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Multimodal multiscale industrial anomaly detection via flows
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Abstract: Objective Defect detection stands as a fundamental cornerstone in modern industrial quality control frame-
works. As industries have advanced, the array of defect types has become increasingly diverse. Some defects present formi-
dable challenges, as they are scarcely perceptible when examined using individual RGB images. This approach necessi-
tates additional information from complementary modalities to aid in detection. Consequently, conventional deep learning
methods, which rely solely on single modal data for defect identification, have proven inadequate for meeting the dynamic
demands of contemporary industrial environments. Here, an innovative approach is proposed to address the nuanced chal-

lenges inherent in multimodal defect detection scenarios prevalent in modern industries, where defects vary considerably in
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shape and size and often exhibit low perceptibility within individual modalities. The proposed method can integrate a novel
multimodal multiscale defect detection framework grounded in the principles of normalizing flows once the inherent noise
interference within single modal feature spaces is addressed and the synergies between multimodal information are har-
nessed. Method The proposed method is structured into four main components: feature extraction, unsupervised feature
fusion, an information bottleneck mechanism, and multiscale normalizing flow. First, in the feature extraction stage, fea-
tures at different levels are assumed to contain varying degrees of spatial and semantic information. Low-level features con-
tain more spatial information, whereas high-level features convey richer semantic information. Given the emphasis on spa-
tial detail information in pixel-level defect localization tasks. Vision transformers and point transformers were used to
extract features from RGB images and 3D point clouds, with a focus on blocks 1, 3, and 11, to obtain multimodal represen-
tations at different levels. The representations are subsequently fused and structured into a feature pyramid. This approach
not only preserves spatial information from low-level features to aid in defect localization but also enhances the model’ s
robustness to defects of varying shapes and sizes. Second, in the unsupervised feature fusion stage, the multimodal interac-
tion was streamlined by employing the point feature alignment technique to align 3D point cloud features with the RGB
image plane. Unsupervised multimodal feature fusion was achieved by constructing a contrastive learning matrix, thereby
facilitating interaction between different modalities. Moreover, in the information bottleneck mechanism stage, a proxy
task is designed to extend the information bottleneck mechanism to unsupervised settings. The aim is to obtain a more com-
prehensive and robust multimodal representation by minimizing noise interference within single-modal raw feature spaces
while preserving the original information as much as possible. Finally, in the multiscale normalizing flow stage, the struc-
ture uses parallel flows to capture feature information at different scales. Through the fusion of these flows, interactions
between features at various scales are realized. Additionally, an innovative approach for anomaly scoring is employed,
wherein the average of the Top-K values in the anomaly score map replaces traditional methods such as those that use the
mean or maximum values. This approach yields the final defect detection results. Result The proposed method is evaluated
on the MVTec-3D AD dataset. This dataset is meticulously curated, encompassing 10 distinct categories of industrial prod-
ucts, with a comprehensive collection of 2 656 training samples and 1 137 testing samples. Each category is meticulously
segmented into subclasses, delineated by the nature of the defects. The proposed method was experimentally validated ,
and the results demonstrated its exceptional performance. An AUCROC of 93. 3%, a segmentation AUPRO of 96. 1%, and
a segmentation AUCROC of 98. 8% were achieved. These metrics not only reflect the method’s effectiveness but also have
advantages over the majority of existing multimodal defect detection methodologies. Moreover, visualizations were con-
ducted on selected samples, comparing the detection outcomes using only RGB images against those utilizing RGB images
in conjunction with 3D point clouds. The latter combination has revealed defects that remain elusive when relying solely on
RGB imagery. This empirical evidence firmly establishes the advantage of integrating data from both modalities, as posited
in the hypothesis of this study. The ablation studies conducted provide additional insights into the efficacy of the proposed
method. The introduction of an information bottleneck resulted in incremental improvements across all three metrics:
1. 4% in the detection AUCROC, 2. 1% in the segmentation AUPRO, and 3. 5% in the segmentation AUCROC. The inte-
gration of a multiscale normalizing flow further enhanced the performance, with gains of 2. 5%, 3. 6%, and 1. 6% across
the respective metrics. These findings are indicative of the substantial contributions of both the information bottleneck
and the multiscale normalizing flow to the overall performance of the defect detection framework used in this work.
Conclusion The main contributions of this study are as follows: unsupervised feature fusion was employed to encourage
information exchange between different modalities. An information bottleneck was introduced into the feature fusion module
to mitigate the impact of noise in the original feature space of single modalities on multimodal interaction. Additionally,
multimodal representations were utilized at different levels to construct feature pyramids, addressing the issue of the poor
performance of previous flow-based methods in handling defects of varying scales. The proposed method demonstrates prom-
ising detection performance across defects of diverse shapes and sizes, including those with low perceptibility on RGB
images. When the impact of noise within the original feature space on the multimodal representation is mitigated , the pro-
posed approach can not only improve the robustness of the method but also enhance its ability to generalize the defects of

