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Abstract: Aiming at the problems of low detection accuracy for small-sized defects, weak multi-scale fea-
ture extraction ability and low anomaly segmentation accuracy of existing industrial anomaly detection algo-
rithms, an industrial anomaly detection network combining high-frequency residual guidance and multi-

scale attention feature fusion was proposed. Firstly, aiming at the problem of high-frequency detail loss

W is B #9: 2025-09-17; 14T H #§ : 2025-10-19.
BB B &AW A H T 05 H(No. 2024-JSGG-008) ; N5 HEX T hs| R RH LR ELSTE
(No. 20247Y0074)



'/,
2]

%2 SRRV , 25 < 5 | 5 A 20 RUBE 25 [ R 53 A 0 49 2% 297

caused by traditional full-frequency processing, a frequency-domain separation strategy was designed.
Gaussian kernel filtering was utilized to extract high-frequency residual features, enhancing the network’s
detection ability for minor anomalies. Secondly, aiming at the problems of insufficient representation abili-
ty of complex textures and low discrimination between anomalies and backgrounds in conventional convolu-
tional networks, a globally enhanced multi-scale attention module GEMA is embedded in the encoder
stage of the discriminative network. It captures multi-scale local information in the horizontal and vertical
directions through parallel dual-path, enhancing the salient features at different spatial positions. Improve
the feature discriminability in complex texture backgrounds; Finally, in the decoder stage of the discrimi-
nant network, the coordinate attention module CoordAtt is integrated. By decomposing the coordinate ax-
es and dynamically modulating the feature weights, precise spatial positioning of abnormal areas is
achieved. Experiments show that on the MV Tec AD public dataset, the average AUROC at the image
level of the improved model is 98. 6% , and the average AUROC and AP at the pixel level are 97. 6% and
73. 2% respectively, effectively improving the effect of industrial anomaly detection.

Key words: industrial anomaly detection; high-frequency component guidance; multi-scale spatial percep-

tion; attention mechanism
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TE VisA F0ds 4 R Y R 21 35 AUROC 35
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D715 A AL F R — KO

K5 R T AR SO RN MV Tec AD ¥ 4

F1 FFXFREBEMVTec ADHIEE FHEBRRZAUROCER

Tab.1 Image-level AUROC results of each mainstream model on the MV Tec AD dataset

5 DRAEM™ RIAD™' PaDim™ US"™ MMR"™ DSR™' SuperSimple Net™' 7375k

Ji 4 (Capsule) 98.5 88. 4 91.3 86.1  96.9 98.3 98.7 97.2
i+ (Bottle) 99.2 99.9 99.9 99.0 100 99.6 100 96.7
HEE (Carpet) 97.0 84.2 99.8 91.6  99.6 99. 6 98.4 98.1
Jz ¥ (1eather) 100 100 100 88.2 100 99.3 100 100
25 (PilD) 98.9 83.8 93.3 87.9  98.2 98.9 98.1 98.5
il A4 (Transistor) 93.1 90.9 97.4 81.8  95.1 96.3 99.9 95.7
%t (Tile) 99. 6 98.7 98.1 99.1 98.7 100 99.7 100
H1 45 (Cable) 91.8 81.9 92.7 86.2  97.8 95. 3 98.1 95.1
Pi%E (Zipper) 100 98.1 90. 3 91.9  97.6 98.5 99. 6 100
ZFJ#l (Toothbrush) 100 100 96. 1 95.3 100 100 92. 2 100
% )@ 1+ (Metal nut) 98.7 88.5 98.7 82.0  99.9 99. 1 99.5 99.8
¥ T (Hazelnut) 100 83.3 92.0 93.1 100 97.7 99. 8 100
24T (Screw) 93.9 84.5 85. 8 54.9  92.5 95.5 92.9 97.8
4 JE M (Grid) 99.9 99.6 96. 7 81.0 100 100 99.3 100
A (Wood) 99.1 93.0 99. 2 97.7  99.1 94.7 99. 3 100
-3 (Average) 98.0 91.7 95.5 87.7  98.4 98.2 98.4 98.6

