1007-4619(2021)03-0737-16

Tt AMLE B 5 XGBoost B2 % R4 43 28

fRa 2, EET M, FHRM, ERA

L IR EARE 288 T RSB, RYI 518060;
2. UK R GV AT X i PR B W o o S0 28 &) AR A8 Bl 2 ) B TR E S S0 ==, TR 518060
3 BRRERY: WG BB R S RO 2 e, BB FE 7514 AE;
4. RYIKR2E Axdw PR A4 B, YL 518060

B OB BAMGBEEIE ST KBRS . SO S MERE, W] $2BU0E HVERE S 3R S 2 MR o 28380
FIUKS B2 0 B 1) B, 1 RIS T ZL AR BR ] AR AR X 28 oh X BRI I AL OGS AR M LiIDAR S5 = 8, AF
5 B AE R B S 6 FE B T3k (XGBoost) B “RRAE T EME" Ja P 28 HH 3 A L0 B AR Bl 325 11 8 AT SRR AIE
HET LA ECIE G A —ERE CEi% B MBI BB ERE . FI—F3) NHGAFRE (F4) . 2T
LiDAR #. = (W —4FE (5 ISR EERAAE . FSAIF6) MHRLARHE (F7). ®bis8 5 LiDAR S = Rl & 45
fE (F8); LT LU LA HERAFAEE 8 1 XGBoost 23 A, 25 . LA WIFh SR B M IR 451, LT F8
FRAE YRR Ay 26 Ve R e (RS T N 96.41%, B 238800 0.5520) 5 T 0 —R0dE W ah &4 1E CRARRS L,
F4: 96.74%; F7: 90.64%) W/ 28PEREME FHF 0 —4¢1E CRARKSEE, F1—F3: 90.31%. 92.20% F191.96%;
F5F1F6: 87.66% F181.99%); F:TR-A4FIE (F4, FTAIFS) FLFHAFE (F3) 4328 E M5 22 FE 5 H BT o —4
fE (F1, F2. F5HAIF6) [ K. ARSCISIUE T IC AMLIE BEE I XGBoost 77 12 78 3k T4 T 1 £1 A AR Flofs o 43 2%
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FRAETATE, AUORLIRARA S R GUERR . R S KA A S A D AR AR AR S R AR S 4

R A, LIRAR, WIS, TAML, mOLER

1%, LiDAR 52, XGBoost
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T

IR R HE B . BRI . HERREY
ZHMEFAETRAEMRS D HE (Murdiyarso 5 |
2015) . WIRIAE L S 2 Re R A R AE S R 5
A HER BB LS (Richter %, 2016), #fh£
FEE B AR R MR S RS 5 TIRERY
B PRI, R o W 2T B PR o g o R LR s
Gy, A BT RO SR U A A B S0 4 i
T LTARAE S R G0 i A W 2 hEE

AL AR T A5 B A G )y 1 5 FER HE )
MR R ST A, HLA A TR A LAR AR
ZERILIRARNTE (CaoZE, 2018), HHLLIN S,
i AR TN T R AL, RE NS SC B £ AR L 23 (]

Y is B HA: 2020-07-29; FRENZAR: 2020-10-05

2 S W I AEL B e ) AR B S A FREAR &L (Heumann,
2011),

HAT, CA KR IO 2 18 R AR X 20
WA R BEAT IR S 2 . TR AR R BRI 2
YR TR AR (U Landsat 51 TR (Bullock
4%, 2017). SPOT (Hauser5%, 2017) #/ Sentinel-2
(Wang 55, 2018a) ) M TiHBIMIX | FHEEH 4
BRORBE I L0 bR s 8] 3 A1 o BE A i 25 8] 2 BE R 2
o6 1% R ol TR R kK JE S R 2, QuickBird
(Neukermans 4§, 2008) . IKONOS (Huang % ,
2009) . WorldView (Wang%, 2016) #H Pléiades—1
(Wang %%, 2018b) i EUEAR, EMAHFEMZ
[ LT B, 2 F LR AR B 1 3 250 5%

56 E BB ZO0E DERBMIL, &

BEEWH: BHEXALREHES (S5 41800854, 41601362) 5 |~ A & 5 fili 5 1 1 2 fib AFF 5% 2% & (4 5 : 2019A1515010741,

2019A1515110400)
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O T 1 R 5 3 O A R 503 28 B A A
(Govender 55, 2008), K AEMEE T LAER
ETAES B, BA SRR (il
Foa, WA A S A AL 4Ty
5 & . M A (Prasad fil Gnanappazham, 2016; Xu
2 2019). HE (Manjunath%, 2013; Prasad fll
Gnanappazham, 2016) . #lz% (41 CASI (Kamal
1 Phinn, 2011) . AVIRIS (Hirano 28, 2003) Fil
AISA  (Vaglio Laurin %5, 2016) M1 2 4% (f] an
Hyperion (Jia%%, 2014; Wong fll Fung, 2014) &
JCIEEE O 72 T LR S H A AR AR A (1]
iR AR AR (Dalponte 55, 2014) . 7 #4741 2§ Ak
(Zhao %5, 2018) . P FAK (Clark %, 2005) #
WA (AlonzoZF, 2014; JensenZE, 2012) i
7.

5ot A I, BOEH I8 LIDAR  (Light
Detection And Ranging) 7 7K BE % 45 HURE 9 45 44 A9
ZHFFIENTTE E (Nasset 1 Gobakken, 2008) .
FSCHTFE R, & AR BB A RUX 73 G 1 R AE
AL i BN TA] () 20 A AR A (Cao 55, 2018) ;5
T AE Bl £ 13 70 B R 22 3 18 JESE AR M LIDAR 6. =
AL AR AT, LiDAR 5 2= A1 48 1 R F 2L L
FERERFE A TTRRBE K (Li %%, 2019a) . I8 14F
f9 Al LIiDAR BF 5¢ 32 %84 v el T A A AL 3
(Airborne) B LiDAR s fiti U 2R MK AL 1 ) L Js 1
gtz (Clark %, 2004) . W (Maltamo 5%,
2009) . B F & (Latifi 5, 2012) . FEJiK i B
(Means 25, 2000) . # fH (Maltamo 25, 2004;
Neesset, 2002) FH bA=¥)& (Gareia 55, 2010)
S RN, A AMLER LiDAR B 19 3% B2 38
R, HEZALFZLM AT RSN R ZmW, H
E MOl Y A R A 32 BR (Guo 25, 2017
Wallace 55, 2012) . #TL84F, Ffi35 G AL UAV
(Unmanned Aerial Vehicle) ffi{4 K fF#55C LIDAR 1%
R POR R B, ML LIDAR B2 T ARk
PIFi ) 3 R BE5E (Guo 58, 2017; Shi%, 2018).
SR, CAMIT RESEEET AR H” ki
BOMSEAR PR T R R AR R AT Rl U B O 2R
(Liu %, 2017; Melville %, 2019; Sankey 55 ,
2017) . SBGHEARARARLL, ZERIMOE —Fh AR K%
Moy Ho2s 18] 3% 2L PEAR 5 A AE B BE %,
LiDAR sl = BOMERS HEFR IR AAS B (Yin Ml Wang,
2019), NI, T A T7 A A LiDAR Kl x40

AR IR B0y S o it I — e MERE . 3 4h, X
T LIDAR 53 25117 £E 19 25 44 R AR AN BEVHE A 1X 73 Ik
MW ARYIR, SEE SIS S, fEME W E R
E AR RIS (Liu %, 2017; Sankey %5,
2017) o 24 gk, Rl TG R OL TS R B
LiDAR 22 X £L R AR Fh 2R 47 73 28 4 IF 5 X ke
TR RS D7 R BE TR 2 20 SRS S R I

o AL A RE 117 A R i DG . s
SEHRRAE a4 OO SRR AR A 4R v £1 B AR
Yy b o SRR ARG B B B ), 124t EATIRZ
Bl PR A SRR SR IO 25, 0 o b s
BT AT . NI RER S (Xia %5, 2014) FIZESE
PR (XufE, 2019) 45, XLETIEANA&ED
KIUeE, WEEHMEIELS S AL N
TIRE IR MR, AT AGRA I £E
o3 2R D RE BT BUAL &% 257 ~J J7 B —— M s A 42
Ft XGBoost (eXtreme Gradient Boosting) . 1% J7 7% /&
T B R T A L A Ak AR (Chen FiT Guestrin,
2016), M IRRZCIE, BERE IR AL BEEZ R
A, JUHE T A R iR 4R A R TN
WLIE R . 5396, XGBoost e HA & FHAIHLRS 2~
g5k (ansZHEm EALRBEPLARAR) HA HAF
JyMERE (Li%%, 2019b; Zhong %5, 2019; ZEHk
3E 45, 2019) ., HOA 5 52 I 25 B 4 B 6 5
(Freeman &%, 2015; Maxwell &, 2018). HAI N
1k, 8 AR AH SIS ) 3207 3k X LA bR b it
fror2k.

