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* Object detection > A=+2 5
e Semantic segmentation > A=+
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2.1.1. DCGAN

GAN Generative Adversarial Networkl| <FXt2 ZIRt O|O|X|E a&s 7H®t O|O|X|E
MEsit= M8 Al 2EO|CE DCGANS O] GAN +ZE He{doA E0Xo 2 At
£ QUEZE CNN(Convolutional Neural Network)S =it BHO|CH HEFM 20|,
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d8¥oz O|ojX] ddur THES ot7| HE0 G-Lossatdt D-lossatel w0l &0
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| Generator | G(2): new data instance

| Discriminator | D(x) = Probability: a sample came from the real distribution (Real:1 ~ Fake: 0)

Vg > [log{1-=D(G(2")))
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(Latent vector) —»I Discriminator I—»Loss
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2.1.2. PGGAN

PGGANZS| PGE Progressive Growing2| fAtE 1|4 E O|O|X|E
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2.2.1. CNN

CNN (convolutional neural network)2 EZ{H2 3t SF=2
AEEICH CNN2 =4 E= =9 JHo| A S S 7IE = U2,
EXZ2 ASEoiCE 57, dAHQt Z0| O tEst EFe=R
oISt EXCE EMEE s8{Z = ULt

2.2.2. ResNet
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X7t M7, ResNet2 O] 2XHE

sl Zdst= CNN Of7|El x| Tt ZF(residual block)g 0|8%CH= Z0|
SHMolCt HMZ <55t Xtsl= O 2@ HE 282 st5dte A2 O2RE=R
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X X
weight layer weight layer
| relu » F(x) relu x identity
weight layer weight layer OFM ShSEl B
1 S50 & Bl YEZ HE
H(x) F(x)+x ()
l relu relu
Plain layers Residual block

08 4. CNNTE(2Z), ResNet T Z(EF)
2.2.3. Efficient Net
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2.3. M|OHIE0]H =&
2.3.1. U-Net

U-Net2 Biomedical &O0F0A O[O[X] Z&(Image Segmentation)2 =EHOZ X QtE
End-to-End A19| Fully-Convolutional Network 7|®tQ| mEO|C} O|O|X[o] TEIE QI
HEAE MEHEZ 27| oot EYIAQ Mt X|UsHLocalizationE st HEAT}
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o
WO ZHE HCOH 52 A E2| Segmentation ZIE 7| I8l H Xt Up-samplings



64 64

128 64 64 2

input
image
tile

output
segmentation
map

¥
¥

302 % 392
390x300 ¥
383x388 ¥

572 x 572
570 x 570
568 x 568

¥ 128
256 128

2842

512 256
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g D‘?D"D ¥ max pool 2x2
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2.4.1. Rest API

API= O Z2|AH 0| FO|Lt TIHFO| AT M2 ZHo| HZDI0] S4E = A= WS Ze

o

St
T2 M EO|LCt REST APIi= REST(REpresentational State Transfer) 67+X|2| C|XtQl &1 &
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2.4.2. Flutter
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Fluttere GoogleOf| Al 7H% 3 XS |29/ 30|CE 7HLXH= Flutterg
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2.4.3. DBMS(MySQl)

MySQL2 2E&2 ZHAE GIO|EH|o[A 2] A[AB’O|CH MySQL2 A GO O] 2
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2.4.4. Docker
Docker= ZIH|IO|H 7|Htez2 Z=ZE AI2&tdZ2 XM3IeCh =i AINHE  Docker
ZAHO|HE Kubernetes£ Ats2tot0] #t2[dtn QULCH O|H AFO M= B 20| E g2

& SHEMEZS 3Rot7| sl AHBStR, MysQLMHE SEE 2ZoM 28517 2/l
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3.2.1. st} AIMH EM(ZHYE|A-E

|Z£ AncondaE Sl SMMHE TE510] ALESIALD, 0|F StutMH 7L Docker?| B Al
MHZ HHYHA MEA 7Y 242 55X ML
st AINHE Kubernetes(FHUIE|A)E So| PodE A5H0] ZIHO|LHE Zt2|$ICH
o 7|M Pode FHUE[AQ] 2 THR|O|H, HHO|H= =& E StLte| 7zt et Z 0|t
de|stH 22| XHEIMY 22 Ahe FHUEIAE S At 2 AH o[ MEdFT|E
ZHE|SE, AFE XK 7| A= AHFOHAE B M A0 A AHIO|HE M-St GPUALE
HotE 25610 AFE9ICE ZE%E Al 222 StE HIO|EHQb &7H, GPUAIE S o7t B2
ZHOIH O A ot&e &= ULCH
ZAH Ol Docker(=7)E O|E23t0] MHst=0l, == Docker File2 Soll M5 0X}



