wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

EHE T EGREE N E LS SR RSEE
3KEBsE, 3KIE, RXRA, BRXA

5IAEX

3KEpsE, KR, RXA, BXF. HRIIVEGSEENNESZERECTER]. H8HRE 2023,
50(12): 212-220.

ZHANG Zouquan, ZHANG Hui, WU Tianyue, CHEN Tiancai. Continuous Dense Normalized Flow Model
for Anomaly Detection in Industrial Images [J]. Computer Science, 2023, 50(12): 212-220.

BUXEEE (BERXINE IE JEREENE)

Similar articles recommended (Please use Firefox or IE to view the article)
fEFRAPLE R ATMERAIRI T B E

Generate Transferable Adversarial Network Traffic Using Reversible Adversarial Padding

HEHNRIE, 2023, 50(12): 359-367. https://doi.org/10.11896/jsjkx.221000155

FERIESRERANENREAECTEREE
Low-dose CT Reconstruction Algorithm Based on lterative Asymmetric Blind Spot Network

HEHNRIE, 2023, 50(12): 221-228. https://doi.org/10.11896/jsjkx.230300014

E TN B RBENZ I IEEERE UL
Multi-temporal Hyperspectral Anomaly Change Detection Based on Dual Space Conjugate
Autoencoder

HENRIE, 2023, 50(12): 175-184. https://doi.org/10.11896/jsjkx.221100092

EFHIRM S SUREEREE BN
Feature Fusion and Boundary Correction Network for Salient Object Detection

HEHRIE, 2023, 50(12): 166-174. https://doi.org/10.11896/jsjkx.221100203

HEF TransformerH RS AIRT [EF5 52354

Transformer Feature Fusion Network for Time Series Classification

HEHNRIE, 2023, 50(12): 97-103. https://doi.org/10.11896/jsjkx.221100112


https://www.jsjkx.com/CN/10.11896/jsjkx.221000183
https://www.jsjkx.com/EN/10.11896/jsjkx.221000183
https://www.jsjkx.com/CN/10.11896/jsjkx.221000155
https://doi.org/10.11896/jsjkx.221000155
https://www.jsjkx.com/CN/10.11896/jsjkx.230300014
https://doi.org/10.11896/jsjkx.230300014
https://www.jsjkx.com/CN/10.11896/jsjkx.221100092
https://doi.org/10.11896/jsjkx.221100092
https://www.jsjkx.com/CN/10.11896/jsjkx.221100203
https://doi.org/10.11896/jsjkx.221100203
https://www.jsjkx.com/CN/10.11896/jsjkx.221100112
https://doi.org/10.11896/jsjkx.221100112

0 Vf :ﬁ- *fh 1’*‘ ‘? http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 221000183

HiETWEGRERNAESEZERELREER

kapse’ K B O RXA' BXRAS

1 kP EIAFERAEERIEER K 410000
2 MEAFNBAFRK Kb 410000
3SMEAFEAEEAEIREKR Kb 410000

(zouquan_zhang@163. com)

H E TLFRAOFFAMNRESHEPRTREGRT ., EERI LA Z P58 A EFFFAR & WHIK LR %5

FARSEFAR EmBEREIHAMBEE LIRS ZUEAREEF—ZA @ Yn., EF R FELABAALTRE
iaéﬁlk@%%f“ MR T AR AR AR B AR #’J%%fiﬁﬁﬁiﬁ%ﬂ%i é’rxﬁ'J:iixfi,s‘é.,#%&T*ﬁ@@L
A AR S A G 3 A R AR AR A . B R R — AR R T AT F T A AR IR IR & D Sk ek W BEBSE R AR A

HEFF éi#%ﬁu)\ﬂﬂb TSP INGRHAER T ML AlexNet LR LZAFEZHARAMGIER; LR, ZKTELEE E#Trfi%
AL R ?’]‘iig;jﬁéﬁi/\ﬁw#’]**ﬁl\.)‘ BRI R KA 5 BA LS. £ MVTec AD #= Magnetic Tile
Defects AZ AH G T LA R HEE LW EHERENA . 5L FFanER A0, iR 7 kA 3 AMHKEE Lednl
B T R R AL KT,

