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ValidFlow: Unsupervised Image Defect Detection Based on Normalizing Flows

ZHANG Lanyao', CHEN Xiaoling', ZHANG Damin®’, CEN Yigang’, ZHANG Linna', HUANG

Yansen*’

(1. School of Mechanical Engineering, Guizhou University, Guiyang 550025, China; 2. College of Big Data and Information
Engineering, Guizhou University, Guiyang 550025, China;3. School of Computer and Information Technology, Beijing Jiaotong
University, Beijing 100044, China;4. College of Civil Engineering, Guizhou University, Guiyang 550025, China;5. Guizhou Lianjian
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Abstract: The CS-Flow method based on normalizing flows has achieved good results in the field of defect
detection, but its way of repeatedly stacking single coupling blocks increases the complexity of the
network. Therefore, we propose a network ValidFlow composed of two coupling blocks stacking: Feature
advection flow (FA flow) and feature blending flow (FB flow). In the subnetwork of FA flow, the short-
cut branch of up and down sampling is removed and depth-separable convolution is introduced. The
subnetworks within FB flow are fused across scales at three scales. This allows ValidFlow to reduce the

number of parameters while keeping the information well mixed. Compared with the existing methods on
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MVTec AD, MTD and DAGM datasets, it can be seen that on MVTec AD datasets, the average
AUROC of ValidFlow in 15 categories is 99.2%, and the AUROC of ValidFlow in four categories is
100%. On the MTD dataset, AUROC achieves 99.6%. At the same time, compared with CS-Flow,
ValidFlow has 207.61M fewer parameters and 22 higher reasoning speed FPS. On the DAGM dataset, the
average AUROC of the 10 categories is 99.0% , which is very close to the monitored method in terms of
performance.

Key words: normalizing flows; feature advection flow (FA flow); feature blending flow (FB flow); depth-

separable convolution; across scales
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k2% F.ValidFlow: & T Ar/EAC 7 69 L 05 B B AR £ 15 4 m) 1449

G 1T R A ) R AR AR O X — Y — Z, Horp X = Y S R ¢ 53 2 1 2% Ok B IBURFAE , 7R
W 2% I o F b R o AT T E BCE L NS S M MGk Y > Z 0B AT e gt of
yEpy () EBIF ISR B A 2 € p, (=)o XF T3 00w R 396 ok 00, £ P 7 o 24 50k i OB y
EHy oA B

Py(y)=p,(2) det(az) (1)
dy
AFLLAN p o, Co AT F B R AE 8 5% B L SR
logpy(y)=logp,(z)+ log det(gi)‘ (2)

TEAS SCH 2 W WS IS G B s 8] Z B 4 A i SR RRTE R R 4 A B 2~ N (0, 1), HUIZRAY Bt
H it /ME—log py (y), B H 5 BRECH

2 ~
~logpy ()= 2L 10g‘det(jﬂ(y))‘ (3)
2 dy
iﬁﬂlj:det(fﬁéj))‘jﬂﬂﬁT 0 2 — () (0 I L 7 90 2% 0 4 08 (5 0 9 — 20 3 ) 1) 5

. IRt B, ValidFlow 1y H b5 & i /ME —log py (y ), B, Gl B S LG TF 5 R R AiE A B
TR X EALSR Log py (), 5 8 R B REAE 23 WL 21 53 A Z 81, AR SCR FX Rl RUR AR 5 0 4 .

TE 52 bR 2 B, A SCRI 4 19 2% 19 TR AN 45 4 an ) 1 BT R, ValidFlow 32 % iy Al 3% i FA flow HI FB flow
HEMBERE LGS A T DM A flow WHETE 34N KBS F AT U7 5F A2 e, i A B 34> RUBE BT8R
fEAS By (1=1,2,3), Hof 38 45 1 o, % 5K i %6 448 ActNorm (Activation normalization ) 3 17 7 4b
FHL Al P A 3 T ) B B R i 2 2 B AT O 1 0 S AR A, S B0 GRS L bR B R D 22 2 B80T A Sy I
SN BB A BN SR o 200t 4 BT A RRAE A5 8. ' 76 8 3 4E BE Bl BEALAT AL 9T 3850 Sk yi, A
vy PR 4530 4% 0 1 X R B R B ay a, MIEAE S8 by b, K BEAT 07 528 e, LA I 3R BOWE 17 1)

oy Ay AR T I T A RS WA K HEAT DB SRR D 2, HOE RO oo bR AN
WL B2 23 R

Vi eos Voo = split(y) (4)

