
F23signals = struct2tabl e(F23con);
F23signals = table2cel | (F23signal s);
fori=1:50
F230bsvErrorsignals{i,1} = F23signal<{i,1} (begin:final,1)';
F23Currentsignal{i,1} = F23signal{i,1} (begin:final2,2)';
F23Thetasignal&{i,1} = F23signals{i,1} (begin:fina,3);
F230megasignals{i,1} = F23signals{i,1} (begin:final2,4)";
F23Positionsignals{i,1} = F23signal<{i,1} (begin:final,5)’;
F23Speedsignal<{i,1} = F23signal<{i,1} (begin:final2,6)";
F23Linearencodersignals{i,1} =F23signal &{i,1} (begin:final,7)’;
F23Encoderrotarysignals{i,1} = F23signal<{i,1} (begin:final,10)";
end
F23signals =
[F230bsvErrorsignals,F23Currentsignal s,F23T hetasignal s,F230megasignal s,F23Speedsignal s,F23E
ncoderrotarysignals);
%% Load data Error +0.6% %%
dir25 = 'C:\Users\Arl2yn\Desktop\Project\Ktest - Copy (2)\Data for Compensate 300um\+0.6%\’;
fori=1:50
F24con(i) = load([dir25 't' num2str(i) '.mat);
end
F24signals = struct2table(F24con);
F24signals = table2cel | (F24signal s);
fori=150
F240bsvErrorsignals{i,1} = F24signal€{i,1} (begin:final,1)';
F24Currentsignal{i,1} = F24signal{i,1} (begin:final2,2)";
F24Thetasignal&{i,1} = F24signals{i,1} (begin:fina,3)";
F240megasignals{i,1} = F24signals{i,1} (begin:final2,4)";
F24Positionsignals{i,1} = F24signal&{i,1} (begin:final,5)';
F24Speedsignals{i,1} = F24signal&{i,1} (begin:final2,6)";
F24Linearencodersignal&{i,1} =F24signal <{i,1} (begin:final,7)’;




207

F24Encoderrotarysignal s{i,1} = F24signal<{i,1} (begin:final,10);
end
F24signals =
[F240bsvErrorsignals,F24Currentsignal s,F24T hetasignal s,F240megasignal s,F24Speedsignal s, F24E
ncoderrotarysignals);
%% Load data Error -0.7% %%
dir28 = 'C:\Users\Arl2yn\Desktop\Project\K test - Copy (2)\Data for Compensate 300um\-0.7%\’;
fori=1:50
F27con(i) = load([dir28 't' num2str(i) ‘.mat);
end
F27signals = struct2table(F27con);
F27signals = table2cel | (F27signal s);
fori=150
F270bsvErrorsignals{i,1} = F27signals{i,1} (begin:final,1)";
F27Currentsignal s{i,1} = F27signals{i,1} (begin:final2,2)";
F27Thetasignals{i,1} = F27signals{i,1} (begin:fina,3)";
F270megasignals{i,1} = F27signals{i,1} (begin:final2,4)";
F27Positionsignals{i,1} = F27signal&{i,1} (begin:final,5)';
F27Speedsignals{i,1} = F27signal«{i,1} (begin:final2,6)";
F27Linearencodersignal&{i,1} =F27signa &{i,1} (begin:final,7)’;
F27Encoderrotarysignal s{i,1} = F27signal {i,1} (begin:final,10);
end
F27signals =
[F270bsvErrorsignals,F27Currentsignal s,F27T hetasignal s,F270megasignal s,F27Speedsignal s, F27E
ncoderrotarysignals);
%% Load data Error +0.7% %%
dir29 = 'C:\Users\Arl2yn\Desktop\Project\Ktest - Copy (2)\Data for Compensate 300um\+0.7%\';
fori=1:50
F28con(i) = load([dir29 't' num2str(i) ‘.mat);
end
F28signals = struct2table(F28con);
F28signals = table2cel | (F28signal s);
fori=1:50
F280bsvErrorsignals{i,1} = F28signal&{i,1} (begin:final,1)';
F28Currentsignal&{i,1} = F28signal{i,1} (begin:final2,2)";
F28Thetasignal §{i,1} = F28signals{i,1} (begin:fina,3)";
F280megasignals{i,1} = F28signals{i,1} (begin:final2,4)";
F28Positionsignals{i,1} = F28signal&{i,1} (begin:final,5)';
F28Speedsignal<{i,1} = F28signal<{i,1} (begin:final2,6)";
F28Linearencodersignals{i,1} =F28signal{i,1} (begin:final,7)’;
F28Encoderrotarysignal s{i,1} = F28signals{i,1} (begin:final,10);
end
F28signals =
[F280bsvErrorsignals,F28Currentsignal s,F28T hetasi gnal s, F280megasignal s,F28Speedsignal s,F28E
ncoderrotarysignals];
%% Load data Error -0.8% %%
dir32 = 'C:\Users\Arl 2yn\Desktop\Project\K test - Copy (2)\Data for Compensate 300um\-0.8%\’;
fori=150
F31con(i) = load([dir32 't' num2str(i) '.mat);
end
F31signals = struct2table(F31con);
F31signals = table2cel | (F31signal s);
fori=1:50
F310bsvErrorsignals{i,1} = F31signal<{i,1} (begin:final,1)';
F31Currentsignal&{i,1} = F31signal{i,1} (begin:final2,2)";
F31Thetasignals{i,1} = F31signals{i,1} (begin:fina,3)";
F310megasignals{i,1} = F31signals{i,1} (begin:final2,4)";
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F31Positionsignals{i,1} = F31lsignal&{i,1} (begin:final,5)';
F31Speedsignal§{i,1} = F31signals{i,1} (begin:final2,6)’;
F31Linearencodersignals{i,1} =F31signa <{i,1} (begin:final,7)’;
F31Encoderrotarysignals{i,1} = F31signal&{i,1} (begin:final,10)";
end
F31signals =
[F31O0bsvErrorsignals,F31Currentsignal s,F31Thetasignal s,F310Omegasignal s,F31Speedsignals,F31E
ncoderrotarysignals];
%% L oad data Error +0.8% %%
dir33 = 'C:\Users\Arl2yn\Desktop\Project\K test - Copy (2)\Data for Compensate 300um\+0.8%\';
fori=1:50
F32con(i) = load([dir33 't' num2str(i) '.mat);
end
F32signals = struct2table(F32con);
F32signals = table2cel | (F32signal s);
fori=1:50
F320bsvErrorsignals{i,1} = F32signal&{i,1} (begin:final,1)';
F32Currentsignal&{i,1} = F32signal{i,1} (begin:final2,2)';
F32Thetasignal&{i,1} = F32signals{i,1} (begin:fina,3)";
F320megasignals{i,1} = F32signals{i,1} (begin:final2,4)";
F32Positionsignals{i,1} = F32signal<{i,1} (begin:final,5)';
F32Speedsignals{i,1} = F32signal«{i,1} (begin:final2,6)";
F32Linearencodersignal&{i,1} =F32signal §{i,1} (begin:final,7)";
F32Encoderrotarysignals{i,1} = F32signal<{i, 1} (begin:final,10)";
end
F32signals =
[F320bsvErrorsignals,F32Currentsignal s,F32T hetasi gnal s,F320megasignal s,F32Speedsignal s,F32E
ncoderrotarysignals);
%% Load data Error -0.9% %%

