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Abnormity detection based on fusion feature distribution learning

and image reconstruction
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(School of Information Science and Engineering, Wuhan University of Science and Technology,
Wuhan 430070, China)

Abstract: Unsupervised learning is the main research direction in the field of industrial product defect
detection at present, and it is mainly divided into two types of methods: reconstruction based and feature
based methods. The former constructs content-aware mappings to map abnormal regions into normal regions
and detect defects through residual images, focusing on overall performance of the images. The latter uses
high-level semantic features to achieve positioning exceptions and pay more attention to image detail
presentation. According to the advantages and disadvantages of the two methods, a method is proposed
based on the fusion of characteristics and reconstruction, which effectively combines advantages of the
two methods to complement their shortcomings and realize unified end-to-end learning and reasoning. A
reconstructed model is trained firstly, then a normalized flow model is adopted to fully learn the probability

distribution of high probability data of input normal samples, and it is integrated with the reconstructed model
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to effectively improve the accuracy of defect detection and defect positioning of the reconstructed model.

On the widely used MV Tec AD data set, the average image level AUROC of the proposed fusion model

reaches 98. 7%, the average pixel-level AUROC reaches 94. 2%, in particular, an increase of 3. 3% compared

to a single reconstruction model. The convergence model of characteristics and proposed reconstruction

network has significantly improved the shortcomings of defect positioning in the reconstruction network

part, which makes experimental results more accurate.
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Fig.5 Reconstruction results, including the original image

(a), reconstruction result (b), difference map (c) and
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Fig. 6 Experimental results of this article. There are two sets of images, including original image (al, a2) , reconstruction-

based difference map (b1,b2), feature-based heatmap (cl,c2), defect heatmap after fusion feature network (d1,d2)

and manual annotation results (el,e2).
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94. 206 Fe i T 3. 300, i, o I 52 T
w7100 LR ER Z00 & % 905 AUROC
9 5 96 3R W] 1 AS SCHR I 7 I A AR o (LA
R R SR gt — PR W] TR TR AR B O U5 RE A8
AT R % E A O ik B AN ST, ELK Rk FE I AR Ok
SRIVIS IR A& P& S S
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Tab.3 Comparison of the network after adding feature fusion with the original reconstructed network

e FEA R MBRREYSAUROC/ \o FRIERELS S M4 R R AUROC/ % 2{EH/%
bottle 97.5 98.5 1.0
cable 94.4 96.1 1.7
capsule 95.5 97.1 1.6
hazelnut 92.9 97.1 4.2
metal nut 95.7 98.0 2.3
kg _
pill 93.5 95.4 1.9
screw 77.6 83.0 5.4
toothbursh 98.5 98.6 0.1
transistor 80.7 94.3 13.6
zipper 94.6 95.1 0.5
YIRS E 92.1 95.3 3.2
carpet 74.0 78.8 4.8
grid 97.6 98.5 0.9
LU leather 91.7 94.5 2.8
tile 89.2 95.1 5.9
wood 89.9 93.2 3.3
e ESlC] 88.5 92.0 3.5
B 90. 9 94.2 3.3

3.3 HmXw
Ry TR I A AR B SO AR O R T R 1Y
SR A SCIT R T EE R SSIM 5 2% AT A R
P B N B W T B O S B I Rl SE 5
HERAM LI T SSIM #ik sR 2 5, AUl
FH MSE 5 2 75 g 31 7 I 4% 19 458 2k o 8, 45 310 4
FAPRGE R .

x4 TRBEMNEBERLERHIZN

Tab.4 Impact of different losses on reconstruction results

T 4 25 IR EMGREER ) % G RZRER /%
MSE # 2k Fl SSIM i 2 97.9 90.9
MSE 14k 97.4 90.3

H1 3 4 7] 1, SSIM 451 26 X T o 4% i 4t Jo7 4
M2 T — 5 AEH o AR SCIA R, Bl SSIM i
R A I S I AR B AL, LSS X L
JEMEEH 3 R IRE R 225 S
A AR X E A A T — R T

WEAb A SCHERf E T Bk 2 5 E— X T
AR AR A BN B0 B A 4 AR R T . AR
SCRERR A BB 2385 80 7, % 5 MR G BN
2B 7 HE W4 P RE Y R B, S gk R
B, Y EE A Bl 3R B IR B i . AR
Ny, i 22 (A G B B 1T RE 23 58 T B )2 RREAE
P W, 5 300 B 5 % 3 2 SRSV

