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ANUPAK PUNYATHANSOMBAT : VISUAL INSPECTION SYSTEM OF THE HARD
DISK DRIVE COMPONENTS IN FULLY AUTOMATED ASSEMBLY LINE USING BY
DEEP LEARNING TECHNIQUE. THESIS ADVISOR : ASSOC. PROF. JIRAPHON
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Keyword: Image processing/Machine learning/Deep learning/Object detection/Hard

disk drive components

A hard disk drive is a very important data storage device in the era of big data.
This thesis focuses on developing the visual inspection system of the hard disk drive
components which is an important step in the hard disk drive assembly (HDA) process.
The interesting problem with this procedure is the overkill of inspection. There are 17
positions of hard disk drive components such as platters, Head Stack Assembly (HSA),
RAMP, Filter, etc. that are checked. The over rejection cause is the hard disk drive
image out of the field of view (FOV) perhaps mistakenly checked from the machine
vision system which is the current object detection system without the flexibility of
label image. This causes a delay in the HDA process. Therefore, this problem has
significant implications for the amount of HDA quality.

Therefore, in this research, deep learning (DL) techniques are presented as a
machine leamning (ML) tool that has a structure and processing similar to the human
brain. which is called a Artificial Neural Network (ANN). The visual inspection system
has been redesigned using convolutional neural networks (CNN) and YOLOV5 algorithm
it is one of the key algorithms for automatic object detection with high efficiency and
flexible. The performance of the newly designed hard disk drive component inspection

system has a validity percentage of 99.49%

School of _Mechatronic Engineering Student’s Signature l&‘m

Academic Year 2021 Advisor’s Signature \ -




ANRNSSUUIZLNA

a

FeveveunszAMUAnan1N 9 Tigrendeiliingrdnusadulidiiaganiy

e

[

nnUszasAnnUsenis AliAwue USnwn Mesunsanliun1sidouwasisnnis aall

=2 a a

VOUDUNTEAM FOIANANTITE A5.A5eNa ASIESTHA 01958NUSnw Inentinug 1o

anuieniond19ids Tiawugi Auine lunsaniunuide aesduurluusas
TupauswaliaL3 AWnNTg Mslguaing1inus sunszuIunsialasaLduTin
wazdariensaasunilvinerdnuslilianugniesuasauysal
YBYBUNTEAN T99AIANTIANTEY L500INALEN A5.NUAST DrUsEAIaT 813158
(Y v v L3 L a o v L a = o v
Asanay Agsesil 813138 As.guu Aau AlANNIAWINNSTEsailuUssenadly
Uiy inlvnendnusinnugnaesauysel
YBURUNTEANUYIN1FaAlElads TS Nlausunumsfnuiluseau umdadie
= Y | A v a4 o~ ¢ Ao & a o
ANty waztewienwasesilogunsaling q ATnludienidy
a o acf aa o v aY v I a v z.glj 14
YDVBUNTEAM UTHN LIaiTu ATmea (Useinalne) 91in Alaiemdeuidedlv

vUa o

411599829 dmsudeyauiteuasausAueRaIMNIINA1N o wasteniordelil

Y

Uszaumsainsyinaunusem
aa 4 =~ = v v ad o A aw Yo @
YBVOUNTEAN AMAINGG Uzagln NYlewmdelviauskazidaniluniside 1nduss
| o L3
aamuIngUITaIANnUIzNIg
YoUaUNIEAM AMUTEI U YULlaUn AMTNTITIR AT AT SonTw SNl
UARINTLULNUN Assembly and automation development tag biun AME USEW LIaLiisu

famea (Uszwelne) 310

o o

YBUBUNTEAN LMNTIUsEIIEInIYIrINssNAEns uninendewmaluladgsuns

YN 9 i AANTIsmdoRardINIEANLATAINtUAIWENEITHaEATUN1TAN o dusy

] 1

59829
% a YA v a U Y
gnvNetl §IT89NTIVVDUNITZAMNITAT WAZANITNATOUASIVEIL

o = o

advayu gun1szideg susudaeulmdunud naonsuduasudiiunisfiny uazaesli

a a L3 d' v
e nnusSielA

v

a{' | &
YNADYYIYLRED

o w

Adslaaunseiisinednudaduildnsa

aumA Jyayniuauds



#1308y

R

UNARYD (VT oo n

UNARED (NMIDANO) oorrvvvvveeeemmsrrsiess e eeseseeseessssss s A

ARRANTTUUTENTVEL oo 9

BVTUDY vt )

AVTUDURITT N oo oot %

V13T L o
undl

T UTIUY oot oo 1

11 A uasa @AV UMINITIVY oo 1

1.2 0QUIEAIAUDIIIITY oo 4

1.3 UOULUATDNMUIVE oot 4

18 SHLUUTTINY oot etteessee oo 5

15 O TUTITIIIUITY oot ees e 6

SRR e R EY U1 VLR e e 1 OSSO 6

17 UStTEBTARIAINZIITU oo 6

1.8 ATIAMIITUBRLINGNINUS oot o 6

2 US55 T uUaTUATETAEITO . e 8

2.1 @UUTENOUIOITIIARGN AT oo 8

2.2 MSUTTUIBHANIN (IMAGE PrOCESSING). ..o 9

221 TR (PIXEL).ovveorveeoeeee e 9

222 MSATDUNIN (CrOP IMACE) oo 9

2.3 Ve rsehg (Artificial INtelligence : Al 10

2.4 miﬁauisuaqm'%aﬁﬂﬁ (Machine Learning : ML) .....ccoceiieieieieeieeeeas 12

2.5 lassneUszarmiieu (Artificial Neural Networks : ANNS) ..o, 14

251  dwuseznauveatassineuszam (Neural Network) oo, 15



3

#1508y (D)

R
252  dilsznouvedlassdneuszamiien (ANN components)............... 15
253 RaNNTNINIUVIATIVIUTEANTGN ..o 16
2.6 MIFYUSLTIAN (Deep Learning : DL) cwccecerrrecceseeerrresesesssnecsseesessssssneeen 19

2.7 wuudmedlasaingdszamiiieuuuuasuligdu (Convolution Neural
NETWOIK © CNND .o 19
271 %AnMIYNLYRdlATItgUsEaMNgULUUABULIR T e 20
2.8 MIATINUING (ObJeCt dEtECiON)....veeeerrrrrrrrveeeceiiiiisssssssseersssssseeeineneens 23
2.8.1  SlUdING WINAOW ...ttt 25
282 MOITIOBE oo seeeieee oo 25
2.9 YOLOV5 (You Only LOOK ONCE VEI.5) ..o 27
2.9.1  RANANTUNIUYDY YOLOVS ..o 29
2.10 USTAtassaunssumagamBTEMAG IO oo 31
2101 ST REIAUTASIUIBUTEAWTON oo 31
2102 AdeiiAgdetunTnIaTuTngeTun N .o 32
211 agU.... .. v v M e 34
AONITA MU TUIVY ..o et 35
31 UM PPN, s 35
32 WATHUOLARALNISNUTIUTINVOYANTN HDE VIEW .oooroeeeereecrrnn 36
3.21  USEANUBINTN HDE VIEW...ooeiceeeeeeeeeeeeeeee e 36
322 VOUAUDININ HDE VIEW....covoorrceereerrecmeereensesmesneessssseseessssnesneneee 38
3.3 ABANTVINRDT cevereeeeeeeeeee e ee e ee s eee e reeens 39
33.1 ﬂ’mﬁ‘uﬁmﬂa (Data colleCtion) .....cceeeeeeeeeeeeeeeeeeeeeeee e 39
332 NM3YNANNAZEIATRYA (Cleaning data)........ s 40

333 WAdansUssnanan itaneLaIneuesn I (Image

processing - adjust brightness) .......ccccvieieiieiieees 40

3.3.4  AUTLANTDIFUNN (Categorize IMAgES).......uwwwwwevewememeemmemmmmemnennnneen 40



#1508y (D)

Wi
335  N1999NLUUITTUUATINEDUBIAUTENDUYDISARANLATH
AIENATANTTITIUTITIAN oo 42
3.3.6  @37291uma CNN (Create CNN mModel) ... 43
3.3.7  n15a31sliea YOLOVS (Create YOLOV5 object detection)........... a7
G 51
4 WANIINAADY UAZATTIATIZHHANTIVIARDY oovvooooeeeeeeeee oo 54
B.1 UNU Y et 54
4.2 HANIIATIVADUNINTINADY CNN...oeoeeeeeeeeeee oo 54
43 [aN1INTINEOUBIAUTENDUTDITNSARANLATNAIY YOLOVS. ...ooooee e 56
4.4  HaNIINAABUSTUUATINEDUBIAUSENOUTDENsnnanlasi (HDE view)........57
4.4.1  HaNSAGDUIEUU VI system ﬁu%@@gaﬁqmﬁ' Lo, 58
4.4.2  HaNIAFDUIEUU VI system ﬁu%gaﬁqmﬁ' 2o 59
443  HANSNARBUIEUU VI system ﬁu%@gaﬁqmﬁ' T 60
4.4.4 HANSYIARDUIEUU VI system ﬁu%@gaﬁqmﬁ' O 61
4.5  ATUNOATIVIAGB. c...ooioiiiicie i 65
5 AFUUATTBLAUBIUE .oooooooooeeeeee s 71
LRI TZ SN Lo, | o | o | o LA . SO 71
5.2 U AUDMUY ks Srteneeeeseeseefies s Ko sens e et b ees e seneseesses e ees e sess e 72
SUHATTOINIB e e e e eee e s e e see e s s e eee e eee e 73
AANUIN
MANUIN . 1AALUSLATUE IS UNIES 1958 UURTIAEDUBIAUIENDU
FNSARAN AT HDE VIEW. ..o eeeeeseee s 76
AMANLIN ¥, LARSEUUATINEBURIAUSENUENSARENLAsHAEImALln
NTEIUTITITN e 82
AMANLIN A, ATETUUATINEBUBIAUTENOUTBIENSARAN AT HDE View................. 97
AIANUIN 9. UNAIILT L S U FRUIUNEUNG 1o 101
UTETFEMTEU v 110



a
A1INNN

1.1
2.1
2.2
3.1
3.2
3.3
3.4
4.1

GUEITTRERR

$N
ASILEAINTTATIFERUMLAUSRaUNAvRIESARanlasil Fail wag Overkill........... 2
AT ILAAIAILLANFIITEIING computer vision U deep learning ................. 33
AT NLAAILNAINNITANEDNTEWIN computer vision iU deep leaming............... 34
AT NUEARINITATIVABUAUIRAUNRvBIsnsARan A Fail wag Overkill........... 36
ATUSBUABUTILAA CNN 21IAATSRHNEDULLLAR oo a4
IS HUBINISES1sliLaa CNN wé’qmﬂmaﬂgﬂmwLﬁ@?]ﬂaauimj ................ a7
AT IUAASHAN IS NEDUILAR YOLOVS ... 50
MIINATUHANITNAADUTEUUATIRARBUDIAYTENBUENTARan lasimeLaiia

MTERYUTITITN v rimrecerere st 70



1.1
1.2
1.3
1.4

2.1
2.2
2.3
24
2.5
2.6
2.7
2.8
2.9
2.10
2.11
2.12
2.13
2.14
2.15
2.16
2.17
2.18
2.19
2.20

GURVETT

Tirg
TAUNITHAATITARANLATH oo 2
29AUTENOUVDNE13ARaN AT (Hard Disk Drive Element : HDE) ....oooovvvvvveecee. 3
N1IMTI9E0UDIAUTENOUTDITIIARGN AT (HDE VIEW) woovoooo e 3
PUIUNTATRABUANURAUNAVBIBIAUTENOUBS RN LATH
FaIl LLAE OVEIKILL....eiiiicici e 4
dulsznausninndnlasil (Hard Disk Drive : HDD)..........ccoooroeeveveeceeeeeeeeeeeeceeeseeee 9
PIXEL HBIM oo 10
YUIA ResOLUTION UOIATWHAZTALD w.v..oeeeeeeeeeeeeeeeee oo 10
NITATOUTUNIN oo 11
W3BUWIBU Al, Machine learning lag Deep learning ..........cooovvvwecoooevveeceoseeere. 12
AULANAT9TENINE Machine learning AU Programming .........o..coovveeeveevcreevennnea. 13
YT N TTUFUOUPTONINT oo 13
358U vedlATIYIEU ST TR RSB UAULATIVIBUTEAMTEN v 14
1RSI 19V ATIVIBUTEA WG oo 15
ACTIVAION FUNCHION ...ttt e a bbb 16
P308N15ETRNA LU TN ATIUIBUTEANTIEN ..o 17
WUUT1883lATIEUSEA M IENRUUATEUIEN 1T A TOLATOUNTU s 18
anUnenssuvedlasatngyseamiieuuuuaauligi (CNN) e 19
ANWYUZFIINTDL oo 20
FNUABBUTINTOUTNTU Lo 21
B NUABBUTINTOUTNTU 2o 21
NVTVY PAATING oo 22
N15911 Max pooling kg Mean POOUNG ............rvverrveeeveeeees e 23
YTZNNUBY ODJECE ABTECTION ..o 24

SUAING WINAOW ...t 25



CaN
[l
=b.

221
222
2.23
2.24
2.25
2.26
2.27
2.28
2.29
3.1
3.2
3.3
3.4
35
3.6
3.7

3.8

3.9

3.10
3.11
3.12
3.13
3.14
3.15
3.16
3.17

2

d15Uty3U (sa)

R
AT OF 10U ..ttt 25
FIAOU NN VTHOUTIU ..o 26
P1TIE CONFUSION MATTIX ..t 26
TATIATNVOL YOLOVB oo 28
YOLOV3 WUSBUTIBURY Algorithm BUTIWIAMY 1o 28
UTEANTAINUDY YOLOVS ... 29
ALGOTIthM HDHUBY YOLOVS ..o 29
1A598519801UAEATINVS YOLOVS ALOITtAM ..o 30
AIDEINITATIITUTAGAIY YOLOVE.....ooooreeiicciennnnnsnnesessss s 31
9IAUTENBUVDIBNIARAN LATHHUNBIANTUUU (HDE VIEW) oo 36
SrununniinanuAaunfvsadisuiuliade (Overkil) 909 HDE view ............ 37
YTEEANUDININ HDE VIBW ...ier et 38
WHURINITANTUNITNARDL VI SYSEEM...oocoeeveeeieeee e 39
NITUTUAIILADNUDININ HDE VIEW ... 40
Folder YANAABUTZUU VI SYSTEM ..o 42
anUnunNITUVDITEUURTINEDUDIAUIENEUVRIESAREN lASHAEImATlA
ANTFIUTTIN ..o creieseee s sseeseeessssesssse e o sesssse e seeee 43
NSUUITOLATMFURI AR NNt emnetsibe e sesssnsensenees a4
YOUUULAZANUBININ HDE VIEW ... 45
ANTATBUNIW HDE VIEW ..o a5
WAUEINITANTUNITNAGDY VI SYSEEM TUM oo 46
A0URNATIU VI Sy St WUUTTR oo 46
N850 Label IMaGE HDE VIEW ... eseneeans 48
NTWUITBLAFMTUETLUAR YOLOVS ..oooccevecieereessmeeneessesncnneessssnenesssssnee a8
598 RS code Lag@nUINTIaUUDININ HDE VIEW . ......oovoeeeeeeeeee 49
WAUAIATTRAEOULAR YOLOVS ..o 49

N3 MLanINITUIEUTBUW oS EUANYNFABIVDILIAR YOLOVS. .oococrrcevrree 50



4.10
4.11
4.12
4.13
4.14
4.15
4.16
4.17
4.18
4.19
4.20
4.21
4.22
Al

f.2

A3

A4

d15Uty3Y (a)

R
ANAIDYNUDINTNTINADUBIAUTENDUVRITNTARAALATH ..o 51
AW HDE view Pass image QIR CNNooeee e 55
AN HDE view Fail images AAMULAG CNN ......vveeeeeeeeeeeeee oo 55
NN HDE view Pass image 310 YOLOVS ... 56
AN HDE view Fail image N YOLOVS ... 57
Flow chart La@eIn15nagaau VI system AU Datasetl ... 58
Confusion matrix @%5U VI system AU Datasetl ......ccooocoovveeeeoeeeeseceneeseesneeae 58
A Overkill MfinTuann1sMAdeU Vi system AU Datasetl .......ccoovcovvvceevcervrenns 59
Flow chart La@eIn15nagaau VI system AU Dataset2.......cocoovoveecovecoevveoreeeeeeenens 60
Confusion matrix @%5U VI system AU Dataset2 .........ccoovoovvveeeoreeeeeeeeereeeeceeneean 60
A Overkill ﬁLﬁWﬁumﬂmiwmaaU VI system AU Dataset2.......cccoovcvevvcverrcnnnnen. 61
Flow chart La@adn15naaau VI system AU Dataset3.......cocooovcoreecoeeeoreesseennns 62
Confusion matrix @%5U VI system AU Dataset3 .........ccooooovvveeveeeeeseeeercseeeeennean 62
A Overkill ﬁLﬁWﬁumﬂﬂ’ﬁV}ﬂﬁaU VI system AU Dataset3.......coccoovcvevvcveevcrnnnen. 63
A Overkill ﬁLﬁﬂgﬁuf\]’]ﬂﬂ’ﬁV}ﬂﬂaU VI system AU Dataset3.......coccoowcvevvcveevcrnnnen. 64
A1 Overkill ﬁLﬁWﬁumﬂmimmaaU VI system AU Dataset3.......occoowcvvvvcvervcrnenen. 64
A1 Overkill ﬁLﬁW’ﬁy’umﬂmimaaU VI system AU Dataset3.......oocoovcveevreercnnenen. 65
Flow chart LaeIn1snagay VI system AU Datasetd . .....ooo.coovvoevvoeevceeeeceeeeeeenne. 66
Confusion matrix @1%5U VI system AU Datasets .........coooooevoeeeoeeeoeeeeeeeeeeeeeee. 66
A Overkill ﬁLﬁWﬁumﬂmimaaU VI system AU Datasetd.........coowcvevecvevrcnnenen. 67
AN Overkill ﬁLﬁﬂ‘ﬁumﬂﬂ’ﬁV}ﬂﬁ@U VI system AU Datasets ..........ccooocoovveeeeeennnne. 68
AN Overkill ﬁLﬁﬂ‘ﬁumﬂﬂ’ﬁV}ﬂﬁ@U VI system AU Datasetsd .........ccooocoovveereeennnne. 68
AN Overkill ﬁLﬁﬂ‘ﬁumﬂﬂ’ﬁV}ﬂﬁ@U VI system AU Datasetsd .........ccooocoovveeoeeenenne. 69
UouA HDE View FMWTUNATBUTEUU ovvcorrreceneecrrrrnesseesnecsssnsssessssssssssesessssnneees 98
Command Prompt @950 run TUTIMATU ooooovveooeeeeeee e 98
RUN TUTWATH e 99

HAAFUNANITYINUIEUUATINADUBIAUTENBUBNSARANATN oo 99



A.5
A.6

sUINLAR CNN....

sUINLLAS YOLOVS

d15Uty3Y (a)



uni 1

unin
1.1 Aumazanudnyvasdyninisive
gunsaldaLiudoyafdnea (Digital data) fianudrfgdusgunnlugatagiuuaslu

kY

Y]

Uagtugunsaldnifivieyaninealufinainvateviinuin srsafariiasi (Hard Disk Drive :
R =t fo & ¥ aa do o oA ad A o @ w °

HDD) Wunilslugunsaidaiutoyafdneafiddylesniiiuilunisiaiudeyadnuiuunn

sentamie datu msndnersanadlasiludegtuddianudnlueguiinedounsaldaiu

aa a A da & i ~ 1% ! s a & I
@Ha@ﬁl@@a%u@@uwllﬂ'J’]lli’J@LTﬂUﬂqﬁE)’]ULLﬁgLGUSum@yja@jﬂﬂﬁnﬁqiﬂmaﬂlﬂiw I@Eﬂ,u

e

Ly

sgtulugavesdeyavuinlug (Big data)

q

ce

Tunssuvaunswanesananiasinisluduneuiidfuiensuseneveninnadiagd
(Hard Disk Drive Assembly : HDA) faguil 1.1 \unszuiunsiithiudausaguesensafar
lasfiuusznevnnduliifuenindadlasi fadunisnsnaeuaniugniososiuns
aafUsznausneg meluaninfadlasflunseuiunisndniadudeded fyegrmiaiiol
wiladesdusenouneluansafanlasilidenurauns