KR T LB FR AN REE T ARERR I E T

FEESES TP391

Continuous Dense Normalized Flow Model for Anomaly Detection in Industrial Images
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Abstract Anomaly detection on the surface of industrial products is an indispensable link in manufacturing. In actual industrial
production, there are common phenomena such as low proportion of abnormal samples and complex and changeable unknown ab-
normal, which in turn cause a series of negative effects such as overfitting and poor generalization ability on few-shot datasets. In
recent years,the idea of normalized flow has brought a new approach to the field of industrial image anomaly detection based on
deep learning,but the inherent architecture of normalized flow easily leads to insufficient model expressiveness. Aiming at the
above difficulties.a continuous dense normalized flow model for industrial image anomaly detection is proposed. First,a feature
extraction network pre-training strategy based on contrastive learning is designed,which involves simulated abnormal data and a
small amount of real abnormal data in the contrastive learning task,and trains the feature backbone network AlexNet to narrow
or widen the distance between specific samples. Secondly,a continuous dense normalized flow model is designed,and it uses a
composite architecture of reversible transformation to construct a dense flow module to enhance the fitting ability of the genera-
tive model to the distribution. The experimental datasets include MV Tec AD, Magnetic Tile Defects and self-made industrial cloth
datasets. Compared with other anomaly detection models,our method achieves optimal or sub-optimal detection performance on
the three datasets,respectively.

Keywords Industrial image detection, Anomaly detection,Deep learning, Normalized flow,Contrastive learning

Ff H I .2022-10-23 3R {8 H 1.2023-03-17

FA T L E KT S LR (20212D0114503) 5 [/ 5 F AR BE% 25 45 (61971071,62027810) 5 1 B 44 745 tH 7 4E Bh 2 3£ 45 (2021]]10025) ; 1 75 45 BF
SR BIFT I H (CX20210797)

This work was supported by the National Key R & D Program of China (2021ZD0114503), National Natural Science Foundation of China
(61971071,62027810) , National Science Fund for Distinguished Young Scholars of Hunan Province,China(2021JJ10025) and Postgraduate Scien-
tific Research Innovation Project of Hunan Province(CX20210797).

WAEVEE K (zhanghuihby@126. com)



SRR A T i) Tl R S kA 0 Y I 5 AR A oA A A Y

213

1 3l

il

Tk 55 48 5 WA ZE A 22 5 KR W T8 MU0 AN B 40
S, ST ORIE Tl Y AR T A R T, SRR 7E T
Ap FEREEAR RS2 BN TR . Tl BUR S 5 R I — B ] 1
b Y T ER T SR e i ol R AL R R 0 OCE AT 55 . T
Rt R B B A S0k, T4k b 51 A T 18 208 5 19 2
BRI EBA ATE MR E L RS R Tk A7 F B, X
i W AME NG R E M, 5IEBHEAA L, Tk 5% 0
BT R AR

FE SR AR 77 i, K 2 80 SR T A% 50 0 N A I 2
AAE g Tl g e J5 58, %07 BB SRR 5L 8 A 4
BAR, (AHTER 2 RRE M TAERSE T 776 5 % 2500 4
W R DB AT 5518 2 [0, T 2 TR G 7 e A =
A Ak Tl 5 R DU AT 55 0 1) g FH SR8 B S B B

AR L TR FE o 20 1Y 5 1 X e B T 45 A oK B Y T
b A 3 5, B T Tl A R AR RN A 7R Y A B AR AR B R
W TNy A, H DA TR BE 2 20 1 Tl G S A
52 R A WB 2 3 2 B R A B AR I 2R B ART
XY B TR B A ) RS ATl A b T 2R T A b
1C Y 520 B0 L 5 M 5 IS N AT BN L E T A 44 04 S B )
R AR L 5 BT [ 4 A i T 1 3 0 A T ik X R S R
R

ARSI B8 3 T X L 2 2 1 A i 2 S R R AR TR S
T IR T — i ) Tl PR S R N B 3 2k 9 AR A AL
WA, 52 EAA THXTAE, EEM A Sh g 2% Az ot
U 2% DL KA AR X 3 A [R) 1) 2B B A TR AT I a5 2R
3 TN % Ak B B A o D AR TR BT U5 R AR 5 R IR AT BB
954 BAHE T AT S KPR A T X b S e 25 R O A
o I S T B R Y b 5 B St s S A A SO R
Kk,

B 2 B Tl A O P o A A Y SRR AR D B TR AR
T o TR TR0 7 8 09 Tl S 3 A AT 55 h Rk B 1 2 KR L D R
EH 5 55 BRI AL B S5 IR A AR LRE @ Y )8, 32
T B TR 1 5 X LY A 2 AR R AL, AR SOy TR
AN

(DX 58 e 48 Tolk 5 O A 09 B Ba AR AR S 2 11 30
G 4w WL AEAK TH BB T AR 70 “ 300 B8 JL 5K S i, A A AR TR X
BB RE SCTETEMT . DR AR M SRR AE 38 BRUASE B A 2 T X L 2
3T 1 T 25 5 W, A R ASE 0L 5 R A 2D B ) B S S R
AR A AR I i AR A 0 S i e AR Y 4 )]

(2) 5] AR AEAL T Y AR, 38 2o s o A U B 3R A5 1 o
G A 25 5 SR A S R 2 A SR S R, LG B I A TR
ORI

() IZEERIAE NI MVTec AD $4E4£S . MTD(Mag-
netic Tile Defects) 48 #£1 LL K [ 1 A0 75 U 55 38 45 F K6 Il v
BRI UE T A SO B A e S A SR

