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Review of the progress in 3D defect detection methods

Wang Congrong, Chen Yajun', Liu Shanhui, Chen Dongle
Faculty of Printing , Packaging and Digital Media ,Xi’ an University of Technology,Xi’an 710054, China

Abstract: With the rapid development of modern manufacturing, consumers and producers have increasingly higher
demands for product quality and safety. However, various defects such as dents, cracks, and bubbles inevitably occur dur-
ing production, which may directly affect product performance. Therefore, early detection and accurate identification of
defects are crucial for ensuring product quality and improving production efficiency. Traditional 2D defect detection meth-
ods only provide surface information of objects, making them inconsiderably effective in detecting deep or internal defects.
Additionally, factors such as lighting, texture, and shadows can significantly influence the stability and robustness of 2D
images in complex environments. In recent years, 3D defect detection technology has gradually become a research hotspot.
By utilizing 3D data, such as point clouds and depth maps, it provides more comprehensive and accurate information, cap-
turing the geometric shape, spatial distribution, and depth of objects, thereby enhancing detection accuracy and reliabil-
ity. However, there is currently no systematic and comprehensive review article that tackles 3D defect detection technolo-

gies. This study aims to fill this gap by providing a thorough review of existing 3D defect detection methods and exploring
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future research directions. This paper first introduces the background of defect detection, highlighting the limitations of 2D
defect detection technologies in detecting complex 3D objects and deep defects, and emphasizes the advantages of 3D
defect detection technologies. Traditional 2D methods, which rely on image features such as texture analysis, edge detec-
tion, and morphological processing, have achieved certain success in surface defect detection. However, they struggle
with complex 3D objects and internal defects because of their reliance on 2D images. By contrast, 3D defect detection tech-
nologies leverage point clouds and depth maps to provide a more comprehensive analysis of surface and internal structures,
making them more suitable for modern industrial applications. Subsequently, this paper systematically summarizes the cur-
rent research status of 3D defect detection from two perspectives: traditional and deep learning. In traditional methods, 3D
defect detection is mainly divided into three categories: methods based on local features in point clouds, methods based on
point cloud registration, and methods based on point cloud segmentation. Methods based on local features in point clouds
detect defects by extracting local features such as depth, area, and slope, combined with threshold settings. These meth-
ods exhibit robustness and computational efficiency but lack utilization of global contextual information. For example, they
can effectively detect common industrial defects like dents and protrusions but may miss defects that require a global under-
standing of the object’s structure. Methods based on point cloud registration align target point clouds with model data and
identify defects by comparing differences. Their performance depends on the accuracy and efficiency of the registration
algorithm. While these methods excel in utilizing global information and shape consistency, they face challenges in compu-
tational complexity and error accumulation. Methods based on point cloud segmentation detect defects by segmenting point
clouds and extracting regional features. They excel in local feature extraction and fine-grained localization but may lose
global information. These methods are computationally efficient in the preprocessing stage but may suffer from segmenta-
tion errors and parameter sensitivity. In deep learning methods, 3D defect detection is divided into point cloud-based meth-
ods and multimodal fusion-based methods. Point cloud-based methods automatically learn point cloud features through neu-
ral networks, making them suitable for complex surfaces. However, they involve intricate data processing and require sig-
nificant computational resources. For instance, these methods can handle irregular shapes and textures but may struggle
with real-time applications owing to their computational demands. Multimodal fusion-based methods combine information
from multiple modalities such as RGB images and point cloud data, significantly improving detection accuracy and robust-
ness. Specific methods include teacher-student network-based methods, memory bank-based methods, reconstruction-
based methods, and methods leveraging contrastive language-image pretraining (CLIP). Teacher-student network-based
methods achieve efficient feature learning through knowledge distillation or reverse distillation, offering advantages such as
model lightweighting and high detection sensitivity. However, their performance heavily depends on the quality of the
teacher network and the precision of feature matching. Memory bank-based methods enable rapid detection by storing multi-
modal features but incur high storage costs. Reconstruction-based methods analyze defect locations through reconstruction
errors but exhibit low sensitivity to minor defects. These methods leverage the spatial and texture features of 3D data but
require complex model training and high-quality reconstruction networks. CLIP-based methods leverage cross-modal char-
acteristics for zero-shot detection, offering strong adaptability but requiring high computational costs. They are promising
for their ability to generalize across different defect types but may need task-specific optimizations to improve performance.
Moreover, this paper summarizes commonly used public datasets in the field of 3D defect detection, including the MVTec
3D Anomaly Detection (MVTec 3D-AD) , Eyecandies, Real 3D-AD, Play-Doh made (PD-REAL), Anomaly ShapeNet,
and Multi-pose Anomaly Detection datasets. These datasets provide various samples and annotations, enabling researchers
to train, validate, and evaluate their methods effectively. This paper also introduces evaluation metrics such as the image-
level area under the receiver operating characteristic curve (IL-AUROC ), pixel-level area under the receiver operating char-
acteristic curve (P-AUROC) , and area under the precision-recall operating curve (AUPRO) , along with their definitions
and calculation methods. I-AUROC measures a model’s ability to distinguish between normal and defective images at the
image level, while P-AUROC evaluates pixel-level defect localization. AUPRO focuses on the overlap between predicted
and actual defect regions, providing a more detailed assessment of detection performance. Finally, this study analyzes the
current challenges in 3D defect detection, including data quality, large-scale data processing, real-time performance, and

