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Abstract: Objective Point cloud classification has emerged as a fundamental pillar in 3D computer vision, primarily
driven by the rapid proliferation of LiDAR sensors and depth-sensing technologies in autonomous systems, industrial
inspection, and robotic perception. Unlike structured 2D images, 3D point clouds are characterized by inherent irregular-
ity, sparsity, and a lack of canonical ordering, which poses significant challenges for high-precision recognition. While
recent convolution-based and MLP-based networks have achieved considerable progress, they often struggle to capture fine-
grained local geometric structures and establish comprehensive global topological dependencies simultaneously. Many
existing models suffer from limited feature representation capabilities when dealing with complex object geometries or noisy
environments, often failing to maintain scale adaptability and robust discriminative power. This study aims to address these

critical deficiencies by proposing a novel multi-granularity classification network that synergizes spatial-domain geometric
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features with frequency-domain decoupled information. The primary objective is to enhance the model’s ability to model
local structures and refine feature fusionmechanisms, thereby achieving superior classification performance and structural
robustness in 3D shape recognition tasks. Method In this study, a sophisticated multi-branch fusion architecture is devel-
oped to perform multi-granularity feature extraction and integration across different domains. The technical scheme is orga=-
nized into several complementary modules designed to perceive point clouds from both spatial and spectral perspectives.
The spatial domain processing is bifurcated into a point feature branch and a global geometric branch. The point feature
branch utilizes Multi-Layer Perceptrons to extract robust, fine-grained geometric representations directly from the raw point
coordinates, ensuring the preservation of fundamental shape information. Simultaneously, the global geometric branch
employs an improved edge convolution algorithm. Unlike traditional static graph convolutions, this branch utilizes an incre-
mental neighbor sequence, specifically a k-sequence, to realize multi-scale aggregation of the global topology. This mecha-
nism allows the network to perceive structural evolution ranging from micro-level local neighborhoods to macro-level global
contours, significantly improving the receptive field of the model. To further emphasize critical geometric characteristics, a
channel attention mechanism is incorporated to adaptively enhance significant geometric responses while suppressing redun-
dant noise. In parallel, a local spectral feature extractor is designed for frequency-domain analysis. It decouples the fea-
tures into low-frequency, high-frequency, and spectral difference information, effectively capturing various levels of struc-
tural variations and geometric skeletons that are often ignored by spatial-only operations. To facilitate long-range feature
interaction within local regions without excessive computational overhead, a selective state space model, specifically the
Mamba architecture, is integrated into the spectral branch. Finally, the network integrates a spatial transformation regular-
ization strategy via T-Nel 1o ensure rotation invariance, a dual-path pooling mechanism combining maximum and average
pooling to retain representative features, and multiple classifiers to achieve the final robust classification. Result The per-
formance of the proposed multi-granularity network is rigorously evaluated on two mainstream benchmark datasets, namely
ModelNet40 and ScanObjectNN. ModelNet40 consists of 12,311 synthetic CAD models across 40 categories, providing an
ideal environment for testing geometric learning. In contrast, ScanObjectNN provides a more challenging testbed with 15,
000 real-world scanned objects containing significant background noise and occlusions. The quantitative evaluation focuses
on two key metrics which are Overall Accuracy and mean Accuracy. Experimental results show that the proposed method
achieves an Overall Accuracy of 93. 0% and a mean Accuracy of 90. 7% on the ModelNet40 dataset. On the more challeng-
ing ScanObjectNN dataset, the model yields an Overall Accuracy of 82. 4% and a mean Accuracy of 79. 8%. On the Shap-
eNet Part dataset, the average instance intersection-over-union (loU) and class intersection-over-union (IoU) ratios
reached 85.94% and 83. 32%. Comparative experiments demonstrate the clear superiority of this approach over several
state-of-the-art models. Compared with existing mainstream methods, the classification accuracy is improved by an average
of approximately 1% on ModelNet40 and 3% on ScanObjectNN. On the ShapeNet Part dataset, our approach outperforms
state-of-the-art methods by about 0. 8% in instance mloU and 0. 7% in class mloU. . Specifically, the integration of spec-
tral decoupling and the selective state space model significantly enhances the model’s discriminative power and scale adapt-
ability. The experimental data confirms that the synergy of spatial-domain multi-scale features and frequency-domain
decoupled information provides superior robustness against geometric deformations and real-world sensor noise, effectively
reducing the performance gap between synthetic and real-world data. Conclusion The experimental results demonstrate that
the model consistently outperforms several state-of-the-art approaches, and the proposed multi-branch fusion algorithm sig-
nificantly improves the overall feature representation capability. This research offers a 3D object recognition, demonstrat-
ing that multi-granularity analysis can effectively compensate for the information loss inherent in single-domain operations.
The application of this research is highly significant for fields requiring high-precision 3D perception. Future work will
focus on further optimizing the model structure to maintain its lightweight characteristics while exploring the potential of this
multi-granularity strategy in large-scale scene segmentation and other complex 3D vision tasks. By continuously refining
the selective state space mechanism and spectral decoupling filters, we aim to develop a more generalized and efficient
framework for 3D understanding that can adapt to‘increasingly complex sensing environments.

Key words: Point cloud classification; spatial domain; frequency domain; edge convolution model; selective state space

model

© h[E KR KL AR



KRB, RS
AT EEES BB SNERERR RN E

0 35l

T

BEAE = YE AL B OR R P R, =48 55 =8
AbPRAE A 22 3 (EIE 54 ,2025) =48 H R g
(Daif Fl Marzouk , 2025) M HEFUBLIE (Pan 45, 2025) 4
FVE QIS 30 32 0, 33068 R 2 A SR AR 1 ) )
KRS SR T ROk R, WA A s
& P £ AT T I 5 2 8 T LART AR 4 A AR PR AL BN 2 J)
PR BURRAE 1 5 B IR BB ) AT IR, DL K4 Jry 5 4 A
RT3 5 e BE R (M) A, PRI, 4 7 — b e 1
a5 JUART 0 S 72 45 A Jey o0 1 o AL 2% 5 71 Ak
FRIEE T 1 5 25 20 R HELRE X T4 T+ 4 26 1 40 31 e
T 5 G EA EEIIe S T E

