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Abstract

Triangular mesh denoising is fundamental and core step to digital geometry processing, playing a cru-
cial role in enhancing model quality and ensuring the effectiveness of downstream processing. The
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widespread use of 3D digitization facilitates data acquisition, yet scanner inaccuracies and surface light
reflections introduce noise into acquired 3D data. This contamination significantly compromises down-
stream processing tasks, establishing mesh denoising as a critical preprocessing step in 3D data analysis.
Triangular mesh denoising algorithms are categorized into optimization methods, filtering methods,
and data-driven methods. This study systematically examines these three categories through a tripar-
tite analytical framework encompassing theoretical foundations, technological evolution, and applica-
tion scenarios. Three evaluation metrics are introduced. Comparative experiments examine optimiza-
tion methods, filtering methods, and data-driven methods regarding feature preservation capability,
vertex drift phenomena, volume retention, and mesh flipping artifacts, with systematic comparisons
conducted using the metrics. A comprehensive evaluation demonstrates the denoising performance of
various methods across different models, along with their respective advantages and disadvantages,
and the applicability scenarios and future development directions for each method are explored. The
study proposes future directions emphasizing real-time processing, adaptive parameter optimization,
and deep geometric learning.
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Figure 1. Triangular mesh model
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Figure 2. Laplacian smoothing with different iteration counts
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Figure 3. Comparison of denoising effects using different optimization methods [37]

B 3. REMALEEBRBERRILL[37]

4.2. BHEE

=R PR LR DR R AT R B R A B, O B R R MR U RS T, I
ol 4 X = A A PR T BTV 1A 44T AR, DAY/ W P F S

FFL ST AR 1 PR AN OR SRR A 5 T AR MER B G — AT RE2 IO WS X J LA RFAIE . Tomasi

DOI: 10.12677/csa.2025.1510251 72 TFENUER S N A


https://doi.org/10.12677/csa.2025.1510251

W

£5 N[42]4E 1998 448 HH WL JE W (Bilateral Filter). XUA Y& & —FAFEMEIEMT71%, © 4G 1 milnig s
BAR, i AR IR L T AR 2 (A LA AR AR OR B BB A A5 2., TRIIR sl g s

4.2.1. BTN RBOVGLER

Fleishman %5 A\ [2]7F 2003 4 BE I SOAIER L S NMIRE o, S M BUE s 8, — AN St
T AR ) AR R, BT RSB A TR AL s ) — AR AT IR E R A E R, 1E
580 P8 22 S RIS D R . YRR I T SN T A A O T R LA B R e, TR AN R VAR T
1, MTBE SR T RS AN RN P36 0 . Jones 25 A [4317E 2003 4EHEH T —Fh AR AR MRS 0 77 4, @il
D) S T T A T T A A A, AR RS AR S AN AR R R R, L YA B T I SRR AT
Vialaneix 5 A\[44]7E 2011 FARYE Jones 55 A [43]1 5 248 T —Fhw] 73 il J7i%, R SBL (Separable
Bilateral)JEJ% AR, 37 3 128 0 [ SE A 9 IR — SR I, K 4R AR IR R A N IE RSy T [T, AT
EARE T ROLDE R

Choudhury %5 A\ [45] 2005 “-7E Tomasi %6 N\ [42] (1) 515 Bt A7 o4adt, $2 8 T =i #E9% (Trilateral Filter),
T 5N AGUASHIE IR T R 3@ N X I K 7 VA AT ot o 36 A A A5 i B R A v B JEE Xl B A R AR
R ILLAFAE , [ B S 30 B 5 P gt 75 AR AR RN S5 L HR R, 0 JHCTE v ke L B MR — 4R %P R B
Wang %5 N[46]7E 2020 & H 1 =0 I 2% 8 b ot U2 8 % 8% SE I s RO G AR FE I . 2R 5 N B
JE SR ORI O S AT A A, YR A FE R AT A oy B R PRI AL, o BRA%R B 7 VR AE R B DX I R s
B ) . % TVE A RS B T AR, ANHRE-ANEP RS, R T BRI
PEANSE 1