2 MXTIIME
UTAER L [ A A 2 3 2 B TR 2 o Bk 6 Tl SRR TR

7 il P R £ 1R T3 22 T M T 8 B R AR I O i . BIFSE
A9 B RS T AU Tk 5 AR T . T H
B EE 018 S5 G I T 2 ) P R A R 22 0 4% L 3 IR 7 IR
1o AERFAE E A M5 B, O SR FH kT 45 3 2 58 A Ok % 00 B AR 4y
W5, BRI AN B BT B8,

WA (3% 2 5 R J7 vk 2 Ak T AR R AL i
BIE LTy TRt RS A TR N B R ES LR TN
1A v 24 SO0 I 2 PSR 2 P A D08 R BR300 9 7 25 I 43 7, K
T 42 B30 5 A7 8801 Rp AIE o A 77 B 25 D) S 6 0% 48 e A1k BE AT 1R
FAYIE IR FE TR R AT 55 b, Sl g T AR A IR
MR AT G SR At , 300 3k 249 Ao 45 ) 4% 7 A% o 1 005 T L DA
P IEHEG M AR, Yo SR T —MeE R A
S Bt 405 T A 19 4%, T8 L B T G S R TR ST 2 o 0 R 22
(Mean Absolute Error, MAE) 45 2% 9 bR 17 2 544 1 4% ) B
B R B, SR D T A5 58 B G B 2% X S R D) 5 2% T e G Ak
R ZE MM, Zavrianik 5507 38 ] 5 A T 45 0 B0 0
FEAC R O TE B AR AR, HCJ 787 4 — A 0 03 1 I 4 i o SRR
AW S B, Kim G800 48 R AT #E =X A 3l 2 19 2% A0 %)
Fo 2 30 1) JEVRE O 5 il S i RE AR SR T S Bz b M e 22 1Y 1)
B, R, 458 5 CutPastel 3 58 B 5 X L 5 09 5 8 4 D
BRI AT L) T A 250 A O R R, Ulger %5 R 1 AE 4
i 07 0y JELAE ke I 25 28 N 4L 5l 2 B-VAE 2K 153 3 47 19 iR
YRR . AR5y A G AS B AR R 1 A A I R A2
T fBIABE 22 A5 2 1 )5 5% 43 A, 0 R B 4 O 1k i B B 4R B B LA
JE 1P =

5 —Fh 3 F A X BT M 4% (Generative Adversarial Net-
work, GAN) (1% 55 K6 I 77 1238 % R GAN g AE JiE 1 EHR
HORE . eI ZRad R v, 19 45 v i 30 00 s 15 A i 43 i)k 18]
B KA F e /N H bR o B de 4 BUE, Rt BE EE A U 1L A S
28 T M A9 B2 . AnoGAN #E RIS o ok GAN B8 5]
A PR 58 6 AT 55 o B A S5 o B0 LR AT U 2R L
WY . A — R B 5% A% — . AnoGAN il X o2k
5 5 I R 22 59 ok il S i . SR TTZ 7 120 53 R RE T
TR TR S A, R T AR Tl 35 S b iS4 . Xing
SEUOTEAR R A G A ER LT SO BUAL ] B TR
A BUA R TR D ae 09 40 5 4% L O BEAT T2 XS B A o] L AR AL R
FHEARMEMBET) . SR R 22 B0 O T I 2% I 2 0 AR
PRI M A [ ) e 2 00 45 0 2 o AR AR 18 ) 7 A RS [ AR B 1Y
o, A B X T HER A BRI GAN 1 I 4R %5 TR R
A G35yt DU R A i

HrifEAL TR (Normalized Flows, NF) & — Ff 3 T 0] 33 28
R e A E W i O S A o i I N O i g R b
A3 A VR A B, SN A o M R 8 8 LG B R HL A A
MERBEE RO, Iz A A A BT R AR S B A Y
AEJ1 . 0F Fu VP W0 A B W 55 X 3P Al . NICE (Non-linear Inde-
pendent Components Estimation) #5118 VE h 5 JF 48 19 NF &
R A AR AR B A A R T — i L S T IR I B
WEEA . b TP IR AR XA, Huang 500K Z 2 A S
B B AR e S 3] 094 0 R AR A 18] P, SRR T AT S T G Y SR A
IR 1 i 2 ) 2 T8 B 0 59 AY IR) R, (H X Rh O L TR Y