L 5 B S0 RS R AR T AR IBURAIE S
Plass BTG . IR R U E i =)
JUARTJg P , - FL TR B A (9 T SCRRZ 04T JCHK , i i
KSR AY 2 o] Horp  BEHLARAR (P I 45, 2021) 5
TREE AL OB/ S, 2019) SR B vL O R B )
2o ITAER IR e R B RS b e R
FCH . A TAREUR eI FR A L g g A , IR
J& 5 ] BORRE UG T 75 B b B IH 9 4Rk 53
28, AN B R ST LR A 2 i
EWRHETE T B H A QAR A (2017a) 42 Hi 1Y
PointNet, 2y L H2 4k BR UG GORCG B5E 1 kAt 38 i
FUAATT SRS 722 488 D0 288 SR fifp R 1 2 ) 4 A P8 P )
Qi %5 A (2017b) 48 Hi 8 PointNet++, il i /3 J2 Rkt 5
JR AR SR 1 5 2, S RO B R 2 i Y R
it 5 ETSOCHR . B, R R R B A e 16
PR TN AN E  FIBBE ) BB 1 JRy SRR SR G T
Qian 55 A (2022) # i PointNeXt J7 1, 7£ PointNet++
HE SR LAl X RAE AR SR B00] 43 0 DL 2 R
BRGSO ABTE S = o3 AW g AR O, X
JRy B 2019 Y 2 T RE I ATE AR A2 FR . Wang 55 A (2019)
# 1 #) DGCNN (dynamic graph convolutional neural
network ) 18 1 F4 £ 5l 25 81 AR, A ROt B 1 R AR
RBIUAT R, BE T T /2K MERE . B )RER
FRIER G5 2 N AR g o 140 5Pk Re B
T X A 5 A 2 S % LA 25 ), 41759 SR AE RE 147
Tt

ER=WILiIN i FRURG S X ¥ SN NS Bra VA 5ri &}
R AL TR BEURE | © RO D0 AR LA 5 g

(1 EEZEHEME . Guo 55 A (2021) 3 5t 51 A B it
Wi 7 IR 255 0 — b R B e BRI (R B, 5
¥l 8 3 & S HLHE Y Transformer (Zhao 25 ,2021)
T AR LG 25 2 AR B AN AR 2R 32
M AMES o WufE A (2024) 42 H B9 Point Trans-
former V3 i i f] Ak VB2 0 AEH R P 91 A 408 e
PR ACURS B KNN R, B2 5T i s B AR
ATyt e Ah, Zhang 55 N (2025) $2 Y S =
Mamba (Point Cloud Mamba ) £ ] F £z 378 5 R A 5 K
VT4 (K-Nearest Neighbors, KNN) 8528l 5 25 434H
Feo Ak (280 1 SRt J LT AR A 69 S o P, X 2L 56 03
A 0 =4S (8] S BE . Wang %5 A (2018) il 1
fill G iR IE 2% 2 5 RSP, I3 S0 2 ] Js Y
O e IR IR oAy 22 S AR A3 1L O3, S BUARAE S M 1
REHESER B BB AT A . BEX 3D [ A%
s, Li 58 A (2022) #2 B9 Laplacian Mesh Trans-
former I 373 47 307 1% 20 fff 1 SR FR D 2540, T4 5
XUHE 1 5 I HLRA AR AR BE JLATTRAAE
FIRTAEREE 2 ) p 2RAR R LABE TR R AR
J iR S B 2R M2 Sy L Hh kT 2K (Wang
%,2019) 51K % (Klokov fl Lempitsky, 2017) f) 532
T N s ) E R B AR S AR e, b 1 N s
R BB . I AR RE T HENRER R =
H R IURFIE AR B H AR DT 2, i AR AR AR B 8 8
Mo BEAD, BT XS 23 (TR AR AN 42 R e o Pk A
Bl e i 0R 5 24 P A e O 1) AT, A SO T — o
TR RS R AR SR G R PR IR A 2 TR AR AL Fil 5 17
KM%, M2 =00 30 KUFFIE
43 SR FH TR0 17 re 280 1) 445 ) i BB A 4 200 R B L ART
TiE 5 42 JRy JUART 3 3CHE T et i 2 45 1L (edge convolu-
tion, EdgeConv ) 14 & 8J] 2% KNN, 5Z Bl i = 4 /i # 4h
R F 5 23 [A) G540 1 )23 AR A 5 Jmy B0 4 S i AR
CIBUBER IR ey SR BRI R 3 Y N E! N R o
T 22 S 30 T S B R TR S IS 2% A0 L LR
PR IUATRAE B 22 ROEE R . = A~ 93 353 B s 9m)
PR JUART 42 Ry # NS R RS SRR AR = A4 B B A b
BIURRAE B W2 R JUAT IR AR R

1 BHBE5FE

1.1 BRZEHIET
IR SCHR Y —Fh A T as (A e AT 42 AE 5 4 da e

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

(9 22 80P 1 = o3 JE M 4 FLRE R 2R A AN 18T 1 s
T B A SR A R s R , T LA
e ] 2806 I 23 (] A B A7 X0 57, 9 s AR Y X e e |
PR A AL AL R LA . PRI SR 53 52
S HERI LT R, D J5 22w B 2 7m o7 2] 1R Bt i
AL AR JUAAT 73 3BT RO ) 3 G5 4 RS Ay 2t
B KNN &, I e 2 R e & rh B AR = i 2R
N AR A3 45, [RlE g AT B 7 P,
50 B LA R AR R o SR #8320 S A AR | e ot
T 22 5% =173 SR, o0 o AR Jm - i A 3
JUART 2075 A8 P L R 563 I 8 S ) B 2 o
I B 22 J2 R A5 28 R BE R A T e 1) A, AT 52 B
Xt R ER A R IR G s A . = SR 2 R
JERFIE L f R AL 557 Bt AL A XU 2R & SR AT
JR4i, AR 2R B EE ST E R RE,
K T AT SR A 30 A P2 PR I i A A 4 0 26
SGE I o A TESS A LT A ) B3 o
M5 22 ROBE Rl & Z AR CEL A, S T 7 R 45 2 e
TR RN B8 SR AR IERIA BE ) 50 F5 10

IrRAERE .

R AL

i (256,N) \
B AR S 2
S N 3N N\ st | (1280N) \—‘A
| , !
' Aerrs  C2N (25501 \—L
AkE  UTRRAS 5 \JA
L _mpiett | 54 KA I
\ 6120) Lt i
B K A

K1 Mgy

Fig. 1  Network Structure

1.2 EFSERMNBHSEESX

FURFAE 0 STAR D9 B B BE Al e A B O ke, 32
BT ES =4k 5 b ARG U i SCRFAE
4 JRy JUART 43 S ey #0323 S HR AR 2 B IR = R
fiEe T R 8HE A KRR, B b P 2
JZBHIHL (Multi-Layer Perceptron, MLP) BE %A R
TEARRAE X 5 A HE ) AN S [ I 38 5 2 1P ke 2 3
IRFIKAES]

BN S = AR X Rk

X={xeR|i=12N} (1)

o, X O A S B x5 A S = YR AR bR
e, N O i

TG, T — 208 2 M M S R 2 RO B
RO A A S AT b, 45 B PRI RS U, TR

Wk

U=o(W X +b") (2)
K, U R IE R, W R0 43 51 R 55— 2 1)
AR e A i 5 o) i, o (+) S 78 0 2R BT RRVR, T2
T8 S A AR 5 AR L S PR IR LTARRIE .

