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AIZE S FlE RE NS RO o B2 A 25 RO B Y 2R
MBI RIKAE ) ()4 55, 2013), T4F
K, OGS 8 SRR R AT AR bR BT 5 8 A Y FR
GRS, AR S5 IR (Boyd 4%, 2002)
MFhArJE (Ahlswede 55, 2023) . FRARE BUR AL
(McRoberts %, 2013), KT, MG IR A
REXS BRAR BT PR AT RS, I e Y XM e 1
P, (HJE Tt 1R BEE 2R IBOE J2 TH0H
Y BRSNS R R, M LRI T RS A Y SR
RGP A TR, BOLHF BB GHE &
J&, BTz AT AR, SR SRR B A
DU T IREE R, RS b 2 i R b = A2
), VFZ2 8 R R SR RUBE 1 AR I A
WEgE, BNk &l (Kwak %, 2007) . WEL5H
& (Popescud¥, 2003) 45, FFHPBOLE AT
PRI E A 2 2AT M IO TR IR TLS  (Terrestrial
Laser Scanning) A1 #L 2% # 0% H 15 ALS (Airborne
Laser Scanning) WA FB . LT ALS, TLSHE
AR MOEZ LA 5 my4nyy, 3 T
BARSHEOTE, DTS4 i 55 T 20 AR IR Y
RPFEE (Guods, 2018) . I HA S FIF Ik
AT LA AR Ge oA s RN TR BE 2 2 B
TG s = BRI B AT LA S LT WA
. T RE)ZE S AR CHM  (Canopy Height Model )
B> FIOTE AL T M a0 H107 4k . BT CHM 1)
I3 75 B AR N — i i = IR R
S, TR R )2 e B R B
VMR ARFAE , T2 R 25 o R R Ak B 5 2
PRI, FEIEATARTE . W UL o R 5 A X
BE K (Hyyppa %6, 2001) . 437K (Pouliot
M King, 2005). JEFEHEH5#IT77 (Suimbu 1
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SrYLab B, JREAT IR R, WEMEAREY
41 BEV (Bird’s Eye View) M E, fii FH Faster
R-CNN TG, ) T B B o SE B R
53#] (Windrim Fl Bryson, 2020). LL_FPFH[FEZET7
e, B RCEERI, BRT R B R LA
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R, sroAE A, SERARRE . IRARIX . &
bk 4250, FIH PointNet (Qi%%, 2017) XfiAk
R AU, U0 A AR AR ) 44 2R R R O
(A B A BRI AR S 721 ¢ (Chen %, 2021) 5 Luo
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Fig. 1  Original point cloud
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Fig. 2 Algorithm frame work
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(Dilated Residual Block) .

2.1.1 FHEBZE 1814755 (Local Spatial Encoding)

BEMBES P, VSR SWRHE, RS
) S AL BRI T AT AR x, y, 2 AeARiEAT
Hifi, fHi15 LocSE FRITHE S > Jmiff LA, AT
e 2B 2% RE A A R 27 ) B 4% 10 JRy T 44 o
o & T FRAR S AR AV B G A R A5 AR
IR,



1252

National Remote Sensing Bulletin

#RFIR 2026, 30(5)

[ —————— - =

1
______________________ 1 1

LFA
—
RS

MLP

1
o a
g =
< .
<t
© &
q
& =
<

2.1.2 Attentive Pooling

30 o e R 23 A SR A AR T R R 2 S EUR
EE RS, FI RandLA-Net W28 % FiE 2= 101
il S A A AR S B RRAE . AR S X B R AE R
BB — A3 R Bk X BN AR R ME— Y 1
B, BB AR S A B B T
BER AN,
2.1.3 ¥ #Fk Z 3R (Dilated Residual Block)

BT = AW LR AL, PR A B K A
A SERAZ B DA BR S A S = AR L 40
PA I Rand LA—Net 4 224> Jmy 0 25 [8] g bt | 39 25 it
DL B Bk BRI 45 20 5 FE — A A L TR Ak 25 B

