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Surface defect detection
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Example: Visual inspection of pharmaceutical products
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Deep learning

paradigm

A Conventional approach: programming specific solutions

A New paradigm: data

-driven learning

-based sloutions
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Learning regimes

Mixed
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learning

Supervised
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Supervised learning TriNet

Mask, WxH Image, WxH

Kernel 7x7

Kernel3x3

Kernel 5x5
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Auxiliary output, WxH

Segmentation stage
‘ Kermel 3x3, 5x5, 7x7, channels 32
- vL Kernel 3x3, 5x5, 7x7,

Scoring loss
Segmentation loss
/

channels 32

Max-pooling 2x2
Kernel 3x3, 5x5, 7x7, channels 64
> < Kernel 3x3, 5x5, 7x7, channels 64

Kernel 1x1, channels | Ii Max-pooling 2x2

Kermnel 3x3, 5x35, 7x7, channels 32

Auxiliary output, WxH

Kernel 3x3, channels 256
Kernel 3x3, channels 128
Kernel 3x3, channels 128
f Max-pooling 2x2
‘ Kernel 1x1, channels 1 i Kernel 3x3, channels 64
Kernel 3x3, channels 32
& i Kernel 3x3, channels 32
Upsampling

Segmentation output, WxH ‘

Kernel 1x1, channels 1

Kernel 5x5, channels 64
Kernel 7x7, channels 32
Upsampling

Scoring stage

Score output, 1x1 ’_Ll l
L
Fully connected layer

| Global max-pooling vector, 5x1




Supervised learning - SegDecNet
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Supervised learning - SegDecNet
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learning

unsupervised

regimes

Learning

Unsupervised
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Unsupervised learning

A Only defect -free images required
A Negative -class-only learning

A Detection AUROC on MVTec AD:

[paperswithcode.com]
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Unsupervised learning - RIAD

A Reconstructive approach

G(I,I,) overlay
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Unsupervised learning - RIAD

bottle capsule grid leather pill tile transistor zipper cable carpet hazelnut  metal nut screw toothbrush wood

oooo

o Class GeoTrans [6] GANomaly [1]  ITAE [4] us [16] RIAD
bottle 74.4 89.2 941 99.0 99.9
capsule 67.0 73.2 68.1 86.1 88.4
grid 61.9 70.8 88.3 81.0 99.6
leather 84.1 84.2 86.2 88.2 100
pill 63.0 74.3 78.6 87.9 83.8
tile 41.7 79.4 73.5 99.1 98.7
transistor 86.9 79.2 84.3 81.8 90.9
zipper 82.0 745 87.6 919 98.1
cable 78.3 75.7 83.2 86.2 81.9
carpet 437 69.9 70.6 91.6 84.2
hazelnut 359 78.5 85.5 93.1 83.3
metal nut 81.3 70.0 66.7 82.0 88.5
screw 50.0 74.6 100 549 84.5
toothbrush  97.2 65.3 100 95.3 100
wood 61.1 83.4 923 97.7 93.0
AUiex 58.5 76.5 82.2 915 95.1 .
VgL, 716 75.4 84.8 85.8 30.¢ DIVID CompVis 202
s & 762 59 87 20182021 || 2019-2024 PR 2021
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Unsupervised learning - DRAEM

) Standard approaches
A Reconstructive models

A Good approximation of data ‘/‘ ".\. ‘, zzzzz @ @~ []

A Unsupervised learning ::’:‘ ,,:'" “‘i.‘
A General, task -independent .".":q. \_;\\“... : .(,’
A Enable reconstruction and outlier detection ‘/‘ e® .’ Q°® .
L m N
A DiSCfiminative mOdels Auto-encoder Discriminative segmentation

A Supervised learning

A Task-dependent

A Compact representations

A No reconstruction

A Outlier detection as classification

E Combine reconstructive model
and discriminative classifier [] Anomalous sample WIS Training time input sample

I Test time sample
[ Reconstructed sample

(O Anomaly-free sample



Unsupervised learning - DRAEM

A Reconstructive and discriminative approach
A Generate synthetic anomalies

| Reconstructive sub-network

Concat.
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Unsupervised lea I ning
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(1 [26] 1T 201 [11]

botle 794 983 99.0 99.9 100 99.9 ) ~
capsule  72.1 687 861 884 923 913 DIVID CompVis| |ICCV 2021
orid 743 867 810 99.6 929 967 20182021 || 20192024
leather 80.8 944 882 100 100 100
pill 67.1 768 879 838 834 933
tile 720 96.1 99.1 987 974 981

