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MACHINE LEARNING, ARTIFICIAL NEURAL NETWORK (ANN),

CONVOLUTION NEURAL NETWORK (CNN)

Hard Disk Drive ( HDD) utilize automation machines for the assembly
processes used in the industry to achieve higher production rates and lower costs. The
Head Gimbal Assembly (HGA) production process has two main parts: glue dispensing
and slider attaching by an Auto Core Adhesion mounting Machine (ACAM). The slider
attaching brocess produces a mounted head to the suspension utilizing vacuum pressure
to hold and position a slider. The errors from a vacuum leak effect to slider loss
defective ( SLD) resulting alarm71 and machine downtime. The proposed Fault
Detection and Diagnosis (FDD) to detect and classify fault level of the mount head.
Applied the Artificial Neural Network (ANN) and Convolution Neural Network (CNN)
for detection and classification to investigated fault different class: Good, Fault I, Fault
IT and Fault III, comparison to classifier between ANN with 2 inputs and 3 input and
CNN. that result, a fault detection and classification has achieved accuracy are 95.8%,

94.3%, 87.6% and ability reduce alarm71 are 1.919%, 1.886% and 1.756 respectively.
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Platters

Spindle motor

Slider

Suspension

Actuator

Case
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2.1.12 uomosruLNuLLvMan (Spindle Motor)
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component
image plane

Green component
image plane

Pixelg : (255,0,255)

Pixel,: (127,255,0) Red compenent image plane
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51 2.10 m3uasnm RGB 1iilunmszdum (Grayscale)

253 mwluns (Binary Image)
Y
a I~ 1 @ o
matatidumsudasTnuatmimvesnaazyalugdam s Tnuadurad
a v Y A Y 9 1 1 1 Ao A 1 1
TagAnsannnmanududvesyalugdamduniivinnniamndimunse T minunn i
[ ~ v o 9 1 A (Y] =] S o [
szutlasnniudvd Tumendunu vindesnuseminuazulasaniudd Tasuaans

I~
aunNIIn 3

1, if (LSG(X,Y) } 3)

Goaw (X,Y) = {o, if (L>G(x,Y)

9y
Tas  G(xy) Ao MeAdumnnududvesnagininlu Tnuadm
Gpew(xy) A0 ManFuvasgamlulnuauiosm

L A0 Maand s umuuas19aa U ua

I 4 [ [ ° 1
mmﬂaamwiﬁ'gﬂu"luuﬁgﬁauﬂaammmm‘wﬂaum"lﬂqﬂszmumiﬂismawammmu
aa & ya3 v Y = ° 3 a ] )
Avnoa Bazguaasliirudennududv g awnsanuwaziveannla 256 szau Tag
9 ' ° Y 1A ° 3 A A
doyaninuaazynazgnmruaalead iy Inuanined nazazuasiunwluuisad

a & 1 a o 9 U A ~ = =
YUIA 1 UA %chulmazﬂﬁ‘ﬂgﬂiﬁuﬂﬂ’wﬂ”l 11390 IWJ‘VI 1 HUINTATVT LA 0 ISLAA

v
o X

iWugadd Falimsldaunsalaad (Threshold) Tunisudlasaiw naaslfifiudagli 2.11

v
o w A

S AR A Y ° ) o 1o v
L‘Wi”lgﬂzuuﬂ]WlliJu1§§]Q3Jﬂlﬂ§]"Iﬂﬂ1/]ﬂ$u?ﬂ]WﬂJ]iﬂflLﬁﬂQﬂ]WIﬂﬂ‘ﬂquﬂ LW]‘VI”IiWﬂ”Ii



18

Uszuramar ldsrasmazTlszansaiw msdszurananin luuisinld1dunlunis

{ <
ﬂizmawaﬁ'mmﬂmﬁ ﬂﬁﬂimﬂﬁNﬁ“ﬁﬁﬂ\‘lﬂ'ﬁﬂ?ﬂﬂli’l@ﬂ

{ o & o
g 2.1 msmlasszavdmlddunimenas

2.54  MSUENENIN (Color Thresholding)
Y o . dy [ 9

3UA N fixy) Usznouaedag (object) HagWUNEY (background) 1A8ADY

o L= 1 aad =S Li' dy 2 =S
MUUAVBUIVAM TUDILAAL AT TVBIN NN AU 1999NINNNNUNAY TAgNITHEATAIN
3 A A 9 A Y} ° 1 A A 1 Ao
Wunszurumsnaendoyananleesnainain AvamnuaaIAIN Threshold (T°) HIBAININ

a 1 ] ' I v A Aaa
Ifinagadeunasuesnmdumiv Fuilumsiszuananmszauiinaavesnin Tauesd

[

= 1 [ =S dl = dy
VSUANVUANANNUATUNG B Tagdun157 4 99 Threshold UAIH

B L(white) if  f(xy)>T @
|O(Black) if  f(xy)<T

{ o [
Tagl  Threshold = 1 APBIAYIZNOVVDININIAY

A J g o
Threshold = 0 A00IALTENOUVOIMNNUHAY

] =S
2.6 MIAINUABANNLA8 VI (Fault Tolerance Control)
A A o A Y A A P =\

Lﬂﬂuﬂﬂgﬂﬂ@ﬂl!ﬂﬂl!a$W(§J\IHHW'€JL!ﬂUl"U§$°U1J l,llﬂﬂlﬁﬂﬂ1iﬂ!ﬂi$ﬂﬂhﬁﬂ13$ﬂ'}1ﬂ
~ a da! o o Y Y o 1 9 =2 9 a
[@IEUnNAVYU T@mwuﬂmﬂuEmwmmmmﬂmwummmﬁmm"lﬂ'lﬂ INUNISUUISING
Y 1 ds! A a a Qda! < [V o A A
"U’E]‘UﬂWi'éJQﬂuﬁiﬂlﬂﬂﬂ'JHJW@ﬂﬂﬁ"lluﬂﬁnJ IﬂﬁlﬁﬂﬂﬂWiﬂ%‘i'lu"UfN5$‘U°1Jl,‘illﬂ1ﬂl,ll’é)‘i$‘lﬂj

Y a A 9 1 d%' o v A [ G

ATIINUIDNANAIANIDUDUNNIDIVU l,l,ﬂ$1/]'lfﬂiﬁﬂﬁuslﬂIﬂﬂﬂWiﬂiUﬂ?\ﬂfﬂﬂ?UﬂNﬂiﬂ

= A a da! 1 Y =~ a A % 1
FALBYAIULTIN1NINAV U ﬁﬁﬂit‘l%m“}fﬂﬂt‘gﬁWIN 9 llﬂf]ﬂ?dllﬂi%ﬁ‘ﬂ‘ﬁﬂ?“l/‘l Tﬂﬂﬂﬁﬂi‘ﬂﬂ?