the integration of domain knowledge with algorithms. Data quality remains a critical issue, given that noisy or incomplete
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data can significantly affect detection accuracy. Large-scale data processing is another challenge, especially in industrial

applications where real-time performance is essential. The integration of domain knowledge with advanced algorithms can

enhance detection performance but requires interdisciplinary collaboration. This study further explores future research

directions, such as cross-modal information fusion, the application of augmented reality and virtual reality technologies,

and the optimization of real-time performance and efficiency. Cross-modal fusion can improve detection accuracy by com-

bining complementary information from different data sources. Augmented reality and virtual reality technologies can

enhance defect visualization and interaction, providing intuitive solutions for industrial applications. Real-time perfor-

mance optimization is crucial for deploying 3D defect detection systems in production lines, where efficiency and speed are

paramount. In conclusion, 3D defect detection is a critical and challenging task with broad applications in various fields.

This paper provides a comprehensive review of traditional and deep learning methods in 3D defect detection, summarizes

existing datasets and evaluation metrics, and discusses current challenges and future directions. By addressing these chal-

lenges and exploring new research avenues, this study aims to inspire further advancements in 3D defect detection technolo-

gies, ultimately contributing to improved product quality and manufacturing efficiency.
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3.2.2 RETICHERTIT

TSR = R BB Ay e m i A A T
RGB Fl i A5 2, AT FUI 25 0 4 42 BRURRAIE K7
M AR Z SRR R ICIC P o TEAERERY BL il i
WL E P RRE T3 AR ARE 5101 PRI
Z [A] B AR BLRE , DT 0 7 e e o ELAAR Fr A i
AN 5 R

