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Abstract

Normal vector is a critical geometric property of point cloud data, and is widely applied in tasks
including feature extraction, 3D segmentation, and surface reconstruction. In normal estimation,
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evaluating the similarity between two neighboring points is of great significance for the selection
and weighting of neighboring points. The PCV algorithm characterizes the similarity of neighboring
points via the consistency between the normal vectors of two points, which preserves the features
of local neighborhoods well. However, it uses a single, rough initial input normal to measure con-
sistency, leading to inaccurate judgment of neighboring point similarity near sharp features. To ad-
dress this problem, this paper proposes an improved PCV algorithm that constructs a normal set for
sharp feature points, and replaces the consistency measurement between single initial normals in
PCV with the consistency measurement between normal sets. Experimental results show that while
preserving point cloud features, the proposed algorithm achieves superior normal estimation re-
sults under different noise levels.
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YRR B SGREMR S R, R =Y B AU EE AR . ER S
el abH A, ) B 20 R TR A O B ik, Al Th 8 R B i s A TG I SR
TERS I 5 S IS5 J5 BAT 55 RO AL BRACR , R E e P = 4ER M E A5, ik, WA AE Bk
HE R R kTR, H R RS R SR B A, RS R s B E b ELR
HERIVE AT, AR s 2 Bl A 4R ) — I B 0k A

M ARG T EE By . BT Voronoi/Delaunay [FI5I5[1]-[3]. 2Tk AME IE 5% [4]-[6].
FETFIREE 2 S B[ 7]-[91 A T = B & O B9 [10]-[ 217

F#F Voronoi/Delaunay ] sz v 45 THREVE[1]-[3 @M 8 Voronoi BB Delaunay = £ 53 £ 37 4,
AR R R, IR G AR = A R I LR 56 B Al o IS SR AE AL T I 7 Bl 7 N Y
HEAE R G T 25 R R A, EE UG FH T KR P B I BURHIE 1 8 = B3 [ 107

B TR AME IER S 2k m A T BV [4]-[6] ARIARVE In) B, 456 md s IR B0 i 22 A8 A0 5545 B 2 i
R FR, HmE AR IR R IE . XEE R EE R EG G S UAEA, (i =48RR
SO E R SR, FEALBRARBURAAE DI, 5 A A6V v 0 DRI e 7 BP0 0N 5 R AR BIRHIE (B B, R4
BB RERAE AR S SRR AE, S BOE Al T 25 R TGVEAER DR B A B0 T AT &5 44 [ 11].

B TR W sk A TH A 7]- O EER BEM A M B B 2 S 5 HERRE )1, W s R Ak
B JURTRFEREAT 7 20, i 2 RBEABIBRFE SR G457 2, B0 & TLARHIE 5 42 R 15 RIS, A
EATHZIE S U E . HRBAE T RRCR R, TR @RS AU IR R E R & 2K 2
KRG, RN, WX AR ), FEARISIRAE . A PSR O DR BT &
BRI SR BRAE TR IRl OO PR s . IR LG, HAZFERL A& KU (8]

BT R EAE 1 M sk A TR H AN BN 2 Rk 2R EREE N e R R
AR 3 55 34T B T 0L & SE VA M 45 1F . Hoppe &5 [12]8¢ F-#& H T & T = 443 43 T (Principal Component
Analysis, PCA)H R #V)F HH0 & 771%, 27700 2400 s T Q0 gt AT 5, 3 3)R B0 sl
T, FERAZP T A R A B . DO B SEILMI(E, &5k O Ja & 2Rk il v B0
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S TR ADL-E A LA A 20 1] S PR R B T LT 54, T S vk [l il ok O MERA M o BT XX — R, Pauly 55[13]
N 08 dsk 73 P P B AS R ) A R R O, AR AR IR S A R I AN [FIRCER, A AP T B e
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IR TERCR . SR, IR LETVEI SR & ) [ A AR AT T, AR IS BUARAIE X g5 AN T S b ) IR
H AN F AR R 2 530G, B R 2k il T ROR[10].

