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ABSTRACT

This thesis proposed a convolutional neural network for defect classification
method to deploy on a prototype station of copper clad laminate surface defect
detection in copper clad lamination quality control process. The proposed technique
can solve the problem of mis-selection features for a classification task. According to
the neural network weight adaptation process, the weights in the model can properly
change to match with the filter of the feature selection task and the answer of
classification task together. In result and discussion topic, the designed network was
tested and compared for selecting the best performance of the composed layer and
hyperparameter based on the Particle swarm optimization. Moreover, the K-Nearest
Neighbor method and a classification of the circular hole in steel work pieces was
performed to test the efficiency of the proposed method. Consequently, the tested
result of proposed method was achieved 91.33% in the copper clad lamination defect
classification and 90.00% of the circular hole classification which is enough for the

industrial inspection.
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Usvamitsuwuumsuligdudneie tneilemianuadudiudrdgluniseenuuussuy

AIVIALALAALYNUTZLANIBEANTANSUNISANYIAUAI AT TWINe 1 TN LS
Av A o [
2.1 9UYNLNYAVDY

TuaAnauIReNgniaTud s UL T mveanisnsiaduseediivsedmaunauy

ﬁuﬁwaﬁmq%Lﬁulﬂmqﬂﬁﬁwmé’mqﬂmaﬁﬁm%’umm%’u L2 miaamw‘uqﬂmzﬁ
[ 1 1 =3 e’d‘ % q'= L9 ) ‘ﬂ' 1
n5397m (Senson) lavdulnagaziugunsalnldarsiadnlnionisaiemyusey (Charge-
Coupled Device) [4]-[5] ﬁw%’umid’mmwﬁaLﬁuﬁaaé’]dmaaﬁ’mqﬁéfaqmi YNANNUGL
TENsauNgnTALTULBIUS B UM UANTI0A N89S0 T390 Lagldnisaunusieiaies
[6)-[7] nsldidesnudgs [8] waznistendisd [91-[10] uilagtumalulagdwmsunisanesy
= < 2/ [ Yl Ly Y 9 | v [ [ a Y

wsensiunmilagniauvilanuiuaiouagldnuieg aenadesiunisiauinalulagaiu
miﬁqﬁaﬁwﬁﬂﬁmia%ﬁqmwﬁammﬁugﬂmwﬁmmazmﬂmﬂ%u ASNALNTEUIUNITHAR
Tugmamnssuienldnisarsnmmawnunisldnursenisiudeyaansuesuisssam
Mg lsilinissenameanmianudAglunisulasdeyaannamaigeenunlviegly

SnyeNeRan1TIAsIEAkaz AUTIUTILaY AT 1EiNan1IRSI9de U

fauddulugaziimsihssuuminanluldlunssuiunmsndnudinaunaninsiases

o 1
Y I

gntltudinadumiteitenatuisawauisele teswiannlansuseinniinisasyiounas

uhilanuenlunisdnuunsessmilognaunn anvmunainduluguiavedlansyssnnil



a1 U IS

anunsaagviounatlafluyuesmiaeiuisudnies dmwalinisaienmianueaianiou

(% a 4 o ad a &{ a LY a o a A a A é{’
GD’]ﬂ’W]Q"Ui\W]Ui’]ﬂ{]LLﬁBi@EJGﬂ‘Vm‘VILﬂWU‘UI‘L!ﬂig‘U'JUﬂ'ﬁNﬁ@]llﬂ‘ﬂ%ilsﬁum/lLﬂ@ﬂ@ 3 Te8LUaU

[
a

soedintu soedu sepvgUse uavivlusznndug Jssesmnifvuefidnuiniasdimans

nsvneanasinlinisamatnsessriuuudalulimdululaen

druiugnannssunisuanurumantafinisWaun ssuuuuwTuidu (Machine Vision)

d‘ o a a ay aa o a a [ .
LWBRIVADUIDYAINUUURNITUIIUY [11] 21AT5N1TAUUNITNAMNAAIEAT (Morphological)

=

TunsusznanalesduimiuiimsmeadfiiiesuunUssinnvessossivd seunaudae
[12],[13] leegurenisneaesdmsussuunmivinsosdmiivuiivesesgiillouvae lngseuy
fanadunisrausintusznnenisuszananan e male i nsendunisiendneans
LUUNEN (Hybrid-Morphological) Lﬁav‘hmiLLUaﬂﬂmamﬁmﬁmmsmmmaaugﬂLLU‘U':?@EJ
° aada ]

AuindisUsaazvuInNanaiureIseainillane ey

Y

TudumsTuundszinnvessunmnmsmadnuas fenauadiAydmsunisAnuen
Uszlanvesgunimuaranmsensdaiinaniandediuazldnsuenaadnwarainainseiuim
(Gray scale) wazamaasziy (Binary picture) Tnsdalvgsossviiiintuuuialangayd
ShunzadeRmaTiAnt uuURe simerEeis WU aanTiue (CCL) 3

[
Y

iuivesiulildtenuSsumiloulanyund osnainnisuseneuusiutusnildiuves
Suiduinliesnana (Fiberglass) dsnaliiuvdmesunsdidnwazifuaed Tnglumuise
[14] TaviNnN53As1g iUl uualgnia1nAInsasluuLnLues (Gabor’s Filter) wagldng
AATLATIRUUIUeaTLBY (Gray-Level Cooccurrence Matrix, GLCM) Tun1331uunsos
fndl uenanilendse [15] WldmanuenUsznnuuudnne snnnesuuedu (Support
Vector Machine Classifier) tilofausnUssLnnvessimiuuununosunslas fausnanndd
ey 7 9ile wazawdse [16] Snnsinludiunislidnimidaineusisian (Multi-Contourlet
Image) tlezdnusnnudnvuzuadlfifugndoyadmivinasunasnnaoufAnuenuuy
\wud (Bayes’s Classifier) s?fuﬁuﬂszmumsﬁauisuaam%q (Machine Learning) 11%18#n
waneuianale Tula.A.2005 [17] dn1sdilasewieUssamiisuiuuwns lUg1emin (Feed-
forward neural network, FNN) 1lglunisnsiadudmdlunissaunuman uaiiadeynian

WLNEaLdUNNS (Local minima) Yusazltiiansgnsuinlunisinasussuulassinedsean

LAZARNLYNUTELANYDIN1AL



TulitAusszuuUszanananm dynusziug wagmaniiinetes dnsiamn
ﬁmﬂisﬁw%mwmﬂsﬁuauﬂﬂa}ﬂuisuumw%’umwﬁﬂﬁmﬂﬁﬂmiﬂismamamwuazms
IuunAanwazaiauauaiunMsldlanyiuseivg Inenwidy (18] In1siamuilaseng
Uszannmiiguiuuaauligdu (Convolutional Neural Network) lagiendiudinsunisdnuen
Andnuazanldamiuanimin (weight) iamrsnusudiniudunn (nput) uagiodng

(Output) ¥84lATe18UsEaIM ey (Artificial Neural Network) vinlvildgnmadnuaei
aziduauazasuflunsduunsdnminly wazanunsoudledgmiamnsandusing
(Local minima) fensifiunisteuriudurestulszamlvinniuussyeznalunssiuin
LilFifudwidesnindnisghenisUssianaluvinludiuvesaunsaiszutanansmila
(Graphic processing unit) tagluanuidy [19] e lassnreUssamidisuwuunauligiuuild
Tunsuenussinvsviiuuinvedans Taeldnmilinainnisvhssuuaudd (Stereo image)
Waza1ITY [20] iﬁLﬁm%umammmiﬁ’lLLzmsz?vga?ﬁ (Max Pooling) iileteanvunvasdeya

nladdndundinniinisereuligtulutussunismandnvuzaeswvilivuruvaniiagyiinis

AALENUTELANYaIR U TdNalin15AIuIUTA NSNS UDNAE

wanandnisaiilassdreuszamiiivniuuasuligdudvsuduunlssinnves

sUn iy nsmnuani s eslundazdureslassiielssaminisuuuunouligdull

o a

mméfuﬁus‘ﬁ’uamsauwaa‘[mwhaﬂismmLﬁsmLLUUﬂauhQGE'fu 9917989 [18] [19] [20]

Yaal

wuddldisnisneasnazunlelaegneassdinaliminainuaidrilunssuiuniseaniuy

o

ws1zaviuuIden [21] liin1sd13snsmenasanlaenguaunia (Particle swarm

optimization) 1193glunumlaszimisnysuiussuulssaieLuuaaulgdy

1%
1Y

AatiuIdeilayadrlunnsimunseuuasaduiuusaludiniimatiatugddunis
U5811aNaNINLINAa 09U UL lauNan ATnsAR e IwaRUS s U unUISILU nasnld

ufiaiseanuuulaTsigyszamienwuuasuligiu venanimalianismangeaniags

o Ao

aunavzgnialdlunismemisiimesiunisasilassigUszamiieanuunauligdund

[

UseANSnIMNATIgAdneme
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2.2 gunsaliiedadnueauie

luduilaznanfegunsalineidesivinddelaedudunlanuawludunounis
dnen e luuszanananin lnellgunsaivaney 3 vila fe ndesRdnea (Digital Camera)

wud (Lens) war aunsaldesadng (Light source)
2.2.1 ndosRInga (Digital Camera)