Horwitz 1 Hoshen (2023) 2 i BTF (back to the
feature ) J7 i , 8 i 4545 28 ML T T 3D $H4E (FPFH)
FNHE T TR BEE % 2] 1) RGB FFAIE (PatchCore ) , JE BUEK &
FRIEZRR o 7EMNK P B, 7533 AR A 0y 365 R AE
SIYNGAEAFFE B KNN (K-nearest neighbor) # 2§ 4=
J S T AT S BN R B RS T RE i . Wang 55 A
(2023) 1L ¥E £ Al 5 U7 SR 455 RGB BB A 3D if =
B S PR B A I o 3275 S0 B 25 A9 Trans-
former #5751 A RGB FEMZ 1 3D i, 2= H 2 BURRAIE , X 5%
3D 12D FHAE , 28 Jm TG M B R AR B BB R 5 2
BEZSRHIE, I8 i 2 AN ICAZ PEAF AT L RGB 3D
FNFRG T AR , S AR 0T L 28 SRR T e S A
Gl MR SURIARAR 28 (2025) 257 M3DM (multi-3D-
memory ) J7 1 EAT T WCHE A5 EORBIHL 4" e 2
T B A, O B 22 RO A — A i 4 A 4
AR R R ARFEAS B, S 3UA W] RUBERRIE Z 18] 19 52
B, JE I RE AR RUEE A — R a5 R A5 B e
P4 RS A I R 22 S 25 R . Chu 55 N (2023 ) $2 1 —Ff
BTG R BUCAL 7 2T HEZR , F) T AL KA
B OB ARSI ) 73 51 $2 B 3D JLA] 5 2 A RGB 4
fiE, I RGCAZ FEAF AR AR o DI 455 TR
I SR AU A7 50 o G D0 L, 308 3 B R O P A
F 7 FIXS 5 0 BV A i e o BE . Wang 25 A
(2024b ) $2 Hi — T F RSO GBI DT E J7 1% , 1207 Wk 1d
B IERE G RGB KRS Mo fd B IFR B R
é&ﬁlb%iﬁfé(pixel-wise coreset selection, PCS) ZEI|
SRl BB AR , A7 RPN AF B4 [R] IR O B G B
SRS A o FEEERBY B, TTNM A A A 468 38R DT i
(template neighborhood matching, TNM ) % W , il 15 11
A TRAE S B USRS R AE 22 8] ) B S A S S
1353, AT A2 i DX s, Tu 5 N (2025) 42t —F
A W B R AE 3E BEHE 22 LSFA (local-to-global self-
supervised feature adaptation) , F 3 =4 T\l 7= §h 1)
BREARIAT 55 o 38 3 B R BB ML RN
SRR BN 42 Jm — Bk R 5%, SE BN R 3 4 R i
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Fig. 5 3D defect detection process based on memory bank

WEC . TR WA 2T SR, 4TI A
HEATIOR , DL oF T AT 45 A 4RAE 26, N4 5
WA A PERE . Sui £ N (2024) 47 H — Fl 5 45145
TRAESL , ) F BN 2RI 45 $2 L RGB MG =
TEFA L P 5 300 o) A58 285 108 IO 4% A4 i e G B2
ML e A5 B, s R SR SR AT A O AR IR B Ak
I s e a R PR R G W B, R 2 1e A2 e —
KX FF M HITRR T /8. Wang 55 A (2024a) 12
H — T D = A M R RS I L i O T A A
3B BL, 1 deaE A MG s SR BEA T A
URRRIE B IBORN ] B8 S RT3 O 1 O R R AR T
Az AT BE SR IR, DA T QT B X, SR 5 R
X4k S BN B2 S Y AR £ R 3R
BHAEXF VN ARREA M, JJ5 72 M3DM Jy v (14 2 il
AR AR O SRR, i U AR R ST B
Bz 1 4351

W2 5 Pl ok IO PR A 2 S RHAE , HA K
ISl PR /DR R R R Y R A A g (H
[Fi) bof LA it AR A0 1, Mk RO RR A 4R IR . K
BB ] e S B RO T [ X S W A A
Fe kA

Mo E R

3.2.3 EETHMEMN L

BT A Y = R A DN 1 3 A A
e I DO 2 A 8 AR . 1 g L R AR
B REAS P A P 450 S PR AR R AR R
U, TRk Bt 5 o R 2 ) 0 2 Sl R
PRI AR RS (i B A T o . D g i — 20 X 43
IEH SRR BRI R A& 6 s