St= Docker Image(=7{ O|O|X))e| HME =AM = ULCE O HME 7|EezE =7
O|O|X|E Bt=1 O] =7 O|O|X|E HESH =7 ZHO|HE PtELCH =7 O|0|X|= E1F

Z2 9=o|H, 0] E2 HOAM THE QAHATL AHO|LCE 7|2XM2SZ Nvidia®lAl
Cuda@O{E 0|8% £ QUEZ nvidia/cuda £ O|O|X|E X Z3ICt StIMHOAME=E 7|&£
SMOZ nvidia/lcuda:11.4.1-base-ubuntu20.04= Al23I0] ZHEHO|HE AMMdstn QUCH

St Kubernetes ZHQ) AlA 3240 ASIA| SMES Cr2ap 2t

H - —

i AFRE =7 O|O|X| XA, OIX|HA| 7|24 "nvidia/cuda:11.4.1-base-ubuntu20.04" £
Z|O QULCE

-g : AF&E GPU 7Hf==. OIX[ZA| 7| 2442 1

-n ;A4 ZHO| O|E. ZHO|H O|E2 Z5E &+ g1, O[X| ™Al 'A™EE - autocreate

pythonB k8s_create_job.py

nvidia/cuda:11.4.1-base-ubuntu20.04
9

snack-pgan-1
"cd /home/snack && defaultpgan.py

n

a2 6. &1t AIMH Kubernetes H 2 7%

3.2.2. A|Si%te

He®f  EXHE  nvidialcuda:11.4.1-base-ubuntu20.04S  Ar25}0 Pod’g“};)\l

ImagePullBackOff7} L2t O] = O|O[X[E 7IHZ == Gl & =
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Events:
Type Reason From Message

Normal Scheduled default-scheduler Successfully assigned snack/snack-pgan-3 to gpu-2

Normal Pulling kubelet Pulling image "nvidia/cuda:11.4.3-base-ubuntu2e.04"

Normal Pulled kubelet Successfully pulled image "nvidia/cuda:11.4.3-base-ubuntu20.04" in 6.724849567s
Normal Created kubelet Created container gpu-centainer

Normal Started kubelet Started container gpu-container

a7 7. 4ot podel MF tHA|
FHR Z2H= HHOH= WX UAXT BHOIL Xz HdHE[X| UL A2
nvidia/cuda O|O|X|0f|l= python3, pytorche &0 Eo3t 2t0[E22[7t 7|2 NSEX|
27| WZO|ACt. FHUHE|A PodE &9 ZHO|HE &2|5t7| W20 d-dE ZH o0
510 AP = gl X7 BHOD HASD podZt FEEZ| WZ0| O[OX[0f 2T
2to|E2{2| 7} B & HX[E[0f RLO{OF SHC

227t Ar8staxt ot= 2toj=eg] 8 #EE 25 7t nvidia/cuda O|D[X|E HE =+
2RO AH docker fileg ZHgst ULt

FROM nvidia/cuda:11.4.3-base-ubuntu20.04

# 453X
E BIAN_FRONTEND=noninteractive

# 1libd X : B % 2to/H22E FIgct.
RUN apt-get update && apt—get install -y \

libsmé \

libxexté \

libxrender-dev \

python3-pip \

python3-pandas \

python3-seaborn \

python3-tgdm \
python3-scipy \

&8 apt-get clean \

&8& rm -rf /var/lib/apt/lists/*

# Python m 7| X] M %]
RUN pip3 install numpy opencv-python-headless matplotlib seaborn pillow keras scikit-learn torch torchvision

# @ZdolH
COPY ./dataset /app/dataset

# 2 CdHa
WORKDIR /app
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https://hub.docker.com/repository/docker/tigerfriend/nvidia-custom-dockerimage/general
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A% OIO|E{ M2 kaggleQ| Severstal: Steel Defect Detection O|Ct HIO[E{4l0f =
test_images 0, train_images EL, 2|1 traincsvE F+EEOJAL, 2F EO 2tofl= B
O[O x| ﬂfo"zol =O{UACH Bt FO| O|OjX|= 1600x256 A}O|=O0|1, train imagete
126003, test image= 5506822 F-d&[0{ ULt train.csv LHUO|= train imageO CHEH
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3.4. 44 ndl
3.4.1. DCGAN
o H X

715X 27|35} 8 MMAXKG), BHHEXHD) X = lan Goodfellow?| DCGAN=&[2][3]2
[0, ItEK| X7|3t 2 =20 A A8t mean = 0, standard deviation = 0.029!
=

SHUCE SrEAIZES Tais) X Y2
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64x640|0/X| 2 Y gA= 2da ASO 7|27 24 EME s Z5t7| Al HiX| Yttt
2 deteS o 822 FOIA BIX[SIRICE. Ao 2 &t nj2t0|HE =2} ot H