JEUUNIIATIVABUAIINGNADIUDI03AUTENBUVDIBISAREN LATH (Hard Disk Drive
Element : HDE) sia3uUdi 1.2 TutlaqiuAeszuunisueaiiuvesia3esdng (Machine vision
systems) Ingldinafinnnag vein15Uszananann (Image processing) #3idasfnAeaiu
YBULIANITUB LY (Field Of View : FOV) wazdadlanundangulunisldaudosssgy
FrogagURl 1.3 aniiuldiiesduszneusng g vesensnnanlasilildinunfusszuundy
asRasuRnUnfilesnniidrufiogueniileanvoulunnsuesiiiu szuuiansiaaoui
dudsznaudinanfinnddaiy lunuideddddinauafoatumeianiafoudidedn
(Deep Learning : DL) 5@LﬂuwﬁﬂuﬂszmumiﬁauiﬁumLﬂ'%laﬁﬂi (Machine Learning : ML)
lneillaseasnauaznisussananananefvanesvesyudlaiseninlassedssamiiey
(Artificial Neural Network : ANN) Tus1u3 981 98 ¥ 1auan1900n U T UUATIVADY
29AUTENOUAI9 UB9g19ARaNLaTH (Visual Inspection system : VI system) siaalaseang
Uszarmneuuuuaauligdu (Convolution Neural Network : CNN) A'ulelaiies du
¥1dane3iiu (YOLOVS Algorithm) @ s unilslusanesiiuddadmsunisnsiaduing

fiusgansnmaasnsiuingldegrasiniuavinnudangugunszlaladnde



'
=

YouLANITLBLTuLAIziulUTINIRTRaeug Il Tng ildvini sl naeulunaldaglunn
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PMATplYT U edan1sdgyniTnsiageuesaUsznauainaan lasiAanain

wsrzazvibiiAndgulunszuiunsnananinfantasils J9Ana1NN1IRTI980URANATN

49 N ladlazlsiaUn@ATunn19M 521980 UAUTENOUTDIBITAREN lATNEHANAIATIN

“Overkill” 91NMINTINABUANVIVILA 739 MNYBIBITARANLATHIINTLUULANUUINGUYBY

nweanlaldu 3 Uszinn Good 418 A Fail 177 A way Overkill 144 aw miwﬁ 1.1

LAAINISHENUTLLANALAUIYD909AUTENBUNSARAN LATHANSIEDUIMRAUNRNY Fail wag

Overkill LLazai;dLTJuLLNuQﬁEUmMu;}ﬂﬁ 14

A15199 1.1 A5 LEAINISASIADUALMUNRAUNRYRI815ARaALASH Fail ag Overkill

No. Parameter EC RS code | G-code Note Failed | Overkill
1 BASE1/BASE2 3 RSO3 3279 |Extra partsin MBA 0 0
2 EXTRA RSO3 3279 |Extra partsin MBA 0 0
3 ExPartDisk 20 RS20 3292 |Extra parts on media 141 1
4 C-Filter 6 RS06 3281 |C-Filter missing 28 2
5 CLIP 7 RSO7 3282 |Comb not remove 3 2
6 FPC 10 RS10 3284 |FCC or screw problem 0 0
7 FPCSCR1 10 RS10 3284 |FCC or screw problem 0 22
8 FPCSCR2 10 RS10 3284 |FCC or screw problem 2 0
9 HSA 11 RS11 3285 |HSA damage or no HSA 2 8
10 OUTERCS 14 RS14 3287 |ODCS damage or missing 0 15
11 Pivot 15 RS15 3288 |Pivot abnormal or damage 0 16
12 RAMP 16 RS16 3437 |Ramp missing or damage 1 6
13 SPOILER 12 RS12 3431 |Spoiler or screw missing 1 0
14 SpoilerScrew = RS12 3431 |Spoiler or screw missing 0 59
15 TC 17 RS17 3290 |Top clamp missing 0 0
16 TC_Center 17 RS17 3290 |Top clamp missing 0 14
17 VCM 18 RS18 3291 |TVCM missing 1 0
et a2 J 11 8 12 11 ¥ 1 Vo A\ amainintnininis A
I L
| 11
I 2 3 i
iE) I Q 1
--:: 7‘ { | Backend
7 I I
s T
y .98
[axD)

sUN
Y

1.1 lavdnsuanesenanta sl

Top Cover Seal




Find Area for Ex-PartsChCircie

Camera Parameter EC| RS | G-code Note
HDE 1 | BASE1/BASE2 3 | RSO3 3279 Extra parts in MBA
2 | EXTRA 3 | RSO3 3279 Extra parts in MBA
3 | ExPartDisk 20| RS20 | 3292 | Extra parts on media
4 | CFilter 6 | RSO6 | 3281 | C-Filter missing
5 | cup 7 | RSO7 3282 Comb not remove
6 | FPC 10 | RS10 3284 FCC or screw problem
7 | FPCSCR1 10 | RS10 | 3284 | FCC or screw problem
8 | FPCSCR2 10| RS10 | 3284 | FCCor screw problem
9 | HSA 11| RS11 | 3285 | HSA damage or no HSA
10 | OUTERCS 14 | RS14 | 3287 | ODCS damage or missing
11 | Pivot 15| RS15 | 3288 | Pivot abnormal or damage
12 | RAMP 16 | RS16 | 3437 | Ramp missing or damage
13 | SPOILER 12 | RS12 | 3431 | Spoiler or screw missing
14 | SpoilerScrew 12| RS12 | 3431 | Spoiler or screw missing
15| 1C 17| RS17 | 3290 | Top clamp missing
16 | IC Center, 17| RS17 | 3290 | Top clamp missing
17| vem 18| RS18 | 3291 | TVCM missing
Brightness spec
Brightness(lux) Top view Ramp view Side view
Target 163 1 128 & & _ 97
Max 173 138 107
Min 153 118 87

Figure 11: Mask Image of Ex-PartsChikCircie

SUT 1.2 asAuszneueseinmailagil (Hard Disk Drive Element : HDE)

U

o
N

1.3 N15MSIAUIAUTENUVRIENSARaNAsH (HDE view)



HDE Failed

W Failed

Number of failed
=] Fy a 00 s B =
o
o
20 [—
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o
o
o
o

mmmmmmmmmmmmmmmmm

HDE Overkill

~
S

@
=}

15 16 O Overkill

i

o o
o =
v o«
e £

RS code

RS17 [

Number of failed
o B B 8 & 8
RSO3 ©
RSO3 ©
RS20 | =
RS06 | ™
Rs07 |~
RS10 | ©
RS0 R
RS15
RS16 | o
RS12  ©
RS2 @
RS17  ©
RS18  ©

JUN 1.4 I1umsnsivaeuanuinUuniivedesduseneuaninfanlas Fail uag Overkill

1.2 nQUszaAvaeUIY

121 \fiefnuiRertumaiiam q v9snsUszanananin (image processing)

12.2  \iefnwlagesnuuussuumnivaeuefusznousns 4 melusninfar
lasisewatinn1sseusidedn (Deep leaming)

123 euduugenssuiumsnsaaousiAUsznauvesaiafadlasilidiaing

WHUEGIAETING?D

a a

124  S¥UUATII@UDIAUTENBUANN & Ya9gnsafantasiiiuss@nsnawlunig

! = <@ 1 I a a =
G]S’J"Uﬁ’f]UQQﬂ’N 98% LL@%&IF’]’J’]&ILi’ﬂ‘uﬂﬁiﬁ]i'ﬁﬁ@ﬂLLG]@SQ’]‘WIQJLWL! 2 UM

1.3  YaULUAVBNNIUIY

131  S3UUASIE0UIAUSENOUVDIaNSARANtASHANINSU NEO automation line

(Venice product)



1.3.2 VI system azUszneulusie Convolution neural network @1usunsiadeu
ANlaes ey Deep learning (YOLOVS algorithm model S) @ vsunsiagoussausznau
vosgnsnnaninslimmes HDE view ity

133 Uszlduusednsnnn1svineuees Vi system a8 Confusion matrix Wag
F1-Score

134 figemaaou Vi system sianun 4 gaudazyausznouludrenmm HOE view
(Pass = 375 7, Fail = 115 7)

135 AMAUAUUVDY HDE view @195 U09ALUUIEUY VI system Way test &

resolution = 1280x1024 pixel

EN

a

< % ) U s s
1.3.6 VI system VU UTEUUSULUUAINIUNITATIABUDIAUTENOUVDITNIAAEN

Iasil (Venice product) 1ty

1.4 sul8uisie

141 Ausdnwiesdanug vauf waslonarsiieadesiunszuaunsmagunm
uaznsnsRaeuingelunn swiinsBouivenaiesinsuaznsdousidedn

1.4.2  99nNUUUTEUUATIIE@RURIAYSENOUTRIE1TaRanN lasHInglY Deep learmning
technique

1.4.3 wivdeyazunim HDE view 31nssUUANLagyNISARLENIUN AN e
(Pass or Fail)

144 wisngunwdldainnisAauensuaiw (Cleaning data) Wiialddmsuase
Tainan1siSousiedniia CNN uag Object detection

145  a¥ussuuenIdevssiusznauveseriafanlasi HDE view Faazusznouly
melasseuszamniieuiuuaauligiu (CNN) uaz n1snsvaeuesRUsynaunelunmme
wWATANTSLS8U3189EN (Deep learning YOLOVS algorithm)

146  eonwuuMImadauUTEAEA Nvedllng LazUseilliulsednSamuadueg

147  USuUgaUsednSnineeissuunsi9doustausznouveIsnsafan basi
(VI system)

1.4.8 ATV LATATUNAENEN13YI9IUVDITIUUATIVADUBIAUTENBUVRS
g1sapantasil (VI system)

[

1.4.9 AV WBNAITHALIIYIUNITIVY



1.5 d@ounvineuie
1.5.1  System and Control Lab i inendeinaluladgsun3

152  USWYW Lafisu fanea Usemdlng 310n

1.6 asesileflilunsiiise

1.6.1  Python programming language @1%5 U@ 19 Model deep learning Lay
image processing

1.6.2  YOLOV5 algorithm model S @1115Ua319 Object detection

1.6.3 gﬂmwmaaaﬁmﬁaﬁimﬂ HDE view 21ntA3 04 Visual Inspection machine
Y84 Neo automation line (Venice product)

164 pauiwesduUARe wazIoUeilnes

1.7 Ussleviiimadinazldsu
171 IfesdmnuiifeniumsussaanamsgunmuazimaiinnsiSousidedn
172 leesdmnuiiisaduniseenuuuszuuasisaeung wagaiunzaiily
Usegndldsauiulusianeng o laluowan
1.7.3  lasunuussuunTnaevaialsenouresesanantasilagldinalinnisisews
EAGRR)
174 diuUssAvBamlunisniaaeussaUszneureseniafaniagil HOE view
175 siuuszAvamnszuiumananensanardlngils

1.7.6 wWewwsunanueadglunulssrivinsaglulssme

1.8 msdninguiauIngrinug

¥
s =

un? 1 WuundivesauinerdnusideaznadiuiwazanudrAgaestym

U 13 =

nnUszasd sutavaus wazdsslevunmininaelasuainaidel
= A Y A awv o & v v
unl 2 1 Juuniiifeadungudang 9 wazauiddeniieitesdussuunsivdey
asrUsEnavansafaninsimematanisseudidedn wasnisussutanagunniiieatosdy
NI
unl 3 Wuuniinafisnsiawieudeyasunmeninfaniasil HDE view wagnis
PENKUUITTUUATIADUDIAYTENBUTBITNTARAN LaTAemATliAN1TiS8usiTadnlne a1y

CNN wag YOLOV5 Tunnsasnessuudun



Nl 410 uunv 05 UELA 8IAUNISTNAABUTTUUAIINEOUBIAUTTNOUTBY
ginfantasil aufnsUseliuyseaninnuasnsUSuUTIUsE NN NYRITEUUATIREBY
asfusznevvesesnfanlasilidulunuingussasanidmunli

unfl 5 Wuunasuiastoiauonus



UNN 2

USNAUIT5UNTSULAZIIUINNYITD

2.1 dauusenauvasansanantasn

<)

g13anantasi (Hard disk drive) \ugunsaldidnnseiindvlanilanviuinnlunis
fﬁ’mﬁui’ayjaﬁ%ma (Digital data) #1149 9 Fedegnarguszianiyu lldam 3ale tanans
I~4 ¥ % % 1 5 [ a & Aacf & a & @ Y]
suam Wusu lngazldnudeyamaiiu Auneuiiumes 1@5We3 dumesidn waglutaglu
gsanantasidsfianudfgydueguinlugrvesdayavunling (Big data) uazdumesiin
a . ~ i :s' A £ aa a X 2 &
Y99a5INES (Internet of Thing : loT) ANMsasIuazARoUTIvaIToyaRIneaLinTUTIMSUTY
| v aa v & | 2 = <
ag1aunlneNveyafneavzgninnulusuvedauuidvan 0 uas 1 Faunvuiadnun o
HIUWIE1U/AT8U (Head Gimbal Assembly : HGA) %’ayjaﬁ%m@aawmm Media
dlsenauvessninfaniasi Tdmusenausing q el lneuanafagui 2.1
1. 97uuds (Platters)
2 A A a | i | A oa v X & Y aa
PULTINT DS 8NDNBENIMHNUTLARES 197U N aNEN AL LAYALLAR D UAI LA N
@mamﬂ’awmmmﬁﬂLﬁaamﬂmsﬁuﬁﬂ%gaawul,wiuﬁLﬁaﬂuﬁ]ﬂ%ﬁé’ﬂmimﬁmﬁﬂLLﬁ,Jmﬁﬂ
lngaziuTeutoya 0 wag 1 Tdurwilauaziale
2. mama%wgmu}immmﬁﬂ (Spindle Motor)
° v a | A a v < ¢ a & o o =
VvtAnyuuiuiifienienusmagIueesssnaan lasinalulutagiuasd
AYINSITEUBLN 7200 RPM (Rotations Per Minute : $1uiuseusiewil) usdmsuansadan
lsAniuszavsninganinguinluasiinnusisevegiiuszata 10000 38 15000 RPM
3. wIue/\deuteya (Actuator arm)
Judwwsudmsusunasloudayanineaasuuuiuiiiie Jsdimlaisveawuy
1 = vV ¥ Y} 1 = ¥ = vV U
91w/ sutoyaazusenauluieiie i/ deutoyaisosdauiuy
4. W9U/TuU (Head Gimbal Assembly : HGA)
WJudiuusznevdryvesansanantasidsusznauliaie Suspension way

IS wa

Slider M1a3197uanueY Wafer §aUsznauluaiesinnng o Nauauifniwimvanlagd

9

F19 71/ 0 suazidudun I lun1sdanisanduiinrses1udauaatnwiy Media taglasu

Y

Fouanalaihunaindireulnsaaesneuinnisiwileniuaiman



5. 1Ad (Case) wiaemnaesdmasudududiunldlunmssintudiunis 9 usenau
Jusnindaniagi

Spindle Platters

Actuator Axis Read/Write Head

Actuator Arm

Actuator

U7l 2.1 dhutsgnausnindardlas (Hard Disk Drive : HDD)

2.2 msUszuananIn (Image processing)

a Y

Junsdanisnionisuszananazunm wiedavimilidudeyalugluuuada lay
Uszaanaruaerfiumeshinnasdunisldlusunsusing q wWiedannnsivgunnuiednle tu
Wiladayandesnsnsludngunimwuieusunn (un JUT9) suilufaguanuuzisuyeinn

A A A o w A v oo D o  w v i | % ¢
wsednle ieideyailamiluussendldnudmiuanunueiie 9 1y nuemumeuns 9
FUANUAITUAM SuiUgamnIIUTiinnTadandndaidiendes ssuunTadeutoya

v v Y a v & Y oA & J v v
wimeuislan Av1slan Wudu Andrunmuauldnulusunsusmunisussanarann

v

E@u

2\

See

2.2.1  wnwa (Pixel)

o a 6

WALYAUIIINAITY WANLABST (Picture) 57unU LOLALUUG (Element)

' (%
aa v = 1 a Y =

Wisuiadougaan 9 veen nadviadusasgannea Wi azliednuandaiudeningaun

9

£%
aa v = 1

U U I~ o <3 a I~ Y] 1 n:l' 3 I
FAIWAUMNUTUIILIUNIN 9 AZNATUTUNNATNATULNIURIDYNFUN 2.2 U L TUNIN

waalugnuuadumsnduusiasdosvaanssfefinasziaivedegniarl n1suanana
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[ 7 '
a

N3N WU iU 9 Jvesnin du q Srudseneulumeiinwaniduganniuiinuaziden

(%
[ 1

yosfingannyinlnsaudnuLeInNAILBuNNTUYITTL witkanumevIAtaLa ey
JumgiilosaniinigatuazedlugluuuveunIngndduiuaeau (Column) Lazua?
(Row) Tutligtuaziinsudanuazidenvesniwesnidu SD 720p 1080p 2k 4k tUuduniy

sUAMA 2.3 venswavldganefiuruavesinigavassunmuazdnlenldanueglutagtu

U7 2.2 Pixel unslal

RESOLUTION COMPARISON CHART

8K (7680x4320)

5K (5120x2700)

4K (3840x2160)

8K (8192x4320) 6K (6144X3160) 4K (4096x2160) 2K (2048x1080)

gﬂﬁ 2.3 YUIA Resolution UBININUALIALE (81989 www.napavalleytv.org/)

2.2.2 M3A59UNN (Crop image)
Dundaluadasilaveinisussuiananindanisasaunmiulaaudmsusna

dunlifpinisveinimeanlaunisdanniwasaniiinazidudiuiunaduil (Column) #Sawa?


http://www.napavalleytv.org/
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(Row) Tuagiunsldnulaenisaseunniudiunnizlsuaseuilunuuamaenlugnsdu

i 9 lidneedu 1:1 169 4:3 21:9 WuduTuegiunsldanudusui 2.4

JU# 2.4 n1saseusunm

a s

2.3 Ugyaurusehng (Artificial Intelligence : Al)

a & A

Jaygysehivg Ae WUsunsuiignimuilviinnuaiunsalunisin Jnsieindany

A o8

= ¢ ell a ¢ ~ 9 Ao |
QaWﬂLGHULLUUﬁQJ@ﬂNH‘US IﬂEJ‘V]{]ngﬂwmwgmmmwwﬂwmaNa%a;ﬁawmmcﬂwﬁguaz

a s

A a A ° v Y ~ I &
aquqiﬂﬂ'ﬂgﬂmaﬂqﬂmL‘ViﬁlwaLLa3ﬂ15ﬂsgﬂqﬂaqﬂﬂuuuwfﬂ,mﬂﬂLUiEJUl@’J'ﬁ]iUiU']Ui%@U%uu

g7} ]

Agrhnadnsléan Machine Learning snuanananishldldanluguuuusiig 4 Tnefidayan
UszAndazidunmsimniie q veslusunsuseseslnedsudndu maioudveanissing
(Machine Learning : ML) uaznsi38u$i#sdn (Deep Learning : DL) fagudt 2.5 dlutlagiiu
tu Al fianuddydusdrannlursmsmaluladiou duninlaiu wane 9 Julaslusunusu Al
Prglunisindulanisieauswiuniielselananals (Central Processing Unit : CPU)Y84
gunsvlnu w3 oludiuvesieUnadadu (Application) Adl Al aaglunisvinausmsiuiu Ly
Face ID 984 Iphone, Msaunuiindle, N15USUUTININGTEY Al 8NITHATIENTUNN YT OUEN

Wusu
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(%
v A

Al Qﬂ‘\‘])WLLUﬂL‘ﬂU 3 SEAUMINAIILENNITONITDAIIURAA A3l

a § Aa

231  JyuseAuvsideuau (Narow Al) A Al Aianuanunsaaniznsldaniy
Uywe

23.2  Ugayuszivginl (General A fio Al iflanuanunsnsefuifedfuuyud
anansasimn 9 egnafiuyudildiaziiuszavsamitlndiAesiusmywd

2.3.3  UyaussAuvguuuidu (Strong A) fe Al ifianuannsamileanudluvaee
s Wamlilas ssdnsanmsaiouduazyinuneeadanuile anunsadiassnisvineiusing o
FounuungAnssuvesy el TasidulnAsaunuuatemyudiiinsnununsiseus

nslvimana nsdedula nsuiteym

okt g MACHINE

LEARNING
e P =
| ‘ D,
e a4
m
—
1950's 1960s 1970's 1980°s 1990°s 2000's 2010's

Since an early flush of optimism in the 1950s, smaller subsets of artificial intelligence - first machine learning, then
deep learning, a subset of machine learning - have created ever larger disruptions.