e AR SCHIFGE T N B A 280 B0 Rl T 4%
RORIRTHI M o A SO ER A P 2.3 4
IF K 4 A 220 S BON 1 024 B I F 2 048, 45
MR 6 PR, " LUE S onEah 1 024 1,
A PR R 3 B Y R SRR R G2 SR e bt
b2 TR R 2 048 I, IR 25 A bl A R B
B 04 1 0 AR G AR AR LS o i 2 TR R
1 024 B S5 5 o R EPEE KRR G Yok SHT4S
Bl o ARSCNN 3 Z2 1 0 28 T B0t T RE RS i TR
AT A 0 B P (1 52 2% B, DT S ) T RR AT TR 1
O PEGICRIEFER. 255 3R 6 BUE , UG AL
HON 3 MR R 1024 45 R R P .
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Tab.5 Improvement of reconstructed network quality by the number of coupling blocks
Mo wAMKMEGRE AN EIR% I AR KB RGN R RN /v,
B AUROC B¥E/%  AUROC B34 1H/ % AUROC B#{E/%  AUROC B31{E/ %
2 97.9 98.5 0.6 90.9 93.5 2.6
3 97.9 98.7 0.8 90.9 94.2 3.3
4 97.9 98.5 0.6 90.9 93.5 2.6
5 97.9 98.5 0.6 90.9 93.6 2.7
6 97.9 98.6 0.7 90.9 93.7 2.8
7 97.9 98.5 0.6 90.9 93.6 2.7
R6 HBAWRA2I4N ,METHENWERENREF
Tab.6 Improvement of the network quality by neurons number when the coupling blocks are 2, 3 and 4
Wad et MEMGORGH BEMGOEGE o TENSHEES BANSNGER
B B AUROC M8/ % AUROC BI4{H/ % AUROC B ¥{H/% AUROC B¥{H/ %
1024 97.9 98.5 0.6 90.9 93.5 2.6
’ 2048 97.9 98.1 0.2 90.9 93.7 2.8
3 1024 97.9 98.7 0.8 90.9 94.2 3.3
2048 97.9 98.2 0.3 90.9 93.9 3.0
A 1024 97.9 98.5 0.6 90.9 93.5 2.6
2048 97.9 98.4 0.5 90.9 93.8 2.9
4 % B I 24 0 R A TR 0 2 O T

AR SCHEH T — AN B TR A 2 2 5 ER
A X5 R A B Tl 7 o G R TR R %
TAEE B T 3 F AR AE 7 35 R0 A iR X P AP =
UL T W e B K DU v B A% AH B A R0 AR
76, H kg B B2 IF AR A REAE T 95 R 0 T
GREE . fEEAEMG R ARSCHRB T —MRT
DWT/IDW T (¥ ¥ £ 55 AE 43 fff F1RE SR FE 16 4t 55
- A8 7 %8 T 0% AL Gt A i 25 - 0 s
7T 10 e LA 167 240 715 50 A58 SR R i 5 G U
FOTRLET AN, A SCHRE HE T R AIE I 2% 5 7 4 o) 4%
il G 7 58 3% 05 58 R R AR 22 5 E Bff 00 R E
TIAY 5 T BB A 5 A D AR il T

Z X #k:

AR SC B A R AE TR 28 TR S I 4% ) G A B A R
FAE BRI | PG 7R 2 2] b B b T AR K 4
BTN, — T i A R T AR R R 4
YR T AR, 55— O T 2 8 i 12T E R O R
AR SC ) A O 4% BT R T A RO R
97. 9% AR E G :90. 9% ; Al A W 4% 54036 4G I oA
BRI 98T AR FE G 94,200 AL
it g b 0 R S B TR Y 5 VA R S A AL
b X Tl 7 i R B AT A R A

1 J2 AR S 45 BEAEAR 22 O HE R 7 AT A
AR ZAE X T i Tk A A R AR 7R
Ak, v B Ak 2k e kAR A Gn il A 19 A i
R LA R B 1 55 P SR B B T 1k

NAYAK R, PATI U C, DAS S K. A comprehensive review on deep learning-based methods for video anomaly

detection [J]. Image and Vision Computing, 2021, 106: 104078.

PATCHA A, PARK J M. An overview of anomaly detection techniques: existing solutions and latest technological

trends [J]. Computer Networks, 2007, 51(12) : 3448-3470.