NA99RINoadINTUNUYAAINNTIURULONTY 2 STUUALENBUTNITINI19V0Y

1% '
=] I

gunIalsunnlann ndesanenimduiui (Area Scan Camera) way Ndvsd BN INLUULTY

[y

£ 2 . | Y Ay & a £% &
LEAUNID (Llne Scan Camera) I@Elﬂ’]’]lll,mﬂﬁﬂ\‘i LL@%“UE]WU’P]Lﬂ‘tﬂ?l@\‘i‘l/l\‘iﬁaﬂLL‘U‘U’%]SE]ﬁ‘U']EJI@@\‘m
2.2.1.1 ndasgran wiunufl (Area scan camera)

Ao NaRIENIMNINITINRUNIalsukasniglundes (Charge Couple Device, CCD)
al [y I a 4 P (% @ a PN v v <@ = gj v PP
Seetuluamning (Matrix) dnwaziludmasudnga lngifunmmiisesazlanmiivuin
[ aaa ) - Y o % ey a @ v
JuaodifAaluiuaukaguiIfg fagun 2.1 Jefivesndeslssnniifoaunsafinnuasldeu
e aaniigheladiaauagidenas nsauanImkIndeNa1unsanulidy waslisngn wily
au & Ay < A dll v < =) 1 = o a
NMATeuUNBMAIdBINM iU wTARBUNMEAINSY Tuuialvg uaslisessmiivuin
dnfiruasiBengs vnbindesanwaeildminzay uonaininisnwuveusslinuasviou
wavinlidnwazveswanannsznuldalauswitduinindiualinnitladauniwlyl

WiLNgaua1suNTtauludiuniludmsien

(n) )

JUN 2.1 (n) dnwazvasau@essunm [22] (v) NsangnInveInaedalseawny [23]



2.2.1.2 ndnssnantnwnuutlusdy (Line Scan Camera)

a v ! aa o 19 = v & = =
ﬂ@ﬂa@\‘iﬂqﬁﬂ']WVlllﬂ'ﬁ?'NQUﬂimi‘ULL?N.ﬂ']FJsLUﬂaE]\‘iLiEJ\TﬂUL‘U‘ULLO'JLG]?J'] P REG RN

=Y

Y] A I3 = & v = I3 al' N Y A Y
WQE‘UV] 2.2 I@ﬂﬂqiLﬂ‘Uﬂ']‘W‘Vﬁ.J\‘iﬂsﬂﬁSlﬂﬂr]wwmaﬂwmzLUULLO']L@EJ'JMi@LLﬂ'J@] VDAVBINA D

' '
L a v

Ussianilfe awnsadieninevasiengauasiingindounimeainuiildnaonutuinis

MereIndes wazanauliviifuvewaInnnnsznuuusiuInguuIavgilonunin

[ '
=

Tun19m5991UN1TAARINADIUTLANTIAMULINLLBIIN ANUANLTLUNTANEA TN DITUNUS

[ '
1 9 = % a

AuAsIninglaiiu lutduniniidieaglildvuiaiigndealioisuiuingass

9

wagnshikadmsususasifivuadndndusedduasifieuduas ieliamiivuniy

=~ = a Y ¢ o y) i
llﬁ']UagLE]EJWV]ﬂ3Uﬂ?uaﬂu3man5Uﬂqﬁi{ﬂUﬂqiﬂ531]’3@“@37'71/\1@@1“

(n) (v)

UM 2.2 (n) dnwalgvasgu@esiunm [24] (v) msaeainveanaedlatainu [23]

2.2.2 vaud (Lens)

& L4

wudllugunsalnsgandmviunuiasiannsenuing wagdaadiusinguusisunm

9

LY a

ililanmiiianuaudauazsigazidenauysalasuniudmiuldlunsuszanananianm

2 ' '
av a =

Ineaudnldlunmuideiliduaudnisnvas duaudyulddmsunissuna duanseglugy
2.3 lngnsAuinuarnisifentdiaudasiansanmuanmwindeuuasd onvualun1sanns

aeil Mdwee auinvesding wuinvesnin szezaningiuaud way szerliia lngas

ANUITOANUIUAILENNTTN (2.1), (2.2) wag (2.3) suainu
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hr
m=—
h
(2.1)
f
m==
=
(2.2)
R h
f Tz
(2.3)
ila m = MAWLY, h = VWIAIRNG, A’ = IUIAVBININ, z = SeEEAINTguaLd,
f = ezl
1
Fielid of Sensor
WView Size

-
]

Working Distance Focal Length

5UT1 2.3 viidnnisviuvedaudyudmIusisuea [25]

2.2.3 gunsnidasadng

AT LALEIVDITTUUBNBTUITU (Machine Vision) ABNISYINIASIEAZLDUAUDINTNLAE

'
al

A9NADINITNTIVADULTIULAUTATU TUNITIILEIH 8IANTNDINITANNTZNUY LA D M aule

9

lnpdsddgyAodiuysenavaUnasuvaiuataz ing nsiiuanuautnvesgaziduafiaula
a1usavibalaen1sdnesAusenevveaslaednAumuganiuAaniswesnslinas Ty

uidsildlalonvdaiuasuas (Light emitting diode, LED) Iugﬂﬁ 2.4 %m‘]uqﬂﬂsaia'ﬁﬁq

'
a a

MtfkdauaaUnasutiay ddefnatuegiaudy orgnstdanuneniuiu ldnawules

v
Y

wenNUsanunsailinsensumenufadla
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Epox y lens/case

Wire bond

e

[~ Semiconducter die

Refledive cavity

Arvd
Post } Leadframe

Flat spot

Anode Cathode

Ui 2.4 lalonvilaidauas [26]
2.3 nufniglunisuszatananin

dmsun1sUszIaNan LY vefiieatestsgniusesnidu 2 dwndnde dwnis
UsEaianan ey uay d1uven1sdwungunn lngdiuveanisuszaitanailosniuay
U5Enaunig N5USUUTIANAINYBININTEFUNT MTWUIEINAIN MTUTUUTIAMNAINYBS

AMEADITLAU UAZNNTIAATIZVTOLATINAMN
2.3.1 MUSUUTRUNINVININTEAUNN

lunsuszanananisnmtunsuSulaun e i laediidvsneivesnaens
andugasuniunglunmainanimuandenveinszuiumsnds TunisiiuamtuamnIn

YDITFUUATITIUILYNTUNIUAILAYEIUTUNIUAI 19U 9N TAINNABINGITU NslUas

v =

Tyranmandisunmludeyandnea dulunisidedygrasunuddianudilued

A

v

QqLﬁaammmﬁﬂwmw‘%asﬁagaﬁlﬂﬁﬂL?Jum'amﬁmi’wﬂu%’umué’@lﬂ
2.3.1.1 M3uvesfInsauunaulagdu (Convolutional Filter)

o 9 ¥ o o ) S v & Y v = ¢ A o
fnsesilddmiunisusulanmdusutiuagldwinmmseunan (Mask) Aifvnun

Fununuilsiduresiinsesagldnszuiunisaeuligdu (Convolution Operation) Tudau

v W

yaananniludeuiuduninduns lngaiuisaesuienigsun 2.5 Auaunisn (2.4) uag

(2.5)
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§

R
L
TN
\\
N
N
~

output

s

L L7 7 7 77

5UN 2.5 Myvhauvesiinsaamnegisaeuligdu [27]

Y[x,y] = X[x,y] = G[x,y] (2.9)

(2.5)

—

= Z?lolz—oo 2;?2=_00X[Tl1,n2] Glx—n,y—ny

e G[x,y] AoRInsas, X[x, y] Aogudualy, Y x, y] ADgUNKIUAINTEY Uae ny, n, ADANNTN

Tushinses

2.3.1.2 A2N509UULNIE (Gaussian’s filter)

fnseawuund (Gaussian’s filter) Wudinsesdmsuusunmlviiuuaa (Smoothing
filter) fnseelseanidazyimiinlunisanuSunadyarusuniunelunin visaanaves

nsidsuuvasAinnuduresaseg1esind vlrnnfdiudinseslssianifdyaiu

(%
[y

FUNIULBYAY Uiadna1evIovaulunMALTANNUADTIHAYBIAINULUABILTUBE UAT

duUs£ANSlUAINTDLALIUINUBIVDIAINTDY LABFINTBILUUINIALUAETaU1TNA8 1L

N509A95UN 2.6

7 (26| 41|26 7

JUN 2.6 au@nlumnsasuuuind
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2.3.1.3 Aansaawuulgiua (Sobel’s filter)

FnsaauuleuatdufINTa9AIAIUTUA NS UASTIATULLIVINIS WA ULUAIAD
AULTULAIUTANI96199) TBluINITIUANULUAIANILTLLENIZFAIRINAULAUALLIA VDY
$7n5849 d@1uSUAINsaUUlaUaLY 38Usenauluniesfingsd 2 HINT89 VUIA 3x3 d1NSU

AyRdumAandtLasluLIiasiuILey Tngllaundndgui 2.7

+1 |42 |+1|+1| 0 | -1
O/0|[O0O0 |42 0| -2
-1/-21-11+10 |-1

(n) (v)

