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1 5 =

BEHEWOG LiDAR ORI, fia OO &R B =487 5 B0 280k, met Bk,
S f b 220 1 L S 3 55 (R JUAR 5 0 5 s TR A3 A o SR R B L R SR T B R AR S A A, E
)23 (Chen 5%, 2025, Prathiba 5%, 2025). HL#8 NJBAHI (Nguyen 55, 2024) F5E 5 = 4k A5 A Fg
CEHTE G55, 2024) SFQURM R 7z A EREE R, Bl 58T EERS (AR
MEAE, 2024) SN RAWRIIHEFT, & T Aoy RIS E N 88 SORLEEZE D N “1E
BRI ) AT AR HeA . Rm il X EWE N IHAZOAT S, B AEE R S B SRR BR A,
KT T Fr 0 5 2 080 e A O B — B SCRT LA S5 4 B X R o

& 58 13 25 1 S5y #1070 E AR T L RHRRE, JF45 & SR E AL (Support Vector Machine,
SVM) (Hui %, 2016). BEHLARH (Kim and Sohn, 2011) ZEHL%8 % S BRI R 58 . X HH7 78/
U Srh R AT, (H X ) S5 B Ak . RUBE 22 7 32 35 e U8 FE AN 46 r) jBUN - DR A2 Ak
REIZ IR, HLAELLse I m B s itk , #1420 7 HAE R R R TN ).

TREE 7 ST G N 1 i SRR AL T 3 A Rk B8 0 i s BR sh J X e AR T OS2 e 1 i 1Y
G718, R TR BB RES B 2% 21 BA H 1 MR R s . iRE B AR AR, I
B E AR TR BUE R R R85 2] 07k S B A B R 06 55 2 1 v B o 75 . 2 B A
M (Lecun %5, 1998) Ja K, HB/HF 7R &2 b 48 = 4k BUE Bk = 4k 22 2% 8] LLE Fic 5 AR 45 4
i@ 2 RERER AR TP BE (Zhao %5, 2018). FRT 55 id F2 A 1T 38 4o b 3k B L AR5 B4 2K .
ML Z R, REATTIEN VoxNet (Maturana %5, 2015) BARTE —EfEE LIRE T MM, (Hk
RO PRSI REE R Z B0 JE R 7 AR KB Forb i sE P . 8 5 80 55 6 AR B R 78
THEAE LG E (Schmohl and Sorgel, 2019), {HAA B Btk K 1) 45 #4015 2 475 Ak DL 58 4 8 5 o

vl MR A (), A AT E O B D L 1) K TR 4R R 2 v B v AR 759 . PointNet (Qi 5, 2017)
HOOE I L RSN (MLP) A1E & B AR VE AL BV SEBL P AR B LB AL B . 7E L
fit I, PointNet++ (Qi %, 2017). DGCNN (Wang %5, 2019). PointSIFT (Jiang %, 2018) 5 KP-Conv

(Thomas =5, 2019) <5707 W)= AL Sl 4 22 RUSEAR B A5 B3l & B0\ 4RO &R 51T
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G B 98 5 2 [ S R B 0 DA B A Y I 48 45 AR AT L S TLART 20 A 45 22 A A 2 A W 52 35 JR) BT L AR R AIE R
IBRETT . REE BT ICHRN, #800 TAR T4 O% 3 Qo] £ 3 55 J53 350 4 Jal 6E 77 (1 7] IS 248 455 4 SR 38 S — 2K
PE 5 Rk . Huang 48 (Huang %%, 2020) 2 M 7B IR FERFAE S 1 2 J5 51NV N 5 BB AL 46 5
BlaRAR, Gl 12235 im i S OB R 10 ARG E MR B0, AR S B A
WEMRE-2R LT XKAR, Zhang % (Zhang 5%, 2022) Wit 1 0EE I HLHIIF 45 & £ B F 5k
B, Sl TR R U TRAE fRS 40 20 5 4 R B R SCE B RO HER S Li &8 (Li 4%, 2022) @it
ML RS 15 =) 3 — 42 Jm B 5 ML 25038 15 AL R 52 PR 1Rl ; Wang 55 (Wang %%, 2024) FIH 2 40E &
TR R FURFAE A H., T RE W [R] I 4 38 ) 0 S O AR AE AN & R 45K s Pan 5§ (Pan 55, 2025) i#

o R PR T U R B 3 A G ARSI, (R 1Y 5 R 8 4 R SRR K RTINS R S 1S 2 s Sun 5§ (Sun

e

S8, 2026) FH 2 RUEE )R AR ARFAE G SR LD AR AL JLAT AR, I 51N RE A B WL AE TR RR 41 %
FERIRTHR T SeBl 4 )R LR SCI M ROE R . XS5 3 SRR PR TE, Chen % (Chen %, 2025) 45y
fr Bl 5 2 bR 3052 B B A S I8 3 5 R R A 18] OB I RE

