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B SE 0, H AR A AT S8 B Y B R] 2 A7 B — 8 1 R
il . FHEAEHOLHERIMAERAATLS, 5%
AR L, TR A F hiE Oy XA R AR 2R E e
A KA TAERIBE ST, T LATEIN B4 . A R ) B 21
MRIR) 25 R R, 2E 1T S L AR B S R0, 2

223X F Alos-2 PALSAR. Sentinel-1C I B & B fL 72
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Fig. 1 Mangrove research area
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Fig. 2 Delineate quadrat (a), recording coordinates (b), meas-

ure the diameter at breast height (c) and recording data (d)
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23 FHik
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B M S0 £RC 4 45 5 LiDAR B 41 BuAs 20 0 48 & 5
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(1) TE BSO8R T2 4 1 30Tt =
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Ti mio (2) 58 35 X0 WO A 2 B8 J5 22 00 T gk 22, P 5E
it 3 — Al = B P AT AR 1 B S I e
ZLRPPROMR A 548 Z 8 (A2 . W) S5 R85
SR K7 R AR B S AGB, 45 & S LY AR i S
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I AGB AT M5 5 @48 . >R 2% o 2 R AR R A
S0 A [ 4R 0E 78 b 0] T £ ARl b A e e 3 Y
FEEE, $% IRRRE S SR R AT AR R e . (3) % R 57 4>
HE 2R 1 80% 11 M INZRAE , 20% 11 Sy 3 42 B AL %)
g, INGRBLAR 2% SRR & AR FUBRIA S B0k 1 T
BRI, L RFI RMSE 1 K /N A 30 5E U I8 i A A,
PR B R IR AP B . (4) 55 PEAG 4 FhgEAL Y
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Table 1 Statistics of point cloud characteristics of aboveground biomass in stands
A E139=8"4 HHEAR
elev_pOl\int_pO1, elev_pO05\int_p05, i 5. 51%. 5%, 10%. 20%. 25%. 30%. 40%. 50%. 60%. 70%.
elev_plO\int_pl0, =+, elev_p99\int_p99 75%. 80%., 90%. 95% . 99% {3 HiAb Xt 17 Fr) o 4 \ i (L
elev_cv B Dy 5 SRS R _ stddev
_ mean
. - o [1¢ -
elev_stddev T R BE AR E 22 stddev = ;Z (=%
i=1
elev_iq T R B A B B DG 4 o ) iq=p75-p25
Ly .
oy e p[ —D
elev_kurtosis REDT A 25 0 B4 A 1 P-4 1 2P
kurtosis = ——— =
a
1 < .
Y oy . —_— p\ —_ X
elev_skewness FETT 5.2 e B A A AR AR n—1 Z( P
skewness = ———————
a-
elev_variance ST %
elev_max HOT R m m B R KE
elev_ave BT = R BT E
elev_mode BETT i B AREL

H: ovIIRAE T REL stddev R ARifEZE; iq @R DU A [H]BE; kurtosis F/n I skewnessRnIiAS; p25 J25% = B H 4G p75 NT75% & H 43
BNEG PO RS F RTINS SR EE(E; PR —SE TR TT T A s T8 s o T ERIC N R 2 B A3 A AR 2%
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Fe AR N ST RFAE A I B AR DT 4t A5 Y B o 1
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ARA W Y R ORI
24 EEMESITMG

FATZ 25 H A 22 560 T R AL B, $R BT
LiDAR i 2= %0085 0 4 i 28 B0 4k 39 A, B Je R 0% 5
TR E PR 07 1%, 19 BIAG 5 AGB AL i (9 R %
P, HEAT AR B e DA IRl TU A 78 i, 4K 485 45 T i
(978 7t 5 4 R 7E GBDT HEZE T 2EATHL Ak i L4 =7 ~)
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{E; 909 TUINAE ;. o0 LS {EL A9 - 20 805 N R 20 B ARRE
At

3 RS040

#R
S Hb R A AR R L SN AGB Bl T LR 2.
S AR BFE g 17.27~27.27 em, “EHI{E N 22.48 cm.,
SE AR T S L R 9.40~16.74 m, 44 {H A 13.23 m,
S TG S 0 A R R 56.75~205.95 Mg/hm?,
SEHAE A 133.99 Mg/hm?, 2R = & T [6] 2R pif 5 )
WA 8.55~14.95 m, -4 {H Jy 11.82 m; S0 g 42 11K
T 5T AL AE 15.45~31.88 cm, “FE-HI{H "~ 20.73 cm;
Sl AGB 5 T iZ W98 AGB {8 14.37~ 98.82 Mg/hm?,
SEHIE S 58.16 Mg/hm?.,
32 TEEENWITM

Fy /0 e T A5 b S A AR ELAT B A ) i
P, T B AN A G R g 8 A DG 1) 28 et T DL i A R 1Y) T
WIRE A7, LA 5845 39 748 5 5% A python HY Y 4§
AETE £ S B e, (o 28 J B2 B R iy VR AT B L S8
Y 0 L, 480 E AT B R AE M,
0~ 1, N [&l 4 PR o ¥4 728 it 1% 8 2 18 DA e 2R HE
¥, B R 0 FoR X S AR R WA BTk, 1 AL