ChEah 2Lt

ConvTranspose2d ConvTranspose2d ConvTranspose2d
(100, 512, k=4, s=2) (256, 128, k=4, s=2, p=1) (64, 1, k=4, s=2, p=1)
v v ]
BatchNom2d(512) BatchNom2d(128) Tanh
v ¥
Relu RelLu
v v
ConvTranspose2d ConvTranspose2d
(512, 256, k=4, s=2, p=1) (128, 64, k=4, =2, p=1)
! ¥
BatchNom2d(256) BatchNom2d(64)
v v
Relu Relu

38 10. SERHG)TZ (64x64)
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EHEXH= HY K| E 122t LeakyReLuE AlE AO| Dt B X|SFRATE

Conv2d
(1, 64, k=4, s=2, p=1)
! . ' ]
LeakvReLu Conv2d Conv2d Conv2d
¥ (128, 256, k=4, 5=2, p=1) (256, 512, k=4, s=2, p=1) (512, 1, k=4, 5=2)
) ) ¥
Conv2d . )
(64, 128, k=4, =2, p=1) BatchNom2d(256) BatchNom2d(512) Sigmoid
v v ¥
BatchNom2d(128) LeakyRelLu LeakyReLu
)
LeakyRelu

O3 11, HEXHD)TZE (64x64)

gl 0| M2 ASot=R TAM2| 10| HA 2 HIOIHE staAl? HAE

SH 2 QLCt.
Generator and Discriminator Loss During Training
— s
10 |
g -
2 61
9
N ' |
| .
2
ol s
N .
0 250 500 750 1000 1250 1500 1750 2000
iterations

& 12. G DOl Lossat (X 2|x, epochs 50)

G-losse ddA7t TE ZtR OO[EH 7 EHEXRO| 2Qldf HopLt TRz A4 E[=X]|

i
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o, O] 0| ==+5F YAV TE ZIR HO[H7Zt ZiRtZ = 902 & ZSX|

— —

D-loss= EHEARZF SOtLt & TR O|O|E{ e 7HR} H|O|E & FE3=XIE 57851, 0] 240
a5 TEAVE 2 FESHE Qb= AS 20|t} ohX[2 £00F o] e 50
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Generator and Discriminator Loss During Training
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Generator and Discriminator Loss During Training
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Generator and Discriminator Loss During Training
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3.4.2. PGGAN
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O|0[X|= 7t2 MZ H|&0| |XI==5 (32, 200, 3) HElZ ERACE 2otHQl O|0X] EF

=
— |
T 27E flol Cidet 0|0 E =oAL,

—

conv2d_input | input: | [(None, 32, 200, 3)]

InputLayer | output: | [(None, 32, 200, 3)]
. A dropout | input: | (None, 128)
conv2d | input: (None, 32, 200, 3) conv2d_2 | input: | (None, 5, 33, 64)
Dropout | output: | (None, 128)
Conv2D | output: | (None, 32, 200, 32) Conv2D | output: | (None, 5, 33, 64) l
dense_1 | input: | (None, 128)
max_pooling2d | input: | (None, 32, 200, 32) max_pooling2d 2 | input: | (None, 5, 33, 64) Dense | output: | (None, 128)
MaxPooling2D | output: | (None, 15, 99, 32) MaxPooling2D | output: | (None, 1, 8, 64) l
Y Y dropout_1 | input: | (None, 128)
conv2d_1 | input: | (None, 15, 99, 32) flatten | input: | (None, 1, 8, 64) Dropout | output: | (None, 128)
Conv2D | output: | (None, 15, 99, 64) Flatten | output: (None, 512) l
v dense 2 | input: | (None, 128)
max_pooling2d 1 | input: | (None, 15, 99, 64) dense | input: | (None, 512) Dense | output: | (Nene, 256)
MaxPooling2D output: | (None, 5, 33, 64) Dense | output: | (None, 128) l
v dense 3 | input: | (None, 256)
Dense | output: (None, 4)

a7 25 dA S CNN B=el &

train : validation : test CIO|E{E 8:1:12 LI+=0| 50 =32 st&S TIA}CH 18 269
Z% Jd2fZ “Training and Validation Loss"E H ™ validation loss7t O|Z3 120|=%

5715t Hol¢e stg2 TIABHA| BERUACE

Training and Validation Loss Training and Validation Accuracy

—— Training Loss —— Training Accuracy
1.0 —— Validation Loss —— Validation Accuracy

0.8+

0.6 1
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0.24

12l 26. Train data®} validation data®| loss(Z}), accuracy($)

26



Training and Validation Precision

| — Training Precision

—— Validation Precision
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212l 27. Train data2} validation data2| Precision(Zh), Recall(%)

Training and Validation F1 Score

—— Training F1 Score
—— validation F1 Score

50

Training and Validation Recall

1 —— Training Recall
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Training and Validation ROC-AUC