JE AR DR AT LA = 8 J LA 45 4 20 1 5 bR SO D5 T AR T SRR, E A R 22 T ) B[R L
HAIATE T B R BRI AN S5 T BUR LA 2 [R)F R XE LA A 2 A5 s K3 = D HL A A i
A P B OB R I AR AR B 58 1 RN RIERE s Bm . B RER IR G SR B R A B
BE, SREZWRENEEN BRI AR TFRLEER. &1 Lo, =l Ml EsiE
Xy I 4 LSENet, i id s Ja) & 2% () AN BE 77, 91 N BE HL3RAK 77 (1 DXSURF AR 22 AL, i Bhid
GRS 2 RO XE B TS ARl 5ng, SEHU R LTSS A 7R SO SG 2 S0 4y

(b ) A5, AT AT R B THE R AE HL A LIDAR 5 23188 S 1 (1R B

2 WHFR Tk

2.1 MKLER

LSENet M4 %MK 1 240 F U-net (Ronneberger %5, 2015) 4ifh #%-ff i 2% 28y s2 Bl . Y
TIEWOCAR N NXC LG s B, N RoR SU80 (WIERME N 4096), C Ron ma MR IELE S . &

TR AR IRARE AT TORAE, RUBCH ORI NV 2208 N/4o B JA 51N LSENet M4 = Kz 0ofis: &
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&9

- 458 2 TR BN ()RR AE 4 65 28 & 4t (Local Subdomain Space-aware feature Encoding Aggregation
module, LSSEA). F#EF U IE 8 51 5232 By & 15t (Local Subdomain feature Enhancement and
Interaction Attention module, LSEIA) i1 ¢ 38 5 1) 43 2 22 RFE XUE & /1 3 A Rl & B8 (Edge-enhanc
Grouped Multi-scale Dual-Attention dynamic fusion module, EGMDA ), L& A5 H B3 1 5 55 2 11 J& &6
SEMJRRAEA B R SCIE XEE . BEMKERINE, SaMEZRZETREN E—-RERNSZ—. 5
AREWOR B DA EE R R BN (A K K 20 R R AR B P W B B R IR s o R, IRl

Bk R HE B A G0 L FE A IR B R AE, B A A B R IR R T A R .

J L
fE R g N¥9
LSSEA LSEIA EGMDA FRAF i)z BRERERR)Z HEfe ik

7 7 A A A

& 1 LSENet 414

Fig. 1 Structure of LSENet

2.2 LSSEA #&#k

LSSEA 5 £ 14 i B A7 45 (8] &K RE /7 10 Joy B G5 A 7 o BB 58 LAz s R PRI BOCR A 1, JF
I o R A RO R A AR s HL R SR S A A AR AR R O A R, R A R A B L AT
A g 0 5 TUT o At i A%, 0 9l AR TRDARDGS JUART 56 Ry S Ta) A e < ) i TUART 7 1 A DA e 408 32 o T
[T o1 Je 1 D A 248 32 0 i 2 J) S 4 A AT RS AL R K

2.2.1 XML E 57 B R HI 4R D
A 57 B4 B P T S o SRR SR AR S A 2 IR LA 6 R BERE AU p, e R, S AERE R
RoR N f o BB E W E M K AR A A b B ={pLplopf ) R R OR R AT

FE={ A ) (=12, K)o AR 55 AR R B S D 1 52 XA
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p=pi], 1] ()

it =[(p.- ),

Hooh, [ FR R R BB AE |, 3% v S AR IR A 15 SR 5 2 1A fr K P B B

7 RS A g i 30— 2B BN ) A A (5 R, S8 X SR T e FL AR R AT F B4 43 T (Principal
Component Analysis, PCA) #4 3 J& #l B A A8 br &, BAKAITF -

(1) R I7 25 C,

1 K

of =E2(p,- -21) (p.- ') )
k=1

(2) T C MBHE G S R A B, RRRRAE G A B A A2 H0 2D L2 AL > A2 > 40, )
O A ARR R MR xR v Z BRI A A7 AT R A — B
LT JRS 0 L A A R KR A 55 o 21 AT 6 R K 36 5 A F B SR ome-hot

G B 7 2O A8 380w (1 B AR 23 A7 BEAT 3K I € SO B A G b, BAR R IR N

N Ko\ l,ol.j =1/ B
(0F) =5(o] ’1)_{o,otherwise’l_1’2""’8 3)

