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Background

« Anomaly Detection (AD)

- Binary classification problem

_I_

- Input O|O| X| 2] anomaly Z¢&} Of £ £ HHCHS}
c: YHEM © 2 Apnormal ME2
stgot7| o=
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-2 74 2] objecth cIassE IR = MEo = 2t 2 A Y 2 normal H|0|HE YL 2 S50
EESEe

o
H X Ol decision boundaryS & t= one- class -one-model Y 2HO| FE 0|%
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Background

« Anomaly Detection (AD)
- K| O] 0| X| (Image-level)
- 44 O|OE{ ot 2Tt XtO|E A= QI O|0|X| &S 7| ESE O| &K E HHEt
2: O Al O|O|X| TH| O M4, RQF SO0| F=S| CHE AL
- A (Pixel-level) — Anomaly segmentation
- & Ol ot O|A|$H AHO| & T thR 9| A

5 O A: O] 0| K| Lo S8 SN L5

T

_

anomaly

< Image-level > < Pixel-level >

A B
6 SOGANG UNIVERSITY 4

VDS

LAB



Background

 Reconstruction-based Anomaly Detection
- Auto-encoders, GANs 5= A&t HHES0| Ct= =X

- 4 (anomaly-free) O| 0| X| 25 AH-ES}HO] reconstruction St == networkE h& et

~ Input O| O] X| 2} reconstructionE! O|O| X| Zt2| X}O[| & threshold 2 =30 anomaly detections =&

;= Reconstruction error 7} threshold 2L 2O M Mooz M O[Mo 2 (12T

([ Reconstructive methods )
Reconstruction

error

ol|x| j E ( geiojo|x| | [

g | o

Threshold
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Background

« Reconstructive methods2| $H7|

R
- M4 0|0 X|2F XtO|7F 3 X| @42 O| 4 X| O|O[X|
- M4 0|0]X| (anomaly free) Ci|O| E{ Bt=2 A& SO et = Tl

- 2X| 2l 1: Over-generalize
-2 Eo| £ H|O|HE X|LIX| A ZEM o2 N2[st0], He HOo|E 2t 0] & LIO|H & HTHZ
THSHX| Rt Agg o0|Et
- Autoencoder= ‘8 HO|H IR = sh5 k(7| 20 O HIO|EH = H4 L0 EH &
M-dsied, F A nt O] &t 7HO| XtO|E EIHE S 2 Ef K|S X| Z&tA &

O Anomaly-free sample

a5 S / A

I Training time input sample
I Test time sample

Reconstr m
Auto-encoder [ Reconstructed sample
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Background

- Reconstructive methods2| ¢t
.20l
- 84 O[O X|ef XtO|7F A X| B2 O| 4 K| OO K|
- M4 0|0]X| (anomaly free) Ci|O| E{ Bt=2 A& SO et = Tl
- =X 2l 2: Over-fitting
- Discriminative network: 212 H|0|E{0] SX2 st&5t0] X4k Hl0| £} O] 4 0|52 Bt

Teots Ol =T8S 'Eé’.f e

- AHN 2 0|4 O|0|E 7t £F5t7| 0|, Discriminative network
anomalies)E A& 50 —.*’.:73.:.F
ot O|O|E = Xl O] & CI|O|EQf CHE == 2, O| 2 Q5

rr

T2 g 0| H|O| B (Synthetic

HESI27E 24 olo|E 2l £ SHO Dt overfitting \ PN L
IHs40l &3 C X BIANN
3 841 0| A 0|} = 0| E{9] CFA0] 22 4 910, .0 ©0g9°
Y EQITATFCRSE AR O] A HIO|E{ 2 A2|she O] ATy 4 0% % ¢
U= . ) l\_,,"*\\\ ] :}
-ZutE o2 RHO0| A 0|4 H|O|E{(real anomalies)0i| CHSH m N
d

s} -5 (generalization ability)S A A SHA =
Discriminative segmentation
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Li, Chun-Liang, et al. "Cutpaste: Self-supervised learning for anomaly detection and localization." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2021
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Background

« CutPaste [1]
=, M2 O|D[X|2te]

- Introduction

- 2 HFA Ol Unsupervised ADE ‘34 HIO|HEHZ AFESH 2 S 3

feature= H| WSl H|H 4 HIO|E & EH K|St giAl

- 2L} O] 2ot ™2 H 0= otAI7F =X StH, O] & E2t517| 2{3lf CutPaste= H| 'S¢ HIO|E
IRz W d5t0 stgot= RS Mot

- Data Augment Method
- XA 3719| patch & ‘G50 XHE (cut) 7Ol FA 912 2K S 475 £0] & =(paste) & &
UEHE o HES

- F7t2, 9F2 A A2 (scar) patchE & SH0 Cut and Paste SH=

(f) CutPaste (Scar)

(e) CutPaste

(c) Cutout (d) Scar

(b) Anomaly
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1) Li, Chun-Liang, et al. "Cutpaste: Self-supervised learning for anomaly detection and localization." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2021.