BT DR YINAR FHZLR AR 3 SR PR DX 52 e DXAR B
(1 TE AL HE B AR A LIDAR (=, AR5 B 12
FIHI XGBoost J5 i H2 Bt 8 F AU LR AE, JF7E
B IR A AR ) XGBoost 43285 | HE MR R
T NHLIE EEHE R AE AR H . [N 255 23 BT 53 26
K BE RS 224840, 2DV 45 B HRe R R0 43
RBRIRI S o AR SC0] g 2D bR AR 25 FR e g e
DA SRS 1) S A s DU S AR~ AR AR 34

2 BdlES ik
21 HIRIE

TRYN A HHZERE AR [ SR DR DX b A TR IS 3b 5
AR (22°32' N, 114°03' E) (K1), 4EHSIR
23.0°C, 4F [ 1700—1900 mm, 1% M2k H
W, PRI 2E 1.9 mo AR X EE T ER YA H e



ik 45 . T AN B XGBoost YL ARY T 432 739

R 451X, K152 v ik B N Sk 346 s R 28 52 3 )
2 AL RS e, SR e O — 5 T 3 T e ) 2 AR
MRBEVE (I e 25, 2007), B4k, R X TAHEA
DR SRR — LAk R (U S AT R IR 5%
e PRI A b B S AR T AR A (R B
I i PN B o K5 Dl (N U EAR P NS
P1IX .

22°31"40"N

22°31'30"N

22°31'20"N

114°00"15"E 114°00'30"E 114°00'45"E

s [ - S
- ‘iﬂiﬂlH‘EEE - ﬁﬁ.éﬁ%jﬁ)ﬁ
AMMERRIX ) EANEL

1 WX

Fig.1 Location of study area

AR IR pP X IR, AR O X
HR =R BOIRFN R HE, ARG
GEopXRsr (1) 1 TC AL BRE I AF 5% 2T A% A
YRy o 2. ﬁﬁﬁﬁ%?mnoﬁmm7u
T YIAE H LR AR F AR PR X AT B A 48, 3
ﬁﬁ%&Nﬁ—%ﬁ%#ﬁ(smx&m,@a4A
PR (B . TS . BRAMAEHE) W
FEA B o 10 sk AR B L6 B FE 5 19 M B B
(ffi FH Garmin i 0 FHrxC GPSic %) DLWy fp g
F RS, LA B 53 JEREAR (R 3 I

2017-11 By AR 42t AR 47 W 1a] [m] 20 B
%AM%%%%%@MMRﬁﬁﬁﬁ TAHL K

T E i, CAT RO & B 1A 3] 60%,
55 10 8 & IR B 30% . To N AL 1 25 BORN Fii b
BOOJUAAGIE . RS E RS IE) B hdbat
B A2 35 B F AR AT B 2w e A R ) [ S B
AP A PR SE AT 58 1. JE A ML B 11
TEHSE R 1,

B PFE . AT IR 22 S R 25, e
B Ao X BAEE 0—S MG T (£50—2m) HY
Wzs, N T =S8R mEBIREmA TR, AR
XF P EHE TR A s AR TR HE . e, IR e

G FAZ A LIDAR 55 2 f7 42 (0 780 B R AR R AR b 47

TR, IFSRIBCR — T AR BE R
%5 HUC, FH ENVEECF 26 HOH T4 i il T H.
NS Btk U5 BT AR 3R B B 52 1 rh e B 28 1 W)
A (B RiREN 24840800, /N F1m) fE
N SR BCE Y T4 5 B, ARIE R M
TR A, A LiIDAR A5 25 477 A2 114 15 B8 58 B R AIE
MR S m i R AT I . BRI
4 R Z B IX A AN DL AR 5 LIDAR s =
RIARFERZ AR W LASE 2 S . J54h, R —1k2z
ﬁﬁﬁ%ﬁ(me%%E%%%%ﬁ%#&%
CIMARII AT (B 2(a)) s ARIEHEEIUL LI AR R
HAEBY LIDAR A= (E2(b)).

F1 TANEBREIESH

Table 1 The parameters of UAV data

KAl FGIERR LiDAR 5z
RS ZK-VNIR-FPG480 ARS-100
TAHALS XC-1300 DJT M600 Pro

AT 100 m 55m
AT ] 10:00—15:00 —
DINIL A 400—1000 nm 903 nm
e BOA 270 1
SR 2.8 1m —
EHUWG A 26° 30°
25 [ R 40 cm ~150 points/m?
In %Ez/{n 18
[ ]

I 10.58
(b) TiDAR 5 2

(b) LiDAR point cloud

(a) FOLIE#R
(a) Hyperspectral imagery

K2 WL XTI AL
Fig.2 UAV-based data of study area

2.2 XGBoost 7> EFN4FMEIEFE R IR

XGBoost #& — Flt 5 T £ B 2% >J Jit 2 Boosting
(—Fh A 5527 2] SR P2 T a2 S 2R AL L
PEF )T, LU CART SRS B /0 2528, Tt
PERERI R ONWTER I CART A X RRAE AT 70 24, LUBT

HARTE B0 8 BR B A 2w T (5% 2%, SRR R
ST A R A 2 SR AR, VR S B 4 B T 2
(Chen 1 Guestrin, 2016).

yt:z fi() (1)
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Kb, o W REARRIREAE £, () J 45 kAR A T
WHE, 5 AR BUE . 7E XGBoost %,
PR RN 2 A 1 BN E iR 3 AR AL,
J BRI KA 58 Ak o

X T2 7E WY s

7O = OB, 30 = £ (x) = 70 + £ (%),

7=/ (x,) +fz(xi) =" +f2(xi)’

.

.

yEK):fl(xi)-l-fZ(xi)-l-“.+fk(x") (2)
= %, Alx)+filx)

=50+ i)
XGBoost i H bR &% (X(3)) w8 sr 4,
G 93] Sy A e DN R 22 9 4 O PR RSORI 97 1 52 2% S5 1Y
IENALT .

ob* =3 1(y.5) 2 (r)

i=1

= Z‘T (yi,ygk"” +fK(xi)) + Q( k) +c
KA, Uy 7) IR BRE, T LAy, AT
TUTFOMAE 7, Z (] A 152 2%, 6 43 SR80 i 1 43
e PRBUE Y 7% 22 MSE (Mean Squared Error) ;i
QIZIEMALIR, TR ) & 44 B By - AR
A, Q)RS RIS IR, o hHBOT
W R B YR A B SROBUR T AR G ABL H bR
PRER, HEI o W] 2RI
obj* ~ Z (g,fK(xi) + %h,.f,f (x,)) +Q(f) @
Al g FoRBRHREL (v, 7.)0—Br 58 X (5),
h Ry, 7.) S5 (R (6)),
g =0 (r5"") (5)
hy =02 1(y50 ") (6)
MR EZ R UGE, 78 XGBoost 73 F A !

H 3 B I A REORUR O T S )P T
PR PE o

(3)

Q(ﬁ)zym;@ w? (7)
b, y AN TRESH, TR TS,
W R FHRE, 20y o RAT o U2

O I I AL AE I,
LR A TR A, G -

Zielj 8i H/':zig,J hn élﬂil:%it(4)ﬂ:uit(7), ﬂ

PLSR A B A a3 AR ((8) ) A H A bR
#(X09)).

. G
T TH v A (8)

I B
obj ——E; H+A +yT (9)

J3AN, YRR EE R e, A i I 2
HAZSHTREGRZZBRN LR
(Shahshahani fl Landgrebe, 1994); T 4541 [
ARG RE, G FRAEZERE 93, IR 25 4%
JI st B I ] S B, e AR IR, %
PG AT 3 S A e R e . AT XGBoost -
B S # CART PSRRI Y B e f 5 (BB EA
47, Gini Impurity) HEPERAIE. e T8 E0Z HK
iy i I AR AR B Sl R W) S DB 4R
TR BEHLANIBOR A REA IR SR AE RN — B
FEJE A8 BOB N, AR K A Al . TR
XGBoost B 1k v, A AiE & 2 MR M (feature_
importance) JETERIRUREIERT, Kl 225 K p i 15
e 8B DY RIEAE B B2y S HRAE, AR
{45 HRRAE P BT AT AR A B
23 T ANERBREESFETE

H1 T JC AL i D' 3 i 2k 1) 194 3 52 I 75 532 Wl ¢
FEEL, BORE 270 4 IR BB (412.6—1011.4 nm)
By 2 253 M (430.4—991.3 nm) .

