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ABSTRACT

In the electronics industry, the problems in inspecting defective workpieces come from
both machine and human errors. Although, the inspection machine can mitigate this problem by
using basic statistical data based on colors on the workpieces. The inspectors need to examine the
whole workpieces again due to the less efficient algorithms used by the machines. Regarding our
reference factory, the inspection rate is about 10% of the 2,000 workpieces per day. Fortunately,
this kind of computer vision problem can be alleviated using advanced deep learning techniques.

In this work, we design an additional machine to isolate the defective workpieces from
abnormal melting workpieces. Firstly, our machine seeks the most frequent defective positions in
the workpieces. With some degrees of rotation, these positions can still be detected by using the
cumulative gradient orientation technique. Lastly, these positions would be classified as "defective"
or "normal" using a ResNet1 01 deep learning model. By adjusting the probability threshold of
predicting defective workpieces to 80%, the model's accuracy increases to 98%. Meanwhile, the
model obtains 100% accuracy while classifying the normal workpieces. As a result, our machine
can further significantly reduce the workload of the inspectors by precisely predicting the defective

position in the workpieces.
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(a) Boundary Extraction Operators

(b) Fine-line Extraction Operators
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MNN 2.4 UAAI Feature Matching 1N Boundary and fine line pattern

1.2. Model-Based Inspection
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(a) PCB sub-pattern (b) Thinned sub-pattern  (c) Pruned sub-pattern with lables
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(d) Representation of RAG for segment A in Figure (c)
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(e) Graphical representation of PAHG for the sub-image pattern (a)
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(a) (b) (c) (d)

MWN 2.9 UAAINTZUIUNITN defective pattern (a) LAAINT NMINNUED (b) JUNAIUMS
dilation (¢) 3UNA1UAS thinning 1ag prunetioud lydruntwnuesni (d) 1z 14

defective pattern AIUNIN

2.2 maHAMINs e (Encoding Techniques)
1113991 18 Taematinns Inszive (Boundary Analysis Techniques) Tag
msﬁmuﬂgﬂéwwaummsaz%’umauﬂﬁmnﬁau Tael% Freeman chain coding 1083110
vouun lagmsulasveuunnig o ”lﬁ’@eﬂu;sﬂﬂﬁa‘fﬂizmmmmgﬂwawm‘éau(polygon)

O o 9 ! v Y s A
msﬂizmmumummummmjmquaiumuaaﬂ“lﬂ UAASITAUISUAAUTU INEDT 8 NANIN



Chain code: 7777788118777665567777 {a)

1
Curvature code: 0001010-1-100-10 b} g 2
Changes in dir.: 01010-20-10-1020 {c)
Duration: 3111122111123 {d)

Extracted corners:

=TA changes in direction: 2 -2 -2 2 {e) § 1 4
Duratiom: 3 2 3 2 (£} 3
Distance from A: 4.5 8.0 12.5 16.0 {g)
(b) Corner extraction on image i Figure (a) (c) Chain code directions
(a) Example of a small fault shape
——a

F
B — / \
/“-— — B\ / .Bv\ \ v
i [ //’ \ N E E
LY\ !
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. A | ..
D - A c E A ——C

|
v

[

(1) Nick/Bump (2) Nick/Bump (3)Breal/Short

MNWA 2.10 ANBUSNUTIIINNST Encoding (a) #20819N15 encoding 11NUTY (b) N3

encoding (411 Freeman (c) NAN9 Vector M ldluns encoding

37

(1) Four corner fault model:

(4.1) Combination + * — * — % + or — % + % + % —.
where (-) is a negative going corner
(+) is a positive going corner
(*) is an optiomnal corner of any direction
(4.2) a < 10.0 and b < 7.0 and ¢ < 10.0
(4.3) E < 12.0
(4.4) F - E > THRESHOLD.

(2) Three corner fault model:

(3.1) Detection of corners + # — % + or - * + % —.
(3.2) a < 16.0 and b < 15.0

(3.3) E < 12.0

(3.4) F - E < THRESHOLD.