gﬂ‘ﬁ 2.5 wW3suiieu Al, Machine learning uag Deep learning

(91989 https://blogs.nvidia.com)

24 n33ouivedtAiasing (Machine Leaming : ML)

naiFeusveseieatng wio ML tu grldaumileutuauaves Al wiednagisfe Al
fuld ML dmsunisdousliaaindu msi Al azaaravdevieldinsduduiueg funs
Soudrenniedng tu duazuendiunsiuyedideundiddusunsatundedouly
AvualilusunsuazlianunsniSeuiewsosoufifiuinlduuuil Al v Tagaruuansing

sEnINMTTeusveasesInaiiguiulusunsuialudaguit 2.6


https://blogs.nvidia.com/

Machine Learning

Inputs
Computer
Outputs
Programming
Inputs
Computer
Program

E‘Uﬁ 2.6 AMULANANTENINN Machine learning AU Programming

Program

Outputs

13

ML $eusandeyailadadilulnasu (Training input) udandbiuazdamadng

panundusarnselaniadesaluli Al drlunaninisnszyinlaen ML Ju aruisaunlule

Nulavatesluuulagazendenalnvedlusunsunieisenindanasfy (Algorithm) Nl

a v = v a ¢ v . . & v
donldaunatsuuudsgnesnuuulaedninemianidoya (Data scientist) lugoanuuy

Y] as a o 44' 1Y) | v g a Vo ~
2aNYIN ﬂ']iLiUUEGUENLﬂi@\‘]"ﬂﬂiaquqiﬂLL‘UQ@@ﬂ‘l@IL‘Uu 3 ‘lJizLﬂVlmSLiEJugm;nJVl 2.7

1. nmssyuuuuivayagaeu (Supervised Learning)

2. Mmaeuuuulididveyaseu (Unsupervised Learning)

. SHUSLUUNUANNLINEDY (Reinforcement Learnine)
3. M3TeUs g

Task Driven Data Driven
(Predict next value) (Identify Clusters)

il el

a -

Learn from
Mistakes

cH 77

1©

o

JUN 2.7 Useinnn1siseuiueaa3esdng (81989 www.n-ix.com)


http://www.n-ix.com/
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2.5 lasednguseamiiiey (Artificial Neural Networks : ANNs)
lassnedszamiisudulnnanisadamansiienisauiaiuuasuiuatuian
(Connectionist) l#dm3uszinanaliiosiassnsiaureaetisUssamvesau ey
Tanunsaafennuaunsalunisiseusiuuandiukuy (Pattern recognition) Timileuiiu
luaueIvouyyd
unAslunsiFeunuulasstheyszamvesuyudduFumnanmsdnylsaiglidh
Faa (Bioelectric Network) Tuauasdniunissusdaia « léduasdosd Dendrite W3sy
widou input layer %’U%aaﬂal,%"lmmmfuﬁ]ﬂ%’ Soma LUSeuLniiau hidden layer LT usn
Ussiiugadoyadldsuduuay Acon agsimihiuasdoyalfidunadnsoonuiaintuay
LARINaaNETISE Synapses lWU3suwilaw output layer Falaswneuszamidlenazananse
ilireuimaiidnnsteus i1 wardndulandeiulaseinglssamuesatewysd 69

Mog1agun 2.8

Dendrite Axon
terminal

nucleus

weights

inputs
X,

activation

functon
net input
ner

activation

(p 0,

transfer
function

% 0.
"Il s
threshold

] a 2/ 1 € U 1 I
JUN 2.8 Msiseuivetlasaglszanveswyudiieuiulasaingusaniiey



15

2.5.1 daulsznauvadlaseinguszam (Neural Network)

1. Input layer &9 layer Fuusnuasnssudoyaiiiglasseussamion
Tnoazillnunsudeyaniudiuan input iy snazdesinnisfauensalsidoyaiivSensnd
dosiinmvesnalsliing q 1Oy input deuinglaseineussamiiioudeluniesiaionin
Feature

2. Hidden layer fie layer Funansdsonaazivinnimnisdulaed hidden
layer f\]zﬁmaﬁaﬂaz%m%mwmm‘%auimmimLma@'aﬁ hidden layer unnAMUG UL UTDS
Tumafazanniunalufeudueuinezdmaienisyitauselaensidanuiy %{ua@jﬁwﬁa 4
lueainsesnslgdiuaumilas

3. Output layer A layer qmﬁqmmimqsﬂwﬂizmwLﬁaw‘z’faﬁmﬁwﬁiums
lndeyaiilfannisiuinmi eduaiesundaain hidden layer suanadunadnéd
fioamslasfiliunas output layer tu Jusgfuzuuun output ffadrafesnisTnelassasng

AMFIVBNATIBUTTANTLULEAIRIFUN 2.9

Input 1
— Qutput 1

Input 2
—» Output 2

» Output 3

‘ Input Layer . Hidden Layer @ Output Layer

JUN 2.9 lassasavedasadigussamniiiey

2.5.2  daulsznouvedlassineuszamiiisy (ANN components)
v Y & v P Y] & v a v
1. doyav i (Input) 1ludeyaiidudiay mndudayadananinges

wladlieglusudaUSinamlassineyssamiiensausula
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2. doyadsaan (Output) A NagWET 1ANT ua3 (actual output) 910
nsrvIuNsReuivedlasseUsramiiioy

3. dnmedn (weight) ﬁa§Qﬁ15ﬂ7ﬂﬂ1iL"%auifmaﬂmwh&J‘Uﬁzmmﬁau %30
ZenBnognedn mmd (Knowledge) Ailaggnifuiiuiinusdioldlumsansidoyadu q fieg
TusUuuuidgaiu

4. ilanunasiu (Summation function : S) W unasiuvesteyateudn
TngasidunngaifuAvinesusiazen naldaindunayn 4 91989 neuron L0741
S

5. flaRdunisuuas (Transfer function) WunsAuImnssIaeenisvineu
yaslaseneUsyaifiey 39 activation function fideuthunldfe Snusadileidu (siemoid
function) latlesluanunuuauailendu (hyperbolic tangent function) WazRectified Linear

Unit (ReLU) wanslifuluguil 2.10

Sigmoid ’ Leaky ReLU I
! max(0.1z, z)
0(z) = 1=
tanh Maxout
tanh(x) max(w! z + by, wl z + bs)
ReLU ELU
max (0, z) {T 220
: : a(e® ~1) z <l

g‘dﬁ 2.10 Activation function

2,53  wanmainnuveslassgssamiiey
2.5.3.1 \n3atngmsdedayaludrenth (Feed forward network)
nann1suvedlaseUTEaMsLUUAT e e st aya Y
fhenthie Weiideyartnuluafetisasih input Wu w1ty weight vasusazasnadild
219N 9 input Y8dusaY neuron faglonNTmAULE e MLABUR threshold Aty

fwasiliA1unndn threshold uda neuron Aazds output eenlu output UAaggnasluds

Y

input 909 neuron foluAauRUlY network a1AioanI threshold AayliiAn output Ju
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ALY ARABINTIUAT weight Waz threshold dusuitmuneiiisisesnisiielinauianes

2\
Mo

N

1 Fadurlandusu wianuisan vy linauimesUsuamatulalnenisasuliiy

Ao

e

Calle  @alle

N3UKUUYDIA TS9N IARUAIADS3 91 TaUnd Neural Network agi38n31 Feed
Forward Aign1slutnanti1 na1fe Neural Network a¥3udayaann Input Layer a@sneunmitn

(W) udaUszananar1u Hidden Layer w&eendi Output ﬁQLLam’Lugﬂﬁ 2.11

Feed Forward

%
«

'z
7]
N
’4"5‘&'

)

output layer

input layer
hidden layer 1 hidden layer 2

JUN 2.11 wn3evienisdsteyalutmihvedasaiigussamiien

NSAUIUNIAT output WlaaInaNAA 2.1

y = f (Wx+Db) (2.1)
Tnei
X' = [ X, ...X] D Input matrix
b' = [b b,..b.] A9 Bias matrix
Wiy K Wip
W= M O M A® Weight matrix
W L W
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2.5.3.2 \n3evnemsdedayatoundu (Back-propagation network)
nannN1suvedlasiglssa gL uAIoUen1sdloys
Joundude Lﬁaﬁ%’a;ﬂa input 1117 network Aagten input Hu WA weight vaslsay
YeAdotisUszaiisunaildain input yn 9 W18 neuron AzLWNTIAULEI O
Fleusu threshold fifuualy dwasaudimunnnd threshold uda neuron fazds output

pnlU output ﬁfﬁwgﬂaﬂuﬁq input 184 neuron 3u 9 TdeutululasneUszamiion
6’?}@Lﬂuﬂizmum3§auﬂé’waqms§ﬁﬂuﬂ’ﬁﬂﬂ feed-forward Neural Networks usienninli
Sfuffaunduann output ndUwfl input 9138131 "back-propagation” aziin1sl4Sane3iu
LWUU back-propagation Lﬁ@i“iﬂumiﬂ%ﬂqﬁﬁ’mﬁﬂ%LLuusuENLﬂ%‘asu"lEJ (Network Weight)
Mﬁﬂﬁ]’]ﬂiﬁ?}ﬂLLUU?TE]%@E%M%IU?]ﬂi‘ﬁ’LLﬂ'Lﬂ%‘@“dﬂﬂimm‘agﬂﬁgmﬁ’g AT LASU (output) 310
Lﬂ%ﬂhﬂ%gﬂﬁ'ﬂﬂLU%ULﬁEJUﬁ’UNaﬁmwi’Q WAYIINITANUIUNIAIAURANANR (Error
Estimation) GTfoshmmﬁmwamf:%QﬂﬁmﬁuL'ﬁﬂgjLﬂ‘%aﬂhEJLﬁ@l%LLﬁlmmﬁ;mﬁfﬂﬂzLLuum'ahJ
ImqﬁdwﬂizmmLﬁsuﬁﬁmﬁaﬁ”ﬂﬂmLmaLLUUﬂ’ﬁﬁﬁagaﬁauﬂé’Uﬁaazﬁmaﬁwﬁmmﬂmwm@
299 output VodluAay output s5efeunduiitevnnsusumdishminlsiiitevi i luea

Aaanuiananiosdian wansliliudigun 2.12

Hidden layer (s)

Input 1

Input 2

) P S :@omput

Input3 '
1 Difference’in

actual value
Input4 (4

2 OO

Backpropagation

JUT 2.12 wuudnaedlassneuszanmiiguwuuiasedignisdsleyatoundu

dunsAAURanaInveIN1saslunaaunsalaaInA1Rasn1aIEes (Mean Square

Error, MSE) flagunsil 2.2

1
Error = E (ytarget - youtput)2 (2.2)
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2.6  N3L38U3LYeAEN (Deep Learning : DL)

NN3I58U3109ANYTe deep leamning th Lﬁud'gwﬁwmﬂ’m%fau:jfmaam%ﬁﬂﬂmaﬁ
deep learning ﬁgu%LﬁumsL’%’&Jufﬁmﬁﬂé’w%%aﬁﬁaqLﬂuf\i”]muu’]mﬁaa%?mLLUUf\i’waaa
TnsstneUszamiiendunniieliannsarunensemuadnsldegausiugh deep learning
Huarlddane3iiuiizenin neural network Sanasiulaei Deep learning Bufen1sil
lasstnglseamiiisnnnnnia 2 layer S?Tulﬂ?jwm%‘swj’m’ﬁﬁﬂuiL%aﬁﬂmﬂImw}inzam
il hidden layer iisenil sfuazisendn Tassnedsyamiisunuudne (Single layer
perceptron network) d115U deep learning Fudenin TnsstheUszamiieunuududou

(Multi-layer perceptron network) 2zil hidden layer ﬁ'ﬂLLﬁiaaﬂ%'u%ulﬂﬁﬂ‘ﬁ'LLamﬂugﬂﬁ 2.9

a

~ 1 P o v v a X = & v
LWaiﬂﬂqiﬂﬁgmqamaLW@ﬂqwaaWﬁ{iﬂsﬂU%@uuqﬂENsUuagL@EJWllr]ﬂsUu GHEMPRSIRSS ARG

Y

AoansaeuliATesdngs lakiug By

2.7 WUUAaD9lATIUN EJU'i%ﬁ'WILﬁEJ&ILLUUﬂE]&II’JQ{IJu (Convolution Neural

Network : CNN)

v &

TAsseUszaisnsuuroullatudulaseUsa Mo NT1a09n1SuD LI UYDY

Y
[ '

& < < & A o oA A d‘ ] Y v v Ql‘
wywdnuesuluiuieey 9 uasihnguituiiges 9 91 CNN wesuinsdwieiulagiag
= a a o v I ¥ ! ! v a a
fuszansamlunisdwungunm Tngludagtuiinisldnuegraunsvatsuaz deiluwifia
t:ll [ ! ) U 1 a ! v J
WNenfulasshedszamineunuuaeuligiugesasiudnlngaziengeumunisldnuvecusias
Lunanuiig lfaudein1sdesdiniseanuuuantinenssudmiud mungausng 9 anuue

LY s

noUszasAlianed nuuziAuves AN lguaulasenusunin Feature extraction lng

annenssuvedlasueUszamiiisuiuunauligtulanasagun 2.13

Feature maps Output
Input image

f

Fully Connected
Pooling

Convolutions Pooling Convolutions
+Relu +Relu

'
a

JUT 2.13 anUnenssuvedlassigussaniieawuunouligdu (CNN)
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2.7.1  wanmainuveslassigyssamiisnuuuaaulgiy
ndnn1svaITes CNN agdivanun 6 Sunoudsl
1. Convolutional layer
1.1 MshernuanunziaY (Feature Extraction)
N13AeAMENYUZIAUTLLIAANSAILIMUINTENNTTABULIRTY
Ffiudl (Spatial convolution) lasfin1svisuifiefsndnuuzisutuiuainnistmuns
#nseq (filter) vioi3undnegsinaeiiua (kerel) simthilviefsaaudnuas g dgyesnm
ifuponun wilsiinsesazanunsafinudnvugnuoonunldif sandsegraindy ey
Sududosishnsomaefuitemandnumzuaniuiinome
1.2 dnwagveIRIngas (Filter)
Tunmadrasinsesesfunssaefifiiiivuanuiuidos q
pena1san laglddanses (filter) n3e wnasiua (kernel) Mamuasluiinigausnvesnn
foyaith 9nifu aggnidoulumuuuingedulunmiasfinasuasuynfinsaluniw e

r-ﬂl (Y = a Q‘I dll v v & CY v
@ouAinsesluiies 9 ﬁ]u@iUVlﬂWﬂL‘?JaVIﬁ']iJ’liﬂLa@uvLmUQ’]WLLa? ﬁ]glmﬂumqmaﬂwmz

(feature map) LLamﬂﬁLﬁuﬁquﬁ 2.14

Ix1{1xOf1x1| O | O

Ox0 [ 1x1]|1x0] 1 0 4

Ox1|0xO1x1| 1 1

0011 110

0 1 1 0 (0

Input Image Feature Map

JUT 2.14 dnuaigiingos

(nWa1A https://blog.datawow.io/)

1.3 Stride
P ° oA DXy A a 9 !
F"I@ﬂ’ﬁﬂ’]%ﬁﬂﬁ’]L‘W’eﬂ‘ﬁﬁ]’)ﬂiax‘iLa@u‘lUUuzﬂﬂ’]WWﬁﬁﬂﬁﬂﬂ’JﬁJﬂ’] step

NruATu (Mviua Stride WAy 1) wandliiudsgun 2.15 waganunsanmuaAves Stride
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Y [ a

Tundule wienaegyibidsnuanvue (feature map) fawiaiiidnas wandliviugdagy

q

(% '
Y 4 [ L4

2.16 wislvin1sAmmnaudnyziinunviudouiulaeag

Stride 1 Feature Map

SUN 2.15 MAUALABUAINTDWNAU 1

Y

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

Stride 2 Feature Map

SUN 2.16 MUUALABDUFINTDWNNNU 2

[

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

1.4 Padding
Padding 1Jun1siiuiunlagsouresgunmiinasussutanatu
welinsisnudnuasinuvesn niueenulieg1gnensainiiing naulasg usiinvey
a dy aa % a ] dy aa a 1
oI lag Ui U Anganandlugui 2.17 aviuiundmseu q sUuamseniinig
@519 Padding lagenaagmuualu 0 n3oA1e1g 9 w1 9 Audluiielw Feature map 1u

geflaunavingu Input
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Stride 1 with I’;lddmg Feature M;]p

Ul 2.17 N9 padding

Y

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

2. Detector stage
Aan133utaya output 310 convolutional layer wauuaddn output ¥
Sunliegluguves non-linear 1aun1sld activation function L1119 38L% U Rectified
Linear Units (ReLU) @sviliilainadnesnnismuinaziinaawsniuss@nsnm
3. Pooling layer
I3 A o v Al v a 19 AV Yo
Ju layer MYt lunsusudsinauasauiavesdeyanlasuunain
Convolutional layer itasasnouaslue layer dalulnedinsdnuasinurasguninlila
1 1% o B 5 I a 1 A .
9819ATUNIUlAEN5YI Pooling Hulinufieuegaaiguuuune Max pooling Wag Average
pooling saziluuizaniuii pool size Ao RSN TAUNanazgniulifwIse tnei
Fwazdunved input Sipsudiumiiowdn wienald output Nldarlawimdnas Fluegiv
stride AfnuA @1X13aUsEIIBNALATINLTITY wagwATan overfitting I faguil 2.18
3.1 Max Pooling
@) Y ~ a 1 a A o 1 3
Juinsesuunilaimegegaluusnunmnsasmivegundu
NGNS LrazsounTaufInTesluanwuzLAYINUA1TYIN Feature Extraction 909 CNN 11911U
¥ Y oA " al a % gj I [ 1 a o .
vulayaudfandNgeanuudinseeiu undunadnslng wagazidoudinsasluny Stride
dl o
Anmun
3.2 Mean Pooling
) Y ~ a 1 N a Y] 1 1
Judinsesuunilsimanaideluvinundinsesmveguniy

NAGNS 1AgALADUASLUFINTDILUANWULLABINUNNSYIN Feature Extraction U84 CNN 191U
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vulayaudnihaaisvesdinsesiunnlunadnsivg uazazidoudinsesluniu Stride 7

ANAUR

Max Poling “
| 6

Filter (2-x2)
Stride (2,2)

gﬂﬁl 2.18 113911 Max pooling ez Mean pooling

4. Flatten
Aonsiliteuares pool size soefluzuuuy 3 fRuuvadiidu 1 47
Wieadradu input azdslidulassneuszaimidiey (Artificial Neural Network) Tngag
Usgnaulumae input layer, hidden layer, output layer

5. Fully connected layer

[

utfoyaa n Flatten untoairaidulassneuszamiisunuududou
(Multi-layer perceptron network) Lﬁaﬂssmamaiﬁm:uﬁmﬁLLuﬂﬁ'@vﬁmalﬁ’jw’faga
input ﬁ%"uL%’ﬁmﬁuﬁaazlsmﬂﬁ?u%dﬁauuaﬁlﬁlﬂﬁq output layer sinld
6. Classification
Tutumeuiawfunsduunviedanguudaindunssuiunseng 4 ng

3¢l4 Softmax activation function Tun1siiAs1evideya Wieiagduundy output Figexls

2

2.8  N15M5293UIng (Object detection)

q

o = a'

N13959330ng Aen1saglvmauiiamesinnuaisatunsIiuningoglunin

9

(%
v

panuLavuIeIInguudy Class oxlsfosorfenannisues Object classification uay

9

n1sfazlimeuiiunesmdurisvesingieylunininegdumisivuvesnmdesonde

M&nN"15U89 Object detection fauanslugufl 2.19 d1m3un 1971 Object classification az
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asulanatl Input image>Feature extractor>Classifier>Output Class Ineftunaugisil Uit

=

TayaiieanamiAuan vz ddyuessUnn wawinis Classifier livelild Output ves

class TunpuinNNU1gNI¥UIUNNT Object detection

(%
Y [

Algorithm Mduiilendwiunmsasiaduingaelunmiivisnun 8 algorithm disil

1. Fast R-CNN

Faster R-CNN

Histogram of Oriented Gradients (HOG)