B RFAE U 38 0 55 )2 500 s WS A T e A 1

JSRRIE P TR

P=c(WPU + b?) (3)
Ao, PO R SRR AR, WO R 6 43 R AR
J2 B R B 5 ) i %)= A R A e A
BURYER LT RRAE , 45 i 3 A8 Ak V35 B2 43 A S Jmy R4
1) 25 5 55, SR 22 53 S I 4% 4 AR TEORS A A9 IS 2 1 L
TR,

G BURHE PRAR R T R A S5 1 4 )R
FRAE ) 2, AR SCR AR SR G R m , B4 Jmy e Rt Ak
54 Jmy P2 Al il 5 FU I PERRAE , S s R AR Y R
REJT o Hext JR R A4 AR B P kAT 4 Ry A R
b, AR S 2= v e EL 3 B4 SR B AR AT S o e G 5
SHRELLIIVEE Y N LY g = B W

pi = max {p} (4)

XA, py MR RMAL S BRFIE ) &, p, RS P
HER A AR ] 1

IRJe AT 2R A A, LU M =ik
AR ik e SR A T ELARUE 19 bR SCRAERS
By

1 N
pZ:N;Pi (5)

S, 4T AR B

B2 14 p, B p (R R4 B 107D 55, M
e AR 11 i oy RN

v =[p]p.] (6)

Rt 0, IR 02 R AR 1

SR A2 S AT SR R 3 R R B R
PESRAG BB R 5 . HIRE T4 R ISR B 5 1%y
SR AR LTSS 1 5 5 BB 417
S R AR HR A 04 P16 25 T B
LR MR LT o 162 4 ST A S i
FEE 4 2 o 5 e R AR R — O R
T I 4 X4 R LT R 45 A R
9.

¢_l

ad
(aYay

© h[E KR KL AR



KRB, RS
AT EEES BB SNERERR RN E

1.3 ETHHERNER/ILARHESTX
42 Jry JUAATRRAE 3 S 5 T SOk 9 300 2 A5 FRABE Uy
A R AU ) R S s i A
JFb R G A M A EAE . 12003 3 UL i X G i Jm)
TS ATl 1] A A X TLART 28 S, Ry B AR i AL G £t F 4 4y
AT fE
X HREZS [ P AT B S f, € R, Je AR BRI
P R AL A SR I AR A AT T g5 S, B
AR S LN BT e, TR
ey =[] s - £)] 7)
T, e, ERRHAE [ A, f, FLf, 2050 8 s g FAR
B BYRFIE ) B o SRR e 30 L RS HC s A%
FRIE 5 S8 SO X LA ) 2, ] 20 G B 4 Je o7 #5456
5 RER U454 25 5
W NG E e, 30 18 2 S 4000 2 55 MLP #E47
AL ME G, AT ASH 5 A R b, 38 3 R R
TR A B S A RRAE , DASR BRUAR ol v B 0 2 i 454
R SR g, TR
8 = rg%gX{h,-j} (8)

Kb, g 2 G AR RIE R G s 4 s iR
)5, by 7SS B G RHE ), S, SR H AR 0
WARTIES.

B o ] 3 08 R M LA SHe ot g B 4 1 5 4 R i
S IR) R, A SCHE 4 Jay JUART AR AIE 3 S v R s 15 1Y)
I ARET B, A 2 A 2R B . R 2
I 28 DL/ INRLFE SR A I, TR )2 I 28 LA ROk
FERAR A JRih S 3K s ) el %) 22 7 B 5 0,
(SRR IR TR b 3, L [FIHR T A = FAE A 0 1
FENGAETT I R A5 G L, 2k B R AR
By B TE A DG 5 I AGE B = I HLE XA [
IR 38 8 AT A AN, 1 58 1 G HE L] 3 T )
N IMEURRE G TR

G, = GCOa (9)
A, G IR BRFERRE , G A5 AFRIERE FE , a
SR A R AR [0 &, © RonEIE4EE N E TR

i Je , 43 TE T R LG 5 0 RRAE AR G R
5 2. 275 HH ] A9 42 JR RS SR & S, 2B 42 ) L
TR ] 2 v, 4Ry JUARTRRAE 4 B0 S i )2 Ak
A KNN EIAG , SEBS = 2 R dn b a5 528 (8] 4

AT ARG R AHEC T S R 1E 43 30 S g m 3l 3=
fiE 125 3 e T a2 R U o6 R 1 R — B iR
5 JRy &R 43 M 43 32 R SSUREAE S IO B, T 5 0
MR RN G — Rk . TEL5 LAl E HESR
i, 4 J TUART R AIE 45 B S3 S Oy Jay 3 3 Sl e i 42 11 285
Fafl b S, S S R TR R G A 2 T LA i S
&R IRHIRE T -
1.4 ETFEBEERETEERHNBEILE S

Jry BB i 43 S A A i 2 R = AN IR AT
F I T 52 PR B TUAR R 8 22 RO A < AR A0
TRV L AnT e, e 00 3 A SR M 7S UK A
ARAY, , i 2 S G T B A S A TS 2 R
254 Mamba ZE44 SCBLAY S 51 AL BRAIL S , 1253 3= 4K
AR BRI G R, R T RS R S
RSN pARSE -y i i

WA S =B X, K NS E. '
J6 0 5 Bl XN R AL 8 1 2= T 2
WAL E S B0 5 R E R AT A 38 N A, A2 R
5 AR AE RN X, X — PR A TR B AR 5 A
TE SR oyt L FRoRie s AR

X, =XOo(W,X +B,) (10)

Ao, X, A IE TS BRI A S s, W
1B, AT 2 3 (AR I e R

X R I A R 5 ) 3R B kAN AR
MRS BEFIRARSE, RATIATHR I K R A R
SF — 6 R AR E 1, 388 2o 3R 418 98 R A 1 7 24 4
I 23t MLP WS, A0 Jm 30 S 4% 1 | A ) 3
NEREE IR a =Wy B

L=y Sx) (1)

U, 1 ARBIURFAIE [ B, | ARSI 70 32 19 22 J2 AN
PLEREL b A AR B, x, R IR s X 2 A
RLIRFIE ]

55 B R R R ¢, 38 2 TR G SRR IE
AR R FR 22 JF LML R SRR, 2 Ry
NNV ER Y SN i £ Y (2 e A

q: = o, ( max {xlti - xls,.}) (12)

K, g R RFIR ), @, D iR L0 S 22 J2 S A
BLEREL ,x, IR i P A AR E [

B = B O 22 SRR AIE r, JE T A T (Y BE S N
PR EL X 408 a5k 22 FEAT ISR A, LUBELURS 2 )

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

JRy R TSR e, Al B T B AR I
B Ry

zwi/’(xl,i_xu)) (13)

