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Abstract: Objective Industrial image anomaly detection plays a crucial role in modern industrial production because it
can timely detect defects in products, effectively improve product qualification rate, enhance industrial productivity, and

reduce production costs. Traditional anomaly detection algorithms often show certain limitations when dealing with new
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types of anomalies, especially complex issues such as logical anomalies. Thus, they have difficulty meeting the demand for
high-precision and efficient detection in industrial production. Therefore, this study is committed to exploring the potential
application of visual state space in the field of image processing and anomaly detection. The aim is to find a more effective
method for addressing the shortcomings of traditional algorithms in detecting new types of anomalies, especially the limita-
tions in handling logical anomalies. The reconstruction-based method is considered capable of addressing logical anomalies
caused by factors such as object quantity, structure, position, and arrangement order because using only normal images to
train the model will result in significant errors in the reconstructed output compared with images containing logical anoma-
lies. Existing reconstruction-based anomaly detection methods are mainly based on convolutional neural networks (CNNs)
or vision Transformer (ViT) networks. However, CNN exhibits difficulty in handling long-distance dependencies, while
ViT presents high time complexity. The latest research shows that state space models represented by Mamba can effectively
model long dependencies while maintaining linear complexity. We have explored the potential application of visual state
space in anomaly detection and aspire to develop a more precise and efficient image anomaly detection technology by lever-
aging its advantages to meet strict quality control requirements in industrial production. This endeavor will drive industrial
production toward intelligent automation direction while improving overall efficiency and competitiveness. Method A novel
unsupervised industrial anomaly detection model combining visual Mamba and patch feature distribution is proposed. This
model consists of two complementary branch networks: a patch feature distribution estimation network and a self-encoding
reconstruction network based on visual Mamba. The patch feature distribution estimation network primarily relies on local
patch features for anomaly detection. It fuses local patch features of normal samples through the Vision Mamba encoder and
pretrained efficient patch description network and learns a Gaussian mixture density network to estimate the distribution of
these features. During the testing phase, this Gaussian mixture density network is used to estimate anomaly scores at vari-
ous positions in the anomalous images, which produces a local anomaly map (LAM). Meanwhile, the self-encoding recon-
struction network based on visual Mamba utilizes a visual Mamba encoder to capture long-range associated features, which
enhances the global modeling capability for complex anomaly detection across different categories and forms. In the testing
phase, reconstruction errors are used to estimate a global anomaly map (GAM) for the anomalous images. Finally, LAM
and GAM are combined to obtain the final detection results. For the dataset, we conducted detailed preprocessing and
clipped the images to appropriate sizes according to the requirements of different models. For example, the size of the input
image was 256 X 256 pixels. We carefully adjusted the number of coding blocks in the encoder of the visual state space in
the reconstruction method to achieve the best anomaly detection performance and maximize the overall performance of the
model. The experiments in this study were conducted on a desktop computer equipped with an Intel Core i5, 2.5 GHz
CPU, GeForce GTX 3060Ti GPU with 12 GB memory, 32 GB RAM, and Ubuntul8. 04 as the operating system. Accord-
ing to our experimental observations, we set the learning rate to 0. 001, configured the model to run for 200 epochs, and
determined a batch size of 48. Regarding the selection of image blocks, in the PDN method combined with Patchsize, we
chose a value of 32. Result We compared our model with other advanced algorithms on publicly available datasets such as
MvTec AD, VisA, and BTAD, and our model demonstrated highly competitive performance. On the MvTec AD dataset,
our model improved the pixel-level AU-ROC metric by 0. 9% to reach 93.9%, and the image-level AU-ROC metric by
2. 4% to reach 93. 8%, compared with the second-best performing model. On the BTAD dataset, our model achieved a
0. 4% improvement in image-level AU-ROC (reaching 92. 6%) compared with the second-best performing model. On the
VisA dataset, our model achieved a 0. 6% improvement in pixel-level AU-ROC (reaching 96.6%) compared with the
second-best performing model. According to visualizations of anomaly localization in our study on MvTec and VisA datas-
ets, the anomaly localization of our model is more accurate than those of other models. Conclusion The application of
visual state space to image reconstruction for detecting image anomalies is a feasible and effective method , and its anomaly
localization effect has significant competitiveness. This study believes that aggregating features in the middle of the extrac-
tion model will be more helpful for adapting to anomaly detection tasks. The setting of the number of image block vectors
may be helpful for the localization and detection of anomalies because more image block descriptor vectors can represent
more detailed information. The two points are worth further research in the future. This study organically combines two

