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Unsupervised industrial anomaly detection based on feature reconstruction

Lu Chang Li Wenju Wang Xubin Yang Kang
(Faculty of Intelligent Technology, Shanghai Institute of Technology.Shanghai 201418, China)

Abstract: Anomaly detection is an important task in modern industrial manufacturing. Due to the scarcity of abnormal
samples. unsupervised detection that only requires normal sample training has attracted widespread attention. Among
them, reconstruction based detection has been widely applied due to its concise and universal framework. However,
existing algorithms are mostly based on image reconstruction, thus the discrimination between abnormal and normal
regions is insufficient, At the same time, due to the strong uncertainty of abnormal positions and sizes in industrial
images. existing algorithms cannot capture the overall structural features of samples well. This article proposed an
industrial image anomaly detection algorithm based on feature reconstruction to address the above issues. Firstly, the
use of pre trained models to extract multi-scale features as reconstruction objects avoids the situation where pixel space
reconstruction has insufficient ability to distinguish anomalies; secondly, a global feature extraction module was
designed to enhance the perception ability of the reconstruction model towards global features; finally, design a feature
recombination strategy to jointly train the reconstruction model, in order to further enhance the model’s understanding
of the overall structure of the samples and improve the reconstruction effect. A large number of experiments conducted
on MVTec AD have shown that the proposed algorithm achieves an AUROC score of 98.7% in sample level anomaly
detection and 98. 3% in pixel level anomaly localization, both of which have reached state-of-the-art performance.

Keywords: anomaly detection;unsupervised learning;feature reconstruction;self-supervised learning
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Table 1 AUROC scores on MVTec AD(sampel-level % /pixel-level % )
Category DRAM"  RIAD"™  OmniAL'""”? DMU-TransNet'™ Padim"™" RD"" CutPaste"*" Ours
carpet 97/95.5 84.2/96.3 98.7/99.4 97.6/98. 4 M/99. 1 98.9/98.9 93.9/98.3 IOO/M
grid M/99. 7 99.6/98.8 M/M 100/97. 9 96.7/97.3 100/99. 3 100/98.8  100/99. 3
leather 100/98. 6 100/99. 4 99/99. 3 M/M 100/99. 2 100/99. 4 100/99.4 100/99. 4
tile 99.6/99.2 98.7/89.1 99. 6/@ 99/94. 1 98.1/94.1 M/%. 6 94.6/89.1 99.2/95.5
wood 99.1/96. 4 93/85. 8 93.2/97. 4 99.8/94.5 w/94.9 w/%.?) 99.1/85.8 99/95.4
Average 99.1/97.9 95.1/93.9 98.1/98.9 99.2/96. 8 98.8/96.9 M/Eﬁ. 7 97.5/94.3 99.6/97.8
bottle 99. 2/& M/gé% 4 100/99.2 100/96. 2 M/S)S. 3 100/98.7 98.2/98.4 @/98. 9
cable 91.8/94.7 81.9/84.2 98.2/97.3 M/w 92.7/96.7 95/97. 4 81.2/84.2 99.2/98.3
capsure 98.5/94.3 88.4/92.8 95.2/96.9 96.8/98.9 91.3/98.5 96.3/98.7 98.2/92.8 96.1/98.5
hazel_nut 100/99.7 83.3/96.1 95.6/98.4 100/99 92/98. 2 M/E)S. 9 98.3/96.1 lOO/M
metal_nut 98.7/99.5 88.5/92.5 99. Z/M 99.4/96.7 98.7/97.2 100/97. 3 99.9/92.5 100/97. 1
pill 98.9/97.6 83.8/95.7 97.2/98.9 97.8/96.3 93.3/95.7 96. 6/& 94.9/95.7 %/97.7
screw 93.9/97.6 84.5/98.8 88/98 95.4/96. 2 85.8/98.5 97/99. 6 88.7/98.8 M/M
toothbrush ~ 100/98.1  100/98.9  100/99. 4 87.2/99.1 96.1/98.8 99.5/99.1 99.4/98.9 93.3/99.1
transistor 93.1/90.9 90.9/87.7 93.8/93.3 97.1/95. 4 97.4/97.5 96.7/92.5 96.1/87.7 100/98.3
zipper 100/98.8 98.1/97.8 100/99.5 99.7/98.9 90.3/98.5 98.5/98.2 99.9/97.8 98.5/98.4
Average 97.4/97 89.9/94.3 96. 7/% 97.2/97. 4 93.8/97.8 %/97. 9 95.5/94.3 98.2/98.5
Total Average 98/97.3 91.7/94.2 97.2/98.3 97.9/97.2 95.4/97.5 @/w 96.2/94.3 98.7/98.3