214

Com puter Science T HMLF2:  Vol. 50,No. 12, Dec. 2023

52 2% P TR R A 9 R PR AR K T 1) Tl ) S B I AT 55 TE R
N F1 . bR A T H R D40 8 HL AT AR 4 B9 % L Rudolph
S0SHR T DifferNet, 5% Real- NVP 7 #E 1L 7 1A 2 14 g 5
G B AR 2% A AR R L % BEAE MV Tec AD $0HE 425
b2 R AR RRAE i 4k T 1 L (Area Under the Receiver
Operating Characteristics AUROC) 5% 93. 25 % . {H H i [ 1
AR TR S

EWHAR -

l—
| —

FAEERWEN %

wogEg B — L

SR B ) B R S e A R L O OR B I b T A A L A K Gk e
J1 ERYBRBA

3 ETESZENEURHNIVESGRERUELR

P SC AR M A T 5 8 A o v A DA 2 T B 0 Dy AT 4 U
He B A o AL AR e, BAR R 28 S5 A AN 1R 1 TR .

L

Zn(0) Zn(1)
n Zu(O) Zn(t])
o] Za(l)

Za(p)
it H AR %k 2 R

FERER

2

EESES
iy

“tf

Permutation
Permutation
Permutation

P12 A HE R R

Fig. 1 Overall network framework of the proposed model

TREAE B BRURE AR S T 25 B B A T A B OE R RE AR TR
G5 AR A B AR E R 4%, B REAE GO T RS AT
XA 2 AR 55 . FE IR B B, 1E  FE AR B0 A B REAE 42 BB
By 321 W 25 LLSRAT 2 NOEERRAE L 28 5 Ak 2 48 B2 BF 432
A BN bR AT H WA i i 22 A RS BRSO
B F R, S EARE AR W A 23 18] 43 A R il 43 A 104 32 %% B (Y
CIRDR 28
3.1 BT b 5 5] R RRAE R B 4% Tl 4k 0k B

TR 2 M 24 T 11 2R W ] DL Ry R EAT 55 4R I TE AR A Y
s A REAE RN L AR RRAE 2 [R] L BB TE £ 4] 1] A o SR i R L 92 1
Tl 35 55 DR S8 52 2% AS W00 HE G 00 A TR 2 A A i) A
AR S A 2R R UL S RO R TR R B 8 Dl E R R
AR B S AR AR B /i B S S R REAS AR O AR AR T 4K A 5
Xof S H R AR S B Y A 1) e R AT RRAE SR AT R
BB FLII R R ALY RE 42 5 0 2o dw /N X LG 4 2% R B T R
26 SR AT TE R AS L8 W AE 25 ) Y BE B S AT BE 45 /D, [
HF LI OE SRR AR X Y PR R L TR O, R AR 4R BRORE B 8 1% OC
BN H X PRI EEE AR B N & NS 2w
A I 1 K B

AR SCR FH A 5 R W5 9 O e IE R AR A AT AR sk . B
PRI T 50 AR S 3 4 DX 3, e A8 32 43 1 % L BB R
GG R R B T IR MR M BEATL AL 8 el 1 2R A — S
P . R DRAEM #E#1S vf iy A4 il O 538 7 %, 38 AR
ARIGE 7 A 3 BE L 8918 R AR 4 L ¥ DTD 4 4k (Describable
Textures Dataset) ™ 4 g 5 8 e I, XoF JF IE % AR 1 45 52 X
BHAT B A BRAS R S

FE SCPIAS 43 A & Tl E 3 B AR e BARIR G 1 7 A
BAREL = (1) 5L =1{1)" N, FIN, 5 B 0F % 5 %

BEA (R B I 5 ¢ T REA L I S T S I
SErR RS 4D A Dt U2 50 L DA BB F T 160
F ORI ATV WA, FOE, B4 AlexNet ™ ff 3 6 9
AT R R T SR OF (R4 5 0 O 7 4
FF 28 10 i S L4 940 6090 68, o A e
th 0 85 0 AR G

2= x gl (1—1) * 2 D
ez R 5 05 5200 o A R ] 0 6 G 2
Rz (A K s o S — N0 1 TMBEMLER k. Oy T b 1k M0
F B0 2 2 AR ) o A 0 R TR 39052 5 G
O —

5 ST 6 48 8 A o Xt 2 2 £ 5 o B LA o8
S A 0 0 A 0 12 WS 0 055 0 e L
e R A B AT HLAR 2 B, 0158 C3) B

u

d(u,v):Hm*W , (2)
L= 1 Z\: Z\: ﬁ:max(ew—eMer 0
COCRk K o ’

3

Horr o d Gu,v) WA H — AR ] 18 22 18] 7Y BR TGRS o 2 4
TR RO R B A OGRS m S BREE Y B S
3.2 EEEEmENLRER
3.2.1 AKERH
o Ak YA 3 o R 3 — b A Ak FT 0 AR e B AR HCR A
B BCHIE 43 A w5 B B B A A R AE S ) b . T AR
AR T B R L A0 A 45 DL SR AR 3 A O A S
z~p(z) D
x=g)=f"(2) (5)



