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= Learn normality
= Detect discrepancies as anomalies
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Example: Visual inspection of pharmaceutical products e
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Rule-based machine vision
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= Rule-based approach
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Machine learning in computer vision e
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= Conventional ML approach
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PCA, LDA, CCA,
HOG, SIFT,
SURF, ORB, ...

kNN, SVM, ANN,
AdaBoost, ...



Deep learning in computer vision g e
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= Conventional machine learning approach in computer vision
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= Deep learing approach

»[ classification ]—» class
t 90

[ deep ——» | Deep
learning model

4---




Faculty of Computer and
Information Science

N eW pa ra d i g m JJL.Llu University of Ljubljana

= Conventional approach: programming specific solutions
= New paradigm: data-driven learning-based sloutions
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Mixed
supervision

Supervised Unsupervised
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Fully supervised

Mixed supervision
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Unsupervised
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Supervised learning " gt
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Supervised learning

Averaged detection acuracy

Scoring loss
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Learning with mixed supervision Pt
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WS - Weakly Supervised Learning Learning WS
MS - Mixed Supervision (Fl\gs) l\lg\SS

FS - Fully Supervised Learning
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Learning with mixed supervision
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= Only defect-free images required
= Negative-class-only learning

= Detection AUROC on MV Tec AD:

[ paperswithcode.com]
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= Reconstructive approach
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Unsupervised learning - RIAD

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

lllll
.....

----

Class GeoTrans [6] GANomaly [1]  ITAE [4] us [16] RIAD

bottle 74.4 89.2 94.1 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 74.5 87.6 91.9 98.1

cable 783 75.7 83.2 86.2 81.9

carpet 437 69.9 70.6 91.6 84.2

hazelnut 35.9 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 54.9 84.5

toothbrush ~ 97.2 65.3 100 95.3 100

wood 61.1 83.4 92.3 97.7 93.0

AVGrex 58.5 76.5 82.2 91.5 95.1 .
. 71.6 75.4 8438 8538 80.G DIVID CompVis
avg 67.2 76.2 83.9 877 2018-2021 || 2019-2024 PR 2021

20
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= Reconstructive and discriminative approach
= Generate synthetic anomalies

| Reconstructive sub-network ‘ Discriminative sub-network
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bottle 79.4 983 99.0 99.9 100 99.9 . A
capsule 721 687 86.1 884 923 913 DIVID CompVis ICCV 2021
orid 743 867 810 99.6 929 96.7 2018-2021 || 2019-2024
leather 80.8 944 882 100 100 100
pill 67.1 76.8 879 83.8 834 933
tile 72.0 96.1 99. 08. 97.4 98.1
transistor  80.8 79.4 81.8 909 959 974
zipper 744 78.1 91.9 98.1 97.9 903
cable 71.1  66.5 81.9 94.0 92.7
carpet 82.1 903 91.6 842 955 99.8
hazelnut  87.4 100 93. 83.3 987 92.0

metal nut 694 81.5 82.0 885 93. 98.7  Rucki LTl 99.6 999 995
screw 100 100 54.¢ 45 812 858 g rackiera [17] o o o
v

toothbrush ~ 70.0  95.0  95.2 05.8 96.1 Lin eral. [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

Methods AUROC TPR
RIAD [31] 78.6 79.2
Us [4] 72.5 72.6
MAD [20] 32. 78.7
PaDim [ 1] 83.3
96.5

CADN [32] - - -
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Generate syntetic anomalies in the quantized feature space
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Unsupervised learning - DSR

Input

Overlay Recon.

ut
k

tp
mas

T

Ground Ou
Truth

/
3

Method bottle capsule grid leather pill tile trans. zipper cable carpet hazelnut m. nut screw toothbrush wood||average

4] 99.0 86.1 81.0 88.2 &7.9 99.1 81.8 91.9 86.2 91.6 93.1 82.0 54.9 95.3 97.7 | &7.7
22] 99.9 88.4 99.6 100 &83.8 98.7 90.9 981 81.9 &4.2 83.3 88.5 84.5 100 93.0| 91.7
17] 100 923 929 100 833974 959 979 94.0 95.5 98.7 93.1 81.2 95.8 97.6 || 944
7] 99.8  91.5 95.7 100 944 97.4 97.8 90.9 92.2 99.9 93.3 99.2 844 97.2 98.8 || 95.5
11] 98.2 98.2 100 100 949 94.6 96.1 99.9 81.2 93.9 98.3 99.9 B88.7 99.4 99.1| 96.1

:21] 99.2 98.5 999 100 98.999.6 93.1 100 91.8 97.0 100 98.7  93.9 100 99.1| 93.0
DSR 100 98.1 100 100 97.5 100 97.8 100 93.8 100 95.6 98.5 96.2 99.7 96.3 @




Unsupervised learning - DSR
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= Results on KSDD2

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
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= TRANSparent
difFUSION

= Using Diffusion
model estimate

= Anomaly mask
= Anomaly
= Normal image

Synthetic anomalies

Opaque

MV4.0 J
2021-2024

> Transparent
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Unsupervised learning - Transfusion
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VisA MVTec AD Average
Method Venue Det. Loc. |Det. Loc. |Det. Loc.
AnoDDPM [CVPRW’22[782 60.5 [83.5 50.7 [80.9 55.6
DRZEM ICCV'21 |[88.7 73.1 [98.0 928 [933 83.0
SimpleNet | CVPR’23 |87.9 689 |99.6 89.6 |93.8 79.3
DiffAD ICCV'23 [89.5 712 [98.7 848 [94.1 78.0
DSR ECCV’22 |91.6 68.1 [982 90.8 |949 795
FastFlow ArXiv’21 939 (86.9)((99.4) 925 {96.7 (89.7
Patchcore CVPR’22 (943 79.7 [99.1 927 197.0 [(86.2
AST WACV’23 |(94.9) (81.5)((99.2) 81.2 [(97.1) 81.4
RD4AD CVPR’22 709 1985 (93.9)((97.3) 824
TransFusion | - 98.5 (88.8 943|989 (91.6
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Learning with mixed supervision " gt

Information Science

Input Label Likelihood = Thresholded Transformed

Training approach

Testing inference time

Unsupervised

.

Supervised

Y

ignores positive samples

requires labeled data

(x7,10)

Slow

Ok

()

Fast

Ok

Fast
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Industrial applications

= Data-driven deep-learning approach to surface-defect detection
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Anomaly detection methods uiu niesty f bl

= Dozens of methods
» Results on MVVTec AD dataset

105 E
PatchCore Large DiffusionAD
100 . oo
PaDIiM-WR50-Rd550
§ Gaussian-AD
>
= 95
=
Qo
O
E 90
= SPADE
85 ¢
80
May '20 Sep '20 Jan '21 May 21 Sep 21 Jan '22 May '22 Sep '22 Jan '23 May 23 Sep '23 Jan '24

Other models -# Models with highest Detection AUROC

= Papers with code:


https://paperswithcode.com/sota/anomaly-detection-on-mvtec-ad