#z2 MVTec ADHEE FEERAUROCH AP R
Tab.2 Results of pixel-level AUROC and AP on the MV Tec AD dataset

ViRt DRAEM™ RIAD™ PaDim"™" usH MMR™  DSR™ NS QSRR

Ji 4 (Capsule) 94.3/49.4  98.2/38.2 98.6/46.7 96.8/25.9  98.0/—  91.0/—  90.9/51.2
JHF (Bottle) 99.1/86.5  98.4/76.4 98.2/77.3 97.8/74.2  98.3/—  98.8/—  99.2/90.2
HLEE (Carpet) 95.5/53.5  96.3/61.4 99.0/60.7 93.5/52.2  98.8/—  96.0/—  97.3/71.7
£z #: (Leather) 98.6/75.3  99.4/49.1 99.0/53.5 97.8/40.9  99.2/—  99.5/—  99.1/70.2
24 R (Pill) 97.6/48.5  95.7/51.6  95.7/61.2 96.5/62.0  98.4/—  94.2/—  98.1/52.2

fm 4 % ( Transistor) 90.9/50.7  87.7/39.2  97.6/72.0 73.7/27.1  90.2/—  80.3/—  90.8/57.3
5% (Tile) 99.2/92.3  89.1/52.6 94.1/52.4 92.5/65.3  95.6/—  98.6/—  99.4/98.1
14§ (Cable) 94.7/52.4  84.2/24.4  96.7/45.4 91.9/48.2  95.4/—  97.7/—  96.7/65.6
$i4% (Zipper) 98.8/81.5  97.8/63.4 98.4/58.2 95.6/36.1  98.0/—  98.4/—  98.0/76.1
ZF il ( Toothbrush) 98.1/44.7  98.9/50.6  98.8/54.7 97.9/37.7  98.4/—  99.5/—  98.5/61.2
& JBIZHE (Metal nut)  99.5/96.3  92.5/64.3  97.3/77.4  97.2/83.5  95.9/—  94.1/—  99.1/92.6
#& ¥ (Hazelnut) 99.7/92.9  96.1/33.8 98.1/61.1 98.2/57.8  98.5/—  99.1/—  99.6/91.8
24T (Screw) 97.6/58.2  98.8/43.9 98.4/21.7  97.4/7.8  99.5/—  98.1/—  99.4/65.6
4 )& ™ (Grid) 99.7/65.7  98.8/36.4 97.1/35.7 89.9/10.1  99.0/—  99.6/—  100/71.4
A (Wood) 96.4/77.7  85.8/38.2 94.1/46.3 92.1/53.3  94.8/—  91.5/— 97.6/82.2
-3 (Average) 97.3/68.4  94.2/48.2 97.4/55.0  93.9/45.5  97.2/—  95.8/—  97.6/73.2
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R3 VisAHEE FEBRRZAUROCHER
Tab.3 Results of image-level AUROC on the VisA dataset

Algorithm Category ~ DRAEM"" SPADE"™! PaDiM"*" DiffAD"" SimpleNet"*" AT
Candle 91.8 91.0 91.6 90.4 95.6 93.8
Capsules 74.7 61.4 70.7 87.6 76.7 82.1
Cashew 95.1 97.8 93.0 81.4 91.7 88.8
Chewing gum 94.8 85.8 98.8 94.0 99.1 92.2
Fryum 97.4 88.6 88.6 87.1 95.3 96. 3
Macaronil 97.2 95.2 87.0 87.6 90. 8 90. 1
Macaroni2 85.0 87.9 70.5 90.7 65.2 89.7
PCB1 47.6 72.1 94.7 75.0 60. 1 77.3
PCB2 89.8 50.7 88.5 94.6 93.3 92.3
PCB3 92.0 90.5 91.0 94.7 94.9 95.3
PCB4 98.6 83.1 97.5 97.7 98.2 97.1
Pipe fryum 100 81.1 97.0 92.7 93.3 99.6
Average 88.7 82.1 89.1 89.5 87.9 91.2

x4 MBETUERSHENL

Tab.4 Comparison of network operation efficiency and parameter quantity

ﬁ{f*lﬂﬁ*ﬁ DRAEMMH RIAD\.‘#U PaDim 31] USMZ MMR\ 33] DSR\ 23 Z'—‘)‘Ljf{zt‘
FPS 45 — 25 — 35 43 40
Z 45 /MB 93 — 68.9 — 102 38.4 97.6
HER Ay oMb AT SR R I AR . R — AT (Ground Truth Mask) . X 67 #4k 45 R A 77 b