19

: . . & do o a A,
muquﬁlm (Reconfiguration mechanism) LW’E)LLfS]/llﬁllﬁi}JlﬁTl/lﬂ”laQ!,W%ﬂluﬂg Manslszuiana

o ]

A3799 (Detect) 32YA1H U (Isolation) AadAdIUl52111A1 (Estimation) Yodilgyn1nu
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27 32UUAIIVUMAZIUANAAINAAWAIA Fault Detection and Diagnosis

(FDD)
a I 21.;
N1TATIVADUAIINNANAIAUDITL VU (Fault Detection) Lﬂuﬂluﬁﬂul!’iﬂiuﬂ”ﬁ
a o ¢ A [ 1
@]S’J%ﬁ’ﬂﬂﬂ’nnNﬂWﬁTﬂﬂJfNigUUI@EJ%SG]TJ?]ﬁf)‘Uﬂ”lS‘l/]NiuﬁlJ’eNQﬂﬂim ﬁma%mwﬁmm
s a L%I A 1R Y] s R~ Y ' A o A
LﬁﬂﬁTﬂLﬂﬂﬂJu‘Hi@th FINITATIVVUANUAM0TNIIUANNADINITUTN NOUNITAWUUNIT
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"lﬂqmu@]@ummm BAMUAANDIAVDITZ UL (Fault Diagnosis) 1UmMIININTEUUFVLIBS

ADN fault detection WOIZYANHALAZAWNIIUDINTINAANUAANAIA TUTZ U

2.8 szuumn{l’usmzszuﬁumﬂammﬁﬂwmﬂ Fault Detection and Isolation

(FDI)
Y = = a X A A ° A a A '
ATIVIVUIEUUNUANUFTIN YN AV ‘Hi’é]llﬂ151/]NTNﬂ@]WQulﬂﬁﬂﬂﬁﬂTJzﬂﬂﬁ‘HiﬂuliJ

2 A~ = a X 9 Y a = 2 A
FIUNDUANULF YN 18INAUVU ﬂzﬁ@\jﬁ']ulﬂj’]ﬂﬁgﬂjuﬂ'lﬁclﬂ"u’f]ﬂﬁg‘ﬂ‘ﬂlﬂ@ﬂj’]NlﬁUW']U"Uuﬂi]'ﬂ
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d‘ Y o o [ o A A
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M3tlsznamaNuAaNaIANNAYY (Fault Estimation) #39A1AMNHANANA 11501 TU1/59
AszuIuMItie liA1aInadoeas (Residual) 11ag Non-Model Base 7D N1A319a0UANIN
A (2 1 A o o 1 .. . . S & A =
ﬂjaummﬂﬂi’smaﬂymzmsmqmg%u"ls (Condition Momtormg) aﬂwmﬂizmwmau%ﬂa
. I ] a \ ] o
Intelligence FDI #4:J1N1305299UANUAANAIALLUII YNGR IATOIINTILAINITDHIAU
9 ~ 9 kY 1 R A v A [ 4 o ] ~
wnle Boud uazudtyriaie q Flianuawnsoszaufednuuysd dwsaiimnediei
o o a a [ 4 o L [ 4 Y 4 o
wypdr 18 vazfidse@niamlndifesnuuyud i ldsegnaldnunsoatnsive v
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MITLYMLHUIANWTINY HAAINITMUNAIFUN 2.13

FTC/System identification
+

Control reconfiguration

Model Based Non Model Based
el Fault Condition Intelligent
Estimation Monitoring FDI
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29  ilyanilszAvg Artificial Intelligence (AI)

. . A A ¢4 P & A o
Artificial Intelligence #3oysau il umansuuuaniiaueaInemans ag

Jd v 9
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BIANNFAN 9 1ATBITNINUANUTINTIMaIHnde N uTaylszaug &9 AT A
I Y @
poniflunaisszauauANUAIITIHIOANRAIA TagazTasinanudwsolums 19
[ a o & A = [ J J

MARA NIWA HAzNAUAAYDY AT AIUY 9 WarfTsuMeunuuyyd uaatodnllsznouves
a Jo { a a d¢ ' I 1

Yaygilszavgacgu 2.14 viieveslyamlszaug (A1) gnusesmiu 3 Uszian 1dun

U D)

1. ﬁﬂgﬂlﬂﬂ‘izaﬂi (Artificial Intelligence)
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a v A . .
2. MISIUIVDIATOI (Machine learning)

= Y a K .
3. MIIIUIYIAN (Deep Learning)

Machine Learning

Deep Learning

514 2.14 esrlszaovvetlynlssang

(2

o I o 4
Al gﬂmuumﬂu 3 i$ﬂ‘]Jﬁ?ﬂﬂ??ilﬁ"]lﬂiﬂﬁ%ﬂﬂ'ﬂilﬂﬁ?ﬂ @Nﬁ
a J Aa A A Y J o
1. ﬂfl]uiyﬂ‘ljigﬂklﬂl“lﬁllﬂ‘ﬂ (Narrow AI) A9 Al “VI?Jﬂ’lﬂllﬁTNTiﬂLﬂWT%WTQqﬂﬂﬂQWNHBEJ
a Jd A A v A o o o
2. ﬂiyiy”lﬂigﬂ‘hliﬂ'lllﬂ (General AI) A9 Al NUANUAINITATCAVAYINVUYBY FIN15DNT
oA Jo | Y Y] a a = Yo o 2
nn 9 eg1eiuyper lduaz IadszansnmwnlndiResnuuywd
a < ) A e A 7 £
3. ﬂiy)muTlJigﬂHﬁll‘]J‘Ul‘lliJ (Strong AI) D Al Vlllﬂ'Tlilﬁ'Wiﬂiﬂlﬁu@llHHfJGlu‘anfJ q AT
@ v A @ ~ 9 o s I ¥ o o '
W@Ju’lslﬁLﬂ3'0\‘1i]ﬂfl'ﬁ'lll'liﬂLiﬂuqﬁlllﬁgﬂ'lu'lﬂf]\‘lﬂﬂ'ﬂﬂghlﬂ AIUITDI1ADINITNINIU AN 9
= a Y 9 a I A a ]
Laﬂul!ﬂﬂWﬂﬁﬂiﬁNﬂ]@ﬂMHHﬂﬂ Iﬂﬂluul!u’)ﬂﬂ@nlﬂ!lﬂ]ﬁﬂ’f]\?il“l«q!‘]&lflﬂllﬂ1531ﬂllwuﬂ1iliﬂu§
9 v a kY A o a % Y
mﬂwm@wa mmﬂﬁu% ﬂ'lillﬂﬁﬂluﬂ'l FADAIUNITIADNLUUINN mmumﬂuaﬂ‘ﬂmzﬂmﬂ

J
Wy

=) k4 d' Y . .
2.10  MSYUIVIUAIBIINT (Machine Learning)
o [ 4 a
MachineLearningQﬂWﬁ)Jl!'l‘l]i%ﬂ@’]Jﬂuﬂ'lﬂﬂﬁ'lflﬁ'lﬁﬂ‘iﬂﬁ'lﬂ!ﬁlluﬂ DINIYU
a 4 a 14 aan ] I a ¢ A A A Y1 ]
INVINAAT ANAFITAT F0A ANUUIILIYY 1uag ABNNIADS ﬂulﬂﬂuﬂﬂi‘]ﬂﬁl“ﬁ‘i’lﬂﬂu
. S =BT v : . .
“Mathematical Optimization Problem” ¥t urlonanes191Haved Machine Learning wWums

o a 4 a . {
mldszuuneuiuneitous laareauesInslddoya An135nsna (Algorithm) A 14 lun1s
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= 9 a Jd Y (J ' o Y o d A
iFou3 (Learn) tazins1zidoyaninaredanazlszaunisal 1d191n1501an158in3 o
A a L ) A ~ ] v A & A A o
Uszitiuwa Taelinugnanmsnlzduuuiawisotsuen ldndaiu q fAeez 15 el