Horb, @F e RV R 0 Al SR8 kAN AR A IR T, o] 2oR %A R TR I T,
| RR TGS
2.2.2 BERJLIAE B R4S

Stk — 45 3 L AT I PR 45 00 220 R A, e B LT 45 L e D 51 N 2 7 16 A 8 ol A A
783k o R R AR B A = T A (w,v,) = a, + by, + oy, +dad +euy, + 1] 3 ) R
Weingarten 4545 K, I I 25 548 40 R 4R 45 Jo0 30 4R T 0 8 g o 7 10 gl X TL T JR S8 Bk O A b

100 x, i

[ ME 1]
A= 4)
M, N T G

Ho, L=2d/J1+07+¢ s M,=e/l4b ¢, N,=2/l4b ¢, E =145, T =bc,
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G =1+c .
5 HE X BT ¢ o 5 NI B ©F 558 M T4 £33 JEL 4D v BB I 0 N MILP i 4745 I B L
g :ReLU(BN(W; ([rf,@f,vf]))) (5)
Foof, vl =4 ], ReLU J9MUSEE, BN WALA (L2, W, 3 MLP KL

2.3 LSEIA #&3k

FEBRAG T A (R G5 M RO 5, RF A S A T W — A (1 vl A 7 38R 7 B SR 58 17 75 17 R g
73, AHRAE—ERREE BRI T R X AR 2k . LSEIA BHUIE R [ SeiX —oF JE T, il 78 11
P 9 A R T 1 R I 51N B 1 4 A5 R A LU, T R R RS T DX B A S B . B AR AR

K 2 s .

SKOL (B0

(© Concatenation  (+) Add () Dotproduct (o) Sigmoid

K 2 LSEIA fHLk

Fig. 2 LSEIA Module

2.3.1 FIEFMEERSEWL

W 2 BT, AEREEA p TS, HR A R A O =gl gl (k=120 K)
L4540 AT T 49 2 6000 4 A 46 A MR O 4 29T A9 N x 8 K x C , Jhofr, 8 i\
AT TR G EIERE L, 3 T 55 L AT 3 (1 =1,2,0.,8) , (R BIVA7E % T35 4 1 A 45 6,
AR SRE T I BT % P B2 B 4 2 oI B K S T AT S A, 54 TP T R A7 1 A

PO % 73800 SR E O %, 5 B AN G BB b, e BB REVH R AT R . ik, BIAN—
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BT 70 M 20T B0 A — A AN, U PR A A T 0 B A
BHEATHIR TR A A, U PR A AR T R X B R B AT M. M
R EIE S O, MMM RE A T A LR EH K. FEOHELR, I HRETENRHIBX
SRHG OB b TS0 o ZEER L, BT EOY R B SE AL, X AR AT A B 0
0" = O @ dist! (6)
Horlt, giset = o1 RS kA AR ST T D AR BB, © BT R IE.
¥5 O™ 15 OFF PRI\ MLP /£ Rk R0 ALE , DU BT 15 O AL B35 ) TSR G
G =gt o a(VK (ReLu(BN(, (07,0 ]))))) @)
Fijr, oy sigmoid BUREH, W, W {t#& MLP [,
2.3.2 BFESERE
TFES N RFINT AR, R T B . ST 0 B, it
TE TR AL . SRR RN R, AR Rl <87 T E T,
MTTFETE B2 0 L SEBLfs s 4. Bkl F
B SRR R G, 4 46 oA 56 A e T 5746 LI R GEAT 96 1, BB R 46 IR
JC R R R, IR A softmax WO B KB BT — (AL E, 36 LU BUE X G BRI 5185 T

B HARE I N B R AT )b B A5 5 Of -
O = WEZS: G’ x softmax(((G,8 )T X G)/\/E)j (8)
8
Hep, GF=)G", WeR™ HRELBZMTE.

G5 T AE RS TLALAR I, B 56K 8 N T AE IO SR G 3R 5 OF B, I BB S
I 5 R AR B A R OE O AR, 3B T B L R A O

n=w(ato])+o 9)
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2.4 EGMDA &

FERET ZBRER G A o, B B2 5 KRR SRE M B PG, 8BRS S WiE
MRIERE RIS, (LTI FAR IO AN R 25 5 b A R AR IE T fE a5 . B Tk, S22 T DGCNN
K5 AUE AR (Wang 45, 2019) F1I8 18 — 2% (8] 33 & I L] (Woo 25, 2018), it an &l 3 Fizn () EGMDA
gy, Wb . 2R HARHESR IS ) A AR A R FAE A SEBR LA A SRR