Chen 55 A (2023 )4 H — > F1 T 3D it B A )
[ 2% EasyNet, 12 0 255 ) FH i 0 g — i i 2 245 F4 DA
RGB EUE TR B2 4 b BEBURAAE , JF 5 A 1 0 5
MY PEIME o J3 0 19X 246 36 o) A L o S ) 24 P B ) 22 R
AR AR FIG SRR | LU BOIX SR 22 ] 1Y) 22 S 0
RLERFE X, Zavrtanik 55 A (2024a) 4t — R
3D T R BRI 7 vk, AP TR AT S A G A%
% >] RGB FI I B B 40 19 — e B8 J0Ws 7E 25 1), 4%
DADA(depth—aware discrete autoencoder ) 5 B F| X T
23 ) A5 I 2 RE SR v AR P B 80 2 R) Y 22
S BB X IR, Zavrtanik 25 A (2024b) 220 T 1%
ST TN ZAASE L Y BIR A, % T R ] S o A 4L SR gt
IGRRETY  sa it S W B A, AR S Tl TR 2K
PERFPEARVC FC R Z RE AL 3, A &0 2kt BAy
i B B B 7 i B R I BE A . Costanzino 58 A
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Fig. 6 3D defect detection process based on reconstruction

(2024)WF58 1 BE T RS ASWEG 1) 3D R B A6 I 5 12
i FH 001 2545 U A RGB R F 3D s 2= o 488 BURE
fiE SRS IR A2 2 40 22 2 BRI AIL (multilayer per-
ceptron, MLP) % 4% 24 2] 2D #| 3D £1 3D 31| 2D ) 545
SRS IF X FERAAIE 38 2o 3 S PRARRAE 5 B S5 F3)
FEAE ) 22 524G W B BE . Bi %5 A (2024) # H4 DBRN
(dual-branch reconstruction network ) J5 ¥ , 1% 5 %
FH A M O =K, R L3 S o A I 2% 43 331 o 42 RGB
PG IR B2 11, 5 ) S 531 0 288 A T B o e
Sh BT BB A, H T RS RGB IR
FRAE , DT 2R A5 S8 4T (4 1 ) 25 28 o Li %5 A (2025)
Pt — BB S S U v, S R R AR
A OBUREZS S B AR AR, R T PR B 81 I 2 3-S5 Xof
S 1Y RGB AR BE QAT SRFHIA—1
HE T A 0 S R D £ 3% D) 445 3 ok A
5 ) e Rl e R A o ARRALE , DS IR A
(B BE 48 . Li %8N (2024b) $2 H —Ff T =4 T
My B G B 75 % L 1205 IR 2R T U TR B 9 i 4
— A 7 N 453 ) B A RGB MG &M%, I3 i —
A A3 F 28 52 PRS8BT RGBSR )
FIPERE , SIA T — A2 i AL A MLP #55 He i 2 A 1&]
B K ER B AR G A .

LT I VR B o ) 1) T AR 22 O BT R B
B3R R = 4R (E B A3 18] S SO, A e
X Tl it RS T R B A (AR )1 502 2%,
XoF BN tHe A ) SRR P A AT, LRG0 P R A4 e e o
I, R 28 AL S R R BT B R K
3.2.4 BT CLIPIE

CLIP J& — Rl S LS X] L 2 2 B, 0 JEUREL

A MG R SCAS 38 2 X L 453 2k R B, o DG e 1 &
G —SCAR X AR RAE 25 (] v B 230 R DG X B 38
CLIP AT DLAT 355 HL gt PG RN SCAR 1] (19 18 S, <2 4%
TR MGG REAT S, T 2 N T 2
il 543 BT AR BE . LT CLIP % = 4 it 4 16 Iy 125 3
X T AR B A N R RS 4 A CLIP
LAY R B &5 5 TR SO SCAS B 7 A T RR AR $ B
TR 3 2o X G 5 SCAR R AR B DG E B R S 4
B, AT 67 S DX LA Y R T R ] 7
JIiR o

