536 % 456 w OB R 5 N OH Vol36 No.6
2021 4F 12 H REMOTE SENSING TECHNOLOGY AND APPLICATION Dec.2021

5] A & 3 :Jiang Yufeng, Qi Jianguo, Chen Bowei, ez al.Classification of Mangrove Species with UAV Hyperspec-
tral Imagery and Machine Learning Methods[J].Remote Sensing Technology and Application, 2021, 36 (6) : 1416~
1424 [ 22 K0, 55t [, BRI A, 45 B T 0 AL G S AR RIBL & 27 > 10 2000 ARORS FIoRS 4t 3 28 [ 1] 18 S AR 5 RE
H.,2021,36(6):1416-1424.]

DOI:10.11873/j.issn.1004-0323.2021.6.1416

BT ANEHE GBI R F S B R K
X FhAS 4l o 2K

EFERMV FER L KEAE ML, AEFK W
(LLhARLEXS FEAFEIRFRMNLZ, LA 2% 271018;

2P EAHFREERELAFFLRE, HFRARKEEERET, LT 100090;
.EAARARRAARBRYPRERE,Hd Ho  571129)

WE A AHEHE LG T HRELHRRY K6 LADG K EFE, RN BTN R 6 LA
# H % (Recursive Feature Elimination-Random Forest, REE-RF ) 4 ik 45 #% 5t & 45 4 fo 40 22 4F 4iE |
i3 AL B F T W 69 [ AL A& Ak (Random Forest, RF) #= % 4 & & #L(Support Vector Machine, SVM)
Foik xEBE 50 R ARG LA AR AR R AT R dn - R SF AT e AT e R 4 R AR AR R 2T B R
B, SREMV . RFEFTEFHBZRMEEN92.70% . Kappa 2% 4 0.91, 54 4% 69 SVM 5 £ 7

EARE REF H k3948 & T 5 R AAY 69 £ = H 45 A4k R A5 L,

e W5 A AL M St LT A AR R B SR AT M

my R, T AT RARN o A STERYP F 7 @RBHEK LH,

x #
FE4SZES.P23; TP79 XEkARER A

1 3 =

ZT A MR AR K TE G O AT U 5 T 1 DA
AR 7/ S S NGRS ST N NS R R T
Mo ARA A Yy VS A Ut U By 1k R Rk
TEVE Y ) K R AR ST 2 ERE
B R AR R D CTH IR R Ak
i 7o 2000 4, 4 BK L0 ORI R AR B O 1 377
O3 hm?, o 4t B BRI AR 9 0.7 %, 431 T 118
A E ZOAHL X DR ARAE S R Y 2 S IR B AR R
Yy, %k FLE AT W o A A B T ER AR R A TR R A S
B AR AL R | A 21 A A B4 0 U R T 3 A A S R
S5 ok kS B R B AR

1% G 1) AE 4 53 25 22 ok MBS 3 28 R AR MR B 4
FE D75, B TR R R TR R A I

Y5 B 88 : 2020-10-27; #&1T H#3: 2021-11-20

AR F T AR B A AER B A R
X EHS:1004-0323(2021)06-1416-09

R, 3 BT 43 2 10 J2 R AN A5 B A P M | 5t R
Wz oo BEEEIREAR TR 2R R R A R
B AR W& T 3 IRy 25 00 A 15 LA, 4y
FNE BB A BE R, A 28 BORG ANt T R Y Y
HEET M Z— AR, BEZHH WL Bk
FIJE N ALEE A R FH 20 B FfoRS 4050 6 8F 58 P . R
G 8 o o o 18] 4325 5 vk b FEBIF 9 P 2 BRLAL B
e KA SR 0 28 1 A Ak B A B R 5 ke AR AR
Bl g A HE T LR 2 2 Bk G AR M
L &R ALOS PLASAR #0415 B4 4 v 42
BB VT B 2D b, 2R AR SR SR =5 DA R
G b BV A 8 Hb DX 8 20 A MRS 4l 93 2%, B3 1%
{5 BB = 77 o 0 Jeg BIR 1 B a1 b ] 43 285 B9 S 4 4k
FREE DL Ay ARG BE 4R . 1 R AT T B AL

ESTE - R B A e S RHE T (A 28) (XDA13020506) , 8 5% 11 8B 3 4 100 H (41771392) % B
PEF BT 22 K 0E(1995—), B N AR A, BB 9 2k, 32 A SR 2 I 5T . E-mail: jyf1098060049@163.com

BIRIEE K

W (1975—), Z BB AL B0 B, 32 32 )\ S 0l o 26 25 5 08 /5 4 38 R AT 98 . E-mail: zhangli@aircas.ac.cn