SRAR R, A5 T 1) Lol IRTR 7 A6 T Y AR AL A R

215

Horb,x HEE MR IR 2 HBTERR T p (O MAKRT T
BV TE 231 5 g O IH — AL TR A Y v B T 390 A 5 R, 1R R A B
G ) JV e S5 g 4L 45 100 R 0 4% 97 A5 280 B 65 S BT 3t b AL 36 23 A

HEAT RO o () I e 5 R AN A B 20 PR R B s AR . TR 1
B A VA — AL A AL b, N2 R A g bR AL T 1] I B bR O A
TREAR & FFR B 2= F GO M p (o) THARBURE AR, BT 45 LA
THE = B RLAAE . A B0 A 2 My 3 s M 0 4 1 5 ol < A S

oA p (o) R = BEAT R AR R pR B g AR e O R A
A 3 e A i e B SR AR A R R B 20 A 5 R
{E%Z‘EZIEJH’JT%?%%E@%M&JLKJC%éai’éﬂ}ﬁh—i x Ak i
FEp . Co) BIRE e HE T a0 20 C6) F (T P

| pe (o) dx| =1 p. (z)dz| (6)
, _ dz | _ dz dh, | dhy
P (x)=p.(2) q (z) L dn, L dx

=p.(z) |det J,(2)| (D)

D A x 5z 5L 2 7 B 22 (8] v ) B A

S H e N R R EPSA L E ) N NPO .

A u/\ﬁ’ﬁnﬁETLt%EM:J (I T MR A e I FH X A2
P IS o AT 3 200 BT SCRT L, 47 T (=) 1) 28 %0 8 R o
= W SE ) o IR B0 0L, 2 (0] SR /0N A4 4 A 5 B A AR 3R 5 R 4

i B 13155,
3.2.2 %%mﬁ&
A BB R & )2 25 W BT 45 2 B9 fE T L 47 30 S04 R 4

Emﬁgﬁﬁlﬁ%Tﬁzﬁhﬁmmﬁu gy T
o J1 43 Aii K A0 AL e S B0 bR o 43 Ak BR O o B B SO
i ZHAABEMEE R LS., 2302108 K. &
SCHY R T — B S SR bR o Ak TSR A O 5 A T AR L
HEAT Toll 55 K, E 2 SR bR oM Ak BT B B b, 5l o R
245 D AE S 43 A 23 TH] 5 A OG [ 4 BE R E 23 ) A PR L Ok
PRTEBERA FRaA M, Hoh — A B AR R T e g
wmE 2 frx .

A

B2 AR AL R AR

Dense normalized flow module

Fig. 2

B A 22 5 BE LR B S B E R AS B A

h/z+1.[§+1=u] Y A B AR 8t TLjhm[aﬁ] O Y 28 i X7, 7E

Fet e 5 Frrtian, T30 8] BB WG HE 5 K4y 1, 43 kAT
T Bk ] 74 A DG M A 4 o A 30 LA W R S R M R = A RE T L
J B, DT 3 50 200 L B o B A TR B b i 0 6 )R B
904 A oAy JB SR 1 R it o I L 3 3 A % R o i 8 T B, L
TAREN s 5 (B E ST . S B 1k $8 5000 8 4 20
T 51 % ARSI 5 35 X6 s (o) 2R P Al 6 1 o 2800 322 330 g A7
e B R BN 2R (8) TR

_ 2a 1
Sclamp — tan
g

% ®
Hr o AKER 2,
— AN T HE ] AT 3 S N B SR B Real-NVP™

B RPN B R RS ECE E LN
hy :le(h,\,)
S Ledpign (hk.un#, )
- . (€]
QU rr.ar, (hk.r%ﬂ:m )|k h, ., Ly 0

Horb BB QC + ) g T U e bR K B TR 0 S B A R AE
I e HEAT R & . HOS AR BT .

hd = i ()
f;\:rlml,mh (hk.ro.#ﬂ )
- 10)
Q' (fwrll.uk,w (hk.i% F1.L] ) ‘h}z.[(u%] N
o FH S5 KA SR A TT U GBS 7Y, L1 L8R oR Bt KAk DL 33K
2 NIEEE S G N @ G E R N 3 N KD S € B/ 7