5UN 2.7 (n) axndndwiuinseawuiuey (v) aundndmiuiinseduin

2.3.2 N15LUSEIUNIN (Image Segmentation)

nsutsanunniuduseudiAglunisussananananin lneduneuilagdielunis
wUsengduvessUunmamzduiiaulassnunnamdumduainmds ielianunsavia
nyiRTeiludunwlwenesnanl dawalinisussuianainduududuazgnass lagns
[ 3 ] o b4 [ < 1 =% o a a a1
mstlaadniniuagyilinmszauimnangiduningessedu daivshnanauladendu 1

a o N @ a v a
wazusaaugasiadu 0 Tnganansadoulnumeaunisi (2.6)

_(Liffy)=T
g(xy) = {0, otherwise (2.6)

Wo g(x,y) Aenndnunswsaluanaes f(x,y) laemvuaainsslaanyindu T
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2.3.3 NTTUIUNITNIANAAIEATAIMTUUTUUTININ (Morphological)

N5¥UIUNTEIMTUAITUTUUTIAMAN dudumeudmsuniaduninudedanin
UsdunsEUIUNMINIAdamanfiunmassseau eisfesnisufulgisunsves
oA MEDIsEAU TnunwasssziiuazUszneufeuinaieyaataivuali1veq
fnwalu 1 wazarludiudugdu 0 Tnelduannszuaunisuisninienisinseleas
nszuaunsiugulunsinuasseneuludie sumeu 2 dunaufie manseu (Erosion) Ae
nszurumsildsidngainealudiuiiduiiundsveanin vie n1sanvuinvesiinieam
Snvnzvestindlaseineild way msuene (Dilation) Aenszuaumsildminguienunds
Tunguveseyninveagunm vidensvensviavesinalviddnwarammiidaseseily
Tnenszununsianuuil agdidiumsdentsaunn 33 Tandnaelufsui 2.8 Tae

famdunuudugun 2.9(n) wazazlananisaiiunsdegun 2.9(v) uag JUN 2.9(A)

AIUF1AU
1 1 1
1 1 1
1 1 1

sU# 2.8 misalasasng

(n) () Q)

5UN 2.9 (n) nmauatu (¥) MWndIINANYINISNTaU (A) MNNAIINANTYINNISIENY
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LI9SIUNTLUIUNITNEDUIIAIEAY AUITOIBUNSNWAULAITHIIUAIUAIAUNIT

[

ANTAUNITAIUNTZUIUNT AR IT

1.n15:0n (Opening) #38 MILUANIBFANTSIWRNsBYRINGUOUNIABRNINAULNE LY

aunsaniunsTinsziedtazdenls ewindduwiuretouniavisenguuesiinigaiiig
=3 °o_ v o A < o & [J ! [ d' 4 £ LY <

WY Tngdunisaiiunisasidudiail 1 vihn1snseu 2 viinisvene Welvnmsuaduidy

U7 2.9 (n) waganiikunszuunsidugui 2.10 (n)

2.115Ua (Closing) M3a M3UnuazloumpayNIAdasdILtInIeiuNeliaIu50
o a a i = v oA ° a | P v v & oA o
AiuNTIATIEieg ISl Wenduuvesiniadudulign st dunguife iy
wauuLed Inearsunisaiunisazidussdl 1 ¥ianisnsau 2 vinn1svene wWislrninauatu

Duguil 2.9 (n) wazamiiniunszuIunsdugui 2.10 ()

(n) ()

5UN 2.10 () MWnAIR1NNTEUINNSUR (1) MNTaIaInnsEuILNISUn

2.3.4 M3hAsedayanin

o A

MRNLANNEBITEAUEIUNA A NAARAITUADUNITILATIEVTBYATDININAL N
) 1 d{' @ £ [ o 3 1 a o ag" Y o 1
anldiaiiudayaannimassseaulvinszuiunislutusdely Ineauidelagldsumis
YBIBYNIATDININ (Particle) ammuavauiunitaula (Region of interest, ROI) dmsuiily

o c{'

Mvungefein1silunseilutunaun1sIwunnIm
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2.3.4.1 ATBIUANRINANYULVIDYNIA

[y a

AUNIARBNGUVRITNTAYBINNARITEAUNBERANUlAYAINNT0ININ1TATIVIANT DA

£
v A

Toyasanunls ienisusvenAuautRviawUmenviinvetounia lagluauidedasidulun
nsindunisveseuniaietluinsevnaulavesnin lneideyaninluldasgnuandly

AN 2.1

M19197 2.1 MINATIEVTOYAIINBUNA

foyaiiiasigy ANUVUEUBITYA
Center of Mass X aAudnateIaluwnu X
Center of Mass Y aAugnaIalukAY Y
Bounding Rect Left nseUAmABIFuEgYeIYNA
Bounding Rect Top ﬂiauém?{auﬁ’muu%ﬂaumﬂ
Bounding Rect Right ﬂ’iauﬁm?{wﬁ’mmwaﬂagmﬂ
Bounding Rect Bottom ﬂiauﬁm?{&mﬁ’mdﬂwmaumﬂ

2.3.4.2 U‘%nmqﬂaﬂwmmw (Region of interest, ROI)

Ao Usnaiavnzduvesnmiauladmsunsuszananaifietluiieseidoya n1s
$1fngnavulaiivszlovilunistisdrinveuiunvesnisussaianadiniunmdsivuinlng
Tngnsdnfnnisuszmnanaanzuinuiiiunduastisanauianaiaiiesann laildgs
Aerfuteyaludwiliiieades Tnonstmuareuimavesiuasiouimunduzunsaan
Adnoensdy Loy Awden vide 2nau Fguil 2.11 Tasazgnimuntunndriieldainnis

a ¢ a'
’JL@E’]SM@W\’]W\HHW}?NM 2.1
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JUN 2.11 nwigninvungaaula

2.3.5 N1sIUUNFUAN

Turunistszanananisninnsdwungunmdutunaulunsdanguainiifeanis
= Aa o v a = a4 ) v o !
‘Vﬁ@fﬂﬁuﬂﬂﬂigLﬂVIGUENE‘Uﬂ']WVIlIaﬂ“l‘_‘}mgﬁiﬂal,ﬂSﬁﬂiaLﬁﬂJQUﬂUEUﬂWWWUQUULaqiﬂUﬂ@]N

Wwgaiy 1y N15LeNUsEanaIgnysnwsenge daay sulldsnsiuunyiinvesguam

a v L4

A9 WU AU dnd eedered Tneluauidetidesn s unUssinnvossoumutninnTulas

(%

NURIVBINDILAITILANIINANNAANAIALUANTUSENIaNa NI TDIAUAI8TEN1TUSEUIaNE

AMYUgBnAT elvlaanaiuglun1sngiadusessviliiinuu e

Fnsduungumnwuuitendeultlunuussianananiniu [91-[14] daulvgjaz
<

aa g v Y] i PN 1y 2 a vy ° = v &
LUU']ﬁﬂqi‘VlsLsUﬂ']iVi’]ﬂimaﬂwmgLﬂuﬂJ@Qﬂ’]WW@i’Jﬁ]"\]UﬁiaﬂqWW@aQﬂqi"\ﬂLLuﬂ LW@ELSUHJU

muwnilun1sdanguuasgunInaIgNMsmIgaaN¥aLALINNITUTEIIARA N MTUAUI N

' '
=1 IR |

ulldlunsdnamisadfiiedangudeya lae3sliduisnieuazsindunidededfyi

a1 linisdnuungunnvisensuendsenniialianiinesnishenisiienldnaanuae
1 ! a < a = = [ ! 1 k%

uvInNLAazUEANAAlUIINAMILTuITIwTen sIRenAuan vuslduveInwlinsud Y

linsinisiangunsessenyssinvligniewmiuidesns

Tnglunuidedldannsoldnmsdenaudnvusauainnsyssnananimdosiuiio
Huiunudeyavessesimillfifleransessmiusas sz usisiufvousuneuasd
audnvnssuiliamsausnldfensinsziuionisussnana nmiuududu vhlsiges
1#38n1snsUssinananmdugaiiensanguainnislilassineuszaniosdadqaduly
sl nsmsadadmsumsussidunnuRanainanednsiiduiney manniisiuun
Tnelasansuszamideuianufianatauniniifvusiiiotuuilaveusulssludiuves
fhnsesfitmusiuiiedenandnune wavansaduunUssinnvessunmiidesnisldeds

X 1%

a a
179YNAIY

o

gnAedlaruiiugINIITNMsienLasiruanuan v lagfy
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2.3.5.1 lasevnguszamiisunuunaulagiu

sruulATsgUsraMieuluuABUlIgTUInaNN1SINUNEN AUSEnINefINTo Uy
Aouligtuvinusiuiussuulasangseamiamnsauiluariminmndineulididuly
d‘y ¥ 1 = v A U
MuNfeIng lagidmingveanmsldnulasairgdszamiienwuunsuligdufonisusuunly
A9 luanadvesiinsesasuligtudmaliauisausuusiinseaiaiienaudnuvay
= Y o oa 3 v 1Y) Adg Yy a 1 I
NETIaenAFRIUBUNALAZIDMNATIABINTT tnenannisuasng el ildondazuiisanidy
2 dyudieiu A N13viuvedaTidiglszaniied wag n1sinuvenaleaslyly

lassngUszaiguwuunuligdu dagun 2.12

o ;
\"n feature maps featur %ﬂiﬁ
'\ Gy : L9 e, .\
imput  feature maps  feature maps®, L
3x 32 \I 2B %18 14 x 14 \ —— . Klr H =, I
! 50

convolution

S S Sppere =R e )

feature extraction classification

sUN 2.12 lasengUsanniisuwuuneuligu [28]