BT I AL G AR AT AR i A Bl A HoE o
ENVI # 4 B9 Spectral Indices Batch T. L3845 H
T HARE S AL AR R OETE L B M HOG IS 73 B
H S HET G A AR s B (Rl i il B 7 IR Be
BRI R AR BN SR S, R
WFFEERE T A9 MR EC (PR ILAR FE 3 huups: //
github.com/XUYIRS/Supplementary—file, 2021-01-20) .

RAWISEERY], S5 6 S 5 5w hE
% A R = B Rh o 2505 )8 (Franklin 55, 2000;
Johansen 11 Phinn, 2006; Mallinis %, 2008) . JX
JE A S R LA GE T R 25 T 2 i SO AE Y
WO . LUBUR AR5 — VR oK
JIE LA RE M RIS, EE R HRCR AL T
AR EEAT An] — > B s Be S 180T 5045 31 1) S0 BEARAE
(B W, 2013) o ASBE5EH] T 5 B fF OTB
(Orfeo ToolBox) H ) Haralick Texture Extraction I



B &5 . T AMLIEIR 5 XGBoost LI My Rl 4325 741

ELXFIE AL R G s AR 0 8 — F2 U AR AT L
FEEEIC, TR AR %
ROV, SRR AE BT, ik Rt
M 3x3 5 29%x29 K/NGE T (1S4 H, % R/
n=3, 5, 7, -, 29) WSPFHIE, HETHANEO
) SCHERE S 503 28 4 (Haralick 55, 1973), 1
8RB (Simple) . 10 %% (Advanced) Fi
10 4~ &5 B (Higher) %% 1E  (https: //github. com/
XUYIRS/Supplementary—file [2020-01-20] ).

T ZORM AR A KB it 5, LiDAR {4 84
R O G AR ARME 28 385 56 )2 R T B ik i, 5
055 Hb TR AR DG R AR (At AR R A, AT R
REE) AP —SBER Il . R, AREFIE Lk
JEARAE (564>) FIERBERRAE (4249) . X EEAEAE
(PE WL Ah 78 3C ) 38 5 LIDAR360 A5 2 b P 4K 14
(bt r g L RHECA RA R APLE ML B
TR

2.4 ORMITERSE

24.1 HERIERFE ERRIESHHE

A FRAE PR A SR R 1R AR T R 36 TR B 1Y
K, AW ENVIE A ROT T B, 3T 18
P EAR AT AN GG, S L5 H
Pl ey ] L P b (] B 4 AR 3 HL R SR T Y X
Y R R AU i A B e 8 48 o i T 23 2501
Y0 G AR & 2 /DT N T R R AR B 19 30 1%
(Mather Fll Koch, 2011), H & THRIEYIZREREAR
B ) — B0k, RS S B A v X R 2 A b
R 10000 MR TTH TAEAS (Y R AEIE PR RN 43 2S48
RN 2k o DI 25 85 4l 4 =2 Ah i DX 8 e I
ArcGISEIFRY “QIEBENLA" T H, I3 m /b
FUVF IR S UK 0 25 R REALREAS A5, FREE A
T IX. WorldView-3 il 552145 (4 #E%0.31 m) W H
PR S M R RE AR A, U R 3 A el
2% 5000 MEA S, T JEBEB G0 50 BE VAN

RIS ZORARA T« DY ZRE s 48 b 4 I
Py {53 )22 B AL R A 19 7 125 4% 328 B 7500 4~
FEARH T RBERI I 25, EREE R S0 RS H
FRAE A E M X R AIE 2 P HE 7 I 5 B AR DGk
g (r>0.7) BRRIE, # “ZoThliE” AR
BRI R B ARG, 2R R E
5 08 AR A3 R 2 HE R A R I ARG 2 v R

/NF0.5% B, 45 IRFRAE R 0 5 o 8 5 DL B D7 okt
2.3 A BRI R 11 8 ZS R AR S 5 HH AH I 1) AR Ry
fiE: T AN EICIEAR M B —FRE OBk
Bt MR BORM S EARAE ; F1—F3) KHEA
fIE (F4) . ZEF LiDAR 5 2 5 —451E (5 3 Fsi
FEFRME : F5SHIF6) MHFEGRHE (F7) . #65
HiE 5215 5 LiDAR i = @l & FRfE (F8) . EF
XGBoost FIJC AHLIE BEHE (R Gik 24 F LiDAR
M) MR R AR AN R 3 s .

T . =
RN FMMILIDAR 5 =

Ve AN T

|/ TEERE /) RERE
L

|
|
____________ J

1 J— (LDARKHE)
PR
<FHE > ﬁﬁﬁ'wﬁ. 4
e O FE VPN
> R 52 =T

K3 BORTEEE

Fig.3 Technical flowchart

2.4.2 DEBEITENH

REHFEA ((10)) . EUEHKTE OA (Overall
Accuracy) (X11)) . 77 HEKE PA (Producer
Accuracy) (2 (12) ) Al H /&5 B UA  (User
Accuracy) (2(13)) J& & H HI0Y @& B 20FAN 48
PR(£2),

g b, MBI I 22l 1 Kappa 280, HE
g /D XX A 2k ot 2 9 PFE B (Nishii A1 Tanaka,
1999) , H 5 OA A B 38 19 M K1 (Lyons 45,
2018), JCiLHF RSB AT X BPES (E, [H i,
AR A —3" (Disagreement) >k &t
Kappa 240, EARA—FOD (Overall Disagreement)
s OA bR (3X(14)), AT G o 43 oA — 3
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AD (Allocation Disagreement) (z{(15)) FI%CHE A
—Z QD (Quantity Disagreement) (3:(16)) X4
i35 Hn (Pontius #1 Millones, 2011). fEZETEM
H, ADBIUE XS TR P 2 ) T2
) 25 [] 73 E A S de A DG M i) 22 57, QD B e
SR 275 R 3 2 1 22 [] 28 ) 1 2800 S 58 4
VCRl SR 22 5. OAL PARIUA MR, 42
BERUPERE AT ;5 AD R QDAELER R, Zr R4 B
FR2E . Ji8h, M AD QD E KT 10% i, i fiif &
A —F AR 1) (Warrens, 2015),
xR2 DERBEIFMNIER

Table 2 Indicators of classification accuracy assessment

T
W A A A,
N A Ay Ay e Ay (10)
AT e A, Ay Ay Az,,
© A,
A A4, A, - A,
XA;
OA = x 100%, (11)
n
A;
PA:TX 100%,A;,, = A, + A, + -+ A, (12)
AIL
UA:TX 100%, A,; = Ay, + Ay + -+ A, (13)
OD = 100% - OA = AD + QD (14)
y(2 (A Ay AL A
x T T T
i n n’on n (15)
AD = 3 X 100%
Ai+ A+[
n n (16)
QD = %X 100%,

TE - IRIBAEIE A JE—> nxn BYFERE (G (10)) , n o o 2 0h Rz Y21
BRI FIECGE . X (10)—(16) i, i AUR A IEARN P TP 1T 515
A ARAZYTY X — AT EIRE IR A TR R B AL TR A2 %
Yol i 53 R R i R A R ) SR AL AR R R R X — B 7
TRVR R A PR Y S, 48 O 0 A FR 20 S W b O REAS
S T AR R ARG I A TR X R B E, 8 12 S H YR
L ORAESPSE INEZ LU S

2.5 YIMomETESH

B2 HRRL (Moran’s 1) Wi G LS
REIE AT 5 R P R Al S S 40 2 R) A 25 ) R OGPk
M A2 R 28 T b TR AE | B A 2 FENLR A
(Bajjali, 2017) . A#F 5% 5 F P 34 45 4F #4928 1Y
XGBoost 43 28 1 71 15 31| 8 i £1 B bk b 2 [v] 43 A5
K, FIAH AreGISE AR “QIEW ™" T HLL S m
J I BR A 5] 4y A ST X, R IR A
T HA X 0 4328 R AR AR 408 BT S 1) A S (B R 44 ¥
W R HC A, SRR Lﬁam%”IEﬁ%