0 %

an T (HE®) H

Conv EI

3% MaxPool P} MLP MaxPool C >
(KO QM | MaxPool |-~ ? LeakyReLU | "(N,C)
@ Concatenation @ Softmax @ Dot product @ Add @ Minus @ Sum

Kl 3 EGMDA #it

Fig. 3 EGMDA Module

2.4.1 BGEE1EE

120 25 18 55 G E A AR AE 5 R R 2 () I 2 S 7 AT U5, 1257 DU IR R AR
RN GHSAE . R R, LS X R AL I8 W 2 SRR e T, DR 0 22 70 e 58 T 93 S R 30 ¢ RS A 22

R S SRRESURGE p, R B ARI R e HY = (BB e RV (k=12 K) , it ok
AR I B SRRE A A R By, JESRISN (10D SREBUADBFAE H .

He = MaxPool( (ReLU(BN(W( ))))) (10)
Horpr, ef =[(h =h).h ], MaxPool # 7% i KithfL i fF, ReLU Jy i %, BN AHLIA—LEE, W,

W AREK MLP [ E .

W Hi® 5 b Pt It E 1x 1 5 BRI LeakyReLU 8% o $03E 47 4b 0 453 31 10 28 4 SRR AE H,
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H' = LeakyReLU(W([Hf"ge,hi])) (11)
Hrp, LeakyReLU FoR¥umm$, HElK a mE N 0.2,

NIRTHRAERIE I Z (8 7 HE %, KU 8 )5 AE 7 e RVCUTEIEZERE Y 7 G4 (K 4
Fi, SiEWE G R4, HAEEEN C/G, AN H e RV (g=1,2,...G). HiJF, *I
B — AL 73 I REATIEIEE RS 2 RS T S @, AT 8 — REMFFERBO K, 24H
SRS 5 2 RUBE A6 A SRS BE 0 78 3 A R IR 2 B HOARFAIE AT S 2 T b 4138 2 ] 45 49 A 4K

S 4L 308 T R D B L REAE HS ST AT S P R DI, SRS HE, PR AT PR
195 43 4138 R4 GF H

HE, =Hf - a(ng (ReLU(WOg (AvePool (# )))) + (ReLU(WOg (MaxPool (1 ))))) (12)

Hort, AvgPool FR FHALERAE, Hey = Heyo Heyoo HEy |0 WE L WE o454 MLP HRUE .

- N
{Hg!k iR |~ MR {HEJHE
. (LCG) (+) .

L I IVIL ° g g
{H:} ﬁ_:ﬂ | MaxPool % 1,06) (@) ‘ {Hc/Hsp}
VO | .06 +{ AvgPodl | FFEER (N,CIG) N.O)
(N1 Ao
HE R 2 A 2% - {HE/HS
RGO (b) )

@ Concatenation @ Sigmoid O Dot product @ Add

K4 70 H 2 REFHERI. (a) EEEET), (b) ZRETEES . L0 G AAMAS (BEN 4); IFiT
Z RIEG RIS BB KN 508 3x3 . 5x5. TxT .

Fig. 4 Group Multi-scale Feature Extraction. (a)Channel Attention, (b)Multi-scale Spatial Attention. In the figure, G
represents the number of group(set to 4); the convolution kernel sizes corresponding to the parallel multi-scale convo-

lution are 3x3,5x5,and 7x7.

2 REZ AN E A AU R AURFAE HE SRADIFATIHI 3x3 0 5x5 . Tx T BRI 2 IR A [F )
RS2 BN IR AR A AR AL, R IR E S B 2 REHHE H, » I X Hdt AT HHER 2 0 H 2 RE

2 (AR Ak H
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204

1

|1

Jooh, fRREBBA Ix] BRI, 1={3,57), Hy=|Hy,Hp,. HY .

lel

HE, = H* -0[ > 1; ([ AvePool (7 ), MaxPool )})J (13)

N B E RS A AR R R A, ek Heyy 5 Hg PHEE M SIS & 8153 2
38 R [ty gp | o VR B9 2838 38 0 45 AE HEAT AR A, 950 308 3o % 22 3 R 0 1) I R HRRAIE 0
H

out *

H,, =Hey gy +Hg - g + (14)
Hoitt, [y o] =softmax (¢([Heys Hy ) -
2.5 MERBRFETEN IR
7 18 3] S0 R AR A AE RN A A AN I IR R, g ST — P A 2R A B R A8 SO A R R R