varying characteristics. This approach effectively aligns with the stringent demands of modern industry for accurate and reli-
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Fig. 1 Schematic diagram of perception of defects in different modes and proportion of defects in different products
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((a)point cloud feature extraction ; (h)RGB data processing; (¢ )unsupervised feature fusion ; (d)multi-scales flow)
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Fig. 4  The structure of unsupervised information bottleneck mechanism
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ms = min(size(y;,), size(y}f), size(yi))
¥ = AvgPooling,, (y;) ),i=1,2,3

P e = cat(y’, ), j=1,2,3
fuse( - )= Conw, ° SiLU ° LN ° Conv,
Vi = split(fuse (imp.,,.,)).k = 1,2,3  (11)
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Fig. 5 Fusion network structure diagram
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ROC (receiver operating characteristic) &7~ 1 7E /A [A]
BT, AR ELBHE R (true positive rate, TPR) A

459



460

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 2,Feb. 2025

BHA: R (false positive rate, FPR) Z [H] i 5, ROC £k
T B TR, AR B RIAR Gy -5 T B R R

PR 6

B 1% B0 4y b IX O3 1E R AR A R i B AR A

AUCROC 19 {8 & & , 18 3 185 AU P 58 Bk 5% |, 24

AUCROC = 1 i} ORI

B8 JeH X P IEHREAS A

BRFAREAS 24 AUCROC = 0. SH, PR R e et

TRAMLUAI . AUPRO F5FRfC oAl iH

AR — 2

PR P N gk DX SR 522 DX Il 7 B O R4

2.3 HERSW

T B EAR 37 Wk A R B A DA 55 b A 3K

ML 3R 1—FR3BIR TARSONIE S (1) — LB E ks
5 15 T MVTec-3D AD #4578 AR RIS FAY
PERER I . & 537 it 1 fok B o A RACR An 181 6 BT s
—HR AR SRR A P-AUPRO 5 P- AUCROC 8
PRIEATITAL  BCtE R PR T R o N T IRIEAS SO
5% AR A — A T TR R A R S BB s 4 A 3k
PE AR T Al AL T RS FEARTE B RGB BIR T LA
K AE RGB IR T H5 LA 3D 2= BEAT 2 RS 46 Y
R WLE N EE 3D M als BRI T
1E RGB % b I BRI R B

£1 AE#EBEAEMVTec-3D AD FHII-AUCROC &R
Table 1 I-AUCROC of different models on the MVTec-3D AD