Ao, il 2 AR L, o, HIE 22 R )R
JEHHL PRI, w, N T U B B 24 > A b it

SERARAE L q AN e AR GE LR DR AR
Mamba 538 155 8505 51 G AL, % SCHEF JLA] i 25 % Df
e Ja AR E AT HE Y o XA o0 sS40 05, 4K
P H 5 v s RRECEE B P HES ) . )7 94k 7 0
R T ey AR 0 25 () #E 4  , A Mamba i 7%
R IL LR SCRIE T AR . H RS S
s A B JC P M A SCHE Mamba 781 24522 )5 >R
4 Rt KAk 5 2/ PR AL A TR IE R G o i)
Tt 15 23 A B R X R bR B | 1) I AR B A 6 R
PRBICRFPE | B 75 BE A% DA Mamba 352 0945 7 -1 18]
it Atly HH Y G OG 1) 42 R AR AIE o 4838 18 VR B B 0
Joi A B L) SR D A R o KRR AE 0 P e X
K FH 4 ey STt Ak SR 5 R AR SR 2B R R T AR AR
] 0,0

Jri iR 43 S it =0 IOIRATAR B XA
PG LA, ) Ao 3 o 1 e 25 43 L A 1R TR
BIEE I 25 505 B o IS T REKE AS R 1 LA
FRAE ARG B it o 2 A P AR AIE TR 2y , (AR 76 A
THE b LA 0 45 4 A AR R
1.5 IEN{ 545 FiER

TE =03 3 S8 BURRAE SR U AR 4338 2o FEAE
Fill A5 TR B SRRAE | 42 Ry JLAAT 5 SR i oy S i
{119 o933 51 i 101 e SO T i ) Nl Il < e [ e 4
ZEAENAE 5 B 25 BEHLZ 3% (Dropout) AL , A % H2 T+
BREFRUNT 5 2 W 75 ) B 572 Ak RE T .

50, AR RDEARRERAE 7] i v, 22 R JLAERAE
v, JRITR I RRAE 1] b0, HEATDF4E 40 5 Akl & R AE
v, THEH

r,=¢;

1J=[111”112||1J3] (14)
A, v RS REE 1)
PR Rl A R 0 35 A =2 20 122 M L) 43
e AT TN . AE IR B b, IR AR A A bR
RS- R AR 38 U A D 0 2 E A ek B, LA A
TR 75 s 25 e
B RN iy A 2 2 B AR AN AP S A

M AR F T-Net 25 [8] 28 46 ) 4% 5 5l 25 Drop-
out HL ] 14 XL IE DU £k 5 W o T-Neet i 123 T 3%3 {5 5
R4 [ T 52 A = A TR 5, AR X SR s X =
TX. JORRE LT A5 H Y B & Jm A, 51 A IEASZIRE
A, A -
L=/ TT"~1//; (15)
X, L, W IE S AR AR 2K | T 2k 25 8] 728 46 ) 45
T 1 33 75 S AR B A [, T THYSG & 18 3x3
BEAEFE |- ||, 7R Frobenius {04, 1% 29 B 4 T3
WIEAE 7228 [0 FF b e v DR T LA RS
SINGRA 2R 78 SO 3 245 2R 5 I AR AR 2K 14 n
BRI, 830
L=L, +al, (16)
Lo, LA BGRB8, o 2 T P4
SYEAR FNE WAL 2 (B S48, L, A E A 2%
B —Fh IE AR 5 W2 B2 Dropout HL , iZ AL
I T3Sk i A e 42 )2, St 43 B B Dropout 41
B YNGR IBR AT 0.3 LIl it 4005, AR A8
W B 5 BEAR 2 0. 1, 75 PR35 6 1k 1) [] ] 42 T e 8
TE NS T NS
AHR 5338 52 T-Net (1 1E A Y SR e LA AR ASE
2553075 Dropout 1953 By BE R WS AL AR R 72 fLfiE
T-Net [ 24 5 AL 1 2 457 JU A S5 A0 B2 & )8 M L 2h 35
Dropout 7 VI ZRH) A Mk 005 5 W0 AL Wiesde, 1
ST PR S R . 20 SCRHIE R 1 43 253k
ARARTE K = RS B ST E M

2 ZWERSH

2.1 HBESTMIEIR
52 55 K H ModelNet40 . ScanObjectNN FI Shap-
eNetPart =P/ B IEA SR L, #873 Model-
Net40 , ScanObjectNN Fll ShapeNetPart 5, z= Z 4 41 4]
2.3 FIE 4 778 . ModelNet40 Zd 441 5 40 Fh
&, 312311 A~ 1 B HLET B 3% 3T (computer-aided
design, CAD )7 Hor 9843 4 R Il 4R 4E | 2468 4
YE RIS . ScanObjectNN J& /7 BL AL 37 5 Hh ok 4R
(1 K ALECHE 4 414 24 15000 4~ CAD 2R, i 55 15
TP A, AR 2K 2 T ModelNet40, fH ScanOb-
jectNN Eedfa £ BAT 5 57t 52 2% BB sk e S AR I 45
S, R LBk . ShapeNetPart B4 4E & 05 &

© v [ [ 5 B S AT



I=N=]
HHEH

KRR, =
AT EEMES T RBHNSNERERL R

BRI FAT 55 vh B i I e 2 — 2B R
16881 4~ = 4EAE AL 7 35 16 AW IR, AR B
T AR 2 2 6 R, Hat S0 IFAR 4, Hoh
YIFEAL T 12137 MAAY, M 15 2874 A A5EAL
FE R ] Python £ PyTorch 23K, 3-7E CUDA12:8 |
N 25 . RSB0 B AR RN 16, 22 2 %
0. 0005, #5300 % . PLfb 2%k H] Adam, %1% & fig
i E LRIE RS WS BIA ] o AR A v 1 e IO

P2 34 ModelNetd0 15 2 ¥4
Fig. 2 Partial ModelNet40 point cloud data

X AONT By

AL

3 #B43 ScanObjectNN i = K ¥
Fig. 3 Partial ScanObjectNN point cloud data

K4 Fh ShapeNetPart B
Fig. 4  Partial ShapeNetPart point cloud data

R SCHE ModelNet40 Fll ScanObjectNN % fg 45 |-
K X UHERR 2 (mean accuracy , mAce) FEARAER
2 (overall accuracy, OA) A 7 FAF M6 br . BA

YHE ) 3 A A B T i A I G A ) A S 2R AE
RS S OMITE SR Ry S SV N VR S S
FP . FE ShapeNet Part #iF 43 AT 55 b, R Y
22 I b (mean intersection over union , mloU)/ERNTEHT
Fe b5, HAR AL 5 524 F- 3 38 I He (instance mloU, I-
mloU) 5 2 5| - 24 52 JF LE (class mloU, C-mloU) . I-
mloU i F AL R AR B A L B4 2 38 0 23 2 i
#, C-mloU fif e A58 AU X6 AN ] 5 4 28 Y ) & 1A 7y 26
AEJI .
2.2 HEER
2.2.1 ARIOOTESFERITETLEIRR L

