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Abstract Industrial image anomaly detection is a critical component in large-scale industrial manufacturing. Addressing challen-
ges such as difficulty in annotating anomalous samples and obtaining prior information about anomalous regions in industrial
image anomaly detection, a model based on asymmetric teacher-student networks for unsupervised image anomaly detection is
proposed. Firstly,to tackle the problem of over-imitation mapping caused by high similarity in structure between teacher and
student networks,an asymmetric teacher-student network is designed. Contextual Transformer modules are introduced into the
residual blocks of the student network to add structural diversity to the teacher-student networks, preventing the student network
{from over-imitating the mapping of the teacher network. Secondly,to enhance the generalization difference between teacher and
student networks,a moving average normalization layer is introduced into the teacher network to improve detection performance.
Finally,a multi-scale abnormality map fusion mechanism is introduced to better detect anomalies of different sizes by fusing ab-
normality score maps of different scales. Experiments conducted on the MV Tec AD public dataset show that the proposed method
achieves an image-level AUROC of 95. 7% and a pixel-level AUROC of 97. 4% ,verifying the feasibility and effectiveness of the
approach.
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Table 1 Comparative experimental results of MVTec AD datasets

%)

E ! AE-L2017] VAEL!S] SPADE!?2] CFLOW23] MKD24] E WS

Carpet 65.8,87.3 67.5,73.5 92.8.97.2 96.7,98.6 95.4,98.6 97.8.98.3

Grid 85.8,94.2 83.5.96. 1 47.3,93.7 96.1,96.8 98.2.98.8 95.2.98.7

Leather 56.4,78.5 71.0.92.5 95.4,97.6 99.3,98.3 98.9,99.1 100.,99.5
Tile 48.8.59. 3 81.4.65. 4 96.5.87.4 94.3,96.8 94.9,94.6 95.9.97.9
Wood 61.8.73.1 89.1.83.8 95.8,88.5 95.7.92.4 96.1,94.9 98.8.,96.9

Bottle 83.2,93.5 86.8.92.2 97.2.98.4 96.8,98. 1 97.9,97.1 100.98.7

Cable 48.6.82. 3 57.0.91.5 84.8,97.5 93.5.95.5 83.8.89.8 91.3.96.8

Capsule 86.3,94.0 86.0.91.7 89.7,99.0 93.4.98.8 85.9,96.2 93.7.,98.5

Hazelnut 92.1,97.3 74.3.97.6 88.1,99. 1 96.6,98.5 99.9.98. 1 99.8.98.4

Metal nut 60.4.89.5 78.3.90.7 71.0,98.1 91.6.98.2 95.6,94.2 98.6.96.7

Pill 84.0,91.2 80.1.93.3 80.1.96.5 95.3,97. 3 80.5,87.8 93.7.96. 8

Screw 89.0.96.0 71.8.94.5 66.7,98.9 95.3.97.9 83.5.98.3 92.1.98.5
Toothbrush 78.4,92.3 89.3,98.5 88.9,97.9 95.0,98.5 99.7.98. 3 91.4,98.9
Transistor 73.1,90.7 70.1,92.0 90.3,94. 1 81.4,88.7 95.3.83. 8 91.6.87.5

Zipper 67.3.88.5 67.3.86.9 96.6,96.5 96.6.98.0 94.5.97.2 96.3.98.5
T Y 72.1,87.2 77.0.89.3 85.4.96.0 94.5,96.8 93.3,95.1 95.7.97. 4

T 223 ER G 3  AUROC 430580 45 81 AR 2 90 I AUROC 43550, IR A4 50408 Ay BBUAS e e ek % 0 58

MFE 1 A A LLE A SCHR R 1Y NTSNet 76 BR 250 Fi
B FZHH AUROC #8545 1 A9 3408 L B T 5 47 i Mg
b 3 MKD J7 ¥ 0 #8112 2% AUROC & 2. 4% . b8 Z 4
i AUROC @it 2. 3% AHIL T CFLOW Jr kIR & it 1. 2%
0. 6% , Horh Xt 2 25 ) Bottle 58025 ) Leather 7£ K142 2%
B AUROC EHUE T 100 % A B . BIKE BT A % 1F B 4
J&, XA AT A NTSNet A5 R AR 5 40 22 gt 1 Ui 24 1 4 22
VF1) 7 70 P 3 A W S ) 0, 488 85 T S R DRSS E T T 42
H R I M R R
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Fig.4 Comparison of anomaly region localization effects
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SPADE J7 & By K 38 % A7 0. 21FPS, 78 X} b J7 i o e 12 5
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AR AR I v B T A

