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Concatenation
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3x3 Conv 3x3 Conv 3x3 Conv
1 1 1
1x1 Conv 1x1 Conv 1x1 Conv
Input

19 21: @S} oF % 9] Inception Module[26]]
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719 22: Xception[26]

2.4.5 EfficientNet

EfficientNet [27] 2019 Mingxing Tano] A|Qtst a2 #|gHE 2]
Z2(Resource) oA 7]E 5 U EY T E T} 8.48 2 2T A] 6.11}
B3 T 52 A E A 2Et Rl 275 7)Y dese =
o]+ Scaling upe]] tjgt A7} Wol o] o] Fow 17 R3|e}F Zo] 1
W o g AIZEAZE let. AMAl= Ad o] WolE 8= A, FHAE A

28



9] 7ol A BEE A, Jeln nhEko 2 QF ofmlA| o] s S
szol= Aolt}
N
Number of Channels Wider
EDeeper
Layers_i
j Eis“c:lution v ' gtiegslz)lution
(a) Baseline (b) Width Scaling (¢) Depth Scaling (d) Resolution Scaling
19 23: Scaling Up A|7}A] B (27
|E9)20) Yol S A WEW E U BAG 5HL 25U 59l
U 7187] 441 dbe] 927 qlon] Ade] 28 27} N A5E AU
=78 Fohf7] Soloh} B4e E4L mete}r|7t WSt nixute

EfficientNet2 AutoML-2 £-3f| o] A7} 4] Scaling ®'H of] tj gt %] 2] 9]
Zee Ao a8A o7 X4 75 Compounding Scaling -
A etshdtt. Compounding Scaling®] 7|2 732 Zlo], Yo|, it E 5
A7EA & A= A sH A= o] gloen=s e 2H¢1 9] Scalingo] of

J B4 Q) A0] Fe 7t 274o] B 4 9IS 5H= 20|t} Compound

O

29
3{ e ]|



Scaling-2 o} 2] @A)t Zo] FH T 74 ¢ = AFo] F71E ¢
Model ScalingS- H]#|5}o] Z7}A]Z A 40| ¥ AAteFel FLOPs(FLoating
point Operations Per second)i= Z}o]of| H] o} L] & §i4=of ti5]
A AlFoll vl Rttt =7l A= FLOPsE gl whet 284 F7Fote &
ARS8l (o - B* - v7) = 22 Algkstlct. Zolet s ol AlFgol

+ °lf+= 2ol 24l F71sh FLOPs+= 287} =] 2|7t th& 7] 9] '
22 ¢17] wZolt}.

4> 32

=1

depth:d = o
width - w = B?
resolution : r =y
st Py

a>1p>1y>1 2.4

EfficientNet2 gH4 F 2 © 2 Compound Scailing2 £3f Z 0], Y

ol IHEE HEHoT 2}l 279t AHFG FolwA WE S

S A8 ol wHol ofg] £27} 9lon] 1% 744 £4

—

& A % shte 2 dlolE o o U |tk K4 Hlo]l <] Safol
Z55) BA e A9 85 AN HE 2L ARE AL 5 glrk A

30



g 2t uf
FEIL 2 HolH F FF 7t heA o & Aol 7t gt &l o
gk glo] 87t Sl Rt} 2t A2 oju] gk AJito = A o] o] gl7]
wSof ofEy} Beke 7R 1 gl gk AL ojulgit), dubdoz
Bro] AHg5Hs ALt 2aFol o] Bf BAe} o] 4A) 2 4+ 9l o]n|A]
o g2] At Aol A Hlole o] -3, §3] ot5517] Sttt Bl ol
2 g7jol @e wl g7} A7te] Waste. ofo] g Hto.E Ho] 3
[28]0] ATt
‘ Fully Connected ‘ :_‘_ _F_U_";I Ej;r_m_e_ct_e:i_ _‘_: Initialize E-_:

(Classification) :_ (Classification) | and Train ! Classification '
‘ Fully Connected 1 ‘ ‘ Fully Connected 1 }7 | E Initialize
: y and Train
1
‘ Fully Connected 2 ‘ ‘ Fully Connected 2 ‘ E '
v 1
‘ Convolution 5 ‘ ‘ Convolution 5 ‘
‘ Convolution 4 ‘ ‘ Convolution 4 ‘
Freeze
‘ Convolution 3 ‘ ‘ Convolution 3 ‘
Freeze
‘ Convolution 2 ‘ ‘ Convolution 2 ‘
‘ Convolution 1 ‘ ‘ Convolution 1 ‘

Image Image

(a)Pre—trained (b) Small Data

31

I

Image

(c) Bigger Data



Ho

ol

ol

dlol el o] o] w2 Aol s

aHpR4l=

% gl |

o

o
=

o
o

ojm|z] o] A

e

] v} (Poisson im-

QoA &20]u|2]E

12

-
1

= 7]€-7](Gradient) 7]¥12]

SEEY
19 &2 olu]A 0] 7717} H4stE 2

[}

:\Tl;o}-_ﬁ\_

Fer

a2oln| A9 7]27], g &

1

—

2003 Patrick Pérez7} A9

1

Ho

7

2.6 ol o|n|xHA

riolt. [ 251 v

age editing) [29]
Z8AIR] 98 of| A

JJ
(¥

—

@)

<

ol
.

r

T fxy)E =

Sk
=

1 ZH(Interpolation)5}H=

S 2|29}
32

=

Vi

St v

QE BAxXHACRE v=Vf
[e)

el



20

B 7]

13 25: Lol o]ulA]

H

=ak

ol 22} 1]

2 0] g%

2hA] eH(Laplacian)

I
=

Fol 2}

ol 2

471 9] opA4ghe]

4

ol
%o
O
A

i
jo

(2.5)

mmjyﬁvf—vEWMJbg:fﬂm
f Q

(2.6)

(ft_fS)‘ago

min

// V1|2 dp with f |aq,
[)EQ()

f

@.7)

(fz—fs)}aszo

A ff=0with f' a0,

# 7 o] 2] o] 4

gstele

A5t 4

o7t A FAA L2

33



Al 782l o o E et

A 3%

=
R

—

Z.E A
e "
i N
O\ g = o
PE 0 fERriis
* X7 i o P U o =
"o 10! = rrodo o 2 = ~ X oo -
o 5 L Y =N
o ° o &rﬂﬂﬂ%w& o
NI 3 TH ,@o m.__m B T ot W e —
X0 A M ol M_u DN ,_H_T_m T w oa ,r_w w o
T2 w W oWy T = "
mwamm E_OM1MM§W o I
T T oq &WLM%%_&% rcy
w o N < ™R 0 TG = B
oA T NS o Moo= . omr <
. o PR S N NN o)
ﬁE ﬂ/l.A jatia - ,_oo AT._._ JAW frdd ~ 1e) ﬁ_ﬂ_oﬂ_ o M
wouL__W o,ﬂoﬂme_ﬂ%wrzw
= 8 e L_Lﬁmﬂ_@w
SIS H@H%ﬂwzd%c 3
Moo= I S T = o R J
- To T T 5 o a k"X P X
— T | —_ N
o CY T AT CRE 2 m oy
- i Ju— e = TN T 3 = o 1
0 cul Hox ~ ¢ o T
o = g o A T 2w oo
B = ol oy 5l B E sd
o D Ap e wromo M
oo " % W E o o >
o B PH o R Wy o] W T oo
e < —_ T o M+ 0
T o 5 K o ~ull =
o . b s o M u B 16
en L or T % B H o
kT A o= 5 © T
T % AR o
oF



A= 2ol 214 =ojof

5318 9l

b 91 At 2

o)

2

s At ol A-g5)

HAE 2

9|

_(H

= Hl

. 4%

.(?.l_

bt 1t

S

2o AP o2& Rt ofy 2} HiolE 7R HEE&

ol

H
Hin
3

SBEE

Fob. AR

S

ojZg

2 5 glont

+ 47

EIRLS

HAIRE AR @A S

shct.