Zuo 5 N (2024) $2 i —Fh 44 24 CLIP3D-AD [ )5
B T =4 DREAR BRI o %07 A5 T CLIP AR
R 38 X 25 0 TE MR U UG AR AR AR XS
FIHVRES (/) CLIP FG AN SCA Gt 2R AR BURRAE , I HL
I MG T #45 F SCAS T 25 08 4 Je B A1
SCAKEAE , DT AE I — Ak B B 3 S F o B 55 1t
Gh, e RIS U E R K S s B E e 20
FRIEMER, it T Z 00 E fl A B A i CLIP $2
1) 22 A0 T AR R AR, LA 58 A0 s AL —18
M . Zhou &8 N (2024) 4t FH T A4S 3D ikt [
M ) PointAD J5¥k o %07 154% CLIP B3R KiZ AL RE
JIRE T =4 2, 30 0 LI 25 A 400 G B 4
SCA G |, B — 4k i = TE G i A R 5
BN, IS5 SOAR R A S G, TR AR
fift = HEBE . R, BIA TIRA Fmg ] il fife
A2 ) [ SCAR R 7R B A = 2 - E 7 RS
o BBk, PointAD 1T DL B #2954 RGB 1R &, LA#R
FERGMPERE . Cheng %5 A (2024) [RJREET X ZREAR 55,
7 R BEAS T 4% H MVP-PCLIP J5 1 , 3% 07 15 1 Se 1
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Fig. 7 3D defect detection process based on CLIP

MVP (multi-view projection ) HEZLHE 25 25 $55% y Z
PR BE TR, e 8 PR Bk b Al 7). $2:55 CLIP
e 1 GBI A ) PR AN SO G i 2, 45 1802 I O TR
BG5BT SCAR SR AREE & T3 UG ARRAE R ST
ARHEZ B AR o i Jm it He B EUR AR 5
7N 1E RIS B RS B SO Y AR L , U3
B B ot B X 3

T EM BB RE, 255 Z B
SCAR B R SEBLRREAKG I, 368 1P 5 B B A
SR, FLE RE ML P A BB A SO 3 R e, 3
AR R .t T CLIP 2l AL, ] Be T 4T X
AR AR AT 55 BEA TR XTI, AR THEERE

4 HIEESITMNEHR

4.1 3DERPEKETHE &

R T WA A SR OB R A A 1 A s
LFECEZ, 3D HFER I A T B EE D,
() = A E g =l 5 2 L s AR . BRTE AN
3D B FEEE S B DL LR

1)MVTec 3D-AD £dli % . MVTec 3D-AD(Berg-
mann 55, 2022) 52 % ] JC W B 3D e e R A o
TERME LA EEIR AR © R 3D BRBA RIS
() 8 W BCHE 4 o I BUE 45 1 A Zivid One+ Medium
3D R i AR IBCE I | i O e 23 BRSO i 2, 40
SR T A I BR A, 40,5 4 147 D 0 HE R Toll
3D mi A T 10 R AR ZE I, o T d R L A
N RS, BRI IER B N R (4 SRR A L]
GERE . BOHEREAS T 43 R 334, FE R I 2R 45 AR IR
AL & TC B BAAE A R A FL I L )9 45 ke
B BAh, B AR AR 5 = X i RGB AR, {45

G fs B TE A B RTRE . SR E B )R
BRAETE T8 F2 B AT Tl AR 37 5%, °T REAS 58 423
HFPiA 3D AT 55, HLBRBE 2R R4 R . 45 A
I, B SR AT5 8K A 3D Bl B AG I B AR 1 & SRR AL T
F ORI

2) Eyecandies BARLE Eyecandies ( Bonfiglioli i
Sattlegger, 2023 ) /2 F T I Wi B G 5 oz 0 e o7 )
AR , B e PR e B A BUER A 3D (B
I 2 BB AR I AR B & J2 o i Bk s 4 A Blender
R A G, 30 2 AR e T e T R ) A v R L SRR A
18,91 A S AR BURS B R bR, e T N TARE:
FI 25 , A 7 90 000 2 i iy i & A RIS, 1072
SIS . BRI SR IR b B R4
B, BENFEARTEARFEDEIR M R &l gy 1245 T
TRIE E \RGB BUSFIEZE L, S RE 2D A1 3D Bl ,
Ry A I AR ke 1T PR ER AL o il T
SIS, AT RE TG 58 A B 21 EL At B
T R 2 MRS Sk, G RR AT i 5 52 PR Tl 34
B AT (B BT SRR T — A nl 2 4
RIREE T R DA B 0 S A ik