TEEFRB, fe e AR T B G S X 2D AR Bl o A
1025 [A] 4 SRR B AT LA A0 HT

WA BB MRS R G, PREAEE
& FL A R EL R A A RS, B 5L
ﬁﬁﬁtﬁ?o;mwﬁé,$imﬁcwmqm
RPN A, U SRORN TG I SR 2 R I AR HE 4T
WA B R AR P X T 1993 4E 51 A RS (Zan %5,
2003), FBI 1RSSR YR AAZ XA A 35 2R G i
AFIFEM, B2 MR A K Z 8] T — s (F
B, 2002), FIL, AHFFEIX N A PR 20 3
MW A AE A KB D, T2 DL — Wy Rl R
ERRE

3 4PR5

3.1 AR S RXEB A B EHE

FIH XGBoost FRFIEIERE 1k, LT RANLE
TG ARSI B —RAE (253 6T BE . 491

FEBEHEE . 28 ABCHFFIE) SR A RRE Otk
B M B+ BORRRIE) . FETIEAMLLIDAR B &
PERY P —RAE (564> BERRAE . 42 -5 B RRAE )
KMEFARHE (R EERRE+0R AR ) | B THRA &
ISR S LiDAR sl = IR G R AE - O i B+
BEE B+ BORAFAE + 5 BERFE+ SR FERRIE ) AT
O e A DL IR L2 3. “HRRAFLERE” 1 FEAY TR
FERI 2 DA RSO “RRIEIERE” 5.
311 ETEAREHEMNE—REEHIE

TEVERRR 14505 D B, Ab Tt (0.40—
0.50 wm) FIZLH (0.70—0.76 wm) X [H] 4k BE %k
SR B ERERRMY 13 M HE B Hoh
i 2156 (0.60—0.70 wm) FILT 1 X 6] (1 48 505
54.8%, ViPHAEIX 43 4 Ff 21 A 9 0 R ) 6 1 40
FEAE AR | LDRZTIX A

PEREM LI H B (B1. B9, Bl6) At
EREAE EE S R a M b F A E
(Thenkabail 5, 2002); B31 (497.2 nm) B X}
+ 3 S A R B (Thenkabail 5, 2004a) ;
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(Chan 1 Paelinckx, 2008). H4E R4 Hr T 4,
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Table 3 Dominant features of mangrove species classification
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(0.31 m) B M SCHERRAE, AT LU ORI 2560
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T 25% (FerreiraZs, 2019); FranklinZs (2000)
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DLR IR, ORI B d5e ARG 4 R 2L A8 AR A 702 R
A3 76.54% WY 7 RKG X FEIZ N Ny 4 Fh4L
R B V- 45 J2 v B 22 5 A LA B 4R
AN AT DIA5- 5] 84.87% W 73 JHG o I T A7 1) i
JERHEHAT Y R o3 2Em), HR ARG U, 83.27%,
IR BME . S/ ME L P48 00 W 25 . 95% Ak
JEE A A B0k 5 A R B ARAE ORI RT 3k )
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Table 4 Classification results using XGBoost method
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I GIEAR ALG FRIE (F4) 96.74 3.05 021
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R AFAE (F6) 81.99 1423  3.79
LiDAR 5 = Rl G F-AE (F7) 90.64 621  3.15

IR LIDAR S A A FFIE(F8) 9641 2,67 0.92
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FRIE (F4) S5HETAMLEEEZ S LIDAR S
Al FRAE (F8) Y43 250G B e s (0A=96.74%,
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(R 3 2K B T3 TR —RAE () B AR AE RN
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ALK FHARHE F7, 2 JC IR 2SR J Jm BRIk 21 3 5
oSG, PR, ik se R J6iE (5 B ML
PRERAE 2 0k — 25 4 2 £ 2 2RO B 1) S R R
X — 2 PR AE At A B 3 285 09 i 5% e 45 31 I 52
(Shen 1 Cao, 2017).
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FIH LiDAR 5 2 58 B 435 iF I AS RE X 21 B bk 4y b it
TG HE S, R 200 b 3 28 32 1 9 J22 245 4 T i
S Bl Ik A A HL AL, AT T AN R4
Tt 22 [ 5 B ARRAIE 1) 25 57
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Fig.4 Classification maps of mangrove species using eight kinds of dominant features

FER BN AR GRS, B LiDAR s = Al
A RO B B B AR IR L R B R LA AL
R (Shi%F, 2018), FEHET LiDAR I %4k i iff
FEH, A A — U AT I A R R AR AR A A o o3 2
N E®E (Hovi%%, 2016) ., HEEAMS H kA
W, R LR R TR AR, X2 R
A BB AW ST B ) P 22 1) 1) s FE AR A B 25
(LiDAR A 2 B8l 7 A= i oed )28 o BE RS R AR 0 1 |
B Mo, WS, TG REEE S (B
%) 394613 m (0.82m). 520 m (1.55 m) .
1249m (1.63m) VUK 1513 m (2.79m)), ik,
A fih, SERHMER R T3 B ENRUR .

WA R PRl LUE H, To LR B Boal
fEfER 2. |k, FRAS=RHE (0.4 m)
FIEDCIE % (2.8 nm) ISR EIE T LG
F e S22 S5 44 143 AH 3T A 1 S —TJO R R A TIX 53,
WL D EMEEARGERLHILIEE (LA,
2018); H34b, HEIE APLRGBRAZH L (B K
FEE78% (Li%%, 2019¢)), JoAMLEGIE 4
LiDAR 5 = AT A= 1) 3= 8 ot ik 5 B g i {5 B AR K
FREEHR 1o AR

FSGET T R 8 HBFME A W 43 A 23 [a] | &
F SRS 5, AER AN 7E I T AHRAE F 1A
F2 I Hl B g Rrh oo sy, fETI ARIEF3 Z )5,
PER N AR BB R TR B G2 i, (SR BE R & T

F3FF4 B 25 R P AAAE R o MR 2R &R

AR % (AT MR X3k LAKCR )
Fofr ok P DX SR 25 ) s B 3 RO I O . X R4
T 5 I AR M LIDAR 5 = B0l b e, (B2 1
BRTE P AR BCHE RA e i RS TR) . 7R RS R AR
O (FFIE F1—F4), XRS5 2R 52 MR HoK
o TS 5L RS [ 20 22 6] 0 s 22 5 1R 1 B
AR R, WA T WA Z LR 5
WAL SR P s T 7E LiDAR = (BR1E F5—
F7), EZRY5 M R AR R YR 22 B AE AR L
SERRRAE, D8/IN T fe B B N rh R B Y
ZRER

FAh, HTEE A S MiRE SIS,
F B IAE LiIDAR 55 2 09 50 B 5d b . —Jy i,
ZRUH AT LR s (K4 (), BT
R R IE T J7 10 15 25 % B v T Ik 0 3 A 1
S, WIEAFESRESE T, At
— R IEATES S B A, S R MR A 2ORG B A
H&EZ— (Yin Ml Wang, 2019); %—Jm, T
AN T 7 K540 DF 42 5 | A B 8 2 B 0 S I A £k
(4 (£)), M52 A E AR R A XEAT 21 6
PR 3 A 4G

TR () 2T A4 AR i 43 2R HL A
& AR ZS [ PR S RROE F2 381t (a7 5 Y Bris B3
ARG A RO RAE Z B 22 5, 2R



ik 45 . T AN B XGBoost YL ARY T 432 747

SR BE L TR FLEE R T 240 2% 5 45 AE F3 195
A, AR T FE TR F1FDF2 40 8] 25 5 b ik £
FERIRERRY. (B4 (d); 734h, BIARHEFS S,
FEFETHREFS . FTAIFS (UHI L5 R (K4 (o),

K4 (g) A4 (h), #180% GEMGRXE)
FRER B G A5 21 i 3 ks, Hh 2 3% R LiIDAR 55
BRI MM oy 25t & B, S5 R4 TE T A

RO/ NG IR (Li%E, 2019a).

x5 SN HERRBWYT S = 8 E R A F S

Table S The pros and cons of spatial mapping of species distribution using eight classification models