2.2 ETF RandLA-Net B 2L # bR A B I 4 55

HAT O A V23T 8 s W sl LR 2 T
W23 B 1 T v, A9 R  ASORIARS I o5 1 i 3 25
5, FHHEZRE, AERTASHE R IE
e, BUATFFAR R T R U A TR 508
T AT B RS> #) . RandLA-Net fEf% M2 223 5
MR REUBR A RRAE, P AR SC3E T RandLA-Net
P 28 A TRE 1 A 43

2.3 ETHRTNAZARBAKRSSE

AR DT a1 D N (S i L1 R N
AP I TG 8 R 2R T 1 B AT S8 ) 1 . AR WF5E 5
(PO REBEE B i DO Y 5 ) I e U R iy
orEl, PR TR BRI T, e B TR
T AR AT A B PRI SEA AT

(1) HE T 3 0 da o3 0 A b BT A 48 K 321 i
o, MREpARTET.

(2) PA—7E (e B AR 2+ HEAT IR B2
A R B R R SRR /N T B, A B

—~
o
e,
O
el
N
=
=2

RandLA-Net

FC: 4ni%#:; LFA: REHRHEER S,

us| &
MLP

o E———
LA 5 LT 5

RS: BEHLRAFE;

US: FRFf; MLP: ZJZE%1HL; DP: Dropout
%13 RandLA-Net b [fii &5 244

Fig. 3 RandLA-Net ground filter architecture
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CLREAR, 240k [ DY LA AR R 2 ) 96%, F,
AR B FIALTE T A R IR 3 A . TR
KIS FIE LIRS A FET TS ORI X, 2k
ZLA PR 40% . IZ AR X HO AL bR 19°34'N,
110°45'E, THFHIA 2948 ha, BN I A RIS IX .

3.2 LiDAR#ERE

AW 5% 7 FH B0 2K FH Rigel VZ-1000 3 47 2%
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JEERE DS

#1 TLSE&iHH
Table 1 Specification for the TLS instrument

ZH 18
& T4 Rigel VZ-1000
IS R7S T®ATH ]
[1 3% EAmF3
A /mm 1550
IR RTIA/(7) 100
BOL™ a2 — RO
L /m 1.5—1400
Mhi/kg 10

3.3 #EELISGHESRIEHE

A S T 908 IR R i SR T B I 5 KR8k ok A
OpenGF Hda 4 (Qin %, 2021), ZHE KA
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BAANFESE, AT T N, A AL
4 KHIE o

TRy R R R ok A X 45 (2020)
NI RS, 16 ASFEHL, {24 Lpline, Npoplar,
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WSpruce Z 2,

ARSI T 9 LR AR HEA TR BE PP R 4G
ROPHT . R REHD AT RIREHD A2 2K TV AR
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TEAEHL S1I—ST AR YA, IR T 25 T A,
T 5 SR A

F2 M 4FAE

Tabel 2 Characteristics of tested samples

S T /m? L N4 % (pts/m®)
S1 90.4 18 35165.0
S2 153.0 41 20067.0
S3 133.8 54 4645.9
S4 110.4 39 16437.0
S5 120.4 15 7042.3
S6 193.7 23 6506.2
S7 147.9 28 6885.9
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Fig. 5 The loss curve of ground filter model
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Fig. 9  Ground filter result of plot A1, the nonground points and ground points are marked by red and blue colors respectively

FI10  FEH A2 Mt s e 235 8 (L0 (0 o AR i e, (0 M T )

Fig. 10 Ground filter result of plot A2 the nonground points and ground points are marked by red and blue colors respectively

F11 FEHL AT RISy B 45 51

Fig. 11  Wood-leaf segmentation result of plot A1, the wood points and leaf points are marked by brown and green colors respectively
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Fig. 12 Wood-leaf segmentation result of plot A2, the wood points and leaf points are marked by brown and green colors respectively
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Fig. 13 Individual tree segmentation result of plot A1 top view
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IETRHRE . Accuracy Fm FURIRIURG JE, JE58HR
FIEFRZEGIEHA
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Fig. 14 Individual tree segmentation result of plot A1 side view
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(a) The original data