3) Real 3D-AD %4 %€ . Real 3D-AD (Liu 5%,
2023) 52— PR 3D A R AR TR
AP B IIT 55 o IZEE SR 1 2544
BEAR A 7E 12 AR 3Hh . Z 8 i
Sy PR BRI B0k T 360 B TCAE A 1 5
[F I}, 5 20 R 535 0. 001 0~0. 001 5 mm, A i
THREFRR AR LA o SR8 R M
(14 52 4 R R AR AR DL AR P R B . HTORE
J&E 23 [ B 0 BE R A MV Tec 3D-AD 2712 3% |, Bk
K ES P OK BB o (AR SR P e B R
B, k= RGB (R £ 4 , M 4 5 45 4 nT RE B0
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SRR, H AR 4N R A, W R 20K R . 1%
BAE 5 Ry 3D i e i A I SR AL T BN T Tl S PR
ARSI , HESAH DG L R T

4)PD-REAL $(#5 45 . PD-REAL (Qin %5, 2023)
2 ASHIR Y R AR 3D e g A6 I B 4 L 15 e
454 3D 17 B4 e B pa A I p MERE . 2B SRR
Intel RealSense D405 FHLR ALK , 2RI IE
SRR TR AT . BIREE TR KR GBS BT
HAE15 AN o AR 2R IE B AT 6 FhAN ]
FAIBRIEREA . 2B S T RGB IR IR
G, 3k SERARAEA RGOS T A48, LA
A AR 757 o (HF T AE B Play-Doh Sk 5 T
M4 Ja /Bl B b B ) LSS SR B AF AR B e 25 5 L B
RACHIZ ST B XA B R BUR = HA 3R 2,
T e SOHE Bk .

5) Anomaly ShapeNet (4} %2 . Anomaly Shap-
eNet(Zhou &5, 2023) 32—~y 3D G [ A AT: 55 44y 1
(93 R 4 L I 5 T 5 AR T 600 A4 a5 ke
A ALE A0[RI, A FE A MR AN SS9 40
VR4 VBl RALAE B R AL Tl B A A v T B
BRI Z R . BRI R R E
(=R IR LI TR N VRS (IR I3 2 | O B
RIS o XSS TR R P LI [R5 A7
BT LS B h U R T REAFTE R B . BE
B PTRETCEE S8 A HE B BT A S B T Y

S AR, T RETT E U — D R LU A )2 Y T

NI ANREE75 9
6) MAD (multi-pose anomaly detection) % 3 £E .
MAD (Zhou 55, 2023 ) 52 15 1™ Il [7] 28 250 0 57 A6l
AR CHRE 4R, Tm) I A AU R A 0 S U |
Blender A B3 L 45 , RealSense A HL R 4 HL 92 %4

Yo AR R SR A AL A T A R R A
LT SR TR AR T BE R B A R s B
A5 20 Fh A 2% 1A 0K i Do B AR RS (A i WA i%ﬁi,
e Z Ok A KR B A ST A ) B RS R AR A R o
4 000 A [FI AL A A 20 B R RGB 5. KA
LS IE R PR Z M IER b T HA 25
S (A5t IR ARG 3 ) A TS 38 i i 2 57
W 2 TR B WA DL B S A SR BRI PR ] BE Y B TR
R (H B SCREAR 32 BT Tl SRAEMERE , %) & 24 B
B AL BA BE R SR TR B IR R A

ground-truth FRVE , 30 T PFAl 57 A6 5505 1 1 R
BOCHEE,

B3 E Rl & SRR N NS & S
KHFE B MR 2 PR .

e

(a) Eyecandies %ilifE

..

