a3 =2F Hs2R HM1Z (2024, 1)

Self-Attention Ela{<! 2 7|dl Al XIE=Eo| oA

ojoi H

Aoy Fot M=

o

HI
1z

a0, A, e, oA d T, FEHEIAR
R ag st W o ALg e,
PgTjska sxegolst),
TeEmaE s Al 2Rt
TEmEsha Zi5rEl el
e-mail: cjpl28@a.ut.ac.kr®, jgwak@ut.ac kr’

Performance Analysis of Anomaly Area Segmentation in Industrial

Products Based on Self-Attention Deep Learning Model
Changjoon Park®, Namjung Kim", Junhwi Park”™, Jachyun Lee™, Jeonghwan Gwak(Corresponding Author)’
“Dept. of IT-Energy Convergence, Korea National University of Transportation,

"Dept. of Software, Korea National University of Transportation,

“Dept. of Al'Robotics Engineering, Korea National University of Transportation,

"“Dept. of Computer Engineering, Korea National University of Transportation

2

o}
o}

B =Rojafi= Self-Attention 7]9F H2\d 7|92l Dense Prediction Transformer(DPT) 2&lS MV Tec
Anomaly Detection(MVTec AD) Hlo[ElAlel]] A83to] AA| Ak AlE olH]|A] U] ol Fi-g &3k
ATE Zggstglrt. DPT 2dle] 28-S 53| 71& Convolutional Neural Network(CNN) 7[3F o4} BEx]

7hle] @Al Ao Feature %% 2 4% Sgolow
71H9) UNeto] 725 283+ A APl melurt 114%m3e]
19l e} Self Atention 71 ¥Jeltd 7o) #1801 216] ARE oF 2ol ok Siseleick

tlo[Ejellxle] o} & A] 7IE FH
A= SRRRS-

00 o o=

, 2

F|19E: A7159] (Self—Attention)

o)A} #-8H(Anomaly Segmentation), H#13 (Deep Learning), 3

[, Introduction

2] AlFe] Ak 213 AN RS BEES 2]
Zohe ke A AR FgdH AlE FRE Slsk AR
82102 A FA W ol ARE AEE S RUEY 7T
AEFe] F4 AE Bl Ezolt) Viedlle BR-g Adsl
2l =E kel 82t HAF == X-Rayo} 22 g B3 =
Zlgaisiom, olefel 2HE AEIA WHEShe 7% Adrle] T2
TE I A s T4 ZBisk1]. o] ulet ek
T ZAE sy SlE] U-Net[2]3 A
(Segmentation) &7} -2 Hed 7Hk 7[HE AA| BiF 370l
2 g3ho 2 Bt Ee] AFsshd BUE ™S ZIssich U-Net
£ Autoencoder T-F= 7)4181 A Eskwdlg, Skip-Connection
£ %3 7J& CNN 7]} Encoder-Decoder 7222 37171 2|42l
AR A0S BRI, CNN| 2221 sl 2Bl JEle] =71t
7g=lo] 5289 (Receptive Field)o] HHspr} ofe}n Zde=iel

AR
A

o r

dXe)

[
Ev TL‘SEL

45

A FARES TWdstlen, Al A AlE

& EdA~EW(Dense Prediction Transformer),

= d
s 4

(Performance Analysis)

F2(Context) 20| ARIoct whA] £ =Zos tis 3P
Ealzo] opd 9o H3lo] 71531E Self-Attention 7[5} Held
=2dlo] Dense Prediction Transformer(DPT)[3]Z o) #3F Holo|
g3tk DPTe] #8-2 53l Vision Transformer(ViT)[4]<]
Encoder 57431 922] Feature & ¥ &2 -8 449 74
=29 5k88to 24 712 CNN 78t Encoder-Decoder 722
SIS 553}l Self-Attention 7139} Held Bdle] Hgo] Ak
AFE ol B 35 Wl a3t gelsick

o] KeMe)
MAE =

[, Experiment

RS SIRE vlefeple R ) A19] ARE olnlA] tle[H= 773
MVTec AD[5]E AME3FICE HlolEAlS AR AlE} gl 2o
tigh B, Alels; 715 31 5 F 15710] 2)] A SHei ofFoRl
4,096702] 7 o)A, 1,258709] v on|AlE E3tei, g



a3 =2F Hs2R HM1Z (2024, 1)

Transformer

AN\
NS

Transformer

Transformer II|| Reassemble 16 II|| Fusion
Transformer I| Reassemble 8 I| Fusion

Reassemble 32 Fusion

Segmentation

Head

Reassemble 4 Fusion

Fig. 1. DPT Z22o| x| £=

Train, Validation, Test H-8-2 6:2:22 A1%ga}] DPT & ]l
U-Net A9 1ele] S5-8 2519k

lll, Proposed Method and Results

ARTE DPT Reke- w7 vt wdlo] VITE 33 Feature 752
Z1gg3ict. ojufl ViT Feature Map-2 2 o|u]x]¢] s
2o 528ddS 7)) o (369,12 WA Layere] Feature Map
< Reassemble 53} 28] whe 7758 22 59| WI=E
7 =2 FeatureE A|Z3H). o]w] Reassemble B2 42)(1)S
w2, Read W2 53] Readout EZE 7} gjx]o] £odl &
o7l FIAES 45y JE% Feature Map2] 3l s A7gst

s9} Dol 27 zd3k= Resample 74< Fay3ic).
Reassemble];(t) = (Rﬁsamples - (bneatenate- Read)(t) (1)

H_ W
N,+1xD N, e

Reassemble : R S RYTELRP P - R

Z72] (2)+= Reassemble 73§ A] A Feature Map2] =
W3} 2L B3sI) Reassemble IS E3)| 24 7 sdee
Feature Map-2- Fusion £ 9J2]=|o] Dense Prediction 7%=
T, #FH o2 Segmentation Head2} 14=|0] ol
&S g3t

Table 1.2 DPT %! 7} vl ®ele] /g Aefet Holgolrt
DPT xElo] oy dof £t AFe0] UNet 72 BHlo] il Adsg
7= ResU-Net2ot it 1.14% 5 TS 29lom, o= DPT
wdo] 71& U-Net?}h 22 CNN 7gt el glg 5531,
A ARFE ol 9 E&el vS E82 Y-S ofvleitt

XD

Table 1. 22f2¥ loU Score E|0|&

U-Net ResU—-Net DPT
Carpet 0.8973 0.9124 0.8963
Grid 0.9154 0.9017 0.9124
Leather 0.8998 0.9088 0.9017
Tile 0.9132 0.9103 0.9245
Wood 0.9011 0.9135 0.9387
Bottle 0.9187 0.9199 0.9472
Cable 0.8962 0.9022 0.9058
Capsule 0.9056 0.9156 0.9191
Hazelnut 0.9123 0.9041 0.9296
Metal Nut 0.9084 0.9067 0.9034
Pill 0.9145 0.9185 0.9159
Screw 0.9029 0.9111 0.9411
Toothbrush 0.9198 0.9072 0.9088
Transistor 0.9047 0.9168 0.9322
Zipper 0.9116 0.9033 0.9456
Average 0.9081 0.9101 0.9215
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IV. Conclusions
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