e

7

2~
T

ld

85k A

S|
S

&

A2 5h4] 254

53} AARAY
3

o] e 49 7}

A
45

A

Aol A Al

Ich. wtapA]

oA 24

vrebd Bt

oA efm|

37HA

=

e o

F(Binary classification)

ld

1]l (301

A G0,

i1
ar

[

(Confusion matrix)-2

==
o =

LSS
—

I (Accuracy), Al d-8(Recall), 2 T (Precision)

4 @2, 4 @

5}

B
A

ol

N 97% ©1°&]

i1
ar

TolA = 471 A

45 RS R

]

AN Z
0

|
X

<

ol
Al
SH
mjn

T

35



X 1: =% )= (Confusion matrix)[30]]
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(a) Ring Type (b) Bar Type (c) Flat Type

(d) Diffusion Type (e) Dome Type (f) Multi Type
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(c) Front th#

(b) Front 34

(a) Front ¥+

(d) Back 3%

(d) Back 9

19 40: o] g2 3t vlolE S

2 Front Back
FE | BF | 9B | EF
Z2F Z(ea) 1,352 153 2,497 1,374
Z=ZF 5 (ea) 5,387 1,893 7,995 3,465
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oA A AE A5 AES (B[] T2 A ASstct

Ubuntu 18.04.4 OS

*

ZA5}o] A] CPULE Intel AF9] i7-9700K, GPU= NVIDIA
AFS] GeForce RTX 2080TiE A8ol%itt. ARE ¢dof= mlo](Python)
3.9.72 7|9t o 2 ElAZ2 9 (Tensorflow) 2.4.1 2to|H 2] 5-& #-&5}
of el 71 oful 4] B3 A%-S AFIAT B Aol AE gA A
Lol (3 B1e] Hole Ae
52 A% 94
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OS Ubuntu 18.04.4

GPU NVIDIAjit GeForce RTX 2080Ti

CPU Inteljit: Core i7-9700K
Memory 64GB
Language Python 3.9.7
Framework Tensorflow 2.4.1
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Fronte= AH2 shzo] A gt ddid o= dgolg e 471 w2
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H4: Aoleh4g It AdstE R vl E
Time (ms) per Time (ms) per
Model Top-1 Accuracy Top-5 Accuracy | Parameters | Depth
inference step (CPU) | inference step (GPU)
Xception 79.0% 94.5% 22907+ 81 109.4 8.1
VGG16 71.3% 90.1% 19} 38401t 16 69.5 42
ResNet 50 74.9% 92.1% 25609+ 107 58.2 4.6
Inception V3 77.9% 93.7% 239077+ 189 422 6.9
EfficientNet B7 84.3% 97.0% 66707t 438 1578.9 61.6
to] B Al Abe] =
A e s A3 doje] B

b elolo] 2
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219 #o]of 3}
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SH(Normalization)S 213)5}9] 0w &A1S} g+~ ReLu(Rectified Linear
Unit)E AFESHITE LT A E 3 5.2 A4 9 2|5 flste] 4=
Z1} ReLu Afo]o] Batch NormalizeE #]-86}%1.© ™ [22] Loss+= Binary
Crossentropy =, %] %] s}= Adam(Adaptive Moment Estimation)2 AF-&6}
@It} Batch Size:= 16, SH5E-2 0.000025 -, Epoch= 500 2 4 A5}
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2ot ot ReLu

ot st Batch Normalization

Loss Binary Crossentropy

Optimizer Adam

Batch Size 16
StEE 0.00002
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° g Rk Eotv stk HFo] Fete o) xpo]rt ol
T4 2H(Overfitting) o] HHAY5EA T TS Front®] 7-$- Xception AHASH<5

md A8 A 89.9%0] AeEE HYoL o]k BER AYF Ao
u) %] 7] £ Atolct.

