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Fig.2 Field measured sample site data acquisition in the study area

2.1.2 #Hu# LiDAR #0385k B

2021 4E 1 4 19 H R4 3 4% DIT M600 PRO
To MU 387 3% 38 5065 AH LA HS40P 8406 1% J5%
ANTE) VU R e BRUA R X E AT £ AR AT
MI3AS T LiDAR fi = Bdi . 4 RIAHN & E 5
FEZY R 70 m, fiii 0] S 5% 0] 85 & FE ol 80% HXUJ1/NF

(a) TAHURBAHOL R IR
B3 #7#EL LiDAR $iE
Fig.3 Airborne LiDAR data at the sample site

2 %, ARSCH|F Intertial Explorer( GPS — IMU ) Ji5 4k
A5 4 45 A 15 M N & BA JG (inertial measurement

unit, IMU) Zt4f DA J 223K T2 2 R 42 (global navi-

gation satellite system , GNSS) $ AR X 45 19 21 A K (1]

W Am BT IR, W] LIS BB G IX 0 =4O =
FE(E3),

(b) B IR A0 Az AR R ]

(¢) ROt A =Rk



<132 - B % %

2022 4%

2.2 MRAE
2.2.1 LiDAR % =4 &13 &3

BLEL LiIDAR F G0t OGN BE 3 8 i8R B
IMU 22510 1 25 5 042 3K E 7 R ¢ (global positio-
ning system, GPS) 42Ul 4 FRI-4H . B HH GPS
I IMU J3 530 ] AR AR O U5 1) A B B o ik e
Ji 7o OGN B %) JE R I b SR A s O [al
Ik IRt 4 S 3 I B B ) 2% , DT A5 30 A% Sk )
L TERAE S B O L L B AR S T R A
T
>
e D O RER 2 BARIIRRYBEES s ¢ i T
Ok e IO 6 S0 D A A 194 A [ A g 1]

{5 PRI b B A5 4R HE A AS RO = R0 3 D B
PRGN %5 B 1Y LiDAR 5 2 5040 20 9 10 T A
S AR S = (RS 2 ), 8 BT B3 ) e T st 2k
AT AT A B B AR A ( digital elevation model ,
DEM) , #E MR B L 2 i AR 825 DEM 28405 v 1531
R R 2 U — AR, 55 R — AR AR s = T
FEBAHC R =85, BT LiDAR i = 1955 — [l
X AL 5 22 1A RS0 B Ay RO, AR A 5 SR HTAR B e 2
25— A R P FAG SRy B30 (R 1) A4S
L8R BE 15 A4S (hpOL, hpOS , -++, hp95 , hp99) |
o0 Ao 0 B 1S A (01, ip0s -+ ,ip95 ,ip99) i

F1 ATFHRSTEHSHINEZFERITE

Tab.1 Point cloud characteristic statistics for

D = (2)

stand mean height estimation

A R YT
hpOT N ipO1, ==, FITAT S5 1% =+ |99 % 4N B4 Yot o7 1y v
hp99\ip99 \GR I B
P Vi RS R 2 fo BE SR E A e R M
P N T 152 1 \BERE P eI
FETT 8 BN TR E (F A5 fB mean , TR
B Ve Y
;Etj{] mean = =1
m
BEDT B W BE SR BE (bR i 22 stddev, THLLY
h‘((é‘v\iﬂtle\’ =
stdd tdd KW+ stddev =
REJT L R B \ SR A B R A o, THEE Y
oo \ig, i
Vev Ve KWge v = stddev
mean
Emode Mmode FETT 2 15 JEE NS 1 AR
Wi R A8 25 43 O 500 N B (¥ DY 43137 45 )
a7 B iq AR N ig = p75 - p25

Om R REAFETT A BLIA — AR 2 (9B o AR T X
BEE jANVA— AR 25 5 0, B R 25 X0 I A 8 B 5 v i
W B LI s pT5 RETT N e BE R _E DU iR p25 WRETT
PR R YT U4 iR

