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Fig.6 Adaptive Fusion Module Structure Diagram

2.4 RandLA-AFES iE N 9 I/

W 7 R, MZRH 5 ES R GRI0- RIS 400 . NSO SRR, NEMLLEE 4. 5 ESIANEHIEMN
WA AL (AFEM), BT 3 JZ IR B8 AR RAF AL EL (NFSMD o W 2% LR 46 = B (N, d)FE AT,
Hh N RRE =R SEE, d NN S S RER YL CUPRERBRIE) . M S =SS EEM N migas, 75
Wk PR RE I [, A LE R A 8 BB R A 1024 4k AR 2% S i AR AL bR RE, IEH ) 2% 186 ik 4
e gmTiRdS Al . B, MEHFIES H MLP. 4% # )2 % Dropout 2 SEBLE SUARZE T o 2 42 AR T L 2R 455 7Y
Wy —Z %@%EXE, B TE 3G 0 0Bk B 237 5 10 2 IR AL SRR AE S 3R e

o ral 3
I Yl Ay fife i s - :
— —_ b {“
I g MLP & FC i \\ |
| z z DP O
I us
£ USs |
I, - = a g2 & (N,class)
I % LFA & NFSM™ Z MLP, ™ |
I Z z 5 ¥ s
< 4 z Z |
| LFA T us |
! & @ 3 = |
I ™1 o~ oo S
A NFSM = “ MLP |
| = et = z |
g Z z z
: _LFA S Yus & |
iR —_ —_ —_ —_ I
| 7 9 & 50 =) |
| FC: i 3 hpsM S lvrp S
I = ) < ° |
Z Z z z
I = — = =
LFA ‘ [
| + US I
I s 8 a 2 a |
— by i "
b us. am 7 AFEM 2 = MLP 2 |
| £ 2l > g S g |
MLP: £ L Z > o =
! BB < LFA ¢ < < '
DP: BfifllZkif
: I L !
3 i
I — AFEM — MLP - |
I o (o] (o]
a o o |
' z 2 3 I
el = )

Kl 7 RandLA-AFES sz 47 %I04 25 4 /€]
Fig.7 RandLA-AFES Point Cloud Segmentation Network Architecture Diagram

3.1 BESERESWEEN

T VA BT AL S 1) O R o = A A O N R ) = R s T SO IR R R R, ORI Bk i 4 SRR
P42 WHU-Railway3 DU IHE4T S256

AUAEHIE) WHU-Railway3D Jf& — & TR 5 80T 2R R 18 X #IEE SR, BT YRR E
ANTE SR A oy TR B . ARAT R B A i SR Ak B . BB RS E L) 30 A B, E 46 AR, N 1
5, WAL, BIRAESSE. BT 44468, WHU-Railway3D ML T FEERBEGE R, WS E. FiiA
FERR BIRE Bl 4483 5288 %1 734 Rural. Plateau fl Urban —/NF#8. G5 B Wk 1 fior.

% 1 WHU-Railway3D %z
Table 1 WHU-Railway3D Dataset
Dataset Urban Rural Plateau

Length 10.7km 10.6km 10.4km



Points 695M 3475M 444M
Class 11 11 8
Hp Rural FHEILLE 10.6km FIELESER, S B8 3.5X1004, MEH0E. i, SO, s 11 2%

WA, FaEA . AU E, WO AEXT . Plateau 5 Urban 8543 HiGE B @ JR 3k 17 w9 R 22 57 B3 O3 5%
FF #5375z A s ag, DL B /EAS [ PR R A8 B P AR IR SE 36 R 404 Ubuntu 18.04, B 44 Intel(R) Xeon(R)
Platinum 8358P CPU @2.60GHz Al NVIDIA RTX3090 GPU(24 GB), RFE % IHELE N PyTorchl.11.0. 236 4]46 2
AFRREN0.001, FIRWEN 100, KH] Adam LS, SIERHT G, L, 2 EN 0.9, 0.999, KKK
FH 28 XI5 2R o

3.2 TRMrEREIER

AT AR PERE, A SR PR FE (mean intersection over union,mloU)FlE A& #ERf % (overall accu-
racy,0A) 1 FPS(frames per second) K iFAN A Y P RE .