O TSR A S B IR AR B AT O AR SO R AG HE ST P 4R A B AN AL BE 8 A ARG DN i 4% 26 SR
i A BT B SR = AT D A SR RS TN i Y W AR S B R A E A, 5 R R ) AT 4
I B 0 AT O Tl A AR R S R (A 8 —

i (Bottle) #P)(Carpet) &I M(Grid) &R (Metalnut)
EIC ST
) LB
poig CO 5 SOSF
- sessesess:
qo ? Pe%e®e ",
=X HEP 0.... -
“ cso o..:
pi oo ees
B
£
= \
=
=
e
: \
= i
i
=i
=
¥
$m
i



o5 2 1

2]

SRRV , 25 < 5 | 5 A 20 RUBE 25 [ R 53 A 0 49 2% 305

K}

BRET (Screw)
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2 fll(Toothbrush) hitE(Zipper)
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Fig. 5 Partial test result chart
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N T ARG VAN B T SR R Ak e
85 A% 21 A Ik ST BT R A R P R AT T
Al S0 o T AR A Tl S R A ARk T AU
DL TUAS S B8 58 40« w5 A0 AR AIF 18 BBOASE B 5 4 )y 348
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Tab.5 Results of ablation experiments

Baseline @ GEMA CA  Auc-l Auc-P Ap-P

N 97.7  97.0 69.6
N N 98.1  97.0 70.1
N, N, 97.9  97.4 71.8
N, v 97.8  97.0 72.0
N N N, 98.3  97.4 72.1
N N Vo982 97.1 72.2
NG N/ v 98.3 97.4 729
N N N v 98.6 97.6 73.2

MfE I 2R B Y A v A R A R A B
WF, BMR 90 AUROCH#& 5 17 0. 4% , 12 K 9 AP &
T 7 0.5% ;i A GEMA i He J5 (9 8 8, A7 8% T
FE R K S H AUROCHETF T 0.2% , B £ %

AUROC #£ 7+ T 0.4%, 12 £ % AR T+ T
2.2% ;M A CABEH R |, AR B R 9 AU-
ROCH# T T 0. 140, B RXH AP T T 2.4,
B S I 4 B BCHE T 4 E B T 0 O
fEHE B e  GEMA B3 DL Je CA 55 15 X6k 3 5%
AL B Tl S G T B A B T OR ] sk A
S B A A <

o A AR AT i BRUASE e S Ao s S I D D
o3 B UG I 8 A5k 25 3 it AT AR 8 511 ST
Pt 1) [ B B i 51 1 i 5 B 2R A L N I 4
Aob B R S AN B RRAE RO B R R
FIRE A B I Al | 38 2 3 2 43 5w R A
RS MG, B 2 RO RRAE B A R A
FLzs T 5 B AR 1 e B A2 Y LA AR K Rl 53
R, T T ) SRR T R D A U 5 Ak S S 0 B
S T, {68 X 2% B 6% [i] B ) 7 O S SR R 2 R 45 4
B 5 A AR TR R U A R AR AR AR AT 55 L
1o A Bl o i 1 2 [8) AR R B 22 R B
T8 AR B35 A R K i 9 23 1) 2 M5 5, Hk R
55 2 B HU AR S A RO IE SR X
FAR S | e 20 A 5 25 3 B U AR IE AL . X b
DI R) 22 7 75 g A0S B g 40 45 PR R BE ) L2 R
B e 1) 1 A4 BE 1 5 A B A B ) s [ SR RE
T L H 4D
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