Background

« CutPaste [1]
- Method

- Self-Supervised Learning (SSL)= A& 310 & H|O| H Q| feature2 2t& 51, Gaussian Density
Estimation (GDE)& AM&510] & HO|E S| 22X & 7|&2 2 H|FE 4 HO|HEZ B2

s+ (@) THA: ®12 d A 00| X| (0), CutPaste (1), CutPaste-Scar (2) £ classification= =25}0f &t
s+ (b) A GDE B2 AHESHY H4 OB S| 2 & ot&5d

|>
oo

Anomaly score

o]+ oo

" Image-level / Patch-level ‘

Anomaly score Heatmap
(spatial max-pooling) (Upsampled)

—D GDE

(a) Learning Self-Supervised Representation (b) Anomaly Detection and Localization
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A discriminatively trained reconstruction embedding
for surface anomaly detection
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Introduction
» Key Contributions

- Anomaly Generation
- 7|29 Discriminative segmentation &A1 0| gt
(@)

ot O|O| E{ Of over-fitting=l = &M & 32
- ot IOl 7t AN O|O| B 2 H=ts| LX|g

(@) /|
st L7t Q=2 M5O generalization H55 SFATA|Z

» Reconstructive Sub-network
- Ha HO|H B2 st&otE 2 O] ¢ G|O|H i0| = ot&50| 7tsot, M+ & Hlo|H &=
Discriminative sub-networkOf| O| At EtX| o] 2 HE X1|3'—0F

« Discriminative Sub-network
7| & dhAlOf| M 2t O] &t H|O|E{ O over-fitting =l = =X & =55}17| €8, DRAEMS A &-Xf 74
Zto] &2 X xr0| 2 st&ote & dA
-0|= &K O|4& HO|EH 0 = & LHtstat 4= Q= DE S K53

- Surface Anomaly Localization & Detection
- 7| = HHAL2 O A O B.0HS EFX|SEALL localization 7t £ H 25 4 27t B QUX| B DRAEM A

=P
CtQ| 2 M =t3t |ocalizationS =3 E 4= Q2
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Method

* Overview
- Anomaly generation
-2 O] H|O|H dd5t= A2 =
- Reconstructive sub-network
- 28 O|0|X|E 4 O|0[X| 2 M F+45t= g2 A

« Discriminative sub-network

- Joint Representations 7|HtQ 2 O| A S EHX| St Segmentation Map= A ddt= AstS 4t
| ‘ Discriminative sub-network
-1

l Local avg pooII
Y
|Global max pooll

Anomaly generation
i -
H "

S
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Method

« Anomaly generation
- Simulated anomaly generation
-DRAEMOf| A& & K| O| &K 2] oS Hats| Mg 2art gl

— =
- [ 2} A, just-out-of-distribution appearance= AHESHO] 0|4 HIO|H & - d&t

| Reconstructive sub-network ‘ Discriminative sub-network

1

| Local avg. pool |
Y
IGIobaI max pooll

Anomaly generation
u* »
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Method

« Anomaly generation

- Simulated anomaly generation
- P: Perlin Noise generator = noise O|O| X| 44
;= Perlin Noise: '=F5= sequence ‘& &
CCFOFSH THEIO] QU texture® EHS 0f 0|8 7Hs
CHSH anomaly shape &t 7Hs
- M,: Anomaly map O|O| X| masking
'« ThresholdE O|- &%t binarize
-M,: M 2| inverse
- A: Anomaly texture source O|O|X| (DTD HIO|E{ 4l AtE)
= RandAugment

v{posterize, sharpness, solarize, equalize,
brightness change, color change, auto-contrast}

v371 Y ESEA samplingdt] M &

;s Input O|0|X| X2t CtE HO|H AL =5 H
sampling
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Method