=

= 6: Fo|sk Aot Hla

- =1
= Holsh
T8
A FA17 | VGG16 | Inception V3 | Xception | ResNet 50 | EfficientNet B7
Front 78.8% 81.3% 86.9% 89.9% 78.4% 75.6%
Back 82.3% 83.8% 96.9% 97.4% 75.0% 59.1%
loss trend accuracy trend
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loss trend accuracy trend
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231 43: Back 9 ole] A 4% WA F Wolsh 45 1o
S A = ° )L
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45.19) AL wio R S7o) ARstERE % Aol 714 29
& Inception V32} Xceptiono]| T3] <55, Batch Size, Epochs 2] B3}
S [e] =] =
UFE Holohg 452 ¥l WSRTh A 2702 A A} Zo] Front
2} Back2 U310 §H55-2 0.001, 0.0001, 0.00002, 0.000012] 44,

Batch Size+= 4, 8, 6] 3%7, Epochs:= 50, 100 2712 9] A& 0|y
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¥ 8: 55, Batch Size, Epoch 274 § A3 A g

Condition | Learning Rate | Epoch | Batch Size
Condition1 1.E-05 50 4
Condition2 1.E-05 100 4
Condition3 1.E-05 50 8
Condition4 1.E-05 100 8
Condition5 1.E-05 50 16
Condition6 1.E-05 100 16
Condition7 2.E-05 50 4
Condition8 2.E-05 100 4
Condition9 2.E-05 50 8

Condition10 2.E-05 100 8
Condition11 2.E-05 50 16
Condition12 2.E-05 100 16
Condition13 1.E-04 50 4
Condition14 1.E-04 100 4
Condition15 1.E-04 50 8
Condition16 1.E-04 100 8
Condition17 1.E-04 50 16
Condition18 1.E-04 100 16
Condition19 1.E-03 50 4
Condition20 1.E-03 100 4
Condition21 1.E-03 50 8
Condition22 1.E-03 100 8
Condition23 1.E-03 50 16
Condition24 1.E-03 100 16

St&-&, Batch Size, Epoch 7} H4ro]0] o] @]9] A4 AL [H 5

oF s LA A sig Aol A o] FFA e A e o,

At Rd e Agsto] Holste g ¢ A7 JoHE S AL 45l
%3t

A go] WSttt [ 19 B4+ Frontd 9 Inception V3] A&t 7}

714 =<FE Condition 1291 SH5E 0.00002, Batch Size 16, Epochs 100
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3 9: Front A9 =7 ¥ Inception V3 Zo]5t5 A=
Condition | Learning Rate Epoch Batch Size | A& (%) | M@-&(%) | AUE(%) | AT o7
Condition] 1.E-05 50 4 94.7 97.3 95.6 (6]
Condition2 1.E-05 100 4 95.8 97.5 96.8 (0]
Condition3 1.E-05 50 8 95.9 97.2 97.3 (6]
Condition4 1.E-05 100 8 96.2 97.7 97.2 (0]
Condition5 1.E-05 50 16 95.5 97 97 (6]
Condition6 1.E-05 100 16 95 97.2 96.1 (0]
Condition7 2.E-05 50 4 95.5 96.4 97.5 (6]
Condition8 2.E-05 100 4 94.7 97 95.9 (0]
Condition9 2.E-05 50 8 94 96.4 95.5 O
Condition10 2.E-05 100 8 95.8 97.3 97 (6]
Condition11 2.E-05 50 16 95.8 97.3 97 (0]
Condition12 2.E-05 100 16 96.2 97.5 97.4 (6]
Condition13 1.E-04 50 4 92.3 95.3 94.4 (0]
Condition14 1.E-04 100 4 94 94.7 97.1 (6]
Condition15 1.E-04 50 8 94 95.5 96.4 (0]
Condition16 1.E-04 100 8 94.5 97.2 95.6 (6]
Condition17 1.E-04 50 16 95.2 97.5 96.1 (0]
Condition18 1.E-04 100 16 94.1 95.5 96.6 (6]
Condition19 1.E-03 50 4 93.7 95.5 96 X
Condition20 1.E-03 100 4 94 97.3 94.7 X
Condition21 1.E-03 50 8 90.7 94 93.5 X
Condition22 1.E-03 100 8 94 96 95.9 X
Condition23 1.E-03 50 16 91.8 97 92.3 X
Condition24 1.E-03 100 16 94.7 97.2 95.7 X
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3 10: Front A9 271 ¥ Xception M o|eh<5 5