dir36 = 'C:\Users\Arl2yn\Desktop\Project\K test - Copy (2)\Data for Compensate 300um\-0.9%\’;
fori=1:50
F35con(i) = load([dir36 't' num2str(i) .mat1);
end
F35signals = struct2table(F35con);
F35signals = table2cel | (F35signal s);
fori=150
F350bsvErrorsignals{i,1} = F35signal€{i,1} (begin:final,1)';
F35Currentsignal<{i,1} = F35signal{i,1} (begin:final2,2)’;
F35Thetasignal s{i,1} = F35signals{i,1} (begin:fina,3)";
F350megasignals{i,1} = F35signals{i,1} (begin:final2,4)";
F35Positionsignals{i,1} = F35signals{i,1} (begin:final,5)';
F35Speedsignals{i,1} = F35signal<{i,1} (begin:final2,6)";
F35Linearencodersignal s{i,1} =F35signals{i, 1} (begin:final,7)";
F35Encoderrotarysignal s{i,1} = F35signal {i,1} (begin:final,10);
end
F35signals =
[F350bsvErrorsignals,F35Currentsignal s,F35T hetasi gnal s,F350megasignal s,F35Speedsignal s,F35E
ncoderrotarysignals];
%% Load data Error +0.9% %%
dir37 = 'C:\Users\Arl2yn\Desktop\Project\Ktest - Copy (2)\Data for Compensate 300um\+0.9%\';
fori=1:50
F36con(i) = load([dir37 't' num2str(i) ‘.mat);
end
F36signals = struct2table(F36con);
F36signals = table2cel | (F36signal s);
fori=1:50
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F360bsvErrorsignals{i,1} = F36signal€{i,1} (begin:final,1)';
F36Currentsignal<{i,1} = F36signal{i,1} (begin:final2,2)";
F36Thetasignals{i,1} = F36signals{i,1} (begin:final,3)";
F360megasignals{i,1} = F36signals{i,1} (begin:final2,4)";
F36Positionsignals{i,1} = F36signal€{i,1} (begin:final,5)';
F36Speedsignals{i,1} = F36signal<{i,1} (begin:final2,6)";
F36Linearencodersignals{i,1} =F36signal {i,1} (begin:final,7)’;
F36Encoderrotarysignals{i,1} = F36signal{i,1} (begin:final,10);
end
F36signals =
[F360bsvErrorsignals,F36Currentsignal s,F36T hetasignal s,F3610megasignal s,F36Speedsignal s,F36E
ncoderrotarysignals);
%% Load data Error 1% %%
dird0 = 'C:\Users\Arl 2yn\Desktop\Project\Ktest - Copy (2)\Data for Compensate 300um\-19%a\";
fori=150
F39con(i) = load([dir40 't' num2str(i) '.mat');
end
F39signals = struct2tabl e(F39con);
F39signals = table2cel | (F39signal s);
fori=1:50
F390bsvErrorsignals{i,1} = F39signals{i,1} (begin:final,1)’;
F39Currentsignal&{i,1} = F39signal&{i,1} (begin:final2,2)';
F39Thetasignal &{i,1} = F39signals{i,1} (begin:fina,3)";
F390megasignals{i,1} = F39signals{i,1} (begin:final2,4)";
F39Positionsignals{i,1} = F39signal&{i,1} (begin:final,5)’;
F39Speedsignal§{i,1} = F39signal<{i,1} (begin:final2,6)";
F39Linearencodersignal&{i,1} =F39signal s{i,1} (begin:final,7)";
F39Encoderrotarysignal s{i,1} = F39signal&{i,1} (begin:final,10);
end
F39signals =
[F390bsvErrorsignals,F39Currentsignal s,F39T hetasi gnal s,F390megasignal s,F39Speedsignal s,F39E
ncoderrotarysignals|;
%F39signals = [F39Currentsignals;
%% Load data Error +1% %%
dirdl = 'C:\Users\Arl2yn\Desktop\Project\Ktest - Copy (2)\Data for Compensate 300um\+1%\';
fori=150
F40con(i) = load([dir4l 't' num2str(i) '.mat']);
end
F40signals = struct2tabl e(F40con);
FAOsignals = table2cel | (F40signal s);
fori=1:50
F400bsvErrorsignals{i,1} = F40signals{i,1} (begin:final,1)’;
FA0Currentsignals{i,1} = F40signals{i,1} (begin:final2,2)’;
FA0Thetasignals{i,1} = F40signals{i,1} (begin:final,3)’;
FA0Omegasignals{i,1} = F40signals{i,1} (begin:final2,4)";
FAOPositionsignals{i,1} = F40signal&{i,1} (begin:final,5)';
F40Speedsignal §{i,1} = F40signal<{i,1} (begin:final2,6)’;
FA4OLinearencodersignal&{i,1} =F40signal <{i,1} (begin:final,7)’;
FAOEncoderrotarysignal s{i,1} = F40signal<{i,1} (begin:final,10)';
end
FAO0signals =
[F400bsvErrorsignals,F40Currentsignal s,F40T hetasi gnal s,F400megasignal s,F40Speedsignal s,FA0E
ncoderrotarysignals];
%% Combine data %%
Signals=
[Hsignals;F3signals;F4signal s;F7signal s;,F8signals;F11signals,F12signal s,F15signal s, F16signal s, F1
9signals;F20signal s;F23signal s;F24signal s;F27signal's;F28signal s;F31signal s;F32signal s;F35signal s
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;F36signals;F39signals;F40signals;
%% feature extraction %%