Region-based Convolutional Neural Networks (R-CNN)
Region-based Fully Convolutional Network (R-FCN)
Single Shot Detector (SSD)

Spatial Pyramid Pooling (SPP-net)

You Only Look Once (YOLO)

@ N o kR W

- 9

Tnennndanesfiuinanintuduudunidudanesyius1u object detection 198U

9
v

dusunuideiiagldau YOLO Algorithm d1msunsaaduingnislunimiiosaindaiiy

sndlunsesadunasianuuiugiigs

Classification Instance
+ Localization

Classification Object Detection

CAT, DOG, DUCK  CAT, DOG, DUCK

AN _J
Y

Single object Multiple objects

gﬂﬁ 2.19 Uszlnnuay Object detection
(91984 http://cs231n.stanford.edu/slides/winter1516_lecture8.pdf)
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2.8.1 Sliding Window
1339 Object Detection fiflsusnnluadte 10 Tieuanfinisyieuay
Yo madwsa1nnsvi1 Object Classification faii vinnsinsoundanduldidos 3 niy
awiildannsududluvi Feature Extractor wagyiinis Classifier 31059fu Class 9192
nsuifuiias 1 pixel lWides o aunmun aniadamaunssdusimnuanseu wua (32X32)
wazdnmaun (512X512) 1a1vh Sliding Window 9@ asldnasiuneuns osmematieas

@59 JelutagUudnsuitaviuds Snsgevensgunnasandnisinanuasanaguil 2.20

3 H MAX POOL - - -

| 5%5 H 2% — 0 > 8 = 5
|||||||||||||||: """'llll_
16 x16x3 12x12x16 6xX6x16 2x2x400 2x2x400 2xX2x4

5U# 2.20 Sliding window

(81984 https://medium.com)

2.8.2 MIIANA
Intersection over Union (IoU) 1dun153aussans amvesvesluinaiiui
fiaalu N3 Object detection amlea1n Sns1dUTENIN area TiLTu intersection 84
2 bounding box M3#1e area TVBINTOUTIADS N099238NIn fudl Jaccard Wuwdn
33msTumsmisiaudesidusfiviudoutussninamaaas (Ground Truth) LAZKAINNATS

e (Predict) MlaaT loU Asnndn 0.5 Saneeusuld anugui 2.21 uag Ui 2.22

Area of Overlap
loU =

Area of Union

U1 2.21 Area of loU
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loU=0.7 loU=0.9

JUTN 2.22 fegamsdeauiiy

lumsianavieusadulseansamvedunatiy dwsulasseussamiieuiuuaauligdu

%38 N1395933UTngnelun niy aunsaldnisussiliuwuy Confusion matrix %30A1 F1-

Score ium'ﬁﬂizLﬁuimsmz:ﬁmiwLLammiﬁ'}mmﬁagUﬁ 2.23

Actual Class {

True Positive (TP)
True Negative (TN)
False Positive (FP)
False Negative (FN)

Accuracy

Predicted Class
. ~
Positive Negative
- B False Negative (FN) Sensitivity
Positive True Positive (TP) 3 e TP
R~ (TP + FN)
3 False Positive (FP) ) Specificity
Negative i True Negative (TN) TN
Type I Error
' (TN + FP)
o Negative Predictive Accuracy
Precision
TP Value TP +TN
T T TP (TP +TN + FP + FN)
(TP + FP) TN ( )
(TN + FN)

gﬂ‘ﬁ 2.23 15729 Confusion matrix

D DD D
© © ©

o))}
©

ZeflUsunsuviueinadaasaduadeienss
Zeflusunsuvhweinldeswasanudusieieoldas
Zeflusunsuvhuweinadauannuduadeieliess
Zeflusunsuvhweitldasauianuduasfienss
mmmQﬂé’aqﬁﬁmwlé’mqﬁ’uﬁaﬁLﬁm%ua'%qmlﬁmﬂ

AUn57 2.3
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Accuracy = TP+TN (2.3)

(TP+TN+FP+FN)

<

Precision {unsiUTeuiisunsviuneignaedinas wazALAATURST (TP) AU A1FYIIUIE7N

939 uaALARTUAD 11939 (FP)

Precision 1l9a1naun1si 2.4

.. TP
Precision = —— (2.4)
TP+FP

A I

Recall flaAadugnApsvaintsvinueinasduass ieududwuesiveamnsnisalvisinueg

a dy | [~ a
LAZLAAYUAN LUUATS

Recall wilganaunisi 2.5

TP

Recall = —— (2.5)
TP+FN

F1-Score ABATLAA UL harmonic mean 5¥#314 Precision way Recall W alga@1nsuin

Uszansnnueslutnauuy single matric

PrecisionxRecall TP

F1—Score = 2x (2.6)

Pr ecision + Recall TP+;(FP+FN)

2.9  YOLOV5 (You Only Look Once Ver.5)

YOLO 30 You Only Look Once fewndlslu Algorithm fiwmunuain CNN @y
wilslu Algorithm ve4 Deep learning ﬁmsﬂ%’wqﬂﬂﬁsﬁw'ﬁmwmﬁmsﬁwmuﬁi’mL%LLas
gansanuwiuglngluiagiu YOLO feoladndu Algorithm v84 Deep leaning Fiviraule

< o Y o d' P v & = I Y] 2
Li’J‘V]?!@LLﬁ'JﬂQEU'V] 2.25 ‘1/]LLaﬂ\‘iﬁL'ViL‘V]uﬂﬂﬂ'J']llﬁfJﬂLﬁ'ﬂ‘UﬂqifﬂifJQQ‘U@Qﬂ‘Uigﬂa‘U.ﬂ']EJI‘Uﬂ"IW
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WiguAudanasAudy q waraiu1snnsaduinglauuu Real-time lnedlaseasneves
Algorithm slagu#i 2.24

448

12 r—
3
T, -
448 3&4 2113 K\
\ i I XHX’
nz
58
28
L] b 7 7 7
3 192 256 512 1024 1024 1024 4096 £
Canv. Layer Conv layer  Conv layers  Conv layers  Conv layers  Conv layers  Conn layer Conn Layer
7x7xb452 3x3x192 1x1x128 1x1x256 1 p  1x1x512 7,5 3x3x1024
Maxpool Layer  Maxpool Layer  3x3x256 3x3x512 3x3x1024 3x3x1024
2x2-52 2x2-52 1x1x256 1x1x512 3x3x1024
3x3x512 3x3x1024 3x3x1024-5.2
Maxpaol layer  Maxpool Layer
2x252 2x252

gﬂﬁl 2.24 1598519794 YOLOV3

# voLovs
= -@- RetinaNet-50

RetinaNet-101
Method mAP-50 time
[B] SSD321 454 61
[C] DSSD321 461 85
[D] R-FCN 519 85
[E] SSD513 504 125
[F] DSSD513 53.3 156

[G] FPN FRCN 591 172
RetinaNet-50-500 509 73

RetinaNet-101-500 53.1 90
RetinaNet-101-800 57.5 198
YOLOv3-320 516 22
YOLOv3-416 553 29
YOLOv3-608 579 51
Lr F vV W W W ¥ 11\ -
50 100 150 200 250

inference time (ms)

5U7 2.25 YOLOV3 3guidieuriu Algorithm Butsiiantu

Tutlagdu YOLO laiununfieiasdu 5 ua@simuiniain YOLO vasdu 4 MUasn

LagA NN A Liu1UYOLOVS 1 aunsauiuidseyndldeauladnenin YOLOVE wazdinis

USudgalssansnunmsvihnulyazuainnestuaniasdinssnynisinauniienanuainu
A 5luN13UTEUIaA529TUTRgUUU Real-time winrail YOLO dudiaausiasalunis

viauannIlanauselnn Region based 94 9 Lesanlassadisluimares YOLO duiduy
. a 1 a ° ° !

WUU pass through image Melusouifielagiiu CNN 1508 9 LagNeIeuviNEnIFAIWTLS

vaaingiinaulanmglunmuaruszianvesingain feature map lagit YOLOVS tuagil
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Algorithm Tiidenldlmmnzauiunsidauvesdusian lunavuindnsia S luaudsluina

g sia X legiuTeuiieussansnmluusdazlinanagun 2.26 uag 2.27

55 Better YOLOV5I6 YOLOv5x6
50 1 — D5
YOLO - g
_ D3
S 451
-
o
O
O 40 4
O —e— YOLOvV5s6
YOLOV5s6 — YOLOV5m6
35 —— YOLOV5I6
—e— YOLOV5x6
+— EfficientDet
30 : y . , ;
0 10 20 30 40 50
Faster < GPU Speed (ms/img)
d‘ a a
UM 2.26 Usgansnmves YOLOVS
Small Medium Large XLarge
YOLOv5s YOLOvV5mM YOLOvVSI YOLOv5x
14 MBFPM‘S 41 MBFP16 90 MBFP16 168 MBFP‘\G
2.2 ms,... 2.9 ms,.. 3.8 NS\ %o 6.0 1 .
36.8 MAP__ ., 445 mAP__ 48.1 mAP 50.1 mAP__ .,

SU7 2.27 Algorithm @883 YOLOVS

2.9.1 WANNT9919UYBY YOLOVS
AT UNANNI5YI9IUYB YOLOVS Wi 1313 ndldeya input L9unluea

YOLOV5 Ag¥inn15uu s grid cell eantdudoadn 9 n x n grid laei @antnenssuves

YOLOVS thuazdsznaulude 3 dautszneundndauandlugui 2.28

1. Backbone Ao @uiifudoya input i wudvinsadaoinudnuay
wuvesgUnmiiuesnunifiofiardsolussdudaluvedinna

2. Neck Apduiisuteya input 1190 Backbone wéthandnuagLaud

gnaninunasng feature map sialy



wavihmsvihweTaguuegly class landsaintuasdsluga output layer gaviesialy

30

3. Head luduanvinetiagyiminidnseulduinuniavesingiisaula

Backbone

Dense Prediction

-

U7l 2.28 Tassasnanndnenssuves YOLOVS Algorithm

Sparse Prediction
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Fegnanmmsnsduinglaensld YOLOVS Algorithm fsgudi 2.29

JUN 2.29 f79819MIATIITUTRGAY YOLOVS

210 UsiAassaunssusazaddeiiieato
2.10.1 Asefetulaseineyssaniien
U A.f. 2019 Wang uazame lé’ﬁwmsaﬁ’wu,uﬂLLazizqﬂimwaqmwmaaﬁ
Usziny laen1sAneIlareenuuuisilun SFA+SFGN d1Sun1svnaeuusyansn nuesaa
uUn ensemble lnpn1snaasutazlUTauBuiu GoogleNet, Alexnet LaZNIFIWUNAIN
\waesau 1 Meyateyanmivasiiairslueuaznmivasiiiiaduesly BHFID 990013

NAADILNE TN IUTEANS AINT ANI1HIVDITMUNLUU ensemble LHoLUSsuLiisuAU
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GoogleNet LLag Alexnet Usz@nSainane 9 Auualdiiatadulunisvituienin 0.159s
AU A3 unUszn ensemble ThuseEnsnnnnnInglglinisidaulasevieusean
WeukuututaulagznInnn

[

U .4, 2019 Dung wazfiueu feuideiides@neniertunsasivdeuses
wanvedlaseadereundauuusalud® Juduanuiiddyuindmsuimnssulest 33719
dmsunsideumslaseiisuszamisuwu Fully Convolution Neural Network (FCN) Tu
mMsUsziunazdaUsziavesnwuugndoyaneunIniflsesuand snvuInnm 227 x 227
finwa lnsazudsteyaiidunmivesaeunineenuilnaeullduszansamlunisvineu
voslasageUszamiiioudin warlasavieuszamiioy FON WUy encoder-decoder 74
VGG16 Qﬂaauﬁwm 500 A%s Tnefirnsusugvosiasstneysyamiion FON anuuiugn
1@ eyl 90% laeldnwsesinvesneuninildainiflenuininisnsranusesunni
AUMRAUND UaTAUNLIRILYRITBuANAgNUsTIdiueg 1akug g uiudIelasay FCN
encoder-decoder 7il4 VGG16

U A.f. 2019 Xingyuan. Bu kazviusnu laiauslviinis@nwuigidutuaes

¥ o
I aad

Usglgatuagmnundnz lun1suat i anuanunsalunisanuuniv uig

A

convolutional 314
Melinsaunisious LU end-torend Inwazldinaian1sil nasuluinauwuy back-
propagation network wielwinasdenisuiladures convolutional Tuusazduld Swilinns
Soufvosusardudulismaaimnndstu Insasuansuadndidaruuiugunnddudmiu
1S MUNTUR
2.10.2 snAdeiAeatasiunisasanduinganelunim

1wt p.A 2016 Joseph R. kagaug lathiauedanasiulnddmsunisnsiady
919 (Object detection) Inel¥Tai1 “You Only Look Once : YOLO” Tngfianuuwmnsnemin
Sano3fiudu 1 lugatiu Ao unuiiagld Neural network 2 gnfie n1511 Feature map wae
N15%1 Classification eﬁw%’uuﬁ’f]ﬁwﬁfu | LAEINTU YOLO Ju szt unuy Unified
architecture neural network Lt gagaLAgrdm§unsuidamin1snsduingdaansn
FemudtuinnidlewSeuiieuiu RCNN way Fast RCNN

Tud f.A. 2018 Joseph R. uaz Ali F. Idaun YOLO Sunnduneddud 3
(YOLOV3) & 97 n15Usun15v1une class Tuaauaas Bounding box a1ntAuld Linear
regression WAsuLE Logistic regression wazldiyinisien Softmax layer sonifieliin
bounding box overlap lduayldifinaiuves Multi-scale detection vitevinlinmdifiawin

[

A9 uIANURL LI UNITHTIRIUING

q
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Tud a.A. 2020 Alexey Bochkovskiy, Chien-Yao Wang ag Hong-Yuan
Mark Liao T61}7 YOLOV3 w84 Joseph R. wag Ali F. 4 900uf100n0910n015Wmu1 object
detection unWaunelaglatuguns YOLOVA lagvn1sWaul YOLOV3 Aden1suszend
NENEERNG UL Weighted-Residual-Connections (WRC), Cross-Stage-Partial-
connections (CSP), Cross mini-Batch Normalization (CmBN), Selfadversarial-training
(SAT) wazvinsUsuiUAsu activation function a1ndnld leaky relu wWaswundy mish 34
ylsiusEAnBnImanuutiug e YOLOVA tugsiuain YOLOV3

warlulifiousiann USEm Ultralytics Wi YOLO annviesdu 4 uniu
YOLOV5 Fusvilvinisldanu YOLO dudreduuasusuussuszans mwlindstuuaslduss
model algorithm @115 U&3514 object detection model Tinungaununisidaulawn
model s, model m, model | wag model x AuERUF e i@uInues model

JEUUNINTINTVIAUsENaUTRIasananinsiludagiufessuy computer
vision Bsfinsldauagraunsvanslugnannssusing 4 wazannsaviauldiuegnsius
Hagtiuszuuninsnduingindsouaziumaluladlnidenisnsaduesdussney
aelummsemaiiansiFoudiBsdndsdianuunnd1eain szuU computer vision fan131a7

2.1 kagNSENITIIUYBIY 2 WATNAKEASlLANS19N 2.2

A5 2.1 T NLAAIAILLANAIIIZIN computer vision AU deep learning

Traditional
Differences Deep learning
computer vision

Manual feature extraction required? X
Training computationally resource-heavy?

Requires labeled or classification datasets?

Black-box models?

Easy to deploy even on microprocessors? X

X UXXX

Yield high accuracy rates
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PITNT 2.2 AT NLAAINAIINITARLADN TEWIN computer vision iU deep learning

Traditional
Selection criteria Deep learning
computer vision
Training dataset Large Small
Computing power High Low
Training time Long Short
Annotation time Long Short
Feature engineering Unnecessary Required
Deployment flexibility Low High
Expenditure (BOM) High Low
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'
a

899y Tngazuiuainauddedu o eafussuuasiaduingaieluaimdy fnsldauedig

| v % gj v [ s a 6] g =
wnsraeludagdu ey AMsimuIssuunsIvaevasAlsenauvesaniafan ba il dull

o u & | o Y < Yo v oY Y A oA
anuddgiduegraunuazyinulaegesimsalaen1eidulaiauelildinisedialunns
a = Y a = A Yo a ' ] o A 1

M319A0UABNNTIEUSITIEN (deep leaming) Lagaglddanaifiuassagresiuiude lasediy
Uszamieunuunauligdu (Convolution neural network) dmsunisnsiaaeullesiulagy
gadeviannvesensnfanlasil (HDE view) wagdnwilsdaneasfiufiddydmiu Vi system f
A YOLOVS algorithm ldmsusey class aadusznausing o melunmingndeamselilng
AAYINELAINITNTIVABURIAUTENBUVDIBSARET LATAUUILTIUN TN N A 8UIT WY
(pass) w3l (fail) fvudruvesaninnanlasiduiilvuiinunfviely gavineniiiowiy

UsgANSNINNSNARFISARAN AT LA LA U URLAR BT Y
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A5N1TAL L UL

3.1 unu
AT manglunisesnuuu ITEuaziTRIUITEUUATIAERUBIAUTENBUVBS
gnindantasiluyuueaituu (Visual Inspection system HDE view) Tunssuiunisuseney
§ Aa 6} L3 a (% A ¥ a a Y a = .
g1sananlasiveslalnisndnuuudnludflagazldinaiinnisisousi¥edn (deep learning
technique) TUNISWUITZUU VI system AanuluuLil e egaataziluldauinussuy
a ay v ] A4 o . . . <
AIRAUFNTlINTUeUTuYeLATRIINT (Machine vision) Tun1snsiadeussdusenauves
§ a L4 o o < . . 1 o 1 Qy
g1sanantasilaeyiinsmvuaveulunn1suewiiu (Field of view) YaduaagunaguIu
LavAsRaaUITuLeglureuanIsuasiuselifuindamszuunesingunululiegly
FOV tindsym Overkill YuppsyuvtasTuueglumunianlignasang  1R1NuaTeu
gnindantasilalaindetinnainlunsuseneuiuausendy Overkill
dMTUNTRONLUUTEUUANTIAARUBIAUTENOUVDIENSARAR lasimemnaianTsiSe U3
a = gj [l 1< ] A I = [ .
Weantduazuiseaniluaesdiume 1. lassnguszaniiisuiuunauligdu (Convolution
[ [y Y o [ . A
neural network) {uARNsasusnvesszuulddmIunTIaeuNNTINY0N N HDE view il
AMUNA 3 8 lilag st ului N1TURININTILT IUANBULAETIN1TAAKENNIUNT B
a1 (pass or fail) nd991nU U nInamARIugafansesusnlulasvgndsdoyaluds
ALLNUINTIVEDUNADIAD object detection (YOLOVS5 algorithm) vinunflun1snsiagou
9eAUsENaUYeIEsARanlasHvianun 16 duntsindinnugniewmselilasasuuaiutes
£4 | < Ay v Y o S & o [ ! L= !
m139lunITnTIRaeuLaILURTY class aunlaszylindennduiviinisdauendiuvsel

| 3

1 a 3 1 @ a 6) gj [ =3 Y .
WU E]ﬂﬂi\‘m']ﬂN'Tlmﬂ@’)']@’]iﬂﬂﬁﬂﬂlﬂiw YU Pass %ﬂﬂvLiJf}\l’mﬂﬂtLL"N’l’] Fail

Ya o

Mnfinanandsiussuuduraauiangulunisnsaaoy datu §3d6Ts
LAUBUIMINSRILN ST UURT R deUssRUsEnaureteninnanlasilfiussavs annanndu
wazdane uaiusarngay (training) waginasuluwnaluy (Re-training) ¥lvin1snsiaaeu
psAUsEnevvasasafaninsiiauulugwind sy dwivauidedasaiuiiunues
#1uUY (HDE view) 3091a3 09805 VI wintfu Tnsaziinnsnsiaaevesdusznaunialuan

Wanue 17 dumdsianuansdugun 3.1



Camera

Parameter

RS

G-:ode]

Note

HDE

BASE1/BASE2
EXTRA

RSO3
RSO3

3279
3279

Extra parts in MBA
Extra parts in MBA

ExPartDisk
C-Filter
CLP

FPC
FPCSCR1
FPCSCR2
HSA
OUTERCS
Pivot
RAMP

RS20

RSO7
RS10
RS10
RS10
RS11
RS14
RS15
RS16

3292
3281
3282
3284
3284
3284
3285
3287
3288
3437

Extra parts on media
:C—Filter missing

Comb not remove
:FCC or screw problem
AFCC or screw problem
.FCC or screw problem
|HSA damage or no HSA