FET CHERRSK B A R TR AR, AOR B S 20 AR TR A BT RIS X AR,
P RT ST PR A p 2 5 A T R — SR J LART S 2 28 5K B2 . Mederos S5 [ 16141 Li S5 [ 10148 H 1 & #: 4t it
BAR, A5 ZE 20 P S AR, Hodbr, Li ZF[10138 H T €872 b4 11 5572 (Robust Normal Esti-
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SER— B, DR BURFIE AL HME LARAFHERA 1 1 il T H 45 20, (ST BCRA etk — B3R T 17].
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Voting, PCV). ZFVEAF AR T80 5, 102 PARUN J 2R, [R5 58 1 RO 40L& 5k 22 P 467 1a) — B
P, X 3 T T AT IR I 5 LA ik B ST . PCV fEAR AR BURAE . HUme e AbHR AR S RFESS )y
MR T RAFRIVERE . SR1, L3k J7 ik BB A i Rk 5 AN ) i T <04 s B2, (H L RCRAR S T 4)
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Figure 1. The inaccuracy problem of normal estimation at sharp features and the schematic diagram of normal

set
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Figure 2. Algorithm flow chart
2. HiRRiEE

LEWETE S BAE P={p.pypy) (N RFERAEL p=

BN N, = {p] |p/ BT p 1S IE4

B -

ALFFEN=ALRE, BARmE 2 Pros.
b MRERANIERE. B, M PCA tHH A = A SRIIMGIE IR, IFRI T ARk 7 ZEHE B Y
FHIAE E SCRFE R H, H T8 SR IR B IE AR . AR5, ARAEARRAE SR B 0 A i 28 BRAEL, 35 58

{x,-,y,->Z,-}), W?ﬁfqﬂf‘%ﬁ*ﬁ 2R

DOI: 10.12677/aam.2026.159385

202


https://doi.org/10.12677/aam.2026.159385

JtE

HPREE R BOR T B, WA SERETAR B I, 430 SON IR £, A SO A, i
PR PCA T IOMIRE AT IE A R AE I, I 2 TG N5 5.

BB IR KT AR RE A p,, ATICIRTE A MRS SN, L m A RENER,
AR AT, TS N, B SR R B G H &, MR A TR X &,
ASTRERFIR T 85 p, A, 120E N (p,) -

B PR, KR S POV ARG: Al BURHE b M — I Y R AE R . 64T
AR p, FURIICEFISE N (p,) SICAMBA p) MOEIVE N (p)) (5 p! Jolifh s, WAAIERTER n)°),
VAN 2 A P S—BUe 4 A A P 2 BT RV LT, T AU B LSRR A 0 (3 T
PR EE . ST S B O R 5 0 P 9 (0 A5 p, B L

2.1. EERRERE

RN X 5y s P IRFAE X IR, AR SCR A SCHR[18] [19]FIALBE SR o 12 RIS E X A B 5E VT UR Tk
MR, B a =R N eIE S SR . NRIEAR SR R B, AT Az A TR,
VELH A5 TR T] 22 565 N Sk

YT R p, s FATIEI Y EHE T, 8 SN
=) (-7 )

T, .l eN,, (1

e
b — D b —D

ﬁ*N@%ﬁg%%ﬁ,S%N@%ﬁ$,Efﬁi%ﬂ%%%%ﬁNﬁ%%ﬁﬁoﬁﬁﬁnﬁ?ﬁﬁ
MR TR 4,0 Ay A SEA TR v, v, v, O, 0<A <A <A . v BLR
S5 PCA TR BIN £ p, TR n . 5 p. (045 B3 0, 52 SN
ﬂ’O
o =—"7—
Dot A+
o BIA—ALE[01] . o ATLLRIBLE p, 5RGRHEMBIEINE, % o BIET 0 I, %A K BT
W1, B o M1, 22 TR B AL A ), SR A T Rl 3K S R T 4 5.
IR 255 o, (950 T TSSO A5 (T4 A SO IME LR F AR B 406 £ HE47 T
poiii

2

A

f = argmin7, - 1, 3)