(b) 734G

(b) The segmentation result
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Fig. 15 Local comparison of the segmentation results of a single tree in the sample plot A1
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Fig. 16 Individual tree segmentation result of plot A2

top view
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Fig. 17 Individual tree segmentation result of plot A2

side view
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(a) The original data
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(b) The segmentation result
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Fig. 18 Local comparison of the segmentation results of a single tree in the plot A2
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Fig. 19  Extracted results by the proposed method
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R3 AXFEEHMSI—STEIERE

Tabel 3 Accuracy assessment of the proposed method in

plot S1—S7

FEHLS SO IEHf% it
St 0.89 0.72 0.80
S2 0.85 0.95 0.90
S3 0.93 0.93 0.93
S4 0.92 0.88 0.90
S5 0.87 0.72 0.79
S6 0.91 0.75 0.82
s7 0.96 0.87 0.92
¥yfH 0.90 0.83 0.87

120 i S6 s AE 0.023 m A AR ILEAL, B IR 2R 103
LRI RIEZ | 20 R v, B D DU A
Fig. 20 Number of neighborhood points in the S6 sample point
cloud within 0.023 m. The greener color means there are more
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Individual tree segmentation of terrestrial tropical mangrove forest point
clouds based on multiple constrains at tree tops
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Abstract: Tropical mangroves are one of the most productive and biodiverse forest resources but face several challenges such as monoculture
planting structures, low ecosystem quality, low survival rates of planted mangroves, and threats from extreme weather and pests. Conducting
surveys on mangrove forest resources provides essential data for the scientific management and conservation of these resources. Accurate
segmentation of individual trees is a prerequisite for the inventory of such forest resources. Terrestrial Laser Scanning (TLS) can provide
massive, high-precision, and high-resolution 3D point cloud data. However, the point cloud data are characterized by irregularities, varying
densities due to distance, and incompleteness due to occlusions. Furthermore, the mangrove scene is complex with interlaced large and small
trees and tree occlusions, making precise individual tree segmentation a considerable challenge. Traditional methods such as local maximum
detection based on Canopy Height Models (CHM), have demonstrated good performance in simple plot scenarios. However, in the complex
canopy interwoven environments of mangroves, where the upper canopy features are weak, these methods are less effective. Currently, there
is a lack of research on individual tree segmentation algorithms for mangroves based on TLS point clouds. To address these issues, we aim to
propose an individual tree segmentation algorithm applicable for complex mangrove scenes. This study innovatively combines deep learning
and traditional algorithms to propose a high-precision individual tree segmentation framework for TLS point clouds in complex mangrove
scenes. The framework initially employs the deep learning network RandLA-Net for ground filtering and wood-leaf separation. Subsequently,
mangrove main stems are segmented using a connected component segmentation method. Finally, individual tree segmentation is achieved
through the multiple tree tops constraint module. To assess the accuracy of the algorithm, we use three measures: completeness, correctness,
and accuracy. We also conduct a comparative analysis with two classical algorithms. The experimental results demonstrate that the completeness
of the proposed method across different mangrove plots is greater than 0.85, with an average of 0.90; the correctness of the proposed method
is greater than the two classic algorithms in four plots; the mean accuracy of the proposed method in different sample plots reaches 0.87,
which is significantly higher than the two classic algorithms, thus proving the effectiveness and reliability of our method. This paper proposes
an individual tree segmentation framework for TLS point clouds in complex mangrove scenes. Seven sample plots with various data
characteristics were annotated to assess accuracy. The experimental results show that, compared to other algorithms, the proposed method
achieved the highest accuracy. Despite the differing characteristics of the sample plots, the overall accuracy of the proposed method
exceeded 0.8, demonstrating its effectiveness and robustness.

Key words: tropical mangroves, terrestrial laser scanning, point cloud, individual tree segmentation, deep learning
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