for i = 1:1050;

ObsvErrorMean{i,1} = mean(Signa€{i,1});
CurrentMean{i,1}= mean(Signa ¢{i,2});
ThetaMean{i,1} = mean(Signals{i,3});
OmegaMean{i,1} = mean(Signals{i,4});
SpeedMear{i,1} = mean(Signals{i,5})
End

Mean = [ObsvErrorMean, T hetaM ean,OmegaM ean,SpeedM ean,CurrentM ean];
%% training data %%

Input = [Mean|;

Input = cell2mat(I nput);

%% create target %%

for i = 1:50;

Z1(i,1) = 1,

Z1(i,2) = 0;

Z1(i,3) = 0;

Z1(i,4) = 0;

Z1(i,5) =0;

Z1(i,6) = 0;

Z1(i,7) =0;

Z1(i,8) = 0;

Z1(i,9) = 0;

Z1(i,10) = 0;

Z1(i,11) = 0;

Z1(i,12) = 0;

Z1(i,13) = 0;

Z1(i,14) = 0;

Z1(i,15) = 0;

Z1(i,16) = 0;

Z1(i,17) = 0;

Z1(i,18) = 0;

Z1(i,19) = 0;

Z1(i,20) = 0;

Z1(i,21) = 0;

Z2(i,1) = 0;

Z2(i,2) = 1,

Z2(i,3) = 0;

Z2(i,4) = 0;

Z2(i,5) = 0;

Z2(i,6) = 0;

Z2(i,7) =0;

Z2(i,8) = 0;

Z2(i,9) =0;

Z2(i,10) = 0;

Z2(i,11) = 0;

Z2(i,12) = 0;

Z2(i,13) = 0;

Z2(i,14) = 0;

Z2(i,15) = 0;

Z2(i,16) = 0;

Z2(i,17) = 0;

Z2(i,18) = 0;

Z2(i,19) = 0;

Z2(i,20) = 0;

Z2(i,21) = 0;
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Z3(,1) =0;
23(i,2) = 0;
z3(i,3)=1;
73(i,4) = 0;
Z3(i,5) = 0;
23(i,6) = 0;
23(i,7) = 0;
23(i,8) = 0;
23(i,9) = 0;

23(i,10) = 0;
73(i,11) = 0;
23(i,12) = 0;
23(i,13) = 0;
23(i,14) = 0;
23(i,15) = O;
23(i,16) = O;
23(i,17) = 0;
23(i,18) = 0;
23(i,19) = 0;
23(i,20) = 0;
23(i,21) = 0;

Z4(i,1) = O;
Z4(i,2) = 0;
Z4(i,3) = 0;
Z43i,4) = 1;
Z4(i 5) = O;
Z4(i6) = O;
Z4(i,7) = 0;
Z4(i,8) = O;
Z4(i,9) = 0;