L o I

Uszgna 1 Tumsiinensanuiull1dlueuan mslddoyaamnsoldlanarenny naag
YszinnmsiFouivouniodnsasgd 2.15 Fu1en1ulsz1nNuee Machine Learning 14 3

% g
HUDALT

. . = Y = 9
1. Supervised Learning Liﬂugiﬂﬂmeyammu
. . = 9 Ay

2. Unsupervised Learning Liﬂugiﬂﬂllumay,aﬁ@u

3. Reinforcement Learning Gﬂugmuﬁmmnﬂé’am

Machine Learning

Supervised Learning Unsupervised Learning Reinforce Learning

! )

* Regression ‘

* Regression
* Classification

A = Y A @
311 2.15 Uszanmsieugueunsoains

2.10.1 Ms3eu3UUDIGaeY (Supervised Learning)

~ A [} Ay A A A 9 a '
qil‘]J'ifl 2.16 LLﬁﬂQﬂﬁl’iﬂMELUﬁJNEjﬁ@Uﬂﬂ ummﬂugTﬂﬂumimﬂiumam

9 A

Maoungnaosnney 15 udr1d Tueaneewizouinezaoulign 1u a¥19 Model Nz ld

JY v

A 2 v ) I v D o @ 9
apuNasjanuolitlanazndrodr liiiludoyadn (input) Tasriuerguanvuzdoyavos
Qy [ 1 [ (Y] ] [ I
uoilhanazndlreldad ) vy 1ad ladnvazvoaunazesrudrlyl Tasulaslfiilu
A g A I 9 Ad @ < ~ 1 9 Y o 1A
MuIneuNIneInoY visoiludeyaniludiaviiue (5o feature) WioulviMnoUNNAD
2 Y 2 AW A g A 1 o 19 <3| (g = '
weliJauazndiy FaNanYAE feature HIOTOYANUANA1AY Taaladpyai]uday (Gon
° 2 vy o T AA 2 A ' < )
labels) agiininueditlalamwi lundewnasniifenetitla e ld mput ta5audr 113

A 9y o . A 9w A @ 2 v Y
Fouivoyalaemsindou (Training) 1o IinouNuaes s auenuezuolianazndae 14
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1A dydal s A o a3 A G 9 Idy A Yy
1Y features HAIDTNITUNUDITYND muJuw%zmaauﬂuagammmm”lﬁuﬂ?mmmmwa“lwu
Y} A ~ Y ¥ A ° o MY £
ﬂlﬂyaﬂﬁﬁﬂﬂﬁmiﬂuiulﬂu1ﬂ1/\|’é]°l/l%21’]11&18W@E1W‘ﬁhlﬂﬂmﬂgﬂﬂﬂﬂ

U

Features Labels

Apple

X1=(57,186,255,102,..); yl=1

Apple

X2 =(43,112,244115,..); y2=1

Banana — X3=(196,40,215,5,...); y3=-1

[
"‘ X4=(77,143,205,..);  y4=f(x4) = 1

= ~ Y = 9 . .
:.jﬂ“l/] 2.16 LAAINILTIUIUVUNATOU (Supervised Learning)

= Y a9 . .
2.10.2 nmsﬂugsmu‘luuwaeu (Unsupervised Learning)
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~ a9 A 1Y A = ° A 9
31U 2.17 waasmseuiuun lulidaoune ludesdinmsmssumaoniigndes
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Y ] 9 1 1
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517 2.17 uaaemsiouuunliflidaou (Unsupervised Learning)

U

2103 MSBEUIIULIESHMEI (Reinforcement Learning)
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/
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(0D t (A
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319 2.18 naraamsFouuuuauiias (Reinforcement Learning)
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2.11  Jasavngszanniientiaseanindsn Artificial Neural Networks (ANN)
1 a o o [
Tasavnedszarniiey (Artificial Neural Networks) A Tuiaan1anaiasmaasainsy
o v Aa 4 4 o o
Uszuana T AUNARIIMIMUIVLUUABDUIUATULAS (Connectionist) 1HDTIADINTIIU
A S A A 9 ~ 9 °
o unIovIslsea i ludueauypd e NazasanNuaa lunsFeuinmssadigduny
(Pattern Recognition) Lm%miﬁ%ﬂﬂ’ﬂuiiﬁﬂ (Knowledge Extraction) UIASINUANNUEINITO
A A 4 a A 9 a dy 9 = 1 =y
niluguesuysd nurfasuduveunaiiail ldurainnisanuilnssie i 132010
H A 1 o & <
(Bioelectric Network) luaued n1snszaivisanladanis q 1dsuiludeall Dendrite 131
g’/ a I o {
Accept Inputmﬂuu%ﬂizmum%}ayjaﬁ"w Soma 131 Hidden Layer 1@ Axon wwimim
[ o { < ) <
nilasdoyaln ldnadwindoanis uazuaananie Synapses 1T Output Layer ¥ un1s
= I3 4 Y a Yo A = 9
Aeuuuuszusanlseamluaueaueauy b (neural Network) 11naununoizanan isouj
o o o A [ T o A A v g A
tazaadl lagdiasammaumioununguisaalszaminden Jeanuwiluszvuilszamn

o Y A = @ Yy 3 o ~
FWTDITUINRAY ﬁﬂiuna’llﬂﬂﬁﬂu !Lﬁﬂqqﬁlﬁuﬂ\igﬂﬂ 2.19

Dendrite Axon
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Node of
Ranvier
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inputs
X;

activation
functon

(;) ).
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net input
m'!/

activation

transfer
function

: 0
'l" s
threshold

a a 9 ' ~
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2111 @wsznauveatizseainidsn (Neural Network)

Y
=) o

A% I F) . 2 o 2 "o
1. Input Layer ﬂ%uu%mﬂuﬂlﬂyja nput WQ%TU?UM@QIﬁHﬂﬂIH@ﬂﬂUi]'lu'Ju

U
]

. VA y Y A o 9 a ' Yy 9 Y A =<
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Usznouals 01g e S9niaNo1de 2UNITU 4 8619 input layer N2 T 4 Triua (Unaudalu
. . = o A o a 4 U dyu
Machine Learning 519ziFenTateNin AT IZHMaIIm feature)

< ) { ] J % ] 1 Aa A
2. Hidden Layer i usuiogszninan ¥eezlinandaninaellszaninm

=)

TumsBouZvosTiaa §9 hidden layer Huaziinaui 1§ ndauddatraluna Tnoudaz ez
$143Uv03 Neuron 1111 113 A 185 Famsiitudunas s 191 neuron Aazdaragonisia
voaTuiaa TudIuved hidden layer imsinuiouaiioudiuiidouidoyaidadn nie
deep learning