(3) Two corner fanlt model:

(2.1) Detection of corners + * * % * x x * * * + Or
— ok ok ok K K kK Kk kK —

(2.2) b < 14.0

(2.3) E> 7.0 and E < 14.0

(2.4) F-E > 8.0

v v v Y
WA 2.11 Rule N1951UA159599 Vector MAATY 193 4Corner, 3 Corner , 2Corner
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2.3. MIATIWVUNTUNT U
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2 m‘iﬁtl‘t!:i:!%ﬂaﬂ (Deep Learning)

1 Deep Neural Network

< J % ! o
Deep learning I U @I1+119v89 Machine Learning Na0nA8ULUUATHINUYD
s o = 1 1 1 I = 1
waaﬂizﬁmiuﬁmqwm (Neural Network) Taalin1suuavuledeseontiiu Node Baunay
Y 1 3}/ ~ 1 A o Y A 1 o 9 ~ ]
Node ‘]_Iﬁgﬂﬁlﬂll‘ﬂﬂ’llﬂ UAAZFULTENIT Layer NMUUINUANANOU AU UIN IBU Input Layer,

Hidden Layer L@ Output Layer HHE7AIA90IN

N o
Input Layer Hidden Layer Output Layer

i 2.12 Taseadalasevniedseamiion Tasutiantnay Layer
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Bias
X1 - w1

Activation
%2 . W2 " Function

- Z L4 f - Output

X3 --» | W3

xn - Wn

Schematic Representation of a Newron in o Neural Network

d' o 9 ] =
MNN 2.13 msmum laseaselassvedse ey
fan: https://intellipaat.com/community/253/role-of-bias-in-neural-networks

output = activation_function( sum[inputs * weights]+ bias )

4 v o ° Y ! ~

14U® output !L‘V]‘LlNﬁﬁ‘W‘ﬁGUENLLlIUi]"la'ﬂ\ﬂﬂiﬂfﬁ"lxﬂﬂ5\‘]"1”81J5$fﬁ‘1/lﬁ/]flﬂ
. . . S A Ay Y o 3 v

activation_function unuensuinlylumsuasainldninmsmuiuaningia

vodlassad e laseelseaniion

1 % [} 1
weights UNUANININYDY Node Tu Tasearsavietssanniion
Input UNUAT Input 99 Node
Bias UNUA1  Bias Y04 Node

1 =\ =y ] a éj K] o Jq 9 '
IﬂixﬂﬁlﬂigT:TW]L‘VIEIiJllaﬂ‘HmZLﬂW1$6§Wﬁ1ﬂ%uﬂ ﬂJuﬂgﬂUﬂWiu11ﬂﬂiZQﬂﬁ1%ﬂu LYY

Feedforward Neural Network , Backpropagation Neural Network

=) Y a K I [ AR A 1 = =S
ﬂ']’iliﬂug!,GINﬁﬂL‘]J‘Ll@ﬁﬂ’f)i‘l/lll‘ﬂﬁ’E)fJ@ﬂN"Ii]TﬂIﬂ'i\iﬂlTﬂﬂizﬁTﬂmEJiJ Iﬂﬂfﬂgll

. ¥ [ Y o o Y Y 49! v H = Y A
Hidden Layer 1a18% 1/1ﬂwmuﬁnmmmmm%umau%mwu Tﬂmmazwuwummﬁ

o d‘ 1 = [ d' 9}3’/ 9 a a d' dy v A o
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https://intellipaat.com/community/253/role-of-bias-in-neural-networks
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A v A o

=) 9 . A o [ o Aa K

IgUgLUUY BackpropagatlonLWE)H”I?JTIJTU‘]J?Q’E)ﬁﬂ@iTIM Tﬂﬂummmwmmmﬂu Loss
. . . oA Yy . I 1 1~ =

function (1818 Optimize function 1A8A1N 1@ 10 loss Function tHuaneuiieuainwasin
° v 9 Hq ¥, Y = o Ay v Yo L. = Y A

LLU‘]J%T@?Nﬂ‘]J"lI’E)iJJﬁ“VIﬂlGU train 91D UUIIUIAT Loss ‘I/IllﬂiJﬂ“b'ﬂ‘U Optimize Function 4N 1IN

1 Y
Usunuuaosias193uu 31uans Deep Learning Neural Network

Simple Neural Network Deep Learning Neural Network

@ nput Layer @) Hidden Layer @ Output Layer

MW 2.14 MISeuReusening Simple neural network [1i¥ Deep Learning Neural Network

2 Convolution Neural Network
o o o
Taon15152gna 1911521 Image Processing 1151 524nd 1901 Convolution
. a d ad A v A o &
matrix UATNYUIAEN NI filter 1D ZHIANAALAUDIN WAL WRUTZUIAHANATNT
{ a g [ J o 4 v I { 1
Ry Taedagilszasnueansi fier o Tdwadnsvesgnmdulawidosns wu
a o v J
Edge detection, Sharpen, Gaussian blur 1835015811499 Convolution matrix LAZNAGNT LA