AL

il Pl il A

il A

RN B F1

THAEAREL: 2

SOHARE  F3

TR TS R AR A AR P4

SR EZAEAE  F6

LiDAR = il AR 1E 17

GRS
LiDAR = il & R 1F : 18

VT WU DX 3 (18] 4 () DF) FIR R 9 Ao 38 X4 (P& 4 (a)
@) FFAE— L] L (5 73 s TERIOM PRI B A, AR 300
B, B M IBICH R R 1 1 (F 4(a)B)

TEROHIPI RN Rl P, AR 807 (1] 4 () ) AKIF 835 FA e

SR 2 ) 7320 O (181 4 () D) s 524550 4 (] 4
() @) HELARBIEAATEMI R B 23 A (1 4(0)B)

MARPIE S EOER WD N IO (F 4() D) s Y
RS R ALSCER, 1B RS iR (K 4() Q)

568 )24 1 B T 78 Ak ORI 110 25 55 ) 5 L ARARL ) oo B AR 17T
SRS S (B 4(e) D), LUK YL 43 0 ORI 3%
(F4(e))

LiDAR 58 HEHGHE 9 At 2o (18 4 (D D) s Bl PR |
AR 8 B 1) AN HUU A 1 S B RN 4 (B 4(H D)

SEARRLA YT, L0 TG S R 5, L G o>
5B IH AR (1 4(2) D) s B P45 1R 38 BE 2 BE 11
AN AL BRI (1 4(2)D)

FEARLEA 25 BERFAE (JE] 4 (h) D) FIEEAR BT (1814 (h) @) =
EEC/Ei LSVl

B G B BURHIE , T
IO

e 7T F1 RS R R R T AS
[ A5 7 PR e Bz B, ] LA 2%
TR R YR 1 R AE 2 i) 1 22 55

W T AET R LA F2 20 2R EE P AL
O

RSN R ok 90 5 | A ) i 0 R
A B

22 B 0 2 ) R4
B A G 7 B BB AR 2
B4 SRR B TR T RO 1R
SR 5

i

SR EZRFAE B9 A 500 S B o i
I3 B BLGAT B s s PR Z [ AR LAY
3 RIS DS 1 8 A B B2

AR 280 007 A5 AR R B L o 5 B T
F1—F4 73 ZE 45 5 v I e U X 1 ) o
R 53 A [ BT 20 7R M 5 90 o 2 i

B IR R (g

e B4 50 SR DS 2401 R B AT L2 AR 78304 Chittps  //github.com/X U YIRS/Supplementary—file[ 2020-01-20]) .

3.3 AMHH SR =E S

TR ERARES 2GR A (- 4)
PEATAS [ A AR SE 0 (& S), 253 Z 4350
U BN 131.68—158.47 (p<0.01), 15t AR Fft 43 A
BN R A R S R RN T 1%, At
GEit oy AT i = S 8 Ao 2 I ) B 22 4R Bl ik
0.4581—0.5520 =2 [i], o3 A 24 52 30 0 35 1) SR AR
B, BVARRE (0A) 5B 2IREZ B I AR 5T
I, BORE, AR — P R
TR DK S R 43 2 0 A B4R

bR T SCHRARAEAN, TR —FRE Rk Bt
FEBEHR R, SRR AR BEARAE . F1. F2. F5 A0
F6) 328 BRI 5 22 45 R ] /N T TRl AR

(FGIEA4 . LiDAR iz A MHEA OGS AR A
LiDAR f5iz: F4, FTRIFS), XJE T —45HEfT
BT EN, SRR R — 2l 1
For Ko (B14), sgm TR IR AR R . 5t
FECHRFE S 2 B A B 2 PR EUE A X o, 2l
SRS T — 0 /NSRS AR R, —
ERRE LR T XN A B o SETHRHE F4
FIF8 2325 1) VAR BE AR 25 5060, H)S & 158 22 48
MR K TRTE . WEET F45 W 0 a2 o]
DA (B4(d), #Bihsg GrMERXxiE) fsg
1G5 S8 T AN 25 8] S M Ah Ve BBl B T —
SOy DI DA R MR S, TR T RS A Y A R
(F4(h)) FEkEe)y manf ) 7ok, Wik, M



748 National Remote Sensing Bulletin i & 54k 2021, 25(3)

ZAREE R T LIE W, ST P8 AR,
T HIPERIE R B T T FA 2RI EE A

0.56
p<0.01 o
0.54} a
92.20
905219031 "51%6
R 7. °
0.5089 | /
§E 0.50r (146.07) g 5011 ‘0\ 87.66 /0.5007 ﬁ’g
31 (14382)) / (143.88) =
4 ¥ 86 1
048+
0.4745(136.18) 81 99 183
0.46 19,4609 132.00) O_W(BZ-SI) “

FI F2 F3 F4 F5 F6 F7 F8
FRESR

K5 T AR[RIE SRR 7328 P 55 22 48 ORI S AORS 2
Fig.5 Moran’s I and OA of classification maps

based on different dominant features

4 % ik

FE T ORI AR H E R LA E SRR X 28 o X
BT AL RE AL F LIDAR S 2, $RBOF 8
KAHARAE , F]H] XCBoost X 2L B bk 49 F 33 1743
J, LIRS

(1) Jo AMLE B A1 XGBoost Jy 32 7E T 7]
(ESINEAR SR N7/ Uik R il = ] R O S
A EAEE (0A) SHIERER (FE23850),
Te AHLE GHE S AL A LIDAR £ 2 Bl G - AF (9 4 25
LESHEES

(2) RGP —BUE R R AE AT 40 26 m, H
Ay R RE L] P S0k R R 2 i R AR T A R R
PEURATAE I B —RRIE A RIS R, Si4h, s
P B R AE (BB A w3 Y63 52 AR v 4 v B S B AR
fiE) AT LA 0 i 43 2

(3) FEHRFIESE RN FE DI RE AL AR 2% 2 J7
% XGBoost 7F & J& AR 40 e 58 h A B R
w7,

(4) LiDAR #5215 A= 0 3 B R IR 2 T 1Y) 52
W AS A, PRI, R R AR LR AR o3 2
{4 1 R B G e e

AR5 5 Ry 4 T M A R R A TE A HILER
P X LR R FP G 20 F AT T RGEMESE, (BARAT
TE— SO 15 2 () 1

(1) R T AMRB =S AR B A B &
B2 0] 43 BER 0] LUAT RLR IR A 1500 K 1Y )
M, H R AR B A A R, W

— 256 R T B AT TR A3 AT L TR A e R
O3S 2 = o 2R A TR TR

(2) BRTRGZWHERSN, @ 2EikgI A
ALY (40 PROSAIL) M G th i
P RS, T o 2R B I
iR

2 % 30k (References)

Alonzo M, Bookhagen B and Roberts D A. 2014. Urban tree species
mapping using hyperspectral and lidar data fusion. Remote Sens-
ing of Environment, 148: 70-83 [DOI: 10.1016/j.rse.2014.03.018]

Bajjali W. 2017. ArcGIS for environmental and water issues. Springer.
[DOI: 10.1007/978-3-319-61158-7]

Bullock E L, Fagherazzi S, Nardin W, Vo-Luong P, Nguyen P and
Woodcock C E. 2017. Temporal patterns in species zonation in a
mangrove forest in the Mekong Delta, Vietnam, using a time se-
ries of Landsat imagery. Continental Shelf Research, 147: 144-
154 [DOLI: 10.1016/j.csr.2017.07.007]

Cai LF, Wu D S, Fang L M and Zheng X Y. 2019. Tree species identi-
fication using XGBoost based on GF-2 images. Forest Resources
Management, (5): 44-51 (Z5 bR AE, SCik ik, J5 Bl W], R0 05
2019. J T XGBoost [# 5 43 55 G MR . Mol e 545 £,
(5): 44-51) [DOI: 10.13466/j.cnki.lyzygl.2019.05.009]

Cao J J, Leng W C, Liu K, Liu L, He Z and Zhu Y H. 2018. Object-
based mangrove species classification using unmanned aerial ve-
hicle hyperspectral images and digital surface models. Remote
Sensing, 10(1): 89 [DOI: 10.3390/rs10010089]

Chan J C W and Paelinckx D. 2008. Evaluation of Random Forest and
Adaboost tree-based ensemble classification and spectral band se-
lection for ecotope mapping using airborne hyperspectral imag-
ery. Remote Sensing of Environment, 112(6): 2999-3011 [DOI:
10.1016/j.r5¢.2008.02.011]

Chen T Q and Guestrin C. 2016. XGBoost: a scalable tree boosting
system//Proceedings of the 22nd ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining. San Fran-
cisco: Association for Computing Machinery: 785-794 [DOI: 10.
1145/2939672.2939785]