Z4(i,10) = O;
Z4(%i,11) = 0;
Z4(i,12) = 0;
Z4(i,13) = O;
Z4(i,14) = O;
Z4(i,15) = O;
Z4(i,16) = O;
Z4(i,17) = O;
Z4(i,18) = 0;
Z4(i,19) = O;
Z4(i,20) = O;
Z4(i,21) = 0;

Z5(i,1) = 0;
75(i,2) = 0;
75(i,3) = 0;
Z5(i,4) = 0;
Z5(i,5) = 1;
Z5(i,6) = 0;
Z5(i,7) = 0;
Z5(i,8) = 0;
Z5(i,9) = 0;

75(i,10) = 0;
75(i,11) = 0;
75(i,12) = 0;
75(i,13) = 0;
75(i,14) = 0;
75(i,15) = 0;
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75(i,16) = 0;
75(i,17) = 0;
75(i,18) = 0;
75(i,19) = 0;
75(i,20) = 0;
75(i,21) = 0;

26(i,1) = 0;
26(i,2) = 0;
26(i,3) = 0;
26(i,4) = 0;
26(i,5) = 0;
26(i,6) = 1;
26(i,7) = 0;
26(i,8) = 0;
26(i,9) = 0;

26(i,10) = O;
76(i,11) = 0;
26(i,12) = 0;
26(i,13) = O;
26(i,14) = O;
26(i,15) = O;
26(i,16) = O;
26(i,17) = O;
26(i,18) = O;
26(i,19) = 0;
26(i,20) = O;
26(i,21) = 0;

Z7(i,1) = 0;
27(i,2) = 0;
27(i,3) = 0;
27(i,4) = 0;
Z7(i,5) = 0;
27(i,6) = 0;
Z7(,7) = 1;
27(i,8) = 0;
27(i,9) = 0;

27(i,10) = O;
Z7(i,11) = 0;
27(i,12) = 0;
27(i,13) = O;
Z7(i,14) = 0;
27(i,15) = O;
27(i,16) = O;
27(i,17) = O;
27(i,18) = O;
Z7(i,19) = O;
Z7(i,20) = O;
Z7(i,21) = 0;

28(i,1) = 0;
28(i,2) = 0;
28(i,3) = 0;
78(i,4) = 0;
28(i,5) = 0;
28(i,6) = 0;
28(i,7) = 0;
78(i,8) = 1;
78(i,9) = 0;
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Z8(i,10) = O;
78(i,11) = 0;
28(i,12) = 0;
28(i,13) = O;
28(i,14) = O;
78(i,15) = O;
78(i,16) = O;
28(i,17) = 0;
78(i,18) = O;
28(i,19) = 0;
28(i,20) = O;
78(i,21) = 0;
29(i,1) = 0;

29(i,2) = 0;

29(i,3) = 0;

29(i,4) = 0;

29(i,5) = 0;

29(i,6) = 0;

29(i,7) = 0;

29(i,8) = 0;

29(,9) = 1;

29(i,10) = O;
29(i,11) = 0;
29(i,12) = O;
29(i,13) = 0;
29(i,14) = 0;
29(i,15) = O;
29(i,16) = O;
29(i,17) = O;
29(i,18) = O;
29(i,19) = O;
29(i,20) = O;
29(i,21) = 0;
710(i,1) = O;
710(i,2) = O;
210(i,3) = 0;
210(i,4) = O;
210(i,5) = 0;
210(i,6) = 0;
710(i,7) = O;
710(i,8) = O;
710(i,9) = O;

710(i,10) = 1;
710(i,11) = 0;
710(i,12) = O;
710(i,13) = 0;
710(i,14) = 0;
710(i,15) = 0;
710(i,16) = O;
710(i,17) = O;
710(i,18) = O;
710(i,19) = O;
710(i,20) = O;
710(i,21) = O;

Z11(i,1) = O;
711(i,2) = O;
711(i,3) = O;
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Z11(i,4) = 0;
Z11(i,5) = 0;
Z11(i,6) = 0;
Z11(i,7) = 0;
Z11(i,8) = 0;
Z11(i,9) = 0;

Z11(i,10) = O;
Z113i,11) = 1;
711(i,12) = O;
711(i,13) = O;
Z11(i,14) = O;
Z11(i,15) = O;
Z11(i,16) = O;
711(i,17) = O;
711(i,18) = O;
Z11(i,19) = O;
Z11(i,20) = O;
Z11(i,21) = O;

712(i,1) = O;
712(i,2) = O;
712(i,3) = O;
212(i,4) = O;
Z12(i,5) = O;
212(i,6) = O;
712(i,7) = O;
712(i,8) = O;
712(i,9) = O;

712(i,10) = O;
712(i,11) = O;
712(i,12) = 1;
712(i,13) = O;
712(i,14) = O;
712(i,15) = O;
712(i,16) = O;
712(i,17) = O;
712(i,18) = 0;
712(i,19) = O;
712(i,20) = 0;
712(i,21) = 0;

713(i,1) = O;
713(i,2) = O;
713(i,3) = O;
713(i,4) = O;
713(i,5) = O;
713(i,6) = O;
713(i,7) = O;
713(i,8) = O;
713(i,9) = O;