Methods AUROC TPR

transistor 808 794 818 90.9 959 97.4 . RIADL 786 792
zipper 744 781 919 981 979 90.3 Us 14 Z;: ;;S
cable 711 665 S1.9 940 927 D2 82.
carpet 82.1 903 91.6 842 955 99.8 PaDim [ 1] 2.4 8’;

hazelnut  87.4 100 93. 83.3 987 92.0 96.5

metal nut  69.4 81.5 82.0 885 93.1 98.7 . Rackieral 110 c)c;g gcjs
screw 100 100 54. 45 812 858 ackieral. [ 1] .. o

toothbrush  70.0  95.0 953 05.8 96.1 #  Lineral [15] 220 994 99.9
wood 920 979 977 930 97.6 99.2 Bozi¢ eral.[o] (100) 100 100
avg 782 873 877 91.7 944 955




DSR

In the quantized feature space
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Unsupervised lea rning - DSR
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Method bottle capsule grid leather pill tile trans. zipper cable carpet hazelnut m. nut screw toothbrush wood||average
4] 99.0 86.1 &1.0 88.2 87.999.1 81.8 91.9 86.2 91.6 93.1 82.0 54.9 95.3 97.7 || 87.7
22] 99.9 884 996 100 83.8 98.7 90.9 981 81.9 &4.2 83.3 8.5 84.5 100 93.01| 91.7
17] 100 923 929 100 R83.3 974 959 979 94.0 95.5 0K.7 03.1 8&1.2 095.8 97.6 | 94.4
7] 99.8 91.5 957 100 944 974 97.8 90.9 92.2 999 93.3 099.2 84.4 97.2 08.8 || 95.5
11] 08.2 982 100 100 949 94.6 96.1 99.9 &81.2 939 08.3 99.9 R8.7 99.4 99.1| 96.1
21] 99.2 98.5 999 100 98.999.6 93.1 100 91.8 97.0 100 08.7 93.9 100 99.1|| 98.0

DSR 100 981 100 100 97.5 100 97.8 100 93.8 100 95.6 08.5 96.2 99.7 96.3 @




Unsupervised lea rning - DSR

A Results on KSDD?2

Method US [4] MAD DRAM PaDim [7] DSR
APger  65.3 79.3 77.8 55.6  8T7.2
AP - - 42.4 45.3 61.4




Unsupervised lea

rning - Transfusion

A TRANSparent
dif FUSION

A Using Diffusion model
estimate

A Anomaly mask
A Anomaly
A Normal image

Synthetic anomalies

MV4.0 J
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Unsupervised lea rning - Transfusion
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Unsupervised lea rning - Transfusion

VisA MVTec AD Average
1 2 3 4 5

1SR Method Venue Det. Loc. |Det. Loc. |Det. Loc.
AnoDDPM |CVPRW’22178.2 60.5 |83.5 50.7 [80.9 55.6

DRAM ICCV’'21 [88.7 73.1 |98.0 92.8 |93.3 83.0
- SimpleNet | CVPR’23 |87.9 689 |99.6 89.6 |93.8 79.3
2 DiffAD ICCV'23 [89.5 712 |98.7 84.8 |94.1 78.0
B DSR ECCV’22 |91.6 68.1 [98.2 90.8 |949 795

FastFlow ArXiv’21 939 (86.9)((99.4) 925 {96.7 (89.7
Patchcore CVPR’22 (943 797 199.1 9277 [97.0 |(86.2
AST WACV’'23 |(94.9) (81.5)((99.2) 81.2 |(97.1) 814
CVPR22 [(96.0) 709 |98.5 (93.9)|(97.3) 82.4
ECCV 202 | (98.5) (88.8) |( 98.9] (91.6

CIRICIRITAC 2~
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regimes

Learning

Mixed supervision -from fully supervised to weakly supervised learning
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Learning with mixed supervision

WS - Weakly Supervised Learning Learning WS
MS - Mixed Supervision (Fl\gs) l\lg\SS

FS - Fully Supervised Learning

, . . DIVID
Segmentation Classification sub-network 2018-2021

sub-network
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From supervised to weakly supervised Ilearning
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s Dong etal., 2020(FS)  mes Tabernik, Sela et al,, 2010 (F5) ™ Liu et al., 2020a (FS)
Ours (WS) Ours (MS)  Ours (FS)

0% segmented 100%
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N=53
N=126
N=246

Dong et al., 2020
Tabernik,

Sela et al., 2019

Liu et al., 2020a
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regimes

Learning

Mixed supervision -from unsupervised to supervised learning
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Learning

with mixed

supervision

Training approach

Testing inference time

Unsupervised

.

Supervised

Y

ignores positive samples

requires labeled data
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regimes

Learning

All learning regimes
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SuperSimpleNet
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[3] Z. Liu, Y. Zhou, Y. Xu, Z. Wang,SimpleNet A Simple Network for ImageAnomaly Detection and Localizatip€VPR 2023. 2021-2024
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Anomaly generation

A True &
synthetic
anomalies

Perlin noise

Gaussian
noise

A Label

>

A Image level . | Supervised
A Pixel level

A Weakly supervised
A Unsupervised

Unsupervised &
Weakly supervised




Segmenta tion -dete ction

modul

e

A Segmentation head

A Classification head
A Capturing global context
A Detection of small defects
A Enables mixed supervision




