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Table 2 Growth parameters of mangrove in Maowei Sea
T LR E K S8
WFh DI A YS a
MREARR  BUsE Bflem FERlem  EE/m EEAFITREL 5L W /m
¥l 34 6.51 2.8 — 2.35 1.36 1.77x1.68
Hil AL 10 PN 54 18 6.24 — 3.6 2.16 3.56x3.02
/M 9 1 1.87 — 1.73 0.36 0.75%0.7
i) 15.4 1.74 — 7.11 3.07 0.62 2.21%1.91
L8] 9 SN 28 5 — 17.35 4.4 1.12 3.6x3.25
Fe/ME 4 1 — 3.15 1.8 0.16 0.85%0.8
Wil 81 1.16 — — 1.44 81
EAN 4 SEYNIER 91 2 — — 1.65 91
fe/ME 74 1 — — 1.16 64
¥ifE 86.33 1 — — 1.35 345.33
HH 3 RME 105 1 — — 1.45 420
/IME 67 1 — — 125 268
¥iE 1 17.75 49 1 4.15%4.42
et 5 2 SN 1 24.3 6.35 1 4.8%5.14
e/ ME 1 11.2 3.45 1 3.5x3.7
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v Sinr)

i=1

A, K, N Kappa ZEL, x, W 1T i 9 OREAREL,
x, WA REE R i 2R R, xR R SR
BRI, n o NZEAN R, NOMEEAS B

ammit EEYEMERER

S SCE 5 A B N B LD AR RS
Yyig e A KO R (2l AR AR AR 7 U 5T
D), PR AR, R AR B R RE
ARG . BT IR SCRR T A LA RIS TR |
WP B R A R A A 25 5, T A
A U KO R AN AR, Ol LA SCAR 45 A
FEX NIRRT | e . AR RPN R S AL,
WS PSR SR 4 | AR XS AN AR [R] A= KB
ASRYLIN S AR RO R, TSR Bl (7 P A R R
M EAP e BT LD MR S A D R A 3
77N

2.34



SLEER A T AHLZGIEFN LIDAR [ 20 MO 4R o 5 Ak s 1173
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Table 3 Algorithms of allometric growth equations for
different mangrove species and Cyperus malaccensis of

regression model
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L2 (elevation 12) (Li%E, 2019) %564~
JERE S5 B m AR 5 2O RS & 0 T
AR =iV IO e AR A B
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(K16). 456 IH Al s g, JLSE Ak AR
TERS 3531k 8ARRHI O3 KR, BAASTENZE I 43500 T2 43
FIS6 KR, K294 86.71% F160.21%., 183 %f 1
Gy M LA 1 RN L I A A A AR AR R B (7)),
TR A A LT A R R AR B e iR . Ak
IR B 7E 1.8—4.4 m, H{E N335 m, HIMERN
336 m, IR IEEAE 1.58—4.02 m, T} 2.99 m,

PIE R 3.07 m, 1222004 mPA, FCSZil{Emg{E,
HRl AE AR o SR 7E 1.73—3.6 m,  H{E A 23 9]

22 m M 2.24 m; JEEAEALE 1.94—32 m, H{EA

PHE /500238 mF12.47 m, KIS E TR . M
RS LIE 1, WOLER IR EMS B R S
T EL AT AR RS o (EN T2 el i, e g
Fb SE R A A, BK R AR A6 B 4 B3R 25 45 51 R
21% M 43%; WaEXF A, Bkt 7 2 30 2% (1) &
B0 R A 8 43 S RO SR IR 1 — 435 A e
HTFARKER, WARTERCH, o0k & IRk 2
SN, P ECAR S F AT B AR, e R )
WEA R, WX TR LM, LIDAR M=
ARG BEAFAE— 2 B R BRAE

R4 ETAREBHFEFENIMKRS LBEE

Table 4 Classification accuracy statistical table base on different characteristics of remote sensing data

Sk ES i o BERFAT 2o+ B R
FHF RS BE1% il R4 2/ % FH P RS RE 1% il R4 /% FHPORSRE1% il R4 2/ %
L 95.28 94.87 90.79 97.35 97.18 98.06
AL 91.74 9238 51.16 94.71 95.71 96.61
AN 72.77 76.75 87.62 89.84 89.28 91.40
oty 5 42.36 49.97 82.88 1.91 54.54 100
A 82.16 82.46 89.2 94.61 84.39 83.24
T 89.06 78.91 93.83 80.73 90.15 87.93
7K, 85.80 84.18 89.72 82.46 91.98 92.56
SRR B % 88.38 84.3 90.69
Kappa 7% 0.84 0.79 0.88
j? 33 LRtk FEYEMHERT
oo} XA XN AR AR i, BRI AEK
B A FNBLG B A 3Cor K AR DL TR A 5
ﬁm_ (1) XF TR . A AEA i TC R 555 3 A TR AR El e
20¢ AR, HTHREMIM ARSI, %460
SR N R RN RN RN R R ABURERRORRR R R K, it
¥ Wéxﬁ/ &9 @-§@w T 37 XN 4% S LT SRR M b 2 A
& O‘é*< P SEE, ST 2 B 15 B RO LTE A S A
& HELT R K SRS A YRR R (2) X T
ARRHESH CRE, ZRHPRREAMY, WEIH— e T
El4  AFFHES R 5N