713(i,10) = O;
713(i,11) = 0;
713(i,12) = O;
713(i,13) = 1;
713(i,14) = O;
713(i,15) = O;
713(i,16) = O;
713(i,17) = O;
713(i,18) = O;
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Z13(i,19) = 0;
713(i,20) = O;
713(i,21) = 0;
Z14(i,1) = O;
Z14(i,2) = O;
Z14(i,3) = O;
Z14(i,4) = O;
Z14(i,5) = O;
Z14(i,6) = O;
Z14(i,7) = O;
Z14(i,8) = O;
Z14(i,9) = O;
Z14(i,10) = O;
Z14(i,11) = O;
Z14(i,12) = 0;
Z14(i,13) = 0;
Z14(i,14) = 1;
Z14(i,15) = O;
Z14(i,16) = O;
Z14(i,17) = O;
Z14(i,18) = O;
Z14(i,19) = O;
Z14(i,20) = O;
Z14(i,21) = O;
Z15(i,1) = O;
715(i,2) = O;
Z15(i,3) = 0;
Z15(i,4) = O;
Z15(i,5) = 0;
Z15(i,6) = O;
715(i,7) = O;
715(i,8) = O;
Z15(i,9) = O;
Z15(i,10) = O;
Z15(i,11) = 0;
715(i,12) = 0;
715(i,13) = 0;
Z15(i,14) = 0;
Z15(i,15) = 1;
715(i,16) = O;
715(i,17) = O;
715(i,18) = O;
Z15(i,19) = O;
Z15(i,20) = O;
715(i,21) = 0;
716(i,1) = O;
716(i,2) = O;
716(i,3) = 0;
716(i,4) = O;
716(i,5) = O;
716(i,6) = O;
716(i,7) = O;
716(i,8) = O;
716(i,9) = 0;
716(i,10) = O;
716(i,11) = 0;
716(i,12) = 0;
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Z16(i,13) = 0;
716(i,14) = O;
716(i,15) = O;
716(i,16) = 1;
716(i,17) = O;
716(i,18) = O;
716(i,19) = O;
716(i,20) = O;
716(i,21) = 0;
717(i,1) = O;
717(i,2) = O;
717(i,3) = O;
Z17(i,4) = O;
Z17(i,5) = O;
717(i,6) = O;
717(i,7) = O;
717(i,8) = O;
717(i,9) = O;
717(i,10) = O;
717(i,11) = O;
717(i,12) = O;
717(i,13) = O;
717(i,14) = 0;
717(i,15) = 0;
717(i,16) = O;
Z17(i,17) = 1;
717(i,18) = O;
717(i,19) = 0;
717(i,20) = O;
717(i,21) = O;
718(i,1) = O;
718(i,2) = O;
718(i,3) = 0;
718(i,4) = O;
718(i,5) = 0;
718(i,6) = O;
718(i,7) = O;
718(i,8) = 0;
718(i,9) = 0;
718(i,10) = 0;
718(i,11) = O;
718(i,12) = O;
718(i,13) = O;
718(i,14) = O;
718(i,15) = O;
718(i,16) = O;
718(i,17) = O;
718(i,18) = 1;
718(i,19) = O;
718(i,20) = O;
718(i,21) = 0;
719(i,1) = O;
719(i,2) = O;
719(i,3) = 0;
719(i,4) = 0;
Z19(i,5) = O;
719(i,6) = O;
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Z19(,7) = 0;
719(,8) = 0;
719(,9) = 0;

719(i,10) = O;
719(i,11) = 0;
719(i,12) = O;
719(i,13) = O;
719(i,14) = O;
719(i,15) = O;
719(i,16) = O;
719(i,17) = O;
719(i,18) = O;
719(i,19) = 1;
719(i,20) = O;
719(i,21) = 0;

Z20(i,1) = O;
720(i,2) = O;
220(i,3) = O;
220(i,4) = O;
Z20(i,5) = 0;
220(i,6) = O;
220(i,7) = O;
220(i,8) = O;
220(i,9) = O;

220(i,10) = O;
Z20(i,11) = 0;
720(i,12) = 0;
720(i,13) = 0;
720(i,14) = O;
220(i,15) = O;
220(i,16) = O;
720(i,17) = O;
720(i,18) = O;
220(i,19) = O;
720(i,20) = 1;
720(i,21) = 0;

Z21(i,1) = O;
221(i,2) = O;
221(i,3) = 0;
721(i,4) = O;
Z21(i,5) = 0;
221(i,6) = O;
221(i,7) = O;
721(i,8) = O;
721(i,9) = 0;

Z21(i,10) = O;
Z21(i,11) = 0;
721(i,12) = O;
721(i,13) = O;
Z21(i,14) = O;
721(i,15) = O;
721(i,16) = O;
721(i,17) = O;
721(i,18) = O;
721(i,19) = O;
721(i,20) = O;
721(i,21) = 1;
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End

Target = [Z1,22;23,24,Z5,Z6;27;28;29;210;211;212;213;Z14;215;Z16;Z17;Z18;219;220;221];
%% Target for ANN Fitting %%
i = 1:50;

Z1(i) = 1;

Z2(i) = 0.999;

Z3(i) = 1.001;

Z4(i) = 0.998;

Z5(i) = 1.002;

Z6(i) = 0.997;

Z7(i) = 1.003;

Z8(i) = 0.996;

Z9(i) = 1.004;