AININ

glz,y) = w* f(z,y) = Z Z (dz,dy) f(z + dz,y + dy),

de=—a dy=—"h

UEANFAUNITUDINITT Convolution Matrix
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251+ 40 + 151 + 151+ 1%0 + 6+1 + 751 + 6°0 + 4%1 = -1

2 4 1 0 5 3 1 0 1 1
1 1 6 4 2 3 * 1 0 1 =
7 6 4 2 1 0 1 0 1
6 9 2, 1 8 9
w!
4 1 1 4 5 7
w11
0 5 3 2 1 7
a[lfi\
1x1 | 1x0f1x1| 0 | 0
1 [1xt [1x0]0x1| 0
Ox0 [ 1x1[1x0( 1 0 4
0 |1x0|1x1 [1x0| © 4|3
0xt [0x0| 1x1| 1 | 1
0 [Ox1|1x0|1x1] 1
olofl1|1]o
0 0 1 1 0
ol1flt1fo]fo
0 1 1 0 0
1| 1 |1x1]0x0|0x1 1111100
0 | 1 |1x0|1x1|0x0 43| 4 o1 |1]1]o0 413 | 4
0| 0 |1x1|1x0]1x1 0| 0 [1x1|1x0]|1x1 2| 4|3
oflo|1]|1]o0 0| 0 |1x0]|1x1|0x0 203 | 4
ol1|1]0]o0 0 | 1 |1x1|0x0]|0x1

MNN 2.15 13911 Convolution Filter

fan: https://towardsdatascience.com/applied-deep-learning-part-4-convolutional-neural-

networks-584bc134cle2

A3 1y Convolution Neural Network
1. Stride
3 v o 1 4 ] 1 . 1 o
Hudmvuadieziae filter 11820 step 19113 M3 la Stride M1nYU 19T
1y 9 [ 9

o g A 2 o ZAY YA o v = <]
ATUIUNINUNNUSDUNUUDYUU llagwaﬁWﬁtﬂvlﬂﬂ@ FInUaNYUL (Feature Map) HUUIALAN

N


https://towardsdatascience.com/applied-deep-learning-part-4-convolutional-neural-%20%20networks-584bc134c1e2
https://towardsdatascience.com/applied-deep-learning-part-4-convolutional-neural-%20%20networks-584bc134c1e2
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Stride 1 Feature Map Stride 1 Feature Map

H 1 a 4
ﬂTWﬁ 2.16 M3 IANITINUADT Stride = 1

Stride 2 Feature Map Stride 2 Feature Map

1 1 a 4
ﬂ"l‘Wﬁ 2.17 M3 N5 INADT Stride =2

2. Padding
' dy ~ 1 ] v Aa ] KX o & Y
°1umqﬂmumwm1 WuW’llf]UGU’ENﬂ1W’CNNﬁ@]ﬂﬂﬁ@]ﬂﬁuii}UN@ﬂN mmgﬂumm

< o Jyy
lﬂUﬂﬂlaﬂEmgﬁ’lwmaﬂﬂqwqjﬂjﬂ

Stride 1 with Padding Feature Map Stride 1 with Padding Feature Map

WA 2.18 M3 1d Stride 1 NV Padding
3. Pooling
1 v Aa 1 @ 1 I~ =y ]
Tupnagmmunmsaagulanamasnan flues 1s Tanvugedials 1
o Y} A v Y Y = o a Y
AnyAULABIMIMIVAAUUIANIWND IHITUNNTINVBINNIY 9 udreenusodaauled
X 2 = Aas o A 1O = . .

Pooling tHumsasvuiagUnmilina1eds lumsi pooling 1an2 11/9z 3 Max pooling, Min

Pooling, Average Pooling



1111214

max pool with 2x2
516|718 window and stride 2 6 | 8
312110 3 [
112134

MWA 2.19 M5 Max pooling NUUIA 2x2 11ag Stride =2

14 o J
M131/52gn4 Convolution Neural network @111301iwszgna l4Iuns
. . v I I A a S 1
Classification IgWaaWFNodNN19LIIY Label NUBNYHAYDIFUNNUY a1
o oA I o [l .
Object detection veiimaansneonuuiu Label azd i1y ¥U1AU09 Box region