B TRt (IR 71k 3 B0 g s ) R ARG R VAR T s A, E AR B SR BUARRAE (¥ [ 2 B s
SRIM, MR KPR R, X PO EES SRS AR EIR Z R, BRSCORAE. M2, AT
TV 1) PR SR 7 V208 R S R R AR TH S 15, SR B % ek m B AR R L g5 4, R RE RS o
I b CRRE A% 1) T LARTHRFAE o

4.2.2. ETEZEEBIAEE

RS ) T V2 2 0 0 ¥ 0o M P K ST v ) I R B SR AN, 0 Yagou 25 AN [4717E 2002 SE4 H 7
e, RIS TR 1) AT SR PR DRI SR T A, I T Y A TR M /N T X A N RE S CR R JEA
REAE,  ELAR A A P o e P 0 . Sun 25 A [48]7E 2007 AR IH I AL V- 240K A1 T 122 48 3K %5 A Ik s 2 1) T V=
2k, DABUE bR SRR 05 45 T 15 2 A0 TRV 2R 40 (A0 Sk T VR 2 T v O R, TS T3 84 i T R 2 (AR
THIVZ: 2 ) 45 T e I PR AL e 22086

Zheng 25 N[1145H}, Sun 25 N [48]18) )7 VEAE AN BVE LR N4 % R N IS IS BB 2, X ERE 1
A3 LA 1 P AN UL RAE PR B N P I 2 e SR m] AN FEAR, JRAE 2010 4EHEH XA L A1 I8 (BNF), 1%
TEDL A R [ B AE SRR LIRSS, A B eSS AL EZE R, DAl LM SR E (R
Fro N TIEFFIIRG ZMEIRUR, PR 2 UGB RO AT AR . X AT VERE IS KRR 23 A A 7
B, (AU TG T LT RFAEAS TEAMN S B AHAR T A (5 5, TR0 2 25 e DX S A% 1 FRA I

Wei 25 N[4917F 2014 S48 H NGB8 B 7 VR BIEH P b 4E & T VA M B M TSR EE . Z7EY
Je T oK B S A SR TR A, AT RIS AP XS, o0 B E TR AR 2 A 4 R 4 R Ak
46y, fJaiEEd kAR ARG DL 43 BE R TS AL B . Hurtado 55 A[50]7E 2024 4TI 2022
I BT, SR T Ok i AR 2 B B A B o SX R VR SN T T AT A st AL
i, E5A MBS O BEZ AR IMEAS, R UL P B F] R, R T S i, IR T &

e I

DOI: 10.12677/csa.2025.1510251 73 THENUR S 5 R H


https://doi.org/10.12677/csa.2025.1510251

W 5

4.2.3. 5IFERER

BIRVGLIR A DEWAE P 20 rh R BUANES, E R A s, TR R Ak U M & 5 A
WS R A ZEAROK, S RIS . N 1 IX A/, Zhang 58 A[3]4E 2015 4532 [RHR AT 1
BRE UL PEB A R A, RIREEBCEAGZ AR BT HAA W, MR E 5 — K5 SEIME, JFR I ER
BT RIRE R, $E T 51 FIELIE B AR (GNF), HAKy:

ma =K 2 S (e =) (
JeN(i)
Fob, i R £ KRR, KRR WA |, LR S R (R

A, & NRIERFERIE . g/ NABEEI £, 1051 SVELR,  / NABEEI £, JRIGVEEL, N (i) 9 £ 1)
1 IRA .

an —en!|)n/ 3

Guidance normal

H=0.35496 H =0.350533 H'=0.405046 H=0.357798 FH =0.358609 H =0.352677

Figure 4. Patch-based construction of a guidance normal [3]
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ATRFEIA AR B RS ARABIE, A ROt 1 RMR ST 50N B0 5 T8 XIS VR VA B, 7 & e P A
TR B S B _E X BUS A M T LT AR . Han 25 A[SO17E 2022 4E 503t T — ML 58 e d s, 5
HWRRADE PR A A A, DUEAE K BRI 75 A R B 48 S RF AL