popular methods in the industrial anomaly detection field while integrating visual state space into the model, which sup-
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3219



3220

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 10,0Oct. 2025

2.1.2 fiEhhas

it i e P O TR 1) S A A Il D PR B AR
TEA SO g A T 6 M E B FUZ  Hhal i ]
it 7 IH— 162 A1 ReLU (rectified linear unit) 4 I PRI
B, 55— R tanh R 5 09 A 22 P BT R
B, BARSE A 1 (a) IR
2.2 BAFES AT

A SCH] AN T 4 38 B 2% (patch descriptors net-
work , PDN) (Batzner &5 , 2024 )/E N H R E S BLES , 32
WOE# BRI RHE 2R 28 — > AT 2 2] i 5 R
J2 DS 5 i R AT 55, d5c I o A o A9 e e P 31
Sk = W IR A % B X 4% (Gaussian mixture density net-
work , GMDN) (Bishop, 1994) , LA 3R 15 1F # FEAS &) &5
FRHE A ME 2 B 40 A . GMDN (VR A28 B A
B 25 A 53 A p(y | %), For o 2 R A AR 4R R AE
yoe HARAE it . ASCE AL RLR FBAT Bl U 7 2600
M X, 1) = iR 5 # A (Gaussian mixture model,
GMM) . GMM [ HE 5 5% B pR B p (v | =) 1 KA 30
BRI AR 13, BAR Sy

Fylw) = Dy (x5 OON (] a2 00,0 (x: 0)) (1)

A NGRS 0w, (x5 0) R85 kA= B o
AL (x5 0) I, o) (x5 6) 25 kD
77 220 31X 3> GMM ZHU{di 1] 3 J2 1 28 M 2% EA 7l
I DR RNE SRR . I softmax RO AL
FAb TR T — AR 3, B
exp(a}f(x; 9))

K

zexp(a’i"(x; 0))

o, ay(x) € RJEMIZ W25 5 H B9 AL logit 4341
o (x5 0) bl 22, FIH softmax T pR AT Al
i, BN
o,(x;0)=log(l +exp(Bxx)) (3)

X, B4 7, A SCE R rh iy 1, ¥E
o (5 0) A LS, PRI U (o ek 2 o
2.3 MKREH

BT E AR R TR R G 207
1% 2 (mean squared error, MSE) il 4% #4 AH 161 45 %4
(structural similarity index, SSIM)

¥J7 1% 22 (MSE) J&2 — MER R, BRI
RZ MRS . MSE SRR N PR E R iR R
222 897 B2, FH Frobenius U E e N

w,(x;0)= (2)

R 1 .
fMSE(xax):ﬁ”x_x”f‘ (4)

o x MHA & A R A R 25 B (o3 A R AR
PR {5 8 PR KA ), W AN H 0 390 kg TR i J3E A es
JF, F R Frobenius J0%T .

