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Defect image generation algorithm based on an improved
controllable diffusion model
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Abstract: In industrial settings, the acquisition and annotation of defective workpieces pose significant challenges,
severely hindering defect detection efforts. While generating a large number of defective samples from limited real-
world samples effectively mitigates the issue of sample scarcity, existing defect generation methods are often
constrained by suboptimal visual authenticity and poor alignment with defect masks. To address these limitations, this
study introduces AnomalyAlign, a novel controllable diffusion model designed to synthesize highly realistic industrial
defect images with precise mask alignment. Leveraging the foundational knowledge of the text-to-image model Stable
Diffusion, AnomalyAlign incorporates a semantic-aligned text prompt generator to produce text prompts that achieve
closer semantic alignment with real images, thereby accelerating model convergence. Furthermore, the model

integrates a defect alignment loss function, which enhances the spatial consistency between generated defect images and

their corresponding masks. Extensive experimental

validation on the MVTec-AD dataset demonstrates that

AnomalyAlign generates defect images with superior realism and diversity, while significantly improving the

performance of downstream defect detection tasks.

Keywords: industrial defect detection;controllable diffusion model;image generation;{ine-tuning large model
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Fig. 1 Overall framework of the ControlNet model
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Fig. 3 Inference process of the CLIP model
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Table 1 Quantitative results of generation quality

Hik ControlNet SDGAN Defect-GAN DFMGAN Anomaly-Diffusion Anomaly-Align
1S IC-L IS IC-L 1S 1IC-L 1S IC-L IS IC-L IS IC-L
bottle 1.52 0.11 1. 57 0. 06 1. 39 0.07 1. 62 0.12 1. 25 0.12 1. 69 0.18
cable 1.62 0. 30 1.89 0.19 1.70 0.22 1. 96 0.25 1. 66 0.27 1. 83 0.31
capsule 1. 11 0.16 1. 49 0.03 1.59 0. 04 1.59 0.11 1. 47 0. 06 1.72 0.18
carpet 1.13 0.19 1. 18 0.11 1.24 0.12 1.23 0.13 0.92 0.09 1. 01 0.21
grid 2.26 0.31 1. 95 0.10 2.01 0.12 1.97 0.13 2.62 0. 28 2. 65 0. 44
hazelnut 2.14 0.18 1. 85 0.16 1. 87 0.19 1.93 0.24 1. 89 0.19 2.33 0.20
leather 1. 21 0.12 2. 04 0.12 2.12 0. 14 2.06 0.17 1. 36 0.10 1. 41 0.18
metal_nut  1.48 0.21 1. 45 0. 28 1.47 0. 30 1.49 0. 32 1. 96 0.27 1. 67 0. 26
pill 2.48 0.32 1. 61 0. 07 1. 61 0.10 1.63 0.16 1. 33 0.11 2.51 0. 35
screw 1. 55 0.25 1.17 0.10 1. 19 0.12 1.12 0. 14 1. 31 0.35 1.61 0.29
tile 1. 59 0. 26 2.53 0.21 2.35 0.22 2.39 0.22 1.94 0.25 1.72 0.29
toothbrush  2.12 0.48 1.78 0.03 1. 85 0.03 1. 82 0.18 1. 37 0.10 3.07 0.53
transistor 1. 59 0.29 1.76 0.13 1.47 0.13 1. 64 0.25 1. 51 0.19 1.70 0.34
wood 2.16 0.27 2.12 0.25 2.19 0.29 2.12 0. 35 1.92 0.22 2.31 0. 33
zipper 1. 86 0.22 1. 25 0.10 1. 25 0. 10 1. 29 0. 27 1. 42 0.11 2. 04 0. 26
S 4 {H 1.72 0.24 1.71 0.13 1. 69 0.15 1.72 0. 20 1. 60 0.18 1.95 0.29
2) B BRI 5 7 47 mOROEE . R B 2 X F “Screw” Gl 5

K6 MM % T AnomalyAlign 5 AnomalyDiffusion AnomalyDiffusion #H I » AnomalyAlign 43 1 18 Hit 7 X 15k
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Table 2 Pixel-level defect localization results of defect generation methods