—— Training ROC-AUC
—— Validation ROC-AUC
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22l 28. Train data®t validation data2| F1 score(Z}), ROC-AUC(S)
H 62 test O|O|E{Of CHSH CNN 2 E O A d&5S B7tet X[ H#O|Ct
accuracy precision recall f1 score roc_auc

rn
n

>y
=l
o
=

0.888

0.891

0.888

0.888

0.9791

H 6.CNN 2o WII X|E gf
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CNN Confusion Matrix
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&l 29. CNN 2 2 9| Confusion Matrix

3.5.2. ResNet

ResNet Ot7|El X Q| 2f BT @l ResNet-50 2 F= ImageNet2f 22 CH GO E{ A0 A
AP S HE|RAD, O] HIO|HAIE 224x224 A7|2| O|O|X|E ARSMCE MatA AFHE =& E
ResNet 2 ALES s B O[|0[X|e] A7|E FY AO|== SrF1XtF JCh H30=
7|E9l ™A o|O|X] AV|E HHUOE resize MLt H50| £X| 2ot HAE Steel
Dataset 225 HEE FOISRICt O|0|X[= HME Hegh & Hgste HAe=
HMKe|E TARUCL O|0|X| Ho|H7t Soigs W siF O|o|X[e] HH|E 65& ¢ &

(224,224)2 ZtZ+S resizedtO] image list7} returnst =& LM CE

ResNetOf = layer2| ZO[0]| W2t 02 T2 LiEICH B#72 =&[50M 23

ResNet R EO| AXE HHINCI
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layer name | output size 18-layer ‘ 34-layer } 50-layer ‘ 101-layer ‘ 152-layer
convl 112x112 7x7, 64, stride 2
3x3 max pool, stride 2
1x1, 64 1x1,64 ] 1x1,64
conv2x | 5636 ;zg’gﬂxz [g:;gﬂxs 33,64 |x3 33,64 | x3 3x3,64 | x3
’ ’ 1x1,256 1x1,256 | 1x1,256 |
- . . 1 1x1,128 1x1, 128 ] 1x1,128 ]
conv3.x | 28x28 gig:;g x2 gig};g x4 | | 3x3,128 | x4 3x3, 128 | x4 3x3,128 | x8
L ’ J L ' . 1x1,512 1x1,512 | 1x1,512 |
- . . 1 1x1,256 1x1,256 ] 1x1,256 ]
convdx | 14x14 gigggg X2 gzg;gg %6 | | 3x3.256 |x6 || 3x3.256 |x23 || 3x3,256 |x36
L ’ J L ' . 1x1, 1024 1x1,1024 | 1x1, 1024 |
- . - . 1x1,512 1x1,512 1x1,512
convS_x 7x7 giggg x2 gzggg x3 || 3x3,512 |x3 3x3,512 | x3 3x3,512 | x3
L ’ . L ' . 1x1,2048 1x1, 2048 1x1,2048
1x1 average pool, 1000-d fc, softmax
FLOPs 18x10° | 36x10° | 3.8x10° | 7.6x10° | 113x10°
H 7. ResNet T Layer2| 70|
fels 4 REHEE g2 H WSt OGO AFE 23 E torchvision2| ResNet= AHE R,
HZ HOolHEZ MeHS TAJUCL =2H HAoZE= 671X[Q O|OIX] EE2 ZEHO
SIAIZ|D L2 2ol £HE F st o2 We WAS FULCL O HAMSH
7|&=5tAtH, 6= E O|0|X|e] =H2 AOtM HME THE F, 0] HME MER X2
212 S 510 MER HIME M/EIUCE O|2M TA| =42 ALY ™It
|0 0| E Solf RHCQ| 7tEX[7F ZHE[0] &0 O|F O ZICt
H82 ResNet0f| jEHZ TS = train C|O|E{2} test L|O|HE AR ROl &2
E7tet X[®O|LCE,
resnet 18 resnet 34 resnet 50 resnet 101 resnet 152
train test train test train test train test train test
Accuracy | 0.8379 | 0.8373 | 0.7868 | 0.7740 | 0.8193 | 0.8061 | 0.7862 | 0.7909 | 0.7736 | 0.7772
Precision 0.8275 | 0.8262 | 0.7821 | 0.7415 | 0.7955 | 0.7906 | 0.7546 | 0.7591 | 0.6934 | 0.6981
Recall 0.8379 | 0.8373 | 0.7868 | 0.7740 | 0.8193 | 0.8061 | 0.7862 | 0.7909 | 0.7736 | 0.7772
F1 score 0.8194 | 0.8175 | 0.7291 | 0.7121 | 0.8014 | 0.7924 | 0.7462 | 0.7553 | 0.6871 | 0.6940
T 8. ResNet H{M Y test G|O|EH TI} X| &
ResNet-182 HOEC2 § Ztttot XE ZHX[1D QUOIA, WX AHESH= &2 Ao HE
CIO|E{ MO A ZHE Lutstot =l Z4o 2 P EICEH 2|10 resnet 10110 resnet 1522 42



train O/O|H2| d& B7I X|HEC} test HIO|HO| H&587t X|&#7F O f5tH LU=
7|0gh oidto] HAECE siE Q2 OOEH 2YLX M=z FYECL =3 Ho/HLY
=
=