L=~ W, x(y,logp, +(1~y,)logl-p,)) (15)

u=1

Wuzl/ln(ﬂ,+Nu/§Nu) (16)

pan
Hor, wRERRAERR, UMRREuRKENEH, W, 2R u LN PAE, y, M p, LoREHuE
(K FCSEAR AN M ARZE 28 u RO EAR, N, ARFu KM s, PR AMEREN 1.2

94 VE A4 LSENet B (70 FIVE RE, R AR A FE M . F1 4540 (Fl-score) DK B KK E (Overall
Accuracy, OA) fENIE XL KITEM bR . F1 48 H LU S ARG B2 (19 7€ 53 an R

{Precision =TP/(TP+ FP) | Fl=2x Recall x Precision/(Recall + Precision)
(17)

Recall =TP/(TP + FN) OA =TP/(TP+FP+TN +FN)

Hr,  Precision RERAER . Recall KR HBIEK, TP RFILEM IS EREARE, FN Bt kN
FREAR P IEREAREL, FP RN N IERER N AREAREL, TN R IEHi 2 250 AR A 5.



205

206

207

208

209

210

211

212

213

214

215
216

217

218

219

220

221

222

223

3 SRS

3.1 HiESmaE

U AIE 7V A 2, 7E ISPRS Vaihingen 3D & DFC2019 # /> /A FFHLEK LiDAR & z $4E 4
O BEAT X EL S I PP A R AR P, Jf 56T ISPRS Vaihingen 3D ¥4 42 I & 7 714 fil 52 06 VP il &% A B 1)
3.1.1 ISPRS Vaihingen 3D ¥ 3B &

A B BRI B S K Y 2 (ISPRS) #248. Hudi 4R o JU /18 R0 . K&
MR AFEKRE . IE ME/WE . BT, BRI AR, A 56545, RGB. 5RE

ANBIB R BO\FAFAEAS S, T M T Rz il X ST .

(a) YIZREMEIELE (b) WX 5E

5 ISPRS Vaihingen 3D ¥4

Fig. 5 ISPRS Vaihingen 3D Dataset
7R B IR-R-G RS ARR A XL M i E K RGB {5 B WG 2 %0 5 i, PLAR FR
Y=5419292.0 o FILk, 5 I Bt (1B S)fs) Frod il gk CREGRESN ) MR IESE (i
CHENED WA, B SO It . I ZRR BEEE R Bk ) 20 S, AR HORT BE 8 30m X
30m, X MY J7la] EARARIXHE & 15m DAJE S 34 5 20N I [ 58 R AE 4096 A o b mUE EEAN T
A, RDBENLCRAE S B RS G177 SR 1024 B E &, PA R R R
F AT R 1,10, oAb R RIS E[0,1]. FIRF, 51 NSE Z il ) B AL BE Fe A3 i 458 2 of 41
P AR B HE L o DN BOR I 5 IR B e 4 — S0 B0 TilA 305 3, DA OR Bl 4 A o A ) —

BbE . SCROURI AL SR . RGB M8 B S -CR R AL/ D R 28 i N R A Bl I A5 B . D9 PR AIRBE L
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241

242

243

244

245

RAE AT R T ARG E M, X REAS fUEEAT 10 RBRAL TG, 308 3 45 53 SRS 0 e 25 2R b %% o

3.1.2 DFC2019 #iiE &

YR 4 th IEBE MRk AL 58K 2 (GRSS) K AT . BOif £ 55 N B 30 Hhi . mfl
W @EHW. KM BFIELARR S 2K B RV AL AR L TR RSB R IE S S . 9 T IR
A1, KA IEEE GRSS 42 it i £ 4 Wb 3 773, & 5% FH Point Data Abstraction Library(PDAL) T. B
Wi SR A6 5 = I B AT A A YR R B X T B RS DA Im R AR R TR R AR R =
TE BRAR 5 2 % BE A IR I RFT B AR5 SR AR T LAT 454 s IR e Hs i o T OOl — B U1 0 A T AR E B N,
AN LA 65536 Ao FEVIZRI BN A /DN BEHLRFE 4096 4 2% X LSENet. [F]H, 73]
NG Z 1) BEAL R 5 LI SRR A A A8 A0 1 e o IR BRI B — B B dhs A 2

M o

3.2 ZBRMES5SHRE

1B RTINGMBESHEE, 5T Windowsl 1 #:/E &4, 1£ PyTorch2.3.1 V5 i % =]
IR SEEL, BRI 4S5 VR4S Y9 7E NVIDIA TITAN RTX &R 5.