Clark M L, Clark D B and Roberts D A. 2004. Small-footprint lidar es-
timation of sub-canopy elevation and tree height in a tropical rain
forest landscape. Remote Sensing of Environment, 91(1): 68-89
[DOLI: 10.1016/j.rse.2004.02.008]

Clark M L, Roberts D A and Clark D B. 2005. Hyperspectral discrimi-
nation of tropical rain forest tree species at leaf to crown scales.
Remote Sensing of Environment, 96(3/4): 375-398 [DOL: 10.
1016/j.rse.2005.03.009]

Dalponte M, @rka H O, Ene L T, Gobakken T and Nesset E. 2014.
Tree crown delineation and tree species classification in boreal

forests using hyperspectral and ALS data. Remote Sensing of En-



ik 45 . T AN B XGBoost YL ARY T 432 749

vironment, 140: 306-317 [DOI: 10.1016/j.rse.2013.09.006]

Ferreira M P, Wagner F H, Aragdo L E O C, Shimabukuro Y E and de
Souza Filho C R. 2019. Tree species classification in tropical for-
ests using visible to shortwave infrared WorldView-3 images and
texture analysis. ISPRS Journal of Photogrammetry and Remote
Sensing, 149: 119-131 [DOI: 10.1016/j.isprsjprs.2019.01.019]

Franklin S E, Hall R J, Moskal L M, Maudie A J and Lavigne M B. 2000.
Incorporating texture into classification of forest species composition
from airborne multispectral images. International Journal of Remote
Sensing, 21(1): 61-79 [DOI: 10.1080/014311600210993]

Freeman E A, Moisen G G, Coulston J W and Wilson B T. 2015. Ran-
dom forests and stochastic gradient boosting for predicting tree
canopy cover: comparing tuning processes and model perfor-
mance. Canadian Journal of Forest Research, 46(3): 323-339
[DOTI: 10.1139/cjfr-2014-0562]

Garcia M, Riano D, Chuvieco E and Danson F M. 2010. Estimating
biomass carbon stocks for a Mediterranean forest in central Spain
using LiDAR height and intensity data. Remote Sensing of Envi-
ronment, 114(4): 816-830 [DOI: 10.1016/j.rse.2009.11.021]

Govender M, Chetty K, Naiken V and Bulcock H. 2008. A comparison
of satellite hyperspectral and multispectral remote sensing imag-
ery for improved classification and mapping of vegetation. Water
SA, 34(2): 147-154 [DOI: 10.4314/wsa.v34i2.183634]

GuoQH,SuYJ,HuTY, Zhao X Q, Wu FF, Li Y M, Liu J, Chen L
H, Xu G C, Lin G H, Zheng Y, Lin Y Q, Mi X C, Fei L and Wang
X G. 2017. An integrated UAV-borne lidar system for 3D habitat
mapping in three forest ecosystems across China. International
Journal of Remote Sensing, 38(8/10): 2954-2972 [DOI: 10.1080/
01431161.2017.1285083]

Haralick R. M., Shanmugam K., & Dinstein I. H. 1973. Textural features
for image classification. IEEE Transactions on systems, man, and cy-
bernetics, (6), 610-621. [DOI: 10.1109/TSMC.1973.4309314]

Hauser L T, Nguyen Vu G, Nguyen B A, Dade E, Nguyen H M, Nguy-
enTTQ,LeTQ, VuL H, Tong AT H and Pham H V. 2017. Un-
covering the spatio-temporal dynamics of land cover change and
fragmentation of mangroves in the Ca Mau peninsula, Vietnam us-
ing multi-temporal SPOT satellite imagery (2004-2013). Applied
Geography, 86: 197-207 [DOI: 10.1016/j.apgeog.2017.06.019]

Heumann B W. 2011. Satellite remote sensing of mangrove forests: re-
cent advances and future opportunities. Progress in Physical Ge-
ography: Earth and Environment, 35(1): 87-108 [DOI: 10.1177/
0309133310385371]

Hirano A, Madden M and Welch R. 2003. Hyperspectral image data
for mapping wetland vegetation. Wetlands, 23(2): 436-448 [DOI:
10.1672/18-20]

Hovi A, Korhonen L, Vauhkonen J and Korpela I. 2016. LIDAR wave-
form features for tree species classification and their sensitivity to
tree- and acquisition related parameters. Remote Sensing of Envi-
ronment, 173: 224-237 [DOI: 10.1016/j.rs¢.2015.08.019]

Huang X. 2013. Multiscale Texture and Shape Feature Extraction and

Object-Oriented Classification for Very High Resolution Remote-

ly Sensed Imagery. Wuhan: Wuhan University (& Ut . 2013. &4
PSS AL E INIE LIS AN SR (I ESTTTIL RUE 3 =S}
7. B LK)

Huang X, Zhang L P and Wang L. 2009. Evaluation of morphological
texture features for mangrove forest mapping and species discrim-
ination using multispectral IKONOS imagery. IEEE Geoscience
and Remote Sensing Letters, 6(3): 393-397 [DOL: 10.1109/LGRS.
2009.2014398]

Jensen R R, Hardin P J and Hardin A J. 2012. Classification of urban
tree species using hyperspectral imagery. Geocarto International,
27(5): 443-458 [DOI: 10.1080/10106049.2011.638989]

JiaM M, Zhang Y Z, Wang Z M, Song K S and Ren C Y. 2014. Map-
ping the distribution of mangrove species in the Core Zone of Mai
Po Marshes Nature Reserve, Hong Kong, using hyperspectral data
and high-resolution data. International Journal of Applied Earth
Observation and Geoinformation, 33: 226-231 [DOI: 10.1016/].
jag.2014.06.006]

Johansen K and Phinn S. 2006. Mapping structural parameters and spe-
cies composition of riparian vegetation using IKONOS and Land-
sat ETM+ data in Australian tropical savannahs. Photogrammetric
Engineering and Remote Sensing, 72(1): 71-80 [DOI: 10.14358/
PERS.72.1.71]

Kamal M and Phinn S. 2011. Hyperspectral data for mangrove species
mapping: a comparison of pixel-based and object-based approach.
Remote Sensing, 3(10): 2222-2242 [DOI: 10.3390/rs3102222]

Latifi H, Fassnacht F and Koch B. 2012. Forest structure modeling with
combined airborne hyperspectral and LiDAR data. Remote Sensing
of Environment, 121: 10-25 [DOI: 10.1016/j.rs¢.2012.01.015]

Li Q S, Wong F K K and Fung T. 2019a. Classification of mangrove
species using combined wordview-3 and LiDAR data in Mai Po
nature reserve, Hong Kong. Remote Sensing, 11(18): 2114 [DOI:
10.3390/rs11182114]

LiYC,LiC,LiMY and Liu Z Z. 2019b. Influence of variable selec-
tion and forest type on forest aboveground biomass estimation us-
ing machine learning algorithms. Forests, 10(12): 1073 [DOI: 10.
3390/£10121073]

LiZ,Zan Q J, Yang Q, Zhu D H, Chen Y J and Yu S X. 2019c. Remote
estimation of mangrove aboveground carbon stock at the species
level using a low-cost unmanned aerial vehicle system. Remote
Sensing, 11(9): 1018 [DOI: 10.3390/rs11091018]

Liu L X, Coops N C, Aven N W and Pang Y. 2017. Mapping urban tree
species using integrated airborne hyperspectral and LiDAR re-
mote sensing data. Remote Sensing of Environment, 200: 170-
182 [DOI: 10.1016/j.rse.2017.08.010]

Lyons M B, Keith D A, Phinn S R, Mason T J and Elith J. 2018. A
comparison of resampling methods for remote sensing classifica-
tion and accuracy assessment. Remote Sensing of Environment,
208: 145-153 [DOI: 10.1016/j.rs¢.2018.02.026]

Mallinis G, Koutsias N, Tsakiri-Strati M and Karteris M. 2008. Object-
based classification using Quickbird imagery for delineating for-

est vegetation polygons in a Mediterranean test site. ISPRS Jour-



750 National Remote Sensing Bulletin i & 54k 2021, 25(3)

nal of Photogrammetry and Remote Sensing, 63(2): 237-250
[DOL: 10.1016/j.isprsjprs.2007.08.007]