AR SCHRE Y A 7328 W 2 55 13 B LA A7 Mod -
elNet40 , ScanObjectNN Fil ShapeNet Part £ 45 4 [ )
FRATRUNAE 1 2 K3 Frm,

#&1 ModelNetd0 ZIEES K ERITLE

Table 1 Comparison of classification results on the Model-

Net40 dataset
A mAcc/% OAI%
PointNet(Qi 4% ,2017a) 86.07 89.13
PointNet++(Qi 55 ,2017b) 87.65 90.54
GVCNN(Feng %,2018) 80.23 91.16
PointCNN(Li %%,2018) 88.31 91.53
KPConv(Thomas %5,2019) 89.62 91.37
DGCNN(Wang % ,2019) 89.63 92.07
LDGCNN(Zhang %,2019) 90.25 92.34
PointASNL( Yan %§,2020) 89.92 92.49
Point Transformer(Engel ZE 2021) 90.52 92.71
GAPointNet(Chen %5,2021) 90.27 92.93
MLMST(Zhong #l Han,2022) 89.53 92.67

3DTCN(Single—scale) (Lu%§,2022) 89.72 92.81

PointNeXt-S(Qian %5 ,2022) 90.76 - 92.91
Point—-GBLS(Zhang %, 2025) 90.03 92.63
ARSCHERY 90.70 92.99

T AL AR B9 LA R

£ ModelNet40 08 4E I, ABLAVERAS T 92. 99%
1) OA, & 25 O F Jr X He 9 13 Fob i £ 5 780 | 4 45
MLMST (multi-level multi-scale transformer)  Point
Transformer | PointNeXt-S % S5 #F 42 #4) . 7 ScanOb-
jectNN H S5 s B 4L [, AR AL OA Fll mAce 43
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%2 ScanobjectNN ##E&E 57 LR 3Ttk

Table 2 Comparison of classification results for the

%3 ShapeNet Part H{#EE 5L R3TEE

Table 3 Comparison of classification results on the Shap-

ScanobjectNN dataset eNet Part dataset
AT mAcc/% OA/% . I- C-
PointNet(Qi 25 ,2017a) 6341 6825 mlokPRmloU/%
PointNet++(Qi %5, 2017h) 76.04 78.42 PointNet(Qi %, 2017a) 8371 80.44
GVCNN(Feng %,2018) 2479 7832 PointNet++(Qi % ,2017b) 85.19  81.96
PointCNN(Li %, 2018) 7536  78.92 GVCNN(Feng 3, 2018) 8525 80.36
KPConv(Thomas % ,2019) 7732 7826 PointCNN(Li %, 2018) 8516 83.27
DGCNN(Wang % 2015} 1397 7964 KPConv(Thomas % ,2019) 8542 8373
LDGCNN(Zhang % ,2019) 7454 79.34 DGCNN(Weing %+ 2019) 8567 83.92
PointASNL(Yan % ,2020) 76.27 79.92 LDGCNN(Zhang 35, 2019) 8518 83.37
Point Transformer(Engel 4 ,2021) 7771 81.63 PointASNL(Yan %, 2020) 8344 83.56
GAPointNet( Chen % .2021) 7628 8082 Point Transformer( Engel %5 ,2021) 8622 8378
MLMST(Zhong il Han , 2022) 77.12 80.29 GAPointNet(Chen %7,2021) 83.79  80.43
MLMST(Zhong 1 Han,2022) 85.10 82.99

3DTCN(Single-scale) (Lu%#,2022) 76.27 80.21

PointNeXt-S(Qian % , 2022) 79.23  81.02
Point-GBLS(Zhang &5 ,2025) 76.23  80.19
ZRSCHERY 79.84 82.35

T LA RS B2 2R

HIIEF] 82. 35% 1 79. 84%, [FJREAL T Xf LUALAL . 7E
ShapeNet Part £ 4 I, 248 SCEC A Y T-mloU ik |
85.94%, C-mloU #y 83.32%, JR I T PointNet , Point-
Net++55 B0k OfF 5 RIRAIEF

5 PointNet , PointNet++ 55 5. ] MLP 48 #4 ,
GVCNN (group-view convolutional neural network ) 4§
LG Z ST IRAR L, A P 4638 5 5 LA A 3 6 ) &8
JUfT e ik i BOASE Bl 5 5 285 11 T R 0 ALt AR
MERHEE ModelNet40 b5 BE T 8T iR I, 76 52 2% 1)
H 9.5 ScanObjectNN I 5 ' B T 5% K A972 fLAE
71, A B AN T AL 5 MLP 55876 35 55 T4 Gl P &
o BN AE T R 1 BE R AR . AH AT
PointCNN (point convolutional neural network) .
KPConv (kernel point convolution) . PointNeXt-S &
3DTCN (3d temporal convolutional network ) 45 %t F %
FRIRAE AR A SCHE R R S 8O T S R RIS, 528 T
X Jed B 4 R 240 19 5 4 S o SCAR SN A B R] AEAE Be fl
I R 2 S B R IO BT, 7 B B
LT RE H R R EREEE T . AT T DGONN
LDGCNN (linked dynamic graph convolutional neural

3DTCN(Single—scale) (Lu%,2022) 8529  82.38

PointNeXt-S(Qian %5 ,2022) 85.70 83.23
Point-GBLS(Zhang 2% ,2025) 8541 83.73
ARSCARY 85.94  83.32

TE L AN BB R A4 2R

network ) 55 & 1 25 [ 28 AR AR SCHE DR B Hah &
FIVEN AL S hl 1, W 5] A U — B R S
O3 SRR ZE AR SR 7 S5 T MR RS S R IE R 5
M, JUHAE ScanObjectNN R ILZEH . IZEA TERE
K, 1E ModelNet40 X045 4 |, A SCE ALY OA F
mAce Ml H T 6] E AR AL B S S 4 SR T T 2
1. 05% F1 1. 95%; 7E ScanObjectNN 3035 45 |, 73 5|42
THT 293, 41% F1 4. 56%; 7E ShapeNet Part £(H54E |-,
AR SCAR R Y T-mIoU 1 C-mlIoU AH FE X FE 55 5057 B 1
I3 HEETE T 0. 76% H10. 67%., A SRR R 228
Febr B F X AR FEAMARE T % i
ARG AT S5 L iE

TE ModelNet40 ,ScanObjectNN F1 ShapeNetPart —
BRI UEA SCRR I 2Rt 7 il 5 E 6 5K 7
JiR o

A 2H S5 R N it 2k an 1 5 (a) L 6 () FTEL 7
(a) 7, SEBG 25 3 7, 40125 R B0 78 U T T
W B 5 TR, R UIBL R e 98 m B 8. Il %k
£ Modelnet40 , ScanObjectNN Ml i £E OA Fl mAcc )
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(b)  HEHHHRAAL
((a) changes in loss function (b) changes in accuracy)