F ‘l »
(a) Noisy (b) BNF [1] (¢)GNF[3]  (d) ROFI[60] () CAN [57]

Figure 5. Comparison of denoising effects using different filtering methods [57]

5. RRVEM A EBRHIRIILL[S7]

WS frs, BT UEEER T B . B B 0 LR SCRERR i, A TR SR 43 32 R .
SR, AT BB VEATIAE L JR S AR el 152 ] 5 1 ) i, 7E A ER ARS8 S g PR I 5 7= AR D RRAIE,  HLZE SR BURE
IES 1 XA R R A2 T SR 28k, 5 MO 2 . RRIE 77 B S RIS A A H e,
T SRR AN FARRB G, A I 2 5L AL B 75 R (VR A B IR SR
4.3. BIEEEE

T ARSI SR BE B A A A s, AR RE B AR R SR RN, SRR A
B, FHSEARSRED, T RIOX e B, EdE SRS T2 R .

Wang &5 N\ [22]7F 2014 F4E 7 — P i AL Ly 74t He 48 B0 SR AR AR e 75 RURFIE ) v &R
S0 I 0 E AL R A A, T R g A, SRS Lo 3BT e AR R BOR A 22 3 R R
TSR SEERI, Z VAR FERBURFE RIS, BB A R i 25 i) [F) 14 M 7 51 R P v 1 S AR 4k
Wang %5 N[6117E 2016 Ay | RIIELLEIAMESL, R AEL AR (FEND) St 530 JULATRFAE, it 2%
AR 22 Y 22350 R H LSk k3 . SAEG AL, ZAEZR Sl M b 5] N3 & xR IE 22 ST P, £
B Bt [ U 28 12 D RS AL 2R At v, 0GR i T 2 P ) [ ) S TR 75 p i gk s 25 B o 12 TN R B TS
SEMEFS [Py AR Y, 7R RIS S RAFE A R I R 45 PR R

BEX KM R 3 5 N B U RS HERS, Wang 88 N [62]7E 2019 452 I XUB B BE 2 21 384 . 38— Bk
AR AT SR M ARAR LR, R HE R AR A S B Al AL 7 5 28 B BE S NI [l 2R D 5
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F R ZE A S IR S LTRAE , 207 5 8 DRI SR B8 5 IR FERHIE 22 ST A 455 - Zhao 55 A [63]
7 2019 42 7 NormalNet, & 0K CNN 5| NPIRg MR B1xF AP AN, Bt iR AR
W& S S5 A e AL N R 4D 5K EH N CNN, it 2 B Bak IR AGE il vh o SR & et 28 mipL
HFEREREA, 256 5] SUEBOR R T LTans .

Armando 5§ \[64]7F 2022 4EHEH T — Pl T B AR X 4 (10 310y 2 ~ SR o X FhoO7 vl i i gt — A
EIGRIMN L, M T —A 2 RERHEREROILE],  BE68 R SRS RS [ ) U RRAE . 1 73—
HBURE E T U ZRod AN 75 AR R R B 6 RLOC R , IX AH1S B A 6% Ab B BT S R AR R 1 1 7 A0
Li 2 A\[7]7E 2021 4E$2 1 TR VL 2RI M 2% DNF-Net, 1% 772K 22 R R RN B8 70 SRk 3R IUA 7] )2
RIS B, G565k 225 ) JERE 7 B e 75 PR, IR h IR B2 e B RS 0 2k R 2. Shen 55 A [65]7E 2022
SRR T — M4 GCN-Denoiser 13T 48R 0K 5 J77%, I = MR R XU AR @R IS5 1, 4G5S
AT EARERAE, RIS AR 1) SRS OCIRRHAE 8IS 206 GCN AL 12F [B] 3 T M 75 R T V5 1)
o] N [ o B 3 WL 2R S AE 6 5% . Hattori 25 A [6]7E 2022 4E42 H DDMP J53%, fk 7 — Ak
TG AR LE ) A SR, J IO A6 B R 48 (PosNet) AT 2 28 X 28 (NormNet) 1 Bl [7] 11 R AL 1] S B0 it
oAt . Hrd PosNet Hyd: T-2% S T s A B 4FAE, 1 NormNet WU B 421 VAL 5 ), IX P TH Rk 1 1%
G 7 WA AT AR A, I HaZ 5k gs & 7R R . XA A KA B - 2 — B RS
Z IR HENE . H DDMP J73 W it B — REACHI AT 22 3 A% 1) H Je 3R AiE, X — Bort A LR 1 0 KR
BN GRE IS A, 5271 1 7 ikiidE e .