Segmentation

[] — cAr

.
1™ 70 1 — muex
/ [ | VAN
/ \ ——
{ 7 X
1JB A
=P 5 /X
> / \
L @) [ — mcrew
FULLY
INPUT CONVOLUTION + RELU POOLING CONVOLUTION « REW POOUNO \IIA’HN CONNECTED SOFTMAX
HIDDEN LAYERS CLASSIFICATION

Convolutional Neural Network Architecture

NN 2.20 N3 1“]95} Convolution Neural Network 11471591 Classification
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MobileNet features extractor
through Conv2d_13_pointwise layer Extra Feature Lavers Gaze

Non-Gaze Suppression

Non-Maximum Suppression

[Box location| [ Class & Confidence |

MW 2.21 M3 1% Convolution Neural Network 114n15%11 Object Detection
fan: Auepanwiriyakul, Harston, Orlov, Shafti, Aldo Faisal, (2019)

2.3 amifnanssu Restnet 101
A 4 ~ ° Y A L.
RestNet A9 Deep Residual Network Ta EJlIﬂ”liu”llﬁuﬂﬂﬁuﬂﬂﬂulﬁﬂi’ﬂﬂ Vanishing
R _ . .
Gradient FUNAVUNTA NI Layer T1UIULIN TAgn13 1an19aa (Shorteut) adluamilnonssy
A Y . 1 Y n v Y =X A A o
e 1iwave s input 404 layer nounii lilagnaaneudoya suniela 39 shortcut 1o 1l
9 ' Y o =i @ 1% y
VBYA Input NOUNUT VITINNY output neoninlu layer aa'ly mgmﬂﬂugﬂ Residual Block
a 4 g a 4 o
Tuarseinusi fose1¥ao17nens5u Rerstnetl0] 191137 Classication Dewetting
defective 1H®9910 WAN1J Classification 1UINEUNY 1u1Aa AlexNet, VGG-16, VGG-19,
GoogleNet, ResNet-50, RestNet-152 W11 error 11n13 Classification ﬁjﬂﬁlﬁqﬂ Glmgﬂ‘ﬁ 2.22
AIUNUANAIINUYDY Restnet-152 tlateunuaa1aenssuou 9 Wyl $9119U Layer m
¥1INN1947 152 Layer 121l Residual Block  1A8 Layer N1 180 4uu1a19110U N3 ol
] ] [ Y = [ [ dy =) 1
vu1a N1 uA 091U UYUIAUe Feature Map M55 uvua lunuuil Sendn

Bottleneck Building Block
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S = | 61, wm;;;w v, 64, |=D|v, 256,
pad3/2| [P padl/1 n
S——— — —] =g — — — T— e

1xlcon 3x3con Ixlcon 1xlcon 3x3con 1xicon
v, 512 ||y, 128, |¢=| v, 128 ||y, 612, [ v, 128, ||y, 128,
/1 padl/1 /1

3x3con 1xlcon 1xlcon |
=P |v, 236, |=V|v, 1024 |= |v, 256, = |v, 256, ||y, 1024 090 000 =Dy, 256, [=|v, 256, |=|v, 1024
padl/2 1 /1 5 W/

Ixleon
v, 256,

PN 2.22 naaaonenssy Restnet 101

ETRE Qingsheng, Dapeng, Yanbiao, Shiming, Chaopeng, Qimming, (2020)

X
weight layer
F(x) relu -
weight layer identity

relu

PMNA 2.23 1A Residual Block
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AUMITUAAT NIAIUIUNT Image Gradient Tag @
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Gx 1311 715911 Convolution Filter Ia8H11 Sobel HUIUDU

I [ . . ] 4
Gy 11/ P39 Convolution Filter IA8H1U Sobel LIS

N
9

f# = tan

AUMIUAAINMIATUINUT NANNVOI Gradient VO Image

\/ 9y + g2

FUMIUAAINMIATUIUN UTINUMINTLIA (Amplitude)

=1 0 +1]

- o . ]
?: [-1 =2 -]
N ad, i _fl +Oz fl_

(a) (b)

H 9 H Y
MNH 2.24 M3 Sobel LUIRAATUUIUDY LA Image gradient MAATY

nn: Holder, Tapamo, (2017)
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NA991AH Image gradient 1aT NAN1IVOI Gradient taud? Tuniiaianig vdsan
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10 1asNNITNKUARN Threshold MAMNNTUNUADUNNDUNVAULLUY (Template) !‘V]"Illi NI

'
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LEAINNINAINAND TN NADINITATINT