KR BE NGB (R Ny ) I/ R0 BENTRBE (P N )
P47 75 BE N SR (P Mean )~ 5 25 100 JBE \ 558 EE R 4 22
(P den Ntder ) ~ 150 FE TR BEAS S BB (o i, ) RN
558 FEE AREU (P Noae ) LA T 400 00050 B \ 58 B DY 43
LB E (o \iyy ) o At 25— S B B T4 7 N A
DY 2 R B\ I B OB B, bR o 25 R AR T N
R A 2 e \ AR B B RO K, S 2 /)N
2.2.2 My RHHERGME

BEAILARAR B S 43 20 ] U5 1] R0 B 52 0D )
Plagp )k —" 0 BENL AR MR T £ 5 (o] )]
RELH B, FEAS S A AR Rl U g aoh R v, B AR T i
BeorHIA R S T A REAE AR it B AL B £
FRIEAR 5, SR J5 N R B 5 43 B S O0F AR s 2 4 Tl
VAR ARIRY AR I S ARE 19 e 28 T 285 S 2 4 s i)
IMH, FEHL AR A e 28 T30 25 SR 2 T A [ 05 3 0
ZERMFBIE . BEVLAR ARSI A boot — strap SR
FEFN bagging 42 BB FTE , I 5525 2 FH A ik
I HERf PSR . FEF 2] i B, K& T0% (1 FE AR
(48P AT NGB B ,30% HIREAS (4%50) FF s
BB 55 At 35 T R 5 1) WL 2 > SR, B
PLARMAE R AT DAL A AR i ) S B PE AR A . Bl AL
FRABLTY rb i 5 2 1088 S B 8 B R IR B L B/ VR
AHE e/ INEEAS G 4850 i ORI BSOR AT R B 58
ntree 7R FEHLARAMR T AL 5 ISR B , miry 378
BRI RERIAE B, o T DR TE T 235 2R 1
BPE R TH S 45 R ARG B2, A SCR T ntree =1 000,
miry (BUETE 1~ M, Horh M Ay A As) i fir i
T H i AR ) S

SCRE MR HUE R 2 4 LA 2= T O s,
FA AR ) R SR A o e 2 > SRR
FH— AR by e 1 1) i S 5 400 43 BAT S DB
(I2H o 38T 5B s AR 5 5 R A8 2 A A A D
Z, Wt i e TR o T O ) 4 73 e R AT O
X F— A4 2 mk B U [ 4L, 5745 o) s WL 9 FH S %
] 4 SOEP T o 5 HABAILAS 27 S SRR L, 24
] S ML A, 5 /0 I A% R B S 8 (e L 200
K 5L FENALSEL C, SR LB R
ACPRARZRME R 5 HE , X A B 4 oy e ol T
B, RF R AR RO AN R . SR LR
()1 RE 2 A R B BE (A5 . R T IR 22, AR 3C
R 2R T 5 AN ATRERY €, 43528 : 0.01,0. 1,
1,10 #1100,

() s, 38 oy PN T ol 2 ) 4% 119 2 4 S v e A
Al BRI IR R 28 2 45 25 D AUE IR
T—ANEEFE- 1,1 ] Z R BEALEL, FR A A B
TP 2 P 4 HEA T TE a1 A5 4, Tl i 1134 07 223 5



553 4 XBHEE, 4

Bl LiDAR FELLREARAR - 10 i 5 o ) L] - 133 -

WRZE . L AR R AR AR B E R
Fiay 2 ] AT o XY 28 0 25152 25 14 °F- 7 Rk 3]
e/ MER LA AOR BRI . M B BT
U ORI 6 HIVE NS i p e e ha =N N Nl
g m A, BTRCBE, EEEH T
Mo decay FmALEEZEIN, A T F-F i 15 TT £ FlL Y
PHERE , A SCTE AT 2230 1 5 AN BERY decay , 53 5]
72 0,0.0001,0.001,0.01 F10.12 ) BP 14 2%
JRERANE 4 R .