R DRAEM DFMGAN ControlNet AnomalyDiffusion AnomalyAlign

LES AUC AP Fl-max AUC AP Fl-max AUC AP Fl-max AUC AP Fl-max AUC AP Fl-max
bottle  96.7 80.2 74.0 98.9 90.2 83.9 96.7 84.1 81.6 99.4 92.7 86.0 99.4 92.3 85.7
cable 80.3 21.8 28.3 97.2 81.0 75.4 89.9 70.0 70.2 98.4 82.6 75.4 93.8 77.1 74.9
capsule 76.2 25.5 32.1 79.2 26.0 35.0 91.7 38.4 47.2 97.1 41.7 42.9 95.3 41.5 50.4
carpet 92.6 43.0 41.9 90.6 33.4 38.1 97.1 77.4 72.4 94.4 58.7 57.3 99.2 84.3 76.0
grid 99.1 59.3 58.7 75.2 14.3 20.5 95.3 46.6 48.2 98.2 44.9 46.4 98.1 49.6 50.2
hazelnut 98.8 73.6 68.5 99.7 95.2 89.5 97.3 86.1 86.4 98.8 73.0 66.5 99.7 94.6 90.2
leather  98.5 67.6 65.0 98.5 68.7 66.7 94.4 70.4 64.1 99.8 73.0 68.3 99.7 84.3 76.9
metal_nut 96.9 84.2 74.5 99.3 98.1 94.5 94.7 78.5 64.8 99.6 98.1 92.2 99.6 95.4 91.7
pill 95.8 45.3 53.0 81.2 67.8 72.6 97.4 76.2 73.9 99.7 94.9 87.7 99.6 92.6 86.8
screw 91.0 30.1 35.7 58.8 2.2 5.3 91.1 36.8 35.1 92.8 24.8 34.4 96.6 43.4 43.1
tile 98.5 93.2 87.8 99.5 97.1 91.6 95.1 80.0 81.4 99.7 96.2 88.7 99.7 94.7 90.9
toothbrush 93.8 29.5 28.4 96.4 75.9 72.6 95.4 69.1 66.8 98.8 68.9 70.3 98.2 73.8 69.1
transistor 76.5 31.7 24.2 96.2 81.2 77.0 95.4 76.1 66.3 99.4 92.3 84.5 98.9 86.8 78.8
wood 98.8 87.8 80.9 95.3 70.7 65.8 98.4 76.2 76.8 98.4 77.6 70.0 99.3 89.2 82.4
zipper  93.4 65.4 64.7 92.9 65.6 64.9 94.9 72.7 68.4 99.6 87.5 79.2 99.5 88.1 8I.1
SEHE 92.2 54.1  53.1 90.0 62.7 62.1 95.0 69.2 66.9 98.3 73.8 70.0 98.4 79.2 175.2

R A 45 v 09 A DevNet 1 DRA & A MW B = % & W & &,

3.2 ANEERPEW AR X L I8

N T #E— % iF AnomalyAlign B 5t #F 4, ¥
AnomalyAlign 5 B A 1 — 28 58 F 09 6 B K W J7 %
DRAEM™ | DevNet?, DRA™., CFA™ . RDIAD™",
PatchCore™! .KDAD*"' ,SSPCAB"” #l AnomalyDiffusion™*,
AT T — T b 52 56, BA Sk Ui, DRAEM ., CFA \RD4AD,
PatchCore, KDAD 1 SSPCAB 42 TG a7 Bkt I 46 T 4 v |

AnomalyDiffusion il AnomalyAlign J& &kt g 4= il 5 2. &
138 A K B R AEA TR AE — D 2 1) U-Net B8] |
AT HLUI SR, R 4 BT IR R RGO Y
A€ C AUROC/AP). A LA A& W A 1L T ix s f A,
AnomalyAlign BUSSCR BT F 50 J& Xt T AP 46545, Ho A
SE A W B K I 5T ¥k DevNet 37T 29. 9%, L BLA
B B P ¥ AnomalyDiffusion 87+ T 5.4%.,
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Table 3 Image-level defect detection results of defect generation methods
Ak DRAEM DFMGAN ControlNet AnomalyDiffusion AnomalyAlign
0=

