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Research on unsupervised anomaly detection algorithm
for point cloud and image fusion
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(1. School of Advanced Manufacturing, Fuzhou University , Quanzhou 362251 , China;
2. Fujian Science and Technology Innovation Laboratory for Photoelectric Information , Fuzhou 350116, China)

Abstract: A multimodal industrial anomaly detection method based on normalizing flow is proposed to address the is-
sue of interference between high-dimensional features in multimodal industrial detection,resulting in unsatisfactory de-
tection rates. Firstly,the depth information of the 3D point cloud of the image is extracted and added to the RGB image
as the fourth channel to generate the fused RGBD image. Then, the fused image features are extracted using a pre-
trained feature extraction network. Finally, a normalizing flow model for anomaly detection is obtained using feature
training. The experimental results show that the anomaly detection model achieves an average Pixel AUROC of 95. 8
% and an average AUPRO of 86.2 % on the MVTec 3D-AD dataset, which is an improvement of 2.6 % and 9.1 % ,
respectively, compared to other models.
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*x 1 £ 7% % Image AUROC 3545 3T b,
Tab. 1 Comparison of Image AUROC metrics for various methods
Vil bagel cable gland carrot cookie dowel foam peach potato rope tire mean
Depth GAN!4] 0.538 0.372 0.580 | 0.603 | 0.430 | 0.534 | 0.642 | 0.601 | 0.443 | 0.577 | 0.532
Depth AR 0. 648 0.502 0. 650 0. 488 0. 805 0.522 0.712 0.529 0. 540 0.552 0. 595
Depth vmL4 0.513 0.551 0.477 0. 581 0.617 0.716 0. 450 0.421 0.598 0. 623 0. 555
Voxel GAN[/ 0. 680 0.324 0.565 0.399 0.497 0. 458 0. 566 0.579 0. 601 0.482 0.517
Voxel AE!] 0.510 0. 540 0.384 0. 693 0. 446 0.632 0. 550 0. 494 0.721 0.413 0.538
Voxel VM4 0.553 0.772 0.484 0.701 0.751 0.578 0. 480 0. 466 0. 689 0.611 0. 609
Depth iNet!?) 0. 690 0.597 0.753 0. 862 0. 881 0.590 0.597 0. 598 0.791 0.577 0. 694
Raw!'5 0. 627 0. 507 0. 600 0. 654 0.573 0.524 0.532 0.612 0.412 0.678 0.572
HoG! % 0. 487 0.587 0. 691 0. 545 0. 643 0. 596 0.516 0.584 0.507 0. 430 0.559
ADNF (Ours) 0. 967 0. 862 0.712 0. 682 0. 953 0.725 0. 695 0. 537 0.938 0.709 0.778
%2 477 AUPRO 3541 4
Tab. 2 Comparison of AUPRO indicators for various methods
Dikry bagel cable gland carrot cookie dowel foam peach potato rope tire mean
Depth GAN!™ 0.421 0.422 0.778 0. 696 0. 494 0.252 0. 285 0.362 0. 402 0.631 0.474
Depth AEL 0.432 0. 158 0. 808 0. 491 0. 841 0. 406 0.262 0.216 0.716 0.478 0. 481
Depth vmL4) 0. 388 0.321 0. 194 0.570 0. 408 0. 282 0. 244 0. 349 0. 268 0.331 0.335
Voxel GAN['/ 0. 664 0. 620 0. 766 0.740 0.783 0.332 0.582 0.790 0. 633 0. 483 0. 639
Voxel AE!] 0.467 0. 750 0. 808 0. 550 0.765 0.473 0.721 0.918 0.019 0. 170 0. 564
Voxel VM['4] 0.510 0. 331 0.413 0.715 0. 680 0.279 0. 300 0.507 0.611 0. 366 0. 471
Depth iNet!!s) 0.763 0.676 0. 884 0. 883 0. 864 0.322 0. 881 0. 840 0. 844 0.634 0.759
Raw!'3 0. 402 0.314 0. 639 0.498 0.251 0. 259 0. 527 0.531 0. 808 0.215 0. 444
HoG! '3 0.712 0.761 0.932 0. 487 0. 833 0.520 0.743 0. 949 0.916 0. 858 0.771
ADNF ( Ours) 0.911 0. 922 0. 936 0. 833 0.924 0.720 0. 871 0.811 0. 959 0.733 0. 862
%3 &7 % Pixel AUROC 48475t
Tab. 3 Comparison of Pixel AUROC indicators for various methods
Tk bagel cable gland carrot cookie dowel foam peach potato rope tire mean
Depth iNet! %] 0. 957 0.901 0. 966 0.970 0.967 0.771 0.971 0.949 0.977 0. 891 0.932
Raw!'’] 0. 803 0. 750 0. 849 0. 801 0.610 0. 696 0. 830 0.772 0.951 0. 670 0.773
HoG! '™ 0.911 0.933 | 0.985 | 0.823 | 0.936 | 0.862 | 0.923 | 0.987 | 0.980 | 0.955 | 0.930
ADNF (Ours) 0.976 0. 980 0.982 0.957 0. 980 0.879 0.963 0.947 0. 992 0.925 0. 958
k4 AhEREREEK JEAF BOR B RCB [ER HEAT S 8 46 0 IF 2R H
Tab. 4 Comparison of experimental results T Ak AR B Sl s 3 2 T S 4 1'|:: B A% I?E e
Jrit: Image AUROC AUPRO Pixel AUROC ST ok WL A H T i 7 v, ADNF 7 3 ]
RGB 0. 695 0.798 0.933 i N i %7 N
i DL 4R T 5 A W A R X AR A T
{¥ 3D 0. 648 0.724 0.904
73 /N ‘Tll y = ¢
DN o o 560 oo a5 TR BBEA ST B g S ARG P RE 7 D 1Y) E 2L
6 i YER o A ST A S8 AR HE T — Fh 42 1L = 0
e =A

ARSCEE T —BlOHT A 2R T RGB R
o R BE A B S RGN 5 3k, RE 8 AT A0 ke Tk
S RN A BE R AN 58 03 S B0 R R TI AS 2
) O B BRT SAE T 5 AT R 1 A e IR

RGB {5 B WA B07 58, WIS T b il AL T A T 4k
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