2.3.5.2 viann1suasnguvadlassiieyuseamiion (Artificial Neural Network)

TAssneUszamiion Ao TUWanI9ANaAIan SNUIN1SAIUIUNTSDN1SUTEUIUAIRIN

AUNTHTUEUNNTAINUIAETUNA1BTUNDY LD IAUDUAYBINISUTEUNUATIAMUTULDULN

[
[

geudanaliaunsadedulanieviuegieianaiiliegegnaswaziaiug Ineauifetiag

daduldnnisldszuvlaseingdsrarmidisaiieldlunisuendszianveagiain

(Classification) @115UN15IUNUTLNNVDITDUANNTLALNURIVDINBILAIDDNANNUTELAN

v

vsonguagtue lnelassigussamiisunaisluasiidnvasvesnisiousaaiumn
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WunNmsiaunsvewadUseam laseneussamiiieudssianilazgnisenitnadneuiun

fasoatumdsa (Fully connected neural network) ﬁ'ﬂgﬂﬁl 2.13

- A —

Input Layer Fully Connected Layer Output Layer

5UN 2.13 lassgUszanminiguuuuyadnouiun [29]

WadreuiuailiseaunIiausenaulusiiediudseneunan fie Uiseavselvanusvamn uas

druveamasiuUsEam augun 2.14

X0 Wo

synapse

axon from-a neuron

dendrite

cell body f(Zw1x1+b)
mh - Zwlxl +b : *
. output axon
: activation
WaX» function

JUT 2.14 dudsznauvessaduszannuasniufudssam [30]
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IngdiuradraduszamaziauausalunssIusu Bunaviavua i wavaadayio
ponlulpsriutoadguilendu (Activation function) ielufuwadussamaunagly @

YUADUNINUAAUNTALULNUAILANNTT (2.7)

f(ixiwq + b) (2.7

dle f Aewaafiduileidu (Activation function), x 1Uuduwn, w Wudmidn waz b (Juen

do P
lukeaNiuuadu

[y

WenNasunsisesmveeadUsyamlugun 2.13 udiazaunsouusdiuuazadu

(% '
o o

TUABUNTYINUTasAaulAfagUN 2.15 Tagduusn Fedunm (Input Layer) Judnun Ag

gawuaLees (Hidden Layer) Tugnvng Ao leanmiawes (Output Layer)

input layer

hidden layer

5UM 2.15 msuenduvedlassieUszamiien [31]
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2.3.5.3 1asevneussamiisunuuwns lud19aniin (Feed forward neural network)

A15N3 lUT1 99l ATINeUs T A AN N5 Ula g I AANI9INISAIUIARIN

a

dune (Input) lWdendne (Output) aguievitulaslilinisaduriedeunduvesaidu

q

Tupeu wazlatlasaiwniasanaglafiananisaiwinlaedueuasgun 2.16

W1 W»o
Zq 91 ) 9>

5UN 2.16 fiAn1anisanuinvedasseUsEaiiey

Y]

o ) [ o o o a £ ¥ &
waransaud@sudusunsdmsunisandunsludnamn (Forward pass) lansil

YA A (2.8)
g1 = h(z;) (2.9)
Zy = g1w; (2.10)

92 = h(z) (2.11)

T x 1 0udune, wy, wy Wuanihwilnusazduniuaiau, b \Wuseadngduilsidu(Activation

function), zy, Zy, g1, gy MUNTLUIUAIAUIAUENY kag L ANNNRANAIAY80E

2.3.5.4 nMsUsuadvtnvaslassdneussamiiisn (Weight modification)

nsUsumntnazlgisnsUTununITann 08U IANAIATULN AU (Gradient
descent) FsgunsoAunlanMIMeyiugveIRmIAURANa s UAUEITn LT
voaaUsza iy Weldaveunsihsuainarmuianainfisuiuinuinduuslaguad

msusulgsanhuidnazdulumuaunisi (2.12)



22

oL
OWoig;

Wnew = Woiq; — H (2.12)

= PR o ) 1Y A 1 8w a g 4 A o = v
1D Wy AOAMUMUNINUITIUTURET, Wy, FRANNTNANTWEUT i, 1 Ao §R5IN19158u3NT

A1 1> > 0uay ABANANATULNSREUATRIATIANRANAIAL B UA UM N TuT Y

Wold;
i IneAUAINTUNTRUATDITUN | IEAIUIUIINNTIIBURUSHULANLELARIANNIS

(2.13) uay (2.14)

oL oL dg, , 0z,
— = I X ==X —= .
ow, dg, 0z, 0w, (2 13)

aL oL a a a a
_=_Xﬂxﬁxﬂxi (214)
owy dg, 0z, dg, 0z 0w,

2.3.5.5 nﬂiﬁﬂmu%aﬂﬁi\i‘lhmlizmwLLUUﬂauI’ag“i'fu (Convolutional Neural Network)

ilafvunisnisusuadwinlauds avanansadnldnusiusunisususuuslusa
niawaﬂﬂau‘hq%uléimaﬂ’ﬁa%ﬂmqszhEJUsza'mLﬂamwumub@%’uﬁu efldiulseneuia
wasianun 4 dau Tnsuvadu eeulagiuiaises (Convolutional Layer) uundyadsaloes
(Max pooling Layer) LiQLaLEJEﬁ (Relu Layer) LLazwuagﬂauLuﬂLaLEJaif (Fully connected
layer)

'
a

Aaulagdulatees (Convolutional Layer) Ain tatgasnyintimdudidanses
AANBUEA1IEITNITNIRUlIgtuAGeiuNTUSEIIARAN T UAY TngaunTnusiaysn
rgnunuaieAIvEn w Nannsausulaielvnisfadenandnuaraiusauiuiiniy

sunanleuinluddlassiedszam lnenanmsihenuazesuielanigui 2.17
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Source pixel

((1x3)+(0x0)+(1x1)+
(-2x2)+(0Ox6)+(2x2)+
(-1x2)+{0x4)+{1x1) =-3

e\ A\ At ok

Convolution filter
(Sobel Gx)

AV VA VAN

(B ERRR TR

A X\ XA

AN AN AN

AR RARRREEY

4 ARWRRE N

JUN 2.17 mehauvesreulgtuiawes [32]

K%
o o Y a 1Y

wundnadsialeas (Max pooling layer) falaiaslddmsvaninuiudavigiu

dnsusnuaviisezddg WelesiulibiiAndeyatiiiuiinsesliwezduiuanudndu &

o ° A A 1A = A o Y o = o 1Y ) a
‘Viﬂﬂﬂ']iV]']\‘i']Uﬂ@Laaﬂﬂ']VlaJ']ﬂW?jﬂLN@uqﬂuqmqﬂmjﬂﬁaﬂlﬂL'V]EJ‘Uﬂ‘Uﬂ']WWULL'U‘U ﬂﬂzﬂ'ﬂ 2.18

Single depth slice

% 1| 132 | 4
max pool with 2x2 filters
Al < Vo 8 and stride 2 6
3 |2 a0 3 |4
[ N
| 1|2 |'3F4
y

JUN 2.18 MsvnuveIwungyads [33]

L5gate s (Relu Layen) luni1sldlasedneUszamiisuuvuasuligduiy
woaRdulaAty b Nwvungaude 1sgilendu (Rectifier linear unit, Relu) 1839 ndvaun13

frnudrglunisiundmsugamdweineuiinmes wasdilivseleviadeiunsviimsy

= A

leanande isgilaiduisgnidonuniludiulsznevdmsumsimiiludiurewenfindu

Y

Handu Inetin1syinauseauni1si (2.15)
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x, x =0
h(x)—{o’ 2o (2.15)

e h(x) AowoARITUTeATY (Activation function), x ABevaLALALNTNDUN

WadinauwAales (Fully connected layer) ABlalga3NuIesIURANTAILINUBAUA
wostuduitetludnguwuuliniloudiulasseUssamuuuyadrouun wavludunounis
PuunUszinnvesguazldaunisvenuund-nseaeulnsy (Softmax-Cross entropy) 49zgn

TounulugiuvesaunisAANuRANaIARIaLNIST (2.16)

esk
Yje’

L = —log(=—=) (2.16)

44' 2 i a ¢ 2 I3 & 2 ! ¢
Lo L A mm’mmmwmm%aummwm, Sk ﬂaL’a’mmeaﬂ‘Uizmwuu, Sj 3 ﬂ']L@'WGW!G]GU@Q

ANNBUUSLLNNDU

uwilasseUszamifisnmaeiunsTuunUssiansunnlaen1sma s nuae
Y933UNMAIINNTUSUWAB U N BUNALAZIO RN YIilaRanvueNATUTIUNIINITEEN