AUC AP Fl-max AUC AP Fl-max AUC AP Fl-max AUC AP Fl-max AUC AP Fl-max

bottle  99.3 99.8 98.9 99.3 99.8 97.7 99.5 99.4 99.1 100.0 100.0 100.0 100.0 100.0 100.0
cable 72.1 83.2 79.2 95.9 97.8 93.8 97.7 96.4 95.6 99.4 99.3 95.8 98.9 98.9 97.5
capsule 93.2 98.7 94.0 92.8 98.5 94.5 94.9 96.2 92.3 95.2 98.5 93.9 96.7 98.9 95.4
carpet 95.3 98.7 93.4 67.9 87.9 87.3 90.4 94.1 89.9 87.7 93.9 89.1 94.1 97.6 92.6
grid 99.8 99.9 98.8 73.0 90.4 85.4 100.0 100.0 99.9 98.2 99.3 98.6 100.0 100.0 99.9
hazelnut 100.0 100.0 100.0 99.9 100.0 99.0 99.1 99.0 98.6 98.7 98.8 96.8 100.0 99.9 99.9
leather 100.0 100.0 100.0 99.9 100.0 99.2 99.9 100.0 100.0 100.0 100.0 100.0 99.9 100.0 100.0
metal_nut 97.8 99.6 97.6 99.3 99.8 99.2 99.1 98.2 96.4 100.0 100.0 100.0 100.0 100.0 99.9
pill 94.4 98.9 95.8 68.7 91.7 91.4 97.9 985 96.1 99.3 99.7 97.9 99.7 99.9 98.9
screw  88.5 96.3 89.3 22.3 64.7 85.3 89.2 94.1 88.5 86.1 93.8 8.3 955 98.0 92.4
tile 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 99.9 100.0 100.0 100.0 100.0 100.0 99.9
toothbrush 99.4 99.8 97.6 100.0 100.0 100.0 99.1 99.4 97.7 100.0 100.0 100.0 99.6 99.9 97.7
transistor 79.6 80.5 71.4 90.8 92.5 88.9 97.2 98.4 96.3 99.7 99.5 98.1 99.8 99.7 98.3
wood  100.0 100.0 100.0 98.4 99.4 98.8 97.2 98.9 97.1 99.4 99.7 97.7 99.5 99.7 98.7
zipper  100.0 100.0 100.0 99.7 99.9 99.4 99.8 99.5 98.2 100.0 100.0 100.0 100.0 100.0 100.0
SEME 94.6 97.0  94.4  87.2 94.8 94.7 97.4 98.1 96.4 97.6 98.8 96.9 98.9 99.5 98.1
x4 SUEHRBRNERGER
Table 4 Comparison with existing defect detection models
Anomaly-  Anomaly-
JUES KDAD DRAEM  SSPCAB CFA RD4AD  PatchCore  DevNet DRA
Diffusion Align
bottle 94.7/50.5 99.1/88.5 98.9/88.6 98.9/50.9 98.8/51.0 97.6/75.0 96.7/67.9 91.7/41.5 99.4/92.7 99.4/92.3
cable 79.2/11.6 94.8/61.4 93.1/52.1 98.4/79.8 98.8/77.0 96.8/65.9 97.9/67.6 86.1/34.8 98.4/82.6 93.8/77.1
capsule 96.3/9.9 97.6/47.9 90.4/48.7 98.9/71.1 99.0/60.5 98.6/46.6 91.1/46.6 88.5/11.0 97.1/41.7 95.3/41.5
carpet 91.5/45.8 96.3/62.5 92.3/49.1 99.1/47.7 99.4/46.0 98.7/65.0 94.6/19.6 98.2/54.0 94.4/58.7 99.2/84.3
grid 89.0/7.6 99.5/53.2 99.6/58.2 98.6/82.9 98.0/75.4 97.2/23.6 90.2/44.9 86.2/28.6 98.2/44.9  98.1/49.6
hazelnut ~ 95.0/34.2 99.5/88.1 99.6/94.5 98.5/80.2 94.2/57.2 97.6/55.2 76.9/46.8 88.8/20.3 98.8/73.0 99.7/94.6
leather 98.2/26.7 98.8/68.5 97.2/60.3 96.2/60.9 96.6/53.5 98.9/43.4 94.3/66.2 97.2/5.1 99.8/73.0 99.7/84.3
metal nut  81.7/30.6 98.7/91.6 99.3/95.1 98.6/74.6 97.3/53.8 97.5/86.6 93.3/57.4 80.3/30.6 99.6/98.1 99.6/95.4
pill 90.1/23.1 97.7/44.8 96.5/48.1 98.8/67.9 98.4/58.1 97.0/75.9 98.9/79.9 79.6/22.1 99.7/94.9 99.6/92.6
screw 95.4/5.9  99.7/72.9 99.1/62.0 98.7/61.4 99.1/51.8 98.7/34.2 66.5/21.1 51.0/5.1 92.8/24.8 96.6/43.4
tile 78.6/26.7 99.4/96.4 99.2/96.3 98.6/92.6 97.4/78.2 94.9/56.0 88.7/63.9 91.0/54.4 99.7/96.2 99.7/94.7
toothbrush  95.6/20.0 97.3/49.2 97.5/38.9 98.4/61.7 99.0/63.1 97.6/37.1 96.3/52.4 74.5/4.8 98.8/68.9 98.2/73.8
transistor  76.0/25.9 92.2/56.0 85.3/36.5 98.6/82.9 99.6/50.3 91.8/66.7 55.2/ 4.4 79.3/11.2 99.4/92.3 98.9/86.8
wood 88.3/24.7 97.6/81.6 97.2/77.1 97.6/25.6 99.3/39.1 95.7/54.3 93.1/47.9 82.9/21.0 98.4/77.6 99.3/89.2
zipper 95.1/30.5 98.6/73.6 98.1/78.2 95.9/53.9 99.7/52.7 98.5/63.1 92.4/53.1 96.8/42.3 99.6/87.5 99.5/88.1
I 89.6/24.9 97.7/69.0 96.2/65.5 98.3/66.3 98.3/57.8 97.1/56.6 86.4/49.3 84.8/25.7 98.3/73.8 98.4/79.2
3.3 HEEZW DreamBooth "y J5 1 , B 45 4 A~ 2L 92 1 B B A 4 1 —