RS Ay - T
Bagel Cable Gland Carrot Cookie Dowel Foam Peach Potato Rope  Tire

Depth GAN 0.530 0.376 0.607 0.603 0.497 0.484 0.595 0.489 0.536 0.521 0.523

Depth AE 0.468 0.731 0497 0.673 0.534 0.417 0.485 0.549 0.564 0.546 0.546

Depth VM 0.510 0.542 0.469 0.576  0.609 0.699 0450 0.419 0.668 0.520 0.546

Voxel GAN 0.383 0.623 0474 0.639 0.564 0.409 0.617 0427 0.663 0.577 0.537

3D Voxel AE 0.693 0.425 0.515 0.790 0.494 0.558 0.537 0.484 0.639 0.583 0.571

Voxel VM 0.750 0.747 0.613 0.738 0.823 0.693 0.679 0.652 0.609 0.690 0.699

3D-ST 0.862 0.484 0.832  0.894 0.848 0.663 0.763 0.687 0.958 0.486 0.748

FPFH 0.825 0.551 0.952 0.797 0.883 0.582 0.758 0.889 0.929 0.653 0.782

BN 0.911 0.667 0913 0912 0.894 0.744 0.847 0.902 0.886 0.766 0.844

DifferNet 0.859 0.703 0.643 0435 0.797 0.790 0.787 0.643 0.715 0.590 0.696

PADiM 0.975 0.775 0.698 0.582 0.959 0.663 0.858 0.535 0.832 0.760 0.764

PatchCore 0.876 0.880 0.791 0.682 0912 0.701 0.695 0.618 0.841 0.702 0.770

Hop STFPM 0.930 0.847 0.890 0.575 0.947 0.766 0.710 0.598 0.965 0.701 0.793

CS-Flow 0.941 0.930 0.827 0.795 0.990 0.886 0.731 0.471 0.986 0.745 0.830

A3 0.961 0.927 0.889 0.875 0.929 0.914 0.890 0.893 0.963 0.899 0.914

Depth GAN 0.538 0.372 0.580 0.603 0.430 0.534 0.642 0.601 0.443 0.577 0.532

Depth AE 0.648 0.502 0.650 0.488 0.805 0.522 0.712 0.529 0.540 0.552 0.595

Depth VM 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 0482 0.566 0.579 0.601 0.482 0.518

RGB+3D 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 VM 0.553 0.772 0.484 0.701 0.751 0.578 0.480 0.466 0.689 0.611 0.609

3D-ST 0.950 0.483 0.986 0.921 0.905 0.632 0.945 0.988 0.976 0.542 0.833

PatchCore+FPFH  0.918 0.748 0967 0.883 0.932 0.582 0.896 0912 0.921 0.886 0.865

AL 0.926 0.953 0931 0.966 0.912 0.891 0.931 0.927 0.978 0.915 0.933

T L P SRR S TE A RS 2 T B A4 2R
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R2 AEH#EBRFAEMVTec-3D AD EAJP-AUPRO £ R
Table 2 P-AUPRO of different models on the MVTec-3D AD

el
RS A STy
Bagel Cable Gland Carrot Cookie Dowel Foam Peach Potato Rope  Tire

Depth GAN 0.111 0.072 0.212 0.174 0.160 0.128 0.003 0.042 0.446 0.075 0.142
Depth AE 0.147 0.069 0.293  0.217 0.207 0.181 0.164 0.066 0.545 0.142 0.203
Depth VM 0.280 0.374 0243 0.526 0.485 0314 0.199 0.388 0.543 0.385 0.374
Voxel GAN 0.440 0.453 0.875 0.755 0.782 0.378 0.392 0.639 0.775 0.389 0.588
0 Voxel AE 0.260 0.341 0.581 0.351 0.502 0.234 0.351 0.658 0.015 0.185 0.348
Voxel VM 0.453 0.343 0.521  0.697 0.680 0.284 0.349 0.634 0.616 0.346 0.492
FPFH 0.973 0.879 0982 0.906 0.892 0.735 0.977 0.982 0.956 0.961 0.924
AL 0.916 0.823 0.920 0.811 0.902 0.728 0.959 0.962 0.927 0.904 0.885
CFlow—AD 0.855 0.919 0.958 0.867 0.969 0.500 0.889 0.935 0.904 0.919 0.871
PatchCore 0.901 0.949 0.928 0.877 0.892 0.563 0.904 0.932 0.908 0.906 0.876
e PADIM 0.980 0.944 0.945 0925 0961 0.792 0.966 0.940 0.932 0.912 0.930
A 0.968 0.951 0968 0.926 0.949 0927 0914 0922 0978 0.939 0.944
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 AE 0.432 0.158 0.808 0.491 0.841 0406 0.262 0.216 0.716 0.478 0.481
Depth VM 0.388 0.321 0.194 0.570 0.408 0.282 0.244 0.349 0.268 0.331 0.336
Voxel GAN 0.664 0.620 0.766  0.740 0.783 0.332 0.582 0.790 0.633 0.483 0.639
RGB+3D 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 0.510 0.331 0413 0.715 0.680 0.279 0.300 0.507 0.611 0.366 0.471
3D-ST 0.950 0.483 0986 0.921 0.905 0.632 0945 0.988 0.976 0.542 0.833
PatchCore+FPFH  0.976 0.969 0979 0.973 0.933 0.888 0.975 0.981 0.950 0.971 0.960
AL 0.968 0.962 0989 0942 0.952 0.924 0974 0.962 0.957 0.976 0.961

TE AL TR RR & SILEA IR 25 F R iR b4

%3 A EHEELEMVTec-3D AD EHP-AUCROC 458
Table 3 P-AUCROC of different models on the MVTec-3D AD
#5
R Y -1
Bagel Cable Gland ~ Carrot Cookie Dowel Foam Peach Potato Rope  Tire