Z12(i) = 0.994;

Z13(i) = 1.006;

Z14(i) = 0.993;

Z15(i) = 1.007;

Z16(i) = 0.992;

Z17(i) = 1.008;

Z18(i) = 0.991;

Z19(i) = 1.009;

Z20(i) = 0.99;

Z21(i) = 1.01;

Target2 = [21,22,73,74,75,76,27,28,29,710,211,712,713,714,715,716,717,718,719,720,221]";

a Y o =" o 1 =1 d!
7.2 uslnamsudmsudnasuuuviiandlasevietszarnmen lulasunsy MATLAB @4

Usznoulidre ANN Pattern recognition LA ANN Fitting

'y o
Neural Net Neural Net
Fitting Pattern Recog

a o o o 8 o 1 =\
g'ﬂ 7.2 ol wamsud s unnaounuuIan Inseuiedseamimnoy




MANHIN 3

5181ﬁ8!%2]WIJ’tNl"ﬁ‘m“lfﬂg!!ﬁ%ﬁ%ﬂﬂ%ﬁ!ﬂﬁ@ﬂ!!ﬂ?!!ﬂu



220

aa dJdg J
i.1 AUSIIBHIBITVUDIYANTINAAD

I

A a s 4
?J‘IJVI 3.1 aUYTIEULED T

aa Jdg ¢ a A o v I a A
1.2 ‘II‘H1ﬂﬁlli’)Q’e’l!‘Mf.l5!‘1514!“15?)5slli’)\‘l‘lgﬂﬂﬂﬂﬂﬂiﬂﬂﬂﬂm”lﬂ!!ﬁzﬂ’n&l!Ni’)&l“r‘m’aﬂlﬂu Haatung

J8
& :
j f
a ."I . —'_‘_f
Salp LED n &
1 1
Ape
\ Pl e 417
\ al
—— \
o Arrom xSl i el \
F.i of madhoad relatve to soale \ Delail A
! "2 stz semecs posion
2 [—— Scala wrtace

» /

A /
047 mam -/ O A b
/ | —
l_ n rd e a1} | | /4
k2 ] )/ [ ' ¢
e : A —

ﬁ f 2 0801

LS

~ aa Jd s
Z‘IJVI 4.2 YUIRUDIULUY T ULED T



221

o g o Y
13 vnaveImIaanIanaaie s a3 laanivivmily Naamas

e - Ovrall kongth (ME. 1 70) A, -
Ecala langth (ML + 40) 4 .
W
. Faleroncs mark Amior pasisen mnge ,\' i :‘-‘Mon-lbme-ﬁommwu
=
= = ) —t gy 5
i |
X s ) G 2 _|._!
(- 2. - le
12 I[ - II = I
R e ¥ el
P it C b
2% s w0
Mansunng «<ogrh (ML) A
- \s -
la— Fisadhoad opesal contredno
Finleranes mask Sensss pataen (insde saadhasd)

31U

A 2 aa 7a s
ATT NN .1 31YALIDYAVDIAUUY T LY ULLED T

General specifications

5V 5%

Power supply

Aipple
Temperature .“.»;-oune_
Operating
Humidity
Sealing
Acceleration Operating
Shock Non-operating
Vibration Operating
Wass Readhend
Cabla
Cabhle

Renishaw encoder systems have been designed to the rel

d to achieve EMC

120mA {yphcal), 200 mé RGH22Y, S and H

NOTE: Cument consumption Fgurss refer 1o unterminated readheads.
For dighta! outputs & further 25 mA per channst palr (e.g. A+, A—) wil
b drusen wilen lesminglid with 120 (1

For analogue outputs & further 20 mA will be dawn whan lemminated
wilh 120 0.

Power from & 5 de supply complying with the reguirernents for SELV
«of standard IEC BS EN G0950-1.

200 mVpp@fraguency up 1o S00 kHz mecdmim,

-2 “Cei70 'C

0'CWYssC

‘C-i“_L et nenidity Jpon condensing ko EN G00E8-2-TE
(1]

A L9 ) ] |
1000 més®. 6 ms, ¥ sing, 3 awes

100 m/s* max @ 55 Hz o 2000 Hz, 3 axes

45g

FHgm

12 cuee, double shielded, moxdmum dameler 4.7 min
Flan ife » 20 = 10F cychas at 50 mm bend radius.

EMC
In particular, atlention to shielding arrangements is essential.

but must b Ay

Scale specifications

Exale type

Scale peried
Linearity
Scale langth

Form gH=w)
Subslrale malerials

Couflicient of hermal expansion.

End fixing

Temperature Operating
Minirmn installation
Slorage

Humidity

Y
a ol a2 <
1.3 mummmmsmﬂmﬁmamﬁﬂ*ﬁ%um@{

Reflective qold plated sisel tape with prodeative laoquer ooating.
sAdhesive tacking lape allows dirsol mounling o e maohine substmale,
20 pm

21 um'm

Up to 50 m (> 50 mby spacial order)

0.2 mm » & mm (includas adbesive)

Mulalk. coramics and composiles wilh expension cosllicents
between 0 and 22 pmin? G

{sleel, ahafminiem, W, ganite, cesamic ele.)

Matghes that of subsirate material when scale ends ane lned by
Py moun:ed end Camps

Epoury mounted and clamps (A-BR23-4015) using 2 part apaxy
adhesive (A-BG31-0342).