HAr R Ean =X QD iR .
[z H dz
L,(x)= —log ‘ det o an
3.2.3 a5 Es

55 DifferNet "™ A [l , % 252 2% 4 by o f0 T A58 88 5 ) 67 %)
BBLER ) 5 2 0 N B S R R . AR AR T S A
R SUE BRI B B AR SO A5 A BB B 2 A4S AN TR e
o RO R AR L P AR T TR A T R L AR SO R Y T
B Be it 53 s an X A2 PR

t(ID=Ep,e,[ —log ps (fu (fu (P (T ] 12
Horbr,p KR 5 SN ER A 2 A28 4, T P, J2 2 A48 4 o
%Jl~ﬁ@¢'ﬁw%ﬁn&~~%%ﬂﬁﬁﬁ%ﬁﬁg

o 53 0 R R AE 2 T 4 K i B AR A R A, 2
zuwﬁ?MHMMawﬁw%Aﬂﬁﬁ%m



216

Com puter Science T HMLF2:  Vol. 50,No. 12, Dec. 2023

4 IBWHERSHH

4.1 HiE&E

AL MVTec AD B4 4554 Jy 32 2 92 50 A 4 L O 4%
STE YR A MTD im0 LUK [ il 59 Tl A DS $ s 45 F ok
A1 90E , LA AIE B A SC 7 vk 1 i . MVTec AD &2 — 4%
U1 HH T 5% Tl S i R 00 gk A R o I ) s AR L LA
15 ANASTR] B 6 G2 R 803 28 50 B AN 2 00 40 6 — 20 T i B A
YRR — 4 BT 4R S 5 1 TRR DL ST e B 1 AR A
WA, EREUIR ST, R EUR S 55 BG4y X 88,
FETE AR 25 B0 75 1E 5 4 A1 RS B 09 5 5 43 A Z R AUAE A8 41
T2 5. R AR LA 5 5000 5K B 2> B R IEG JEUIR K%
SrBRERAE T00X 700 R H] 1024 X 1024 R FEZ ], FEA L
L AR RIERE AR 3629 3K IRAFHEEARE N
477 3k Hh B 5145 0 2055 58 R 45 250 4 M S0 BB 42
HE 1 ~2 FhE S, Sk g 310 3K, X T HUEE LBl X ik
SUHL SR FABE B 8 14 5 AR AL AR L 5 R R
AR I J0 22 91 DR I 536 9 28 S0 B SR T A SRR B 5 0 ek >

(a)MVTec AD %l 455 7375 il

SIMPLY VERA
VERAWANG

SIMPLY VERA
VERAWANG

SIMPLY VERA
VERAWANG

SIMPLY VERA
VERAWANG

(b) MTD 4 4 75 1l Ce) [ 1l A1 DG 46 4 7% 151

3 b il 4 7 4l

Fig. 3 Example of industrial datasets

MTD %4 52 467 1344 5K R4 BURIMG , 2 vp 4 8 JC B 6 7
FOPER LA B 5 M8 BUBR BB . A SCHE 952 3K TE e b 181 15
80 Y4 (1 Hb A5 ML 3 B 762 5K AE N I 4R 48 . Fo Ak 190 3K B (R AF
R LIRS SRR AR 127 3k,

1 441 A7 DT B0 4 5 764 5K ENAT AW bR 45 1 A T L
HAIE# ER A 339 3K A& TR IE TS 2 25 5 7 A R 3
425 g, i T A UG R K 58 e oK, TR X He b A Houy L, 20y
Ji IEH# FEAR LI 2696 3K, S 5 IR IE & FEAR & 2157 3K,

TRA R AR 190 5K,

AL DifferNet™ 75 S B2k, B4R 48 16 I 25 o B 2 % G
WK 448X 448,224 X224 5 112X 112 3X 3 AN KB, AT b 2
Fw R A A ], I T U ZRBOE SR P R AL B A T A 5
SR T ETIG R 2 5 0200 BR8N, Mk
FF a4 il J5 SeA B AR AN (R vz AL AR 1 55 , Rl B 43R 2% K
BHE . HIL.RATE A ImageNet HIl 27 AL X FRAF H2 BB
P AT ia Ak 6 AR SRS SR E AT R RS 2% 3 . AR SR T B
PR R A 0 AR S 80 B WD a2+ 2 Z) 0. 000 2, epoch
$hy 280, batch size 4 96, ffi F Adam fRIL#R 1L, L4
RS 2SR /E R 50 Ubuntul8. 04. 4; CPU I & 4 Intel
Core i7-10700K CPU @ 3. 80GHz,GPU %5}y NVIDIA Ge-
Force GTX 3070, R i 24 2 HEHL N Pytorch 1.7.1,

4.2 ZRBWERSHW

SO T AR A T BRIz R R R AL 4R AR AU-
ROC K0T # Jir #2455 A 04 1 B . AUROC 580 K 110 A ) (3
T B0 PR S 5 18 PR PR 2R B g g it 4T 1 | AR, AUROC
[EEEONIE N R S 1Y o
4.2.1 W RER