M v
3. Output Layer ¥uilis1nziinerdoyasinnisaivam 114 siuvveslvua

Y
=

9 Y v [
Tuguil Yuegiugunuves output Mz 1114 wru Srarufiiuilu Regression Taosmuald

v
a

< Y o o Y = A v
output layer L‘lJ‘LlLL‘]J‘]J 1 T“I’Tuﬂ IWTIEABDINITAIADUAUAYTD anuwawmmwu"lﬂmamﬁmmi

£
Ay

19U 8199 predict ¥amuraveamnluunu x uaz y wiow o fu lunsaiiidesla output layer

3l 2 Trua Whudu

Input 1
Qutput 1

Input 2

Input 3

. Input Layer . Hidden Layer . Output Layer

31U 2.20 naasInssad e Inssielszarmiion
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d
2112 asnisznevvadlassnglszaminien
9 v . 3 Y A o 3 9 a £
1. doyatlowdn (inpu) Wudoyaiiudray windudoyadeguaindoes
uaaldeglugiimaSuanlassodssanniiousensnla
9 ' = [ s a X a
2. Upyad@io0n (output) AD WAANWTNINAVUIITI (actual output) 911
= Y ' =
nszUIUMIFIuIvedIassnelszanimioy
] ?7' @ A { ]
3. Animiin (Weight) Aedai Idanmisizoufveslaseiielszarmidion
A A =Y 1 & 9 ltdy <3 I o A Y o 9
¥30(38N0NY819%HI91 AW (Knowledge) Milazgmnuiurinyziive lglunisendidoya
A4 .
au 9 Nogluguvu@erny
7 o 3
4. MaAFuUMasIM (Summation function : S) 1lurasImvestoyatlowd Tae
[ %,’ o [ { a o
ihduagunuAnIminyeAaz) #af 1anduANN 9 W1V neuron VTIOWITINAY
J o < o ° o
5. Mandun1sua)ad (Transfer function) 1Y UM IAIUIUNITTIABINITHINY
' = = . X A a o YA a g ) . .
vo4 13991815z a1NAIN B9 activation function NHeNN A0 FnuesalanGY (Sigmoid

d o 4 a 4
function) Wan¥u latdos TuanuNUUIUA (Hyperbolic tangent function) 4@ Rectified Linear

Unit (ReLU) uaas1diiinlugalii 221

Sigmoid TanH RelLU
1.2 15 10
1.0 1 iy tanh(z) = 4 0 for z<0
z) = - 10 tanh(z - = 8 z
08 .ﬂ:’ 1 +e-* 14 e 2= f[) o 120
05 [
06
00 4
04
0z / P v ‘
A -
00 ——— 10 ——— 0
-0.2 -15 -2

gﬂ 1 2.21 Activation Function

2.11.3  HanmMIMmau
2.11.3.1 Taseanemsdadoya ld1anh (Feed forward network)
113119149 Neural Networks ﬁ’f)!,ﬁlﬂﬁ input 1911189 network Ao input 41
AW weight Y0auAaz 1 wafi 1910 input N0 9 VIV8 neuron 1210 MNTINF UL IB1
U threshold fifmua'ly §1masaniA1m1ANT threshold 1A neuron A9z output 0o 11

dyd [ @, A a A 1% 9y 1 9 [ <
output Hnazgnaslyda input U® neuron BU ) MFounU U network §1A1108NI1 threshold f

Y

A

v 11i1Aa output AedfnyAoITIRBINTIVAT weight 1Az threshold dnTuFINITRDIMsIND 1
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1
Yo Yo 2 A 9 Yo Yo =X a ~ '
msaeuldiuiin pattern voadaNiT1d0 N3 1H1U5 91 $91/nA Neural Network 92i58n11 Feed
1 U 90’ %
Forward Aon13 114194111 na127® Neural Network 92 5U4oya91n Input Layer #3191

(W) uan1l5zu1amnan1u Hidden Layer 1829007 Output 1ag Laaiaizli 2.22

Feed Forward

O Input Layer O Hidden Layer . Output Layer

31U 2.22 nuusaesIasenedscamidounoutlou lddreand

L — \ .
Tagnnmsnldlumsmauerdnaawnsamuialdoinaunisi s

y = f(Wx+b) (3)
Taof X' =[X %, %] Aommindouna
b" =[b b,..b.] Aoming lude
Wll WlR ) ]
W=l . AN NFAID UMD
W W



29

2.11.3.2 Tasanemsdadoyatloundy (Back-propagation network)
o A A A 9 o < .

N1IN1ITUVDI Neural Networks ADINDY input sUINIYI network NLDT input U

o 1 { 1Y I
AWM weight ¥9IUAAZYT Waf 1A91N input NN ) YVIYDI neuron IZLOINITIVAUUAINID I

o { o 1 1 <3 U
ReUNY threshold NiHua 13 §1wa3333A11ANN threshold 1187 neuron NILA output 88 11
Az . o . A A A o & g

outputuﬂﬂxgﬂﬁillﬂﬂi input YN neuron B ) Myounulu network FudunszuIuns

9 o Y o = 'y Y o 9 [
dounauaean153311un 151N feed-forward Neural Networks 1@ 1410 1 udounduain
output NAUNIN input 92(38n71 "back propagation" veiinmsl¥sanesiunyy back-propagation

4 ¥ 1 %3 1
welFlumsdsvdyahminazunuuveuaote (Network Weight) nasnnlagduuudoya
] '

dmsudnliunnsedelunaazasad m 145y (outpun) 1nwseaneszgnii lunfseudiey
v 1 Y
AuNanAIAK 33 1ANIMUIBNIAANUAANAIA (Error Estimation) F4A1ANNAANAIAT

1 @ 1 [ 4 1 % o 1 [ H
wgndenaudgiasevieie lgud lvanihminazuuuae 11 Tnseielszamiounding

9 v 9 v A = o 1 a 4 o
afnluaaunumsdetoyatloundufeaziimsihannuranainveuo1anaves luaany
14 a @ A o [ 1 H @ A o Y a a 9

1anaITateunaviiermsUsumanimiin e 19 Tumamaanuianainios

a

A Y3 @ A
nga waasldimuasgi 2.23
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Input 2

:@Dmput
Input3 i ’
Difference in
actual value
Input 4

6 (= (9 ()

= 0 ' a o
51N 2.23 LL‘]J‘]J’I]”I@E’NIﬂiQGUWEJ‘]JSSZ‘TWIWIEJML‘]J‘]Jﬂi’Juﬂa‘]J

Y

Faaumsamanuaanamvesmsad e Tueaaunsom lugluuivesnmashasaod (Mean

A A o oA Y ~ v A o oA
Square Error, MSE)I@EJ“VI Y o mwaawwﬁauiﬂm@aLiﬂuguaz Y D ATHAANWDN

target output

v

Tu@asueeanu A9aNNITN 6 Aall

1
Error = > (Yearget — youtput)2 ©
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2.11.3.3 ﬂ'lﬁ!.iﬂuqﬁlﬁTﬁiUTﬂﬁ\i‘ll"lﬂﬂﬁ$ﬁ']1/l!1/lfJiJ
Y = . .
1. MIFeeULDVUNITaOU (Supervised Learning)
<3| = A A G o A Y ' = v 9 Y dq 9
LTJUﬂ15L§fJULL1J1JVI3Jﬂ15LﬁﬁElilﬂWGl@‘UL“W?)Glﬁiﬂﬁ\islﬂﬂﬂﬁgﬁ']ﬂlﬂfJiJ'i‘Ug ijﬂmayaﬂ%ﬁau
[l ] 1< [ 4 o {a X
taoulign Taseedszamiisunazlsudneuie1# lamaounaau
= 9 = . .
2. m’u‘muguuu"hmmﬁ@u (Unsupervised Learning)