Scale end movement typically < 1 um up o +40 °C.

-10"Cio +120°C

10°C

=2 "Clo+f0C

B5% relative huridity (non-condensing) to BN GO0EE-2-TR
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Origin of 3-M3
phase Z depth 7

1426

L
Al

*EBB2-CWZ6C, E6B2-CWZ5B, E6B2-CWZ3E

5-dia. Shielded cable with 5 conductors

(conductor cross section: 0.2mméZ, insulator diameter: 1,0mm)
Standard length: 500mm

E6B2-CWZ1X

5-dia. Shielded cable with 8 conductors

(conductor cross section: 0.2mm?, insulator diameter: 1.0mm)}
Standard length: 500mm

.
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Categjorise Incremental Shaft model
Diameter 40 mm dia.

Power supply voltage 5VDC +5% ripple (p-p) 5% max.
Current consumption 160 mA max.

Resolution 1000 PR

Inrush current

Approx. 9 A (0.3 ms)

Output phases A -A B -B Zand-Z
Qutput type | Line driver output
Output Vo 2.5V min.

Control :

it voltage Vs 0.5V max

Load High level {lo): -20 mA
current Low level (15): 20 mA

Starting positional point | Supported

Max. response frequency | 100 kHz

Phase difference on
output

90445 "between Aand B{(1/4 T £ 1/8T)

Rise and fall times of
output

0.1 s max. (Cable length: 2 m max., 1o = -20 mA, Is = 20 mA)

Starting torque

Room temperature: 0.98 mh.m max.

Moment of inertia

1 x 10™-6 kg.m™2 max

] Radial: 30 N
Salt laading Thrust 20 N
Max. permissible rotation | 6000 r/min

Ambient temperature

Operating: -1010 70°C
Storage: -25 to 85°C

Ambient humidity

Operating: 35 to 85%
Storage: 35 to 85%

Insulation resistance

Between charged parts and the ase: 20 M0 min_ (at 500 VDC)

Dielectric strength

Between charged pams and the casel 500 VAC 50/60 Hz 1 min

Vibration resistance

Destruction: 10 to 500 Hz, 2-mm or 150 m/s**2 double amplitude for 11 min 3 times each in
X, Y, and Z directions

Shock resistance

Destruction; 1000 m/s**2 for 3 times each in X, Y, and Z directions

Degree of protection IEC: IP50

Connection method Pre-wired models (Cable length: 2 m)
Case: ABS

Material Main: Aluminum

Shaft: SUS420J2

Acuessoriq?’A

Instruction manual Couplings. Hex-head spanner
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— Two reasons for the generation of dust are metal-to-met-
al contact and mutual friction between rolling elements.
— THK also offers a range of clean room-compatible

THK offers a range of products with a cage for minimiz-
grease products. ing metal-to-metal contact and mutual friction between
Clean room » AFE-CA Grease (THK) the rolling elements. Furthermore, the cage is also
» AFF Grease (THK) structured in a way that maintains the lubricity, making it

® L100 Grease (THK)

suitable for use in clean rooms.

— Anti-rust oil is applied as standard, so please
specify if it is not required.

A 1o A = aa o A
A5 NN 9.4 MAUUsEENTUTAFEANIUVIANITLUT I

Table5 Frictional Resistances (u) of LM Systems

Types of LM systems Representative types Frictional resistance (u)
SSR, SHS, SRS, RSR, HSR, NRINRS 0.002 to 0.003
LM Guide
SRG, SRN 0.001 fo 0.002
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Sample Calculations
(®Machinery Selection

* Load Mass M = 5 (kg)

« Ball Screw Pitch P = 10 (mm)

« Ball Screw Diameter D = 20 (mm)

« Ball Screw Mass Ms = 3 (kg)

« Ball Screw Friction Coefficient ji = 0.1

= Since there is no decelerator, G=1,n =1

(@Determining Operating Pattern
(mmis)
» One Speed Change g
= Viglocity for a Load Travel V = 300 (mm/s) 300

« Strokes L = 360 (mm)
« Stroke Travel Time 1S = 1.4 (s)

* Acceleration/Deceleration Time 1A = 0.2 (s)

* Positioning Accuracy AP = 0.01 (mm) Time (s)
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(@cCalculation of Motor Shaft Conversion Load Inertia

Ball screw 2 2
g .iu=!'!!a—°i «10°¢ J.=-:"-’-‘é39—x1u*=1.5x10-‘.:kg.n121
e P =ML x 104400 Jn=5x(§-£§\14}-xw'+1.5x10‘=1.53u10‘{kg-rn"}
Motor Shaft Conversion
Load Inertia J. Ju=Gx (Jw +da) +1 Ju =dw = 1.63 % 107 (kg-m?)
(@®Load Torque Calculation
;:‘::;?‘““m 'r..-wgf% x 1078 Tw=0.1x5x98x 510 x 10278107 (Nm)
Load Torque To T“% Tw TomTw=7.8x107(N.-m)
(®cCalculation of Rotation Speed
- SV 60x 300 _
Rotations N = SO = B0%300 . 1800 (1/min)

(®Motor Temporary Selection [In case OMNUC U Series Servo Motor is temporarily selected]