Xing %5 AN[66]7E 2022 FEH H —Fh I TIH A 28 WX 25 (RNN) (1) A% £ e 757, 83t k-means 52K 7514
K RS T A 3% LR SR 2%, £ 2Rl 25 RNN AR, 1Z 5 7AF A RNN RORS 7 s mditt, =
PRI AN VAR, 4 S AR R AE R 55 R it e 46 0y 25 M S IRV [l B o Zhao 55 N [67]1E 2022 4R4R R #iER
IR FF(LSD), R s R H BN 2D kg, S5 G AR 5 10 R R AL RSB LT RREOR BE o 38
S RFEAE L BV IR 5 T URME B LSD HEFE, FIFFRHE ResNet ELIEALER, AR ML 1T, ok
R, INELEORE JURE R £ MR EAR T I 25 T BSR4 1R 7

AR LA P25 AR I 45 (GCN) 7E = A7 I % 2 1 v R ] 465 449 [ 5 T S B2 A PESS . BRI F EURHIE
I EEPIE IR, Tang 25 A\ [6814E 2023 R4 H 1 — Mk T-%5 42 R 5 I A 42 9 2% (DOGNET) ) 2: 18 7 7%
Z 7 VE I R AT RURHIE R G SIS, A I SRR AL T, TEORER LT REAE B[R] B
AR LR . Wang 55 \[69]4F 2024 FF4&H T —F 4 4 Hy-per-MD [FJ#7 B4 £ M 5% . X PPy ki@
IR 28 By 25 58 | 2 W 2, Re WS AR B 1 PR R A R P AT LT R AE Bh A8 T B S 4L, Ml 7 Shen 25 A\ [65].
Zhao % \[63]. Li & N[7]# Zhang £ N\ [3 13847 787575 RS AR WO RE 1] P ) JHL A4 Mgk 5 i 58 (1 ) gt

DN A G847 HIORRE L AE O s 25 W AT 55 HR A7 AE R 5 A6 TGV DR B DA B A L A FEAS R 0 90 1 45 g TR s 14 1)
B, Lee 55 N[70]7E 2025 4F4& H T 5/ OR BE 14 BIOE B AN 40 41 T8 5 B A% 4 BB 28 DMESH o 385 101 550
RN A B, R 22 S B0 AR, AR T 7 VAN 32 WA P Fh 4 A 1 PR A
Wang £8 N[7117E 2024 F42H —FhIB &M S 5 ) LRGN I MR £ M7k FCL, gy R 80 ) &8
A IE T R E CASEEUXS AN R WA 1) sh S Ak

Zhao 25 N\ [72)7E 2024 FE42 N3 T Transformer ) 4% = AE SR SurfaceFormer, J# I 45 & VR B 2
>JH1 Transformer 4244, JF& T )RR IMHIAFF(LSD), 45& JUMM=EER, $em 7 LMrtgE. Zhou 55
NI[7314E 2025 4F4E H ResGEM A% 2 [ 26, 38k X050 S 45 M PP B 5 TUAT At s . FF HoRH 2 RE
BIHR AR IURAAE, 8 5 T A& S A ) #0 AME 2 2 R (A 6).