TP+TN
" TP+TN+FP+FN (12)
1 TP
moU==-y-————
n;TP+FP+FN (13)

Hrr, TP FORBEIN N IERKIEREA, TN FoRE AN N FERMAFEAR, FP R I IER M e AR,
FN R B T A SR I IEREA, n 80E 56 ) S8 2
FPS & H T S A A I i 0 FE I e bR, FPS BB bR, SR p HE B FE e, Hob &R r
PR o
FPS =

Hopt N A 2 MR, ¢ BRI A7 25 PR 7 B 1D
3.3 BREBEKIFENIE

T BRAE AT LA R, AR SERE A S VR S IR AR T A 8 X R AT e, MR e s
YW E N 100k A 5 DA KRR 5 S w5 N

WHU-Railway3D #8545 7 8 5092 70 # 25 AN 2 fros, ARSI A R R )Il 2Rk mg 24T T 3 — 45, 1E
A FE SRS, A SCEVEAMGRE T H A FR IRt BN REE T A5G e 2, 2RI T ILA X
Lk 7.

MR AT AT AL, TER SR S R A5 LA 2 3 E RS BRI 2R ) 52 i S o B e o 2 s M A% U4 T L AT
ST AME N RGBT PR, R EE R X AN G M R SR A . B I R R A AR R i B A A HETE X
5 TR AE AL E, TR B R ERAE . AL RS, Hm SRR E . R R X IR E B SRR E
A ) 3k R F T LR B oy R BT R, (B TR s R

AR S, AT IELEFELR RandLA-Net (3R ¥ mIoU 27 1.2%, H K 45818 B AR T 30 A AL
IOAIE 7 5 B3 SURFAE @A SR S 75 K IR Bk 2% 3 55 1 2518 S 1 R (A 3k .

2 WHU-Railway3D ¥ 818 L 3145 R

N
T (14)

Method mloU  OA %L &R o % sk M BT wEer B dhim Ui FPS
PointNet++!7) 287 684 114 206 252 241 512 177 255 656 372 198 174 25
SPGI'S! 325 705 176 228 472 187 281 247 271 736 353 384 240 4
PointCNNU¢! 344 724 166 359 318 409 347 215 425 723 138 414 270 12
BAAF-Net!!7 386 747 219 407 431 372 451 298 261 754 308 457 288 20
SCF-Net!'#! 426 789 309 232 358 331 656 424 300 778 432 588 278 27
GACNet!!?! 568 854 642 633 565 523 552 471 609 806 520 651 256 12
PAConv(?") 684 922 860 877 549 635 931 467 621 845 668 819 252 15

DGCNNE2! 70.4 93.8 79.2 91.7 51.2 68.7 91.3 51.8 68.6 87.1 63.4 93.4 28.0 8



KPconv!??! 71.8 94.0 76.9 92.3 49.2 65.4 93.6 54.9 81.4 88.9 70.3 90.0 26.9 20
RandLA-Net!'?! 72.2 94.1 75.6 92.3 60.1 67.9 93.1 41.8 86.4 84.6 71.6 87.3 27.5 95
PointMetaBasel?’] 72.6 94.1 79.1 90.7 72.0 68.3 83.7 48.0 84.3 86.6 79.2 87.8 309 83

PointTransformer(?4! 729 94.2 77.3 87.7 69.0 77.3 77.1 49.5 88.0 81.4 79.6 81.6 334 17

PointVector?3] 732 94.3 71.9 86.1 74.8 71.5 75.4 56.0 84.4 84.9 713 84.4 28.5 42
Ours 73.4 94.4 76.5 92.8 75.5 65.7 92.8 44.6 88.3 87.6 74.3 81.6 271 86
PTV3120) 73.7 94.6 79.2 89.7 69.5 76.1 80.4 50.3 87.2 82.6 80.1 81.9 34.1 52

Table 2 WHU-Railway3D Semantic Segmentation Results
R 3 BEYRIE X BIg R
Table 3 Cross-scenario Semantic Segmentation Results
% 4 Semantic3D Hi 1K L7 FI 4R
Table 4 Semantic3D Semantic Segmentation Results

Method mloU OA man-made. natural. high veg. low veg. buildings hard scape  scanning art. cars
KPconv!!!l 74.6 929 90.9 82.2 84.2 47.9 94.9 40.0 77.3 79.7
RandLA-Netl!3] 77.4 94.8 95.6 91.4 86.6 51.5 95.7 51.5 69.8 76.8
SCF-Net?!] 77.6 94.7 97.1 91.8 86.3 51.2 95.3 50.5 67.9 80.7
RFCRI?I 77.8 94.3 942 89.1 85.7 54.4 95.0 43.8 76.2 83.7
Ours 78.8 95.2 96.2 91.2 87.5 552 972 54.6 72.2 77.6