. + AHDJ}W

5
1

Hoh, £ RRT (o) AL, 2RISR DN, ||, 5|, 48 L F
., OPRACES, % £ ISR MR 0P R E OB @, RS, SHAREN 1.
FIHBIE @ BT A PR B HAER, #5 0, > 0, WK 2 p MR £, 75 MBI .

i s HE N S5 S0 IS B B 2025 0], T 6T A ) e 20 ) Bl A2 B R WD B 725 )
2.2. ERkEISE

KT R p, > BT HAIUGVE ] ) e AR 220 1 2 BURFE AR AR LT 2504, B AAS SCR R [21]
B A A RS, A .
B, 5 SUCERR AR o, = 0.15 FBEHLIRA 7 & ~ N (0,0057) . BERAEE 0 =0, +¢ - FEV]

DOI: 10.12677/aam.2026.159385 203 I3RS


https://doi.org/10.12677/aam.2026.159385

FitEtR

I P AR A bR E BN g = (g, 8,) ~ N (0,1)  MIERBFTE £, = (g, g0, ) - 4 p, 19)
ST n? SRBNE R ¢, ABINIEHEAT I 1k, 1B p, A RENER 1 . EE BRI m 0, B m A
Ay, MR p, IRENEIVE N, (p,)={n] |r =1-.m} .

Ho, HEREn T B = {7 m} ﬁ¢mﬂ$ﬁﬂmmﬁN'mnm¢@ﬁE&ﬁﬂ&
ﬁﬂ%@%%oﬁ?ﬁﬂ¥ﬁﬂ,ﬁﬁ%ﬁﬁnU@?E%E%d o=l S o BRAR BRI
m,%ﬁgqu>ﬁﬁﬁrm$,ﬁﬂﬁﬁﬁmd oS ¢>( . BRI 80%IHI
E%ﬁ#ﬁﬁﬁﬁﬁw,WﬁﬂﬁN@ﬁ%ﬂ?ﬁd%%%ﬁ%o

%E,@r%@%@%w%%%&%@,%ﬁﬁ@%ﬁ%ﬁ%ﬁAD:wwz m} o BRI
BB K, MRV, 3K K, AP T IR p, KREFISE N (p,) = ()]s =1k, | -

top ) top

<¢>

2.3. FHEEE

2.3.1. PCV @i
X FARIE 53 p, » PCV BIETE S BENLRAE = ANASSL I 140k s i s e ~F i 0, il s R LA N H
i R EOR SR A B AN~ 10

6 = argmax Z (P, ,9) (ptk’g)wa (Ptjaptk)%z%?» “)

ik
0 plken,

\
/]
+

(pt,a)—e)(p( jze/o-;zt)’
w, (ptf,pt")zexp(cos“< t’°,nf°>/o"” )

p R ABIREEL, r,, 25 p! FIPH OWBER . w, (p/.pl) R EETEREL n/* 2 p] IS
i, nf SR pl KRBT, (n),nf0) ) 5l ZIIHIS, o, B o, HDAR ERTRL B A S B
o, XN, = x5, Hh o BN, Ok AIRE G EENHE. o B R HELNS
Mo o, MEIERBE N cos(45) o 7,0y REERE. FEAR@N, w,(p/,pl ) TN F SR
—HCME, AP AERARL, R AT AR A i, Wow, (p/, pf ) UK, K2, w, (P, p) B
fBN. p MIBFRARSE A S A T IR, PRESHOESTRER, AT TR/ . PR B,
R ) — S FLBR VT B (0 50 S P I, WD T R A7 O B B T, AT (R R AR BERFGE
F [ SR B R s D T

\°..°0}.|.0 . ¢ . et o. ° . o° o9 o °
* o . . e o » ° o é »
® ° o o0 °
. e o ° .. e o e 0’
° .
o o o o
oo )
° °
° o ° o
o® o®
L] ] L] °
% ° % °
. °
L 8
® ®
L4 4 b 4
®e ®e

Figure 3. The optimal plane obtained at the same point in the sharp feature
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|C PeC

Hrh, CNRZBHEE, n,,, R P RAIHER, n,,, 25 P S THER, <np,,.¢f,np,est> REEA 1y
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% PCV SIELEME A /KT 179 30% M YA R I A, 22y PCV 5%, AMVAE . NTHEER
R L AP SR RO THRCR . ARIES POV FE MRS E R ECN 1000 T IORRYE 72 BSR4 R,
XAFIER PCV UL RIVEREREAT SR X EL, JREE & ARSI R BRI RN 3 T 51 ie .