Tayn11sznisusn Tun13 14 Template Image 1uxgﬁa$§ﬂ1uﬂ1iﬁggﬂuﬁ’agﬂﬁ
doamsnurnuNdesldnariulumsyseuiana 191 911U Template Image 360 A209819
Foaldamainu 360 luudazzil iioaanarlunmsaunudsnd1d 3alimsaf1a Template
Image ﬁndJu Template Image ‘ﬁﬁhuﬂﬁ OR operation (Cumulative Orientation) Taos umﬂqﬁ
aunldudaey lfimsaunudn

ﬂﬂJu viilsgnas ﬁ @9 Yoshinori Konishi, Yoshihisa Ijiri, Masaki Suwa, Masato
Kawade (2015) 89111 Detection Rate 1#gatusinsanes funuuidnTneiiuiazanyiia
VYD Template Image 5% 910 Master Template Image LT DI 5 Tuupag Step Tuns

Template Image +/-180 D411 W11 Detection Rate 0471 85.8% 1io1ioUnUdane3 Ny Halcon ,

LINE2D, BOLD g1 45.8% , 51.0%, 85.1%

MW 2.25 M5a3193) template MWAY DD (418) Gradient Image (NA19) MIA31S

Gradient Image TUWABNANI

ﬁ?ﬂ: Yoshinori Konishi, Yoshihisa Ijiri, Masaki Suwa, Masato Kawade (2015)



23

‘ ] | gae1a aaa1e
1 1
dae1e poale eea1e A\
\ \ ™~ \ \ #1108 @a168
p0188 ealea | | |016@e |@a10a Ba100 7 3
~ N — -~ NN A A A
|a1880 A1800 | 16608 10808 10800 00100 80100 | 110@@ 11100 18108
N — | ~ N 2 3 2
a1a80 10808 a1000 10088 01000 |#1000 N AN
] ] ] 1000 11080 81008
image 1 image 2 image 3

2

3

1

v 9
MWN 2.26 03FYDI Gradient Y0991 3 1A (F10) uaasn1si esnazauluudazianig

Y 1
Y99¥UY 1aeld OR operation 1Ay AI8AYIFIAIRADANUDVDIUADLHANIG

fi3: Yoshinori Konishi, Yoshihisa Ijiri, Masaki Suwa, Masato Kawade (2015)

Simple - Test image 1 Simple - Test image 2

Spreading - Test image 1 Spreading - Test image 2
10 10 1.0 10
08 08 08 08
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02 0.2 02
00 00 w 00

0002 0002 0002

02-04 0204 204
“01 05 0405 0108
ras0s “06 .08 0508

580 B8 By 010

(a) Quantized orientation (b) Spreading orientation

Cumulative - Test image 1

Curmulative - Test image 2

(c) Cumulative orientation

M 227 Similarity Score Based lumﬁmmugﬂ W11 Cumulative Orientation ﬁﬂ'wqma:

1 g : I A
ANULANATNUINUU G'fiwwzl,ﬂumimu Detection Rate

f31: Yoshinori Konishi, Yoshihisa Ijiri, Masaki Suwa, Masato Kawade (2015)
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d‘ v @ = o . . )
NN 2.28 N1TATIVVUIAYUATUNITATIVVY Orientation AIY

31: Yoshinori Konishi, Yoshihisa Ijiri, Masaki Suwa, Masato Kawade (2015)

HALCON LINE2D BOLD COF (ours)
DR (%) 458 51.0 85.1 85.8
Time (ms) 380.5 47.8 177.9 53.9

correct detectionrate (%)

L ~ = -LINE2D
: — -BOLD
—COF
o 0.2 0.4 0.6 0.8 1
false positives per image

= . ~ v am
MNA 2.29 Detection Rate Wf5esuneuluunazis

131 Yoshinori Konishi, Yoshihisa Ijiri, Masaki Suwa, Masato Kawade (2015)
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nn: Martin, (2013)
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31: Martin, (2013)
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M 2.37 MalFuaanayiiany LED Auad (§18) UV Fluorescence (V1)

31: Martin, (2013)
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Fiducial Reference Detect
Position Position

MWA 3.1 HEAAIGIHUISNNNANNMTFAFBINEIA1 X AT Y HAZANUAAIAAADUIIN
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VUM H U TN DA 1119819890811 Local Coordinate 39#09%1013
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1. Customized Model Tasmsa3ialuaa

Input Max pooling Max pooling Flatten Dense Dense Dense
244x244x3  244x244x32 122x122x32 118x118x48  59x59x48 167088 256 84 2

et model3 = Sequential()