7t M HAE H|O|E O B3l 7o 8501 B =4

o

HI
H

HAE HolE7 M2 BHE

L2 Zolct. ol2jst EXMdEE Sof Z =Scixel ¥E0l 23 HOIHOA =1F
LIEIHHE=E MEE S =EoIAL, 28 HOHMS § odsiA =7| ¢let HOH 38

%2 302 ResNet HH FO|M 71E 50| £EUTE ResNet182| confusion MatrixO|Ct.
defect M52 MIELCIH, defect 22} defect 42| B2 H50| EX| Y22 Torst £

AULE.
ResNet18 Confusion Matrix

0.65% 28.57% 0.00%
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2.56% 33.33% 0.00% 0.6
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- 04
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[v]
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o
ﬁ R 4.85% 0.00% . 57.28%
=]
' | | -0.0
Class 1 Class 2 Class 3 Class 4
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2! 30. ResNet 182| Confusion Matrix

3.5.3. EfficientNet

MTEZHE ResNet ZES AAEE O A= O|0[X] 27|& RASH0] stgs Al7|=H(0f
ofiES FHARUACE 2[5t f= O[0|X| A7|9] HlgE RAIE =+ U= EfficientNet BOR!

UECE TensorFlow?| Keras APIO|AM X|Sdt= Szfal

3l
o
oto] o[Ojx| gbd SH= ;A O|0|X| A7|= HH| 625 &2,

EfficientNet B3Z &2 7l
ImageDataGeneratorS AtE
(0]

=0 100 HH=z =0 gz FACL MZ0 = multi labelO] ZeHE HO|EHAMo=Z
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= ML, 462 O &0[7] ?I8H multi labelZ XM 2let HIO|HAM ot ShgS A[FANM

—_

d3 312 EfficientNet BO2| MM ZE HLX=Z gl ZO|CH IA Stem, Blocks, Head,
Pooling & FC 222 L& 4 UL} Stem ZEO| AR HEOZ Q& 0|0|X|0f CHgh
MA2|7F sdzn, X7 EZOl FZEEC BlocksOiMe EXE ASHOZR FEIIH,

HESZol Zolof w2 ctefet o 255 AESCEL EfficientNet BO= 7712 Eh=

==
=52, EfficientNet B3= 10712| BtE 252 7ITICt HeadOM= &3 O|O|X|Of| A F&=ot
EdE2 HS Z3stn, swish 43t g+E S HMHYEMEE RS HEKAL
HAHZ ZFAA|ZICE Adaptive Average PoolingOllA& L= EF Mol 37|88 SHo =2
2SI DNYPE A7|9 EHE 4’gsta, Global Average Pooling2 £7% ®o| Z
Hedgz 3 4

Bo oS Adtetct B 42 ALret Atz 22 S HIH = Fully Connected
A

LayerOf 282z AMEE[O XEFHE 283 2= + U ECh
|:|:Stem D:Blocks D:Head l:l: Pooling & FC

Input Image (MBConv6 24 3x3 (MBConv6 192 5x5
(100, 625, 3) stride = 2 stride =2
| Block) * 2 Block) * 4
SamePadConv2d 32 ] I ‘ i 2d ‘
stride =2 (MBConvé 40 5x5 (MBConv6 320 3x3 AdaptiveAvgPool2d(1)
| stride =2 stride =1 !
BN Block) * 2 Block) * 1 Dropout(0.2)

] } | I

(MBCOT‘d\‘S i SamePadConv2d 1280 1x1 ‘ Linear(1280) ‘
Sirde =2 stride =1

Block) * 3 !

