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Label-efficient weakly supervised semantic segmentation for
airborne LiDAR point clouds

LIANG Zhuan-Xin', LAI Xu—Dong” ., YAN Yi-Tian’
(1. School of Remote Sensing and Information Engineering, Wuhan University, Wuhan 430079, China;
2. Qingyuan Surveying and Mapping Institute Co. Ltd. , Qingyuan 511500, China)

Abstract: Semantic segmentation of airborne point clouds provides essential data support for downstream applications.
Fully supervised deep learning methods typically rely on large amounts of annotated data, while some weakly super-
vised approaches struggle to learn representative features effectively due to the randomness in label selection. To address
these challenges, a label-efficient semantic segmentation method is proposed, which integrates an active learning strate-
gy to progressively update the training set by actively selecting the most informative points based on information entropy
in each learning cycle. Experimental results on the LASDU and H3D datasets show that, with only 0. 5% and 0. 1% la-
beled data, the proposed method outperforms existing approaches in segmentation accuracy, demonstrating its efficien-
cy in weakly supervised conditions.

Key words: photogrammetry and remote sensing technology, weakly supervised, active learning, information
entropy, airborne point clouds

515 PRMLCHE SR o R R S BRI R e T

STH 2 2 A By 1 A BB 08 Rt | ik
RT A (L T F RO m%;; = st fes

KRG, BENS S RO ORI B (%) i T o 2= 854 o i I B IV A RV R 2% 3 o () S
PR = HEATIE 3, N B R T E XL geg71 900 R R — TR R AR L AR R
S, ] Sk B AR AR ARSI BRI A R U Sk B R A B 0 R s T 2 S B B iR

Wi B #:2025-03-25, f2 2 B #3:2025-07-17 Received date:2025-03-25, Revised date:2025-07-17

EQWE : [H 5 A AP 4 i 00 H 37 7 AR 258540 A TR Uy 1k (42130105 ) 5 7 ) 1] S Bk 4 W A RS w) BB A 58 R 1R 3t
(1.2023G016) ; 3 JE T M 2 bt A RS 7199 H (QYKC-2025-02-01-YFLX)

Foundation items : Supported by the National Natural Science Foundation of China (42130105) ; the Science and Technology Research and Develop-
ment Program of China State Railway Group Co. Ltd. (1.2023G016); the Qingyuan Surveying and Mapping Institute Co. , Ltd. Program (QYKC-2025-
02-01-YFLX)

'f’E%%ﬂ(Bi()graphy) cRHAE (1995—) TR R e N, A, SE BT 400 i B REAL FR K W FH . E-mail : gisleung@163. com

"B 4EH (Corresponding author) : E-mail: laixudong@whu. edu. cn



954 AN NS 0 N ok 44 3%

FEy Ry = TG TR R AT AT
o RIS R ARG B T Ik HEE N T
ASFIIN 0 5 B PRt 9 3 S R L 4 S
Iy PR AR R 2, LAGE AT A5 B 22 R 45 (Con-
volutional Neural Network, CNN) #4714k, R4 X
TP fdi75 CNN RS IV T i = Ab 3, {H 25 368 E AR
Gy ZHEAS E BRI . IAh AR R AL Ty A A 3
R 53 R AR = AR I I T I SR 4 O LN T AR
AR, PointNet' B YR SE L T X S IR s < 1Y L
FEBAE R 3L 2 2 )2 B0 4% (Multilayer Percep-
tron, MLP) & HUZ SRR o 4 HT, 2 T 518 L3
LR AR U2 MLP W 450 A S LR
g R R RN 287 H Transformer PI45 R4S
ZEFYNTR] 3% e )7 A AR SR s B — 2k - g
T I B 5 I, 2 118 g AR AR AE LA 4 S 38 5 4 R
L SR I B A (A AR O IR S ] D A, S B
T SCIRUIN SR, 4 M ks e R HOR R B s T
Bt L B DAY AR A 3 R 1 A SE B
PR