Vo= Oy, by, ) (5)

Y= Oy A byl ) (6)

z=concat( y{ 5 ¥ ) (7)

A 2 split () Al concat () pR KT 38 18 4k B AT 32 70 MIDF A s O UK BB R MR s a ()T 6 () AT LI E
AL AL IR Y BRSO 2 ) (7 AR e B PSSR X P R f&fﬂi%ﬂﬁﬁ/ﬁ%(m?ﬂ%*ﬂﬂ%"é %
W0 265 S S B, 5 B T HERRAE R AR O — 4 B TR AR P R A DRURR 07 AR R O N R AT RE A . TR
SCHRL20 b4 9 CS-Flow 9 2% S 19 7 3 ik pie 1 e S )AL, (R A 1A 1 B PO 0 A1) 1 IR 4% v T R
AT 3 REMGEERS , X — @R LRI T W45 U125 00, FEAR 7 BE R o D AR SCHR T8
AL E, BRI BT R0 25 BB 1 A 2 BS540 L SPE A 2 BB B N 2 B, T I 2% 0 R AL AR R AT
A B P 25 T e TR LA K 3 e LR R R BIA T CBAM Y B AL L 1k 4 2 Sk
WO E B ARIEE R . 52 AR AE /L BOH T 5T SRR SR, k45 RO R AE £ B A7 il i 1 K



1450 R E B L Journal of Data Acquisition and Processing Vol. 38, No. 6, 2023

Y5 A HEAT B R G A S A D) 2% 52 B ) R IR B TT 43 B 45 AL (DW -+ PW) PR R 3 45
FROR /0 Z: B8, 32 T4 B 7 2 b 3 Sk B P b SRR RIS 5 3 Bk R AN [) RUE 19 R A Tl R
N R G T A B R FOR BT AR AR RS M T CS-Flow Wi 7~ M 28 B8 9 1 M 2% 1.3 RUEE Y
o33, B r2 WL A Sk B, LA B SE 0 RS 5 B AICR

O]

Yien
@ L=
Vi out_c=1024 Ig;;gg;"
3] = G
.Vl(,c)/z Groups=1 024
c2
1
Yido
Conv2d( Conv2d(
@ k=1, =3,
Yien in_c=c/2, = in_c=1024,
out_c=1024) out_c=c)
3)
y 1,2

cf2 (-aConv 2d(4=3 stride=2 or )@ Element-wise sum)

Bilinear upsample+Conv 2d(k=3,stride=1 )]
(b) Subnetwork 2
K2 ValidFlow P #EF M 4& r1 2 454 &
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R2 BHAFEEMVTec ADHIEE LA ELANMNERRAUROC LR
Table 2 Image-level AUROC comparison results of all categories of each method on MVTec AD dataset %%

il 2k ARNet"™ Geom.™ GANomaly™ DSEBM"™” Mahalanobis™’ 1-NN®"' DifferNet™ CS-Flow™ValidFlow
W 45 88.3 61.9 70.8 71.7 93.7 81.8 84.0 99.0 99.5
B 86.2 84.1 84.2 41.6 100 100 97.1 100 100
bt 73.5 41.7 79.4 69.0 100 100 99.4 100 99.9
HEE 70.6 43.7 69.9 41.3 99.6 98.5 92.9 100 100
) 92.3 91.1 83.4 95.2 99.3 95.8 99.8 100 99.9
il 94.1 74.4 89.2 81.8 99.0 99.6 99.0 99.8 100
Ji5: ¢ 68.1 67.0 73.2 59.4 96.3 89.4 86.9 97.1 98.8
2 78.6 63.0 74.3 80.6 91.4 79.9 88.8 98.6 98.3
AN 84.3 86.9 79.2 74.1 98.2 95.4 91.1 99.3 99.2
i 5 87.6 82.0 74.5 58.4 98.8 97.1 95.1 99.7 99.8
HL 4§ 83.2 78.3 75.7 68.5 99.1 95.1 95.9 99.1 99.4
H 85.5 35.9 78.5 76.2 100 98.2 99.3 99.6 100
2 A 66.7 81.3 70.0 67.9 97.4 91.1 96.1 99.1 99.3
IBET 100 50.0 74.6 99.9 94.5 91.4 96.3 97.6 98.5
ZF Rl 100 97.2 65.3 78.1 94.1 94.7 98.6 91.9 95.6
-3 AUROC  83.9 67.2 76.2 70.9 97.5 93.9 94.7 98.7 99.2