FPFH 0.994 0.966 0999 0.946 0.966 0.927 0.996 0.999 0.996 0.990 0.978
b AL 0.916 0.923 0.920 0911 0.902 0.898 0.959 0.962 0.927 0.914 0.923
PatchCore 0.983 0.984 0980 0974 0972 0.849 0976 0.983 0.987 0.977 0.967
v A3 0.987 0.981 0.978 0.983 0.976 0.907 0.964 0.972 0.973 0.970 0.969
PatchCore+FPFH  0.996 0.992 0997 0.994 0981 0974 0.996 0.998 0.994 0.995 0.992
fOBD AL 0.994 0.992 0.989 0.982 0.982 0.994 0.979 0.992 0.997 0.987 0.989

T L P SRR S ST A RS 2 1 T B (L4
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Bagel  Cable gland Carrot Cookie Dowel

Bl6 w3 il B R 2 7 R K

Fig. 6 Location effect diagram of some product defects
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Fig. 7 Comparison of defect localization of some products under

RGB and multimodal
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JIFAE FH %) 55 2 JR AR R O A - R R B LA 3R 4
X} T Ponint Transformer B85 47 i ffi $12 J) 4 25 ] A AIF
(Rani 5%,2024) .

Jr 78 2% ) A R R T a5 o ARG U A 55 R R O
(), Jey 8 2 ] ARp i i 3 B G ) 2R 0 45 A b 7 9 4
RERBA . BN, FE AR R s YT AL
ANRIIR | M50 B 11 1 FA A B Jg R T AR A 2L
B 3E e PUN X S R AR AL | 2R G R A% ST ME T M
(B FL R SR ARAE AT LTS B AR X 53 ke o A

Z B BN 22 53, 0T LA PatehCore+FPFH f4) 5 57 M BE
B TAR SO . NR1—R3W AN, &1
Z RS ERBA R AT 55 b AR B T A SO i, 1
163D S A5 B LR B 2L T A SO ik,
1 RGB+3D #4319 25 71756 4 51 .3 2 1 RGB+
3D 8ATHE 24 55 34 AF . ARSIk Ak
H 3D & =5 B BT {8 B Y Point Transformer, A1 %f T
R R TR IE A AR - AR B LT R 1, bR Tl
FFIS S [RIRRAE Z A0, BT 3D 5 A5 B K
KAV TSGR . o T SEBRk e e 7 5t
I R 5 AR QA B IR A O, MU OC R LA M
TR SCfE AT U AL A e R % (Albelwi, 2022)
PatchCore+FPFH fit) I-LAUCROC (86. 5% ) i ik T4 3¢
J714:(93.3%) , WA —E B LAKUE T « & TR
23 A REAIE 44 B vk B SR A Bl o o 1 3R IS R
R EE H AR 5 2R TR SUfE B TR TR A
SIS
2.3 HELXIG
R T BEAR SO v A MR A S DA SO
TPERERFZ IR, BT T 6 40 XF b 3288, Hoh i S 41
THRLSEES 55 6 A AR RE R I . wio 7R 5Bk
FEABEH w R RO B B IR Xo) LE S g
HFFATANFEULI] :
1) 2R T RIS [ s A 0 T S0 o 1) 2 )
A 71 LA K 2 R i (multi-scales flow , MF) X T A [A]
ROBERHAE R EE R T i sg e, 30t 150 4 505, 7#F
A S0 T AR AT R A R A, R AN TR ARG
AT I A SE G, R R AR R B 1Y s )2 IR
MFRFIE AT RS, JF 4 B N 500l S RGO
SRR L, 2, 5, 12, 131,38 M sf, , sf, , sfy, sf,, sfy,
o B R 3 B A T
2)0 T ikl & o T 2 REFHE S B Rl G -
PR, BT 158 S AL, FE AR st e, #ay gt
SEAT U RIS AG Rl U , HEEE 3 0 RO Y Tt
TEERY 0 235 JR R 2 i A GRS SR 5 AT i
B ARG LS T 1 Rl 15 SR Wk A5 301 e o A 0 245 2R 5
3) FEA il FH TG W B RRAE il B e L SN -
AT, ELHER S A AR S i 5 9601~ 1 x 1
P BRAZ R b SR A A PHR i 4 368 8 A4 3 A T P15 3
4E KN R (11920,3 136) B S S FlA Fk , BAK
14T il S 3 SR AT O L3R 4, Horp MF AR 2 R
25 H (multi-scales flows ) , FF A3 @l 59 45 #4 (fusion
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2 Re A 8 T k20 BT EAE S AN A
124> 3 B i A5 78 (10 1 8 R B T -, I LR 1
13 AT BRI, e B S A0 1 BE T 9, i 4k 2 M & Ui B
o e R GG Ninisg e R, Bk
F14) 30 TE L HR S i X6 T 22 IRURE Ik 1) P 2 B ) 5 e o
ERSTIEIR,