Maltamo M, Eerikédinen K, Pitkdnen J, Hyyppé J and Vehmas M. 2004.
Estimation of timber volume and stem density based on scanning
laser altimetry and expected tree size distribution functions. Re-
mote Sensing of Environment, 90(3): 319-330 [DOI: 10.1016/j.
r5¢.2004.01.006]

Maltamo M, Peuhkurinen J, Malinen J, Vauhkonen J, Packalén P and
Tokola T. 2009. Predicting tree attributes and quality characteris-
tics of Scots pine using airborne laser scanning data. Silva Fenni-
ca, 43(3): 203 [DOLI: 10.14214/5£.203]

Manjunath K R, Kumar T, Kundu N and Panigrahy S. 2013. Discrimi-
nation of mangrove species and mudflat classes using in situ hy-
perspectral data: a case study of Indian Sundarbans. GIScience
and Remote Sensing, 50(4): 400-417 [DOI: 10.1080/15481603.
2013.814275]

Mather P M and Koch M. 2011. Computer processing of remotely-
sensed images: an introduction. 4th ed. Chichester: John Wiley
and Sons [DOI: 10.1002/9780470666517]

Maxwell A E, Warner T A and Fang F. 2018. Implementation of ma-
chine-learning classification in remote sensing: an applied review.
International Journal of Remote Sensing, 39(9): 2784-2817 [DOI:
10.1080/01431161.2018.1433343]

Means J E, Acker S A, Fitt B J, Renslow M, Emerson L and Hendrix C
J. 2000. Predicting forest stand characteristics with airborne scan-
ning LIDAR. Photogrammetric Engineering and Remote Sensing,
66(11): 1367-1372

Melville B, Lucieer A and Aryal J. 2019. Classification of lowland na-
tive grassland communities using hyperspectral unmanned aircraft
system (UAS) imagery in the Tasmanian midlands. Drones, 3(1):
5 [DOL: 10.3390/drones3010005]

Murdiyarso D, Purbopuspito J, Kauffman J B, Warren M W, Sasmito S
D, Donato D C, Manuri S, Krisnawati H, Taberima S and Kurni-
anto S. 2015. The potential of Indonesian mangrove forests for
global climate change mitigation. Nature Climate Change, 5(12):
1089-1092 [DOI: 10.1038/nclimate2734]

Nasset E. 2002. Predicting forest stand characteristics with airborne
scanning laser using a practical two-stage procedure and field da-
ta. Remote Sensing of Environment, 80(1): 88-99 [DOI: 10.1016/
S0034-4257(01)00290-5]

Nasset E and Gobakken T. 2008. Estimation of above- and below-
ground biomass across regions of the boreal forest zone using air-
borne laser. Remote Sensing of Environment, 112(6): 3079-3090
[DOTI: 10.1016/j.rs¢.2008.03.004]

Neukermans G, Dahdouh-Guebas F, Kairo J G and Koedam N. 2008.
Mangrove species and stand mapping in Gazi bay (Kenya) using
quickbird satellite imagery. Journal of Spatial Science, 53(1): 75-
86 [DOI: 10.1080/14498596.2008.9635137]

Nishii R and Tanaka S. 1999. Accuracy and inaccuracy assessments in
land-cover classification. IEEE Transactions on Geoscience and

Remote Sensing, 37(1): 491-498 [DOI: 10.1109/36.739098]

Pefiuelas J, Filella I, Lloret P, Mufoz F and Vilajeliu M. 1995. Reflec-
tance assessment of mite effects on apple trees. International Jour-
nal of Remote Sensing, 16(14): 2727-2733 [DOIL: 10.1080/
01431169508954588]

Pontius Jr R G and Millones M. 2011. Death to Kappa: birth of quanti-
ty disagreement and allocation disagreement for accuracy assess-
ment. International Journal of Remote Sensing, 32(15): 4407-
4429 [DOI: 10.1080/01431161.2011.552923]

Prasad K A and Gnanappazham L. 2016. Multiple statistical approach-
es for the discrimination of mangrove species of Rhizophoraceae
using transformed field and laboratory hyperspectral data. Geocar-
to International, 31(8): 891-912 [DOI: 10.1080/10106049.2015.
1094521]

Richter R, Reu B, Wirth C, Doktor D and Vohland M. 2016. The use of
airborne hyperspectral data for tree species classification in a spe-
cies-rich Central European forest area. International Journal of
Applied Earth Observation and Geoinformation, 52: 464-474
[DOI: 10.1016/j.jag.2016.07.018]

Sankey T, Donager J, McVay J and Sankey J B. 2017. UAV lidar and
hyperspectral fusion for forest monitoring in the southwestern
USA. Remote Sensing of Environment, 195: 30-43 [DOI: 10.
1016/j.rse.2017.04.007]

Shahshahani B M and Landgrebe D A. 1994. The effect of unlabeled
samples in reducing the small sample size problem and mitigating
the Hughes phenomenon. IEEE Transactions on Geoscience and
Remote Sensing, 32(5): 1087-1095 [DOI: 10.1109/36.312897]

Shen X and Cao L. 2017. Tree-species classification in subtropical for-
ests using airborne hyperspectral and LiDAR data. Remote Sens-
ing, 9(11): 1180 [DOI: 10.3390/rs9111180]

ShiY F, Wang T J, Skidmore A K and Heurich M. 2018. Important Li-
DAR metrics for discriminating forest tree species in Central Eu-
rope. ISPRS Journal of Photogrammetry and Remote Sensing,
137: 163-174 [DOI: 10.1016/j.isprsjprs.2018.02.002]

Thenkabail P S, Enclona E A, Ashton M S, Legg C and De Dieu M J.
2004a. Hyperion, IKONOS, ALI, and ETM+ sensors in the study
of African rainforests. Remote Sensing of Environment, 90(1): 23-
43 [DOI: 10.1016/j.rs¢.2003.11.018]

Thenkabail P S, Enclona E A, Ashton M S and Van Der Meer B.
2004b. Accuracy assessments of hyperspectral waveband perfor-
mance for vegetation analysis applications. Remote Sensing of
Environment, 91(3/4): 354-376 [DOI: 10.1016/j.rse.2004.03.013]

Thenkabail P S, Smith R B and De Pauw E. 2002. Evaluation of narrow-
band and broadband vegetation indices for determining optimal hy-
perspectral wavebands for agricultural crop characterization. Photo-
grammetric Engineering and Remote Sensing, 68(6): 607-622

Vaglio Laurin G, Puletti N, Hawthorne W, Liesenberg V, Corona P, Pa-
pale D, Chen Q and Valentini R. 2016. Discrimination of tropical
forest types, dominant species, and mapping of functional guilds
by hyperspectral and simulated multispectral Sentinel-2 data. Re-
mote Sensing of Environment, 176: 163-176 [DOI: 10.1016/j.rse.
2016.01.017]



B &5 . T AMLIEIR 5 XGBoost LI My Rl 4325 751

Wallace L, Lucieer A, Watson C and Turner D. 2012. Development of
a UAV-LiDAR system with application to forest inventory. Re-
mote Sensing, 4(6): 1519-1543 [DOI: 10.3390/rs4061519]

Wang D Z, Wan B, Qiu P H, SuY J, Guo Q H, Wang R, Sun F and Wu
X C. 2018a. Evaluating the performance of sentinel-2, Landsat 8
and pléiades-1 in mapping mangrove extent and species. Remote
Sensing, 10(9): 1468 [DOI: 10.3390/rs10091468]

Wang D Z, Wan B, Qiu P H, SuY J, Guo Q H and Wu X C. 2018b. Ar-
tificial mangrove species mapping using pléiades-1: an evaluation
of pixel-based and object-based classifications with selected ma-
chine learning algorithms. Remote Sensing, 10(2): 294 [DOL: 10.
3390/rs10020294]

Wang T, Zhang H S, Lin H and Fang C Y. 2016. Textural - spectral fea-
ture-based species classification of mangroves in Mai Po Nature
Reserve from Worldview-3 imagery. Remote Sensing, 8(1): 24
[DOLI: 10.3390/rs8010024]

Wang Y J. 2002. Research on The bird community and ecological eval-
uation of Sonneratia apetala + Sonneratia caseolaris in Futian,
Shenzhen//Joining the WTO and China’ s Technology and Sustain-
able Development-Challenges and Opportunities, Responsibilities
and Countermeasures. Chengdu: Science and Technology of China
Press (£ 53 4% . 2002, TRYIAR H JCHRE S+ 3 A T ARG JEBETE
WF5E KA ST /A WTO e [E R 5 ) 1528 & Jle—— Pk
B P TR A ). SR h ERRE AR )