.ODCS damage or missing
|Pivot abnormal or damage
Ramp missing or damage

SPOILER

RS12

3431 |Spoiler or screw missing

SpoilerScrew

RS12

3431 |Spoiler or screw missing

TC

RS17

3290 |Top clamp missing

TC_Center

RS17

3290 |Top clamp missing

VCM

RS18

3291 |TVCM missing

3.2

JUT 3.1 eeAUsEnauvessniafaniasilyatasiuuu (HDE view)

a -8 < v .
WATNSUAVIYALASNTIINUIIUIIUVIUANTN HDE view

dunsuununsaliunuidedunounsnfienisiiusausindoyanin HDE view uay

N130539a U NN NN HUINUTELANKAEATIVEUN TN NUVBITLUURNAIN Yntaya

wSNNLASUNITUIZI NN HDE view 99149 739 nnlagazhuinin HDE view aantduaiy

Usstanlan And (Good images) = 418 aw, nide (Fail images) = 177 AW WAZAIWA

WA SEUUNBINEY (Overkill images) = 144 2w Faned 3deldvinisuvsdeyasandy

UL ANAUUT AN BLUNITHIIVEDUDIAUTENDUVDITNIARAN AT AILERIlUAIS197 3.1

wUseemdu 17 UTeLAnuagnsi1a@ounIn HDE view Lan1g Fail images bay Overkill

. =] V1 | S a X o 1 . Ql'
images 1NA1519983UlAN N Overkill TULAATUINNELALIVD Spoiler Screw UNNEA

PIAUA 59 AINEIAUFDUIADALNUIUDITAUUKS FPC (FPCSCR1) d1susiau@a Pivot

ey OUTERCS @1ua1au

AN597 3.1 ANSLEARINITAS VAU LNLIRAUNRvaIaNsARanta syl Fail wag Overkill

No. Parameter EC RS code | G-code Note Failed | Overkill
1 BASE1/BASE2 3 RS03 3279 |Extra partsin MBA 0 0
2 EXTRA 3 RS03 3279 |Extra partsin MBA 0 0
3 ExPartDisk 20 RS20 3292 |Extra parts on media 141 1
4 C-Filter 6 RS06 3281 |C-Filter missing 28 2
5 CLIP 7 RS07 3282 [Comb not remove 3 2
6 FPC 10 RS10 3284 |FCC or screw problem 0 0
7 FPCSCR1 10 RS10 3284 |FCC or screw problem 0 22
8 FPCSCR2 10 RS10 3284 |FCC or screw problem 2 0
9 HSA 11 RS11 3285 |HSA damage or no HSA 2 8
10 OUTERCS 14 RS14 3287 |ODCS damage or missing 0 15
11 Pivot 15 RS15 3288 |Pivot abnormal or damage 0 16
12 RAMP 16 RS16 3437 |Ramp missing or damage 1 6
13 SPOILER 12 RS12 3431 |Spoiler or screw missing 1 0
14 SpoilerScrew 12 RS12 3431 |Spoiler or screw missing 0 59
15 TC 17 RS17 3290 |Top clamp missing 0 0
16 TC_Center 17 RS17 3290 |Top clamp missing 0 14
17 VCM 18 RS18 3291 |TVCM missing 1 0
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INANTNUFUALANNTATUANURAUNANAATUAUNIN HDE view FansmLans

[ =

mgﬂvi 3.2

HDE Failed

W Failed

rsos [N 5

RSO3 ©
RS07 | w
RS10 ©
RS15 ©
RS16 | ~
RS12 | ~
RS12 ©
RS17 ©
RS17 ©
RS18 | ~

Number of failed
N Py (=)} 00 =Y B =
Rs20 NI =
B

RSO3 ©

HDE Overkill

~
<]

@
=}

O Overkill

Number of failed
= e w B w1
o (=] (=] (=] o o
RS10 kg
o
e
i
— -
o
RS12 iy

RSO3 ©
RSO3 ©
RS20 | =
RS06 | ™
Rs07 | ™
RS10 ©

1

1.
RS15
RS16
RS12  ©
RS17 ©
Rs17 |}
RS18  ©

JUN 3.2 Iunniiiaanuiauniasaiieuiulidase (Overkil) ves HDE view

3.2.1  Useanvuasn1w HDE view
9INNNYALINYBI HDE view vy asnsouUsUseiamveseenidy 3 Useuan
1AuA Good image, Fail image, wag Overkill image ﬁﬂﬁuamiugﬂﬁ 3.3 970N Overkill
ardaunmldd1n1n HOE view tu lld@aUnfudogrslausssuundunesinsfuny svoq

asrUsEnauansafanlasiligndednin FOV auniiintu
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Good Failed Overkill

JUT 3.3 Uselanuesnn HDE view

3.22  YoyavainIw HDE view
Toyanmuas HDE view laln
- 2mEvun 1280x1024 pixel
- mwiulndana JPG

- 1Junw Top view ¥89 HDD

3.3 2501570809

[
=

a = & v 1 = a ad a
FUINMIANWIRaTLAUTaYanIN HDE view L 0As33d0uAINRAUNATILAATY
wasa1ntuAvin1sesuuUsEUUATIvdOUIAUSENOUTeIansafadlasiseamalianss oug
a = Y A A = v a4 o ' a 1 o oA ! =
FedinlagagldinTesilannamsiseuiveaniesinsegaasviingiuiuee lasseussamiiioy
wuuAeuligdu (Convolution neural network) kagn13ns39dUingAelunwmedanesiu
lelanesdusi (Object detection by YOLOV5 algorithm) 1ii1i1n1588nkuUIE UL U508
Y & a 2 v . ~ ° 1% . °
LAINIFUIINNTAVTBYANIN HDE view LitaxnyinaAlIuazeInvaya (cleaning data) wazyi
N139539a8UANNYNABIVBITaYadIAUsELAVIA NI aud T UNS AN AginnTTHs
Yoy alufitunaudinly (Data selection) ivalvimangauiunisldauiulunaresszuulii
31U CNN wag YOLOVS lnenisinseudoyad1msu CNN duazasndliaesussnvfe Pass
images iU Fail images dmsunisiinasulunaliluna CNN usdmsuluina YOLOVS tuay
W38 Pass images Wiy udazdowin1sassveulwnvesing i minglvitunsiaznnee
= <y ! A v & Y oA o < ° U
wiatunisuenlumainlunseuniasadutumeingeslsdu class lnudmsulnasulung
YOLOV5 annsuiieyinisinaeulunaivdaasatseusasualnagyinnisnadau VI system

usganiamlunisiuienin HDE view lagndenielilaedideaianialidnagdaiy

1 o o 1 A Y § < 4 Y 12
WU Ug LAV UIBNINNTING BN U 98% ‘VI’]ﬂL‘U@iL%UQ’MNQﬂG}EN‘UaQSSUUEJQVLQJiN
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Wanuneneaianialifazdesitnisilnasulunalndauniiazlaszuuniianuanuisalunis

asRdoUneRUsTnevveteinnatlasiuszna 98% Jululnsunuisnmsidunisnnass
uansdiasuil 3.4 Tnsfinesfiume fdmsunsiinaeusasnaaouluaadaidadsd
Computer spec
CPU : 19 genll
Ram : 32GB DDR4

GPU : Nvidia RTX 3060Ti

Data preprocessing part

Data collection

Supervise learning

Convolution Neural Object detection
: Network (CNN) (YOLOVS algorithm)
Cleaning data I
Training (80%) Validation (10%) Testing (10%)

Adjust brightness

| | I
)

\ 4

VI system accuracy

Categorize images 1
AI\ Result analysis
Labeling images
for YOLOVS
I—; Conclusion
Y
Data for
Data for CNN YOLOVS

| VI system part

JUN 3.4 unuansAniiunImaaed Vi system

3.3.1 ﬂ’litﬁU*’l’faﬁda (Data collection)

\AUNN HDE view 271nLA384 Visual inspection machine Y84 NEO-Automation
line (Venice product) 3sa1315a4iUgy Pass 11viaviun 2500 aw waz3y Fail 637 nm ag
azuuslidmsuilnaouluna Pass = 1000 AW wag Fail = 177 2w anndeazlddmnsu

aseganaaau Vi systemlngazuisoanilu 4 gadeya
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3.3.2  mwiAuaza1ndeya (Cleaning data)

Lﬂuﬁﬁgumaumimmaaummqﬂéfawaqmw HDE view d1dA3ugneog
visollluldnw Pass doslaiinmd Fail Yuetuazdmsulildnw Fail AFedlaifinin Pass Uu
ogdumasSendeyaliianugniesdeufiaztiningnszuiunisdaly

333  WAGANIIUTEUIANANINRLAAAINET19UBIAN (Image processing -
adjust brightness)

Ul 3.5 uanansUsuLinAIANET19UBIN M HDE view Tagaziiiguiivh
mnuazenLdUiuataiafieiinsiuiunwliaseunautisAiAaIei Ml
YouAtDs Visual inspection machine IngAanuainitsensuldde £10% fufu lutuney
HagvnnsuSusauainsueanIn HDE view fail £5%, +8% uay +12% d1nsunniiaz

PlUdnaeuluwma

Original image

-5% image -8% image -12% image

JUT 3.5 MIUUAIINAI1Y8IN T HDE view

3.3.4  Uszanvesgunn (Categorize images)
189310 1A1A1TUTUAIAILATNURININUAIEVININTTEI 1S folder d1m5U
Fafunin HDE view iioldaugusg q il
3.3.4.1 Yeyadmiuinasuluina (Data for model training)
dmsunisiinaeulunaszuuseanilu 2 drufedoyad msu CNN

model uaz Tayadmiu YOLOV5 model #iail
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- Data for CNN model
AMFuaTUYed Pass images = 1000 nwiiiausuAANaInuwdavziinm
Wanun 7000 A
AMFuatuves Failimages = 177 amid aUsuA1Auadnaudazdam
W 1239 11w
Tngaguvanmeandu 3 dwudmsunsasislana CNN Ao
Pass images
Training (80%) = 5600 images
Validation (10%) = 700 images
Testing (10%) = 700 images

Fail images

Training (80%) = 991 images
Validation (10%) = 124 images
Testing (10%) = 124 images

- Data for YOLOv5 model

dmsunmiildlunisaindumansiadevesdussnevresnsanadinsiiy axldue
Pass images W uLAazinsiuduneunisyi Labeling 141u7uii oa$revautenliiu
Fumtasng q Adesnsnsadeuindinnufinunfnsely

Am@uatiuves Pass images = 418 Aiil o USuAIAINET LA 9T AT avue
2926 AN

Tngagutsnmeenidu 3 drudwmsumsasitaluna YOLOVS fe

Training (80%) = 2340 images

Validation (10%) = 293 images

Testing (10%) = 293 images

- Data for testing VI system
FUTUNNALGUNTNAADUTEUUNTIVADUBIAUTENDUVDIBNSARANATH AN ALA
a Ya = o v o ' &, & v P ! a v
n1sseusdntulavinisudsyanaaeusenidu 4 galagidudeyanlunalineiseusin

noulngazuuseanidu Pass images = 375 AMuay Fail images = 115 NWAIFUN 3.6
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Set1 11/22/2021 6:37 AM ile folder
Set2 11/22/2021 6:37 AM File folder

Set3 11/22/2021 6:37 AM File folder

Set4 11/22/2021 6:37 AM File folder

Fail 11/22/2021 6:24 AM File folder
Pass 11/22/2021 6:26 AM File folder
Result 11/22/2021 6:37 AM File folder

U 3.6 Folder ¥anAaaussuy VI system

3.3.5  N1599NLUUSTUUASINEDURIAUSENaUYRIENIAREnN lnsHAeawmaliang

= Y a =
L3HUSLTEAN

LUIAALUNITDINLUUISUUNSIVABUBIAUTENBUTDISAREN LASH ALY

wAllAN15L38UsLT9EnTIe deep leaming Wi A8L3UAUAIENITUININLTIE SEUUAI8 ld

Auavy (HDE view) 9100w seuudgldluinalasevieUszainifisunuunasuligdy

(Convolution neural network) Tun1sas9d@aUNINTINVDININ HDE view ’iﬂgﬂéf@ﬂﬁ%@lﬂi

Tngaziinisinaeuliuenidu 2 class fio Pass AU Fail \U3suLaTlougAnsIvEOUTINGS

(Y & A ! 1 v -'-NI A <
NN UUNNNNIUIAATIVEBY CNN "Uggﬂﬁﬂﬁ]@lﬂﬂﬂiﬂﬁli'ﬂf\]a@UWﬁ@Q ABNIINTIVYA

2IAUTENOUAN 7 V09815ARANATH 16 FMULTENIAATINERUNHBII1 Object detection

1mensld YOLOVS algorithm lunisasasaeuninsguununidsunislununlinssmiuaind

Tuealevinnisiseusinaznatedu Fail aa1dnenssuve9s2UURTI9daURIAUSLNOUTY
U

ginfanlasiMmEATAN SIS U TENLANIRIFUT 3.7
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v

Object detection

Regions
HDE
Detection

Input

CNN classification

Overall
Filter | HDE

Classifier YOLOVS classification

Regions
Pass Filter Il HDE
Classifier
Fail |
Fail

3

Pass

Output Accept

A 3 s a & v a a %
EU'V] 3.7 ﬁm{jmEJﬂiiiJ“UEN‘JSUUG]i’Jﬁ]a’e)“UENﬂ‘UizﬂaU%aﬂaﬂiﬁmaﬂﬂLme’mL'Vlﬂ‘imﬂWiLiU‘u;J

a =
NINGI

3.3.6 &@519luma CNN (Create CNN model)
JUNDURBUIADNISESIEULAA CNN Tagazyinnnsnaasslsuslasunsalunis

a319laiaa CNN wuuaIg 9 tienilaiaa CNN 1 wmaizaui aad1vsussuunsiasy

a

osAUsENRUTRIENsaRarlasil (HDE view) dmsunisudsdoyarieanaluina CNN fagu
3.8 uarmssemansunsasdumani

CNN model training

Image size = resize from 1280x1024 to 512x512 pixel

Training (80%) = 6591 images

Validation (10%) = 824 images

Testing (10%) = 824 images

Activation function = ReLU function



aa

Supervise learning

Training Testing | Validation
80% 10% 10%

|
Y | |
6591 images 824 images 824 images

JU# 3.8 Msuusteyadmiuasndlanaa CNN

'
a a a

dmsumamlueaniussansnnanuwiugiganantulaiinisusuiudsninase

Y

9
17
U [

¢ = o % U caaa a P ) a Y a ,
WS UANULLUTA LI HAA NS AT dRBaNU1 AN 9aaN15USTU WA BUALUS LA B WA
o =L 1

AIUIUTBUNSHNEDU (epoch) WU A

andlumsnan 3.2

AN5199 3.2 1519USeUgUluma CNN 91nn1sHnaaulaing

CNN model training configuration
No. Batch Conv.
Image size (pixel) Max pooling layers Activation Fcn. | %Accuracy

model Epoch size Layers
1 512x512 10 16 64 2x2 RelLU 58.74%
2 512x512 20 16 64 2x2 RelLU 76.79%
3 512x512 40 16 64 2x2 RelLU 61.54%
a4 512x512 60 16 64 2x2 RelLU 57.44%
5 512x512 80 16 64 2x2 RelLU 51.34%
6 512x512 100 16 64 2x2 RelLU 48.63%

Mnesasiuliiefidunnuusiusilumshuieres ONN dusslifathnned
manisliferiiesidunnugniesgaiianagi 76.79% dunaldimndunuseunsilnasu
Yfosruiuluesifuniugndosiliiligmnnionia Model underfit uslidewiinguuseu
nstlnaeulfunntudanndusiiivg Model adlym Overfit vliUesidunnuudugives
Tuwnasinaaniioutu ey Fifeldinimmnaeseing 4 USuaeudsing 4 asmasudoyadn

Y Va o

Anerlsvuesiduanugnsssvedlunaililiasegrsnmenfalifideladunaiureuuy

Y

uwagasveInwiiimsuTuiligusgnaannandnyuslAuYeIveUULLAYa19Y04N N HDE 34
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ﬁﬂ'13L1J§aulﬂmﬁﬁaaemiugﬂﬁ 3.9 A9UY FUAALUIAALALLAND L TUTURBUNSHT UL

#Taagauazmaauww VI system AD N1IATBUNTWVOUUULAZUDUAIIUBININ HDE view

panlagaryinIsATaUNINaIN 1280x1024 pixel Wy 1280x814 pixel é‘fﬂé”sasmiugﬂﬁ 3.10

gﬂﬁ 3.10 N13AT9UNIW HDE view

MnnmsUiudsudunounisstendeyadmiunisiinaoulinnaldsldunuionis
viaulyidaguil 3.11 dmfvaninensuszuuniaaevssdlszneuveseninianlag
(Visual inspection of HDE components system architecture) ﬁ?u Afinsusuiasusnediu
Funaun1sasaUnm HDE view dadoya input lusafdansasiinids NN Tasaniilnenseu

wuulvsluansdisguin 3.12



| Data preprocessing part |

| Data collection |
| Cleaning data |

l

| Adjust brightness |

¥

| Crop images |

'

| Categorize images |

Labeling images
for YOLOV5

Data for
YOLOVS

2

Data for CNN |

Supervise learning

Object detection
(YOLOV5 algorithm)

Convolution Neural
Network (CNN)

v v L

Training (80%) Validation (10%) Testing (10%)

[ | I
L

VI system accuracy

!

Result analysis

!

Conclusion

| VI system part

JUN 3.11 unudanmsanliun1snaaes Vi system gl

Input 1
Object detection
Regions
HDE
Detection
Crop image
CNN classification
Filter |  pa YOLOVS classification
fiter Classifier
Regions
Filter Il HDE
Classifier
Y Pass I
Fail < Fail
Pass
Output Accept

U7 3.12 anndnenssu VI system uuulvgl

a6
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Weldeanuuuanidnenssusyuy Vi system wuulnsdiseuseenieidedslavinnis
asaluea CNN lmignasamedeyaymiuwaglminisusulisuadmannuseunisilnasy
(epoch) wagrunnlaglifeinnig resize image eRnaoululaa CNN ALY BUIRAINT

THlunsiinaauiie 1280x814 pixel fipns19di 3.3

M3 3.3 MsaUTeuiisanisaialieg CNN wdsanaseusunmwiernaeuln

CNN model training configuration
No.
Image size (pixel) Batch size Conv. Layers Max pooling layers Activation Fcn. %Accuracy
model Epoch

7 1280x814 10 16 64 2x2 RelU 99.2%

8 1280x814 20 16 64 2x2 RelLU 99.8%

9 1280x814 40 16 64 2x2 RelLU 99.8%
10 1280x814 60 16 64 2x2 RelLU 99.8%
11 1280x814 80 16 64 2x2 RelLU 99.8%
12 1280x814 100 16 64 2x2 RelLU 99.8%

9annsasislaaa CNN luaisdaenisasaugu HDE view azwiuldinlesiduninugniaives
Tuwatugauiatmuenadilnefilosiduanuuwiugigedia 99.8%
3.3.7 nsadeluea YOLOvV5 (Create YOLOVS object detection)
JunouReNfonIsas1sliaa YOLOVS lddnsududinsesfidasvosssuy
A o v . av v ° ¢ s a 3

Wesudaya input 71lA31n CNN 1198¥11A5R599daUBIAUTENaUTRIENTaRan ba Ty
FUNLIANE 9 e 16 suwvislaaninfiagldlunisiinaeulina du azdeadunin Pass
images NIMNALAZYIINTA319 Label vaanmlbisieiassydunisvetasalsenauaninman

lasiluansdisgud 3.13



5U7 3.13 M3a$1 Label image HDE view

o o i

Y

] detuc

(] 158517
] 168517
) 17Rs1e

a8

wazagyin1swUstayadmsuaiialama YOLOVS feguil 3.144 wazdeyanldlumsiinaeu

Taima YOLOVS i figfail
YOLOvV5 model training
Image size = resize from 1280x1024 to 736x538 pixel
YOLOV5 model S
Training (80%) = 2340 images
Validation (10%) = 293 images
Testing (10%) = 293 images
Activation function = RelLU function
Confidence threshold = 80%
Regions = 16 regions

Group regions = 11 groups (RS code)

Supervise learning

Training Testing Validation
80% 10% 10%

J\ J\
Y J Y Y
2340images 293 images 293 images

JUN 3.14 msudateyadmivasialuina YOLOVS
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(%
Y

Funsfinzyin1snsvdeudiaiun 16 sunislagaziussiaeandu 11 nquauswa RS

code ﬁauam‘iugﬂﬁ 3.15

Camera Parameter [EC| RS |[G-code Note
1 |BASE1/BASE2 | 3 |RS03| 3279 |Extra partsin MBA
2 |[EXTRA 3 |RS03| 3279 |Extra partsin MBA
3 |C-Filter 6 |RS06| 3281 |C-Filter missing
4 |CLIP 7 [RSO7| 3282 |Comb not remove
5 |FPC 10 3284 |FCC or screw problem
6 |FPCSCR1 10 3284 |FCC or screw problem
7 |FPCSCR2 10 3284 |FCC or screw problem

HDE 8 [HSA 11[RS11| 3285 |HSA damage or no HSA

9 [OUTERCS 14|RS14| 3287 |ODCS damage or missing
10|Pivot 15|RS15| 3288 |Pivot abnormal or damage
11|RAMP 16|RS16| 3437 |Ramp missing or damage
12|SPOILER 12|RS12| 3431 |Spoiler or screw missing
13 (SpoilerScrew |12|RS12| 3431 |Spoiler or screw missing
14|TC 17|RS17| 3290 |Top clamp missing
15|TC_Center 17|RS17| 3290 |Top clamp missing
16 [VCM 18 RS18| 3291 |[TVCM missing

U7 3.15 9@ RS code WagMLIUINTIA0UVDINN HDE view

unufansiinaeuliing YOLOVS uanaaguil 3.16

[ Yolo Object Detection J
Input Image Feature Extraction Region of Interest Region Proposal  Output Object
HDE
= pll—=m »
] Confidential

3.16 uNuRINsEnaeuliag YOLOVS

dmsuluea YOLOVS gaflnhiilunisasinasussdusenevvesensafardingilugag
fansesiideses VI system aeitiinsusuiuasumsaerndudses 4 wivelililunadii
asusiugilunsnsaduesduszneuveseniasadlasildusiudfigalasaavinoudtazinde
Fulsiidesusuieieuiisuussansnmvesiaafosuiuseunisiinaeuluna (epoch)

WuLReInun1sHnaauluma CNN 1ngaglanandnisen 3.4
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20

738

12 mins

20-30 ms/img

95%

93.60%

95.77%

94.79%

40

738

24 mins

20-30 ms/img

99.85%

99.44%

99.56%

99.62%

YOLOVS model S

60

738

36 mins

20-30 ms/img

99.88%

99.44%

99.62%

99.65%

80

738

48 mins

20-30 ms/img

99.90%

99.80%

99.81%

99.84%

INFS FNFN IS

100

738

1Hr.