1 LRBESHRE

Table 1 Experimental Hyperparameter Settings

WS SHE wIih IR Bk B HER BUEFERE Dropout AR AL

(=l Adam 0.005 6 300 0.95 1x10* 0.5 32

33 XLBWHERESH

JIHA GRS LS8 1K) A PR R AT LEE, 76 9 A 00 4R L 3 1R e 8 % T 7R AR N e 4 b A I Rk R 8k
B s R AR B0 B — BUR R F AR . ELYE A2 0 S B B A AR M I R AR S
Xf %R . BT ISPRS Vaihingen 3D Il DFC2019 W35 SR 703 e A L o0 A0 S B Fe vk A7 7
—EZ S, KUCIER T RE IR B LR AL 7 ik i kil b, o labh 78 1o fE A BB B B AT 4

REACRMET %, DU 4 E Al LSENet 1% #8572 1L fE

3.3.1 ISPRS Vaihingen 3D ##E&
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KPConv (Thomas %5, 2019), DPE (Huang %, 2020). VD-LAB (Li %, 2022). MIA-Net (Wang
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Table 2 Quantitative Results of LSENet and Other Deep Learning Models on Vaihingen 3D Dataset(%)

o 77 HIE R AEKERm RE HMHE/ME RN BELE EAK KW AvgFl OA

PointNet++  57.9 79.6 90.6 66.1 31.5 91.6 54.3 41.6 77.0 656 81.2
PointSIFT 55.7 80.7 90.9 77.8 30.5 92.5 56.9 444 79.6 67.7 822
KPConv 63.1 82.3 91.4 72.5 25.2 94.4 60.3 449 812 684 83.7
DPE 68.1 86.5 99.3 75.2 19.5 91.1 44.2 394 726 662 83.2
VD-LAB 69.3 80.5 90.4 79.4 38.3 89.5 59.7 457 772 702 814
MIA-Net 65.8 79.5 89.7 71.1 26.2 94.0 63.5 48.1 82.8 69.0 833
HFA-Net 68.6 79.9 90.5 79.8 39.1 93.3 60.3 45.1 80.8 70.8 82.8
DACNN 78.3 82.1 92.9 78.1 39.7 92.8 59.8 46.1 78.7 72.1 83.7
Ours 70.7 81.7 90.1 71.7 36.7 94.5 61.9 44.0 833 705 83.9

FEN T 22RO BB X AR R AE %2R B L FR G Bn A BN ST 38 FLOdR S S
SN EE OA, b M s as R . I &SN RKE, LSENet £ /L )4, J2 TR AR S5 B
RIR, BEEZENDHNSE . K i D2/ R ol s W R 2501, H F1 8 80L 2] 70.7%,
BRI A BRI 7.6%, {H /2% Baseline f52%! (PointNet++) $25 12.8%. %IR8 240K 45
M H R B Ak gL, XF R #B LA A AE 7 2K 5w, LSSEA 5 LSEIA AR X472 4 TC Fr # i
Rz B A AL E ) 5 UART 7 [ A RS A 3 912 F 0 B A R 9 b 45 A O 9l AL 1 R R s 2 T R SR R
EGMDA 152 5 it % 18 5 41 K 45 W) 110 GRS AE, R IE I 43 4 2 )ROBE AL ) A L AIORL B AR A, AT A 2K
P LIRS . BER ORI F1 $R40A 3] 83.3%, Hsi = B HLAIR A K 23 A 1 5 AL
LSSEA 5 LSEIA &3R8 M8 52 5 I A FLU JUARTRFAIE B9 42 07 A2 2 B, EGMDA. B I 1508 #8148 120 2% Rp AL
BEAT 9RAL, I A AL E S 2 ROBE A A)VE ) E I R SR AR R R I RORFAE X 38, R 78 i 4
I H AR AE . &1 X E T2 5], LSENet LA 94.5% (¥ F1 $8 £ 1G5 &, LSSEA 5 LSEIA "]
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(a) Baseline (b) LSENet (¢) Ground truth (d) Error map
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269 Fig. 6 Vaihingen 3D Dataset Segmentation Visualization Results. The black circles indicate the areas where LSENet

270 has shown the most significant improvement compared to the baseline model. These areas include the roof and the
271 transition zones between trees and shrubs.
272 K 6 75 7 UL Pointnet++Jy 5 £ #8715 LSENet /£ Vaihingen 3D ¥ 45 - 1) 4> % 7] M4k 45

273 g TR M, LSENet 76 2 T3 5 DA AR A 5 VA A Sk 30 5 ) 90000 45 5 5 25 4 L3 S O
2TA Ak T e R R R 7 o X S VLA T O A PR 7 OB T R A L, AR
275 R A HIAER R B B B B, WU B R EIRE ), R T, Rk R A
276 AR K 4y BRI o RIS, R R AR — AR, ZE MR L AR 4y
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282 Fig. 7 Vaihingen 3D Dataset Segmentation Confusion matrix