5 S 2 AL IR LA SR 5 24 S0 50 b 1 25 SR 3k
B, A5 B S0RN Rl O R I A A5 AR S ¥ i M g
PR3 T UEH] T 3K PR HAE 2 bR SRS AR
2% [1] PN W75 TSI RAN ) RUBE AR i 22 TR {5 838 B 7 T
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Table 4 Performance under different modals and modules

At 5k I-AUCROC P-AUPRO P-AUCROC

wlo PC 0.914 0.935 0.969

14
wlo RGB 0.844 0.866 0.923
9524 wlo IB 0.919 0.940 0.954
34 wlo UFF 0.921 0.942 0.974
wlo MF & w/o FF, sf, 0.854 0.896 0.929
wlo MF & w/o FF, sf, 0.873 0.912 0.935
HAH wlo MF & wlo FF, sf, 0.906 0.921 0.969
wlo MF & w/o FF, sf,, 0.908 0.925 0.971
wlo MF & w/o FF, sf, 0.911 0.923 0.967
H54 w MF & wlo FF 0.920 0.944 0.979
5 6.4 Complete 0.933 0.961 0.989

T L SRR 5 8 R A2 2R

2.4 BEYAH
241 AT

8T ST Vo AT A 4 L R R
HE 5T 86 453 0 U A SO T R
PEHOR B I | L TR P B Y Vi S )y

FHARR ST RS, WESEHE LA,
X fe 2 RS R IE R HES 12 M 2 e L b
AEIA B e i, BOAS SCIA R 12 T e B2 28 7T LAAR i b
) SRR YRR (2, 5, 12) 07
% 8 I, AR S Y I-AUCROC 1 P-AUCROC 3% 3|
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5% 5, 1M P-AUPRO XA 045 F 7 52 919 0. 963, it
B0 M B 1 AR R A R BT B AR e O &8 8
YERSER T E . WIT R 9OMIT Z 10 25 - UG
WM E IR 2R, TRE S B R E R
AL KU, S BOPE RE AR s A 38 1—T W 45 21 W]
DLE Y B 0 i et A st B A 53 2% B IR
TCIEAR b M e $2 B A RUBE b A REAE , DTG AR 30 1 A
h )z 55 I PERE S

F5 AERLFRTHIMMF-AD 148
Table 5 Performance of MMF-AD under

different flow blocks schemes

7% WM 1-AUCROC  P-AUPRO  P-AUCROC

1 (1,1,12) 0.918 0.931 0.946
2 (2,1,12) 0.922 0.939 0.958
3 (3.1,12) 0.923 0.937 0.958
4 (4,1,12) 0.924 0.938 0.957
5 (2,2,12) 0.927 0.943 0.963
6 (2.3.,12) 0.929 0.951 0.974
7 (2,4,12) 0.930 0.957 0.982
8 (2,5.12) 0.933 0.961 0.989
9 (2,6.12) 0.927 0.963 0.985
10 (27.12) 0.929 0.960 0.977

T L P RS R B R A4 2R
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5 M BCR I, Je Z Ak Wk o #04 T LU O PR 4
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RIAENS VR HE SR &PV SNy et IV ONE
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FRE AR, p O, IR B Z . 24 pad e, Tl
(A5 SR ) DRAT B R, 7 sl B G A 55 o mT LA
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Bt/ LA T ILF 2015 SR 4 X — T 1, A
TR AT 56 23 fu ) T fi] PRt~ ) g A o o 9 52 2 R
b, AN HEATAEAT A S A5 S R 4 o
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Table 6 Performance under different 8

GES B I-AUCROC  P-AUPRO  P-AUCROC
1 1 0.881 0.927 0.943
2 1E-1 0.925 0.957 0.968
3 1E-2 0.933 0.961 0.989
4 1E-3 0.929 0.957 0.979
5 1E-4 0.920 0.945 0.961
6 0 0.912 0.937 0.946