31

#2 TMNIRHEKARSH

Table2 Measured mangrove tree parameters

ZH SN SN M
Hg#%/em 27.27 17.27 22.48
B 5 /m 16.74 9.40 13.23
AGB/(Mg-hm™?) 205.95 56.75 133.99

ev_stdde, int p90, int p30. int p99. elev pl0. [F]H}F5
BN HEIE S 5 20 WAk AGB S A58 20 X6 17 ) 22 AR A 2L
PECEL ), MFRE BT 2 A F] 90% Z )5, LR i%
FRAEAE B 22 J5 9728 B 20 AR AGB 3 1) 53 ik % R
R, PR R T 90% F RRAE AR 1t 5 B, ) T 19 BRI
BN T 90% HYFFAEAE Ry — AR A A, i A BB
g SRR I AERT 90% YRR AE AR B P o 2 g
A R BRI 64%, 5 iR AR RS B R
FRT 46%, [H I 5 3 A8 Bt AE 21 B4 AR AGB B T v A b
T R A e ELA R Y BT
33 EEIEHALLE

K6, K17 XFHE T 4 FhBLES 5 2] B Al S 20 RS Ak
AGB WHRTEE . W42l Tk i 17 78 Sy A 3] 4 4
RUep ) SE 6 e E RE(R?) 5 3 75 A% 25 (RMSE)
R Ay RS L o TS5 AR, XGBR 1E 4 F#l

XF LLR AR AGB T 5T BR AL R 928 it S B0 il el AR 2 RS e SR BT A REOR, 7R DRI 2k
0.14
0.12
£ 0.10
0.08
Hﬂ{%*0.06
2 0.04
0.02
0.00 QO O DNO = VWV TO OO X P 2 OO WO OOOoO WO LWV OoO YOO oO Y= 8O VO
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S EEEE 353 EEB g 2B3EERBERES ) JEEEBEEBEE BB 5B B
1] © © © © T 5 e 5} T T o L 8% © © L 5 o o ©
B} < S o ]
A i
& 4 BF50 DX BRETA PR A 6 o AL T PR T
Fig. 4 Importance order of selected variables of mangroves in study area
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Fig. 5 The cumulative importance order of selected variables for mangrove forests in the study area
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Fig. 6 Scatter plots of measured AGB (X axis) and predicted AGB (Y axis) in four different ML models (testing phase)
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Fig. 7 Scatter plots of measured AGB (X axis) and predicted AGB (Y axis) in four different ML models (training phase)
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Estimation of aboveground biomass of mangrove forest using UAV-LIiDAR

3
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(1. Key Laboratory of Marine Geographic Information Resources Exploitation and Utilization, College of Resources and Environment,
Beibu Gulf University, Qinzhou 535011, China; 2. Guangxi Key Laboratory of Marine Environmental Change and Disaster Research of
Beibu Gulf, Beibu Gulf Marine Development Research Center, Beibu Gulf University, Qinzhou 535011, China; 3. Guangxi Key Laboratory
for Geospatial Informatics and Geomatics Engineering, Guilin University of Technology, Guilin 541004, China; 4. Guangxi Zhuang

Autonomous Region Institute of Natural Resources Remote Sensing, Nanning 530028, China)

Abstract: As one of the vegetation types with the highest carbon storage in tropical regions, the area of mangrove
forest shows a trend of fragmentation and reduction. The spatial distribution and dynamic information of mangrove
biomass are crucial to the estimation of greenhouse gas flux and carbon storage, as well as policy formulation and
implementation. However, both optical data and SAR data commonly used for biomass estimation have signal satur-
ation phenomenon, and traditional estimation algorithms for mangrove biomass estimation have high data require-
ments and relatively low estimation accuracy. In order to solve this problem, this study compared the accuracy of
four gradient enhanced decision tree algorithms for estimating aboveground biomass (AGB) of invasive mangrove
species Sonneria apetala used UAV-LiDAR data, and discussed the importance of variables in the modeling pro-
cess. The results indicate that: (1) XGBR had a high fitting ability for the estimation of mangrove AGB, reaching
R?> = 0.833 8, RMSE = 1.55 Mg/hm*. (2) The predicted AGB in the study area ranged from 73.10 Mg/hm* to
190.00 Mg/hm’, with an average of 109.10 Mg/hm®. (3) LiDAR index describing canopy height characteristics is an
important variable for estimating mangrove AGB. Conclusion: This study proved the feasibility of UAV-LiDAR
data and XGBR model for estimating the AGB of mangrove forests, in order to provide data support for the blue

carbon research of mangrove ecosystems.

Key words: mangrove; UAV LiDAR data; aboveground biomass; gradient enhanced decision tree; inversion; Beibu Gulf
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