« Anomaly generation

- Simulated anomaly generation
- A: Augmented texture O|O| X|
;' M, = masking
;= 12F 24| blending
- just-out-of distribution anomaly 4 -
- B: Opacity It2t0] E
:'= B € [0.1,1.0]0| A uniformS}tA| sampling
- I,: Augmented training O|O|X|
:'= Simulated anomalyE Z &S|+ augmented O] O] X|

Anomaly generation

Training sample Triplet &4 &

g AW THEE D y
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Method

« Anomaly generation

- Simulated anomaly generation

Augment Simulated anomaly

21 & source O| O] X|

< Simulated anomaly generation 21} >

A szutta VDS
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Method

 Reconstructive sub-network
- Simulator®| 2|38 & 0l corrupted version 1, & 2= O|0|X| |2 X &t
- Encoder-Decoder 7+ & AME
- Input O| O] X| 9| local pattern= "3 &t sample2| £ X 0f| 7}77t-2 pattern2 2 25}

_I_oHol-

rr
12
ot
[0

| Reconstructive sub-network ‘ Discriminative sub-network

i Fﬂ
l—r e

—

[ Local avg pool|
'
|Global max pool|

R AT THSED VDS

SOGANG UNIVERSITY 17 LAB



Method

« Reconstructive sub-network

- Loss function: L2 loss®t patch 7| 2t2| SSIM lossE 225t A& gt
Lrec, 1) = Mg (1 1) + 1 (L 1)
- L2 loss (1,)
2 HA Lo XHO| & M&ot0] B s fote YA
- 5, ®= O|0|X[et =&l &l 00| X[7} 2HH 3|
- SSIM loss (Lssiy)

2 0|O] X[ 2 -_rLEE S %o( L7|, CHH|, T25/I1 §) S H| Mt ghA]

(e> 2|
2o 5, Ehed| A 2o XHO|F H|Wdt= A0| OfH T Al X mEHO| FAIEE BItet
- \: Loss balancing hyper-parameter

H X 0| %

- #1227k X[ lossE A AtESHH, MF X Q1 Xto|of T X2l 28 X0|& 25 18 7=

ﬂ 447 Tl 8k
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Method

e Discriminative sub-network

- Joint reconstruction anomaly embedding && &t
- U-Net2} FAFSH TR ALE

- Anomaly segmentation map M Ast= A2 AT
| Reconstructive sub-network ‘ Discriminative sub-network

—

| Local avg. pool |
¥
|Global max pooll

" Concat.
] -8 17
2!
Lre L
: ]

Anomaly generation

-
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Method

« Discriminative sub-network
- Input: I, =1 + I,
- Reconstructive sub-network2| &2 Q1 1. + & O|0|X]| |
- Channel-wise concatenation
- Output: M,
- Pixel-level anomaly detection mask (anomaly score map)
- S maske 12 ST A7

| Reconstructive sub-network y Disfriminative sub-npetwork
Concat. el °
X P —. o 8_
—— Q
— o
= -
Iﬂﬂmlllll t% —pE —»r]
o o
8| |2
-~ O

Anomaly generation
i -

4 - y
| . 1
. K ;
‘S .:
L AR, " .

......................................
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Method

e Train

- Total loss: Reconstruction loss2t segmentation lossS Z 25t A2 %t

L(I, Ir'Ma:M) = Lrec(I: Ir) + Lseg(Mar M)

Focal loss
- M,: Anomaly segmentation mask (anomaly binary mask)
- M: Ground Truth anomaly segmentation mask
I Reconstructive sub-network ‘ Discriminative sub-network

N

[ Local avg pooIJ
Y
|Global max pool[

Anomaly generation
' -

|

-~ |

b v A
. .

< K 4

. A

E)

L oo e o e e - |
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Method

« Surface anomaly localization & detection

- Discriminative sub-network2| Output: M,
- Pixel-level anomaly detection mask (anomaly score map)

- Image-level anomaly score 0| &
- M, smoothing: Local average pooling, Global max pooling & &

- Z|F image-level anomaly score (n) &F=

| Reconstructive sub-network ; Discriminative sub-network

g S TSR .
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Method
- 7|EL| otA S Z
- 7| E9] ot
- Auto-encoder: Anomaly©]| over-generalize
- Discriminative segmentation: Synthetic anomaly il over-fitO| &= Of, & X| dataOll generalizeStX| 22
- DRAEMZ| &fj 2 &ot