1126 T EESETN 539 %
[3] GONG D, LIU L Q, LE V, et al. Memorizing normality to detect anomaly: memory-augmented deep autoencoder

[4]

[7]

[8]

[10]

[11]

[12]

[17]

[18]

[19]

for unsupervised anomaly detection [ C1//Proceedings of the 2019 IEEE/CVF International Conference on Computer
Vision (ICCV). Seoul, Korea: IEEE, 2019: 1705-1714.
BERGMANN P, FAUSER M, SATTLEGGER D, ez a/. Uninformed Students: student-teacher anomaly detection
with discriminative latent embeddings [C1//Proceedings of the 2020 IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR). Seattle, WA, USA: IEEE, 2020: 4182-4191.
KINGMA D P, WELLING M. Auto-encoding variational Bayes [ C1//Proceedings of the 2nd International Conference
on Learning Representations. Banff, AB, Canada: Curran Associates Inc. , 2014.
SAKURADA M, YAIRI T. Anomaly detection using autoencoders with nonlinear dimensionality reduction [C]//
Proceedings of the MLSDA 2014 2nd Workshop on Machine Learning for Sensory Data Analysis. Gold Coast, Aus-
tralia QL.D, Australia: Association for Computing Machinery, 2014 : 4-11.
CAO V L, NICOLAU M, MCDERMOTT J. A hybrid autoencoder and density estimation model for anomaly
detection [C]//Proceedings of the 14th International Conference on Parallel Problem Solving from Nature. Edin-
burgh, UK: Springer, 2016: 717-726.
SABOKROU M, KHALOOEIM, FATHY M, etal. Adversarially learned one-class classifier for novelty detection [C]//
Proceedings of the 2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR). Salt Lake
City, UT, USA: IEEE, 2018: 3379-3388.
COHEN N, HOSHEN Y. Sub-image anomaly detection with deep pyramid correspondences [J/OL]. arXiv,2020:
2005. 02357.
DEFARD T, SETKOV A, LOESCH A, et al. PaDiM: a patch distribution modeling framework for anomaly
detection and localization [ C]//Proceedings of the ICPR International Workshops and Challenges Pattern Recognition.
Online: Springer, 2021: 475-489.
RUDOLPH M, WANDT B, ROSENHAHN B. Same but DifferNet: semi-supervised defect detection with nor-
malizing flows [Cl//Proceedings of the 2021 IEEE Winter Conference on Applications of Computer Vision
(WACV). Waikoloa, HI, USA: IEEE, 2021: 1906-1915.
LIU P J, ZHANG H Z, ZHANG K, et al. Multi-level wavelet-CNN for image restoration [ C1//Proceedings of the
2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition Workshops (CVPR). Salt Lake City,
UT, USA: IEEE, 2018: 773-782.
REZENDE D J, MOHAMED S. Variational inference with normalizing flows [ C]//Proceedings of the 32nd Inter-
national Conference on Machine Learning. Lille, France: JMLR. org, 2015: 1530-1538.
BERGMANN P, FAUSER M, SATTLEGGER D, er al. MVTec AD—A comprehensive real-world dataset for
unsupervised anomaly detection [ C]//Proceedings of the 2019 IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Long Beach, CA, USA: IEEE, 2019: 9584-9592.
KINGMA D P, BA J. Adam: a method for stochastic optimization [ C1//Proceedings of the 3rd International Con-
ference on Learning Representations. San Diego, CA, USA: Curran Associates Inc. , 2015.
HOUJL, ZHANG Y Y, ZHONG Q Y, et al. Divide-and-assemble: learning block-wise memory for unsupervised
anomaly detection [ C]//Proceedings of the 2021 IEEE/CVF International Conference on Computer Vision (ICCV).
Montreal, QC, Canada: IEEE, 2021 8771-8780.
ZAVRTANIK V, KRISTAN M, SKOCAJ D. DRAEM—A discriminatively trained reconstruction embedding for
surface anomaly detection [ C1//Proceedings of the 2021 IEEE/CVF International Conference on Computer Vision
(ICCV). Montreal, QC, Canada: IEEE, 2021: 8310-8319.
HUANG C Q, XU Q W, WANG Y F, e al. Self-supervised masking for unsupervised anomaly detection and
localization [J]. IEEE Transactions on Multimedia, 2023, 25: 4426-4438.
LIC L, SOHN K, YOONJ, et al. CutPaste: self-supervised learning for anomaly detection and localization [C]//
Proceedings of the 2021 IEEE/CVFE Conference on Computer Vision and Pattern Recognition (CVPR). Nashville,
TN, USA: [EEE, 2021: 9659-9669.



58 AT A TR FRAE 0 A 2 > 5 R A A 5 A 1127

[20] GUDOVSKIY D, ISHIZAKA S, KOZUKA K. CFLOW-AD: real-time unsupervised anomaly detection with
localization wvia conditional normalizing flows [C1//Proceedings of the 2022 IEEE/CVE Winter Conference on
Applications of Computer Vision (WACV). Waikoloa, HI, USA: IEEE, 2022: 1819-1828.

EER N

K BF.FLELRIEE,2015F T
e R R R A R, E
877 ) g E AR I 53R 00 18
Y 5 M 45 . E-mail: zhulei@wust.

edu. cn

BF, 5 Wi s A, 2019 4 T R
DR R 22 A 2 L oe o, FE R
75 18 2 i 5 AL AL e A B B ke I
E-mail: 756831285@qq. com