Condition | Learning Rate Epoch Batch Size | A= (%) | AE&(%) | BUE(%) | AT o5
Conditionl 1.E-05 50 4 95.5 96 97.9 (6]
Condition2 1.E-05 100 4 93.3 97 942 (6]
Condition3 1.E-05 50 8 93.7 97 94.7 (6]
Condition4 1.E-05 100 8 95.4 96.1 97.7 O
Condition5 1.E-05 50 16 95 97.9 95.4 (6]
Condition6 1.E-05 100 16 95.8 97.7 96.6 O
Condition7 2.E-05 50 4 91.6 96 92.9 (6]
Condition8 2.E-05 100 4 95.2 96.6 97 (6]
Condition9 2.E-05 50 8 94.4 96.2 96.2 (6]
Condition10 2.E-05 100 8 95.7 97.3 96.8 (6]
Conditionl11 2.E-05 50 16 95 98.3 95.1 (6]
Condition12 2.E-05 100 16 95.7 97 97.2 (6]
Condition13 1.E-04 50 4 94.5 95.3 97.3 X
Condition14 1.E-04 100 4 94.8 96.2 96.8 X
Condition15 1.E-04 50 8 93.8 94.7 96.9 X
Condition16 1.E-04 100 8 96.3 97.7 97.4 X
Conditionl7 1.E-04 50 16 93.6 94.9 96.4 X
Condition18 1.E-04 100 16 94.8 95.3 97.7 X
Condition19 1.E-03 50 4 91.8 96.4 92.8 X
Condition20 1.E-03 100 4 94.5 96.4 96.2 X
Condition21 1.E-03 50 8 91.2 97.2 91.5 X
Condition22 1.E-03 100 8 94.4 97.5 95.1 X
Condition23 1.E-03 50 16 92.9 97.7 93 X
Condition24 1.E-03 100 16 94.3 96.6 95.7 X
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loss trend
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¥ 11: Back A9 =71 & Inception V3 Ho|sh5 A5

Condition | Learning Rate Epoch Batch Size | A= (%) | AE&(%) | BUE(%) | AT o5
Conditionl 1.E-05 50 8 98.5 99.2 98.7 (6]
Condition2 1.E-05 100 8 99 99.8 98.7 (6]
Condition3 1.E-05 50 16 98.5 99.7 98.2 (6]
Condition4 1.E-05 100 16 98.4 99.3 98.5 O
Condition5 1.E-05 50 32 98.8 99.4 98.8 (6]
Condition6 1.E-05 100 32 98.5 99.7 98.2 (6]
Condition7 2.E-05 50 8 98.9 99.7 98.7 (6]
Condition8 2.E-05 100 8 98.4 99.3 98.5 (6]
Condition9 2.E-05 50 16 98.9 99.7 98.7 (6]
Condition10 2.E-05 100 16 98.7 99.6 98.6 (6]
Conditionl11 2.E-05 50 32 98.8 99.7 98.6 (6]
Condition12 2.E-05 100 32 98.5 99.6 98.3

Condition13 1.E-04 50 8 98.9 99.4 99 A
Condition14 1.E-04 100 8 98.3 99.7 98 (6]
Condition15 1.E-04 50 16 98.8 99.7 98.6 O
Condition16 1.E-04 100 16 98.6 99.3 98.7 (6]
Conditionl7 1.E-04 50 32 98.2 99.8 97.7 (6]
Condition18 1.E-04 100 32 98.7 99.7 95.5 (6]
Condition19 1.E-03 50 8 98.6 99.2 98.8 X
Condition20 1.E-03 100 8 99 99.7 98.8 X
Condition21 1.E-03 50 16 98.1 99.3 98.1 X
Condition22 1.E-03 100 16 98.4 99.7 98.1 X
Condition23 1.E-03 50 32 98.4 98.9 98.8 X
Condition24 1.E-03 100 32 98.2 99.1 98.5 X
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3 12: Back A =7 ¥ Xception A o|sh5 A%

