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Attention-based Multi-scale Distillation Anomaly Detection

QIAO Hong and XING Hongjie
Hebei Key Laboratory of Machine Learning and Computational Intelligence, College of Mathematics and Information Science, Hebei University,

Baoding, Hebei 071002, China

Abstract In the anomaly detection method based on knowledge distillation, the teacher network is much larger than the student
network,so that the obtained feature representation has different visual fields corresponding to the image at the same position. In
order to solve this problem, the structure of student network and teacher network can be the same. However, However,in the tes-
ting phase,the same student network and teacher network will lead to too small difference in their feature representation, which
will affect the performance of anomaly detection. In order to solve this problem, ECA based multi-scale knowledge distillation
anomaly detection(ECA-MSKDAD) is proposed.and a relative distance loss function is proposed based on data enhancement op-
eration. The pre-trained network is used as the teacher network,and the network with the same network structure as the teacher
network is used as the student network. In the training stage.the data enhancement operation is adopted for the training samples
to expand the scale of the training set,and the efficient channel attention(ECA) module is introduced into the student network to
increase the difference between the teacher network and the student network,increase the reconstruction error of the abnormal
data and improve the detection performance of the model. In addition, the relative distance loss function is used to transfer the re-
lationship between data from the teacher network to the student network,and the network parameters of the student network are
optimized. Experiments on MV Tec AD show that compared with nine related methods,the proposed method achieves better per-
formance in anomaly detection and anomaly localization.

Keywords Deep learning, Anomaly detection, Abnormal location, Knowledge distillation, Attention mechanism
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representation when the size of teacher network is larger than

that of student network
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Table 1 Information of MVTec AD
e WhRE  mKEA  MREE  BF REEE BR
N AN HCE ) AR D S R WK
Carpet 280 28 89 5 97 1024
Grid 264 21 57 5 170 1024
& Leather 245 32 92 5 99 1024
Tile 230 33 84 5 86 840
Wood 247 19 60 5 168 1024
Bottle 209 20 63 3 68 900
Cable 224 58 92 8 151 1024
Capsule 219 23 109 5 114 1000
Hazelnut 391 40 70 4 136 1024
Metal nut 220 22 93 4 132 700
LURCS
Pill 267 26 141 7 245 800
Screw 320 41 119 5 135 1024
Toothbrush 60 12 30 1 66 1024
Transistor 213 60 40 4 44 1024
Zipper 240 32 119 7 177 1024
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Fig. 7 Examples of texture in MV Tec AD
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Table 2 Image-level AUCROC test results of 9 different methods in MVTec AD

§ PaDiM-
Geom  GANomaly ITAE  CutPaste PatchSVDD V’;R‘"O SPADE InTra Ours
5
0.672 0.762 0. 839 0.952 0.921 0.953 0. 855 0.950 0.973
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TEAR TR RS H AR A 55 5 0 W PP Al v, 23 il AU-
CROC # PRO 1E 2 ¥F #i 48 #5 , ¥ FF & ECA-MSKDAD 5§
SSIM-AE"*, AnoGANM , CNN-Dict''"!, CutPaste'**’, Patch
SVDD™), PaDiM-R18™), SPADE™*!, STAD!") I InTal*"

5 kAT A

bR SRS 7 B 7E MV Tec AD ¥ 4E |19 AUCROC
FTPRO MR A0 3.3 4. 9 M 10 Fiow, H Rk A
b3t N N o S i