585 W B U Sy R 7 1 RE S A K IR S 2
Xof B A A, I A i e B A AR A =
ANTEREBYRE R BN 8 AR ), A T 24K
Y 55 bR 2 0 A RS , T o3 =2 SRR A A
BEBCHE (1 AR HEA TN SR . SQNT WG] A SURFIE AT )
P2 (PFQN) , il i Mt s (5 o EAT 25 250 52
FW L BEPLEEI 10% 1% .0. 1% 4 5 BT 4R A5 R4
BOR UL B TEAFAETUAY . HybridCR' AR BiAL
VEFE 19 SRR b, 29506 255 1Y 5 5 22 1] 13
D25 () — vk 50 HerE , IF 51 AT FE i 2k Ay o
FRAESE I B8y o SR, ZE R AR 46 by, BRI
PRIt 0. 1% WL ARR TAER B R A, BEHLARTE
A REI0 AR 2 31 AN YA ) BT, 5 Wi A 8 X6 DG BREARRAIE 1Y)
oo B RITER G R PR AR R e
B2, TR A AT AR . %07 O]
B RRARARE A (H T P A7 5 Hhs e 2 H2E
Sl 53 A AN A AR S 377 557 9 b 8w LA 42 24H0)
A, 5 FECRINRWG . =K TR T o Hhs
2 BbR s h A IRECE 7 = T S 25 .
MPRM" 5 R B i R s, Tl ik 22 1 B B AN
[F) |2 AR Th SR IR e A R AR A iR 48 L 5
MM ISR, SR, LR EE PR =
BHrENEEL, FERETURME L IR, I
Hb, F Bl ) R TR TARTE AR

OCOC"™ 38 12 Ry B A2 A3 1 — > A S BAIR B AS |
Y ABHASC TS o, XE LA 35 0 L IX I, BRI
TR R R A 22 2T RE T o

AR ST AW TR B 2 2 T R R B AR T AR
i, B — P L S g ) G 55 M R oy
2, BMBEFERR TR A 1% (LASDU 8454 0. 5%,
H3D FEEE R 0. 19%) BIMAR MR 5544, Irde or ik
R B 43T A W B Oy ki o B bERE . BURT
2% T A A e B4 A v BE AL BE B = T
TRBERIYN S B, AE AU G f o T 282
2R e R U 2R 25 AU WAL AR AR e B
A e DX, I K L T . ER T o
Hh, AR S0 B U] s AN B R P Y SR AR T
¥ LR TR Z i Em i Efn el 25 s
SRR R, At BRI A A TE SRR
15 LA BT R I 2 B AIS T % KRS AT 1 5
AR K o
1 A&
1.1 Fix#k

F Bl 2 HAT Al RN R R A A
O EAURAEA BR AR AR N il [ B A
PR B AN 2 M P R A U 5 0 5%, AT i v o 6%
MR A RE ) S B R A hn & . gl 1R, &
Bl 2 3] i AR AL AR TR XA 46 Ak K B AL
Y5 BEAREREAEARALALUAERSY . B, FERIR
B Bt , B AL £ — /NI 43 i 2= 8080 2R A7 s i b
T R A B T L TR R TR A B VA R R
SN £ < ¢y i [ = i A E IS T = (O e i
Ak SR o R R R | DU o 0 S e
Fic SRR UGE R R SCar R 5. R TERE
ARG PE B B, AR AN O R AR AR MR AR EUR
B RFERME | AR E Tt P 3 £ 05 A M (8 i REAR
AR, DU KAB AR M BE$2 T, [A] B A A v 2
R R W TR R . BeE R BRI B
B, R PATHEAR R SRR SR B 2 2
TR ARG B sk A R B, S Bk AR T, O Rk
bR, XAk A 2% 2 7 A8 >
TARE A, R T RREE BRI ROR 38 BEAE PR E
T Sy VRS B 1 [ BsF, 34 e A 780 o) 42 20 b 5 114038
PRI RN
1.2 #iARkiRiEM