B R B 7 v I IR PR e 2 I 26 o) e S B A B 2, TR T A R B R BE AL FE T . U TETH)
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Figure 6. Comparison of denoising effects using different data-driven methods [73]

6. NEIHHEIRRNEEMBRYRITEE[73]

5. RWERSHR

AR T T R 2E . Hausdorff BRBAIIE T TH A0 Lo 15222 B 8 = i FH F0 100 A 22 M 2ok SR A3 7
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5.1. ¥ AiIREMean Squared Angular Error, MSAE)

Y5 PR ZE R 25 0 i RS (925 ) B 5 SR A WU RS VR TR B (] 9 22 57 . MSAE V)N, 1 W25 16 Je
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E,=E[£(n',n)] “4)
B, p3oRBE,  2(n',n) R EIGHRERE 5 BATA R p Z RS

5.2. Hausdorff Fp 25
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o — b B 5 0 Ay 2140 IR EREE S
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hr B 2 A 3P J7 B RS .

E, \/32A z z Ad(x,,T) (6)

Horr, d(x), T) 72 25 T x] B B B0 R4 W0 A% 5 i T A AR AT 7 3 (R 1
5.4. BELLBS S

ARSCRH U 28 8 L e 5y 70 5% CAD #2284 (Block A7), ELSRF i A (angel #522Y) 40T
F & AR (armadillo AR HEAT LMEACEE, FRAER | 13 2 gy i T & Rk L SRE 0 Hausdorff BE 5. 14
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Figure 7. Comparison of denoising effects of various algorithms on CAD model (Block 0.5)
B 7. EMESEXT CAD REY(Block 0.5)F) KRR LR

Hi/l 7 AT %, XFF CAD B, BNF [176 THE A LERIBCRES, (H RN B & T BRI BT
TGV J7iE[3018 T IE WAL TO % 37 (ORI F 2, (18 HIR LG FEI T At I3, %) T I s LB i
BB, AALET AR T TR IAF AT . BF JiE[2106 T CAD BB e R %, HaSiud
GAiAL. Lo fRAG[41E S/ MERIA R AR RR L RO SR, AEASAE KRR RS A AR CAD BRI
BURFE . GNF TPk [3IAHAD T7 vk EOR AR RE CREFEE R IO TA 28, (E RISt 23 U SO AL

Table 1. Hausdorff distance
%% 1. Hausdorff 5 55

FIE Block |F| = 17,550 Angel |F] = 48,090 Armadillo |F] = 52,000
Sun [48] 0.835643 031553 0.916377
BF [2] 1.0991 0.488635 0.840271
BNF [1] 0.1742 0.002755 1.01242
GNF [3] 0.446288 0.336547 0.882546
Lo[4] 0.962841 0.363683 0.873992
AT[15] 3.24117 0.428791 337436
HO [29] 0.84302 0.285073 5.67724
SO [30] 1.65254 0.295869 4.40421
TGV [37] 0.837322 0211918 1.04704
GCN [65] 0.30808 0.178627 0.125442
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PRI, JEBEEIE T M S BRI 5 T, BT B s i R R R A o B SR Aoy T 2 P A 1 2%
R ARSI DR 5 (0 ORI T s (B FLATD SR AT A0 368 e MRS 5 AT 4350 RS A oy 1 1)

R BRBAE CRIFRE ST RS . ARURFFEET) . RO XRBAFE. £25BA Iy
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AR L R R T SEH 2

L A

(a)Original (b)Noisy (c)Sun (&BF

(e)BNF (DGNF

% N

@HO {so WTGV WGNF

AT

Figure 8. Comparison of denoising effects of various algorithms on kinect-scanned models (Angel 0.3)