MR s 3 iz A, 5 RS> HI4E Urban Al Plateau T-EtiE & F B (T 0 EL SR8, s2I6 4
R 3 Pron. ACTTIEBAS B @2 aE, LEERBIR 0 A5 1.7%A0 2.8% K 0 EIkE . N T 3 — P I0AE
AR A W, AR CEFEE Semantic3DPE G F AT SLIG I, Semantic3D A& — AN KR P /b =4 i =15
SOy EEAREE, B T 40 G N TRBARER S =, HXTH kg RG] H E R S, SLingh Rk 4
7R ARITTIELE mloU 5 OA #8h5 L, HMTXFLEATY, A T 80 A 7 B0 85UR

3.4 AMULERAH

FEFAAEIATT, AT WHU-Railway3D B 7[RI RS AR JEIR, SORE. #Efmek. M. AT Jodd
WA S R ) ) X B E AR 5%

mloU %L EZN SR Sy 2k = HUFT T BT HTH Hofh

| Baseline 72.2 75.6 92.3 60.1 67.9 93.1 41.8 86.4 84.6 71.6 87.3 27.5
Rural
Ours 73.4 76.5 92.8 75.5 65.7 92.8 44.6 88.3 87.6 74.3 81.6 27.7
Ut Baseline 72.4 66.6 89.5 75.3 46.1 91.9 62.1 43.2 86.0 61.8 89.6 84.3
rban
Ours 74.1 67.2 89.9 82.3 46.9 91.8 60.5 54.0 84.3 64.8 87.4 86.0
Baseline 84.0 85.4 96.5 - - 89.8 81.6 58.1 - 82.3 99.3 78.7
Plateau
Ours 86.8 86.0 96.6 - 87.3 81.8 72.4 87.2 99.2 83.6

®2MBEROERY], ATEEER. SHEMBFF =28 L1 ToU BRELHMIRTH ROV E 2. ik, K8
BE— DB SR 5 R AT A T 465 SROT R v A0S B - R 28 2 B X AL (R T AE AR, 0 J) B 4 1 AT
BOR S, ATCAEER], FEL ML T/ S0 hE . AT SRR 45 IR, SEULMIL B . A4S 77 %
BTV IG S HERRFEAR &, R T AT LA M R RE ), ATIAERL 5 b SEBL T S O HE 14
GORFFS A E



urban

plateau

rural

WiRH MiER WXH mXE oMz miE mERF R mER oE o H

Kl 8 WHU-Railway3D 5 343 EI R 4L
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Adaptive Fusion of Explicit-Implicit Structures for Railway Point Cloud Segmentation
Network

Wu Feifan, Ju Zhiyong®, Xia Hanrui

(School of Optoelectronic Information & Computer Engineering, University of Shanghai for Science and Technology,
Shanghai 200093, China)

Abstract: Existing point cloud semantic segmentation methods for railway scenes struggle to simultaneously bal-
ance cross-scenario robustness and object segmentation accuracy. Using RandLA-Net as the basic framework, this
paper develops an implicit-explicit 3D structure adaptive fusion network (RandLA-Net with Adaptive Fusion of Ex-
plicit Structure, RandLA-AFES) specifically tailored for actual railway engineering scenarios. In the encoder stage, an
explicit structural feature extraction module is introduced in parallel, which utilizes a local spatial partitioning
strategy to capture structural kernels and generate explicit geometric priors, effectively compensating for the fi-
ne-grained structural loss during the downsampling process. Meanwhile, a neighborhood feature sampling module
is utilized to aggregate deep local contextual information, ensuring the integrity of the high-dimensional implicit
semantic representation of the point cloud. Furthermore, a dynamic adaptive fusion mechanism is designed. By
introducing learnable weight parameters, it dynamically calibrates the fusion ratio of explicit geometric features



and implicit semantic features, achieving the optimal coupling of dual-modal features and effectively suppressing
redundant noise. Extensive experiments on the public railway scene dataset WHU-Railway3D demonstrate that,
compared with the baseline model, the proposed method outperforms existing mainstream methods in metrics
such as mean intersection over union (mloU) and overall accuracy (OA) with only a minimal increase in parameters
and inference time. Moreover, it exhibits excellent semantic segmentation capabilities across various complex
scenarios, verifying its effectiveness and potential for engineering applications.

Highlights:

1.Proposed RandLA-AFES, a novel network to preserve the topological integrity of thin structures in
large-scale railway point clouds.

2.Introduced an Explicit Structure module using spatial moments (PointHop) to efficiently capture linear
priors without complex eigen-decomposition.

3.Designed a lightweight Adaptive Fusion mechanism with globally learnable weights to dynamically bal-
ance implicit semantics and explicit geometry.

4.Achieved significant loU gains for challenging categories (e.g., poles, pillars) with minimal computational
overhead and robust engineering stability.
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