3 = a9 (=} =) o Y A A 1 ~
Lﬂummﬂuuuu"luu@aeu thiJﬂﬁWIﬁlelﬂWIfJ‘]J‘l’J’NQﬂﬁﬁEJNﬂ Tﬂﬂ‘lﬂﬂﬂizﬁﬂﬂmﬂiﬁ]g

v A

Y Y o 1% F) o say Y ] =
%ﬂlﬁﬂﬂjﬂix‘]ﬁﬁ”I\‘]ﬂ'JfJGI'JL@\WI”I‘JJﬁﬂﬂmg"’ll’f)\i"’llﬂi,l“ﬁ WﬁﬁW‘ﬁ“l/lllﬂTﬂ3\1‘1]18‘1.]33@111’1!,1/]8%‘1]3@11%153

@ ' 9 Y
Tanuavyvotoyald

8 YA X .
212 MSI38UIIYIan (Deep Learning)
Y I o U a 4 9 = o
msadrTumaszitludnyuzmsdsdoyavesduna lihiordya vinTasead s
Y Y
FUY¥oU (Hidden layer) W89 1 TUIZIToN1 TaT9U101U 5@ 1N ounuv919 (Single Layer
Y Y
Perceptron Network) UAMINNTUFOUNINADT 1 TUILFonI1 lasesvredszanifiouuyy
o 9 . A A ' . Y I @ ~
¥UHDU (Multi-Layer Perceptron Network) ¥30138031 Deep Learning u’dm“lwmumgﬂm 2.24
1 Y X
Artificial Neural Network (ANN) 1181094 hidden layer iane%u tite 1duanuamnsalums
a A J a 2 1 1 ] ) A 3 I A o
AaNunn1Und ansanentesdeais q ldegrausudngsyu Wunszuiumsnyiuieg
v J 9 o 9 “ 9 = 9 =) . A ~ Y
HaaWs9InToyai 1 (input) Taelensimeujuuulnsaan (Supervised) H3OMIITOUFUUD
13iTin15a®u (Unsupervised) HON10 Artificial Neural Network (ANN) fa1u150 14 1uns
d A o Yy 9 @ Y 1 I
WensaivIen1zsun lauds dagnion lUwauiaesoaiilu Deep Neural Network (DNN),

Convolutional Neural Network (CNN), Recurrent Neural Network (RNN)

Simple Neural Network Deep Learning Neural Network

A [ Y 1 =1
E’IJ‘VI 2.24 uaavanyue lnseaiteved Inseviedsea oy



31
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1.2 anyauzUed Filter
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Stride 1 Feature Map

37 2.27 Mvua@oudInTo MmNy 1

(HINN https://blog.datawow.io/)

Stride 2 Feature Map
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(HWIN https:/blog.datawow.io/)
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Stride 1 with Padding Feature Map

317 2.29 M3 padding

(W10 https://blog.datawow.io/)

2. Detector stage
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4. Flatten
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5. Fully connected
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Layer (Type) Output shape Parameter
Conv2D 1 (None, 248, 248, 32) 896
Activation_1 (Relu) (None, 248, 248, 32) 0
Maxpooling2D 1 (None, 124, 124, 32) 0
Conv2D 2 (None, 122, 122, 64) 18496
Activation_2 (Relu) (None, 122, 122, 64) 0
Maxpooling2D 2 (None, 61, 61, 64) 0
Conv2D 3 (None, 59, 59, 64) 36928
Activation 3 (Relu) (None, 59, 59, 64) 0
Activation 3 (Relu) (None, 29, 29, 64) 0
Flatten (None, 53824) 0

Dense (None, 40) 2153000
Activation (Relu) (None, 40) 0
Dropout (None, 40) 160
Dense (None, 4) 164
Activation (Softmax) (None, 4) 0

Total parameter: 2,209,484
Trainable parameter: 2,209,484

Non-trainable parameter: 0
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Day Fault Level | Image Mount head Pixel Pixel Pixel total HGA
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26/02/2020 Fault II 14,650 6,763 21,413 47,846
00:12

< ' o a o 1 2
911031 4.18 — 4.20 aziiiuId N Tuan 1w Good vziidasimanaaiie ulszunm 11,937 Fu uaz

4 1 Qy %
I AN Fault I aunsananiioumven lalszuna 30,743 ¥u tazan1n Fault I 160951

J Qy (7 U ' o
MINanIoIWeUsE NI 47,846 ¥ mﬂg‘ﬂ 4.18 ﬂi1T\|Llﬁﬂ\1ﬂ’l1ﬂE"fﬂJWLlT;ig‘I’i’JNinu’Ju



87

g A a F) o a v = <3 Y1 o
WUNNAFAATUUDN (outer area) LASDATINITHANNID VYU mﬂﬂim%mu"lmmwmu

[
=1

HuRNnasuuenziinu IdiNanainiue1gns lunas S 1uIueATINISHAAT 191U

ke

=S [ v J 1 o 43 A A 9 .
oy 11031 4.19 n9luaaInNNANNUTIEHINIUIUANURNIaA 14 1Y (inner area) Ay
o a o a 3 Y1 o A da 9 = y 4 A &
803 1MINANIB AU 1nnTIWIZTY Ias U uRNneras 1 Tu e T Ty
ANB1gNIT IF ULz TIuIusATINITRAAR I8 1A ou uaz 91n3Y 4.20 nTvludas
19 [ 4 [ o ¥ { A g’/ (% a I
ANMNFUNUTIEHINIUIUNUANAFANINUA (Total area) HALOATINTHNANTIO VI 91D
<3 Y1 o tﬂ RN 3 a 9 A 9 o
nshgiiu ldnsnuiuninmaninuaszinua Tinaaasmueignis Idaumaz s1uau
o a Y = = 9 a a <3 Y
PRI IMINANTI ALY 91NNITANEIOIYNIT 1H91U909 Mount head H1UARALNA dz¥iU 1A
" Y v
Mount head Hi01gm13 I undunin@ane 2 mi uazi Innanieudeu ladesninnd &
212NANANVAANAIAVAZ N Mount head HINITHIVIT 101U 1951 HI91MASUIN IUA KU

A A = ' 9 < £y
‘Vlvl,lllﬂll'l& 5$8$WJE]'IHLWJEJHU13JQTWIEN L“JJ‘L!GI‘L!

