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Abstract: To address the challenges of disorder, missing geometric information, and blurred boundaries in 3D point cloud semantic
segmentation , this paper proposes an algorithm that combines complementary ordered modeling with spatial perception. A complemen-
tary ordered modeling module is first constructed by integrating Z-order curves, Hilbert curves, and their mirrored variants, forming

spatially consistent and structurally complementary point cloud encoding sequences. Then,a dynamic spatial encoding mechanism is in-

troduced to adaptively adjust the encoding dimensions according to the requirements of different stages, thereby improving the efficien-
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and geometric consistency. Experiments conducted on three public datasets—S3DIS, ScanNet v2 ,and ScanObjectNN—demonstrate that
the proposed algorithm delivers high-accuracy semantic segmentation and significantly enhances spatial perception and semantic under-
standing in complex boundary regions and small object scenarios.

spatial-aware aggregation
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cy of spatial representation. Finally,,a spatial-aware aggregation module is designed to fuse spatially guided local feature propagation

with multilayer perceptron-based global context modeling , achieving efficient hybrid feature learning while enhancing spatial stability
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Framework of the proposed method
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Table 1 Semantic segmentation results of S3DIS dataset( % )

Sk OA  mAcc mloU HF  #Hf il HE O ORF O WE  BE BR AW
PointTransformer[*! 90.8 76.5 70.4 38.0 63.4 743 8.1 8.4 743 8.2 76.0  59.3
PointNeXt %" 91.0 77.2  71.1 37.7  59.3 740  83.1 91.6 77.4 77.2 78.8  60.6
StratifiedFormer! 4] 91.5 78.1 72.0 46.1 60.0 76.8 92.6 8.5 77.8 75.2 718.1  64.0
PTv2!%] 91.6 78.0 72.6 34.4 64.7 77.9 93.1 8.4 71.3 86.3 8.5 62.2
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Table 2 Semantic segmentation results of
ScanNet v2 dataset( % )
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Table 3 Classification results of ScanObjectNN dataset( % )

Fik OBJ-BG  OBJ-ONLY PB_T50_RS
PointNet + + [7] 82.3 84.3 77.9
PointNeXt!®! 92.5 91.7 87.7
pcMm! ! - - 88.4
Point Mamba %] 94.3 92.6 89.3
DeL A 92.8 92.0 90.4
DeepLA-Net!? - - 90.6
MAMBA3D!7- 92.9 92.1 91.8
AR 9.4 92.4 92.1

T AR TR, FRIRA R KA.
(R4 F bR 25, JGTT R 74 4150; OBI-BG 2 78
OBI-ONLY 3%l A BSE 4 RAGH 58 BIAAR HAZ T 4R
2. ;PB_TSO_RS W B B A& A8 A, Bl A B4 3h L 15 = s 1
A B T30, SR IWG 30 SR B FH 47 5. 25304 PB_TSO0_RS
1704k, V114 400 3,76 3 DIRAE AR BIHEAT I,
A H 7E OBI-BG F1 PB_TS0_RS /43 B BB 94. 4%
F192. 1% BB HEEE, 72 OBJ-ONLY A5 & HfE 92. 4% , %
{6 F Point Mamba''*! ] 92. 6% , 1R £ Jo 81 40 H | 5 . TG 4186
BB TR T BB E, WA s E RS S
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Fig.3 Visualization of semantic segmentation results from ScanNet v2 dataset
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Table 4 Complementary ordered modeling module ablation results

2k ANy mloU
YA 74.6
R 75.0
ZW + BB Z 74.8
AR + B AR 75.1
Z B + B8 Z B + RO + BRARNARE 75.6

BRZE IR + BEARAR ZH + BIRZ G+ &R
o + BB AR YE. F2RRU, BIMR A Z Breki A kA%
M FEIEM i B R R — R B PR BB 3T, O R TR R4

AR TR T Z M, X B IE T/ R & RE =
WA A gt TSI AR RIR S AR — 4R A,
AR B IR S = R A B e BB T AR
WA, EANE PR RN E S S R E T ER TN
M FERY.
3.5.2 R IA G AL ROKE AT

F5FH AR R SRR T RNE L AEIG R, L6 s
TR, B2 (8] 4 i 45 A 25 8] R0 b Ak 58 35 B B L 8
(75.6% ) BAE S A X 25 ) 40 5 & 354050 2 & Ak o
PRI 1. 3% . B BT AT L, MAAE X2 () g RS B B A
B RBERFATO. 7% , W5 Az MR B RKIE P %

RS w AR RS R
Table 5 Spatial encoding module ablation results

SFAIPHR mloU
A2 4T + K G 4EH AR ™ 743
AR 467 + 22T AR 74.4
AP + KTASAA IR K 2! 75.0
A A + 2R 75.6

BAMAL P W BTHR T 0. 6% R93E 25, X — L5 B AIMEM T A
SCHE S 1 Bl A5 25 ] S L RE A AR A 1R B B SR B 3 L
IR YERE | T 25 [ v A U 28 B R S R BE B X R
ARETR T X RIS R AR A
3.5.3 FRRETHILRSGA MK

F 6 5 T FHMER S EIAEA R E B E T #iE Lo

K6 FHERGHREHMLR
Table 6 Feature aggregation depths ablation results

WEME HES mloU Params
[1,1,2] 4 72.6 27.3M
[2,2,4] 8 74.1 40.7M
[4,4,8] 16 75.6 66.6M
[8,8,16] 32 75.1 90.7M

PRERSHE. TR REY, HIREREN4,4,8]11, 3
RIBERM HRERER1,1,2]1/[2,2,4]0F, BARSH
B R EWRD R TR R, TGRSR s a4
. T BRI 54 [ 8,8, 16 ] S B KA b, 3
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WL MEBEB BT, A5 A = 0. 001 ~ 0. 003 [X i) 3k B 0 4
(75.6% ) , M LLTRIE ML R AR T 2. 8% . X KRB MR HY
GERAACR B TR A S - BLR =S Wl — B R R IER
- NS/, IEWAERCR A2 T A iR (4n 0. 01 F1 1)
B, TS FRAE TR BE T, 3 B RE T e, PRI, A S0 38
# N =0.003 Y9 E DL 3R B

R7T IEWEREZHRER
Table 7 Regularization strength ablation results

TE M4k 0 le4 3e4 le3 3e3 le2 1
mloU 72.8 73.5 75.0 75.6 75.6 74.4 72.8

bR RSN R ST R 2T R UL T A SCRT R H &R
BRI R UE T 2560 JP AR A = [ A 1 R i X
SRR ST BRSO R B H B
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. RARE I AN P BRI X i AT R U 8
PR, 2R FH 3 2453 () 2 B Ll AR A ) B B R S 0 3
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SO EAER R B2 B Mt i R, A T TR X
I3 B WA BE AN SR I , R SR TE S 2 R X IR/ A4 5 1)
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Wik, 4 7 40 B - B 4F S A B B s P R B R
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