S5 A6 AHBLFE B (SSIM) 38 3 2% F& A i MSE 7 1%
Hh 2R 0 PO R 1 R B A IR AH AL (Bergmann
45,2019b) , HAK Ry

(2;4,“% + c])(2(rﬁ + cz)

(,u,f +ul+ cl)(a'f + o+ cz)

SSIM B IE L Ay [ -1, 1], (BT 1, P ]
PBARRL . b, Al 2 A PRGN (RS Y
EEIME, o2 Al o? i A B M E R R 22,0,
SECMTEIEN I 22 ¢, Ml e, ST EUE R 2 MR B4
WL

Xof T v TR A 4 B R 5 I 2 (5 G A SR A
K (log-likelihood loss) o 8 i e KA SR Ak 40L& 5
Wrik itk S50, B4k N

0" =-arg min(,ilogpg(nyi) (6)
iz1

e e S R A A R A ABE R B e RN (AR
K(6), M35 Abnti sk sk, B

n K
LL =-arg mﬁin EIOg zwﬁ (%, 0)
i=1 =1

N (v (x5 0), 0% (x5 0)) (7)

LI BB R 3 AR B IR, L
i)

LX) = LL+ A, fuse (X, X) + (1 = figy (X, X)) (8)
Ao, ARSI T ORI A, = 5. XEHA,
X R - fu (X, X) 09 B 928 T 245
4 SRR AR — SR
2.4 WERMBREEMTE

5w e X, KRR, X, SR, AR S
(1 530 5 3 1543 ] LAM 2% %, 55 A B L5 Mamba
G Es F, AR B R Ry IR,
AFI YN ZE % PDN ARG 2138 B2 G, 15 5 iy
FIRAE 6, St 4 F), 0 G, 1 3 R R R A 1
Ti,. BikN

(5)

fSS]M(xa 92) =

Fli,w = F(b(xi) (9)
GIi,w = Ga(anN(xi)) (10)
Tii,w :ﬁusioll(F/i,:¢~7 Gli,u ) ( 1 1 )



$30% /5% 1081 /2025 £ 10 A

X, F4%E / &E&W% Mamba FIREZIES I Tl S &N

ZJE T T B T BEAS T 4% GMDN
R G R YHEw I 2 o, SRR TR S R
AL (GMM) f £ X5 B BR85S 0000, 75
B K S, Bk

T, O =fMDN(T,f,u) (12)
S, = fmd“iloss( T,.. wo, 77') (13)

Fe R ERAE B R S IN 45 31 Ry 8 5

WS LAM , B4Ry
LAM(x,) :fu[bsurn})le(sjl,w) (14)

B A x, B Mamba [ Zii i 2 A, A& B A4 [17]
A, TR S FEGEGKE X, Z BRI R RN E
MR 2% , Nk — 2B+ 4 R v 4553 I GAM

AR S i A A S PR A — A B AR ] 118 RS
BRSO S T, B e RS
53 A ST H S TAM . SR T 55 1553 Score,,
S T R IS 0 L0, SRRk AT
B R T R R AR 5 B (LAM) 1) 5350 A 36 ik
LR

Giavaan = J1 Quantile (LAM,0.9) (15)
qravend = fQuuntile (LAM, 0.995) (16)
LAM -
IAM = LAN T Gramsan (17)
Giavend ~ Gravsan

T fpune ST — TS0 B PR L, 0. 9 55 0. 995
S 90 [ A BRI AE 99 5 i gk, R (17) &
— AL HEAE . X TR T ES 0K (GAM) 1) 51 %K
TERUESE ATy

Goavean =S Quantile (GAM, 0.9) (18)
qcaMend = fQuunlile (GAM, 0.995) (19)
GAM,,. = GAM — qoavun (20)

qcamend ~ G cAMstan

MR TAME S A LAM ,,, F1 GAM,,,
=]}

38, e, TR B TAM B i KAl 2Rk
Score,w(xi) = max TAM;, (21)
(haw) e Wy x H,

3 ZWS5SH

3.1 ZIRHEEXLWIRE

N T WEFERE Y AT RO, A 3 Tl S A
G/ i A

1)MvTec AD(MvTec anomay detection dataset ) %{
$i 4% (Bergmann %%, 2019a) . BRI — )iz

07 FH S5 G 000 5 35 ) L S B S A I A 4
T 75 354 IR IEME B 46 KBS RGO RGB EIMR , ¥
K 22 Fp B AN G2 00 e 4 R A 1 I R
1%, WA TR R, BT 70 RS TR S8 Y B S
LS T