Correlation between Pixel outer area and HGA (unit)

21000

Good
20000

Fault|

19000

18000

17000

Pixel outer area

16000

15000

14000 e mm— S—

o R R R B R I AT T . M SR SN SR
PP PP WD PP
A %) o B ,\”\\ ,\’H« ,»")\ ,»Cb« mQ\ 'ﬁ‘ "(;)‘ ﬁl:b‘ ,),Qﬂ %’);1 0;11 %Ebw B"‘[,ﬂ b‘p‘ &\1

HGA (unit)

=g==Pixel Outer

a Y

~ [ v 1 o dy A
E‘]J“VI 4.18 ﬂi'W\ILLﬁﬂQﬂ'J']llﬁiJWH‘ﬁi%ﬂ'ﬂ\?ﬂ']u’)qulﬂWﬂLG]Sﬂﬂ']uuf]ﬂ

HAZOATINITHANN 291U



Correlation between Pixel Inner area and HGA (unit)
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® T1/51n5W Visual Studio Code

57 n.1 T1)51n5u Visual Studio Code 1o FUAMIAITNIN

Y
c%

® GUuG]'QUﬂ'IT]J%JL]Jﬂ'J']?Jﬁ'j’Nﬂ']W
A g A ) =S Y g}/ . I A o o
- alaTysunsuvuyiierims@en Taa 9103190 import ev2 151 Tauisdmsy
a Y
lWﬂUﬂV]']Qﬂ']ugﬂﬂ']WIﬂﬂlﬂW'lg

- M3dsuANuaIeInMIzdenlsuna NI uaasasgl n.2

¢ asus b Desktop b ® dffc
import cv2
import numpy as np
from PIL import Image
import os
adjust gamma(image, gamma=1):

invGamma = 1 / gamma
table = np.array([((i / 255.8) ** invGamma) * 255

for i np.arange(@, 256)]).astype("uints")

return cv2.LUT(image, table)

711 0.2 TaalumsiSuanuaienm
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o'l 1Ranndudununds mimfuezfunniudiznmves original iitesiins
U5uanuaIne dre1aa cv2.imread

o130 muds himsusus Tas brightness value = -20 92 18310 miiTanu
a9iosad (decrease brightness), brightness_value = 20 %x”lﬁ’gﬂmwﬁﬁmmﬁﬁnmm
Gﬁu (increase brightness) (18 Contrast value = 1
mm‘i’uwvxl%agﬂﬂm“lmjﬁ"lﬁ'ﬁmﬁﬂ%'ummaﬁnué’a uaziluuwanaziley BMP
flu PNG ifie 1 1dnnuandaiiauntu uazdensaiiv 1y Tlamesfiason'l
wermasag Uit v.3

gﬂmwﬁﬁwmsﬂ%”ummm'wﬂzuﬁm%um wazazedluTiames lnifiden'ls
HaMIAAANN VeI NI AIR g LT 1.4

HAMINUANNEAINVRININ LAAIAIFUN v.5

for x in range(1,500):
image = cv2.imread(r"C:\Users\as op ass_mounthead\Fault IT\5
new_image = np.zeros(image.shape,

brightness_value = -2@
contrast_value = 1|

y in range(image.shape[8]):
for x in range(image.shape[1]):
for ¢ in range(image.shape[2]):
new_image[y,x,c] = np.clip(contrast_value*image[y,x,c] + brightness value, @, 255)

cv2.imshow( " image', image)

cv2.imshow( " edi new_image)

print('Press an

path = 'D:\Image_|

cv2.imwrite(os.path , new_image)
cv2.waitKey()

cv2.destroyAllWindows()

9
Q/

~ o 9 9
Eﬂ% n.3 VUADUNITUIVBYALUT
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A

() Ao o P a d
o fﬂiﬂﬁ’ﬂ‘]Jﬁﬂﬁ’nm1W1/]ﬁWﬂﬂJuLWfJﬁl%ﬁluﬂﬁ’Jlﬂi1$W

[

- 19 Google Colab Tumsasevdadiuidingvesnn Tasieulaaawuaalugilh

o

{ o o [ @ { o <
- TaggdMihinlddmSumsnsouda Avginmues Mount head 1 1dmsiny

FUMNIININNTZVIUMIHER TITVUIA 640x480 WA LAAIAIFUN 7.2

o Y A ~ J Ao o o a S =2
- “I/nﬂTiaWU‘LHWIIng‘lJﬂ1WGl1’ima’éJLWENﬁ’JU‘ﬂﬁ?ﬂi‘lﬂﬂﬂﬁﬂﬂﬂ’%ﬂﬂ%ﬁ EINIL9

YVANAD 250x250 NN HAAIAIFUN 7.3

[1]

3

[58]

3

[59]
3

from google.colab import drive
drive.mount('/content/drive")

Go to this URL in a browser: https://accounts.google.com/o/oauth2/auth?client id=947318983803-6bn6gk8qdgfindg3pfee6491hcobred

Enter your authorization code:

Mounted at /content/drive

import PIL

from PIL import Image

img = Image.open( '/content/drive/My Drive/Crop/Fault II/4 (1).png® ) # size: 640 x 480
x, y , width , height = 190, 110, 480, 480

#cropped = img.crop( ( x, y, x + width , y + height ) )

cropped = img.crop( ( x, y , 440 , 360 ) )

print ("Crop Finish")

cropped.save('4.png")

Crop Finish

print(cropped)

<PIL.Image.Image image mode=RGB size=250x250 at Ox7F18D4CF(C828>

v.1 Taanal¥lunsyiasoudanin
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o 51ﬂﬁ$LﬂEJWUENIFI@ﬁ'lﬁiﬂVHIﬂiQSIHfJﬂﬁz’e’f’]“l/lL“I/lfJiJL!.‘U‘iJu’J'if]ﬁLuﬂ!’Jﬁﬂ
A A
- NIUN 1 LL‘LI‘]J’ﬁ’EN’E]‘IN!G]
- TainsihTdsunsy MATLAB i1 lumsadrauudiaselasavielszaniiien
Y A A Aa ' L. aa A A 9
Neural Network 1aa141a503307158171 Neural Pattern Recognition 35N1TAD 1ATYNUDY A
a ] A % a Y o A
sunanazdeyaihvneio 1 lumasouiasgla a.1
o 9 a A Y dy A a Y .
- mmﬂwamay‘a@uwmiﬂma@ﬂh 2 AUANHUSLIAU AD WUNNNIFAATUUDN (plxel
Ay d’a 9 . . o 9J a = g’/ [ 1
outer area) tazwuANAranulu (pixel inner area) VUIUVDYADUNAUNIVUA 1,500 ATDUN
=S a ) Y [ A
%mmﬁmmﬂummﬂﬂmmu 2x1500 ﬂ\iqﬁj‘ﬂ“l/l f.2
3’/ = 9 1 1 A % ] I
- mnuumammmﬂmma (Target) IﬂEJLL‘UQﬂi]ll‘ﬁﬁﬂﬂQWﬁﬂJ@Qﬁ’mﬂNﬂﬂﬂlﬂu 4 90149
o I 1 { 19 1 < a o I
mvuadhvunedua 1 uazaaran lilsdhmnedu o awnsadeulugdvesunsng Idiiu
4x1500 9319 7.3
g ' 9 o ' Y I .
- %Tﬂuufﬂll'liﬂL!‘U\ﬂﬂi\‘lﬁiNﬂ']ﬁ‘VlN']uﬂl@ﬂiﬂﬁﬂélﬂﬂﬂﬂﬂulmﬂu Input, Hidden Layer,
= A A g [ 1 A 1 o . Y
Output Layer 1i8% Output ¥1A30900Ha18159150A 115 0 1@9113U Hidden Layer a4'11/14

winzaw 4 TuTuaaiils 2 hidden layer A331/9 n.4

«\ Neural Pattern Recognition (nprtool) - [m] X

1, Select Data
5
5 What inputs and targets define your pattern recognition problem?