20-30 ms/img

96.76%

97.94%

97.48%

97.39%

NA1T199 3.4 ziulainn1sinaauluna YOLOVS d1usunsiadasussnusenau

vosg1snfanlnsiduiivesiduanuudugiiiaasing dunsiiiesainiiseunisinaeuil 80 &

Woesiuanuwiuglnesauaiiand 99.84% Jeaguoanunluns Ui 3.17 el

awhfisauseunsinaeuiililesidunuwiugigeign

%Accuracy

100.00%
99.00%
98.00%
97.00%
96.00%
95.00%
94.00%
93.00%
92.00%

94.79%

Overall (%accuracy)

20

99.62% 99.65% 99.84%
40 60 20
Epoch

97.39%

100

JUT 3.17 nymluanensiUeuiisuesiduriugnsiasvadiuma YOLOVS

IngUnAudinsilosidunnugneieavainsnsivaeussrusynouvesssamanlasi

WAuegiun1snsAvesrAUdesiy (Confidential threshold) Ave @aluiaa YOLOVS a

wanuesiduvasAinnudedueenuidudiavnndadilnauiluansiinnugniess

winauandlugun 3.18
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- &

- ;‘
© RS17-TC_Center 0.944
- : | &

& € i k
) P > /' i !
5 RS1 2—5p0|le?
T

JUTN 3.18 MnFeg9ueINInsIdeUeAlsEnaurasEnsaRaniasi

3.4 dsd

9

aa A v

W’nsellumsideagaedinnuimiudlangiiungenineitesiasnseaniuy

[

NawnuliausaddunTelulanuidaingussasdly wasdiedanvnieusivnaia
Tl 9 egmaeaaLienzausatmvivlslssendldiuanddoudludymsing 9 fiena
AnTusEnInsiniddelaleendnnisiauiugiuneliugesnuag wasthuussendldau
Us3gIngUszasAlatu uiseenidu 3 dnsll

| a = =2 a ) s ¢ a s ¢

a1 fen1sfnudagnifeltunisnsiadeuesdusenauvesensafantulaing
Usgnauaninfanlnsiuazitnlafstunaunisnsageunurninivetesdusenoumaiiiu

= a A = v v = A a X 1% ax = a
nasnuieszuuANildlunisnsnasuimelmdnlafsUymniintuwasAunisnsnasiiy

a

UseAvnmlunsnsraaeuasdusznavveseninfardlasiliissAvsnmunntunniibeiu
oaglddUsulassuLALYEe drennseanuuuszuulnat uumaunusE UL AL lHE
Uszdnsarnund udatusuddodiauelildmaianiiousidadin (Deep leaming
technique) lun1snsavaeuesiisznevvesaninnaninsilumuszuuiuiiduwuunisueadiy
Y941A309303 (Machine vision)

daudl 2 AensAnvmguiuazanuiidsrdesiuniinsisaevesdusznoues
grsanantasilidnasiluauiaiunisuszuiananin (Image processing) AIN3AIUNT

138U3V0UATOIINT (Machine learning) A3 A1UN1IATIITUTRGA18TuAIN (Object
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detection) IngazAoadilafanguuaraiuimnieg amwdueg1afuasAnwius e

a v 9./4‘

asunssueusftinidedaulihnmaaesdnwndounthifidudenlndifestuemide
YBUIINADAIUAINI AWM gUlUTUNTY python weldlunisadsuaznadgeuszuy
A5IEDUBIAUTENBUVBIESARENLASH (Visual inspection of HDE components)

dadi 3 Aensdnfiunisvaassiumuiilimunulilaeassuannisiiusiusiy
Yoyanm HDE view uazvirnsnsaaeunuenlilsdeyafigndoslivsvuiuiiofazii
foyamaduluynasioudeyalindeudmiunsfinaeulanaan CNN wag YOLOVS sely
Tngazimsuuavssiamuninesniuning (Pass images) wasnmide (Fail images) lnga
fifupoumssenUUULATaS s EUURTRERUBIRUSE NaUYa e mRarlasisel

PR a

Junauil 1 ADN1T80NLUULKUEINTYI Ui liIdednlunslaniuunuiiell
1AL UINNNITOONLUUTEUUATIIFBUDIAUTLNOUVDIB1SAREN kAN 991 1nATlANS
a Y a e ' & \ ) Y | PRI o
Seusidednluniseeniuulagazuiseaniludesdiumeiupe d1uivilefen1sAnNTasuuy
AnsmematalaseyigUszamiiisuwuuasuligdu (Convolution Neural Network :
CNN) hazludruiiansfani159579d8Ua9AUsENaUIIaSARANATIHNaNLG 16 swrudlnely
wallan13n53a3uingn1elunin (Object detection) lnatdeanld YOLOVS algorithm Tunis
° A ~ ° ~ < a a a A
MU osaniinisyinaunsnswasiuseansnnia

JUABUT 2 ABN15As19luLea CNN kag YOLOVS 1agn1siinin HDE viewdnlavinnns
w3 Buduntnasulunansaadagazwiady Train 80%, Validation 10%, way Test 10%
INUU LVN5NAEUINLAAINTUSEANTAINNTYIN L8N UEN 089 hazUSURsUAS?

wUsee 9 WA lunanATigalaeasUSUAMIKUTANG 9 Aall

- UINVDIFUNIN HDE view
- duseunsilnaeuluiag epoch
- Batch size msinaauluag

- 97U Conv. Layers

Jududmsu CNN du luduseuanenmeideldansariliusednsnineaiy

o = v A ' . a o a '

wiuganduldilosnndymveuuu wazveaua1avesnIn HDE view dnsusuivisued

naoaamMeITedlaldnetianisaseusunmdnlalddaviliussansamanuusiugily
nsvhwevestina CNN getudulunuingusyasanedly

Tupoud 3 UszldulszdnSainn1sviaiulesssuunsiaasuenusznauved

g13nfantasiaieynnIn HDE view 7luinaliineiasuinausisnun 4 4alagagkuinim

aonilu Pass images = 375 7N wag Fail images = 115 A Y%A 4 YAWi1 & 9INTUI



53

NINAABUIEUU VI system wagyinn1suseiiiudsedndnnasslunanie Confusion matrix
WazAzLUY F1-Score U948 UUATINEOUBIAUIENBUTDIEIARAN AT

Junouil 4 asunan1sneaes



uni 4

NANISNIAADY LAZNISIATICHNANISNAADY

4.1  uni
Tuuniasndunmsmegeussuuasisdevesdussnavreseninnasinsidiemaia
n19i3eusRadndmunmensaianlasil HDE view lngagyinisiuseuiiigudssansam
994 VI system 7 Mdn15eanwuuinlagnisinaeuluina CNN wag YOLOVS fa8amn
fuatulifinsaseunmivileuduniseenuuuaiaaiiteliiufisUssansamlunennw
HDE view 5338415015338 U04AUSEN0U095ARANLATHAYE YOLOVS tngasiiyadaya
NAADUNINUR 4 ynUsenaulueie Pass images = 375 AMkag Fail images = 115 AW
Tundazgawuaning du lngaginimadeusasyseiiudss@nsninuesssuy Vi system

18 confusion matrix Wag AZLUL F1-score VDINANAFDULU

4.2 NaﬂqsﬁlS?QﬁaUﬂWWi?Nﬁ?ﬂ CNN
NANTIIATIAADUNAIAAATBLUINTBY VI system AoN1sATIvdUMluAa CNN @9
9gvin1ssudaya Input 1uudadunin HDE view duatuuazitnisaseuunimain

1280x1024 pixel 1y 1280x814 pixel noundvanuuazitayafignasadud g
nsruIuMIUsEInanamelasegysraiietiuuasulg iy uasiinsdauenaIn HDE
. A ¥ ! I a o ! 3 a a A I
view nfinnugnaewmiely ddundsesdusznaulanelunmiaunivielilagazuen
ameanilu HDE Pass dwmsunwiiunfduandlugun 4.1 uag HOE Fail dusunini
AnUnAdsuandluguin 4.2
Tuduwes CNN JuaginisAansaudesuvindudmiunin HOE view M4

AuntaeIrUsEnauRnUnAvaLUNeTuNINLAZSEUUEIUNSARANTBI0NU oL UB IR



HDE"Pass

Ufi 4.2 7w HDE view Fail image 91nlaaa CNN

55



43  WAN1INIVEDUDIAUTZNBUVDITSAREN LATWAY YOLOVS
WaeaINTeYa input NAsULTINHILRINTEIINTeE1e CNN WAITEUUALEININT
[~ . 1 ¥ [ . . a o I3 1
WU Pass image &@3lv1118958UU Object detection WWevIN19ATI9d@0UBIAUTENDURNNE
AlaRnaoullvisnun 16 AURUIlAYIZUULYINIATT resize AWM input 71473 ULUNTA
Junmwwin 736x538 pixel Aouazyinn1snsiadeuasrlsynauraisnsananiasiinnely
nsnlulngszuulanvunainudiedunse Confidential threshold 1391 80% YOLOVS

Y
= v A

91N139T19a0 Ul USwumUsneY LagiiguArueudngfsssaunnsenliviely

Y
v 1A

WINTEUUATIRABUATUI 16 duntsiaiAinudadugavinduaiasliyndundsan
HDE view Huagtlu Pass image 11w HDE view duiisunusiinaunfluvinliaiananu
Woduldfanmuaindelinain HDE view "ufagiu Fail image lnafi aguananin Pass

image tay Fail image wasluiaa YOLOVS é’fngﬂﬁ 4.3 hag 4.4 auaIeu

n €

@ Bt |
¢ RS17-TC_Center 0.944

R /‘4 |

¢ 8¢ » v '
> & _’4‘ ‘ ﬁ iii ‘.\‘
B RS‘IQ—SBOIIe‘rScrew 0.94

SRR
UTERCS 0.95

U1 4.3 7 HDE view Pass image 910 YOLOV5

56
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RST0ZFPG76:98!. 0-
RS07—CLIP 0.96. .

| Al PN
—RS15—Pivot 0.96
\ >

U7 4.4 219 HDE view Fail image 910 YOLOV5
91n3UT 4.4 aziuldanddunisildlagnfnseulifesduwmus Filter (RS-06) 39
2 a ad a ) a a < a v a X
NANAUIANURAUNANUAD filter pRaUnAlasluATUIT AR 1R AATY

Wesnthdsnmeusniduls

4.4  WANITNAFDUITTUUATIEBURIAUIENDUYRIFISAREN bATH (HDE

view)

nmsmmaassainaliiaa CNN aanliddomanin HOE view fuatuldluinadil
UsgAvdnmanuusiugilunsvinunedigaiiande 76.79% filuiaa 20 epoch Losainam
fiuatiures HDE view fdvasnmuevuuuazvouaisiiliatnave evinlinisyiunedud
anuRanaainduldudislerinnisufulswaseonuuunisaidluaslvisuiansvagey
520U VI system Tnailngnisnsatsunin HDE view wagvinmadevssuulmaidnadsded
Antuielina CNN fimnuRananatesanduagnannlaedidsléviinisadrdliea CNN
Imsﬁuﬁaamiﬂ%’uLﬂﬁauﬁwu’;uiaumiﬂﬂaamﬂu 10 epoch, 20 epoch, 40 epoch, 60
epoch, 80 epoch, uaz 100 epoch mudiuraiildfolana CNN fuusseunsiingau 20

epoch UsEaANEAMlUNTAALENAIN Pass image wae Fail image 887 99.8%
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4.4.1 HANNIVAFBUTZUU VI system Audayayndl 1
HDE view test set 1
Pass images = 375 images
Fail images = 115 images

Dataset 1 test result (Setl)

Overall Object
Classification Detection

(CNN) (YOLOVS5)

X i 1image
490 images 115 images

(Reject) (Reject)

E‘U‘f?‘i 4.5 Flow chart Landn1snagou VI system AU Datasetl

Pass = 374 images
Fail = 116 images

Confusion matrix result

Predicted
HDE test (490 images) accuracy
TRUE FALSE
(Recall)
TRUE 374 0 100%

Actual FALSE 1 115 99.138%
accuracy

99.733% 100% 99.796%
(Precision)

5U71 4.6 Confusion matrix 113U VI system fiu Dataset1
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%Accuracy of model = 99.796%
F1-Score = 0.9987

310 Confusion matrix Y84N1TNAABU VI system fudoyayanvilanuindnim HDE

view Tuanudussafenniifiusszuundunesindu Fail image wanslugui Fudu Overkill

[
==

image 91992LANTULALLDIINATIALIAUL Filter (RS-06) Hulinnuraunfiintuo1aazlasy

nssunuantadeneueniviinmeraieulduanddusun 4.7

393 ( B 3=VOMI0:80
RS17=T(RS17-TC 0.94 el
ot : 4 A ; Con)
Pivot 0.96
S

E RS12—S[2)0|Ie‘rScrew 0.94

UM 4.7 219 Overkill MAAAUAINNITNARBU VI system iU Datasetl

4.4.2 WAN1IVAFAUTEUU VI system fiudayayail 2

HDE view test set 2
Pass images = 375 images

Fail images = 115 images



Dataset 2 test result (Setl)

Overall

Classification

(CNN)

115 images

490 images

(Reject)

60

Object 374 images
Detection

(YOLOvV5) (Pass)

1image

(Reject)

E‘U‘ﬁl 4.8 Flow chart Landn15negau VI system AU Dataset2

Pass = 374 images

Fail = 116 images

Confusion matrix result

Predicted
HDE test (490 images) accuracy
TRUE FALSE
(Recall)
TRUE 374 0 100%
0,
Actual FALSE 1 115 99.138%
accuracy
99.733% | 100% 99.796%
(Precision)

35U 4.9 Confusion matrix @5u VI system fiu Dataset2
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%Accuracy of model = 99.796%
F1-Score = 0.9987

310 Confusion matrix Y84N15NAARY VI system fudayayaiassnudndlnim HDE view Tu
AU mMARwAsTuUNaUNeeINTu Fail image wansluguil Fadu Overkill image
WAnTuiilesandunuswes Top Clamp (RS-17) wsseuueniiinliiseudddunnuduaiua

FLULSHUAD Pass image lulalinanuiiaunfumnognsla wilina YOLOVS WiladnRauni

Fvibililananse detect ladanuanslugun 4.10

gﬂﬁ 4.10 /M Overkill MiAnTuIINATVAGDY VI system iU Dataset2

4.4.3 WANIINAGBUTZUU VI system ﬁ'u%’agm;ﬂﬁ' 3
HDE view test set 3
Pass images = 375 images

Fail images = 115 images
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Dataset 3 test result (Setl)

Overall Object 371 images
Classification Detection
(CNN) (YOLOVS) (Pass)

Sl

490 images . .
116 images 3 images

(Reject) (Reject)

U7 4.1 Flow chart UgasnsMAdoy VI system U Dataset3

Pass = 371 images

Fail = 119 images

Confusion matrix result

Predicted
HDE test (490 images) accuracy
TRUE FALSE
(Recall)
TRUE 371 0 100%
0,
Actual FALSE 4 115 96.639%
accuracy
99.933% | 100% 99.184%
(Precision)

U7 4.12 Confusion matrix 13U VI system fiu Dataset3
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%Accuracy of model = 99.184%
F1-Score = 0.9946

NAN1INAFDUTLUU VI system ﬁU"qm/lﬂaaUﬁ 3 uflniw HDE view fiiin Overkill images
e 4 mwimamwﬁwﬁaﬁuLLamﬂﬁLﬁu‘LugUﬁ 4.13 \WumsvhueRanainvestuna CNN
Tnesyuunosinmdu Fail image e Ty Pass image o1asintuainAedslnesmaes
amliidrtnedeyadivinnisiinaeuluina CNN 133asili CNN weaindu Fail image 5U7
4.14 uaz 4.16 Lﬁm{]igmt,?{mﬁ’uﬁ’ugﬂﬁ 4.7 vesyanaaouiinil Aeluiaa YOLOVS nsaadey
Filter 70w Fail image é’m%’ugﬂﬁ 4.15 Lﬁ@ﬂ@ﬁﬂLaﬂﬂﬁuﬁUgﬂﬁ 4.10 ARFAUINATIVADY

UmIUYes Top clamp Hunmlildeglurauinnisiingeuluna YOLOVS

U1 4.13 7w Overkill ARRTUIINNTVIREDU VI system iU Dataset3
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j; Al N
.RS15—Pivot 0.96
‘ )

4.14 s Overkill MinduaInn1sNadeU VI system AU Dataset3

RS16—RAMP_0.96 -

=4

Cocl RS10-FPC6.961 0.9
RSO7-CLIP 0.96.

) |

4.15 71w Overkill MARTLINNISVAEDU VI system U Dataset3



RS07—CLIP 0.96

D <

)
o~

U 4.16 7w Overkill AAATUIINANTVIAGBY VI system U Dataset3

4.4.4  HANINAHOUITLUU VI system fludayayan 4

HDE view test set 4
Pass images = 375 images

Fail images = 115 images

65
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Dataset 4 test result (Setl)

Step 1 Step 2

Overall Object

Classification Detection 371 images
(CNN) (YOLOVS) » (Pass)
115 images .
4
490 images Images
(Reject) (Reject)

U7 4.17 Flow chart Wansn1sMAdoU VI system AU Datasetd

Pass = 371 images

Fail = 119 images

Confusion matrix result

Predicted
HDE test (490 images) accuracy
TRUE FALSE
(Recall)
TRUE 371 0 100%
0,
Actual FALSE 4 115 96.639%
accuracy
99.933% | 100% 99.184%
(Precision)

U7 4.18 Confusion matrix #13U VI system fiu Datasetd
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%Accuracy of model = 99.184%
F1-Score = 0.9946

dmSun1snaaeusEUU VI system fiugadeya Datasetd du ynguiinUaymn Overkill Auf
funises Filter anuavngUoradululdinguiaeldilnasuluma YOLOVS tunm filter
Lladnuazasuviduninyaidfeviliszuunesindu Fail image lalag Datasetd {ifin

Overkill images TUNINA 4 AN

ol eSS
RS17=1CRST7-TC 0.32

| I | @
Y
@ .

o 6

SN
RSO3—EXTRA 0.94

U 4.19 a1 Overkill AAnTuINMISNAaEY VI system AU Dataset4



P
U

U

il

RS03—Base 0.92"

. < ¢
.~ RSI7=TRS17-TC70.94

' )
‘toe
/"

—Base 0.91"
R§T@1 FPC 0.9
0.96.