283  3.3.2 DFC2019 ¥ &

284 itk — 35 B iiE LSENet [13Z 1L 8% 77, 76 DFC2019 $eiin 4 b J& JF%f L S28, Jf % 5L PointNet++(Qi
285 = 2017). PointSIFT (Jiang %%, 2018). KPConv (Thomas %, 2019). VD-LAB (Li %%, 2022).
286 GACNN (Wen %, 2021). RFFS-Net (Mao %, 2022). DAKAG-Net (Zhao %, 2024) #1 U-agent
287 (Sun %, 2026) fEAR LI, R RIR 3 FR, BELREERE S % 50 BTG B

288 g 8. B9 R

289 7 3 LSENet SHMREF JHEEE DFC2019 HIWE LMEEBLER (%)
290 Table 3 Quantitative Results of LSENet and Other Deep Learning Models on DFC2019 Dataset(%)
st Ho T o AL Y SN Mr i Avg.Fl OA
PointNet++ 98.3 95.8 79.7 4.4 7.3 57.1 92.7
PointSIFT 98.6 97.0 85.5 46.4 60.4 77.6 94.0
KPConv 98.4 94.2 87.4 43.0 77.5 80.1 94.5
GACNN 99.3 96.8 91.1 42.5 84.4 82.8 95.1
VD-LAB 98 95.5 92.1 85.5 71.5 88.5 95.9
RFFS-Net 96.6 96.1 88.7 77.8 81 88 94.3
DAKAG-Net 98.9 79.9 96 83.5 86.8 92.4 97.5
U-agent 97.5 95.6 89.8 93.3 79.8 91.2 97.3
Ours 99.3 98.2 95.7 97.6 50.1 89.1 97.8
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Fig. 8 DFC2019 Dataset Segmentation Confusion matrix
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(a) Baseline (b) LSENet (¢) Ground truth
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317 Fig. 9 DFC2019 Dataset Segmentation Visualization Results. The black box marks the areas where LSENet has
318 shown the most significant improvement compared to the baseline model. These areas include regions adjacent to
319 buildings, bridge surfaces crossing water, areas adjacent to high vegetation, and transition zones connected to large
320 ground regions.
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Table 4 Ablation Experimental Results for LSENet(%)

Y LSSEA LSEIA EGMDA OA Avg.Fl
Baseline 81.2 65.6
Netl \ 82.5 67.6
Net2 V \ 83.5 68.3
Net3 V \ 82.7 68.2
Net4 \ \ 83.6 68.8
LSENet V \ \ 83.9 70.5

3.4.2 WA EREHAHR

NEGIE EGMDA 121 245 53 5% 58 % LA K LSEIA 38045 AIE 3 78 SR W& (1) R, 43 59 8% Bk bk 24
7t Vaihingen 3D #4545 Lt A7 % Lh st 5, scsG s Rk 5 fion.

ROEBBRBIAGHEELER (%)

Table 5 Quantitative Results of removing some components(%)

) 4 HJE R AEKERT RE HMHE/ME RN BEYEm EAK W AvgFl OA

TBZIEE  64.9 82.0 89.6 71.9 31.4 94.3 61.5 432 822 69.0 83.8
THRFEET  69.4 82.1 90.4 71.4 32.1 94.2 61.2 42.8 82.0 69.5 83.7
56 B X 2% 70.7 81.7 90.1 71.7 36.7 94.5 61.9 44.0 833 70.5 83.9

SEIG gk R I Bk EGMDA WU &3 i 5k S J5, BASEY F1LORBE 1.5%, HLJI2E F1 M 70.7%% &
64.9%, B AR BIERS 2530 S oG 0 R 28 RAG . 45A TR 10 AASRAE vl AR AL S B AT 2, ORI DL R

TR R IR, %R e RTE A% 0 X3 ORI I A 4 X 2B 6, /T
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Fig. 10 Visualization heatmap of the enhanced features. Blue represents the points with low attention, red represents

the points with high attention.
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Table 6 Quantitative Results of different G values(%)

G RO RS AEKRE R WHE/WE R R #EAR W AvgFl OA
G=1 61.7 81.4 90.4 708  29.6 943 627 402 823 682 834
G=2 60.7 82.1 90.7 68.6 322 943  60.7 417 825 682 838
G=4 70.7 81.7 90.1 717 367 945 619  44.0 833 705 839
G=8 60.6 81.9 90.4 752 319 941 621 420 820 689 836