Get Data from Workspace Summary

Input data to present to the network. No inputs selected.
B Inputs: (none) ~

Target data defining desired network output. T selected,

@ Targets: (none) -

Samples are: @ ] Matrix columns O [E] Matrix rows

Want to try out this tool with an example data set?

Load Example Data Set

@ Selectinputs and targets, then click [Next].

& Neural Network Start H Welcome & Back ® Next @ Cancel

A Y a 4
qﬁjﬂ‘lﬂ f.1 LgﬁﬂWuwnﬂumiﬂauauwmmmmm@



o Neural Pattern Recognition (nprt — [m] X
Select Data
What inputs and targets efine your pattern recognition problem?
Get Data from Workspace Summary
Input data to present to the network. No inputs selected.
¥ s R
4\ Import Wizard - [m] X
Preview of C\Users\asus\Desktop\Colab\Test ) 150005
Worksheats data
@ sheett 5
1 18912 6475 ~
2 19304 6439
3 1951 6386
4 18625 6371
5 18638 6370
6 18633 6357
7 18881 6319
8 19613 6309
9 18688 6279
10 18840 6255
v
[ hep <Back finsh [ Generate MATLAB code | Cancel
Want to try out this tool with an example data set?
Load Example Data Set
@) Accessing workspace.
[ Neural NewiorkStart | | 144 Welcome ®5ack || ®Newt | | @ Cancel
'
UM n.2 uamsvoyad 030
U ° U a Q
& e tion (n - O X

Select Data
What inputs and targets define your pattern recognition problem?

Get Data from Workspace

Input data to present to the network.

I

Summary

Inputs ‘data_1" is a 1500x2 matrix, representing static data: 2 samples of 1500

B Inputs: data_1 | VJ f | | elements.
Target data defining desired network output. 5 1 APt
@ Targets: — | B
4\ Import Wizard - (m] X
Preview of C\Users\asus\Desktop\Colab\Test ANN\Output 1500isx
Worksheets data
@ Sheet g 3 g 0
1 1 0 0 0 A
2 1 0 0 0
3 1 0 0 0
4 1 0 0 0
L s 1 0 0 0
6 i 0 0 0
B~ 1 0 0 0
sl . R S
9 Lol S 0F N
10 1 0 0 0
v
<Back Finish | [JGenerate MATLAB code | Cancel

% Accessing workspace.

& Neural Network Start

W4 Welcome

# Back = Next

@ Cancel

310

3 J 9
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«\ Neural Pattern Recognition (nprtool)

a Validation and Test Data

Set aside some samples for validation and testing.
Select Percentages

& Randomly divide up the 1500 samples:

W@ Training: 80% 1200 samples
@ validation: 10% v 150 samples
W Testing: 0% | v 150 samples

Restore Defaults

) Change percentages if desired, then click [Next] to continue.

& Neural Network Start K4 Welcome

Explanation
& Three Kinds of Samples:
@ Training:

These are presented to the network during training, and the network is
adjusted according to its error.

@ Validation

These are used to measure network generalization, and to halt training when
generalization stops improving.

@ Testing:

These have no effect on training and so provide an independent measure of
network performance during and after training.

®Back || ® Next @ Cancel

5U7 a4 uaasmsutisdeyaie 14as1a Tuaa

4 Neural Pamtemn Recognition (nprtool)

E{ Network Architecture

Hidden Layer
Define a pattern recognition neural network. et)
Number of Hidden Neurons:

Restore Defaults

Neural Network

Set the number of neurons in the pattern recognition network’s hidden layer.

Recommendation

Return to this panel and change the number of neurons if the network does
net perform well after training,

Pixel outer area

Pixel inner area

®p Change settings If desired, then click [Next] to continue.
& Neural Network Start I wWelcome

i Good
| N _J Fault |
Faultll
. Fault Il

* Back | % Next Q cancel

dl 1 = IS a
qijﬂ‘l/l f.5 Llﬁﬂ\ﬂllmaTﬂiﬂ"ll"lflﬂi%ﬁ"mmﬂNﬂimﬁ@ﬂ@uW@
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o -
- ATAN 2 nuuEBURA
- @i Tdsunsy MATLAB 1 1#lunsadauuusiaee Iasenelssaimiien

Y A A Aa ' . as = G Y
Neural Network laa 1150940758071 Neural Pattern Recognition 15N13A0 1ATINVDYA

[

a 9 A ¥ = 9 A
@uwmtaxﬂlﬂgaLﬂﬁﬂﬂﬂm@i‘lﬂummﬁﬂuﬁ \131]1’] .6

U

a

° v 2 v L da v )
- mmﬂwamamauwﬂiﬂma@ﬂ% 2 AUANHULIAY AD WUNNNLFAATUUBDN (pixel

F ' 9
outer area) ttaz WuANNsan1U 1 (pixel inner area) T1UIUTOYADUNALNINUA 1,500 720819

= a S Y [ A
VANNTOVGUNNGT N IALDY 3x1500 337 A.7
3’/ A 9 1 1 A % ] I
- nndwdendeyavug (Target) Tnoutanguusoaaiaussdlogwoomilu 4 nand
o I 1 1 G 1 I a o I
mvuadhvunedua 1 uazaaran lilmdhmnedu o awnsadeulugdveswunsng Idiiu
4x1500 #9317 7.8
S ] 9 ° ] PR .
- nnduansautelassademsiiauvesiaseiieeen lailu nput, Hidden Layer,
T ] 2
Output Layer 148 Output 41A3095 0 Ha13150150A 1150 1@91149U Hidden Layer a1 1%

Y 1
wingan'ld luTueaiily 2 hidden layer A331lh 7.9

«\ Neural Pattern Recognition (nprtool) - [m] X

L
& Select Data

What inputs and targets define your pattern recognition problem?
Get Data from Workspace Summary
Input data to present to the network. No inputs selected.

B Inputs: {none) v 4

Target data defining desired network output. NotamEElecs,

@ Targets: (none) -

Samples are: @ ] Matrix columns - O [E] Matrix rows

Want to try out this tool with an example data set?

Load Example Data Set

@ Selectinputs and targets, then click [Next].

& Neural Network Start H Welcome & Back ® Next @ Cancel

A Y a o
E‘]J“VI .6 Llﬁ@\?ﬁu']ﬁ'l\ﬂl.lﬂ']iﬂﬂuﬂuwﬁlla%!@WﬁV‘!@l



o Newra
Select Data
What inputs and targets define your pattem recognition problem?
Get Data from Workspace Summary
Input data to present to the network. Inputs ‘data_1" is a 1500x2 matrix, representing static data 1500 samples of 2
¥ inputs: data_1 ~[ elements.
4 Import Wizard - O X 5004 matrix, representing static data: 1500 samples of
Preview of C\Users\asus\Desktop\Colab\Test ANN\Input(3) 1500.dsx
Worksheets data
@ Sneent [ 3
25387 L
25743
25637
24996
25008
24990
25200
25922
24967
25085 -
Heip PR [ Generate MATLAB code | Cancel

‘Want to try out this tool with an example data set?
Load Example Data Set |
° Accessing workspace.