(MBConv1 16 3x3 I

stride =1 (MBConvé 112 5x5
Block) * 1 stride=1

Block) * 3 Swish

L

12! 31. EfficientNet BOS| FA| 2 X
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Training and Validation Loss
7

we=_Training loss 1.000

= Validation loss
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Training and Validation Accuracy
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Training and Validation F1 score

= Training F1 score 0.95

== Validation F1 score
@ best epoch= 26
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Epochs

Z1} (multi-label A 2)

Training and Validation AUC

= Training AUC
— Validation AUC
® best epoch= 59

30 40
Epochs

0 10 20 50 60

# 9= HH test CIO|HAO|M2| 455 75 HO|L multi labelZ M| ISt HIO|EH Ao =2
ogs A M 7S O 2o, EfficientNet BOE L= B30A d50| § F7 Lt2Ct
Ol= B37| BOECH O #Y Hol O =2 sidxo U O|0XE Mg = U7
2oz FEHEICE OH7(0) B37t O S IEHS stsd & AUTE AO|Ct.
model multi label accuracy f1 score roc_auc
o 0.8561 0.8547 0.9566
Efficient Net BO
X 0.9647 0.9655 0.9947
O 0.8674 0.8669 0.9639
Efficient Net B3
X 0.9744 0.9735 0.9904
H 9. ZEE multi-label 70| [HE 7} X|& 7}

a3 332 EfficientNet A FOA 7t dS50] ZUTE Efficient Net B32| confusion

MatrixO|C}. defectd ds= AHHECIH, defect20] CHoiM= ZEO| &
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EfficientNet B3 Confusion Matrix Lo
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3.6.1. U-Net
HOIH 78 W42 ZHO| multi-labeldt OFA3 M2|0f F2|g = ALS HHSIACE XY
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O[O|X| DO CHoH 4712 22 w2 AEZ[E Hdotd X2 IFolM 2t o|ojX|et Zgt

=
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7 20| IE 023 YEE A =2 = UA=F AU

12 34 AASH RHO| AXOILE input sizee #& O0[0|X[2] 7|2 HEUL, SHEA|
2 O|OjX| 37|Q H|EO0| [}X|ELCE REL2 5EHAQ| QAL CIAMHE FLHUSH
ZSIet 2 ELUS AF23ICE
Input Image Output
(256, 1600, 1) 3
l \ Conv2d ‘
Conv2d
Conv2d Conv2dTranspose  |<—
Maxpooling2D Concatenate
Conv2d
v Conv2d
Conv2d
Conv2d Conv2dTranspose |«
Concatenate
Maxpooling2D Conv2d
[ — Conv2d
Conv2d
Conv2dTranspose [
Conv2d Concatenate
Maxpooling2D Conv2d
I_* Conv2d
Conv2d Conv2dTranspose [+
Conv2d Concatenate
. Conv2d
Maxpooling2D Convad
Conv2d Conv2dTranspose
Concatenate
Conv2d Convad T
Maxpooling2D Conv2d
» Conv2d
Conv2d
& 34 dA T U-Net2| 7=
HZ0|l= 4THA 2| MaxPool2dE AtE3%H L2 WEZ I 3EHA 2] Umsample HHEZCE
U2 THMOH 2 A0 A S ConvaDe} RelU B418} &t42 ALRSH= 2710 X ol
St S ASS AFRRICE BHX| T 0] 22 dice coefficient 40| 0.012 Lt O OrA 3 40|
M2 =Z=LX| SY=Chte EMEO0| JAULCH J2|st0 oy 4 i mEol AXe}

C =
AEE|lE T2t gt HEAY2ZMN JHHAIZ & AACH
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SOME JEC|E FHEE EESH:E A0 ds 70 =20 & ZAo|2f HEHHCE
2|1 &4 st=Z T3] binary cross entropyTh AMESHCHHE, DEIS 2HZto| T MZ0|
Ol Saia0] £sor st XDt StESHA Z|7(0f dice loss?t A& ALEULCE dice
coefficient HEEZS A ALES F04 DS | O|O[X] =&F0|Me| d& M0 SES HCH

1€ E2tsiF= Eluz B 22|20 AS

gl d =X
& —31)\1 Hoy S8 of E.J% shEote OO zutdoz gFYen, =9 MMES
1700 M 4742 5 -2 2M multi-label C|O|E{A0f| MotSt =& HZARMCE
d4y U
CNN T U-Net
SE|0to[X| Adam
x| Ato]= 16
CI2MER QILx} MaxPooling2D
UMEZ ALK} Upsample = Conv2DTranspose
&4 gt BCE(Binary Cross Entropy) = BCE + Dice Coefficient
s e ReLu = ELU
As 1474 = 3874
g A 174 = 474

H 10. AH2 &l hyper-parameters
235 100 epoch THE St&52 AIRE M L2 loss A2fZQt dice coefficient
e ZO|C} train lossZt A& E0&1 UYs A2 HOF ZEHO| 23 HOHE
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loss graph dice coefficient graph
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3.7.2. DBMS 1%

HIOIE{HO] A= ZHAHHO|O|E{H|O| ARDB)7| B E2| A|AEQI MySQLS A EHSIRICE =7
AHOIHO mysql MHE =AM SEE SZ0|M =z = A= F FHSHIUCH DBTFEE
Spring Data JPAZ Sl 11, APl SEZ H|O|HE AtESICE

snack-mysql-container

STATUS
e3693faaee3b I Running (0 seconds ago)

Logs Inspect Terminal Files Stats

Oracle is a registered trademark of Oracle Corporation and/or its
affiliates. Other names may be trademarks of their respective
owners.