RSO3—EXTRA 0.94

4.21 77w Overkill MARTUINNSVAEDU VI system U Datasetd

68
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@

¢

. RS17=TC.Center_0.908

~
-

U 4.22 n1m Overkill fAnTUIINNINAERU VI system fiu Dataset4

4.5 dyUnaniivnnaas
IINNIINARBITEUUATIIARURIAUTENBUETTARAT lsHAemATlAnIST o U BeEn
2 & a a k & o I o a
%38 VI system 1y Usgansnmlunisnsiageunm HDE view duilanuuiugiigeannlagn
N1INAFBUTEUU VI system AdgYnvayaTavian 4 Yalagniyateyaivilsseuu Vi system &
AU lUNISYIUEaET 99.796% uar Fl-score = 0.9987 lagldiialunisnsivaey
A | o a o Y o A = [T
ad eren1neg Nl 0.039 Fuil dusugadeyaniassszuu VI system aduusiugrlunis
MUEegN 99.796% Uag Fl-score = 0.9987 lngldliailunisniisaeuiadedaniney
0.039 Fu9 dmiugateyaiiaisyuy VI system daduuduglunisviunesgi 99.184%
wag Fl-score = 0.9946 lagldinarlunisnsivaeuiadeseninegi 0.039 Fuil dmiuyn
TUandszuu VI system finnnuusiugilun1svituieagi 99.184% uay Fl-score = 0.9946
laglduanlunisnsiaeuiafeseniney 0.039 U1l A9 UIINKANITNARBUTLUU VI
system M anunaglanusaiuglunisviuneivegn 99.49% wag Fl-score Lad ogf
0.9967 lagldianadelun1snsivaeunim HDE view nilsnwivindu 0.0393 Juiiidsiiuana

Tums197 4.1
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15199 4.1 MTNETUNaNIINAABUTEUUATIRARaIRYSENoUBNSARan lnsisemATiAnIs

SeusLTaEn
Visual Inspection Test Result
False False Avg. time
No. True True
Positive Negative process/img. | %Accuracy | F1-Score
dataset | Positive | Negative
(Overkil)) | (Underkill) (s)
1 374 115 1 0 0.039 99.796% 0.9987
2 374 115 1 0 0.039 99.796% 0.9987
3 371 115 q 0 0.039 99.184% 0.9946
q 371 115 q 0 0.040 99.184% 0.9946
Overall
1490 460 10 0 0.0393 99.49% 0.9967
Score
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InenfinudiauinrintuiiefnweenuuuuasaunsEUURTIvERteRUTENOUTES
g1infanlasiaeinaidanisiSous 898 (Deep learning technique) dmSunan i
Venice Tngldisossnuuu (Top view) wiai3un8ntiedn HDE view voawdnsiast Venice ve4
NEO-Automation line lnglauszgndldimadanisiTeusigednuuulassigussansmiiey
wuuAaulIgdu (Convolution Neural Network) uazaesnisnsiaduingnisluninaiglela
e$9u (Object detection by YOLOVS algorithm) iensiadeussduszneuvesensniar
sl TnefiszuunsiansivaeussiUsynavretaninnardlniiavaunsadauena iy
(Pass image) waglinu (Fail image) lé’e‘ﬁq%umaumﬁ%LLazmaﬂJaamu%’aaqﬂlﬁﬁqﬁ

1. 1Audeyanin HDE view 91013 09 Visual inspection v8slatn1sUszneu
g13anan lasw (Neo-Automation line) 9281 Venice product ﬁ]zlﬁgﬂﬂﬂw Pass images
Favum 2500 Awua Fail images Havan 637 amuazsinisdaniondeyazunmlinden
dmumaildldousngg dnsumiassilaenisinmdldinsusumanuainwosamn
Tnosamdadulunuanagiuveandas Visual Inspection sesullnsnsusuauasiiuy
LATanal +5%, +8% WAy +12% auarduagldmmAntuanduatusiuuds 7 YAV L
mwﬁwuﬂ Passimages = 7000 AW LLag Fail images = 1239 AN L‘l‘j@ﬂmﬂﬁmiﬁ’@mw
suatusenlududiuiu 4 galasd Pass images = 375 nwuay Fail images = 115 aw Tu
uiagyawin 4 Muioagldlunmamaaeussuuninasussdussnoutesaninfanlasisely

2. PONLUUTEUUATIIABUDIAUTEND UV ARAR LAl AemAlian1siS e usL8ean
Inglutnalassiguszarmiieuuwuunouligdu (Convolution Neural Network) €1y
MTIVFDUAINTINYDININ HDE view 1agazsinn15aTaUnInaInAuaziden 1280x1024
pixel ATOUNTMAILTBLLLLazaT B ewIn 1280x814 pixel vilaanniintawanuly
adnavevesdnmwlusuisiana i aiadymenenuuiugveduna NN liduluay

ngUsrasRiifeIn1sIntuinnsinasuuazas1lunanisnIn Pass images = 7000 AN

uaz Fail images = 1239 a1 lngazyinisulseyasanidu Training = 80%, Validation =
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10% wazTesting = 10% Inedd1uauseunsilnasustil 20 epoch iilesannmaunniiuluag
il model overfitting ol

3. SUUATINARUIAUTENaUTeEns afadlasiludufiaesdenisnstaaeu
29AUTENBUAN ¢ VIgN3ARaNtaTil (Object detection) Inelaluiaa YOLOVS algorithm Tu
n13ATIRdeURIRUsENOUANS 9 v 16 Funideriues YOLOVS fefieusimsslunis
prnduingmelunimuasfianusans1aduiuy Realtime l68ndedsduduuuures Vi
system Fadonlaluina YOLOVS Tun1599niluussuunTIadausiAls2nauAILnemIge 1e9
g13ananlasilni dmdunisinaeulua YOLOVS Huazi3uannisiiam Pass images
489 HDE view 1vin1siinseusuvisiiaula (Labeling image) Lﬁaizqﬁi’wwmaaﬁﬂizﬂau
vosgnsaaninsfiiiaulasnlaefinm Pass images = 2026 Mwantuazihnmwuarindssy
Label vosnnlulilu Folder ﬁ’m%‘uﬂ’]i?]ﬂﬁ@‘lﬂmLfﬂﬁi@EJR]%LL‘U'Q“ZJJEJ?AUGIUﬂ’]iﬂﬂﬁﬂﬁ Training =
80%, Validation = 10% wazTesting = 10% lnsidnnuseunisilnaeusyil 80 epoch nn
duseunsilnaeulaunatiesiiuluaziinlami model underfitting louagimniiuluf
Andaynn model overfitting wag¥inns resize image 270 1280x1024 1Ju 736x538 dwsu
nseenuuuszuUlmivilvikamsiinaeulnainafiiumaingUszasdvesnuidedl

4. INNINAFOUTLUU VI system saeyntaLanIm HDE view Javun 4 gatusEUL
nIdsveIAUITENeUYRIENsARanlnsiaemainnsisousBednduseansamlunis
nynaouldifuegafivluduneddunalaseiisuszamideuuuaoulgdu waglng
YOLOVS filddmiunsaeuesdussneuvesenianarlasi 16 sumislneranuuiug
19889 VI system ¢/l 99.49% uazdazuuL Fl-score pEjfl 0.9967 AzuuuLazIAlAY
waglumsnsiadeusenilannegd 0.0393 Jundi Fevmadunadnsiiussg inguszasives

nsviideillaenaasunismaaeuseuu VI system

} 24
5.2 UVLEAUBDLLUS

1. 2879l5An UL TUL NP ULUUVDITLUUNTIAEDUDIAUTZNDUTDIBSARAR
lasil wihdu Teevinisfinyuageaniuuanizyuued HDE view Wity §andedn 2 yuses
a v ° = a . . . a PN
N A 04YIN1908NLUULAEANWIA D Side view Wag Ramp view 1ag7i 55 UU VI system 9
29NLUULNTEIR N 1SR ALLRLLaLHNEaUlLRaN 9@ L USEANTANUINTU 595U

a o I a X v Y . A a X A a 1

naARAUAIVL o LiLTuLardsreiinsnsIadeunIn HDE view Miadgymauisduliingg

¥

NTUINAITLUU VI system Loavseiinaintaduniguen nindideyanin HDE view yala
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AetgnliiannsansaaevssduszneulifiniiozissUsulaszuu Vi system 1113 Re-
Train Twsiilelsifinnuansnsanseunquam HDE view Tuddsn q lédiaamn

2. Windeenslin1seuvesssuy Vi system yheuldegssiniatasenifivie
lailflaefe ronfinesldlunisuszmanateya uardsanansaanszezatlumsaialuiaa
lpdneae

3. evsiffudeyauasifiuganaasulildnimdiuauninnindlaganiznm Fail

images FILNINADUTNTDY
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1.1 TUNSUUTZUIANANTNEINTUNISUSUALEILASSIUYBININ

I

#from PIL import ImageEnchance
def adjust_gamma(image, gamma=1):

invGamma = 1/ gamma
table = np.array([((i / 255.0) ** invGamma) * 255
for i in np.arange(0, 256)]).astype("uint8")

return cv2.LUT(image, table)

for u in range(1,200): #3117u31)
for x in range(1,200):
image = cv2.imread(r"C:\Users\Arl2yn\Desktop\My
Thesis\Final_Thesis\Topview_HDD\Reject\Train_Pic_Reject\HDE_Reject
("+str(u)+").png")
# image = cv2.imread(r'C:\Users\Arl2yn\Desktop\My
Thesis\Final_Thesis\Topview_HDDA\Train_Pic\HDE_(1).jpg’)

new_image = np.zeros(image.shape,image.dtype)
#enchancer = ImageEnchance.Sharpness (image)
#image = enchancer.enhance(1.0)
brightness_value = +2

contrast_value =1

for y in range(image.shape[0]):
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, 0, 255)

#cv2.imshow(‘image’, image)
#cv2.imshow('edited image', new_image)5

print('Process No.{}".format(u))
path = 'C:\\Users\\Arl2yn\\Desktop\\My
Thesis\\Final_Thesis\Topview_HDD\\Reject\\New_Pic_Reject\\+2'

cv2.imwrite(os.path.join(path , 'HDE_Reject+2_(‘+str(u)+').png’), new_image)
#cv2.imwrite(os.path.join(path,'HDE_(1).jpg"), new_image)

#ev2.waitKey()

#cv2.destroyAllWindows()

print(‘'Finised’)




.2 lsunsulszananamuavisuasemw

78

import cv2

import 0s

import time

import numpy as np
from PIL import Image

for u in range(1,1100):
for x in range(1,1100):
img = cv2.imread(r"C:\HDECNN\HDE_Crop\Pass\HDE ("+str(u)+").png")
imgCrop = img[100:914,0:1280]

print("Process No.{}".format(u))
path ='C:\\HDECNN\W\HDE_Crop\\New\\New_Pass'

cv2.imwrite(os.path.join(path , 'HDE_C_(‘+str(u)+").png’), imgCrop)

print('Finised’)

.3 Ilunsuawmsulnaeulaa CNN

import os

import numpy as np

from keras.models import Sequential

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

from keras.preprocessing.image import ImageDataGenerator

from keras.layers import Convolution2D, MaxPooling2D, ZeroPadding2D
from keras import optimizers

import cv2

# dimensions of our images.

img_width, img_height = 1280, 814 # Y11AVBIMNUAMALUSTVIREATY
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train_data_dir = 'train’ #Tlames S msud v 1Wan 19 train

o o & 2 Cy L
validation_data_dir = 'validation' # ITWawne3 5 uny 1nan 1% validation

# used to rescale the pixel values from [0, 255] to [0, 1] interval
datagen = ImageDataGenerator(rescale=1./255) # 13193 atna Iuavauiiofiz 1dG ousisy

2
YU

# automagically retrieve images and their classes for train and validation sets
. . e ) S yy
train_generator = datagen.flow from_directory( # @531 851999 Ui imsu
train_data_dir,
target size=(img_width, img_height),
batch_size=16,

class_mode='binary")

validation_generator = datagen.flow from_directory( # 133 ‘ﬁ’i] va319001190 17 validation
validation_data_dir,
target size=(img_width, img_height),
batch_size=16,

class mode='binary")

# SadnadldilihmsatuTunansu aenlsuiduag 14

model = Sequential()

model.add(Convolution2D(32, 3, 3, input_shape=(img_width, img_height,3)))
model.add(Activation('relu'))

model.add(MaxPooling2D(pool_size=(2, 2)))

model.add(Convolution2D(32, 3, 3))
model.add(Activation('relu'))

model.add(MaxPooling2D(pool_size=(2, 2)))
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model.add(Convolution2D(64, 3, 3))
model.add(Activation('relu'))

model.add(MaxPooling2D(pool_size=(2, 2)))

model.add(Flatten())
model.add(Dense(64))
model.add(Activation('relu’))
model.add(Dropout(0.5))
model.add(Dense(1))

model.add(Activation('sigmoid'))

model.compile(loss='binary_crossentropy',
optimizer="rmsprop',

metrics=["accuracy'])

nb_epoch = 20 #51147U epoch fpTouTIZTNIH Model 3m (i hdwii IneS endres s
asyiulides
nb_train_samples = 90 #91UIU sample ‘ﬁﬁmwmﬁ U
nb validation samples = 25 #31U2U sample ﬁﬂnﬂ validate
#mqﬁﬁﬁm‘iﬁ’umumiﬁ@uiumaﬁmﬂ%’u
model.fit generator(

train_generator,

steps_per_epoch=nb_train_samples,

epochs=nb_epoch,

validation data=validation generator,

validation_steps=nb_validation samples)

3 I
#aouasan
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open("CNNHDEModelC 20 V2.h5", "wb")
model.save weights(CNNHDEModelC 20 V2.h5")

model.summary()
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import argparse

import os

import platform

import shutil

import time

from pathlib import Path

from tensorflow.compat.vl import ConfigProto

from tensorflow.compat.v1l import InteractiveSession

import cv2
import torch
import torch.backends.cudnn as cudnn

from numpy import random

import numpy as np

from keras.models import Sequential

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

from keras.preprocessing.image import ImageDataGenerator, load_img,
img_to_array

from keras.layers import Convolution2D, MaxPooling2D, ZeroPadding2D

from keras import optimizers

from numba import cuda

from models.experimental import attempt_load

from utils.datasets import LoadStreams, Loadlmages

from utils.general import (
check img_size, non_max_suppression, apply_classifier, scale_coords,
xyxy2xywh, plot_one box, strip_optimizer, set logging)

from utils.torch_utils import select device, load_classifier, time_synchronized
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import easygui

config = ConfigProto()
config.gpu_options.allow_growth = True

session = InteractiveSession(config=config)

AV1=0.00000
Pal =0

Fal =0
Ttestl =0

AV2=0.00000
Pa2 =0

Faz =0
Ttest2 =0

def CNNDetect():
img_width, img_height = 1280, 814

model = Sequential()

model.add(Convolution2D(32, 3, 3, input_shape=(img_width, img_height,3)))
model.add(Activation(‘relu'))

model.add(MaxPooling2D(pool _size=(2, 2)))

model.add(Convolution2D(32, 3, 3))
model.add(Activation(‘relu?))
model.add(MaxPooling2D(pool_size=(2, 2)))

model.add(Convolution2D(64, 3, 3))
model.add(Activation('relu'))
model.add(MaxPooling2D(pool_size=(2, 2)))
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model.add(Flatten())
model.add(Dense(64))
model.add(Activation('relu'))
model.add(Dropout(0.5))
model.add(Dense(1))
model.add(Activation('sigmoid"))

model.compile(loss='binary crossentropy’,
optimizer=rmsprop/,

metrics=['accuracy'])

model.load weights(CNNHDEModelC 20 V6.h5')

dataset = Loadimages(Inputimage2/', img_size=1280)

P=0
F=0
TC=0
VT=0
AVT=0

Continue ='Continue’
if os.path.exists(Continue):
shutil.rmtree(Continue)

os.makedirs(Continue)

t0 = time.time()

for path, img, imOs, vid cap in dataset:
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imgCopy=cv2.imread(path)
imgg = load_img(path, target size=(img_width,img_height))

out="OutputCNN2'

Continue ='Continue’

CNNFail ='CNNFail'

save path = str(Path(out) / Path(path).name)

save_ContinuePass = str(Path(Continue) / Path(path).name)

save CNNFail = str(Path(CNNFail) / Path(path).name)

t1 = time.time()

resized = cv2.resize(imgCopy, (img_width, img_height), interpolation =
cv2.INTER _AREA)

predictg = img_to_array(imgg)

predictiong = model.predict_classes(predictg.reshape((1,img_width,
img_height,3)),batch _size=16, verbose=0)

t2 = time.time()-t1
if predictiong[0][0] == O:
cv2.putText(resized, 'HDE Pass/, (10, 30), cv2.FONT HERSHEY SIMPLEX, 0.9,
(0, 255, 0), 2,cv2.LINE_4)
cv2.imwrite(save_path, resized)
cv2.imwrite(save_ContinuePass, imegCopy)
print('Result = Pass (9.3fs)' % (t2))
P+=1;

else :
cv2.putText(resized, 'HDE Fail', (10, 30), cv2.FONT HERSHEY SIMPLEX, 0.9,
(0, 0, 255), 2,cv2.LINE_4)
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cv2.imwrite(save_path, resized)
cv2.imwrite(save_CNNFail, imgCopy)
print(Result = Fail (%.3fs)' % (t2))
F+=1

AVT=TC/VT

print('Pass: {} and Fail: {}.format(P,F))

return AVT, P, F ,t0

def ObjectDetect(save img=False):
out, source, weights, view_img, save txt, imgsz = \
opt.output, opt.source, opt.weights, opt.view img, opt.save txt, optimg_size
webcam = source.isnumeric() or source.startswith('rtsp') or

source.startswith('http') or source.endswith('.txt’)

set_logging()

device = select _device(opt.device)

if os.path.exists(out):
shutil.rmtree(out)

os.makedirs(out)

half = device.type = 'cpu'

model = attempt_load(weights, map location=device)
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imgsz = check_img_size(imgsz, s=model.stride.max())
if half:
model.half()

classify = False
if classify:
modelc = load classifier(name="resnet101’, n=2)
modelc.load state dict(torch.load('weights/resnet101.pt,
map_location=device)'model])

modelc.to(device).eval()

vid_path, vid_writer = None, None
if webcam:

view _img = True

cudnn.benchmark = True

dataset = LoadStreams(source, img_size=imgsz)
else:

save_img = True

dataset = Loadlmages(source, img_size=imgsz)

names = model.module.names if hasattr(model, 'module’) else model.names

colors = [[random.randint(0, 255) for _in range(3)] for _in range(len(names))]

C1=0
C3=0
C4=0
C5=0
C6=0
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C7=0
C8=0
C9=0
C10=0
C11=0
C12=0
C13=0
C14=0
C15=0
C16=0
C17=0
Pass=0
Fail=0
TC=0
VT=0
AVT=0

t0 = time.time()
img = torch.zeros((1, 3, imgsz, imgsz), device=device)
_ = model(img.half() if half else img) if device.type = 'cpu" else None
for path, img, imOs, vid _cap in dataset:
img = torch.from_numpy(img).to(device)
img = img.half() if half else img.float()
img /= 255.0
if img.ndimension() ==

img = img.unsqueeze(0)

t1 = time_synchronized()

pred = model(img, augment=opt.augment)[0]
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pred = non_max_suppression(pred, opt.conf_thres, opt.iou_thres,
classes=opt.classes, agnostic=opt.agnostic_nms)

t2 = time_synchronized()

if classify:
pred = apply classifier(pred, modelc, img, imOs)

for i, det in enumerate(pred):
if webcam:
P, s, im0 = pathlil, '%g: ' % i, imOs[i].copy()
else:

p, s, im0 = path, ", im0s

save path = str(Path(out) / Path(p).name)

txt_path = str(Path(out) / Path(p).stem) + ('_%g' % dataset.frame if
dataset.mode == "video' else ")