5 ModelNetd0 B 2461 5% pR AL IR F AR AL

Fig.5 Loss function and accuracy variations on the Model-

Net40 dataset

A aBEanE 5(b) (K 6(b) s, ShapeNet Part i
4 T-mIoU F C-mIoU &1 & 7(b) i 75 . ModelNet40 52
¥ B9 B B OA 4 92.99%, mAcce A 90. 70%,
ScanObjectNN S 46 HUfH £z =5 OA 24 82. 35% , mAcc
79. 84%. ML HER R AT UL, OA I 4w 5 T
mAcc, (H2 /N, OA 5 mAce 76 W SUG 1% 3h 8 &
AR, BooaB R B A Rz et S RetE.
ScanObjectNN %545 £ EAfA 32 Sh K, T g i T3
IR 0 52 e MR S T30, 3 OB AE AN [R) 28 1)
R RFRE o ShapeNet Part 3256 Bl 5 Il 2R 58 I
B, I-mloU 5 C-mloU ¥%a 28 T, Zad 291504
Y255 L I-mloU 35 %) 84. 5%, C-mloU 35 %) 80. 5% ; fi
ZL7E 300 58 I TS, T-mIoU ik 5] 85. 94% 2 47,
C-mloU iK% 83. 32%. AN Zrid 2 rh A H L
A HIA G, B SO R AR SR o0 AT 45 L B
R Ar kst 517 feag
2.2.2 KA REL B
FIRAIRIEA S RILEAS [R5 46 1 i 4tk

— JIGRERE
2.0
1.5
1.0 1
0.5 1
0.0 L— . : , : ,
0 50 100 150 200 250 300
YIEREIR
(a) PR EBLEAL
100
80
60 -
40
204 —— MR
—— MR
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YRR
(b)  HEBIRAAL
((a) changes in loss function (b) changes in accuracy)
E6  ScanOhjectNN U445 2K ok EUOHHE A F AR 1L
Fig. 6 Changes in loss function and accuracy for the ScanOb-

jectNN dataset

PEBE 22 5, 3 Bl X ModelNet40 . ScanObjectNN Fl
ShapeNet Part = MR AT 43 2545 R G 1H 5 AT L
LR .

Modelnet40 £ 45 5 I3 0251 5 3 S 45 Ry o
BC TR L an Pl 8 JT 7 , 4% 28031 OA Tk 4 i

SEHSTE Modelnetd0 £ 48 £ 1 13843432545 5
K8 itz , £ 2500 OA G5 SR ANk 4 B o KR 3 25
AL B GF , A guitar  bookshelf . bowl 53k F] T
100% F{7 OA , 3 WS RN Xof 336 624 51l 45 AR 58 A1 1 531 g
J1o HH cup . radio . wardrobe . xbox 25 /N AR Bl 45 4
{7 5 2 31 PR JRy At A B, 25 0 R B, OA A
75%. bathtub # 5 12 #7328 2 bed 115 &L 82 by B
9, BB RN AE IS 2800 1 X 43 b A A — 2 TR
flower_pot ] OA {24 30. 0%, 7= B Ji R 2 1% 2 TR
25, B 5P 458 5 IR

ScanObjectNN #0454 #3201 5 73 R 45 1 1)
DRSS SLUn A 9 iz , 2 2600 OA I 5 iR .
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K17  ShapeNet Part ZUHE G4 2% BB BRI T4 32 T L84k
Fig. 7 ShapeNet Part dataset loss function and mean cross-

union ratio variation

2% guitar
% guitar

2%/: bathtub
432 bed

2% radio
4r2: table

K8 ModelNet40 #4315 73 45 R A DL R AT
Fig. 8 Matching results between ModelNet40 partial data cat-

egories and classification results

SCHGAE ScanObjectNN [ #4343 28 45 S an &1 9 oy
TN BN OA S5 SR R S  SL IR 25 R R, 442
S 2E 5 3 . R HIZEIAA chair(97. 44%) |
toilet(92. 86% ) .cabinet(83. 0% )55 , ik LE s I AT AH
Xof [ 2 HY 2588 o BB box 1 cabinet A 5| BH 2 &
HEHA , 1M table A1 toilet B8 IEBA 43 ZERE A /0 IR VB 3%

&4 ModelNet40 H#EE X £ 5] 0A
Table 4 Per—class overall accuracy on the ModelNet40

dataset

el 0A/% eyl 0A/%
airplane 100.00 laptop 100.00
bathtub 94.00 mantel 96.00
bed 99.00 monitor 98.00
bench 90.00 night_stand 84.00
bookshelf 100.00 person 100.00
bottle 98.00 piano 94.00
bowl 100.00 plant 86.00
car 97.00 radio 75.00
chair 93.00 range_hood 98.00
cone 95.00 sink 90.00
cup 75.00 sofa 100.00
curtain 95.00 stairs 90.00
desk 91.86 stool 85.00
door 95.00 table 77.00
dresser 87.21 tent 95.00
flower_pot 30.00 toilet 100.00
glass_box 95.00 tv_stand 87.00
guitar 100.00 vase 93.00
keyboard 100.00 wardrobe 75.00
lamp 95.00 xbox 75.00

%5 box 2£5: chair K3 toilet

5% box 43 shelf H%: bin

519 ScanObjectNN 5 5rEHm 2 51 5 43 2545 A4 VT Be A% 5L
Fig. 9  Matching results between ScanObjectNN partial data

categories and classification results

W14, pillow Fl bag W] PRI TR AR AT 887 & T4 LA IX 43
A  BIAIAE Modelnetd0 I 1) € I 5 4, Tif 7E
ScanObjectNN i 55 EL I H 4G B v, X T AR EUE 285
2RI X AT Rt s T

ShapeNetPart £ 5 #8173 26 45 5 nl WAL 4 5]
109775 o ShapeNet Part B4 4 4% 25111 I-mIoU 401
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%5 ScanObjectNN £ #EE &7 OA
Table 6 Per class overall accuracy on the ModelNet40

dataset
25 0A/% 2 0A/%

bag 70.59% shelf 83.67%
bin 85.29% table 68.18%
box 90.48% bed 85.19%
cabinet 83.00% sofa 85.67%
chair 97.44% sink 76.54%
desk 63.33% toilet 67.92%
display 83.33% pillow 64.15%
door 92.86%

KON FE WS A SO AT AR 3 26 1 AL
HOXFE T ARSI 5 PointNet , PointNeXt-s 7 Shap-
eNet Part I i £ I PU /> 8t 4 28 5] (Laptop . Guitar
Plane . Motorbike ) 1Y & {4 43 25 45 1 . Bl h 474G ER
— AR, AR TPk (a) SR,
(b)PointNet, (¢)PointNeXt-s, (d) AR CEIHY . YA~
bl Da DO DTSk a2t ral e patal TN aE 3 S A AN
7 PO UAR] AR, AE 6% 45 4 T b S WA Y ) 73 1
EJ1.