Adnvazles Ingunaudnvasludivywdldaiuisaesuiseenunluaunisvieideu

¥
U A

TUswnsulARauRLAeARLENDaNUNLA FetiiatdTeldudannIsiolasevieUsyamMieuwuU

ARl TULNTIENTIREDULALTILUNTOERMTUULHLUNDIUA

2.3.6 mAlANIMIALMNZENTIEALUUYBYNIA

Particle Swarm Optimization %38 wAllAN1SMIANMINTdudARUUKIeL1ATY

4
Y

wadadmsumaneuivuzauiign lnefidunoun1smaminzauigasuukseyniady

(% '
U a

TupaudeuaylilinnuinuadnmansigoiligldnunasiinlauesUszendldivanuide
auq welladlaiuiAnunngRnTsunIsAReuYeEundagun 2.19 ersunivaiiiniged
LY [ ! = a A a v LY ' cl' ' o
swiudunguuazinisindedearsuanildsuteyaiuagnasanialagunudaziiluga
= A S = A 1% = v o o =i @
aunAvzinsinfeuiegaaeaiauarinisuaniuisudeyaiiielviuiasinadounluds

AWUINANZANITMIANMIgaUNgAS 1NN TAIUATInLuATeAdY (Fitness Function)
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[ '

Funnierimuadiminevesnsuidym mntuielinudneufigndeusituiasiivun
YOULIAYDIAINBUAIY taEn13ALTuN15lun1SYngn (lteration) 71 1 9eABIgioUNIANIVIUA
Funlagiunisvaangueauninvzegluva v Ui nualin1sAiunsAUrIAY
o A a o 901 ! v IS =) = I A d‘ o
AnpumizaugaluyngnsvigwiazeuniafedinisiUSeuliiguAmnunve AR ey
Saa ' W I % o v ° I a N v =
nanantuseudely wudiegrdunisuidymiidesnisa aeuanainiuniia1dosiign

Aa

(Minimization Optimization Problem) azidanayniaiifidfiniustesigaunduaneuves
o A g [ o | Aaa ' % o 1A o v
nsafiunsluseutiuuazaziNumwlanafNgaluldazsoulonline lagdumianandill
azgnldlunisanfiunislusevdeliienereruAumdunimisdineunangase lunis
ndounvesnguaynIntioyninunazsflazddunis (Position) wazaa1ut53(Velocity)
wani1aniuly wazngueuninlsindouasdearsseninsiuielidmiunaniudsudoyald
° [ [ d' a < b4 o d' Al v o oAl =i
dwsuuTunsindeuiuazanusliuizan aunsenuefounluduinuei mnzauign
luseunisanfiunissely GstunoumiAIAuagaugaveInguaunIAaINnTdtaeslyi

[

oeflusUvasaunsldsed
vi(k + 1) = v;(k) + y1:(pi — 2:(K)) + v2:(G — x;(k)) (2.17)

o v; Aeaund (Velocity) vasaynin, x; (k) Aesiumis (Position) veaynia, k Aoseu

a

N5, p; AvauMAMNHAHRUAganfieunIAtiuAgwy (Local Best), G ApAinLund

9 ]

WAAYRITBUNIAEIUNTANIULNTIIA (Global Best), yy; Wae vy, ApA1Asla Nigndy

N}

e &

wiaregluyN1Tgn (0—>1)

=t

dieliladmauiafiansiuu Wenisvirgdndunisiuszeznamiidulsydnsveany

1208 (Momentum Coefficient) 9zdifnanadisess) WWunavihlimnusivesusazoynia i
44' i I d' v o § v % ° 1% =

anas n1stAfeulmivesiAazauniafagndeuntIainliauisarumAineuliaziden

1%

H9U FILAAIAIFUNTTN (2.19)

vilk +1) = 8U)vi(k) + ay[y1i(pi — x: ()] + a2 [y2:(6 — % (k)] (2.19)

We (k) Av duUsednsvesn1uaey (Momentum Coefficient), a,kag a, ADENUTLEND

Y29AUL54 (Acceleration Coefficients)
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gﬂﬁ 2.19 ﬂﬁiLﬂﬁauﬁmaaQquﬂ [34]

TUABUNMTMANMINEANNGALUUKDUNA

12
=1

1. AIUUAAINITITIABTHII VBITUAD UM ANAIULINE ANTIFAYDING LB YN AR AT

FIUIUANTNVBINGUOUNA (k) VOULUAAAALALEINARN ( Xppgy WAY X ) VOITYMINIAY

=

o 1A E . = o o =
I MIATMIgad AT (Velocity) TUN19AReUNveI0UNIARITIAALAZEINER ( Vyax

WAY Uy ) FUUTEANTVRIAIULREBY (Inertia Weights) ATGALAZENNEA ( Brmax » Dmin )

'
! o a

ey IUIUTOUFIARNALANIUNIST (Kpgy )

2. virnsguayaialusui 1 ( k=1) 33U nainreluveuivaniivung
(xmin <X < Xmax )

'
1 )

3. vmsmAiaiue (Fitness : £; ) votaunaudaziiluIun k uagiionauniasiin

q

]
= o

fienfloungenaaundumneulugu wazimualieuniaifimilnunasiignuesgufe p; waz

q

'
= 1 =

ATaunTiggaluguee G

q 9

| o =

4. msleuninAunIsunis (Position) M5AIABUNATNERA ( xpese ) NHIANHALURES

¥
Y A 1 1

fgn (6 ) vosn1sandunis uwazazidamaouilanvunsely lngfiansanaindl 6 luju

v 1A |

390uIAININNIA 6 Tuguidiuuvseld 61199sin15USUAT xpese HaZAT G il
Xpest = Xi(k), G = p;(k)

ce

5. ¥insusuAduUsEansyesrnuies (@) Ineldaunisaad

‘Dmax_q)min
D= Dpmax — (—7—")k

kmax

o [ J I o 1 J o ' Y
6. ¥NITUTUAIASTT (1) wazsdunus (x; ) vesaunaksdazdtusudagdu

(k) NAMUFUNUSAUAUNITA

7. imsaliunistugudall (k=k + 1)
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8. [WAseUMIALIUNIATULAINS Ol ( k > kpngy ) O89ldasulinauluddiunng

T Y
Y

= A
NYURDUN 3

ndumouludissufazaiunsaasunisaiiun1svesiunounAAUMLIZaNTgn

YosnguaynIAduLunm (Flowchart) ladsil

duamisiiiwas |

at T | |
[ dmdun1svingn 1

| npaauamsimad |

[ fiu Fitness Function

) . =
: | USummndiwesiaela
A7 Fitness PY» Y 2\ d
L d el iR AugLRdATouR |
- Hpafgrnavtalal- ; -
: ‘ | UuUEaUATR l
)
lai

¥

WUATHITRILAE S

9@ Fitness daud an

L S S

VUMNTEUIUNTT

gﬂﬁ 2.20 %’umaumiﬁ'mwummimﬂ'ﬂmmmmzauﬁqmmﬂdmaymﬂ

1nduneuniIsmiainazauigataziiunisaniunisiluseunuuldsaiios
(Discrete Time) 31nn1sandunistundazsavazfedinisiiuiunindunuimsefnouna
= =3 ¥ = < v £ o | Aaa o A &
gaiueld Tngaginsinuduiindumianiigauesnisaniunisvianue (Global Bestwas
° | A o A & - vl v I o &
Aunilaananvein1saniunisluseuiiu (Local Best) Lieluiinugnassuduguinidu

gApimIaLiunsgiionereumAneunafgaveslymnaesnismeaiavanzay

Ngsioly
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N1598NLUUIZUUATIIUATNY

Tuuniaziiauenisesnuuutafnaassuutuiinnmde ndosdrenmuuududu
vulatnsfaiimesunaifiiun WetnmiildunUszaianauasasiadousess i senns
Iszuulassigusramiigunuunsuligldu Tnoudstunsusenily n1sidenuazing
qﬂﬂiaﬂum5LﬁUﬂ’1WLﬁaﬁ'}1UUizmawa nsdszanananmdesfunoutlunmausnses
Al MseeniuukarinasulasiIgysra g uuaaulatu uazn1sivuad1inun
waznilmesdmiumalanismAiminzauasgalaeseunialunisasilasaieUssam

Wisniuuaeulgtu

3.1 szuulagsay

(%
v

JUABDUNITNIIULALTTUUNDBNLUUAINITOVINISRYULATIAS1INITH I ULAY
wua dudrundnianueidu 4 dauldaell 1.n151AuN 2.015v1Ussunanatlaedy 3.019

ganiuulay 4nageusruuAalenlaglilasaiigUszamiienuuuneuligdu fagui 3.1

TV e £ = U1/ S8 _ ___
I Proposed method |
3 — I Pa. BT Po. 98.9% |
- ' | -
.y -
==L |
N | |
5

[ | |
Acguisitions Preprocess | Design Network Re-checked result |

CCL Images »  Image segmentetion I Hyperperemeters +  Accuracy
Defect images - Defect based on PS0 - Re-checked |
Felse positive | CINN Design images ]

5UT 3.1 dunounsvinnuresszuulags
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3.2 Msidenuazinnsgunsallunisiiunn

3.2.1 ndasatanwnuutdurdu

[y o 1% 1 I 1 v ¥ a [ 14 I~ 1%
PMARaNATINNYBInansaennkuulluEuluiten 2.2.1.2 lrnsidennass

[y

dranmdndudesdanudlunisiiuamuinninanuiivesingiidesnisats lusided
AeanTsanenmuesseeiminianuazidunagluyie 125 luaseutuluuuwiunaunsuun
A9 1.5 wes 817 1.5 1es uasiadauiseanuniiindu 0.45 wasoduni saduduneu