- Reconstructive sub-network 2t Discriminative sub-networkS 250, Joint RepresentationS €& oh=
H2ES Aot

_—

®-0

DRAEM

Reconstructive network Discriminative network
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Experiments

« Dataset
- MVTec

- Benchmark dataset
- 1571 9| object classE ZE &+t
- DTD (Describable Textures Dataset)
- Anomaly source dataset
- Texture database: 5640 2| O|0|X| & Z&tgt
- 4771 9| categoryZ LH+01 X US

< MVTec >

A szutta
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Experiments

e Metric
« AUROC

- Anomaly detection
:'= Image-level
- Anomaly localization
;' Pixel-level
- Average Precision (AP)
-Class 2@ 0| ot A0 ArE3H7| 2ot 7t X &

:': Class 28 0| A3t surface anomaly detection0f] X & &t

Perfect
classifier OC curve
1i0e

o \ .’
© )
2
:ﬁ 05 Worse
[«]
Q
(%)
2
|—

0.0

0.0 0.5 1.0

False positive rate

R SETHSEA <ROC Curve > | VES |
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Experiments

 Surface anomaly detection
- 15702 MVTec HIO|E Al S22 F 9700 M, CHE REEL =2 d5= 29

Class (11 [26] [4] [31] [20] [11] DRAM

bottle 794 983 99.0 999 100 999 99.2
capsule 72.1 68.7 86.1 884 923 0913 98.5
grid 743 86.7 81.0 99.6 929 96.7 99.9
leather 80.8 944 882 100 100 100 100
pill 67.1 76.8 879 838 834 0933 98.9
tile 72.0 96.1 99.1 98.7 974 98.1 99.6
transistor 80.8 794 81.8 909 959 974 93.1
zipper 744 78.1 91.9 98.1 979 903 100
cable 71.1 66.5 862 819 940 927 91.8
carpet 82.1 903 91.6 842 955 9938 97.0

hazelnut 874 100 93.1 833 987 920 100.0

[1]: GANomaly

metal nut 694 81.5 820 885 931 987  98.7 - [26]: DAGAN
scew 100 100 549 845 812 858 939 *  [4]: Student-Teacher AD
toothbrush  70.0 950 953 100 958 96.1 100 *  [31]:RIAD
wood 920 979 977 930 976 992  99.1 *  [20]: Gaussian AD
* [11]: Padim

avg 78.2 873 877 91.7 944 955 98.0
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Experiments

« Anomaly Localization

- 15742 MV Tec H|O|E{ Al SEiA

= 117001 A, CHE R R EC}

=2 AP score2 H ¢

Class US[4] RIAD[3]] PaDim[!l] DRAEM
bottle 97.8/742 98.4/764 98.2/77.3 99.1/86.5
capsule 96.8/259 92.8/38.2 98.6/46.7 943/494
grid 89.9/10.1 98.8/364 97.1/357 99.7/65.7
leather 97.8/409 99.4/49.1 99.0/535 98.6/75.3
pill 96.5/62.0 95.7/51.6 957/61.2 97.6/48.5
tile 092.5/653 89.1/526 94.1/524 99.2/92.3
transistor  73.7/27.1 87.7/39.2 97.6/72.0 90.9/50.7
zipper 05.6/36.1 97.8/634 98.4/582 98.8/815
cable 01.9/48.2 84.2/244 96.7/454 94.7/524
carpet 93.5/522 963/614 99.0/60.7 955/53.5
hazelnut 98.2/57.8 96.1/33.8 98.1/61.1 99.7/92.9
metal nut  97.2/83.5 925/643 973/774 99.5/96.3
SCrew 97.4/7.8 98.8/439 984/21.7 97.6/58.2
toothbrush 97.9/37.7 98.9/50.6 98.8/54.7 98.1/44.7
wood 02.1/533 85.8/38.2 94.1/463 96.4/77.7
avyg 03.9/455 942/482 97.4/550 97.3/684
AUROC / AP

R 447 Tl 8k
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Conclusions

« DRAEM: Discriminatively trained reconstruction anomaly embedding model

- Anomaly O| 8| X| 2} anomaly-free reconstruction O| 0| X| 2] S35 &7H| <t&5H0, 20t ¢
joint representation= 44 43t

-0|Z &9, O] B X d52 SHAL
ZHEbSED general®F anomaly simulationS A2 50| R E S st&E
- 0| & Sdff, CtYot o| & W H E BHA[& = US
R AT THSED VDS
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