Ay G IE J5 T X L2 2T R R AE B ) 2% T DI 2 R W I G
5 A L B A RO AR SCRI T 1 3R 46 AR R 45 B AT I Al 5 43
Br IR SR A R an g 1 s, Hrhoim R RO AT S A
T+ (D FRRII T 3T X 2% > 09 50 A 42 B0 4% 1] 2k
WS B DifferNet B8, L2k + (2) RR R T iE L% F
AU DifferNet, 7ERZR bR AL T X5 L0 2% > 09 FRAE 32 UM
I 55K W T, o 2R AUROC 1548 0 95. 61 %, 488 T
3.85% M ATE AR IR T 2. 99% . L E R AL
ARV BIE 5 L tile F toothbrush 45 2% Bl # AUROC #8473 K
BE4RT:, S AL A LR T 0. 76 % . R I 1A T3 I 25 55 W Al
SR E B A AUROC #8 4Rk 5. 22% , U R4 T+ T
0. 74% XTI HETT 4.13%.

# 1 MVTec AD ¥4 45 FHIBI B A& 4B () S0 10 45 3
Table 1 Ablation experiment results of model adding each module

on MVTec AD dataset

BT %)
% 5l ] EE+HQ) HEEHQ@  AXFH
Carpet 91.09 80.18 92.50 98.39
e Grid 73.43 98. 48 73.68 99.31
# Leather 96. 84 100. 00 97.83 100. 00
ES Tile 98. 02 99. 41 99.71 99. 21
Wood 99. 40 100. 00 99.55 100. 00
LKA ME 91.76 95.61 92. 65 99,38
Bottle 99. 05 100. 00 98.97 100. 00
Cable 94. 00 98. 46 95.71 99. 81
Capsule 88.07 98.72 87.31 97. 22
Hazelnut 99. 86 99. 64 99. 89 100. 00
# Metal_nut 94.18 100. 00 95.45 97.90
i Pill 87.45 99.10 88. 68 92.12
Screw 95. 90 83.50 94. 38 96.71
Toothbrush 96. 11 100. 00 99.72 100. 00
Transistor 90. 67 86. 33 91.96 96. 66
Zipper 94. 64 99.75 94.77 99. 84
LE SR 93.99 96. 55 94. 68 98.03
1 93.25 96. 24 94.01 98. 47
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25 1 A SCHR I 3 T HG 2 3T I R AE B IO £ I 2
LS OR walllE S B S R s N 1 S T A £
MR REE MG E LEAZA SR ET AT LI R
B L AT IR 5 5 E VA 43 A P D SR 0 B W L [R]
B R A @ S B Y E . FEXN IS T A
A 2 5O TR 4 N S A A s R 43 DX S AH L 1) S 2 7 2 () o
BeHL T, I SRR A BAR SR A, T4 T T 5 S b ol Ak T A T (1Y
BN Ak ) 5 76 2 S A2 AT AL h, DLIE B AR AR AR g di A K T 4
Gy S TE A AR KA E R AU RS A
Feik, MG ARG B AE AR E R T — 2 5 bR S A R
HEXT 55 .

1.2.2 BERBBEK 5

WESFEEREN S FEEREER L& &R
KNI R S g i B R A SR . % 2, AUROC 48
S5 R F I 2 ar 3 200V (8 /0 52 50 B (E /R
B , IORL 5 1 A X R &8 4 i e R E . AR 2 AT LU i
AUROC 8 45 B 45 #8542 80 B (9 38 m i T+ =, 25 48 0 B 4t
O 4 B R R /N 4 3 )R T I 98 A AR R B B
2 BB T0.09% ~0.58% ; b 5 4 7 4 2 09 38 , b5 7
A A B B0 E Ok 1 B g . PO R KON & i )R
FEAFEHER Ry 768 BRI fe ARt TP AR e fE 0 B AR I B
Bk 3, 48FR 98, 47% . TEMB S EOE T M FE AR, X
bR 97, 72% HAIH L 5 3. 1%, H B H B 8

£ 2 ARIRBIECE AR 4% 5B 4E BT ik 45 2R
Table 2 Detection results with different number of stream modules

and different fully connected layer dimensions

CHAT 2 95)

B 5 e R =2 #HEHE#H=3 #EEH=4
ES X3 98.57/97.29/ 98.96/97. 88/ 98.92/97.89/
% JE =352 97.72 98. 24 98.23

X XY 99.04/97.16/ 98.93/98.76/ 99.12/97.99/
Y JE =448 97.79 98.15 98. 37
Ak E 99.00/97. 44/ 98.63/97. 86/ 98.81/98.09/
Y =512 97. 96 98. 11 98. 33
AHEHE 99.00/98. 00/ 99.17/98.12/ 98.72/98.28/
4% =768 98. 33 98. 47 98. 42