2) BTAD (bean tech anomaly detection) ¥ #i £&
(Mishra 5 ,2021) . ZE0HE 2 W0 55 7 3 F0 Tk i b
R G, HLAE R A v | g — 1 5 MR S il &
TORG R BMR R PO R B . b e 1R
FOHER A1 600 X 1 600183, 7= i 2 R R %
k600 x 600158 2, ™= i 3 145 2R 43 HEK K 800 x 600
BZF . 77 1.2 F1 3 W2k ERE R 537k 400
1000 #1 399 I,

3) VisA B4R 4 (Zou %5 ,2022) . B4 J&—
AN F 00 58 R A E B 4R . B 120
ENELOROE 3 IR N EE S OIS IR TN e -
WK JERAO ARSI E 10 821 IR EE,
Hodr 9 621 IE M IEHFEAR 1 200 18 A R HFEA . 7
MG AL A5 R B , an T DR MR st e
B, LA S5 P 5 G 7 Bl 2 R A
3.2 ZWBHMEBESHIF

WEBBSEBE MR R N TiEEIEE
G b 3 A AR BRI T T AL R, A
QAR TEAG 26 45 508 22 TR BY Oh 256 % 256 14K , 1E
XANEE T [ gt i 1) BRI/ (pateh size)
BB N 32, BRIz Ah, 6% T E A ViM e %k
AT TR . FERBON A E LT R R
PUASCR S e A ), A 2 B

x1 BBEER
Table 1 Hyperparameter table
HBSE N
EES 0.001
HEHE RN 48
IER e 200
L S Uk 0.000 1

3.3 EHRERMLEDN

R T RS REHEA T 4 T 9 A AT, AR S o
f Tl 53 8 A6 455 Y 7E MvTec AD . BTAD Fll VisA
3B FIE TSR H . WnER 2 R A T
fily 4 4~ 3 T Transformer YA | A SC T 5 7E MvTec
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Fig. 2 The impact of the number of ViM blocks on anomaly

detection accuracy in the bottle class

AD BdE 4 P8 R 9 AU-ROC FlEHE M AU-

ROC &5 3R ¥y et JF HAE HA A 2 b, 54285
BT R 1R R P AU-ROC FIE S AU-ROC,, #R
P2 2] LU B, AR SO R H AR Y 3R A 4 114
2%, 4N Carpet , Capsule 1 Metal Nut 2& [, {5 2% AU-
ROC E BLAL 5 , 73 il 1k 2] T 97.3%. 96. 5% Al
96. 5%, {HRAILE Cable JF1 Screw 25 LAY EG 21
SRR B2 R A 7E 3. 5 /1T 45 & T AL
XS IX B AT T IEAN I3 HT

F3IRTE VisA Fdi 4 b iy SE AR A SCRAY
BRI AU-ROC FEAR P I RORIE B T el L B
55 2B 0. 6%, ik ) 96. 6%, I H.7E Cashew . pcbl
peb4 28 FARZFR P AU-ROC F5 A5 1 T A7 X LAY
SR ALY T X Macaroni2 2851, G0 1Y 574 4G T
G 2R T A ASE Y, 0 G T AT A T 48 23 B 78 3.5 /)
UL

R2 AREFEEMvTec ADHEENE RS LXBENGRERATLRBE
Table 2 Summary table of different models’ results on the MvTec AD dataset:
image-level AU-ROC and pixel-level AU-ROC

/%

Tk Carpet Grid Leather Tile Wood Bottle Cable
VT-ADL (Mishra %%, 2021) -177.3 -/87.1 -172.8 -179.6 -/78.1 -/94.9 -177.6
AnoVIT (Lee #l Kang, 2022) 50.0/65.0  52.0/83.0 85.0/89.0  89.0/57.0 95.0/85.0  83.0/86.0  74.0/89.0
HaloAE(Mathian %, 2023) 69.7/89.4  94.9/83.1 97.8/98.5  95.7/78.5  100.0/91.1  100.0/91.9  84.6/87.6
ViT-MCA (Yang fl Guo, 2024)  85.0/88.4  89.6/97.2 92.0/96.6  92.8/92.8 95.3/91.4  94.0/95.1  93.0/92.6
AL 97.3/96.9  98.5/91.8  100.0/97.7  99.6/95.3 99.6/90.8  99.6/93.4  82.5/92.1