PCV FEA AR BB B, A SEIG (A Oonf B RV o Fhe 1 MR 2 W) DL, ASCEEA K RMS
A RMS, S EHERIR T HEH L. RN, A SCEIRAEA RSB T B RMS BHEXIET PCV ik, RMS,
BENEAG S PCV M BCERIE R, WHIASCHI S I RIIA PCV RAT IR EYE, 5 Sms £E 4 5
PCV AERE RIS, SeBefRi 7 A

Table 1. Comparison of the mean values of RMS under four noise scale models for different algorithms at four neighborhood
scales (bold font indicates the optimal value)

%= 1. OMBERETHAREAENMRERERRT RMS B ELLRAEBFRT&RE)

it A3 K N Ours PCV PCA RNE LRRfast

50 0.1299 0.1320 0.1948 0.2999 0.2611

Anchor 40 K 100 0.1165 0.1334 0.2296 0.2396 0.1477
200 0.1606 0.1945 0.2732 0.2301 0.1610
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Anchor 40 K 300 0.1860 0.2226 0.3074 0.2378 0.2765
50 0.1426 0.1512 0.1959 0.3361 0.2504
100 0.1160 0.1231 0.2269 0.2538 0.1484

Fandisk 77 K
200 0.1197 0.1346 0.2691 0.2381 0.1353
300 0.1323 0.1540 0.2981 0.2371 0.1888
50 0.1579 0.1685 0.1517 0.5723 0.2830
100 0.2010 0.2147 0.1872 0.5302 0.2569

Octopus 52 K
200 0.2653 0.2722 0.2613 0.5011 0.3380
300 0.3375 0.3499 0.3203 0.4322 0.4132
50 0.2328 0.2340 0.2443 0.4213 0.3110
100 0.2252 0.2273 0.2682 0.3371 0.2532

Sharpsphere 41 K

- 200 0.2520 0.2628 0.3300 0.3311 0.2810
300 0.2917 0.3006 0.3951 0.3631 0.2853
MIE 0.1917 0.2047 0.2596 0.3476 0.2494

Table 2. Comparison of the mean values of RMS 7 under four noise scale models for different algorithms at four neigh-
borhood scales (bold font indicates the optimal value)

2. MRS RE THAREAANMZERERET RMS - PHELCRERRTHME)

A AR Ours PCV PCA RNE LRRfast
50 0.3889 0.3855 0.7132 0.9690 0.5218
100 0.2728 0.2977 0.8583 0.6148 0.3499
Anchor 40 K
200 0.3412 0.3925 1.0222 0.5645 0.4436
300 0.3912 0.4427 1.1249 0.5689 0.5276
50 0.4268 0.4228 0.6324 1.0080 0.5150
100 0.2288 0.2206 0.7364 0.4645 0.2496
Fandisk 77 K
200 0.1940 0.2013 0.8668 0.3722 0.2048
300 0.2205 0.2384 0.9505 0.3553 0.2659
50 0.5643 0.575 0.5413 1.3088 0.6076
100 0.5969 0.6255 0.6071 1.2627 0.6340
Octopus_52 K
200 0.6759 0.7048 0.7399 1.2111 0.7276
300 0.7750 0.8099 0.8414 1.1357 0.8379
50 0.6825 0.6835 0.7183 1.1272 0.7365
100 0.5712 0.5737 0.7803 0.8650 0.6050
Sharpsphere 41 K
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Figure 4. The RMSand RMS t of each algorithm under different neighborhoods
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Figure 5. The angular error of this algorithm at each point compared with the PCV algorithm
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