Condition | Learning Rate Epoch Batch Size | A% (%) | AE&(%) | AUE=(%) | AT o5
Condition] 1.E-05 50 8 98.7 99.6 98.6 (6]
Condition2 1.E-05 100 8 98.1 99.8 97.6 (6]
Condition3 1.E-05 50 16 98.4 99.6 98.2 (6]
Condition4 1.E-05 100 16 98.1 99.7 97.7 (0]
Condition5 1.E-05 50 32 98.3 99.6 98.1 (6]
Condition6 1.E-05 100 32 98.4 99.8 98 (0]
Condition7 2.E-05 50 8 98.8 99.7 98.6 O
Condition8 2.E-05 100 8 98.3 99.8 97.9 (0]
Condition9 2.E-05 50 16 98.2 99.4 98.1 (6]
Condition10 2.E-05 100 16 98.8 99.7 98.6 (6]
Condition11 2.E-05 50 32 98.1 99.1 98.2 (6]
Condition12 2.E-05 100 32 98.6 99.7 98.3 (6]
Condition13 1.E-04 50 8 98.6 99.7 98.3 A
Condition14 1.E-04 100 8 98.6 99.7 98.3 A
Condition15 1.E-04 50 16 98.1 99.1 98.3 A
Condition16 1.E-04 100 16 98.8 99.6 98.7 A
Condition17 1.E-04 50 32 98.4 99.8 98 X
Condition18 1.E-04 100 32 99 99.8 98.8 X
Condition19 1.E-03 50 8 98.6 99.7 98.3 X
Condition20 1.E-03 100 8 99 99.6 99 X
Condition21 1.E-03 50 16 98.5 99.8 98.1 X
Condition22 1.E-03 100 16 98.8 99.7 98.6 X
Condition23 1.E-03 50 32 98.8 99.4 98.8 X
Condition24 1.E-03 100 32 98.9 99.7 98.7 X
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3 13: Front o|u|z] g+ A3 27 ¥ Inception V3 Zo|s+5 A5
Condition | Learning Rate Epoch Batch Size | A% (%) | AE&(%) | AUE=(%) | AT o5
Conditionl 1.E-05 50 4 99.2 99.8 99.3 (6]
Condition2 1.E-05 100 4 99.2 99.8 99.3
Condition3 1.E-05 50 8 99.2 99.9 99.3 (6]
Condition4 1.E-05 100 8 99.2 99.9 99.3 (6]
Condition5 1.E-05 50 16 99.2 99.8 99.3 (6]
Condition6 1.E-05 100 16 99.3 99.9 99.4 (6]
Condition7 2.E-05 50 4 99.1 99.7 99.4 (6]
Condition8 2.E-05 100 4 99.2 99.9 99.2 (6]
Condition9 2.E-05 50 8 99.2 99.8 99.3 O
Condition10 2.E-05 100 8 99.3 99.9 99.3 (6]
Condition11 2.E-05 50 16 99.1 99.7 99.3 (6]
Condition12 2.E-05 100 16 99.2 99.8 99.3 (6]
Condition13 1.E-04 50 4 99.3 99.8 99.5 (6]
Condition14 1.E-04 100 4 99.3 99.8 99.4 (6]
Condition15 1.E-04 50 8 99.1 99.8 99.3 (6]
Condition16 1.E-04 100 8 99.2 99.6 99.5 (6]
Condition17 1.E-04 50 16 99.2 99.8 99.3 (6]
Condition18 1.E-04 100 16 99.2 99.9 99.2 O
Condition19 1.E-03 50 4 99.2 99.8 99.3 X
Condition20 1.E-03 100 4 99.1 99.7 99.3 X
Condition21 1.E-03 50 8 99 99.7 99.1 X
Condition22 1.E-03 100 8 99.1 99.8 99.3 X
Condition23 1.E-03 50 16 99 99.8 99.1 X
Condition24 1.E-03 100 16 99 99.7 99.3 X
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X 14: Front o|u]z] &