3.6 MEEXEDH

N T A THVEAL LSENet R ACR SR G A, JT R 7 IS 80E . 5 i85 & (FLOPs)
DL B 1 B[R] = N8 AR, % LSENet 5 PointNet++f1 PointSIFT 34T % L 43 #r o

RTMERBEE REITEE

Table 7 Complexity comparison of network models

¥ % SR E/M FLOPs/G BB HE B 8] /ms
PointNet++ 0.97 1.01 739.55
PointSIFT 13.56 13.70 794.32
LSENet 6.09 5.57 775.80

L4 2 MK 7 LA H, LSENet (192 554 6.09M, FLOPs i 5.57G, H1 Y4t BB 8] A 775.8ms.
5 PointNet++4f [, LSENet WZ# &M &AM, HESFER LLUTRERA. 5
PointSIFT fH Lk, LSENet IS H &N 44.9%, FLOPs (A 40.7%, LR B EAL, 2810,
I8 F1 S BARTE 2.8%, MAKKEERT 1.7%. X — 45 RRUIBIRITE MR B 5 5 44 F 2 M HUAE T R4
1

Bl BLAT TR L 57 S0 2% AE 5 25 18 o0 1 vh i DL R Al 4 H A SRR JR 8 U AR AE A AT 2
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474  LSENet: Local Subdomain-aware and Edge-enhance Dynamic
475 Fusion Network for Semantic Segmentation of Airborne

476 LiDAR Point Cloud
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481 and Technology, Xuzhou, Jiangsu 221116, China

482 Abstract: [Objective] Airborne LiDAR point cloud semantic segmentation is fundamental to 3D
483 scene understanding and has important applications in smart cities, urban modeling, infrastructure
484 extraction, land surveying, and environmental monitoring. To address the insufficient coordina-
485 tion between local geometric representation and contextual modeling in existing methods, we
486 propose LSENet (Local Subdomain-aware and Edge-enhanced Dynamic Fusion Network). LSE-
487 Net extracts fine-grained geometric features through adaptive local subdomain partitioning, en-
488 hances information exchange via cross-subdomain interactions, and improves feature representa-
489 tion and boundary discrimination through an edge-enhanced dual-attention fusion module. Ex-
490 periments on the Vaihingen 3D and DFC2019 datasets achieve Overall Accuracy (OA) values of
491 83.9% and 97.8%, and mean F1-scores of 70.5% and 89.1%, demonstrating its effectiveness and
492 cross-scene applicability. [Method] LSENet adopts a U-Net-style encoder—decoder architecture
493 with three core modules. The Local Subdomain Space-aware feature Encoding Aggregation mod-

494 ule (LSSEA) constructs an adaptive local coordinate system using PCA and encodes relative po-
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sition, spatial distribution, orientation, and curvature information for fine-grained geometric rep-
resentation. The Local Subdomain feature Enhancement and Interaction Attention module
(LSEIA) enhances intra-subdomain features and establishes cross-subdomain interactions to im-
prove local contextual modeling. The Edge-enhanced Grouped Multi-scale Dual-Attention dy-
namic fusion module (EGMDA) integrates edge-enhanced grouped channel attention and mul-
ti-scale spatial attention through dynamic fusion, strengthening boundary representation and clas-
sification accuracy. [Result] Comparative experiments were conducted on two widely used
benchmark datasets, ISPRS Vaihingen 3D and DFC2019. On Vaihingen 3D, LSENet achieved an
OA of 83.9% and a mean Fl-score of 70.5%, obtaining the best OA among compared methods.
Significant improvements were observed in challenging categories such as power lines, roofs, and
trees, demonstrating the effectiveness of the proposed modules in preserving complex structures
and clear boundaries. On DFC2019, LSENet achieved an OA of 97.8% and a mean F1-score of
89.1%, ranking first in OA and demonstrating strong cross-scene generalization. Visualization
results further show that LSENet produces more coherent regions and clearer boundaries than the
baseline. [Conclusion] LSENet effectively integrates local geometric awareness, cross-subdomain
interaction, and edge-preserving dual attention with dynamic fusion to overcome limitations of
existing point cloud segmentation networks. Results on two airborne LiDAR benchmarks validate
its effectiveness, robustness, and generalization capability. Future work will focus on developing
more discriminative geometric descriptors, lightweight dynamic inference strategies, and evalu-
ating the proposed method on newly released large-scale and diverse airborne LiDAR datasets to
improve its applicability in real-world scenarios.

Key words: airborne LiDAR point clouds; deep learning; semantic segmentation; local sub-
domain awareness; dynamic fusion; edge-enhance

Supported by National Natural Science Foundation of China(U22A20569); Natural Science

Foundation of Jiangsu Province (BK20221549)