WIRS Capsule Hazelnut Metal Nut  Pill Screw  Toothbrush Transistor Zipper P14
VT-ADL (Mishra %, 2021) -/672  -/89.7  -/72.6  -/70.5  —/92.8 -/90.1 -/79.6  -/80.8  -/80.7
AnoVIT (Lee #l Kang, 2022)  73.0/91.0  88.0/94.0 86.0/88.0 72.0/86.0 100.0/92.0 74.0/90.0 83.0/80.0 73.0/76.0 78.0/83.0
HaloAE(Mathian %%, 2023)  88.4/97.8 99.8/97.8 88.4/85.2 90.1/91.5 89.6/99.0 92.9/97.2 84.4/87.5 99.7/96.0 91.4/91.2
ViT-MCA (Yang F1 Guo, 2024) 83.7/93.1 100.0/98.2 89.5/91.0 86.3/92.6 100.0/97.7 93.2/89.4 86.8/95.0 89.7/93.2 91.2/93.0
AL 96.5/96.8  99.0/95.4 96.5/94.2 93.1/97.0 70.6/93.7 97.8/96.8 84.6/84.6 97.3/91.9 93.8/93.9

TE IR R SR 2% 97 2 L de LA 2R =" R Bl s i

] 3 2 AR # 8 7E NVIDIA RTX A6000 GPU il
VisA B8 4 T 4838 5735 AU-ROC /X LI, 9256
Kl 2% Batzner %A\ (2024) 9 TAF

a3 Fr7 AR SCRERLAESE R AIRT 15 ms AU
oA 3 4 =5, X LE SimpleNet (a simple network for
image anomaly detection) (Liu 5% , 2023 ) il DSR (dual
subspace re-projection network ) (Zavrtanik 55 , 2022) ,

AR SC I HE R A e HAE SR AR AT, %) Eb AST (asym-

Ja o3 R PR AR RGN 5 FERE L

metric student teacher networks for industrial anomaly
detection) (Rudolph & 2023) . PatchCore (Roth 4%,
2022) AEARTEY A SCRE R R 2R A T4 o {H 2 2B 3R e
fiX. 5 GCAD(global context anomaly detection) (Berg-
mann 55, 2022) #H LU , AS SORCRYERR A7 W] BAL 3,
BIARZEAK . ILLE R T AR A A
K3, 55 B30 75 5 TS RY A A 32

R AMER N A SO AR BTAD Zdia e b
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Table 3 Summary table of different models’ results on the VisA dataset: image-level AU-ROC and pixel-level AU-ROC