WISNABIMVUIAVDIAINALLDARBNNLTE

=

= °
AdazBEndgn 125 luAseu .
—— = — ~ 40 lupsausofiniga
9951dULHD 3 finLwa

JUNDUADLN WIBlAAINUALIDYARDNNLYALAIILANNITAAILIUIUINANUE1IVDILHUN DA

[

[ 1 a 1% X
Wuneinealaned

YUIAVDIHUNID LAY 1,500,000 lupsau
< = & 37,500 Wniwa
YUINVDINNLYA 40 lumsou

JuspLNLINATIANRvBIN TIEA N TLLLIAIAElTA LSV D ANUNB IASAB

AMIEIVOEIRG  0.45 WRseseRui )
— = & 12,000 1g50%
VUIAYBINNLY 40 lupsou

va o = A

Aidedenldndedlatawnusu Basler racer 8192gm-12kHz FallanuanusawvaneauiuAd

o
o

AUl WINRNEALYINAU 8,192 finwwa AAnudwindu 12,000 Alaldsad wmsizazuu

AoIlUNABWIINUA 5 YA F9LATOUARUAIIUENILKUND LAV IMUANE]
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IUNNwanendas X uIunass = 8,192 X 5 = 40,960 Wnwwa

3.2.2 A1staantaud

[
v o

o o = Yy A Y v a @& v s v A
‘Viafm']fﬁ/]']fniLa@ﬂﬂa@\‘iw?ﬂﬁlsﬁuaj 1Uﬂ']5m@m\17ﬂ']l,ﬂu@]aﬂllLauaﬂa@ﬂLW@sﬁﬂﬁJ&LUﬂﬁli

a

uuadlinnnsznuivsugesieglundosiialinisiiuamianueudavazldvunning

q
(% (%
a Y [N

W2 aNS U U IR NUIUDINADINALAAGY AINUNITAIUIULAZLADNLAUA NN AU

(%
[

= v U d‘ ¥ dil
vUvY UAILUTNABINTTANU

YUALBULLOITTUNIN 28.7 datiuns .
—— - - ————— = 0.0956 Wi
yevedingeelndes 1,500 daaking
5 N0y

NSIINULILNINITNIMUATEEENBTINYTUNGRS TAEIINNITIALAEATIVARUNUTIUY
anenuNINanglasragineivzauaregluie 30-40 LeuRLAT Ins1zariuagause

Y v

Aurmszes il asatl

sruedng X Mgy = 300 dadwns X 0.0956 Win = 28.7 datiuns

waziaudnidenldaziinnaudiogluriannmue lngiaudiy VS-LF3528/F Imasveny

0.05 - 0.3 ¥ szaglnid 35 Jaawns
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5UN 3.2 ndosiaziaud

3.2.3 mMstaanussnnvaslunlddesadng

nsldngosmonmuuududuiuides dasainndesdenmuuuduiuiiang
nannluiden 2.2.1.2 dwalinisidenldlidesainsdeslidnwauszionglunisliuad
wngfugunsaifunmiifienuuay Ingliussiniidulidesainsmiiuaudsiuuadiaa
[dnasanzeannnimasaliiundfidemaliuadfinanszvuiuiagdinnanduguazaianse
agvieuindsgunsalfunmifivunadnuazuavvendosdrsamuuuiuduldegisgnies
Fadunitlfeeliswazideauasanuaidaasumuiidesnisnsnaey Tnglwiidenlddesu
VL-LB-100W Fadulnififaudsiuuasuazasnsalvimanduvenasil 516,000 and iilevi

nsidengunsniudinisiamigunsalnnlinsgnuandusui 3.4
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ARNGRAN

5Uf 3.3 1nl

o

AAIUUAIIWIUNITHEAR

a

A a
nane
Y

o

SUUMTIVIN

gﬂﬁ 3415



3.2.3.1 NM5UTULUANNTENUVDIIWUAZLNANNTENUVRINEG DY

= 1% = v = = ]
nsidenyuannsenuratliuandesingunz.s aldnsdenainnisiisurueaing
YoIANFAl LN TUIINANSTAUINTAEU AT URUANNTENUSENIN WAL NGBS ANURS199

3.1 LLazgﬂﬁ 3.5

M15197 3.1 ANTNVBIYUANNTENUTENINLNLALNGD (83e0) AuABalvunsuanaInae

LUANNTENU (99711) AFalMNINAINNNENY (Me)
o N&o9
10 90 80-90
15 90 90-100
20 90 100-110
25 90 110-120
30 90 130 Tyl

(@)



()

(?)
sUT 3.5 (n) gUdefiaila 10 8arn (¥) sUdefiyaln 15 asm

(m) JUseRigsl 20 a3e (9) SUAeTEl 25 o9 (3) JUaETLAT 30 B3

Tagnnimnnzandnsuinlvlssunanaszdandunmisigazidondaiaune JUN3.5 ()

wszaztuyuannszuvesinwazndosazldidu wulni 25 sarm dwiundesi 90 o

3.3 N150NLUULINALITAINTUNISIATIZIBALATIVIUAIUT

wasaniiunIniisesnisiaudiduneudeluiluniseenuuudiduiunoulunis
Uszaranananmiielilddeyanivunsandmiunisiisenuseedminn s vuiiy
a = o v (3 s ! < g o & o =
Avead Tngnsiseadinuniseanwuuredwisuuseaniduduneu fsil nmsvinslnsias
N1395333U%0U M3 nslaad n15inTzuIuNsneadinaansieysuuTaguAI N3
Aasizeunia Nsmgnaula n1sesnuwuusruulasatgysramiiensdunUssnoY

AT
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3.3.1 mMsvinslnstaagunw

nsinsinsiaasunminduiieUsuussnanmeesnmiianenewiluldluduneu

fall IneagyinnslgfingaakuunNIENTvLIAveInanyinniu 5x5 wasdaundnnaieluunanaa

LY
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()

5UN 3.7 (n) gUduatuannges (v) JUMRIINRIUAINTEY

3.3.2 N137152UVDIUVDITDUAINT

waanlannildfidyausuniunas dussutlaziuninsiadurevvessosrind

Tngnsldiinsesuuulaiua Falvuaveunaiiniu 3x3 uagau@nlunandsgun 3.8 vinln

a

AiladianualeaRagun 3.9

+1 | +42 | +1 +1| 0 | -1
0O/ 01O +2| 0 | -2
-11-2)-1 +11 0 | -1

(n) (@)

3U7 3.8 (n) Mnsedlgiuaiuiueu () Mnselaiuauuin
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[
v v v Y
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A5k UawNalUSoUNgUALTANBULAITUN 3.10 AIHUANNSTHLaanN Uz duAa 8 11a19nn
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Uszunngunm Ansulean
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..

(n) () (m)

JUT 3.10 (n) MwaesszavanMsiuasmigAnnselean 7 (1) AnaedseaunnIswlas

MEANTULEAN 8 (A) NNEBITEAUNNNTHUAINILALNTYLTAR 9

3.3.4 A19MNTEUIUNTNANAAIAATINOUTUUTIAUNIN

L -dl ¥ aa L v & 1
AMEARITEAUNLALNANIENIIITIITUvR LKA N sUUasnlneldmsvlean el
auysaivaseynipilideddnszuiunismisadaansiiaiiitaynianazslfudunn

uadwnmely nszuaunisilagiliamaladaiiuauysal ae35Ua (Closing operation)

\ialiounadenseiuuazinsesegimillaegisauysal fdagun 3.11

JUT 3.11 sUndeanldnszuiunisie



39

3.3.5 MIAATIRNOUNIAVIINTNEDITEAY

&

NFIATIEROUNIATRININERITEAUNA R I IS asEYi Wl a i miingaded
ATIVNY FINTvUIAvesimlinsegunsalasiudmiuinteyaluimssiuagiiinisasng

nseunaulaienITInTIEviTugelddmivienUseinnuessosmilagnng 3.12 aeuans

sUnsoUNeuARINTessIvl Lasn1snn 3.3 audufedisaseieuls

5UN 3.12 (n) sUnseuiiaruA1anseedmiliuungy () sUnseufisnuAaInNseeyndn

M13199 3.3 TRUATNIATIENIINATNEDITEAU

doyaiiiiasu e ulsaIngui 3.12 () Aftgulsiangui 3.12 ()
Center of Mass X 452 578
Center of Mass Y 194 225
Bounding Rect Left 441 543
Bounding Rect Top 186 214
Bounding Rect Right 465 614
Bounding Rect Bottom 204 240
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3.3.6 M3adensaueaulaninsanudnil
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ANSALTOULAIUDIHUNDILAINTANULAID Imam‘wﬁaﬂmﬂmﬂsaU%LLam’Lugﬂﬁ 3.13

Y

—
N
B

UM 3.13 nnszRuITIgnInanTay

3.4 NFAATIZRUAZIIUNUTLANANTAITDUAUNDIUAS

NANULADNIBNNTNTLIAAVDILHUNDILAITENINLARDUN VLA NI UAINA LA TR
ANulanaIatun1IRTIITURN U LAt linn A laangeaulaaiuisauntseanidu 3

Uszinnaugusnsvesimiliiiedu Ao viau seeyaln uruneswasUng Tusun 3.14

(n) (v)
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(A)