®3 BAFEEMIDHIEE LW AUROCKLEL R
Table 3 AUROC comparison results of each method

MG 73 A Z 5, BEE AR 4 M X 73 ke [ B AR
AF ol B e A, 9E T R LT A 7 125 7 T A5 e o A

UL R

on MTD dataset

_ . RS AUROC/ %
(3)DAGMQH?%4%K,}[¢§E%H@7‘T% Geom.m 75.5
E DAGM B4 4k Bk 3] T 56 6 1Y AUROC fH, A GANomaly™ 76.6
ST W B T R AR BOR A R 2 AR AR DSEBM ™ o7.2
- [26]
3075 8 A CS-Flow 76 B A AT A ] Bl 3 A Mahalanobis 98.0
s e N N . 1-NNE© 97.8
BORFE )G LT SEBL T B Pk AR AR ST iR . .
DifferNet 97.7
ValidFlow WX #] 1 99.004 i AUROC #F4p, £E 1k PabDiM" 98 7
fit LB g HdEw A W 0 Uy ik, NI ERIE T A4 CS-Flow™" 99.3
SCO7 ¥ LA B 1 A S A ValidFlow 99.6
1.0 - -
yd 1B == Non-defects
yd 10k == Defects
o O
g |
206f o B
204} O
§ /’ — AlI(AUROC=0.996 3) 4l
= S —— Blowhole(AUROC=0.996 4)
| i — Break(AUROC=0.997 2)
02 /’ — Crack(AUROC=0.999 7) 2k
; d — Fray(AUROC=0.976 0)
/' ) — Unelven(AUII{OC=0.9l99 9)
003002 04 06 08 10 0705 1.0 2.0 >2.5

False positive rate
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~log(p(z))
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Fig.3 ROC curves for all defect categories on Fig.4 Negative log-likelihood distributions

MTD dataset

tested on MTD dataset
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Table 4 AUROC comparison results of each method on DAGM dataset %
N | KB W
skipGAN™  Puzzle AE™  CutPaste™  DifferNet®™  CS-Flow™" ValidFlow SCik[41]

Class 1 58.3 50.7 56.1 59.7 94.0 94.3 100
Class 2 56.1 50.5 87.8 82.9 100 100 100
Class 3 55.1 58.7 57.1 69.8 97.1 96.2 100
Class 4 53.7 70.0 71.3 97.3 100 100 100
Class 5 57.4 63.6 47.4 61.2 100 100 99.9
Class 6 66.8 92.3 68.8 97.0 100 100 100
Class 7 52.4 54.0 96.5 68.5 99.5 99.4 100
Class 8 53.7 49.1 53.4 52.1 99.5 99.7 100
Class 9 52.3 54.6 51.9 78.2 99.6 99.9 100
Class 10 52.2 49.6 4.7 79.1 99.7 100 100
Average 55.8 59.3 66.0 74.6 98.9 99.0 100

3.3 RESHRENN
YT A SCHRE Y 5 R 2 A CS-Flow FA8CHS 1) xS FHMAEEHREERENSHE FHITLL
OCHE L T LA G A 2 M0 R B S S R R A Table 5 Comparison of two methods in inference

speed and number of parameters
iy i ¢ (Frames per second, FPS) I it 47 % 1 . P P

ValidFlow #1 FA flow 2 FB flow # 24 F CS-Fl i = L.
alidFlow ow & OW H - ow CS-Flow 370.50 100

T — AR A B, T FA+FB BT iy 80 1% 8 ValidFlow 162.89 129
Hh 3,k T A VAT LS, CS-Flow i # & B
B BEE N 6, ML B Bt batch size & 16, 7E 7Y
Z 8k b R thop FE B4R R M4 I A 2 it 58 s e B 8] b, 08 TAS 86350 0 FPS, R BEHL A= Y
HE (BRG] 2536 GPU HEAT WA, SE B0 25 N2 5 Fim o T LA g & BAR SO B4 L F CS-Flow , 2 4t
/b T 207 61M, HEBREE B FPS $2 71 1 220 X UERH 7 AE rLBEH P IRGH BN SRAE Sy SRS IR BE R 23 1
BB BV | FT L AR 100 25 (i I 2 6 B s/ TR 4R TS AR g i R R S0 IE T AR Oy 1 A RO
3.4 REEBFFIERTRL