4.2.3 ARFF AR LIk

R T 2D TR AR SO (9 A R TR R T 5
by S R DU R R S AT X L SE B, 3R 3 A TS R R Y A
MVTec AD ¥4 45 A& I 45 5, H &, PaDIM™®! fil GA-
Nomaly™ 43R I T 581 5 vh fir ik /9 26 F A4 o st 5 5%+
Giil2E 17, i DRAEM™ A Cutpastel™ 33 1 Ff 455 20 T 2
BT RS2 514, DevNet® ,DRAM 5 CAVGA-
Ry 72 [F] o 55 W B A 20T 09 S5 6 R A A8 A S PR R K
DA BE b b Al 7 e AL 75 7 6 2800 [k B A IR AE
FHAE 5 KB EFE bR Rk 100% ., F 4 51 H THAZE MTD
B AT 5 A A VS SR R AR I 25 R, T LR L AR
BN AN () Ao 24 B %o G 0 Tl B 48 4R B A 3 I S 8] B X E £
FEAR BRI LR R 0 iR B TR W 40 JOKG J3E . 3 o 3
TR LA ST AT 55 00 11 25 5 W ORI R 3 3K BE D 0 B o Ak AR AR
ATy AR LAAE S BB SCRYIE S LS 3ROR

3 TE MVTec AD il 52 T A 7] 53 3 A6 I AR B4 iy s ) 45 2R

Table 3 Detection results of different anomaly detection models on MVTec AD dataset
CBLAT 2 %)

%5 GANomaly CAVGA-R,,  DevNet PaDiM DRA CutPaste DRAEM KX H#E

Carpet 82.10 82. 00 86. 70 99.90 94. 00 100. 00 97.00 98. 39

4 Grid 74. 30 81. 00 96. 70 95. 70 98.70 99.10 99.90 99. 31
# Leather 80. 80 84.00 99. 90 100. 00 100. 00 100. 00 100. 00 100. 00

* Tile 72.00 86. 00 98.70 97. 40 99. 40 99. 80 99. 60 99. 21
Wood 92.00 89.00 99. 90 98. 80 99. 80 99. 80 99. 10 100. 00

e EE T 80. 24 84. 40 96. 38 98. 36 98. 38 99.74 99.12 99. 38
Bottle 79. 40 96. 00 99. 30 99. 80 100. 00 100. 00 99. 20 100. 00

Cable 71.10 97. 00 89. 20 92. 20 90. 90 96. 20 91. 80 99. 81

Capsule 72.10 93. 00 86. 50 91.50 93.50 95. 40 98.50 97,22
Hazelnut 87. 40 92. 00 100. 00 93. 30 100. 00 99. 90 100. 00 100. 00

A Metal_nut 69. 40 88. 00 99.10 99. 20 99.70 98. 60 98.70 97. 90

%‘ Pill 67.10 97. 00 86. 60 94, 40 90. 40 93. 30 98. 90 92.12

= Screw 100. 00 79.00 97.00 84. 40 97.70 86. 60 93. 90 96. 71
Toothbrush 70. 00 99. 00 86. 00 97. 20 82.60 90. 70 100. 00 100. 00

Transistor 80. 80 89.00 92. 40 97.80 91.50 97.50 93. 10 96. 66

Zipper 74. 40 96. 00 99. 00 90. 90 100. 00 99. 90 100. 00 99. 84

S R 77.17 92. 60 93.51 94.07 94. 63 95.81 97.41 98.03
3 fE 78. 20 89. 87 94. 47 95. 50 95. 88 97.12 97.98 98. 47

FR 4 MTD 545 DT R 42 A [ S5 A D0 4SS 78 174 A i 445 2R 4.2.4  FEIZR TN

Table 4 Detection results of different anomaly detection models on

MTD and homemade cloth datasets

A MTD A T
GANomaly 47.15 30. 80
DevNet 83. 37 98. 68
PaDiM 94. 07 95. 11
DRA 71.12 96. 38
CutPaste 85. 85 91. 31
DRAEM 91. 62 77. 80
KX 94.12 97. 20

HE AR B B R R 2S5 0 1E R 5 58 R AR 7 A Ak
R REIN RS S R AE R E 2, B 48 MVTec AD
Bl AL b 15 B 280 BOHE 1 5 R A B T L, b R A A
g B A AT A5 43 B A A A O R AR AN B R R BT AR
RIEF . HOHRERERR®E., TUERBE L, E2A4
WEBET, W AEARMAER S gk k., B 5 Al
T AR5 7 MVTec AD 303 4R b & 351 /9 ROC T 46,
HAPaLEARCH L, WTLLE M, g5k RIEERT
A6 A IR A ) T B
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Fig. 4 Anomaly score statistics by category on MV Tec AD
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Fig. 5 ROC curves of different categories on MV Tec AD datasets by different methods
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Fig. 6 Schematic diagram of abnormal gradients of various

ﬂ"a

categories on MVTec AD dataset
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