S S . = model3.add(Conv2D(filters=32, kemel_size=(5,5), padding='same’, activation="relu’, input_shape=(244, 244,3)))

conv2d (Con2D) (None, 244, 244,32) 2432 )

max_pooling2d (MaxPooling2D) (None, 122, 122,32) 0 mOdEB.add(MBXPOOIZD(sdeS: 2)) 5 . _—
model3.add(Conv2D(filrers=48, kemel _size=(5,5), padding="valid, activation="relu’))

prod (Comin) Qe 18 1104 uap model3.add(MaxPool2D(strides=2))

max_pooling2d_1 (MaxPooling2 (None, 59, 50, 48) 0 mndeIS.add(FIatten())

fim ) Cem i model3.add(Dense(256, activation="relu))

e ) (fone, 25) e model3.add(Dense(84, activation="rel))

f—— (tene =) e madel3.add(Dense(2, activation="softmax))

dense_2 (Dense) (mane, 2) 170 ) model3.buwld()

ol v =P model3.compile(optimizer="adam’, loss="binary_crossentropy', metrics=[ accuracy’])

Non-trainable parame: 0 model3.summary()

NN 3.6 1EAI Customize model ﬁi%}iuﬂ1iﬂﬂﬁGUﬂ1i Classification

2. Restnet Model Tagnsad1alumag

def ResNet(input_shape, classes):

# create input tensor
x_input = Input(input_shape)
X = x_input

# residual stack

num_filters = 40

x = residual_stack(x, num_filters)
x = residual_stack(x, num_filters)
x = residual_stack(x, num_filters)
x = residual_stack(x, num_filters)
x = residual_stack(x, num_filters)

# output layer

x = Flatten()(x)

x = Dense(128, activation="selu", kernel_initializer="he_normal")(x)

x = Dropout(.5)(x)

x = Dense(128, activation="selu", kernel_initializer="he_normal”)(x)

x = Dropout(.5)(x)

# x = Dense(classes , activation="softmax’, kernel_initializer = glorot_uniform(seed=0))(x)
x = Dense(classes , activation="softmax’)(x)

# Create model
model = Model(inputs = x_input, outputs = x)
model.summary()

return model

MNWA 3.7 1EA9 Restnet model N5 1unInaeaaums Classification

36



37

3.3 mseanuuuszuurazmsi Ifldau
= A A Y a 4 A [ 1
MIANYUTO 1ATOIATIVAMUMTHADUazaleneTyalseAbY 1AT09AINa1D
Y = 9 A o dy
AoaUNUINANL
A [ 9 I A . .
1. 1P3099n3A94A1513)1 Stand alone 1A8LENDBNUININIATOY inline
A 2 A o a & ) A o
2. 1HRFUNUDONIINNATOI AOT WNNHITHEVFUIIULIE T UAS099nT
4, 3
Pagrmsdsenpuaun
3. WiinOUNAuiNeENMIATIV 52UVIZYINITO I 2D Datamatrix barcode
Y K A . ) d' [ 1 o ] = d' 1 1 Y dy
11293 A service VOINUIBNY IT DT UAG U UINUFYIN AT 91U AOI NOUHU
d’ [ o Y o 1 = d‘ 9 9 =K o 1 <3
4. IA3999NTVLINMIAUMIS N UINUTINABINITATID LAIININITOIENINLALLN
Y )
@208 NAIINTUTLUVILHINTITEN web service INDNINTTUNANTUITLTUNTATID
WL
o v Aa Y = 1 v A Y . '
5. szpummsaaaulaudrvaaemanmsaaau 1o service Y99 ¥ IT

I 3 Qy o ] AQS/ [N}
6. HJHﬂ"l'ilﬁﬁfﬂﬁuﬂﬁg‘UTL!ﬂ']'i‘ﬂNTLleg3@31]%1!\111!11411%@“11]

A o @ ) U v ' < <3 9
szuuniimswalsznelddreaudiu van  arunsnitlumsinudeya

4 [ Z’, 4 [ 1 o 1 . { .
NIZVIUNTIATOIINTNI0IANT 1AzMTTUATDYaNTZIIHIU service NiTon 1Ay dil library
d1uNaeadausz VY Desktop Application N 1% lun1sA1uAUAT BTN Az Na lnAA1e 9 P13
. A A A A 9 v A v 1 ~ h A
setting parameter UBIATON LASDU ) MNYIVDINUVIATONINT TIUNT1U HTTP webservice N

