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Image anomaly detection algorithm using multi-level
feature fusion network

TANG Jun', ZUO Jinmei', WANG Ke** , ZHANG Yan', WANG Nian'
(1. School of Electronic Information Engineering, Anhui University, Hefei 230601, China;
2. School of Internet, Anhui University, Hefei 230039, China)

Abstract; Image anomaly detection aims to identify and locate the abnormal region in an image. To address the issue on the insufficient
utilization of different-level feature information in the existing methods, an image anomaly detection method based on multi-level feature fusion
network was put forward. By using the pseudo anomaly data generation algorithm incorporated with the anomaly prior knowledge, the anomaly data
of the training set were augmented, and then the anomaly detection task was transformed into a supervised learning task. A multi-level feature fusion
network was constructed to enriches the low-level texture information and high-level semantic information of features by fusing the different levels of
features in the neural network, which could make the features used for anomaly detection more discriminative. In the training phase, the score
constraint loss and the consistency constraint loss were designed and combined with the feature constraint loss to train the whole network model.
Experimental results on the MVTec dataset showed that the proposed model could achieve 98. 7% AUROC ( area under the receiver operating
characteristic) mean value in the detection task, 97.9% AUROC mean value in the pixel-wise localization task and 94.2% mean value of per-
region-overlap in the localization task, which outperformed several existing anomaly detection approaches.
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Fig.2 Texture enhancement module
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Tab.1 AUROC of image-level detection results in MVTec data sets by different methods

%
s3] Us® MF" PSVDD"" PaDiM ¢’ CutPaste''" RD"" Ay i
Bottle 99.0 99. 1 98.6 99.9 98.2 100 100
Cable 86.2 97.1 90.3 92.7 81.2 95.0 97.0

Capsule 86. 1 87.5 76.7 91.3 98.2 96.3 96. 6
Carpet 91.6 94.0 92.9 99.8 93.9 98.9 100
Grid 81.0 85.9 94.6 96.7 100 100 100
Hazelnut 93.1 99.4 92.0 92.0 98.3 99.9 99.8
Leather 88.2 99.2 90.9 100 100 100 100
Metal Nut 82.0 96.2 94.0 98.7 99.9 100 98.6
Pill 87.9 90. 1 86. 1 93.3 94.9 96. 6 96.9
Screw 54.9 97.5 81.3 85.8 88.7 97.0 93.2
Tile 99. 1 99.0 97.8 98. 1 9.6 99.3 100

Toothbrush 95.3 100 100 9. 1 99.4 99.5 100

Transistor 81.8 94.4 91.5 97.4 9. 1 96.7 98.9
Wood 97.7 99.2 96.5 99.2 99.1 99.2 99.6
Zipper 91.9 98.6 97.9 90.3 99.9 98.5 100

S 87.7 95.8 92.1 95.5 9. 1 98.5 98.7
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Tab.2 Experimental results of different methods in MVTec data sets at pixel level AUROC (left ) and PRO (right )

%
25 us'® MF " FCDD!! PaDiM !¢’ CutPaste!"”! RD"! b
Bottle —/93.1 —/88.8 87.0/— 98.3/94.8 97.6/—  98.7/96.6  99.0/97.5
Cable —/81.8  —/93.7 94.0/— 96.7/88.8 90.0/—  97.4/91.0  95.3/91.8

Capsule —/96.8  —/87.9 94.0/— 98.5/93.5 97.4/—  98.7/95.8  98.5/93.7
Carpet —/87.9  —/87.8 99.0/— 99.1/96.2 98.3/—  98.9/97.0  99.2/97.4
Grid —/95.2 —/86.5 94.0/— 97.3/94.6 97.5/—  99.3/97.6 99.3/97.5
Hazelnut —/96.5 —/88.6 97.0/— 98.2/92.6 97.3/—  98.9/95.5  99.2/98.1
Leather —/94.5  —/95.9 99.0/— 99.2/97.8 99.5/—  99.4/99.1  99.5/98.9
Metal Nut —/94.2  —/86.9 98.0/— 97.2/85.6 93.1/—  97.3/92.3  98.1/93.1
Pill —/96.1  —/93.0 95.0/— 95.7/92.7 95.7/—  98.2/96.4  97.6/95.5
Screw —/94.2  —/95.4 93.0/— 98.5/94.4 96.7/—  99.6/98.2 97.2/89.6
Tile —/94.6  —/88.1 97.0/— 94.1/86.0 90.5/—  95.6/90.6  97.5/94.5
Toothbrush —/93.3  —/87.7 89.0/— 98.8/93. 1 98.1/—  99.1/94.5  98.8/90.9
Transistor —/66.0  —/92.6 82.0/— 97.5/84.5 93.0/—  92.5/78.0  91.6/80.8
Wood —/91.1  —/84.8 95.0/— 94.9/91.9 95.5/—  95.3/90.9  97.9/96.8
Zipper —/95.1  —/93.6 97.0/— 98.5/95.9 99.3/—  98.2/95.4 99.1/97.1
S —/91.4  —/90.1 94.0/— 97.5/92.1 96.0/—  97.8/93.9  97.9/94.2
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(a) Original image
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(¢) Visual heat map
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Fig.8 Anomaly detection visualization
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Tab.3  Experimental results of the proposed method under six different pseudo-anomaly ratio
Y%

R E L 0% thitw  S%thE  25%hR% 0% thFH  T5% iR 100% fhSH
AUROC,, 68.2 97.6 98.2 98.7 98.4 98.0
AUROC,, 61.4 97.3 97.7 97.9 97.7 97.0

PRO 32.2 90.3 93.5 94.2 93.8 93.0
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AS/INTY g T R B, X R R
STLNet DA R —EUERR B9A R E AT IIE. 2
FOBEAFAERR A Ny SR B 32 P 2% B R
ResNet50 Aij =2 [ 45 42 A FF LA o Hode 2 i i
DU FHHFAE LI HN % M4, KR R FHIE A 5

HLHLF 4,3 4 iy AUROC,, Fil AUROC,, &2 PRO
G337 MVTec Fdli 5 v 15 A28 51 BHAR AT
P V- S57KG B R 2 Gl )~ F-250KG B, AT LA )
H AL HERLE | STLNet | 735024 o DL B — S0 451 2k 4B
TE—E R FAE S T R Rk Ge .
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Tab.4 Results of ablation experiment

%
. B . L + FEEL + ARCHE +  BEER + AR + FEL + ARLE +
P b Ik “ o
P STL STL + 434245k STL + 43825 + — Btk
AUROC,, 97.84 98.3 98.5 98.6 98.7
AUROC,, 97.37 97.7 97.8 97.7 97.9
PRO 92.33 93.2 93.3 94.0 94.2
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