5 6 4

% E RS T I AN SIS

5 TR 2% 27 > 10 £ 4 MR Ao oA 41 432 1417

A LG AR, SR TR 1) % G A o AT 408 3 TR £ B AR
S A, AR B R 3k 91.9% . AR/ Y ETRE T
BIL A o 6 35 5 X IR T I 9 A T X Y
SERLBL TR A0 0 2 SR R R AL AR PR AY 73 2 07 15 0
JE ik 90.300 0 BF5E R B, o AN HLIE B AR AR 50 T
i BAR AR L 52 B 35T 5 0 /N S 0 3™ 2 I T AR e
WU BE 5T, HL A 52 2D AR Dy R BIF 5T Y 4R
R SR A A R X A ) A5 R S 0T R B ARG S
HHT 68 I 4, A B By BE R B o3 26 40038 A9 32 0
R BRI, 2 R 2O B 5 LA o
3 I A 45 A IOL A Bl 8] 23 2K D5 T HROAS A
J L AELR A B A R B0 e G T RO 0L P B 21 ARl
(8] 73 26 B W 7 AR D o i D i o AN PL R IR 1R
Or PR, BRI R B R A e
A AWK A 43 28 4R A T G g O R L S )
TC N R T AR B 8, X Lo M 2 BILa o
>IN R A S T T /T Sk A A 2 A
AR o A5 AR HRORS 240 20 2, IR DT HIL &% 27 ~J 15 1 B Ak
Foft ] 3 2K 95 4

2 HRKXE¥HE

21 WRXHELR
I VA R A AR N A = W1 B B DA R N i)
LT AR AR 4P DX R 3, M B R 110°47722.70" ~

19°37'40" N

19°37'35"

T T
110°47'25" 110°47'30"

110°4735" E
1 HRRUEREANBREZE

35.65"E,19°37'33.46" ~39.65"N, % X I J& # 4
2 JA K W5 RS A AT 23.9 °C I i, B
BRI A5 1 a0 WA MO AW O N S TR i a7
SRl P S I S 3 /NI T a7 8 | R 7
IR I AR, A2 TR I ZE R it Pl A = A L IX

S X PN Y TR R Rl E LD S
PRIV 3, B ATT RN £ i & AR A ) A s A KL A
5 16 T ZL R BRCRE 7 A o 2 A A MR AR AR B 5
WK 1R .

22 HiESmAE

S5 06 3 A 5 1 S AR BN L AR e TR 2 2020
1A AH BIRRBOY R T (D) = A Kb
FeRERH . K ER AP M600Pro 4T #4457 Rikola
JEHEAL CMOS 1% & DA 4 =X IBOE 1% 508, il
9120 m, AT E N 4.5 m/s, 3L 45 P BE, Horp
1~31 P B AT WG I Bt (Visible) , 32~45 U Bt & iIr
2143 B (Near-Infrared) , F ES50NE 1R .

H 4 Rikola 155 ) 1% 32 8% B4 1) 5 A0, 78 B3
SR A A XSGR AR T T A& 2),
FEAL PG < B E AR L AR OE B Sk R A OE D
BEe v | R AR IE R A e b B RS T RS
YRR, B M RS T A O S R O S R AE R
24 v R RL A [ R, Ay S B R AR 35 3 R 43 285 Ao 3 A
it A IR,

# S GS(2021)5448

Fig.1 Study area and the UAV hyperspectral image
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Table 1 Key parameters of Rikola Hyperspectral data
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Fig.2 Spectral curves before and after pretreatment

of dominant tree species
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Table 4 Accuracy assessment of independently verified results
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Classification of Mangrove Species with UAV Hyperspectral
Imagery and Machine Learning Methods

Jiang Yufeng'?, Qi Jianguo', Chen Bowei*, Yan Min®,
Huang Longji’, Zhang Li’
(1.Department of Surveying and Mapping , School of Information Science and Engineering, Shandong
Agricultural University, Tai'an 271018, China;
2.Key Laboratory of Digital Earth Science, Aerospace Information Research Institute, Chinese Academy of
Sciences , Beijing 100094, China;
3.Hai Nan Dong Zhai Gang National Nature Reserve Authority, Haikou 571129, China)

Abstract: In this paper, we used the UAV hyperspectral images of the mangrove reserve at Qinglan Harbor,
Wenchang, Hainan Province, and then preferentially selected vegetation spectral features and texture feature
variables using Recursive Feature Elimination-Random Forest (RFE-RF). We further used the Random For-
est (RF) and Support Vector Machine (SVM) algorithms to classily the mangrove tree species in the study ar-
ea, and further the results of the classification model parameters on the overall accuracy were analyzed and eval-
uated. The results showed that the overall accuracy of RF classification was 92.70% and the Kappa coefficient
was 0.91. Compared with the traditional SVM classification method, RF improved the producer accuracy and
user accuracy of five types of tree species, which could effectively classify mangrove tree species and provide
technical support for germplasm resource planning and ecological environmental protection.

Key words: Machine learning; Random forest; Hyperspectral ; Feature extraction; Species classification