Y [
WAlUIHIU Restful framework a2 ANAIUY Django N3045UN15 149 1UA 111 python Tun15
UsguramadIu Al Deep learning 1A9 5311 Desktop application 9z¥1m3negiuazastoya
Y

1% HTTP webservice 15z uanadoyasinauaziimsaaduladeyatiundunids Desktop

application



Machine
Application

Main system &
Reference Detection

N

/ Deep Learning Application

l l

MysQL PROCESS

o

Average cycle tme

Classification Model

N

@

@Iﬂ'

b

[
womene Status

duigeme

38

VICON | | WCGRT.

v ] H 1] Y
MNA 3.9 izumﬂ%q%ﬂiﬁwwmxﬁamawmm




PCB inspection

Rum  Foston Farameter

= =~ Curnes P curent posnion Auid Capturn Pead Barcode
1356 1
il ! Fustion Mave MOVE
135
e B Postion HOME z z
195
%16 Postion Rasdbarcode (13048 1731
[T 0
1615 [
1356 | saEm
GO
1356 C
G0 C
5%
e SEROON SERVD OFF
156 = cown w
x v
- Offset o 0 Acd Offest
ook 0
Vg 0

£ 00M
X

X 0
Zmm
e v ¢
L) L 0
= Height o

koo [0
mn 3
=L

1 METE 255,39 -

& ! ¥y 4 A4 o o oa
HNN 3.10 M Setting AN <) ﬂ!ﬂi@ﬂﬂﬂiimuﬂﬁﬂaﬂﬂxﬂu

Predict

Predict

GET /predict

HTTP 200 0K

Allow: POST, GET, OPTIONS
Content-Type: application/json
Vary: Accept

"dewet": ©.33806413412094116
"ok": ©.6619358062744141

! . { q 9 . Y
/WA 3.11 M3i580 HTTP service 1110 113211 Desktop application #1313 01%0uABNY

TeUY Al



= a ¥ 4 o 4 2
HNN 3.12 LLE‘T@\1ﬂ'Ii@]GWNLﬂiﬂﬂ%ﬂiﬂiﬁuﬂﬁﬁiﬁﬂ%uﬁu

40



UNM 4

NaMIANE

4.1 WHaNMINAaoaU Validation Dataset
Y H
mMsa31aTuaalunsngna¥uau wuI Customized Model validation accuracy ’Elgﬁ

86% 1A Restnet101 087 82%

Model accuracy Model loss

M 4.1 nswlmsmsudoyaTuma Customized

Model accuracy Model loss

loss
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M13197 4.1 Validation accuracy

Accuracy

Customized Restnet 101

86% 82%

s nuerh Tuea lunageumsldau wunmsaagule Taels
4.2 HamMInaaod Test Dataset
nu3amsaaadulalaeld Threshold > 0.5 TudruveInaIa U@ (OK) Wi