Type 'help;' or '\h' for help. Type '\c' to clear the current input statement.

mysql> show databases;

information_schema |
mysql |
performance_schema |
snack-mysql

5 rows in set (0.01 sec)
mysql> use snack-mysql;

Reading table information for completion of table and column names
You can turn off this feature to get a quicker startup with -A

&l 37. Docker2 SZ&H& 2l mysql AlH]

3.7.3. Rest API &4
Rest APl= F7tHX| 2 LH+0 X|&HR4CE,

MK, 23X|s RHE 3= OF2 = = HO|HH|O|A0 HEE O|0[X|et =&
label2 XMZ&3St= Rest APIZ HMZAACE 2|7t 7Hgst 27 ZE0F MIMEoM ZH-
TR E pickledtd] MHO| ¥E2ESHRLD, O|0|X| mE0| SO0E o= ZHO 4
ZgLE HIo|HH 0|20 MEE = JAEE SIULCE 2AS3KX|s ZES ZF mO|M 210
010 mojrez A E B = URI R FlaskzZ JHE S TARUCE 2t E API= &

AEE JIsSHA siFE AMH[AQ! pythonanywhereO YZESI0], HOoAM 2 7Hs8t
APIZ TFSO{RUCE

=2 mysql HlOIEH[O|A0 HZ2ES S8 O|0|X| =2| 52| 7|s& dt= Rest APIE
UL mysgl2 2AE HIO[EH|0|A HZIAAR(DBMS)2E HIOIH HAE 7IE2E
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EHO|27te| A E BHHSICt HO[EH MEHAEZ mysqlZ }X|TH 00 M2st 22|sH7|
/8l Spring Data JPAE AtE}=0|, HIO|22 AtHE X2 mappingdtd] &t2|e = UL

Mz 225hr| 2o Ao Beet YES - O, Y 2 2S HFoHA @2

god GYO= YEH, AN E A= = UAs FHO| ULt

3.7.4. Application 7H'&

Applicationg 7H&st7| M, ulUX CIXtQl 2Ol figmas EE3I O{EQ UIE
TAUCEL 27 382 M3 FEUE ZHLE O E2| figmaO|Ch.
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4.1.°48 24

4.1.1. DCGAN

H 14 800, 800, 300 epochsThE SHERULCE Defect4?| Z<S 3000 HO{7tHA
Loss1B{ =7t SOFISHX|HA 4 o|O|X|e| HhEEl I{HO| L¥St= Mode Collapse?t

=
A ZUCE O10f 300 epochs?| O|D|X|E HEMLE ZHEZ ZMEH Uiz EFO|
2 o

=13
=
T E2HX|£ “patches” ZA%t(defect 4)0| EC} Z MH =S Holgt o~ QUL



Defect 1 Defect 2 Defect 4

# 15= 22 300, 1000 epochTHE SHERUCL 128x1282 S8 SXSM =Ct #H
40| NEXMeoz mIEg oy = Ut OoffR2T2 ZE DCGAN ZE St&5S
ZAeEE epochs 10000/4 SHEsH| H|WSHOX oLt 2 I HENY 2HF9
Mo 2 28l epochs & +E SHISHK| ZRULCE

Resolution Defect 4

64 x 64

\

128 x 128

H 15. DCGANLE2 MM E &= 7% 0|0|X|= (epoch: 300, 1000)

MR THEXIO| convolution BHO|H HEO|HZ AFREE ngf(AA xE 27))%t

=
=]

ndf(ZHEA XHE 2709 HOHA H[S0| @2t staE O[0|X|oA EolArgE gAY =+
UALF.

ngf/2=ndfO|A] epochs7t &7 =&FO0|4 =O0IE =5 G-Loss#t0| &f&dt= F740|



det O|0|X|7t Y &l= Mode
Collapse d&Z HAHSIQULCL ngf/a=ndf2 HESIA}, G-Loss &4SZ0| E0{=HA Mode

Collapse $4440| Chas SHAE|RACE.

ngf/2 = ndf(%}) ngff4 = ndf(%)

—

O 404 2 44 0[0|X| - 25 0|0|X|of H|=zet TjE o Zeto| £olICt

Generator and Discriminator Loss During Training Generator and Discriminator Loss During Training

7 — G
— D

Loss
~ w » o

-

o osensacmibb bbbl i 4 b

o 2500 5000 7500 10000 12500 15000 17500 20000 0 2000 4000 6000 8000 10000
iterations iterations

ngf/4 = ndf(%t) ngf/2 = ndf(2)
12l 41. G/D Loss A2f=

ngf/2=ndf(ZH2| G-LossZtOl =QISHA 157X SEFZICE ngf/2=ndf(R)E G-LossatO|
etgHel 7t 0| £2ltt