T

Il
=

Ag 27 ¥ Xception 0|5t A5

ol
Condition | Learning Rate Epoch Batch Size | A& = (%) | A@-&(%) | AUE(%) | AT
Condition] 1.E-05 50 4 99.1 99.8 99.3 (6]
Condition2 1.E-05 100 4 99.1 99.8 99.3 (0]
Condition3 1.E-05 50 8 99.2 99.8 99.4 (6]
Condition4 1.E-05 100 8 99.2 99.8 99.4 (0]
Condition5 1.E-05 50 16 99.2 99.8 99.3 (6]
Condition6 1.E-05 100 16 99.3 99.9 99.3 (0]
Condition7 2.E-05 50 4 99.3 99.7 99.4 O
Condition8 2.E-05 100 4 99.1 99.8 99.3 (0]
Condition9 2.E-05 50 8 99.1 99.8 99.2 (6]
Condition10 2.E-05 100 8 99.2 99.8 99.4 (6]
Condition11 2.E-05 50 16 99.2 99.9 99.3 (0]
Condition12 2.E-05 100 16 99.2 99.8 99.3 (6]
Condition13 1.E-04 50 4 99.1 99.8 99.2 X
Condition14 1.E-04 100 4 99.3 99.9 99.3 X
Condition15 1.E-04 50 8 99.3 99.8 99.4 X
Condition16 1.E-04 100 8 95.6 100 95.6 X
Condition17 1.E-04 50 16 99.1 99.6 99.3 X
Condition18 1.E-04 100 16 99.2 99.8 99.4 X
Condition19 1.E-03 50 4 99.1 99.6 99.5 X
Condition20 1.E-03 100 4 99.2 99.6 99.5 X
Condition21 1.E-03 50 8 99.2 99.8 99.3 X
Condition22 1.E-03 100 8 99 99.3 99.6 X
Condition23 1.E-03 50 16 99.3 99.8 99.4 X
Condition24 1.E-03 100 16 99.2 99.6 99.5 X
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Abstract

Improvement of Micro-Defect
Detection Accuracy on
High-Glossy Surface Based on
Deep Learning

KO Sang Jin
Graduate School of Practical Engineering

Seoul National University

With the development of technology and the recent establishment of
smart factories, various automation cases have been shown in diverse man-
ufacturing industries. They have improved productivity and reduced labor
costs through automation and are further advancing performances through
deep learning technologies. In particular, with the help of deep-learning-
based image recognition methods, various inspection systems are getting
improved in their accuracy and efficiency. However, there are still areas
where visual inspection by a professional human inspector is still required
for reasons such as diverse product shapes, surface properties, and defect
states, where automatic inspection reliability is not secured. In order to per-
form automated inspection through deep learning, a vision system that can

obtain a measurable image must be built, and a sufficient amount of data is

81



required for learning to achieve the desired performance.

In this research report, we propose an image acquisition method and
deep-learning-based vision inspection system for detecting small and atyp-
ical defects on a product with a high gloss surface. A typical problem in
learning-based visual inspection is the lack of anomaly data for the training,
and thus we also propose a new data augmentation method. Specifically, we
employ the Poisson image editing method to augment the dataset. To alle-
viate the difficult light-reflection problem due to the glossy surface, we also
introduce new lighting structures and image acquisition processes.

We also attempt to find the balances between the metrics, such as Accu-
racy, Precision, and Recall, such that our method can be effectively applied
to industrial applications. To achieve this goal, transfer learning was applied
to compensate for the lack of data and improve accuracy. In addition, in or-
der to reduce the failures in feature extraction and recognition due to the
small size of the defect compared to the original image, the input image was
separated into an effective size for learning, and the model with the best
performance was selected by comparing each pre-trained model. The exten-
sive experiments confirmed that our method achieves an accuracy of 99.3%
by deriving the optimal conditions by changing the parameters through the

DOE.

Keywords : Lighting, Vision Sensor, Data Augmentation, Deep Learning,
Convolutional Neural Network, Transfer Learning

Student Number : 2021-20491
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