pansiyy

Motorbike

(a)Groud Truth (b)PointNet (c¢)PointNeXt-s (d)Ours((a)
ground truth (b)PointNet (c)PointNeXt-s (d)ours)

110 ShapeNetPart 4 8 F8 432545 S v ik
Fig. 10 Visualization of part segmentation results on ShapeNet-

Part dataset

SCUGE Bn] LIE i, PointNet B9 70 25845 SRR
HLRE , FRA4 1 S , 7E Laptop [ fil 2 4 X 38, . Guitar
(55 3%  Motorbike (1 4248 4 25 55 4 /N A7 AE W]

WS84 4> o PointNeXt-s A Lkt PointNet 5 1 M
W GE e R EUX 4 E A {HTE Plane FHLEE 5
HLE 28 L Motorbike FY =410 55y A 55 JLAu] 240 15 2 44
BRI HEAL A AFTE R PR 1 R 02 AR SC
PRI 4] 73S 235 HE e 3 L SE AR « Laptop B9 B % | i
55 flb 42 Al DX IR 20 2, 1 B 5 5 Guitar (1957
B FEHUEEK A B R X o), U RS Sk
5B 3 Ab R B S 53 5 Plane (AL
W LB RN R o6 2], ML S P S Y LA 22
ST AL B 1 Motorbike 19 423 AR 458 L 448
LA H/NER AR B IE B U G B A
WASH) THAFI R EIR PTIALES R E T A3
R X AH0RLE JLART 45 ¥ 1 SRS RE )

% 6 ShapeNet Part £{#E £ & 251 4> 28 I-mloU
Table 6 Per—class classification I-mIoU on the ShapeNet

Part dataset
el I-mloU/% K5 I-mloU/%
Airplane 82.05 Lamp 79.29
Bag 82.34 Laptop 94.75
Cap 68.54 Motorbike 65.22
Car 76.98 Mug 92.20
Chair 88.75 Pistol 81.51
Earphone 70.74 Rocket 57.44
Guitar 91.16 Skateboard 78.87
Knife 86.25 Table 83.27

ShapeNet Part £ 4E 45 2551 73 25 I-mloU U155 6
Frs o SEE A5 R W OR , A S R FE Laptop
(94.75%) . Mug(92.20%) . Guitar (91. 16%) 5 45 14
FLRE R PE FE MR IS TR R, U
B HA FR e LB S IR B R4 a8 155
HKHe J1 . MEEZTF , Rocket (57.44%) . Motorbike
(65.22%) . Cap (68. 54%) , Earphone (70. 74%) 452
PR AR , F2 2 I PR T X SRR AR D
PRI 25 28 S R B 2 6] AH EORG 3, 36 m 1 3
GYMERE
2.3 HESRESN

TR AR SO LU IR 7 BT o

Point-BERT. Point-MAE. Swin3D J % £
Transformer ZEA5 Y B BEAR A ) 1 22 T AL AL
MM, 5 AE 3R 35 RE ) 0, B 2 B0t JE R RO PV-

11
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Table 7 Parameter Quantities for Each Model

Ay ZHt/MB
PointNet 3.47
PointNet++ 1.48
DGCNN 1.81
PointMLP 12.95
CurveNet 4.12
Point-BERT 9.76
PointTransformer v1 12.43
Swin-3D 18.67
Transformer 21.00
PV-RCNN 25.84
A3 3.62

RCNN (point-voxel recurrent convolutional neural net-
work ) R Z RAERE G20, th THM T A5
FHE ALy 37, BHCEERIA 25. 84MB, X RHAY
e A A IR 5 A o M RATE I S e bk
i &% % . PointNet++ (1. 48MB) . DGCNN (1. 81MB)
S MU TR SE R AR R A 5 B AR A PR
PR BN B2 LTSS M O S BE A A R . AR
ORISR UN 3. 62M, 5 CurveNet S5 455 I FLAC
B, Al T 32 Transformer 2R KD 5 5 #4 @t Ak
BRI R 3 32 42 Ry JUART 43 SRRy i i 43 3 = #% 9T
Frabita , I LG5 A2 4650 a2 Bl OB
PRS0 1 U AR AE SR S MR RE T .
S R, AR SCBERLFE ModelNetd0 04 £ I OA 15
) 92.99% ., mAcc 35 5] 90. 70% , i # 45 K £ %L [F] =
By 159118 35 5853 # A Transformer 581, 52 H)
TR ST ERCRAE R
2.4 SERFERHN

i it 43 A B HL R A (t-Distributed Stochastic
Neighbor Embedding, t-SNE ) 5.1 AR = 4E R AE 4 iR
TREAEIF B B s ), S o 2R A5 TR .
ModelNet40 Fl ScanObjectNN i 42 (1) n] # 4k 45 5 Un
LT ANE 12 fr s, G v [i] — 2 ) K0 w5 g A [] 25
@, I RAIE A [F 9 R 2R , A R 21 i SR 2k 12
P 0 B2 o FEUG AT ARAL 25 SR v o ] SRR
2 A SR A IR g, LA [ 28 001) SR S e 2 T 14 1]
R BT, U 3R W R I A 34 B A SR 2 1 IX 43

fE 1. X ShapeNet Part #5470 25455, 1-SNE A £
L ot Tl e B T [ == 1 e I 6 0 oV TR
3 ST S AR Y SRy R0 8 0, VP A
R FHER R R 5 EOOUE =X (&l 10 firzs ), Rt
AR CRIEIZBAG S AT -SNE 5256

Categories

ok

(a)  }2EHT t-SNE T AL AL 45

bathtub

nnnnnn

(b)) 432E)5 1-SNE Al ti4k 45 5

(a) visualization of t-SNE before classification (b) visualization
of t-SNE after classification

11 fF ModelNet40 |t t-SNE nJ B fL45 5

Fig. 11 Visualization of t-SNE on ModelNet40

ModelNet40 Fll ScanObjectNN P~ F 545 4321l
t-SNE 7] #4545 B AN & 11 (a) 1 12 (a) TR, 432K
J& B t-SNE Al A4k 25 L an i 11 (h) A 12(h) s o
LA S 2T A B AR R RAE A 5 TR 4
L ARRIRMR IS | 730 255 W RRAE 3 A S 30 Hh AT
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(b)  4325)5 1-SNE A] ¥k 45 5

(a) visualization of t-SNE before classification (b) visualization
of t-SNE after classification
12 7£ ScanObjectNN | ] t-SNE nf #Ak4%
Fig. 12 Visualization results of t-SNE on ScanObjectNN

b F4) 2 SRS, 452 A [ B3 €8 [X 4, 2 g A A 5
KI5r2AE ST . ScanObjectNN Fdf 45 b [R] 26 i 1 28
RFRRE TR SR  TEASEH | Sz W AR SORE AR
TG TR A A2 .
2.5 EHMXR