Customized Model accuracy Elg‘ﬁ 92% 10e Restnet101 E]g“ﬁ 97%

A15199 4.2 Test dataset accuracy Threshold ‘lumiszuqm?} >50%

Accuracy

Customized Restnet 101

92% 97%

4.3 WanINaael Threshold Test Dataset
A Y ' Y A X =
1UBIINHNA Test Model Restnet101 "lﬂwaﬂ@ummmw Customized Model 52 UUI

daaulald Restnet101 8119111515 Threshold wuaimsaadulaTaesld Threshold > 0.8

Accuracy Restnet101 @gl:ﬁ 99%

M13197 4.3 Test dataset accuracy Threshold Tumss 31;@114?1 >80%

Accuracy

Customized Restnet 101

N/A 99%




135199 4.4 UAAY Prediction N Threshold >0.5

Threshald 0.5 Faor judgement

Threshald 0.5 For judgement

Clazs ok Clazs DEWET

Predict Dok | K Predict Doyt | DK
1 oz 00 1N EE
2 T 2 naz] 0002
3 od| 056 3 pay] 003
4 0.z4 0. 4 a5 005
5 075|025 5 pay] 003
3 o 053 3 pay] 003
7 o5o| 05D 7 a5 0.08
& I & XL
3 T 3 098] 008
10 nes| 078 10 oorl 003
11 odd| 056 11 pe5]  0.05
12 oge] 054 12 pay] 003
13 nza 061 E nad| 0.0
14 o ED 14 pat] 003
15 pos| 0,35 15 pat] 003
16 odd] 056 16 pas] 0004
17 odd] 056 17 pay] 003
15 oo7] 033 15 a5 005
13 o] 0aE0 13 paz]  0.02
20 X 20 pao] 00
21 0,24 0.1 21 pat] 0003
2z nzz|  07E 2z pas] 005
23 nez|  03E 23 pay] 003
24 oz 064 24 pad|  0U0E
25 0z7 073 25 paz 002
26 R EED 26 oad  0L0E
27 po7 033 27 pat] 0003
2 nzal 050D 25 pas] 0004
23 X 23 a5 005
30 009 T a0 XA EED
a1 XD 31 095 0,05
32 028  0EE 32 098  0.08
33 o] 083 33 oot 003
34 I 34 095  0.08
35 oed 033 35 095 008
36 X EED 36 oorl 003
a7 T 37 098 0.05
38 XD 38 oer| 005
33 o] 0EE 33 o895  0.08
40 o8| 0.E5 40 oerl 003
41 T 41 095 008
42 ozl 070 42 oerl 003
43 ozl 0ED 43 095 0,05
44 o 0Ed 44 oerl 005
45 X EEE 45 a5 0L08
4E s 45 pat] 0003
47 0| 0BG 47 pay] 003
45 odd| 056 45 aa5] 005
43 nos] 035 43 os7| 003
&0 007 033 &0 p.95) 005
MAX E EEE MAY EE IEED
MIN nos[ o.2s PAIN oos] ooz
ACCURACT 5E% ACCURACT 5%

43



135199 4.5 UAA9 Prediction N Threshold >0.8

Threshald 0.5 far judgement

Threshold 0.5 for judgement

Clazs Ik

Predict |Dewet  [Ok
1 020 0.vo
2 0.25 0.7s
3 0.14 0.86
4 023 0.7
5 075 0.25
G 0 0.a3
7 050 0.50
g 015 0.84
3 003 0.9
10 0.25 0.7s
11 0.44 0.56
12 015 0.84
13 I 0.e1
14 005 0.94
15 005 0,45
1E 0.14 0.86
17 0.14 0.86
1a 0oy 0.4z
13 010 0.30
20 015 0.84
2 023 0.7
22 nzz 0.7s
23 0E2 0.38
24 026 0.64
25 027y 073
26 020 0.a0
27 0oy 0.4z
28 0.z20 0.80
29 0E3 0.2
a0 003 0.9
A 003 0.9
a2 025 0.65
a3 017 0.a3
g 0.2s 0z
a5 051 0.33
a6 010 0.a0
a7 I 0.e1
a8 010 0.a0
a9 0.14 0.86
40 015 0.85
4 0ES 0.3z
42 020 0.vo
43 020 0.a0
dd 015 0.84
45 0.0z 0.4z
dE 0.2y 073
47 024 (.66
43 0.44 0.56
43 005 0.as
50 0oy 0.9z
Max 0.7s 0.as
MIN 0.05 0.25
ACCURALCY 1003

Class DEWET

Predict [Dewet  [OK
1 0.97 0.03
2 043 0.0z
3 nay 0.03
4 045 0.05
5 nay 0.03
5] nay 0.03
7 045 0.05
g nay 0.03
9 045 0.05
10 nay 0.03
11 045 0.05
12 nay 0.03
13 004 0.06
14 nay 0.03
1= nay 0.03
& 095 0.04
17 nay 0.03
1a 045 0.05
13 0.as 0.0z
20 0.4an 010
2 nay 0.03
22 045 0.05
23 nay 0.03
24 004 0.0
25 0.as 0.0z
26 004 0.0
27 nay 0.03
2a 095 0.04
24 045 0.05
30 005 0.94
A 045 0.05
32 045 0.05
33 nay 0.03
34 045 0.05
35 045 0.05
36 0.4y 0.03
3T 045 0.05
3a nay 0.03
33 045 0.05
40 nay 0.03
4 045 0.05
42 nay 0.03
43 045 0.05
44 nay 0.03
45 045 0.05
46 nay 0.03
47 nay 0.03
4 045 0.05
43 nay 0.03
50 045 0.05
Max 0.93 0.94
MIN 0.06 0.0z
ACCURALCY 98
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3197 4.6 Ha Accuracy 1 Threshold HANAAY

Threshold = 0.5 for judgement

Predict: 0K Predict:Dewet
Actual:OK a4 7]
Actual:Dewet 1 49

Threshold = 0.8 for judgement

Predict:OK Predict:Dewet
Actual: 0K 50 0
Actual:Dewet 1 49
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PCB Inspection
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