Fig. 4 Classification accuracy based on different characteristic

parameter
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Ko

B IR A A W i 22 TR) YOG R AR AR Al 3
AR, (3) | TIHARREBE N, EEIELAT
Yoloel, MERRTHE, TCEMEDEIE 5 Y 2 H
0 FAAY DRIk SR FH B A7 T AR AR ) - X (1 ofe
DA A T AR5 b AR

ARSCHETHR BRI . A AEA FI TR 3255 3 7
AR CEF BN PER PR IL = e o N S Y G AR TSN i
ORA YRR, WE TSR EH (Height) |
MR C (Canopy) AR B AR 5 [A] A7, 1
T X N ToiE RECR D, AR5
FH AP PRRA AR SEL, IR ] A
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Fig. 5 Classification result of different characteristics of remote sensing data
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(b) Single tree segmentation results
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Fig. 6 Single tree segmentation results base on UAV-multispectral
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B 1 - 2B i el R A O I AR O, R
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ZLR I AR W e S R R R A DG ARGt R
R A7 0.019 F10.055. BL A4 LB, #F5EIX
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x5 B GEEMIIZ R EEYERERE
Table 5 Estimation model of aboveground biomass of

Kandelia candel , Aegiceras corniculata and Acanthus

ilicifolius L

A [ A Y R
H W = -7716.99H + 2486.77 0.019
oo C W = 1.0677C - 1.1395 0.547
H+C W =-0.68689 + 0.000596H + 0.902684C  0.678
H W = 6.228498 + 0.775481H 0.055
HiieRr ¢ W = -0.83085 + 2.9635C 0.824
H+C W =2.013688 - 1.23427H + 3.007914C  0.832
EZRE NDVI W =9.9236NDVI - 3.1985 0.7739

W WOl AR H O, C M
34 AT E S RIFMES T

WIS N LR AR Z o N TR AR, 200 20 Z4F
1112 5 SO & Ry 1 B TR S L R TR K E A Tl
DX LA PEAR FIRK il TR A= FiARL O 325 (ELRE 8 947
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Fine identification and biomass estimation of mangroves based on UAV
multispectral and LiDAR
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Abstract: Mangroves are special types of woody plants that grow exclusively in the intertidal zones of the tropics and the subtropics. With

respect to environmental and ecological values, mangroves protect the shoreline from tides, winds, and storms and act as the first line of

defense against extreme weather in coastal areas. Moreover, mangroves have a continuous carbon fixation capacity, which is much higher

than those of peat swamp and coastal salt marsh. Mangroves are an important part of the earth carbon cycle system and considered an

important blue carbon sink on the sea and land margin. However, mangrove habitat is threatened all over the world due to human
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development and utilization activities. Therefore, monitoring the spatial distribution of mangrove types and biomass will help guide policy-
makers in taking effective utilization and protection measures.

In this paper, on the basis of UAV multispectral images and LiDAR point cloud data, the support vector machine classification method
is used for mangrove identification. Furthermore, mangrove species are distinguished according to different heights and distribution areas
using the elevation information in the UAV LiDAR point cloud data. The structure characteristics of mangrove single wood are extracted by
the point-cloud-based cluster segmentation method, and an estimation model of the tree height, canopy, and aboveground biomass obtained
by LiDAR remote sensing is constructed, Finally, the aboveground biomass of mangrove in the study area is calculated, and its spatial
distribution information is analyzed.

The classification result of the species types of mangroves, which is combined with the multi spectrum and LiDAR point cloud data,
can reach 90.69% in total accuracy. The kappa coefficient is 0.88. The accuracies of the algorithm in identifying single trees of Kandelia
candel and Aegiceras corniculata are 86.71% and 60.21%, respectively. Among them, the middle errors of the heights of K. candel and 4.
corniculata are 0.36 and 0.18 m, respectively, and the crown width extraction precision of K. candel is higher than that of 4. corniculata.
The regression models of the aboveground biomass of K. candel and A. corniculata are constructed. The accuracy of the fusion model is the
highest, and the respective decision coefficients (R?) are 0.678 and 0.832 for K. candel and A. corniculata.

Mangroves are mostly planted artificially in the study area and distributed in a belt perpendicular to the dam: K. candel—Cyperus
malaccensis Lam. and Acanthus ilicifolius L. —A. corniculata. The area of A. corniculata is the largest, which is approximately 8.91 hm’
and distributed on both sides of the tidal ditch far from the dam. The area of K. candel is 4.69 hm?, which is distributed in the area near
the dam. C. malaccensis Lam. and A. ilicifolius L. are scattered in small areas among the different types of objects. The aboveground
biomass of mangrove is calculated by the estimation model of above ground biomass. The aboveground biomass follows the order
Sonneratia apetala > A. corniculata > C. malaccensis Lam. > K. candel > A. ilicifolius L. The distribution range of mangrove’s
aboveground biomass is 1.24—3.6 kg/m’.

Key words: remote sensing, mangrove, UAV, multispectral, LIDAR, tree species classification, aboveground biomass
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