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Image anomaly detection algorithm using multi-level feature fusion

network
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(1. School of Electronic Information Engineering, Anhui University, Hefei 230031, China; 2. School of Internet, Anhui
University, Hefei 230031, 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 is put forward. By using the pseudo anomaly data generation algorithm incorporated with the
anomaly prior knowledge, the anomaly data of the training set are augmented, and then the anomaly detection task is transformed
into a supervised learning task. A multi-level feature fusion network is 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 can make
the features used for anomaly detection more discriminative. In the training phase, the score constraint loss and the consistency
constraint loss are designed and combined with the feature constraint loss to train the whole network model. Experimental results
on the MVTec dataset show that the proposed model can achieve 98.7% AUROC in the detection task, 97.9% AUROC and 94.2%
PRO in the localization task, which outperforms several existing anomaly detection approaches.

Keywords: Image anomaly detection; Pseudo-anomaly; Multi-level feature fusion; Consistency constraint
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Fig.1 Multi-level feature fusion network diagram
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Fig.3 Pyramid texture feature extraction module
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R 1 AFATTELE MVTec AR EHE AN S5 AUROC 18(%)
Tab.1 AUROC values of image-level detection results in MVTec data sets by different methods(%)

Category/Method ~ US[28]  MF[29] PSVDD[30] PaDiM[16] CutPaste[17] RD[31]  Ours

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 86.1 933 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 94.6 99.3 100
Toothbrush 953 100 100 96.1 99.4 99.5 100
Transistor 81.8 94.4 91.5 97.4 96.1 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
Average 87.7 95.8 92.1 95.5 96.1 98.5 98.7

K2 AFETTEE MVTec BN L5045 R R I AUROC fE (% %)M PRO fE(41%)
Tab.2 Experimental results of different methods in MV Tec data sets at pixel level AUROC value (left %) and PRO value

(right %)

Category/Method ~ US[28] MF[29] FCDD[21] PaDiM[16] CutPaste[17] RDJ[31] Ours
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
Average -/91.4 -/90.1 94.0/- 97.5/92.1 96.0/- 97.8/93.9  97.9/94.2
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Tab.3 Experimental results of the proposed method under six different pseudo-anomaly ratio(%)

Metric 0 0.05 0.25 0.5 0.75 1.0
Dy e Dy i i i

AUROCAD(%) 68.2 97.6 98.2 98.7 98.4 98.0

AUROCAL(%) 61.4 97.3 97.7 97.9 97.7 97.0

PRO(%) 322 90.3 93.5 94.2 93.8 93.0




4 RSN S R (%)
Tab.4 Results of ablation experiment(%o)

_ . R+ BL+HRKE BEL+HRHE BL+HKME
Metric HL N w w
H R +STL FSTL+AM IR +STL+ 3 si+— 8tk
AUROCAD(%) 97.84 98.3 98.5 98.6 98.7
AUROCAL(%) 97.37 97.7 97.8 97.7 97.9
PRO(%) 92.33 93.2 933 94.0 94.2
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