(b) MVTec 3D-AD Jﬂé%

(c) Real 3D-AD #ifhite
K8 AR EdlR A G oR 1]
Fig. 8 Examples of partial dataset images
((a) Eyecandies dataset; (b) MVTec 3D-AD dataset;
(¢) Real 3D-AD dataset )

F2 Z=HEFAKRMIZIESE
Table 2 3D defect detection datasets

2 FR HIREA FEARECR 2 RATETE] s
MVTec 3D-AD RGB+D 4147 10 2021  https://www.mvtec.com/company/research/datasets/mvtec-3d-ad
Eyecandies RGB+D+N 15500 10 2022  hitps://eyecan-ai.github.io/eyecandies/download
Real 3D-AD PC 1254 12 2023  https//github.com/M-3LAB/Real3D-AD
PD-REAL RGB+D 3529 15 2023 https://github.com/Andy-cs008/PD-REAL
Anomaly ShapeNet PC 1931 40 2023 hitpsi//github.com/Chopper-233/Anomaly-ShapeNet
MAD RGB 9789 20 2023  httpsi//github.com/EricLee0224/PAD
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FERIEE S R v, IE B B RN FH VAN 6 b
e OCH E A, TR ARG FE A SUE , AUROC
(area under the receiver operating characteristic curve )
F1 PRO (precision-recall operating curve ) J& 5z & UL H.
Tz R R bR o

1)I-AUROC (image-level AUROC)J&— 3T
A8 G 53 P R ARG I A REPEAR 5 A , A5 B L Y 7 X
T PG R BR A PRI I BE T . 1-AUROC 0 , A6
TUAEIX 3 1E 5 RIBR I B0 T A PR BB R4l
=) = ARG A P, F O-AUROC (BRI AR5 ) i
LI PERE .

2)P-AUROC (pixel-level AUROC)J&— 5 T4

RGO B R B A DU RE ST 1 A , A B AR R A R A3
BER R AIRE ST . P-AUROC B = , AR HU 7 i 7 Bk
B4 22 07 T P RE U

3) AUPRO (area under the precision-recall operat-
ing curve ) JE—METRERIUN SIER I ERE P 1
P, A R ARG I SR DX PO RE ) o BRI ORI
AR R N 114 ke 5 X 5 3 ST R o X 1) B T O
AUPRO #8g  ASEIRAG I A e DX S5 i P RE B A

Hi T MVTec 3D-AD Fl Real 3D-AD %45 4 2 H
T 3D e B AL AIF S 1% T 1 v Sl 4R, FLAT AR 5 Y
275 5 30, AR SC LA AN B A 4], 53100 e
TERET AT 2RSS bRl Ik e 1%
Blndl ERIPERE G ELAE AR ANGR 3 AR 4 BR .

®3 ETRZW=4REENTEERREES LRERELLE

Table 3 Comparison of performance of 3D defect detection methods based on point cloud on different datasets