& Neural Network Start W Welcome | ®0ack % Next @ Cancel

317 .7 uaaadeyadunanuUA B UNA

W@ Training:
@ Validation:
@ Testing:

& Randomly divide up the 1500 samples:

) Change percentages if desired, then click [Next] to continue.

«f\ Neural Pattern Recognition (nprtool)

a Validation and Test Data

Set aside some samples for validation and testing.
Select Percentages '

Explanation

& Three Kinds of Samples:

80%

1200 samples | '@ Training:

150 samples || These are presented to the network during training, and the network is
adjusted according to its error.

150 samples
H @ Validation:

These are used to measure network generalization, and to halt training when
|| generalization stops improving.

Il W Testing:

These have no effect on training and so provide an independent measure of
network performance during and after training.

Restore Defaults

| & Newal NetworkStart | | Kl welcome |

®@Back | ®Next | @Cancel |

5U7 a.8 uaasmsutisdoyaiie IFas1a Tuaa
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o\ Neural Pattern Recognition (npriool)

Network Architecture
Set the number of neurons in the pattern recognition networks hidden layer.
Hidden Layer

Recommendation
Define a pattern recognition neural network,  (patt |
Number of Hidden Neurons:

not perform well after training.

Restore Defaults
Neural Network

Hidden Layer ‘Output Layer Good
Pixel outer area I .. i Fault 1
iy x ault
Pixel inner area B h‘ﬂ' ."@l . Fault Il
N dau
Pixel total area - L ) t
T . Fault 11l
W Change settings if desired, then click [Next] to continue.

& Neural Network Start M Welcome

 Back % Next

Return to this panel and change the number of neurons if the network does

O Cancel

d‘ ) = a
717 2.9 uaaluaa Tnsainelseammenauduna
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=} Y o o o ] =1 o
® 5wazdunved Inad i lasaelszamieununeu Tty
0 ¥ {o &
- ¥ Tnaadoyaznmunan Google drive 9101 Import Tav A uiludealdlu
msad1eTuma fagili a1
- hdeyagdaminasen 131ddmSuTumsAndou (Training) 1,200 M azginma
~ Yo @ . . [ ~
wson 13dmFumsasIvae (validation) 300 W ezl .2
9 [ o o o 1) o A Yy Y1 9
- adulueamuranmsvneu gy Tagvhimsdiuaian o el laminnugndes
44 o i
Nganga uaaanagili .3

= 9y [ =
- Llﬁﬂﬂiiﬂﬁm@ﬂﬂﬂTﬁﬁiNTMﬂﬁ L!ﬁﬂx‘]ﬂﬂqﬁjﬂ“ﬂ 3.4

=

from google.colab import drive
drive.mount('/content/drive")

[> Go to this URL in a browser: https://accounts.google.com/o/cauth2/auth?client id-

Enter your authorization code:

Mounted at /content/drive

° # import the necessary packages
import tensorflow as tf
import seaborn as sns
from sklearn.metrics import classification_report
import matplotlib.pyplot as plt
import matplotlib.image as mpimg
import pandas as pd
import numpy as np
import keras
from keras import backend as k
from os import listdir
from os.path import isfile, join
from keras.layers import Dense,GlobalAveragePooling2d
from keras.preprocessing import image
from keras.preprocessing.image import ImageDataGenerator
from keras.models import Model
from keras.optimizers import Adam
from PIL import Image
from keras.models import Sequential
from keras.layers import Dense, Conv2D, Flatten, Dropout, MaxPooling2D
from keras.preprocessing.image import ImageDataGenerator
from sklearn.metrics import confusion_matrix

AAo & 4
4.1 Import lavisnsudumeadraluaa

[9] #train_datagen = ImageDataGenerator(preprocessing_function=preprocess_input)
train_generator = train datagen.flow_from directory('/content/drive/My Drive/Train CHNN',
target_size=(24e,240),
batch_size=32,
class_mode = 'categorical' )

[» Found 1200 images belonging to 4 classes.

[ 1 # this is a similar generator, for validation data
validation_generator = test datagen.flow_from_directory(
'/content/drive/My Drive/Test’,
target_size=(240, 240),
batch_size=32,
class_mode="categorical')

[> Found 3200 images belonging to 4 classes.

o ¥ ¥ A~ )
3.2 1m1mgamwmmamsamswﬂuma



# MODEL

from tensorflow.keras.models import Sequential, Model

from tensorflow.keras.layers import Conv2D,

MaxPooling2D

from tensorflow.keras.layers import Activation, Dropout, Flatten, Dense

classifier=tf.keras.Sequential()
model = sequential()

model.add(Conv2D(32, (3, 3),input_shape=(240,248, 3)))

model.add(Activation('relu’))
model. add(MaxPooling2D(pool size=(2, 2)))

model.add(Conv2D(64, (3, 3)))
model.add(Activation('relu))
model.add(MaxPooling2D(pool_size=(2, 2)))

model.add(Conv2D(64, (3, 3)))
model.add(Activation('relu’))
model.add(MaxPooling2D(pool_size=(2, 2)))

# the model so far outputs 3D feature maps (height, width, features)

model.add(Flatten()) # this converts our 3D feature maps to 1D feature vectors

model.add(Dense(40))
model.add(Activation('relu"))
model . add(Dropout(6.2))
model.add(Dense(4))
model.add(Activation('softmax'))

# COMPILE

model.compile(loss="binary_crossentropy’,
optimizer="Adam',
metrics=["accuracy'])

1.3 Tnseadwvealunag

[16] poge1: ™ sequential 3"

Layer (type) Output Shape Param #
conv2d_3 (Conv2D) (None, 248, 248, 32) 896
activation_4 (Activation) (Mone, 248, 248, 32) -]
max_pooling2d 3 (MaxPooling2 (Wone, 124, 124, 32) ]
conv2d_4 (Conv2D) (None, 122, 122, 64) 18496
activation_5 (Activation) (Mone, 122, 122, 64) 2]
max_pooling2d 4 (MaxPooling2 (None, 61, 61, 64) ]
conv2d_5 (Conv2D) (None, 59, 59, 64) 36928
activation_6 (Activation) (Mone, 59, 59, 64) 2]
max_pooling2d 5 (MaxPooling2 (None, 29, 29, 64) ]
flatten_ 1 (Flatten) (None, 53824) ]
dense_1 (Dense) (None, 48) 2153000
activation_ 7 (Activation) (None, 40) ]
dropout (Dropout) (None, 40) ]
dense_2 (Dense) (None, 4) 164
activation 8 (Activation) (None, 4) ]

Total params: 2,209,484
Trainable params: 2,209,484
Non-trainable params: @

= K
1.4 Tvazea lasiadevesuma
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