&2 MVTec AD LR EEN PRO 5 #
Table 2 PRO scores for anomaly localization on MVTec AD

Category Padim'*" us#! RD" Ours
carpet 96. 2 87.9 97 97.5
grid 94. 6 95.2 97.6 97. 6
leather 97.8 94.5 99. 1 99.1
tile 86 94. 6 90. 6 90. 2
wood 91.1 91.1 90.9 92.5
Average 93.1 92.7 95 95.4
bottle 94. 8 93.1 96. 6 96. 8
cable 88.8 81.8 91 93.5
capsure 93.5 96. 8 95.8 96. 2
hazel_nut 92.6 96. 5 95.5 95.7
metal_nut 85. 6 94.2 92.3 88
pill 92.7 96. 1 96. 4 95.9
screw 94. 4 94. 2 98.2 97.7
toothbrush 93.1 93.3 94.5 94.2
transistor 84.5 66. 6 78 87.8
zipper 95.9 95.1 96. 4 95.7
Average 91. 6 90. 8 93.5 94.2
Total Average 92.1 91.4 94 94. 6

SCRE SR T LLE A A RS 3. e 2B Y
PRI S AR B
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AR SCHEAT T I RRBIEST . DASS IE (0 FH A SCHR H 1 B R (g
2H R ISR : GFE BB FI R E B 43R 0% . b Ah, AR SC
IBFFE T 5 AE 42 B #R A9 AS [ 47 AiF )2 1 6 % X6 455 780 P i 19
S

2 3 JRR T FTIRAY GFE B3 F4SE 5 21 58 mE X 45
T S B R I M A A RZ WA, 43 B R T AUROC 43 B
PRO 440, ASCHAHE GFE B B A F AR E T 21
FRRAE T A ) 25 VE S 2k . N 3 iR, GFE #3224
54 JR) R E AR RE 1 L X I A 4 25T 55 T A sk {H A A
SEENMARSMRTIAR . FEEARERT T 0. 4% 1
£ AUROC 1 0. 3% [ PRO, b ok 3% TR EIR K 4
FENLBET]  AH Rt B TAAEAR R R R BE T R RCE
W, Y79 W] T I GFE BERMETT 58 19 1 F S5 A
T 5 AE B 20 7 1k = 3o 3004, MU 385 &5 & s B & Jm) L =)
TR A

£33 FTIRHMEHIE MVTec AD LR H BRI
Table 3 The ablation of proposed modules on MVTec AD

GFE fiF@4A #A-AUROC {£Z-AUROC PRO
97.9 97. 6 93. 8

NG 98. 1 97.7 93.9
NG 97. 6 98.0 94. 1

J J 98. 7 98.3 94. 6
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F A LT S [ B R A 2 0 AT 3 A 00 5 6 R U
B BIER T AUROC 43 80F1 PRO 4380, 45K BR,
HUZERE L5 2 2R SRR, v LA 3RS I A Ak
BRI PERE . B4 4 785 iR B BoR .45 2 J2 55 1E
TSR BEAS NS 3 2 v 3RAS B A B A5 ., DTG S5 B0 5 i v Afy
BRI, N ERERE B 1 Bai &2, |
W& B/ A RE R bt — e 554 45 0 & 2 9 R 2
ST 0 1

%4 FRATEHFEERAE MVTec AD FHIERESCIE
Table 4 The ablation of using different level
features on MVTec AD

1 2 3 FEA-AUROC 4 %-AUROC PRO
NG 88. 1 95.7 89.1
N 98.4 97.9 93. 6

J 97.6 97.2 90. 7

NN 98.7 98.3 94.6
NAEEENVAING 95. 2 97. 4 92. 8

2.7 AR EMLER

8 RN T AR ST $2 58 vk A0 L At — 26 5 R R A
AT A AL 85 SR L, B JR AR T 4 28 I S E R AR 4
W ARG AWt T AT R, Ak, A
SCR T —F B T R Y S R B s DREAM, Fl—Fi
FEF B ZRARAE 1Y 58 4 I B 2% Padim., MRIEE 8,5 &K
25 [0 F A E A5 3k DRAEM HA B L4071 1 E A sU) . |
AR BE B A A I R BT A SR XS, A TR SRR

ik S2HE 10 M50 F7 . Padim RIS SCRE AR SC B T 0 BT A7 57t
DX 14 7 A6 o H ELAR OO v L # BEE 1)  O FE

A3

DRAEM Padim Ours

K8 AREFEA MVTec AD L 0] AL L5 R 5T H
Fig. 8 Visualizations of different methods on MV Tec AD
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