T AR SO e R 0 F R 2% r L AL r2 A2 A o0 fE — e R AR B T R o B A L
JIE L AT LA ) PR s A7 B0 B 14 R 7 o P S A — BN B AR R O T R BB TR Dol e PR
o T A0 Ak PR e s A% B G mT AR Ak PR A A B T 3 810 MV Tee AD $0His 4 (4 JB 7 B 81, il I 3 511K
DAGM u4fs 4 19 e R FEG L e Jm 150 S0 MTD i 48 19 RE7s R . 35 347 Jo 1T AR5 1A RO R i % i
21 VP A A R R AT P O (R AR IS 8 A RO P A (D T K I i A BSOS T AR 2 SR T S
HAR A /N 5 S XA B I IR 3R o AR SO N 45 02 5 Xt CS-Flow 78 R ARG T B 1 iy ekl , 5
RAE BB E O AT AR, BT LAAR SCO7 3 AS 2 HORS 50 143245 2240 0 9 ol s 2 6 Mk AE , (H 18] 5 LB
A D AR B E O EHA — W .
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El5 MVTec AD .DAGM HI MTD %ds 4 i file b 1 10 7] 90 14 P 45
Fig.5 Visualization result of defect location of MV Tec AD, DAGM and MTD datasets
3.5 HEXE

TS ValidFlow ] 38 49 FA flow fl K6 ZEMTIDHIEE L ARASERYENHRLED
FB flow 2H 4 (115 He B8 1y 52 0, 76 MTD iR & Table 6 Ablation experiment of different number of
AT T SRR I . W 6 Fin MUl A R B
it n=30,AUROC KB K, HakL it sl &
BEE BRI, AUROC WA T [, R L B A e £
A BEPAE N 3,

HeeAEEh fE R SRR R &7

combined modules on MTD dataset

n 1 2 3 4 5
AUROC/% 99.53 99.57 99.63 99.63 99.49

ZEMVTec AD #iE% F CBAMiE =AM & UK

MV Tec AD #¥i 5 L5 T FB flow N F N
25 b 5] AN CBAM ¥ 2 3 WL A K38 1.3 RUBE 43
ST ValidF low A6 02805 1 52 . 5555 45 5 4n
R 7THR L TEFB flow w143 51 OGS Jn v A 25+ o i

13RESXZRHEHMER
Table 7 Experiment on CBAM attention mechanism
and ablation of scales 1 and 3 branches on

MVTec AD dataset

CBAM™ 1. 3R ER K AUROC/%
— il A AT RS B AT SN Y R2% 15 254 X X 98.80
M 2 B9 3 AUROC H AR A /N & #2871 5 24 [5) isf Vv X 98.97
Bl A R B, AUROC B3 — 82 T 30E T X v 99.01
v Vv 99.21

1E ValidFlow 2] A CBAM 3% 25 J3#LH| DL K 48 9m 1.
3 43 S WA R R B

4 HRIE

AR SR T — TR 4 5 T AR v AR AL A TG MBS Bk B G 5 ik ValidFlow, 51T PIRN S G B FA flow
FMFB flow. FA flow M4 r1 51 AT EWE R 20 B 4GB, LUk D> S50 FB flow o 9 4% 2 W 78
P B I CS-Flow #8 G He 7 0 £ 15 8 11 ] 5 385 i v 2% 8 RUBE 43 3, DL B 78 70 IR B 15 B RCR o SRR
TESFAT U FA flow FUARREIR A U FB flow BB ALFEAL T S0, 385 7 #HES B | W) B 78 43 )
T HAEME B, I 115 ValidFlow 8% 76 MV Tec AD #1 MTD #4545 F 318 S et ik g . BARA Ty
IR AE GG AL B AR L T e A (R AE SO ke BT AR 5 vk 78 Bl B o o b RS TR BE 1 3508 R
R Y TAER B TR F T hn A U A 185 AL 7E Bl e o 1o EPERE R B2 T
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