F2 MM SRR
Table 2 Comparison of detection speed and parameter number
Ik A E /FPS % % & /MB
SPADE 0.21 170
CFLOW 3.5 96
MKD 7.8 22.4
A XH 6.8 17.3

4.3.2 HEER

N T WAL B A b AR SCFE MV Tec AD 58 4 1 %F
AR VEFT T JH Bl SE 58, 3l 33 7 baseline J5 % MKD [ &4~
B J5 2K, X B A B B b A7 4 S7 BE AR I L AR M BE 4R
s Dh I 45 A PR B ER 04 A 200 L RS (RIS A T4 a5 56 2% 2R 4n
F 3P, NF 3 ISCUR SR AT LLE WL 4 A A B R AR
ARAR T L D7 1A A T 48 R L P 2 4 ki CoTB
RO H2 TF K, A B 3 HE JF B2 MKD 78 B2 92 5] AUROC | ##
THT L7% B ERME AUROC F#TFT 1.8%, [F W fd
Rt CoTB #H Al EMAN 45 B 625 S d: 47, 268l EMAN
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Table 3 Ablation results of different modules

HA % %% AUROC/ % & % % %] AUROC/ %
MKD 93.3 95.1
MKD coti 95.0 96.9
MKD-+ gman 93.5 95.5
MKD cotB+ EMAN 95.7 97. 4

4.3.3 ETF %L PR &SGR RAT L K K

T BRABESE T T P4 5 o ] )22 800 A T PE e 1Y R
W], 7% S8 H T AN 1R R 0 32 R0 % FOAS ] o ) 2 R B AT
TRy, W T R]Z R AE N R R — B BT LA S
KH T ResNetl8 fll ResNet34 1EH F TR 4%, 321 M 4% %L 5
LI R 4 H AT B AR T g T 7
AR HE T2 T 10 2% 118 2 B, 2800 I 6% 2R JH PRI 2 2 28, 2 4 0
25 R BEDLW) Uf A B 2 8, 2000 W0 25 18 2 5 i 1) A% 7% 27 2 1)
KSR W R .

4 ORIE F T 4 B IR 19 52 56 285

Table 4 Experimental results of different backbone network selection

HIFF % FAEFMHE EGAH AUROC/% 2% %5 AUROC/%
ResNetl8 ResNetl8 95.7 97.4
ResNet34 ResNet34 95.2 96. 4
ResNet18 ResNet34 94.5 96. 1
ResNet34 ResNetl8 95.5 97.0

M 4 Hn] LAS L, B0 45 R 28 A 45 #R SR L Res-
Net18 fE 2y 3 T W 4 B ROR S i . 47 A 42 BUBE J) 7 5% 19
150 2% I B2 A B AT 8O L 3X R B A 7R IR AR B 5 /b
IS DL T L B/ 10 190 2% B 25 ) 40 i 3ok Ry ) 26 45 5 5 3L
W BVE G A JE AR AT b 2 ) TR REAS (945 B L AT 52 1
o P e

2R R B s g s R sk 5 A, AL EE T
ResNet [ £ 1 3 AN [R] v 1] 2 U A 1 55 4t e AR 2 47 92 36
A4 HK A ResNet H layerl . layer2, layer3 4% 22 5t J5 ) fy
RFIE . AN 5 AT LLE ) BT T B AN J2 YRR IR A e T 2 2R
B2, Wit A {68 D2 0 85 S TR % G 2 SR R o R L e
A 3 AN E R BOR Bby X2 B R R 245 2 R0 i 4
E BB % £ G A 5] RUBE AR 45 5L o A o 452 284 R BT 4 T by 2 A% A
2 P (R 45 0

F 5 ORIE AR IR ECT (Y 5550 45

Table 5 Experimental results under different intermediate layer

selections
1 H & % B % 4B AUROC/ % 4 % % %1 AUROC/ %
RAE A layerl 93.6 93.1
R AE A layer2 B 94.1 93.3
R AE A layer3 B 93.5 94. 2
1 layerl,2 95.5 96. 8
1# J layerl,3 B 94.3 96. 1
1 i layer2.3 B 95. 1 96. 9
1 A layerl,2,3 2 95.7 97.4

P05 25 1 TR O 3 09 R/ sl o AG I S 2 T B AL AT
AL bR LU 368 o6 A [ RO 75 2 09 5 2 B AT R 5
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S DX
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Fig.5 Visualization of anomaly image detection and localization

using the proposed method
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