Wang Y R. 2018. Estimation of Mangrove Biomass in Shenzhen Bay
Based on Multi-Source Remote Sensing Data. Chonggqing: South-
west University (£ H 1. 2018. 3 T 22 U5 18 BB s 1 TR I 75 21
BEARA: A 5. PR PR )

Warrens M J. 2015. Properties of the quantity disagreement and the al-
location disagreement. International Journal of Remote Sensing,
36(5): 1439-1446 [DOI: 10.1080/01431161.2015.1011794]

Wong F K K and Fung T. 2014. Combining EO-1 Hyperion and Envi-

sat ASAR data for mangrove species classification in Mai Po
Ramsar Site, Hong Kong. International Journal of Remote Sens-
ing, 35(23): 7828-7856 [DOI: 10.1080/01431161.2014.978034]

Xia J S, Du P J, He X Y and Chanussot J. 2014. Hyperspectral remote
sensing image classification based on rotation forest. IEEE Geo-
science and Remote Sensing Letters, 11(1): 239-243 [DOI: 10.
1109/LGRS.2013.2254108]

Xiao H'Y, Zeng H, Zan Q J, Bai Y and Cheng H H. 2007. Decision
tree model in extraction of mangrove community information us-
ing hyperspectral image data. Journal of Remote Sensing, 11(4):
531-537 (1 WEHE, BHE, A& RN, FIER, FRAFHEE . 2007, 2E TR
TR A RS B SR I LA ARV 2 U5 L L B R, 1
(4): 531-537) [DOI: 10.3321/j.issn:1007-4619.2007.04.014]

XuY, Wang J J, Xia A Q, Zhang K'Y, Dong X Y, Wu K P and Wu G F.
2019. Continuous wavelet analysis of leaf reflectance improves
classification accuracy of mangrove species. Remote Sensing, 11
(3): 254 [DOI: 10.3390/rs11030254]

Yin D M and Wang L. 2019. Individual mangrove tree measurement
using UAV-based LiDAR data: possibilities and challenges. Re-
mote Sensing of Environment, 223: 34-49 [DOI: 10.1016/j. rse.
2018.12.034]

Zan Q J, Wang B S, Wang Y J and Li M G. 2003. Ecological Assess-
ment on the Introduced Sonneratia caseolaris and S. apetala at
the Mangrove Forest of Shenzhen Bay, China. Acta Botanica Sini-
ca, 45(5): 544-551 [DOI: 10.3321/j.issn:1672-9072.2003.05.007]

Zhao Y J, Zeng Y, Zheng Z J, Dong W X, Zhao D, Wu B F and Zhao Q J.
2018. Forest species diversity mapping using airborne LiDAR and
hyperspectral data in a subtropical forest in China. Remote Sensing
of Environment, 213: 104-114 [DOI: 10.1016/j.rse.2018.05.014]

Zhong L H, Hu L and Zhou H. 2019. Deep learning based multi-tempo-
ral crop classification. Remote Sensing of Environment, 221: 430-

443 [DOI: 10.1016/j.rse.2018.11.032]

Mangrove species classification with UAV-based remote sensing data and
XGBoost

XU Yi"*?*,ZHEN Jianing**,JIANG Xiapeng’, WANG Junjie**

1.College of Civil and Transportation Engineering, Shenzhen University, Shenzhen 518060, China;
2.MNR Key Laboratory for Geo-Environmental Monitoring of Great Bay Area & Guangdong Key Laboratory of Urban Informatics,
Shenzhen University, Shenzhen 518060, China,
3.Faculty of Geo-Information Science and Earth Observation (ITC), University of Twente, Enschede 7514 AE, Netherlands;
4.College of Life Sciences and Oceanography, Shenzhen University, Shenzhen 518060, China

Abstract: Mangrove forest provides huge value of ecosystem services, such as beach protection, siltation promotion, flood and wave

prevention, preventing waves, and biodiversity maintenance. Species composition and diversity are key parameters for assessing the health

of forest ecosystem, and the loss of species diversity often accelerates degradation of structure and function of forest ecosystem. Therefore,

accurately monitoring species composition and spatio-temporal distribution of mangrove forest are helpful for timely and effective

management and restoration measures, which can further retain the quality of the mangrove ecosystem and biodiversity. The traditional
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means of obtaining mangrove species information requires time-consuming, labor-intensive and costly field survey, however, it is difficult to
further understand the continuous distribution of forest health. In contrast, remote sensing technology is more cost-effective and can achieve
spatially continuous monitoring of mangrove species composition and health status. With the fast-developing fine-resolution multispectral
satellites, the images are used for classifying mangrove species due to their rich spatial geometric information. However, compared to
multispectral images that contain limited spectral information, hyperspectral data are more effective for tree species discrimination or
classification due to hundreds or even thousands of continuous bands that can reflect vegetation functional traits (e.g. pigment content,
specific leaf area and nitrogen content). Moreover, LIDAR (Light Detection and Ranging) point cloud can acquire details related to three-
dimensional features of the vegetation structure.

Traditionally, there are many data dimension reduction or feature extraction methods, such as Principal Component Analysis (PCA),
Independent Component Analysis (ICA), Minimum Noise Fraction (MNF) and Successive Projections Algorithm (SPA). However, these
methods should combine with other classifiers in classification of plant species. To improve the classification accuracy and efficiency, this
paper introduces a new machine learning method with both feature selection and classification functions—eXtreme Gradient Boosting
(XGBoost). The rapidly growing Unmanned Aerial Vehicles (UAV) and portable sensors of hyperspectral imagery and LiDAR have
provided higher quality remote sensing data. UAV-based remote sensing data can derive massive features of spectra, texture and structure,
therefore, how to extract dominant features is a key issue to improve the efficiency and accuracy of mangrove species classification.

With UAV-based hyperspectral imagery and LiDAR point cloud of the buffer area in Shenzhen Futian Mangrove Nature Reserve, this
study aims to extract eight types of dominant features suitable for mangrove species classification using “feature_importance” property of
XGBoost. The dominant features include: single feature derived from UAV-based hyperspectral imagery (spectral bands, vegetation indices
and texture: F1—F3) and their fused feature (F4), single feature derived from UAV-based LiDAR point cloud (height and intensity feature:
F5, F6) and their fused feature (F7), and fused feature coupling hyperspectral imagery and LiDAR point cloud.

Synthetically considering species classification accuracy and mapping results, the classification model based on F8 feature held the best
performance (overall accuracy was 96.41%, Moran’s I was 0.5520). The classification performance based on fused feature of single data
source (F4 and F7, overall accuracy was separately 96.74% and 90.64%) was superior than that of single feature (F1—F3, F5 and F6, overall
accuracy was 90.31%, 92.20%, 91.96%, 87.66% and 81.99% respectively). The Moran’s I of classification maps based on fused feature (F4,
F7 and F8) and texture feature (F3) were greater than that of single feature (F1, F2, F5 and F6). Moreover, mangrove species classification
models based on different dominant features have their own advantages on spatial mapping. The introduction of F3 effectively solved the
common salt-and-pepper effect in the mapping results based on F1 and F2; moreover, the salt-and-pepper effect in the edge of classification
images (near tidal flat area) was significantly improved in the mapping results based on F5, F7 and F8.

We conclude that: (1) The combination of UAV-based remote sensing data and XGBoost is feasible to pixel-oriented accurate
classification of mangrove species, the fusion feature of UAV-based hyperspectral image and LiDAR point cloud has the best classification
effect when comprehensively comparing classification accuracy (OA) and mapping effect (Moran’s 1); (2) when fusing the different types of
features derived from UAV-based hyperspectral or LIDAR data alone, the corresponding classification accuracy and mapping effect behaved
better than the single feature derived from the same UAV data source; (3) XGBoost, a machine learning method with both feature selection
and classification functions, has great potential in remote sensing image classification; (4) the intensity features derived from LiDAR point
clouds are greatly affected by UAV flight strips, however, the height features are robust in mangrove species classification. Future research
will focus on unmixing of hyperspectral data, fuzzy classification and radiation transfer models (such as PROSAIL) to improve the accuracy
and interpretability of mangrove species classification. This paper demonstrated the feasibility of UAV-based remote sensing data and
XGBoost in the pixel-oriented precise classification of mangrove species, which can provide scientific basis and technical support for three-
dimensional monitoring of health, conservation and restoration for mangrove ecosystem.
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