AR BT T LSS R B UE AnomalyAlign 2541 A5 UL L IFORE A DL R AR 3T A R AR D SOA
PRI . RS B BRI AR B 1 000 AN ERFEREAS  $o s X T4 2k e B 2 (7)o Al B B X 5 4

TS5,

BEAT T 5 T SOOF 57 SCA 78 A2 e B BE RAYSESR b oh SR R BRI o 1B 7 R T RS

XEFF R B SE B a R X T ORI AR EBCR AT R TSR P R R AR R T R A IR R S . il i
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Fig. 7 Visual comparison of ablation experiments
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Table 5 Quantitative results of ablation experiments

Tk

U SRIE XHSF B AUC AP Fl-max
SCARSR IR A LAY X SRR
a X X 95.0  69.2  66.9
b N X 97.8 75.4  72.3
¢ N N/ 98.4 79.2  75.2
4 & it

EE T BUAT Bl 06 AE L 1 2R B TEIGR EL SE R 5 22
B4 1) AT, 4 R T — BT B T B B BB A AnomalyAlign
SR A B L X 5 A B b B s AR . B L i
LA ControlNet SRR, 4k A& T KA I =E 5 10 55 56 030,
R 38 T — Bl 88 SO 5% SCAS $E 7R AR B AR Ok 3R A5 7E ik
725 ) IR X 5 9 BRAR-SCAR X, DA FE 43 R R Bk R X 42 1
SelAE B b T AL R U S B T R R R FEIR
AUROC.AP 1 Fl-max F 2 l48 & T 2.8%.6.2%
5.4% . BLAM, Bl X 578 i 2 b Al A B A Bl X8R
BN I e B DXSCRE i E FRL PR R TN SR M ER R K
AUROC.AP 1 Fl-max 43l #& & T 0.6%. 3. 8% A0
2.9%. # MVTec #t i £ LW K2 L KIUEHT
AnomalyAlign 5 i M, 85 9 %F F 148 K 9 AP Ml Fl-max
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