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Deep learning-based computer vision anomaly detection algorithms are widely utilized in various fields. Especially in the manu-

facturing industry, the difficulty in collecting abnormal data compared to normal data, and the challenge of defining all potential

abnormalities in advance, have led to an increasing demand for unsupervised learning methods that rely on normal data. In this

study, we conducted a comparative analysis of deep learning-based unsupervised learning algorithms that define and detect abnormal-

ities that can occur when transparent contact lenses are immersed in liquid solution. We validated and applied the unsupervised

learning algorithms used in this study to the existing anomaly detection benchmark dataset, MvTecAD. The existing anomaly

detection benchmark dataset primarily consists of solid objects, whereas in our study, we compared unsupervised learning-based

algorithms in experiments judging the shape and presence of lenses submerged in liquid. Among the algorithms analyzed,

EfficientAD showed an AUROC and Fl1-score of 0.97 in image-level tests. However, the Fl-score decreased to 0.18 in pixel-level

tests, making it challenging to determine the locations where abnormalities occurred. Despite this, EfficientAD demonstrated ex-

cellent performance in image-level tests classifying normal and abnormal instances, suggesting that with the collection and training

of large-scale data in real industrial settings, it is expected to exhibit even better performance.
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<Figure 1> MvTecAD Dataset Sample[12]
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<Figure 2> BTAD Dataset Sample[10]
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<Figure 3> Algorithm based on Feature Matching
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<Figure 4> Algorithm based on Reconstruction
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<Table 1> Information of Algorithms used in this Study

Name Paper Year
- EfficientAD: Accurate Visual Anomaly Detection
EfficientAD at Millisecond-Level Latencies 2023
RD Anomaly detection via reverse distillation from 2002
' one-class embedding
PatchCore Towards total recall in industrial anomaly 2022
detection
Cflow-ad: Real-time unsupervised anomaly
CFlow detection with localization via conditional 2022
normalizing flows
PaDiM Padim: a patch distribution modeling framework 2021
for anomaly detection and localization
FastFlow: Unsupervised Anomaly Detection and
FastFlow Localization via 2D Normalizing Flows 2021
DRAEM Draem-a discriminatively trained reconstruction 2001
embedding for surface anomaly detection
STFPM Student-teacher feature pyramid matching for 2001
anomaly detection
GANomal Ganomaly: Semi-supervised anomaly detection 2019
omay via adversarial training
2.2 PaDiM
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28 B4l A Fully connected layers 8331tk o]
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<Figure 5> EfficientAD - Small Model Architecture

Conv-2
xd)
512
ReLu

Conv-3 Conv-4 | |Conv-5 Conv-6
(1x1) (3x3) (4x4) (1x1)
512 512 384 384
ReLu ReLu ReLu ReLu

Conv-1
(4x4)
256
ReLu

AvgPool-1
(2x2)
256
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<Figure 12> Sample of Abnormal of Containing Multiple Lenses
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{(Table 2> Image-level AUROC Results for each category in MvTecAD Datasets

EK'S'_eSm RD |PatchCore| CFlow | PaDiM | FastFlow | DRAEM | STFPM |GANomaly
Carpet 09820 | 09840 | 09840 | 09860 | 09950 | 09940 | 08868 | 08760 | 0.4210
Grid 10000 | 10000 | 09590 | 09620 | 09420 | 1.0000 | 09398 | 09570 | 02030
Textures | Leather 09970 | 1.0000 | 1.0000 | 10000 | 1.0000 | 09990 | 09008 | 09770 | 0.4040
Tile 10000 | 10000 | 1.0000 | 09990 | 09740 | 1.0000 | 08989 | 09810 | 04130
Wood 09860 | 09970 | 09890 | 09930 | 09930 | 09920 | 09578 | 09760 | 0.4080
Bottle 10000 | 10000 | 1.0000 | 10000 | 09990 | 1.0000 | 09817 | 09390 | 0.7440
Cable 09520 | 09660 | 0990 | 08930 | 08780 | 09620 | 07381 | 09870 | 02510
Capsule 09500 | 09740 | 09820 | 09450 | 09270 | 09630 | 08909 | 08780 | 04570
Hazelut | 09520 | 10000 | 1.0000 | 10000 | 09640 | 09940 | 09382 | 07320 | 0.6820
objects | M@ M| 09790 | voowo [ o990 [ 09950 | oss0 | o050 [ o [ 090 | oswo
Pill 09870 | 09720 | 09240 | 09240 | 09390 | 09420 | 08663 | 09730 | 0.2700
Screw 09600 | 09850 | 09600 | 09080 | 08450 | 08390 | 09219 | 06520 | 04720
Toothbrush | 0.9970 | 09530 | 09330 | 08970 | 09420 | 08360 | 08944 | 08250 | 02310
Transistor | 09990 | 09700 | 10000 | 09430 | 09760 | 0979 | 08371 | 05000 | 03720
Zipper 09940 | 09780 | 09820 | 09840 | 08820 | 09510 | 09512 | 08750 | 0.4400
Textures | 09930 | 09962 | 09864 | 09880 | 09808 | 09970 | 09168 | 09534 | 03698
Average |  Objects 09770 | 09798 | 09765 | 09489 | 09341 | 09461 | 08989 | 08356 | 0.4456
Total 09823 | 09853 | 09798 | 09619 | 09497 | 09631 | 09049 | 08749 | 04203
Eo A= Reverse Distillation(R.D)o] A Ht 098532  15>F & 7P & 455 H2 EfficentAD2] AUROC
2 7P =3k 7b 1ol 2o R AR = Aes BTk
35 A% 44 Ls
AUROC
St MyTecAD HlolH AEE 157h49) BAZL =% g0 = Floscore
A Feje] EAQAT, B AfolA] g A= doly dgs
= 1A e A= HAlel g§AQT] w4 sl oo
2ol 7 s O R o ettt ' 2

FastFlow
PatchCore
PaDiM
CFlow
GANomaly
DRAEM
STFPM

<Table 3>} <Figure 14> &3l A2 A4S &
3l Image-level HZ=Eo| A= AUROC®} Fl-score &

EfficientAD®] 4%50] 714 %9kt oo} PatchCore L] | Hoorithms
= 7247 090 o] 4S B9l AL elat 4= 9T} <Figure <Figure 14> Image-level Metric Bar Chart
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{Table 3> Deep Learning based Unsupervised Anomaly Detection Algorithms Results for Transparent Lenses

Image-level Pixel-level FPS

AUROC F1-score AUROC F1-score
EfficientAD 0.9630 0.9677 0.8507 0.1812 3.1242
R.D 0.8814 0.9375 0.8784 0.2032 3.2841
PatchCore 0.8222 0.8666 0.7560 0.2646 24224
CFlow 09111 0.9375 0.7992 0.3041 2.4463
PaDiM 0.8148 0.8750 0.9820 0.2100 24277
FastFlow 0.8222 0.8387 0.6883 0.1017 2.1935
DRAEM 0.8888 0.9375 0.5248 0.0010 2.4701
STFPM 0.8518 0.8571 0.5764 0.1049 3.0143
GANomaly 0.8666 0.8571 - - 2.3345
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