Ol otz =FHgs As HiEstol it ddX= VIDGE H2st 547 I3
log(D(G(z)E ZIth=t St7[9Ish  ndftiH] ngfZl0] 25 ST O[OXIE 4-g5t0]
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L7 27 SE7| let A AHO| BOLX D-LossO| &OHX|& AeS 20ls Ho2 FHEL;
mGjn max V(D,G) = Exp,,.,c0llogD(x)] + E;p, () [log(1 — D(G(2)))]

J&l 42. GAN Loss function: minimax function =4

MM E 128x12837|2| EF ngf=ndfZ St5A|, D-LossatO| 00|E|Of HEXIIL HE &7
7tRO|O|X| & 2HSt0] H&50| O|F 0] X|X[BRULH.

CtEk Ol2{et ngfet ndf B|&Z=70| Mode Collapsed| Xl Hets F=X|0f ChshM =
F7HHQl o Eas| 2ol

o i

DCGAN2 CNNAZZ S =800 eHg Xl Zitgis WEM 2= GANZZ2| 7[=20] &2
UL £ 0|2 2= GANEE2 DCGANS 7|=2 2 HOr=RICHD S = nte10f OfL|Ct.

"Most GANs today are at least loosely based on the DCGAN architecture.”
- NIPS 2016 Tutorial by lan Goodfellow

32l 43. lan Goodfellow 212 &
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4.1.2. PGGAN

PGGAN2 Z 16x167tX| O|O|X|E H-dot=0 SRR 32x32 K =S S=HSIEH &
G-LossZt 0, D-LossZ} 500| E|0{ AMAof AIZHCE 4x4, 8x8, 16x162 BF Y2 |ossitS
MMM, BE G-Loss@t D-Loss 242 A+0|7} 10|12k O| ALt
18 Generator and Discriminator Loss During Training Generator and Discriminator Loss During Training
0 5 10 Epo:];‘Ss 20 25 30 0 5 10 Ep0(1h55 20 25 30
4x4 8x8
Generator and Discriminator Loss During Training Generator and Discriminator Loss During Training
08 20
0 5 10 Epo(lhss 20 25 30 0 5 10 Epoclhss 20 25 30
16x16 32x32
% 44, 48 A Loss J2f=
PGGANS| 4 DCGANO| H|gH AH7|Zt0| EOF B2 Z2iIE TS0 LX[= ZUCE AR
ARt TR Lossgt s o, ol o0 d&s & A2 OdEle o5& U=
Zgsta A, F= ME ¢ s =F5H0 A A =o|tt
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42. 25 0t

4.2.1. M|7}X| 2% H|

njo

# 162 M7HX| O|OX| & Z&e| Z2ntE H|uweh X|#O|CH HAHLl 5T &H 2R

= EfficientNetB32| §50| 7+ F7 L2 A &olg = ULt

Model CNN ResNet18 EfficientNetB3
accuracy 0.8934 0.8373 0.9744
f1 score 0.8925 0.8175 0.9735
precision 0.8932 0.8262 0.9739
recall 0.8934 0.8373 0.9744

216 27 22 Bt K&

a3 45= MZ7tX| o|O|X| 2F 2 &9O| Confusion MatrixE H|uwdh X|EO|C} Zgt HE
HEHEQUS Uf defect 14F defect2= CNNO|, defect31t defect40ff CHSHAM=
EfficientNetB37t I & EF}SS TAY = QUCE ResNet2 &H&0| FXA| =0 2
O|FE 2MIAtH, 2 CNNI} EfficientNetdt E2| ResNetO A& HIOJE MX2[E & Of
HE O|'3'|3(| 37|19 HIE2 |{X[IAIZ]7] Of24RICt 6S&2= O|O|X|e] HIME H'H Z0|

CHz| 11, ResNet &A= A2 220 Y O|0|X| 2 Heto &2

ZHRAE Hdez o
T2 85 7I™%S AOICh

AZE 2 o
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CNN Confusion Matrix ResNet18 Confusion Matrix
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4.2.2. CNN1} EfficientNetB3 S HH7}

CNN2t EfficinetNetB32| §5& =g © AMMSHA BlWstRAL 2b 28 RAE=2 4

BItE CHAl ZIo £ ALt
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R accuracy precision recall f1 score
defect 1 0.948 0.8934 0.8925 0.666
defect 2 0.974 0.666 0.666 0.666
defect 3 0.961 1.0 0.953 0.976
defect 4 0.987 0.833 1.0 0.909
H 17. test G| O|E{0]| Tt EfficientNetB32| 28t ¥ 45 B/t K&

Confusion Matrix for Class 1

Confusion Matrix for Class 2
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