1%

Tk Candle Capsules Cashew Chewinggum Fryum Macaronil
FastFlow (Yu%#,2021) 92.8/94.9 71.2/75.3 91.0/91.4 91.4/98.6 88.6/97.3 98.3/97.3
DRAEM (Zavrtanik %%,2021) 94.4/97.3 76.3/99.1 90.7/88.2 94.2/97.1 97.4/92.7 95.0/99.7
RD4AD (Deng A1 Li,2022) 92.2/97.9 90.1/89.5 99.6/95.8 99.7/99.0 96.6/94.3 98.4/97.7
OmniAL (Zhao,2023) 96.6/98.7 99.4/83.2 96.9/98.4 97.4/98.5 96.9/98.9 89.9/99.1
AR3L 89.2/94.2 81.0/93.7 90.9/98.5 95.3/98.2 92.5/97.1 83.3/96.4
DRI Macaroni2 Pcbl Pch2 Pch3 Pcb4 Pipe_fryum T
FastFlow (Yu%%,2021) 86.3/89.2 77.4/75.2 61.9/67.3 74.3/94.8 80.9/89.9 72.0/87.3 82.2/88.2
DRAEM (Zavrtanik %5,2021) 96.2/99.9 54.8/90.5 77.8/90.5 94.5/98.6  93.4/88.0 99.4/90.9 88.7/94.4
RD4AD (Deng F1Li,2022) 97.6/87.7 97.6/75.0 91.1/64.8 95.5/95.5 96.5/92.8 97.0/92.0 96.0/90.1
OmniAL (Zhao,2023) 87.9/98.6 85.1/90.5 97.1/98.9  94.9/98.7  97.0/89.3 91.4/99.1 94.2/96.0
AL 82.7/92.8 93.7/98.5 96.2/959  94.3/97.4  90.0/97.2 89.5/99.0 89.9/96.6
VMK TPk 22 4 91145 2RI AR
ROPE AR SCHE BTAD B4 4 b 47 8 ml 52 30 0 90
] . AST vop|  PETEEEHLYOR LT ONN 9 F AR BT ViM
ot wehCore O T 2T B HEAT X L B AR 1 45 50 4 22 5
<927 *DSR 7 AL VM AR R it 25 32517 K18 8 &, £ BTAD
§ 00 AR ER L AU-ROC R ZH K AU-R(E P E{EY
288- © e ARG B2 T CNN /9 A gm i asobS B =y . R 9
AU-ROCH2T} 1. 6% 48R H AU-ROCHETF 3. 7%,
86 A, S 1 BIF5E A5 A A Tl MR S 1 Al vh
Y (A I L 0T 3 — B B I TS B, 45 SR N R 6 BT
-—,— JNo TEBTAD FdE4E T , 58 Mamba [ 2% 5 4t %]
D0 gi(t)ﬁs‘/?nsso 35 6065 7075 80 2% (visual Mamba autoencoder reconstruction network ,
B3 RS VisA B0 1T AU-ROC 5 VMARN) (i FH BB 8 $ B A5 A iy R ARG R 0 DL K]
JESR F 5 LL ] QG S RS B o IS & BRI 43 A 28

Fig. 3 Comparison of average AU-ROC and latency for
different models on the VisA dataset

SRIEMER 9 AU-ROC Y45 S8 o1 2 2 #5580 0. 4%, 15 3|
92. 6%, H /2R 2 G 5 5 R R A T = o
I W 02 2591, i ) 5 0 B HERS AT 0, 1% 28 A
FERRAE R S8, TS AR R S (02l
BN B0 20 ) 7 oy S X BRSO
R A P A g R S DX el g 5 L S A 6 7 X
38, KR ARG T AR S A T LA B o7 B P L 3K
RITTIEARETE R LI
3.4 HERZLIE

R TSRS 2 [ AR S8 AT 55 Hh A

#& e (patch feature distribution modeling module,
PFDMM) , LAY f il PEDMM A28k | €] {% 2% AU-ROC
FRE G AU-ROC 53 S 2 TF 1. 8% A1l 1. 2%, R A 45
B TTETEAR SCHESE T REA SR i R 5 A
I AR 28R, o X 2 PR Ol B T8 Mamba B A 1 5 15
REAS PR IR B AR, B 2Rt ibine )y, HA
SCIA A5 T T3 VA AR SCRE RS I 2 8 S 1 G
B, OWLZ I 1 (b) 18— & B AT 2 48 A0 5 0 RLR
b, VMARN L5 4 Jey 50 6] GAM 2R BLAY 527
FElC KT PFDMM A5 1 J= 78 7 o T6T LAML, HL 5
DIl B T LS S R S B RCR L
CUEM] T AR R A I 2 A S LT T o T HR AL
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®4 AERAAEEBTADHEEHNEBRAD LXBENEIRHELRE
Table 4 Summary table of different models’ results on the BTAD dataset: image-level AU-ROC and pixel-level AU-ROC

