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A Two-stage Industrial Anomaly Detection Method Based on Diffusion
Generative Model

Zeng Weifeng, Cheng Lianglun, Huang Guoheng
(School of Computer Science of Technology, Guangdong University of Technology, Guangzhou 510006, China)

Abstract: Most existing industrial anomaly detection methods adopt the idea of image restoration, which utilizes
artificial synthesis of pseudo anomaly samples in the training stage to discriminate the artificial defect image from
the reconstructed images after model restoration, and calculates the deviation of the discrimination to obtain the
anomalous region. However, the artificial defect images do not correlate well with the actual defect semantics and
cannot accurately cover the actual defect types, resulting in less robustness of the model. In order to solve this
problem, this paper proposes a two-stage industrial Diffusion Anomaly Detection network (DADNet). Firstly, a
semantically-guided anomaly generation module is utilized to synthesize the known defects, and this is used as the
a priori information for anomaly detection. In the first stage, an image reconstruction model is used to repair the
abnormal region of the workpiece. In the second stage, a discriminative model based on the repaired image and the
initial image is trained and used to detect the anomalous regions. In addition, this paper further enhances the
performance of the reconstruction model by aggregating features through the joint attention mechanism. DADNet
outperforms the existing models on the publicly available datasets of workpieces with different materials,

promising prospect for industrial anomaly defect detection.
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Screw 52.1 85.8 77.8 83.5 99.9 Screw 6.1 22.4 45.6 39.0 69.3
Average 89.8 96.5 92.8 93.8 98.4 Average 50.2 50.8 55.8 61.2 70.2
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Table 2 AUROC-Pixel evaluation on the MVTec dataset %

20 FastFlow PaDim  RD  STFPM  DADNet
Carpet 98.3 99.0 98.9 98.6 97.5
Leather 99.6 99.0 98.4 99.1 99.3

Tile 94.4 94.1 86.7 94.6 98.3
Wood 95.6 94.1 93.9 94.9 96.7
Bottle 98.3 98.2 98.1 97.1 99.1

Toothbrush 97.9 98.8 99.0 98.3 98.7

Cable 95.4 96.7 96.5 89.8 95.8
Screw 92.6 98.4 98.7 98.3 99.6
Average 96.5 97.3 96.3 96.3 98.1
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Fig.6 Visualization results on the test set
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Table 4 Ablation experimental results %

S AUROC-Image AUROC-Pixel Fl-score-Pixel
BaselinetDGM 78.0 79.3 254
Baseline+SDGM 97.2 97.4 60.9
BaselinetDGM+DRAM 97.6 97.4 67.9
DADNet(Ours) 98.4 98.3 70.2

FEA A BT 2% ﬂx?%'c?ilz%ﬁ’]@{%AURocW%%%
AUROC, 3 B4 & F1-scoreft) 45 AF | KM T| . £
A B 7ROy ”%“*ﬂﬁztﬂtt@T%n,DGMé\ﬁkﬁ’J
87 e T I AN e R SR, 5 L S P ] R A
EE K ZE 5. 1M SDGM AT LAA il 5 A4 HH < i X
BB, A0 RIIR L 2R 48 SR O R AR 45, K Py S BE A
TEAR B UL B 20T B SR P o o A 3 — 20 1 B
RlA T A 2 0O i BEA T DABR AL 2 B IR A
B WA I A R IE AR AT IR A T
IGAIE BT 3 HH T DRAMA L [f1 5 &4 14 , 7 Baseline Al
DGM[FE:A E, IIADRAM, [FIFET] LLE B4 EF1-
scoreZt LT T 42.54F 47 /4. T AEAUROCHI 7351
I, DRAMBEH N , A7 Sk T FISDGMAR
B N JE AL 0 2 B sh

EAEE =M 2, fE1%2 EF1-scoref&tn L, DRAM
55 1 2% B 22 L SD G MR B 2 47, 31X i BH i A\
DRAM Ji5 58S o] DABE JnAR € » tH - T-SDGMAE i 1)
e FEAA AR Gt T RE AR 5 v R N I I
FEA, T Baseline bt 711w /b 24 o8 7 2 B R RS
T $27f Baseline Al I SDGM 4 B ) 7 & REAS I
S S IB R B R Z A BE JT IR B . IR Bk, R4
DADNet45 J U 78 431E #H , 2423 DRAM S A 1L, ¥
FE 223 8] W IE 5 R AE 5 57 0 RE R VR VA 1) In) A 31 2%
filt s KRB AL RE Dtk — 03

4 4518
AT ) TR AR I 7 — NS T4 B g

(a) HLIEHE

(b) DGM & HRIFI B R IE  (c) SDGM & ik

7 DS REA L

Fig.7 Comparison of the pseudo anomaly samples
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