MVTec 3D-AD ZiE4E

Real 3D-AD $#iE 4

Tk

R

[I-AUROC P-AUROC AUPRO O-AUROC P-AUROC AUPRO

3D-ST(Bergmann I

AT 2 — O R 4R ) U

Sattlegger, 2023) 0833 - 08 - T TR TR T S
AT T =4 J L R iE S il 4 —
CPMF(Cao %% ,2024) 0.952 - 0.929 - - HEMIGE R SCRRE R P 2
FRIE
» 38 LA SR SR RE A B A R
IMRNet(Li %, 2024; - - - 0.72 - - Sl o
RNet(Li%:,2024a) : S Hoe 52 I 5 £
. A B (A hR) 55 42 )5 (PointMAE)
Poi Zhao % 2024 - - - 82 731 81 o i
ointCore ( Zhao %% ,2024) 0.829 0.73 0.813 BEE . 3681 AH— (L HERE 7
e SR FH 366 T 0 o 1) RURRAIE 28 7R 7 s
D-AD(Liu %% 202 - - - 704 7 723 o T g
Reg3D-AD(Liu%,2023) 0704 0705 0723 sy b irote e 7 SR ISR
. g _ _ B _ il & FEAEKGI AN 5L T GAN-Inversion
Uni-3DAD(Liu %, 2025) 093 T AL OCSV M il & 45 5
TR Bk 0 s P — 20 4 B i
- A‘K - - - -
R3D-AD(Zhou % ,2025) 0.734 0.592 4t 5 7 55 0 (1 E A PatehGon 0
T 3 2 X L 2 ST P AR R AE 4 AT
Group3AD(Zhu % ,2024) - - - 0.751 0.735 0.74 %54 TUN.IAN Fl AGCS 2 71 4

PEfE

=" R TAMRKSH

5 S RE

JRUAE 3D BRFE LI T ik A BUS T B R
PRIUATY T i 1 22 PR AR R R OF IS F 24
IR R DT MEAS OGTE o AT9Hs A R 4 iy

T AR A, I FR BERSR BRI ST 1), B AE D %
N EIBTFE S S AR R 5 1
5.1 HaTHkik

DRl TR . = 2R A o 0 T Bk A I =
REE IR, SEPRR AR B AR AT RESZ B I
P OC IR R A, B B A X
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x4 ETEESH=LRIEENTTEEMVTec 3D-AD IR LR ERELLER
Table 4 Comparison of performance of 3D defect detection methods based on multimodel on MVTec 3D-AD dataset

Rl

ik I-AUROC P-AUROC AUPRO

AST(Rudolph %% ,2023) 0.937 0.976  0.944
MMRD(Gu %5 ,2024) 0.950 - 0.976
CRD(Liu%%,2024h) 0.962 0.994 0.977
BTF(Horwitz fl Hoshen,2023)  0.865 0.993 0.964
M3DM (Wang %% ,2023) 0.945 0.992  0.964
Shape-Guided(Chu%§,2023) 0.947 0.996  0.976
ITNM (Wang 4 ,2024b) 0.948 0.995 0.975
LSFA(Tu%:,2025) 0.971 0.993 0.968
CMDIAD(Sui %,2024) 0.938 0.992  0.962
M3DM-NR(Wang 2§ ,2024a) 0.945 - 0.965
EasyNet(Chen%: ,2023) 0.926 - 0.821
3DSR(Zavrtanik % ,2024a) 0.978 0.995 0.972
3DRAM (Zavrianik %5 ,2024b)  0.97 0.994  0.969
CFM( Costanzino 2 ,2024) 0.954 0.993 0.971
DBRN(Bi %,2024) 0.928 0.982 -

DAS3D(Li % ,2025) 0.982 0.993 0.975
DRAIN(Li % ,2024h) 0.943 - 0.892
CLIP3D-AD(Zuo % ,2024) 0.758 0.973 0.902
PointAD(Zhou %5 ,2024) 0.869 0972  0.902

AR XTI A= P 285, ] P 3 il 1 22 e ) ke

AT 1] ZEAR , S0 2 0 e AR R R, 2 AR K
SRS

20y SCUETH I ST AL BRSO 5B RS Bl T 1 AR 1]
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S VR E AR )40 2 FORE S L SRR I
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2 X A B ARG 0 ) R A AR R P JRE T, PRV,
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2) RABEE 5 S . B = BRI
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PERIAES5 o ROMUBEEIE 4 A BN L5 28 v Ak ) 512
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Xof S 2K, 3 3ek 25 (8] —i SCOUER R 55 Al R 58 2150
SERAZS Y RUEE 22 S ) 5 a2 1 O 2 Rl St DAL o0
JRI G RAE AR JZ B 25 8% b A 3 P 5 2 DL
TP 2SR RS 5 R, T i B B A
XS He 2 AT 55, Y DR AR AL X B RS 1 S — B Y
THALRE ) A IRER ER RS EE X FF IR S
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