/%

i 012851 02 2551 03 2851 eS|
VT-ADL -/92 -/89 -/86 -/90.0
P-SVDD (Yi Fl Yoon,2021) 95.7/91.6 72.1/93.6 82.1/91.0 83.3/92.1
PatchCore (Roth %,2022) 90.9/95.5 79.3/94.7 99.8/99.3 90.0/96.5
InReaCh (McIntosh Fl Albu,2023) /- /- -/- 90.3/96.9
ViT-MCA 98.7/93.2 85.0/89.4 93.0/93.1 92.2/91.9
A3 97.7/86.3 82.9/95.2 97.1/95.7 92.6/92.4

TE IR TR R 49 % LI LS5 R, =" FRom Bl =S

x5 FRERPAEXEFHEREBTAD HiEE LHERK
REAZLEBEMEERTEHHEEE
Table 5 Image-level and pixel-level average classification
accuracy of different encoder types in the reconstruction
module on the BTAD dataset
1%

R7T T REMBIBFFEBTAD HiEE LNBEGRTEH S
BEMGERTHDERBE
Table 7 Image-level AU-ROC and pixel-level AU-ROC of
different encoder features on the BTAD dataset
1%

iz CNN vision Mamba Sy
1 N - 91.0/88.7
2 - N 92.6/92.4

LR R R AR - ARV R

IR 5 R SRR R AL, I T A SR
I, AT AR I R 22 B A D R A AN B A S
DR E AT S A — el E A B TR TR R
SRR INACR o

2 S5 B 2 Rl A B 25 W 2% PDN R A 5
Mamba i i s B MR AERFAIL , AT Rl S RAAE L, 28
AR G BEAG T M8 AT ISR O T SR E RS 5
B A ROk HEAT T B AR AN T P .
T AN [ G it R AIE , P AUASE ) PDN R AIE i 452 21

F6 AEERTEBTAD HiEE FHERE F 1945 EHEEH
Table 6 Image-level AU-ROC and pixel-level AU-ROC of
different modules on the BTAD dataset

1%

e VMARN PFDMM S
1 N - 71.0/85.0
2 - N 90.8/91.2
3 N N 92.6/92.4

LR R B R AR = ARV R

5 PDN vision Mamba T
1 J - 92.1/91.4
2 - N 79.0/83.4
3 N N 92.6/92.4

LR R R AR =" AR,V R

TE BTAD #0454 1% % 94 AU-ROC H1 & 1% % AU-
ROC 20 BT 1% F10. 5%, UEB T ML 5E Mamba 2 6%
FRRIE A 850
3.5 WK

K] 4 A [ BB AE MyvTee AD 5088 52 DL VisA
B4R b0y S X AT AR X LSS R . ATRLE R,
TESF I LA S SRR SR -, A SCRBE AL L DRAEM (Zaver-
tanik %5 , 2021 ) A S 007 1 9 [ ST MRS A, (ELI
TESRE G b5 5 SR B A SR G i B, X2
XA RRAE AT S5 8 PPAR SR U5 TR A2 B0 57 D
B o TR U AR B A 64 AN i I S i
S LI AN BE T 2R 3K 256 x 256 14 F 1Y HAKAN
B T 25 BRI 7] & 0 FRAE
PR L% fiff 3 A )

T 2B AR VIM A St s i RO 1 R
PE 23 B LA R FE T CNN B [ G i o Ay o 2 4 01
HEAT AT RRAL, QN B S 7R o E VisA B 4 b g IR
FH T AR B i S R, T Lk
PUAEFH VIM St 2%, RE 6% T 4 8 g 10 TE H iy A
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Fig. 4 Qualitative results on the MvTec AD and VisA datasets
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Fig. 5 Experimental results of reconstruction with different encoders on the BTAD and VisA datasets
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Fig. 6 Low-dimensional feature maps produced by

different encoders
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Fig. 7 The model in this paper presents some random qualitative results on the MvTec AD, BTAD, and VisA datasets
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