HLAR 75 I8 SR 4 19 A5 = B0 a3l w0 B 7 25 Y [l
I B DR R R A T 5 A I ) R AR



6 R 26 P A B 2 55 B S 055

B RRE ARSI BHEFR

P N Gy

B BT 8w > 155 W i o H i e
Fig. 1

tion based on active learning

Workflow of weakly supervised semantic segmenta-
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Fig. 2 Schematic diagram of the feature fusion module
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Table 1 Quantitative comparison results of different methods on the LASDU dataset
Vethod F1 AvgF1 0A
Ground Building Trees Low_veg. Artifacts. (%) (%)
) PointNet++? 84. 02 88.97 82.68 49.32 23.59 65.72 79.70
Full Sup- KPConv'"®’ 89. 16 93.82 82.68 55.91 36.97 71.71 84.35
SQN" (1%) 83.4 90.5 77.9 47.6 22.5 64. 4 79.0
SQN(10%) 85.6 90.9 77 43.7 25.4 64.5 80. 1
Weak Sup. PSD(1%) 83.6 91.7 82.4 53.8 25.1 67.3 80. 2
0COC™ (1pt) 86.5 92.8 84.6 42 21.8 65.6 82.3
This article(~0. 5%) 88.2 93.8 83.5 49.4 25.2 68.0 84.1
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Fig. 7
on the LASDU dataset

Qualitative comparison results of different methods

oy El o T RIATEME T R T E 8o
] SRS Y OCOC J7 i P38, A SO i T8 X St 47
TJRERR &R o S5 R, 0COC J5 i AE Ak Bl i
FERHIL 4 5728 BRI A7 7E TR 1A BLGR , {91 A fFR e A
B I> AN Hu T, R R S R A A . A TS
TEAEZRARN DX b A ke 0 1 IR R, B
2850 X 3 BE AT o AEAUHORTA FR GBS 15 B B o0

&2 FFEE LASDU HIEE LM EEX L LRWER

T, A BIROR O i 4 B U7 i KPConv, B HIE T
JIT B 7V A S AN SE AN
2.4.2 HIDHIBEIWLER

75 55 W B 25 R (AUl T 249 0. 1% 19 5 13 2
P, N 2 i AT A H3D Sl 46 R 4,
B8 T SF 1 F1 4> B0 75. 3% 1R R ORS B (0A)
86. 8%, i ST T HoA 55 Wi B ik o AE BRI
b AR BAE 2 A G R BLIC S S )
T Chimney ZE 5|, F1 73 BGA 3 87. 1%, W E L T-55
W B REE T 1 0COC(80. 5% ) . W T o4t H AT g %
N 1 R AR B9 28 5] (U0 Impervious Surfaces | Vehicle |
Urban Furniture Fl Roof) , A% J {5 7E 13X $6 28 5] |- 1551
BT B R R I TN AR 2 A0 REAE A iR KA A
RE 1. BLAh, Sl B M, AR DT B Rl
43 %0(75.3%) 55 T KPConv (74. 9%) , i —3EH] T
HAE B b i A5 73 S P e T A DR

FE H3D CH 4 b 0 8 S B0 25 SR W 8 Fw
F % /R T ImpSurf, Vehicle, Urban Furniture Fl
Roof 88 280 1Y 43 880 R o NZ5 SR ml LU AR 5]
OCOC TE 43 AT 55 HAFTE — 28 Y 1 43 25 Rt 45

Table 2 Quantitative comparison results of different methods on the LASDU dataset

F1
AvgF1 OA
Method Urb- Vert-  Chim-
LowVeg  ImpSurf Vehicle Roof Facade Shrub.  Tree Soil (%) (%)
Furn. Surf ney

Full PointNet++ 88.3 86.9 27.9 49.6 93.6 71.1 58.3 95.0 48.9 57.7 57.3 66. 8 85.5
Sup. KPConv 88.6 87.7 80. 8 63.5 94.7 78.1 61.7 95.6 33.2  T7I1.1 68.4 74.9 87.2
SQN(1%) 80.4 79.7 34.6 54.4 92 75.2  54.2 92.6 2.4 49 64.2 61.7 80.1
SQN(10%) 84.3 83 37 545 93.5 75.5 56.8 93.1 3.5 50.5 66.9 63.5 8.5
Weak PSD(1%) 84.5 85.7 37.8 544 93.9 71.9 56.7 94.7 453 49.5 58.9 66.7 83.7
Sup.  OCOC(1pt) 85.4 86. 1 60.8 59 93.4 8.9 58.3 945 259 80.6 80.5 73.2 85.2

This article
87.3 88.3 72.6 61.9 95.1 80.7 60.3 94.5 21.1 79.1 87.1 75.3 86.8

(~0.1%)
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Fig. 8 Qualitative comparison results of different methods
on the H3D dataset
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