R FRGEVTAG A SO E T X 3 $AE 5 = B
B S5 ZALHRE T, 73 S| AE ModelNet40 Fl ScanOb-
jectNN UG 1 JF R ST X MR 7R i 4 K 5% ke — o it
LRI s i & He i . ZE K B BOW i A s =
3 St A (] 56 B2 108 vy S M 7 i) DX Sl 4 K 3
SR BT, AL PR = L AL o (1) 4% JR 25 i

7T PY SR AFERR B ], B PointNet , Point-
Net++ . DGCNN & PointNeXt-S 1 4 %f 75 92 , i 1
Xif HE A B R 7E AN TR IR AR FE R B9 OA T R IR B, 43
MIARSC AR 24058 T I ERE AR FFRE ) T 22
WA, LIRS PR S50 AR TE A 53 2540l 4R Shap-
eNet Part [ 5055, i PR 7E T2 5008 45 T 6 8L
P, FLEB AR JE T e B DA N B 2 IR
A ot S 8 bR T A RO B e
2.5.1 MEARREERSLE

Ry VAL BSR4 R PE R, A SCHE ModelNet40 5
ScanObjectNN %4 & 1 A THUMEXT LS. 7EAR T
RN AN T, ) R R 25 = R RS A
(1Y = 2 AR FR 43 S 02 0 ) e ST B AIL B 2, LA
AL AR M 75 L S R FH TG f 49 1 A X 5 B SRR
2, LA 00 A0 (AR IE 25 o 1 it W 7 5 B, DA T 94 Bk
Yy RS2 I WM L R ) e . B o =
0,0.01,0.02,0.03,0.04,0. 056 M5 (0 = 0N
TCME L) X R E 1177 0-5 AU SR B0 I, a5
EATAR S B AR TP A A SR EE YO R . A3 AE A
BRI TR, S2 5645 R AN 13 AN [F) e 5 i
TR OA 2R AL BT .

TE ModelNetd0 i 42 I A9 S50 25 B 13(a)
JIe 7, A AR ) MR R X5 B o 15 DR T e, AR SRR
RUTE RS MR P ST IR AR TR . o = O B4R SO
A1 OA K 92.99%, B& A F PointNeXt-S; 24 o =.0.05
iF, 7 SCHE AL OA K 89. 17%, 43 ) ¥ Hi PointNet
PointNet++ . DGCNN Fl PointNeXt-S T 9.63%.
6. 88% 1. 54% F10. 88%. 7F 5 HHk %P ScanOb-
jectNN EHR4E I A S B0 25 SR an &1 13 (b) Fiom , AR SO
AU [A] R BB, o = 0. 05 BF OA Ny 78.34%, [t
PointNeXt-S /5 4. 45%, ¥ PointNet++ 5 8. 12%,, 2E
06 235 L 2% B AR SRR X vy BT I R LA A Y AR
P, B 7SR PR A SO A RE P R A AL
Y JUARTREAE o b A MR R 4 o 3 ok A i A 53 =2
XoF g A R 5 LA 25 R ) 4y B RE T BGRE R )
HLTIRT 32 15 YRR AE T8 (1) [ 38 P ]
2.5.2 TSRS RS

FIPPAG SR AE ) A 43 DX IR P17 O AR
SEE 71, AR SCHE ModelNet40 5 ScanObjectNN i 4545
b HEAT IR A R I AR B SR AR Y TS i
Pisg e BEALAS B A5 2= o AS [R) LG A8 ) b 23 53 a5
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(a) noise experimental results on modelnet40(b) noise experi-
mental results on scanobjectnn
BI13 AR T 2B A OA 221
Fig. 13 Overall accuracy variation of each model under differ-

ent noise intensities
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76.42%, AH #¢ PointNet . PointNet++ . DGCNN #l
PointNeXt-S 73 51| 4% 5 13, 28%. 12. 19%. 7. 67% Hl
4.27%. 1E ScanObjectNN £ 4 £ I (9 45 S Wi & 14
(b) FIi7R AR SO O A B 28 i3 T 06 LB AR o It H Y
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Fig. 14 Overall accuracy variation of each model under differ-

ent occlusion ratios
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Table 8 Ablation experimental results of the three characteristic branches

MRS ERJUTAZ RS Modelnet40 ScanObjectNN ShapeNet Part
x N 89.14 78.25 79.23
x x 89.63 77.86 80.51
N x x 89.47 77.42 79.82
N N X 91.28 79.64 83.61
N x N 91.74 80.21 83.92
x N N 91.03 80.67 82.44
N N N 92.99 82.35 85.94
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Table 9 Edge convolutional layer ablation experiment

results

Edg;;m ; 1%1&3 ModelNetd0  ScanObjectNN Shif:rlje‘
1 174 91.36 79.04 83.19.
27 219 9219 81.25 83.51
3 267 9271 81.83 84.67
4R 362 92.99 82.35 85.94
512 593 93.06 82.38 85.67

T L AR RS e LA 2R

SCIG 45 R & EdgeConv 2 1 /214 2
4)2, = AEEE L ERe R iRt . S8R H
1. 74M 4 % 3. 62M, ModelNet40 fit) OA M 91. 36% T}
% 92.99%, I 7+ 1.63%. ScanObjectNN ) OA M
79. 04% Ft % 82.35%, b F+ 3.31%. ShapeNet Part
() I-mloU M 83. 19% F+ % 85.93%, Tt 2. 74%. )2
B 52, SEE R AR 5. 93M, (B R LT AR
P42 T}, ShapeNet Part F5 475 S i T [ 0. 26% , & B i
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Table 10 Comparison of experimental results for edge

convolution with different k values.

ki/ka/ks ModelNet40  ScanObjectNN  ShapeNet Part
16/16/16 92.44 81.52 83.72
20/20/20 92.57 81.71 84.27
24/24/24 92.61 81.96 83.96
12/16/20 92.51 82.05 85.18
16/20/24 92.99 82.35 85.94
20/24/28 92.68 82.21 85.67
24/28/32 92.63 81.75 85.08

T AL AR B9 B LA SR

ScanObjectNN fiJ OA ik #] 82. 35% ., ShapeNet Part [
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Table 11 Ablation Experiment with Input Points

HIASEL FLOPS/G ModelNet40 ScanObjectNN
256 0.72 90.83 78.26
512 1.38 91.37 80.29
1024 271 92.99 82.35
2048 5.36 93.07 82.42

T L A B R A AR

S 5 , Bl B 256 1 & 1024, Model-
Net40 [ OA ]\ 90. 83% Fa L2+ 2 92. 99%, ScanOb-
jectNN M 79. 26% # F+ &5 82. 35%, B33 25 435l ik
1. 88% F12. 09%., X 322 K % 4R 1Y R A fig
S8 HE HL U8 BA W) R FR I 401 5 RS LA 54, DU A
FEAEMEFS BRRBRSh A LT, A A o Al 2 1 o
FERUT B IR AR B JENBE 7 o ARSI 28 2048 A3
i, 7E ModelNet40 42T+ 0. 08% .ScanObjectNN |-
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