T L PR R S B A4 2R

2.4.3 [l Top-K 15 K& 78 4 80h K(E

AT TR R S5 o 88 Top-K 1 5
B, B DIMRZR 58 4r BT T K% 00 20 85 0 548, BfR
DI B0 T 3 (B o B e o B3R ) A
BSR4 B8 e AR 3% TR R 3 51 A B i TR 1
SR B e R B KA TR ik . T e —
AEIEM K, BB T 9 R R, a1,
1%,2%,3%, 5%, 10%,25%,50%, 100%) , Horp, 14
Fed KA, 100% WG RIAME L, Tt & Top-K 1
(LY B S5 AL T 52 T ) 08 42 P 5 P ke o 93 5, T
H 5 1-AUCROC F8 b5 A 3¢, &l 56 T AN ] KAE T
) I-AUCROC #8475 (£5 1219 LAUCROC B ¥ {E) 97
LEME SR, WNEISHTLIEH , Y KEBE N
3%, B K (A 4k 223 K, 1-AUCROC JF 4R 7
I H 100% 4b A& A T PG TN FE . R 215, A SOk
PR REXT TR 2 5 0 43 5000 T ¢k vt | B ke g
ENIVERERT . #I-AUCROC FUZE 4R T [T fig 548
e R SRR AT O, i T EUR B PR R R AR T T
A v O BRI o A ot L A DX s 0] 0 R T A A 40
B, Y X AN (0 P (A VA TR SR Bk
3B, R DX S8 1 o U 2 AP0 B, DA TS5 3000
KMERE T %



$30% /FE 28 /2025 £2 A

BIBAL, MR
ETHR- RN SESE RE T RRER T

94 93.24 9333 9249
92
£ 90
3 88
&
= 86
T
82
80
1 1% 2% 3% 5% 10% 25% 50% 100%
K
K18 AN[E K ALY -AUCROC
Fig. 8 [-AUCROC under different K values
A
4 5 1

SR T 3 R T S B AN 7 5 I iR RUBE AN I
AR, i DR B AR 1) S S B N g SRR 1 ] R, AR
SCHEH T —Fh L F I — AR A0 2B 2 R B e
WIJ5 e SR AT W BHRAAE Al A 19 7 =Xl A A [ ES
FIRFAE , SR T 8 PRSI R 4R 1 2 (] ) M s et 1
Z B B FE N, CERHIE A B b i AR B
0, A A R U R AE A AR AE 4 3, AbF LA
AT T3 00 7 R T i RO AN ) 1 SR BN A 1 1)
J, B4R B B 7E MV Tec-3D AD 3084 |- 192 81
PeF LA R Tk o

TETH Rl SE 50, % P RGB KGN 5 2 %) T 245
A B A AT 55 1 5 o PRl AN ) R SR Sk 1) TAE
K 2D PR S 2 (R AL G R, I

AEPR B A FRAY 22, DT S e 80 ) P A A S
(A AT B A

2% 3Lk (References)

Albelwi S. 2022. Survey on self-supervised learning: auxiliary pretext
tasks and contrastive learning methods in imaging. Entropy,
24(4): #551 [DOI: 10.3390/e24040551

Bergmann P, Jin X, Sattlegger D and Steger C. 2021. The MVTec 3D-
AD dataset for unsupervised 3D anomaly detection and localization
[EB/OL]. [2024-04-07 . https://arxiv.org/pdf/2112.09045.pdf

Bergmann P and Sattlegger D. 2022. Anomaly detection in 3D point
clouds using deep geometric descriptors [ EB/OLJ. [2024-04-07 .
https://arxiv.org/pdf/2202.11660.pdf

Caron M, Touvron H, Misra I, Jegou H, Mairal J, Bojanowski P and
Joulin A. 2021. Emerging properties in self-supervised vision trans-
formers//Proceedings of 2021 IEEE/CVF International Conference
on Computer Vision (ICCV). Montreal, Canada: EEEE: 9630-

9640 [DOI: 10.1109/1CCV48922.2021.00951

Chang A X, Funkhouser T, Guibas L, Hanrahan P, Huang Q X, Li Z
M, Savarese S, Savva M, Song SR, Su H, Xiao J X, Yi L and Yu
F. 2015. ShapeNet: an information-rich 3D model repository [ EB/
OL]. [2024-04-07 . https://arxiv.org/pdf/1512.03012.pdf