HINEE et it 2
El4 BP e m 4R IE E

Fig.4 schematic diagram of BP neural network

2.2.3 EARE

XF AR 2 e AR A e, A 4 2R 48 ARk
PEAAEAL () PR B, e R AL R FIEY 5 AR5 22 (oot
mean square error, RMSE ) J&:fij i [0] JF 455 7Y 555 -1 22
(bRUE. B i R FEBAR Y RMSE 2 WIHL &2
BRI PERE S 4F o AN, ABFSEE A T AR i {5 B
YED] ( Akaike information criterion, AIC) 2" 1 01 -7
{% L7 ] ( Bayesian information criterion, BIC) '/ 3¢
FL g BT it B 2 [l G it 2 5+ . AIC HI BIC I,
BRI PERE BT L TR B8

N

A
Y (yi-y)°
2 i=1
R=1-"1

, (3)
- (y: - }_’)2

i

] N-1 2
RMM?:Ju/Z(%—QJ SENCS
i=0

RSS

AIC = Lln(T) + 2K s (5)
BIC = Lln(RTSS) +KIn(L) . (6)

Kby, WESE; y, MBI v b EL S
PP N R BERE S B RSS WA Al K
WSO GG 5 L W EH

3 HRGAHH

3.1 SENEEFHES T

F2 P T 66 A JCHIE S 2L MRAE 7 B 18 A
SR AR 2 AT MO X B RS 3. 47 ~
12.02 m,“FH4{EH K 8. 19 m, LI ARB &R 1,55 ~
13.58 m, Jf§f£2 0.70 ~41.00 em, ZIAFRSEIR iR
AR EAR LR PR R P EAR T 0.1 m(5£2) .

£2 SMUNEBNE RS FHEOESSTE

Tab.2 Basic statistics for field measurements of tree height,

diameter at breast height, and stand mean height
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Fig.6 Training and testing results of different regression models
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Application of airborne LiDAR in the estimation
of the mean height of mangrove stand

DENG Jingwen', TIAN Yichao'?, ZHANG Qiang', TAO Jin'”, ZHANG Yali', HUANG Shengguang’
(1. Collage of Resources and Environment, Beibu Gulf University, Qinzhou 535000, China; 2. Guangxi Key Laboratory of Marine
Disaster in the Beibu Gulf, Beibu Gulf University, Qinzhou 535000, China; 3. Key Laboratory of Marine Geographic
Information Resources Development and Utilization, Beibu Gulf University, Qinzhou 535000, China)

Abstract: This study constructed a stand mean height inversion model based on LiDAR data, aiming to provide
dynamic monitoring of the growth of Sonneratia apetala. Taking the mangrove wetland of Sonneratia apetala in the
Maowei Sea of Beibu Gulf as the study object and based on the height and intensity parameters extracted using
airborne LiDAR data, this study compared three models, namely random forest, support vector machine, and
neural network, based on the coefficient of determination ( R*), root mean square error ( RMSE), Akachi
information criterion (AIC), and Bayesian information criterion ( BIC) and then estimated the mean height and
spatial distribution of Mangrove in the study area using the optimal model. The results are as follows. The stand
mean height of Sonneratia apetala in the study area is 3.90 ~11.58 m, and Sonneratia apetala with a higher tree
height and a larger diameter at breast height is mainly distributed near the tidal trench and the middle part of the
study area. In the estimation of the stand mean height of Sonneratia apetala, the maximum percentile height (h,, )
had the highest contribution rate, followed by 75% ~99% percentile height. The random forest regression model
yielded the highest precision (R* =0.938 1,RMSE =0.58 m,AIC =80.50, and BIC =49.05) , followed by the
support vector machine model (R*> = 0.766 5 and RMSE =

regression model yielded the worst fitting effects. Overall, the random forest model is the optimal model for the

1.27 m in the test stage), and the neural network

inversion of the stand mean height of Sonneratia apetala in the study area.

Keywords: Sonneratia apetala; support vector machine; neural network ; random forest; stand mean height
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