Dep———— & 163 108
selected servo motor is | JM 2 2L 0" 30 =85.43 x 10* (kg-m*}

30
Wors Wiew 1130% of & koad Temporarily selected Model R88M-U20030 (Ju = 1.23 x 10,

80% of the Rated Torque
of the selected servo
motor is more than the Rated Torque for RBBM — U20030 Model from TM = 0.637 (N-m)
load torque of the FRERmN Tu =0.637 (Nom) x 0.8 > T = 7.8 x 10% (N-m)

M=l HUG > =7
conversion value
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Rusgged cast metal cavers Sar
reliabie prodection fram
electical nose and harsh
operating conctions

Latest feedback ophans,
pracizicn algned o each

moeor, for maximum
performance and control
Staters buill for: Maximum Tongue,

Envirenments Protection and Reliability

= Segmented constraction with maxim winding il
for kwer resistarce sois and mare power

= Stators insered in alerinum sheks and
complelely ercapsulated n Eposy
o maxinize hesl transfer and protest e
motars from harsh operaling condilicns \

Rugged alumirum endeaps wilh
aleal inaerts and hgh capacity
besarings, for lang life with high
radial lgas

Shal movement controlled with
eaplured bearings 1o efmnale
axial movament, for consstent
feedback perfomance and precise
load canirel,

Low cogaing rators buill for, Power, Spesd and Accuracy
*+  Hign energy magnets provide enhancec paak omua

+ Bepwed magnats minmas cogping.
for smoctn Bpaed coniml and socurats positioning
*  Doutle bended magnats and precision salsncad,
for smoctn ralisble Righ speed parfarmance
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SMO0601EE4(200 Watts) -5.2Amps

DC Bus--48VDC
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SMO601

200 Watt
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(with 2500 PR incrementl encodar non-aeaiot pids- |1 o SOS01 LS00t
tic connectors, no brake)

DC Bus(VDC) 48 80
Rated Output Power watts 200 200
Rated Speed pm 3000 3000
Max. Mechanical Speed Pm 6000 6000
Rated Torque Nm 0.64 0.64
Continuous Stall Torque Nm 0.68 0.68
Peak Torque Nm 1.9 1.9
Inertia (with encoder) kg m~2 0.165 X 10° 2165 X 10*
Inertia - With Brake Option kg m*2 0.22 X 10* 0.22 X 10*
Thermal Resistance (mounted) CIW 1.9 1.9
Thermal Time Constant Minutes 15 15

Heat Sink Size mm 180.x 180 x 5 Aluminum]l 180 x 180 x 5 Aluminum




MANHIN D

a d‘ Yo a A d U
mlmmwmﬁw"lmummwuwmmam



d' a d' Yo aa J U
smﬂvmmmm’;mm‘m"lmummwuwmm!m

Chommuangpuck, P.; Wanglomklang, T.; Tantrairatn, S.; Srisertpol, J. Fault Tolerant Control
Based on an Observer on PI Servo Design for a High-Speed Automation Machine.
Machines 2020, 8, 22.

Chommaungpuck, Prathan, Siwanu Lawbootsa, and Jiraphon Srisertpol. “Fault Detection of
Linear Bearing in Auto Core Adhesion Mounting Machine Using Artificial Neural

Network.” WSEAS Transactions on Systems and Control 14 (2019): 31-42.



A a o A =S (2 12 S a =
wiellsesu vuuelln wadun 30 YU1AN 2520 WHIAUATIIFTN LTUNTANYI

[

=2 A A = a [ [ S &% =
seaulszondAny1ln 1-6 1lsuSeumauia 1 (Dﬂi‘W']’J‘VIEﬂﬂi) WHIAUATINYTU UTIUANHN

=

A = = a [ (2 2 =S C% =2 A A = =
7 1-3 N15U50UFTNIINGIAY WHIAUATTIFTU UTouAns1UN 4-5 N 155U YYINao

(=2}

a o = [ = 7 a = osj (]
IneradIal awMIAnITzaUYIzmMaAtelnI I BIFNTUGY (Ure) d1v1gienalisau
A @ = = 0o < =2 J o a
Aaoiumalulags 1 yuanaunsNsau uazdusamsAn¥IATMaaTgaa1HnIsu e
4 4 a o
(AOV. 1NT99NA) AMIZATANAATYATINNTTN UHTINeemna Tu Tadnszrounamszuasivile
4 o o < a o a
ATUNNUNIUAT IO WNEANT 1Y 2543 tag duSamsAnEIIAINITUAMTATUNIT NN
A1 InIrnssuuanImseilng dnindmiaanssumans yniinedemaluladgsuis
Tandaunssiwdun e w.a. 2558 naz'lddnuiaeluszduiainssumaasquiiuda
a a a d o w A a P a [
A1INIAINTIVNAAIMIOUNT A1INIFIAINTTUAIAAT NUMIINedema T TadgIuns
Tusennadn 1815z noue1¥nIAIn3NuNLn HGA Process Development 114414 Principal

a o ad aa o w
Engineering 1uUsEnnamsuainea (Uszmalne) i1a



	Cover
	Approved
	Abstract
	Acknowledgement
	Content
	Chapter1
	Chapter2
	Chapter3
	Chapter4
	Chapter5
	Reference
	Appendix
	Biography