8. BMEBEAXTESIAEIRE (Angel 0.3)AEBERELEL

Table 2. MSAE and vertex-based L> error metric

#2 MHRREMETIAN LIREESE

o Block IF| = 17,550 Angel |F| = 48,090 Armadillo |F| = 52,000

ER RS
Eﬂ EV E(l EV Ea EV

Sun [48] 0.152156 0.0428401 0.333253 0.0207271 0.272569 0.0807336
BF [2] 0.272763 0.121023 0.243945 0.013657 0.208572 0.0907364
BNF [1] 0.130952 0.038648 0.227882 0.0089437 0.261041 0.0851376
GNF [3] 0.0813179 0.0281054 0.231632 0.00788684 0.241151 0.0735867
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gk
Lo [4] 0.115292 0.0599658 0.312741 0.0220372 0.241535 0.0828186
AT [15] 0.145881 0.440301 0.289588 0.0399907 0.275261 0.163398
HO [29] 0.104001 0.051227 0.274035 0.0165927 0.233019 0.621281
SO [30] 0.0869724 0.251042 0.266984 0.0268029 0.271169 0.49045
TGV [37] 0.0674852 0.232974 0.0128641 0.0114639 0.220871 0.103884
GCN [65] 0.0331487 0.0111943 0.132255 0.00341578 0.050471 0.027728

Table 3. Comparison of triangular mesh denoising algorithms

3. ZAMRRIREEITEE

REURFIE T AR XkBR Bl

ik RE BB RE REE TR SR
He [4] \ v x x x PRERBURFE, G EMrBE s, IhE AR
Cheng [18] J Y x x x HEAEAR RIS 2 R AT
M5 J x x x x TRFFRFAE, ZEUF
Zhao [20] J x \ x x PRFESUATRAE, SERCRRENES, FEREN S
Li[25] N x RN V x BT TR R R RR IR J5 0, AT R B e Tk
Zhang [26] \ x \ \ x PN RBERFECRYT BE i, SPEETRAE S5 D5 52 A 1]
4% Liu[29] N x v v V ORI BERLNL, TR E A UARAR, THR AR
Liu [30] \ x \ J y IS, RN CREFISBURAE
Liu [15] J X RN V S SR T A G T 1 AN o U4, 1] 7
Liu [37] \ x \ \ v g4 TGV F—Br A —B i, T [15]
Zhang [38] \ x x \ y [F] I CRIFASBURFAEAN B (1 8%, SRR R
Wang [39] V x x Y S B EA RIS, (ASHRE
Wang [16] \ x x \ y Sy IR AR, HAR S M Z i S
Meyer [13] x N N x x BIVSE, ARG T R %
(f@ﬁ) Fleishma [2] = v x x TSGR, BER
Jones [43] J Y x V x R AR, FHERGS8AE I R
Yagou [47] x Y \ x x TE B 1E 3 S 7 TG SCRRI8] [10] [12]
Sun [48] \ v x x x AR, TSR RIS, 3&E T KA Y 4
ey Zheng[l] Voo x x BRI RSO B U A R AR AR
QHE) zhang [3] \ x \ x x S AT B i, BRI AT R (R
Yadav [60] N X RN v x TN R IECRIFROR R 4
Guo [57] J x RN V x a3 B I L — SR B 5 Sk
Wei [49] \ x \ \ v ZRMRAL S A RE A, W T R
Wang [51] J x \ V V A LR/ RBE U SCH I R RR R BERHIE
( ;ﬁ;ﬁi) Zhang[52] <  x J N Gads. SIS, RN KHE
Zhao [53] v x x N N G4y 5] SR = AR A S 2 R e
Liu [54] S x x S N SPRFAE T AN ARARAE Ty 43 Ak
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Zhao [55] J % % x/ V FIBIRIE — (L BI5E, G DR E 7= A2
Zhong [56] J % x/ x/ J R ARBAI 5 FUEL S, AR R BURFE
Li [58] J x y y x Ak 3R v P P S R T A I 2 B
Hurtado [50] N x v v v TR AP, BB H B AR 2 S
Wang [61] J \ Y x x SiBuE/ A O ERE Vi R PR
Wang [62] J % x/ \ J T+ JUFTIRE, MR KCE T RE O R AT R
Zhao [63] J J N x J I S A TR S AL, BRI R BURRAE
Armand [64] % x/ x/ V TS 3 O T A I 4% e b I 3
Li[7] J x \/ v S JRI - SRR SR B, P 1 £ B 5 M 40
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