3UN 3.14 (n) YAN1MYRITREAMTRUUNAY (V) YANTNUDITRYFANLRUUYATA,

() YANTNYDIHUNAIVIDIAITINTIAADURA

va o

Aidedudenldnmszauniignimungaaula wasuuinguamuuszanuainnduge

v '
L A o

ToyadImFUNTIATILYITUG AN UUNUTLANYDITUAINIYNATIATUAIENTUTEUIAKE

tusu lusessuilussinnivuniedunkunasunsiiasiousaniuannsylaadinael i
3.4.1 msldszuulasetneuszamiisuiuunaulagduinensduunussianvasgunm

luiided 2.3.5 n1sviuvesszuulaseigyssamiisuuuuaauligduiaiiy

Va v = A

wsngaudniun sl nilueuide gadedadenltisnisiin g iuazdnunl AN

Y

(%
LYY o

sUnmmelBtanan Tneliadutuneunsviiny Ae nsidentduazesnuuussuulasadig
Uszanniien nsinaeulasadigyszanniien uazn1snsiaaeutimelasaigusyamiiieu

=2

QRENAULAT
3.4.1.1 maiaenlduazesnuuuszuulasetigdszamiieauuunaul gy

N1599NWUUIASIINEUTTEIMTIBNE AR NSV N TNAaR LAzt US s U UNA bUNIS

ONWUULAAZASY taeluuAT8Tin1500NkUUALD1989970 [29] FlrlansinSesateasuad

& 1 )

1AT9Y8UsEaIMeIgUN 3.15 BedaiTeann diuusnfe sunaalees diuniaes Aemsullg

Fuialeas waialwad wadtawes dluditarunsaigrduladuegiunisesniuuves
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A9 Uagdiuanvinefe awesdmiumsAnkeniun1mazUsenaume WagneuluARLLes

walalees uay venuund-aseaeulnsliawes

A ] — tAr
f 7 — rRuck
I [ — van
— 4 |
5 ,n"i \. 7 :
“E] ‘0 ] — sicycLe

" INPUT CONVOLUTION + RELU FOOLING CONVOLUTION = RELU  POOLING FLATTEN

Lk

\- Cﬂ:duh:;:‘l[!) RO
NG Y
HIDDEN LAYERS CLASSIFICATION

5UM 3.15 n1sisgatuvedlasstieUszanmisuwuunauligdu [35]

3.4.1.2 N1SAURUAATNISITLADSVILAAZIALYDS

lumaulguialeas (Convolution layer) in1sdmeinaiuisamnuaainleiu

P9UUA 6 A1 AD VUINRINTDI DIUIUTUAINTDY TIUIUAINTDY AINISVEU AN

VBDUNN

dmsunundnadaaieas (Max pooling layer) fin1513masNa1u1saNMUAAILA 2 AN A9

YUIAVBIFINTDY AL AINISVEU

Tuduveswanfduilsndu (Activation function) Tunaslasauduszuulasetny
Uszamiieundduudusaznisimaseesdenlfilusgiliduieniniianududeutios
nnslaflsidu@nueen (Sigmoid’s function) MseenTudus wadslinanaunsafuIum

ANUAATULNSIRBURBUS UEun e lneR liiinUaRnnaindu

WolaerdnnaneanUsvamuds lutuanineaziiuiAiuiuAinuEanaInly
aun1svesreviuund-asealoulnsy iemanuaiatuinsifguddmivuSuiitdniegludy

vospaulgtuaesluldarnuiinnainidnNgaiuies
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3.4.1.3 N15HNAUIASIVIEUSTEMIALULUUABULIATU
U

nstnaeulasaineUszamiinasinlaenisuenyadeyaiilieanily 2 yade ya

IS ! v

fnaeu uar yavaaeu Ingluusazyraziinguuastoyaomundety 3 ndu fo vau sesdn
11y uazusumeas Mt deyarstinaeuildluvhnstinasussuulassnedszamiiey
feenuuuiiielianansauiuussiansesildlumsuenaudnuny wagiadanuusiugiainys
nageudmiumssuungun AU ssanvesteyaiimual auldaauutudigld

Y

A99N1T

lAgTUABULINLIINTASAINTITNDTENTINTSEUS (Learning rate) Tuaunsnly
YFuAanimidnmuitanisveansifguilluisuiieusenineaanuianaiaiayivinlugduiiy

AAANAST (3.1)

Hi = Hota XT (3.1)

44' A v a o T ¥ A A o a o = ° =4 A v
bUD Uy ﬂaamﬂmiLiﬁluﬂumﬁmmﬂiw L, Uold ﬂ@@mi’]ﬂqﬁlﬁﬁlug Qﬂﬂ’mumu, T AY BRI

Msulagunlasnanad tnedal 1> 7 > 0

3.4.1.4 NM3180NANIIANFIAETTVRNITANMINE AT ALUUREYNA

auiuldinniseenuuudnenlasseUszamifisuiisauiunisdmesilalunig
DOALUUABUTIHN TATLAAENIIIHADIEINITOAIHARDAIAINHLIUE 1B lATIUNEUTEAN
Feundeinnisilnaould fadunisidendinisiimeduissinaiunsoldisvesniswd An
mnzauTgntuUgteynAInaLuAsiaentaegmaaadld annmsimuasinwuaileity

(Fitness : fs ) mgmmuuwiugvatlasgsranisuuuuaaulgdudiaunisi (3.2)

£

= e Wom
51“‘LJ’:“L;"“‘I-‘JT’I*"."L:LﬂlﬂEE.“fEﬂﬂ?ﬁ

fs= - - —— X 100
*".I’I‘Ll’mﬂ’li"ul"l"ldﬁﬂﬂﬁ‘.lilﬂﬂﬂﬂmﬁi?ﬂﬂﬁ

(3.2)

INTUUYIINTAINUATIVIUBUNIATALYIINTHUNOMANATIEAAI9N1T199 3.4
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i ° ! o o aa ! ddd
M19190 3.4 ﬂ']ﬁﬂ'ﬁﬁu@ﬂqauﬂqﬂaqwi‘U’Jﬁﬂqiﬂqﬂqw ﬂ 'JEJQQ@ aA

W50 03 aUNA
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BRTINTITEU Ps
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MUIUTOUVBINSHNEDY b7
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100 59U WANINAT Gpese INTRLUATSATULITNITIWAsULUALAY 20 ASSREYIINMSENENUAY

g & ] A
LA UNIZTUIUNIT Iﬂﬂﬂi%‘U')uﬂ’ﬁVNﬁﬂJﬂf\]%LLa@ﬂ@gﬂugUVI 3.16

pg. ERA%

Initialize 1
Training the CNN Calculate fitness value
parameters # [ & {
i ) No l'

Update parameters

=

{ Optimize network

S,

Stopping
Condition

yes
o P s e
= _‘“‘-‘:.w—(w = '\;‘w -
—— S—

JUN 3.16 TUROUNMTINNUYBIM IR IAILEIB YA
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¥

d' 5 A va oA v a 6

1an (K-nearest neighbor ) 31nA154a8NAMANTAAIEAIMEIUIAIINAITILATIERAINEDS
seausagldninaesseavlunisdaien uanainlidslinsnaassnuaiuisalunisnagey
lassieUsganniisunuureuligtunasistulaenisiilunsivdeuiuiuanaugllany e

ATIRdRULNUSTINYITInauaulafugUssLAn U anee

4.1 HANINABBIHIUVBINTTIIMUNAMAN WY 2 YU

1nuny 3 ludiuvesnisAnuenauautadmsulassiielssamuuunsuligdu
Uszneulumediundn Ao aeuligiuawes lsquawes waz windyaduawes saudu 1 du
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5UM 4.1 dunsvedlasadngussanniuunauligiu
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2 YUINVBINALNDS 3x3
uIuTawes 128
Fuvesilanes 1
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AMIALYOUAIN 2
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M13197 4.2 AMMTEResVBILUNTYAALaI DS

FUIUTU M5 10ma35 ANUDINISLN DT
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LY a [
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A1519% 4.3 AN VRIATABULLALALYDS
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M13197 4.4 AMMTENBIVRINITAIMUASAIINTSIUS
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4.2 wan1sveasInIsiaanwTdineslagldnismaAnninzauigauuuyeunia

AINNITNAADILUIITEN 4.1 AFINTTRINNAIANURANANN LAY ANULUUIT 7D
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wasnuuEIdslmhnmyaReatuinsinaeunaznmnsiniasmeisieutulndides lag
AvunAl K= 3 uagldszeerinawuugadn (Euclidean distance) Tunisduun naiilaasidu
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Abstract—This research interprets the design and test process
of copper clad lamination surface defects detection. The system
was included four following stages: image acquisition, image
pre-processing and segmentation, convolutional neural network
design and image classification. Image processing method and
pattern recognition algorithm are utilized in the system. First, the
author applies the smoothing filters to eliminate noise from the
images and segmenting a defect from background texture. Then,
the convolutional neural network architecture is created to learn
local feature of defect and background texture. Finally, defect
and background images from segmentation step are collected
and fed into a convolutional neural network to train and perform
the classification task. The classification results demonstrate that
the proposed method can re-checked false positive detect from
the conventional Sobel edge detection, Hence the accuracy was
increased from 78.1% to 98.2%.