Deng H Q and Li X Y. 2022. Anomaly detection via reverse distillation
from one-class embedding//Proceedings of 2022 IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition. New Orleans,
USA: IEEE: 9727-9736 [DOI: 10.1109/CVPR52688.2022.
00951 ]

Deng J, Dong W, Socher R, Li L], Li K and Li F F. 2009. ImageNet:
a large-scale hierarchical image database//Proceedings of 2009
IEEE Conference on Computer Vision and Pattern Recognition.
Miami, USA: IEEE: 248-255 [DOI: 10.1109/CVPR. 2009.
5206848 |

Dosovitskiy A, Beyer L, Kolesnikov A, Weissenborn D, Zhai X H,
Unterthiner T, Dehghani M, Minderer M, Heigold G, Gelly S,
Uszkoreit J and Houlsby N. 2021. An image is worth 16 x 16
words: transformers for image recognition at scale [EB/OL].
[2024-04-07|. https://arxiv.org/pdf/2010.11929.pdf

Gudovskiy D, Ishizaka S and Kozuka K. 2022. CFLOW-AD: real-time
unsupervised anomaly detection with localization via conditional
normalizing flows//Proceedings of 2022 IEEE/CVF Winter Confer-
ence on Applications of Computer Vision (WACV). Waikoloa,
USA: IEEE: 1819-1828 [ DOI: 10.1109/wacv51458.2022.00188 |

Guo X B, Kot A and Kong A W K. 2023. Pace-adaptive and noise-
resistant contrastive learning for multimodal feature fusion. IEEE
Transactions on Multimedia, 25: 9437-9448 [ DOI: 10.1109/TMM.
2023.3252270]

Horwitz E and Hoshen Y. 2022. An empirical investigation of 3D
anomaly detection and segmentation [ EB/OL]. [ 2024-04-07 ].
https://arxiv.org/pdf/2203.05550v2.pdf

Zhao Z B, JiangZ G, Li Y X, Qi Y C, Zhai Y J, Zhao W Q and Zhang
K. 2021. Overview of visual defect detection for transmission line
components. Journal of Image and Graphics, 26 (11) : 2545-2560
GRS 480, AR E U, ARG, B O3 A%, XSG, 5T . 2021
i AL R AL S SR A I 250 . PR B R AT, 26 (11) -
2545-2560) [DOI: 10.11834/jig.200689 |

LiuHQ, XuX D, Li EH, Zhang S C and Li X L. 2023. Anomaly detec-
tion with representative neighbors. IEEE Transactions on Neural
Networks and Learning Systems, 34 (6) : 2831-2841 [DOI: 10.
1109/tnnls.2021.3109898 |

Mai S, Zeng Y and Hu H F. 2023. Multimodal information bottleneck :
learning minimal sufficient unimodal and multimodal representa-
tions. IEEE Transactions on Multimedia, 25: 4121-4134 [DOI:
10.1109/TMM.2022.3171679]

Pang G S, Shen C H, Cao L B and Van Den Hengel A. 2021. Deep
learning for anomaly detection: a review. ACM Computing Sur-

veys, 54(2): #38 [DOI: 10.1145/3439950]

465



466

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 2,Feb. 2025

Pang Y T, Wang W X, Tay F E H, Liu W, Tian Y H and Yuan L.
2022. Masked autoencoders for point cloud self-supervised learn-
ing//Proceedings of the 17th European Conference on Computer
Vision. Tel Aviv, Israel: Springer: 604-621 [DOI: 10.1007/978-3-
031-20086-1_35]

Qi CR, YiL, SuH and Guibas L J. 2017. PointNet++: deep hierarchi-
cal feature learning on point sets in a metric space [EB/OL].
[2024-04-07 |. https://arxiv.org/pdf/1706.02413.pdf

Rani A, Ortiz-Arroyo D and Durdevic P. 2024. Advancements in point
cloud-based 3D defect detection and classification for industrial sys-
tems: a comprehensive survey [ EB/OL]. [2024-04-07 ].
https://arxiv.org/pdf/2402.12923.pdf

Reiss T, Cohen N, Bergman L and Hoshen Y. 2021. PANDA : adapting
pretrained features for anomaly detection and segmentation//Pro-
ceedings of 2021 IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR). Nashville, USA: IEEE: 2805-2813
[DOI: 10.1109/cvprd6437.2021.00283