# 3 9 FORFE I EAE MVTec AD BHE4E 1915 FE % AUCROC ik 45 5

Table 3 Pixel-level AUCROC test results of 9 different methods in MVTec AD
Category SSIM- AnoGAN CI\_INi CutPaste l‘)atch PaDiM- SPADE InTra Ours
AE Dict SVDD R18
Carpet 0.87 0. 54 0.72 0.983 0.926 0. 989 0. 975 0.992 0.993
Grid 0.94 0.58 0.59 0.975 0.962 0.949 0.937 0.988 0. 990
Textures Leather 0.78 0. 64 0. 87 0.995 0.974 0.991 0.976 0.995 0.995
Tile 0.59 0.50 0.93 0.905 0.914 0.912 0.874 0. 944 0.982
Wood 0.73 0.62 0.91 0. 955 0.908 0.936 0. 885 0. 887 0. 965
Bottle 0.93 0. 86 0.78 0.976 0.981 0.981 w 0.971 0.991
Cable 0.82 0.78 0.79 0.900 0.968 0.958 0.972 0.910 0.970
Capsule 0.94 0. 84 0. 84 0.974 0.958 0.983 0.990 0.977 0.985
Hazelnut 0.97 0.87 0.72 0.973 0.975 0.977 0.991 0.983 0.990
Metal nut 0. 89 0.76 0.82 0.931 0. 980 0.967 0.981 0.933 0.985
Objects Pill 0.91 0.87 0.68 0. 957 0.951 0.947 0.965 w 0.986
Screw 0. 96 0. 80 0.87 0.967 0.957 0.974 0.989 0.995 0. 984
Toothbrush 0.92 0.93 0.90 0.981 0.981 0.987 0.979 0. 989 0.992
Transistor 0. 90 0. 86 0. 66 0. 930 0. 970 0.972 0.941 0.961 0. 889
Zipper 0. 88 0.78 0.76 0.993 0.951 0.982 0.965 0.992 ﬂ
Mean 0.87 0.74 0.78 0. 960 0.957 0.967  0.965  0.966  0.980
B A A f 3 3 W41, ECA-MSKDAD 7E MV Tec AD %4 45 i 5C
091 \ : ¥ M ¥
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. < PaDiM-RI8 o InTra
AnoGAN v CutPaste
05 » SPADE Ours
+ Patch SVDD

S D S < Qe e D¢ (o o o o (P
P 1 PEAR e ¥ fw“‘\iﬁ“& 2

B9 9 FARIE )T HE7E MV Tee AD $udi 4 1 1914 Z 94 AUCROC
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Fig. 9 Pixel-level AUCROC test results of 9 different methods
in MVTec AD
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ECA #ie, #2517 2 A N 45 38 HURE A R AE 2R 7R R RE g, 4R T
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S rPERE .

* 4 TFARRIELE MVTec AD $# 4 I B9 PRO MK 45
Table 4 PRO test results of 7 different methods in MV Tec AD

Category SSIM-AE ~ AnoGAN  CNN-Dict STAD  PaDiM-R18 SPADE  Ours

Carpet 0.65 0.20 0.47 0.695 0.960 0.947 0.960

Grid 0.85 0.23 0.18 0.819 0.909 0.867 0.967

Textures Leather 0.56 0.38 0. 64 0.819 0.979 0.972 0.985
Tile 0.18 0.18 0. 80 0.912 0.816 0.759 0.957

Wood 0.61 0.39 0.62 0.74 0.918 0.939 0.942

Bottle 0.83 0.62 0.74 0.918 0.939 0.955 0.957

Cable 0.48 0.38 0.56 0. 865 0. 862 0.909 0.916

Capsule 0. 86 0. 31 0.31 0.916 0.919 0.937 0.953

Hazelnut 0.92 0.70 0.84 0.937 0.914 0.954 0.966

Metal nut 0. 60 0.32 0.36 0.895 0.819 0.944 0.947

Objects Pill 0.83 0.78 0.46 0.935 0.906 0.946 0.970
Screw 0.89 0.47 0.28 0.928 0.913 0. 960 . 937

Toothbrush 0.78 0.75 0.15 0.863 0.923 0.935 0.934

Transistor 0.73 0.55 0.63 0.701 0.802 0.874 0.858

Zipper 0.67 0.47 0.70 0.933 0.947 0.926 0.955

Mean 0.69 0. 44 0.52 0.857 0.901 0.917 0. 946

% 4 A1, ECA-MSKDAD £ MV Tec AD %4 4 9 2L
B0 PR L PRO S5 58 TE W 1R X 5 3 BUAS dme At
AL B 25 2R S I FLAE BT A 280 1 F 35 45 5 B BORS die 1 v

50, BN MBI AL IR PR # . L 10 Hhoe] B % B AT 4R
ECA-MSKDAD #4428 E#R LA T8 A fa e HAL =0
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Fig. 10 PRO test results of 7 different methods in MV Tec AD
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Fig. 11  Visualization results of anomaly location
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Fig. 12 Ablation experiment in MVTec AD
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