Index Terms—Image processing, Convolutional neural net-
work, Surface defect detect, Copper clad lamination

I. INTRODUCTION

In present, copper sheet has been widely used as a raw
material in an electronics industry, in other words quality of
the sheet directly affects to efficiency of the final product. In
Thailand, copper clad lamination industries still use a human
to classify and analysis a copper, Therefore the human brain
have an excellent defect classification. However, the physical
performance such as tired and drowsy are cause an error
during work hours. For this reason, it is necessary to develop
a machine vision system that are easy to operate and high
accurate for detect and classify them on the copper clad
lamination manufacturing line.

In [1] a machine vision was described for an automated
visual on-line metal strip inspection system which is based
on morphological preprocessing and combined statistical and
structural defect recognition. Then [2] represented a real-
time visual inspection on copper strip system that used the
moment invariants to pick the characters of typical defects
which eigenvector is identified with the RBF neural networks.
However, in Copper Clad Lamination production line, the
copper sheet size is huge 1.5meter in height and width,
while a smallest defect size is 1.25x10™* meter. Therefore, the
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Fig. 1. Background texture of copper.

method is required a high-resolution image and proper image
processing technique to extract a defect from background.

More importantly, image segmentation is an important step.
[3] binary threshold segmentation method was implemented.
In order to search the border of the intensity ranges of
defects and background by analyzing the histogram between
the background and defective regions. As well as [4] the Otsu
method is improved by the weighted object variance (WOV)
for segmented a defect from background.

Furthermore, the copper sheet has background texture like a
textile because of textile layer in the copper sheet. For textural
analysis [5] a Gabors filter and GLCM are used for defect
detect in textile and it has a high accuracy result. Likewise,
[6] the defects on metal sheet was detected and extracted
feature by the Gabors filter. Also [7] a SVM classification
with feature extract from wavelet and spectral domain is
able to classify the 7-difference class defect. Moreover [8]
use a multi-scale contourlet image to extract a significant
feature Bayes classifier, a machine learning method to learn a
feature of defect in textile images and can achieve the goal of
classification and detection.

However, [3], [4], [5], [6], [7] cannot perform in the large
area of image. Due to, non-uniformed lighting and differ-
ence texture characteristic caused by bended copper sheet in
“Fig. 1”.Therefore, the feature selection by human were not
covered the uncertainty of texture feature.

Considering, the [9] research, convolutional neural network
is use for object detection task from a many of difference rich
feature object. Due to convolutional layers in convolutional
neural network can extract the local feature and adapt the filter
weight by the neural network learning phase. Moreover, [10]
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used CNN for learn a local feature for defect classification
of steel surface with photometric stereo image. In additional,
[11] is use Max-Pooling CNN for the same task as use in steel
defect classification.

In this paper, proposed method is focus on the two main
steps. First, image segmentation by Sobel edge filter [12]
and binary threshold for extract the region of interest. After
segmented, the images are separate in two parts 1. the correct
detected defect 2. the fault detected background. So, the
second step is the step for re-check a false detection. By
this step, well-trained CNN network by dataset of defect and
background were used to classify the segmented image. As a
result, accuracy of defect detection was increased.

II. PROPOSED CONCEPT AND DESIGN

The concept of proposed software was designed and com-
posed of three major steps. Initial step is pre-process for
smoothing and enhancing the image to reduce the noise.
After that, the filters were applied to segment the image to
extract the regions of interest. Hence, the non-uniform lighting
form the bended copper sheet was prevented. At the second
step, the Convolution neural network architecture has been
designed and train using the defect and background dataset.
Finally, the interested image was classified via the convolution
neural network in terms of background copper and defect. The
developed process of the system is shown in “Fig. 2”.

III. METHODOLOGY
A. Sobel edge detect filter

Sobel operation was selected as edge detection filter. Due to
the best result in [13], The filter itself is contained with two
masks, Gz and Gy for convolute an input images and give
the output of edge detection in horizontal and vertical. The
“Fig. 3” shows the masks of Sobel edge operation.

B. Convolutional neural network

Convolutional Neural Networks (CNN) are the neural net-
works consisted of 2 dimensions convolution layers, these
layers are executed to extract local feature by each kernel
in the hidden layers. The kernel of the layer is applied in
a neural network in term of weight. After trained the network
these kernels are changed appropriately to a given task. In
additional, the weights in CNN are shared together in the same
layer. As a result, the number of parameters are not grow as
in multi-layer neural networks.

o Convolutional Layer: this layer performs a convolution
filtered and computed a dot product between the input
images X and a kernel filters W, by providing another
set of image output H. Each hidden layer contains a set of
filters IV and filter size F. To proceed the convolution,
filters can be moved with a stride S and add padding
number P to the edge of the input images as shown in
“(1)” below.

Fx Fuy

H= Z Z W X 1)
N=0N=1
o Rectified Linear Unit (ReLU) layer: A ReLU layer is used
for threshold operation to each pixel of the input, where
choose only positive value and set the negative value to
zero as equivalent to the “(2)” below.

f(x) = maz(0, ) )

e Max Pooling Layer: this layer reduces the dimensions of
the input image by dividing into square regions and select
the maximum of each region to perform feature selection.

o Fully connected Layer: in this process, the input image,
weight and bias are combined in 1D feature vector before
performing the classification. Furthermore, the answer
of the given problem is required to be 0 to 1 or as a
probability by performing the 1D feature vector using
Softmax and cross entropy function. Hence loss function
is calculated as given “(3)”. While L; is an error of loss
function, s,; is a score of predictable class, j is number
of class in dataset and s; is score of the other class.
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Fig. 4. An On-line multi-camera system for Copper Clad Lamination Defect
Detection.
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Fig. 7. Convolution neural network graph.

IV. EXPERIMENT AND RESULT

The inspection system shows in “Fig. 4” includes 5 Basler
line scan camera ral.8192-12gm, Intensity line light LED, and
3 Industrial desktop computers consist of intel(R) Core(TM)
i7-7770 CPU @ 3.60GHZ 16GB RAM are applied on a
conveyor belt, which size of copper sheet is 1.5-meter height
and width and move speed is 0.8 meter per second.

In this section, the gray scale images was selected from one
of five camera which is 8192x256 pixels with 8-bit gray scale
and was used for a defect characteristic analyze. The process
was divided in to three steps: 1 Preprocess and segmentation;
2 Design and train a CNN; 3 Re-check false detection.

A. Preprocessing and segmentation

Preprocessing is to enhance and remove noise from the
image before performing an edge detection and binary thresh-
olding for image segmentation. All the procedures were im-
plemented following these step Gaussian smoothing, Sobel
edge detect and Binary thresholding. “Fig. 5” shows the output
images from this step.

B. Train the Convolutional neural network

After the segmentation, 4,600 obtained images were divided
in to two classes 1. The defect class and 2. The background
class. Furthermore, the images were separated into training
data set and testing data set. Training set has 2,000 defect class
images shown in “Fig. 6(a)” and 2,000 copper backgrounds
class images shown in “Fig. 6(b)”. Similarly, test data set has
300 defect class images and 300 copper backgrounds class
images.

In this paper, the proposed network was constructed as show
in “Fig. 7”. The image input layer size is 32x32 pixel. Conv_1,
Conv_2 and Conv_3 are same parameters, 32 filters, 5x5 size,
1 channel, stride 1, padding 2. Maxpool parameters are 3x3
size, stride 2.

C. Training result

In the training process, 4,000 images were used to train
the neural networks. Hence, it has categorized two classes
consist of 2,000 images per class. Likewise, 600 images were
used for testing the networks. This image set contained two
classes, each class consist of 300 images per class. Moreover,
the training parameters have defined as Stochastic gradient
decent with 0.9 momentum, initial learning rate is 0.001,
learning rate update schedule by piecewise with drop factor
0.1, learning drop period 8, Epoch 100, Mini-batch size 128
and L2 regularization 0.04. Training and testing was performed
5-times with the datasets. Consequently, the results are shown
as “Table. I’ below, the highest accuracy was achieved at the
4th trained network and “Fig. 8” shows the training progress
of the network.

D. Re-check false positive detect

After convolutional neural network was created, 100 images
correctly detect and false detect from conventional edge de-
tection and binary threshold segmentation are fed through the



networks for re-check the detected defect. “Fig. 9” is shown
the re-check step of the segmented area. Hence, the accuracy
of defect detect was shown in “Table. II” below and it was
increased from 78.1% to 98.2%.

TABLE 1
TRAINING RESULT

Training (Times) | Epoch (Times) | Iteration (Times) | Accuracy (%)
1 100 3000 91.3%
2 80 2400 94.7%
3 60 1800 96.2%
4 30 900 98.2%
5 30 900 97.4%
TABLE II
RE-CHECK RESULT
Number of images | Edge detection | CNN
100 78.1% 98.2%
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Fig. 8. Training progress.
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Fig. 9. Re-check defect and background images.

V. CONCLUSION

The proposed method was performed by Convolutional neu-
ral network classification. Defect segmentation from enhance
images and binary thresholding has advantage of reducing
computational resource in another step. In additional, the
classification of selected region is use for re-check the fault
detection from non-uniform lighting. Convolutional neural
network used for local feature extraction is better than human
feature selection for training a linear classifier because defects
and backgrounds have similar feature. As a result, the proposed
method accuracy was increased 20.1% from the conventional
method. In the future, the author goal is to apply this method
for classification defect types for analysis the cause of the
defect problem.
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