Rudolph M, Wandt B and Rosenhahn B. 2021. Same same but Dif-
ferNet: semi-supervised defect detection with normalizing flows//
Proceedings of 2021 IEEE Winter Conference on Applications of
Computer Vision. Waikoloa, USA: IEEE: 1906-1915 [DOI: 10.
1109/wacv48630.2021.00195 |

Rudolph M, Wehrbein T, Rosenhahn B and Wandt B. 2023. Asymmet-
ric student-teacher networks for industrial anomaly detection//Pro-
ceedings of 2023 IEEE/CVF Winter Conference on Applications of
Computer Vision. Waikoloa, USA: IEEE: 2591-2601 [DOI: 10.
1109/WACV56688.2023.00262 |

Schlegl T, Seebock P, Waldstein S M, Langs G and Schmidt-Erfurth U.
2019. f-AnoGAN:: fast unsupervised anomaly detection with genera-
tive adversarial networks. Medical Image Analysis, 54: 30-44
[DOI: 10.1016/j.media.2019.01.010]

Tang B, Kong J Y and Wu S Q. 2017. Review of surface defect detection
based on machine vision. Journal of Image and Graphics, 57(1) :
47-56 (), FLELE, (ILIEHE . 2017, HLARLSE 2 AT BB R £t
. E R DB 24, 22(12) ¢ 1640-1663) [DOL: 10.11834/
jig.160623]

Tishby N, Pereira F C and Bialek W. 2000. The information bottleneck
method [ EB/OL]. [2024-04-07].
https://arxiv.org/pdf/physics/0004057.pdf

Van Den Oord A, Li Y Z and Vinyals O. 2019. Representation learning
with contrastive predictive coding [ EB/OL]. [2024-04-07 ].

https://arxiv.org/pdf/1807.03748.pdf

van den Oord A, Vinyals O and Kavukcuoglu K. 2018. Neural discrete
representation learning [ EB/OL]. [2024-04-07].
https://arxiv.org/pdf/1711.00937.pdf

Wang Q, Ma Y, Zhao K and Tian Y J. 2022. A comprehensive survey of
loss functions in machine learning. Annals of Data Science, 9(2) :
187-212 [ DOI: 10.1007/540745-020-00253-5 ]

Wang Y, Peng J L, Zhang ] N, Yi R, Wang Y B and Wang C J. 2023.
Multimodal industrial anomaly detection via hybrid fusion//Proceed-
ings of 2023 IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition (CVPR). Vancouver, Canada: IEEE: 8032-8041
[DOI: 10.1109/CVPR52729.2023.00776 |

Yang G D, Huang X, Hao Z K, Liu M Y, Belongie S and Hariharan B.
2019. PointFlow: 3D point cloud generation with continuous nor-
malizing flows//Proceedings of 2019 IEEE/CVF International Con-
ference on Computer Vision. Seoul, Korea (South) : ITEEE: 4540-
4549 [DOI: 10.1109/ICCV.2019.00464 ]

YuJ W, Zheng Y, Wang X, Li W, Wu Y S, Zhao R and Wu L W.
2021. FastFlow: unsupervised anomaly detection and localization
via 2D normalizing flows [ EB/OL J. [2024-04-07 ].
https://arxiv.org/pdf/2111.07677.pdf

Zhou C and Paffenroth R C. 2017. Anomaly detection with robust deep
autoencoders//Proceedings of the 23rd ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining. Halifax,
Canada: ACM: 665-674 [ DOI: 10.1145/3097983.3098052 ]

Zhou Y X, Xu X, Song J K, Shen F M and Shen H T. 2024. MSFlow:
multiscale flow-based framework for unsupervised anomaly detec-
tion. IEEE Transactions on Neural Networks and Learning Sys-
tems, 2024: 1-14 [DOI: 10.1109/TNNLS.2023.3344118 ]

ZhuY, Xu R D, An H, Tao C B and Lu K. 2023. Anti-noise 3D object
detection of multimodal feature attention fusion based on PV-

RCNN. Sensors, 23(1): #233 [DOI: 10.3390/s23010233 ]

EEE T

i R R I € 1 A s [ e s T A [ D B 3= A
rPERETHA ALSE (R B TE L BRI S5 U0

E-mail: quhaicheng@Intu.edu.cn

MRS EAE 1, 5 s A, R BRSO Tl sk
BRI . E-mail : linjunjie2569@foxmail.com