S +='"%gx%¢g ' % img.shape[2:]

gn = torch.tensor(im0.shape)[[1, 0, 1, 0]]

if det is not None and len(det):

det[:, :4] = scale_coords(img.shape[2:], det[:, :4], im0.shape).round()

for cin det[:, -11.unique():

n = (detl;, -1] == ¢).sum()

S += '%g %ss, ' % (n, names[int(c)])
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for *xyxy, conf, cls in reversed(det):
if save_txt:
xywh = (xyxy2xywh(torch.tensor(xyxy).view(1, 4)) / gn).view(-
1).tolist()
with open(txt_path + "txt| 'a') as f:
fwrite((%g ' * 5 + \n') % (cls, *xywh))

if save_img or view img:
label = '"%s %.2f" % (names[int(cls)], conf)
plot_one box(xyxy, im0, label=label, color=colors[int(cls)],
line_thickness=3)
if int(cls)==0:
Cl=1
elif int(cls)==1:
C3=1
elif int(cls)==3:
Cd=1
elif int(cls)==4:
C5=1
elif int(cls)==5:
C6=1
elif int(cls)==6:
Cr=1
elif int(cls)==T7:
C8=1
elif int(cls)==8:
C9=1
elif int(cls)==9:
C10=1
elif int(cls)==10:
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Cl1=1

elif int(cls)==11:
C12=1

elif int(cls)==12:
C13=1

elif int(cls)==13:
Cl14=1

elif int(cls)==14:
Cl5=1

elif int(cls)==15:
Clé6=1

elif int(cls)==16:
C17=1

if
C1==1&C3==1&C4==1&C5==1&C6==1&C7==1&C8==1&C9==1&C10==1&C11==1&C1
2==1&C13==1&C14==1&C15==1&C16==1&C17==1:
print('%sDone. Result = Pass (%.3fs)' % (s, t2 - t1))

Pass+=1;

else:
print('%sDone. Result = Fail (%.3fs)' % (s, t2 - t1))
Fail+=1;

TC+=t2 - t1
VT+=1

C1=0
C3=0
C4=0
C5=0




93

C6=0
Cr=0
C8=0
C9=0
C10=0
C11=0
C12=0
C13=0
C14=0
C15=0
C16=0
C17=0

if view_img:
cv2.imshow(p, im0)
if cv2.waitKey(1) == ord('q):

raise Stoplteration

if save img:
if dataset.mode == 'images":
cv2.imwrite(save_path, im0)
else:
if vid_path = save path:
vid path = save path

if isinstance(vid_writer, cv2.VideoWriter):

vid_writer.release()

fourcc = 'mpav'

fps = vid_cap.get(cv2.CAP_PROP_FPS)
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w = int(vid_cap.get(cv2.CAP_PROP_FRAME_WIDTH))

h = int(vid_cap.get(cv2.CAP_PROP_FRAME_HEIGHT))

vid_writer = cv2.VideoWriter(save path,
cv2.VideoWriter_fourcc(*fourcc), fps, (w, h))

vid_writer.write(im0)

if save_txt or save_img:
print(Results saved to %s' % Path(out))
if platform.system() == 'Darwin' and not opt.update:

os.system('open ' + save path)

AVT=TC/VT

return AVT, Pass, Fail ,t0

parser = argparse.ArgumentParser()

parser.add_argument('--weights', nargs="+, type=str, default="best.pt,
help="model.pt path(s))

parser.add_argument('--source’, type=str, default='Continue', help="source’)

parser.add_argument('--output’, type=str, default="OutputObject’, help="output
folder')

parser.add argument('--img-size', type=int, default=1280, help='inference size
(pixels))

parser.add argument('--conf-thres', type=float, default=0.7, help='object

confidence threshold')
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parser.add argument('--iou-thres', type=float, default=0.5, help="IOU threshold
for NMS")

parser.add _argument('--device', default=", help='cuda device, i.e. 0 or 0,1,2,3 or
cpu)

parser.add _argument('--view-img', action='store_true', help='display results')

parser.add_argument('--save-txt', action='store_true', help='save results to *.txt))

parser.add_argument('--classes', nargs="+', type=int, help="filter by class: --class
0, or -—class 0 2 3')

parser.add argument('--agnostic-nms', action='store_true', help='class-agnostic
NMS')

parser.add argument('--augment, action='store_true', help="augmented
inference’)

parser.add argument('--update', action='store_true', help="'update all models’)

opt = parser.parse_args()

print(opt)

with torch.no_grad():
if opt.update:
for opt.weights in ['yolov5s.pt', 'yolovbm.pt', 'yolov5L.pt|, 'yolov5x.pt':
detect()
strip_optimizer(opt.weights)
else:

AV1, Pal, Fal ,/Ttest= CNNDetect()

device = cuda.get_current_device()

device.reset()

AV2, Pa2, Fa2 ,Ttest= ObjectDetect()

n

print(")
print(")
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print('Summary of Step1 (Convolution Neural Network Process))
print('‘Average Time Per Image {:.3f} s'.format(AV1))

print(Pass = {}'.format(str(Pal)))

print(Fail = {}'.format(str(Fa1)))

print(")

print(")

print(Summary of Step2 (Object Detection Process))
print('Average Time Per Image {:.3f} s'.format(AV2))

print('Pass = {}.format(str(Pa2)))

print('Fail = {}'.format(str(Fa2)))

print(")

print(")

print('Summary of HDE Process')

print(All Picture = {}'.format(str(Pa2+Fal+Fa2)))

print('Pass = {}.format(str(Pa2)))

print(Fail = {}.format(str(Fa1+Fa2)))

print('Average Time Process Per Image {:.3f} s'.format(AV1+AV2))
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- 14 Command Prompt LW 8105 84U environment @1%5 USEUUASIA@8 U

29AUsENOUYRITNSAREN LRSI HDE view

¥ Command Prompt - python HDEAIIProcess.py - [m] X

with return

ith return «

Summary of
Average Time
Pass 75

Fail DUt

Summary of Step
Average Time Per Tmage 0.011 s
o

Pass = 37

Fail = 1

All Picture
Pass = 374
11
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Visual inspection of the Hard Disk Drive components in fully
automated assembly line using by deep learning technique

A Punyathansombat!, $ Pawako', K Chamniprasart and J Srisertpol®’

'School of Mechanical Engineering, Institute of Engineering, Suranaree University of
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* Corresponding Author: jiraphon@sut.ac.th

Abstract. This paper aims to investigate the visual mnspection (VI) system in hard disk dnive
(HDD) components of the visual inspection using by deep leaming technique. The VI program
includes fault classification using convolutional neural networks (CNNs) and object detection
using region based convolution neural networks (R-CNNs) with resize image. Number of
training images and testing images for leaming of CNNs 1s important to be accurate and precise.
Thus, we mcreased number of original images as tramning mmages for learming of CNNs wvia
created from original image by using adjusting brightness. The percent increase and decrease
brightness from onginal 1mages are 3%, 8% and 12%, respectively related to a range of the
brightness control machine. Training tmages resized from 1280x1080 to 736x338. The test
results of VI program using deep learming (CNNs, R-CNNs) with mmage processing techmque
can classified pass and failed by CNNs and percentage accuracy of the R-CNNs best model 1s
99 81%, detected region pictures with high accuracy. Classification efficiency (Pass or Fail) of
the VI system 1s 98.22%.

Keywords: Image processing, Deep learning, Object detection, Hard disk drive components.

1. Introduction

“Data 15 the new 011”15 a powerful word for the present and the future. Since the amount of the newly was created
data in the year 2010 about 2 zettabytes due to data in 2020 about 47 zettabytes, however the predict data in year
2035 will be creasing up to 2,142 zettabytes.

Therefore, a hard disk drive is very important data storage devices in the era of big data. This paper
focuses on develop the visual mspection system of the hard disk drive components which 1s an important step in
the hard disk dnive assembly (HDA) process. The interested problem wath this procedure 1s overkill of inspection.
There are 17 positions of hard disk drive components such as platters, Head Stack Assembly (HSA), RAMP. Filter,
etc. that are checked. The over rejection cause 1s the hard disk drive image out of the image boundary perhaps
mistakenly checked from the machine vision system which 1s the current object detection system without the
flexabality of label image. This causes a delay in the HDA process. Therefore, this problem has significant
implications for the amount of HDA quality.

Currently, the central Processing Units (CPUs) and graphics processing units (GPUs) are extremely
efficient. Thus, object detection technology was applied by deep learning technique are the tooling of machine
vision that are using widely in industry, avtomobiles, drones, medical, etc. The method of object detection set
nterest point within the picture or videos which can be defined in more than one position.
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The paper on the method was used algonthms applied to machine leaming models to train objective as
the human brain by deep learning technique was done by Vashisht et al [!!. The application of the one of the State-
Of-The-Art objects detect (YOLO algorithm) was developed by Joseph Redmon et al”!. Then the algorithm
models were used to quickly for detect 1n real-time for unified architecture.

These methods now can be use algonthms applied to machine learning models to train them to be as
efficient as the human brain by deep leaming technique. Joseph Redmon and Ali Farhadi®! were development
YOLOv3 a real-time object detection algorithm using logistic regression. The result revealed that an object detect
score enhance extremely fast and accurate than using other deep learning method in term of specification objective
images as live feed, images and videos.

The part of this article is structured as follows step. In Section 2, proposed relate works and theory for
object detection. Section 3 introduces the methodology of research and design the visual inspection using by CNNs
and R-CNNs. Section 4 result experiment of this paper. Finally, the conclusions and suggestions of this paper are
described.

2. Relate works

A few years ago. object detection technology has been popular i various circles such as the industnial circle, the
medical industry, the electric car industry, unmanned aerial vehicle industry, etc. The reviews on the object
detection system, a large amount and YOLO algorithm will be provided as follow. Typically, the mask detection
1s difficult for object detection because mask sizes are different and the detection area within the image 1s small
Then, the YOLO algonithm 1s needed to detect masks by comparing between tiny onginal YOLOv4 and tiny
YOLOv4. The results indicated that the addition of mAP value on the onginal YOLO v4 and tiny YOLO v4 wall
be 71.69 and 37.71 %, respectively, was proposed by A Kumar et al™. Yang Liu et al”! studied the object
detection system for small point they mncluding YOLOv3, Faster R-CNN, and SSD models for test datasets of
small objects. The results were accuracy to be obtain the good model was low than 0.4, Faster R-CNNs 1s the best,
while YOLOv3. The base of YOLOv3"! architecture improved from YOLOv2 and now latest YOLO version is
YOLOv3 improved from YOLOv4 .

2.1 Computer vision vs deep learning

For computer vision (CV) and deep leaming (DL) techniques were applied on digital image correlation processes.
The deep learning techniques are widely used but do not make computer vision obsolete. However, the appropniate
choice is still the best answer for right now whether DL or CV Niall 0" Mahony et al'’.

What 15 Computer vision? Computer vision 15 a programing design for helping computers see the problem through
the use of advanced methods and the use of general algorithms. It 1s used 1n many fields of education and mndustry.
Computer vision objective 1s to distinctions analysis the content of the digital images. It 15 used a similar typically
the development of applications that related to verify the image.

What 15 deep leaming? Deep learning (DL) 1s a part of machine learning (ML) and also a little part of artificial
mtelligent (AI) with particulanity in use which 1s similar to the human brain. DL there will be a connection between
hidden layers to find the output layer. The workflow difference between computer vision and deep learning as
show in Figure 1

’\llu-_' é o r _v_'T'"'%ﬁQﬁ |

Feature enginer Cisssifier with
{Manua extraction sselactan] Snallow structurs
{a)
O
' —

Feature |earning + classifier
[End-to-End learning)

)

Figure 1. (a) Computer Vision workflow vs. (b) Deep Learning workflow
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2.2 Classification Accuracy
The number to measure % accuracy of classification made by comparison between actual and predicted from a
machine learning model.

2.2.1 Confusion Matrix

Efficiency of classification was an important methodology in term of evaluated based on the measure accuracy,
precision, recall and F1-Score, this proposes to find out reasons for error which the true values are known. The
proposed correction confusion matrix method is based on assessment of the visualization of classifier errors and
define number of correctly classifier actual classes. The parameter 15 represented the number of True Negative
(TN), True Positive (TP), False Negative (FN), and False Positive (FP) of the classical approach of predicted of
them as shown in Figure 2.

Actual
Total L -

population Pasitive Negative

" Fatse positive
Positive Truz positive Type | emor

Pradictad
Fals= negatne

Hegative Type lemar True negatve

Figure 2. Confusion matrix

¥ True positive+ 3. True negative

Accuracy(ACC)= 3]

T Total population
222 Fl-score
F1-Score 1s the weighted average of two other metries: precision and recall. Precision value (also called the positive
predictive value) is represented the performance of correct positive classifications, which 1s defined as equations.
The range for F1-Score s (0, 1)EL
Fl-score:
Fl— score=2x Precision » Recall o
Precision + Recall

Recall 1s the number the classification precision 1s calculated relative of the amount samples size classified as
adopt the actually were that class. The recall value (the sensitivity) 15 the proportion of samples size in order to
requisite class and can more accurately represent the correctly prediction, on feature extracted by value.

Recall:
Y True positive

Recall=—=———————————
> Actualpositive

©)]

Precision (positive predictive model value) is the fraction number of relevant instances comect positive results
divided by the number of positive predictions by the classifier parameters.
Precision

) True positive

Precision=—=~+———
Z Predicted positive

Q]
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3. Methodology

This section describes design methodologies of visual inspection by companng the current process of a visual
mspection system using computer vision with deep learming techniques as shown i Table 1. The new visual
spection consists of convolutional neural networks (CNNs) model and Region Based Convolutional Neural
Networks (R-CNNs) models. A quick glance to check for observable abnormalities 15 CNNs at the picture
intenging to notice the uregularities in the various elements 1s R-CINNs. The current process of visual inspection
hard disk drive components doesn't have the flexibility and cannot evaluate the accuracy of the system but deep
learning can evaluate model accuracy and improve efficiency of the model using more data training.

Table 1. A visual companson between deep learning and computer vision

Differences Deep leaming computer vision
Manual feature extraction required? X
Training computationally resource-heavy? x
Requires labeled or classification datasets? x
Black-box models? x
Easy to deploy even on microprocessors? x
Yield high accuracy rates x

The total image for training 1s 395 images (Good =418 images).(Failed = 177 images). The specification of percent
increase and decrease brightness from onginal images are 5%. 8% and 12%, respectively related to a range of the
brightness control machine. Thus, causing the creation of a new image from the original image used for tramning
model (Data set) as shown in Table 2.

Table 2. The number of generation image from the brightness specification

Picture Original Brigthness Genator total
+5% +8% +12% -3% -8% -12%

Pass 418 418 418 418 418 418 418 2,926

Fail 177 177 177 177 177 177 177 1,239

Total 4.165

3.1 CNN Classification design

__ Convolutional Neural Networks |
Input layer Convolution layer Pooling layer Fully connected layer Output layer

j‘ﬁ Ir;.

Figure 3. Architecture of CNN Maodel for HDE

According the CNN modeling techniques as shown in Fig 3! was employed the training model which include
total images comblie good and fail images. uses total image both good and failed for train model. The specification
size of image is 1280x1024 For Dividing the number of images into 80% for training, 20% for testing. The number
of epoch = 50 epoch at batch size 4 past to convolution layer 4 layers and past pooling layer 1 layer using activation
function is ReLU function.
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3.2 YOLO object detection design

Input Image Feature Extraction Ileglon of Interest Region Proposal ~ Output Object

HDE
- ». | " ’
Label +

Figure 4. Achitecture of R-CNN Model for HDE

YOLO modeling using only good image for tram (2.926 images). The specification of image resize from
1280x1024 to 736x338 & increase/decrease of brightness 3%, 8% and 12% due to hardware requirements for
dividing the number of 1mages into 80% for training, 20% for testing. The number of epoch = 80 at batch size 4.

This part design the visual inspection system first one 1s CNN model innitially classification result (Good or
Failed) next 15 result from R-CNN model (YOLOwS) for object detection hard disk drive components. The
operation flowchart as show 1 Figure 5.

[ Visual Inspection System J
Image Input Predict by CNN Model  Predict by Yolo Model Result Inspection
HDE Picture I M Yolo ( )
1280x1024 | ] Madel Mode! HDE Pass
| y 5 ) | Moot

Time/pleture

_ SN

Figure 5. Flowchart of visual inspection system

3.3 Deep leaming better than traditional computer vision?

In this scope of hard disk drive components with the visual mspection system. The mismatch 1s detected so that
defective objects can be excluded before they reach the final packaging stage. The gmdelines summarnize the
common attributes of each technology from the preceding discussions as show in Table 2. shows the strengths and
weaknesses of both. However, deep learning can be classified components whether it be pass

Table 2. The below table summarizes the comparison between deep learning and computer vision

Selection criteria Deep learning computer vision

Training dataset Large Small
Computing power High Low
Traming time Long Short
Annotation time Long Short

Feature engineening Unnecessary Required
Deployment flexibility Low High
Expenditure (BOM) High Low

4. Experimental results

The result in this section as follows: First-step of visual inspection program. By CNN model classifed HDE images
as pass or fail shown in Figure 6. Second-step, all pass of HDE images venfying HDD components 16 positions
(11 groups) using by YOLOv5 models for the example classification as shown m Figure 7.
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4.1 Visual inspection results
For CNN model can separate the HDE view quite good for better images, but fail images have some errors maybe
because fail images not enough for training model. However, CNN has satisfactory performance.

Object detection of VI using by YOLOvS has the best performance at epoch of 80. The experimental resuls
shows at the Table 3. The confidence threshold = 0.8 and dataset for test VI (good images = 296, fail images =
177, overkill images = 144). This paper focus to classify the hard disk drive components for check passed or not.
The confusion matrix of VI using by YOLOvS as shown in Figure 8. which consists of good HDE combine with
Overkill HDE 1s 440 images and fail image 1s 177 images.

Figure 6. Sample HDE view (a) HDE view pass (b) HDE view failed classification by CNN (source :
https://www.pngegg.com/)

Figure 7. Sample HDE view (a) HDE view good image (b) HDE view failed image (c) HDE view overkill
image classification by YOLOVS (source : https:/www.pngegg.com /)

Table 3. The result of YOLOvS model training and testing

Batch . Trainin; " Good Failed Overkill Overall

Model  $pog) size Img. size fime a Detoction ais (%adec.) (%adce.) (%adec.) (%adec.)
20 4 736x338 12 mins 20-30 ms/img 95% 93.60% 95.77% 94.79%

YOLOVS 40 B 736x338 24 mins 20-30 ms/img 99.85% 99.44% 99.56% 99.62%
odils 60 4 736x3538 36 mins 20-30 msfimg 99.88% 99.44% 99.62% 99.65%
80 4 736x338 48 mins 20-30 ms/img 99.90% 99.80% 99.81% 99.84%

100 4 736x338 1hr 20-30 ms/img 96.76% 97.94% 97.48% 97.39%

4.2 Hardware

Hardware specification of personal desktop computer consists of CPU intel 19 gen10, GPU Nvidia RTX 3060 and
RAM 32 GB DDR4 for training model. Hardware specification of personal laptop consists of CPU intel 17 gen9,
GPU Nvidia RTX 2060 (laptop ver.) and RAM 16 GB DDR4 for testing model.
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User's
Confidential
Threshold 80% Actual HDE class accuracy
(Precision)
%
=
= 433 2 99.54%
I
z
= 9 173 55.0.5%
2
Producer's
acewracy 98% 98.86% 98.22%
(Recall)

Figure 8. Confusion matrix of YOLOv3 classification (Pass or Fail)

5. Conclusion & Suggestion

Visnal inspection systems are very important in the hard disk dnve industry for control assembly quality and
verifying components of a hard disk drive. The summary of visual inspection system (VI system) using CNN and
R-CNN together for classification hard disk drive components nitially CNN model can be used for verifying good
or faml The accuracy of VI from deep learming depends first on the amount of data set in training (Good data
quality) second the algorithms must be selected suitable for the model. Finally, set up the parameter of model
training such as epoch, batch. image size, for high efficiency of the model must not be overfit or underfit. The
conclusion of the new visual inspection has a satisfactory efficiency of 98.22% and F1-score = 0.9875.
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