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1 5 7

B 3% 2 — FP R b o R R A
(Liu%, 2020; Jia%%, 2018; 25N %5, 2015),
AIRASE I A Sy (Li%E, 2019), HA—w25H
Mz (Li%E, 2019; FEfbHEr 55, 2016), {H
T AR O ER TE B T B IR 2O W T R 3
(Chen %, 2022) . W7 FL 45 £ LAL (Leaf Area
Index) fENEFEIALE M N EE B Pr, WHT
B O G VER . WIRAE S 25 s 1R 45 O i
(Fang %, 2019; Parker, 2020), XJH% = i) 2
FHE B CE LR, AR E LALRT L) R

fm HHE: 2022-03-29; FENZAR: 2022-05-30

H Wiz A KRB PR HEER 2RI (Yan 55, 2019),
T A W £ VA Vb B A SRS B

A TG LATI R, TEAMLE OGS
R AR P b . A E BRI m s
(] 43 BEA R A, T8 /N o HORS A Wl bl )3z
o AR H B LT AW R DG AR5 T A #
REGE (Ma%E, 2022), £ S80% (g 45,
2006; Xie 55, 2018) . 2 A6 % FRAE S B0k
(Fpbk &, 2017b) DASASFHIC AW s AR e
PRERAE (Duan %8, 2019) EHIEEE &S0 R
BTG TAEDE LAL, 5 HGeTt o B SR s s il 3= 22
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2019; Shaf, 2019; =AML 2%, 2018), {HiXxLE
55 TR 3 H TG ¥ AR 4 3R PR Bk 48 2L VI (Vegetation
Index) SHHHE LALZAIAARLL G R (I = 4%,
2014).

o TN =TSR — A 2 E R
FAERURITCAR R, Hldssy I Bk AR K&
I FNTIGE 7, BEWE AN [F] A1 v JI 728 i) S 26
eI (e 4, 20215 FaF 4F, 2019),
PR S e B RURE BE (IS = 25, 20145 WhARE 4%,
2017; Wang 5§, 2019; 5P %, 2021). +3
TR LALE RPN B SR AR R — (&
A, 2017a), HIRIAFAEN HHEF SR A B
Wy, REfE HESY AR, SRS AR LA
PN (Wl 45, 2019; BOBIR %, 2022)

YR AT ST 22 M E R T B — R AR (RE RS 4
SUFHIESE) BUAEHE LALSEARSE, MZRG 24
7 XA B LALRY RO T80 . 8 i H A%
W, AR 257 2 B R, HoW L g
Ik MVLARMB L RF (Random Forest) 5 5%
TIPSR (WekE 55, 2017) 5 SCHFME] AL
SVM (Support Vector Machine) 45 il F 55 B
TR MARE (B = 55, 2014); BPHiZ
M 2% (Back Propagation Neural Network) 5 [ A Jm)
PRI . RS (Wang 55, 2019) 5 HRFR%
MHLELM (Extreme Learning Machine) 7£A4 & 4k
B AATE R R, BIEEIEREATRE (ORhiE 45,
2021) o WK R %% 2] HIL DELM (Deep Extreme

37°50'00"N

37°40'00"N RS

119°00'00"E
* RFEX

118°50'00"E

119°10'00"E 119°20'00"E

Learning Machine) FH ELM {7412k, o] DA3kEAS
PR A R R RALAE B, A RO AL BN s
A (ZhangZ5, 2022; Sun%, 2017), HE KT
FEBE LAL AR

AR SCLABE IR R I PSS R, RN
AL PR D' 1 R S A5 0 ot i S 0 5 S 63 L
T FR A B DI S N 1, R JEREFLAR AR (RF)
FIRLTHE (PSO) WU A 3 W 1) T B2 B PR~ ~J L
(DELM) LSS & 2R85B i RL T L TRIE
HuBTE LAL 96 ML G35 S T 5¢ . RF 24
REAE IS 32 T ik 2R v O 1 il v A7 A B9 DU AR R AR A
A VERZER IR, A R ) SURRAE s PSO-
DELM HRIE | o M Xk 22488 25 B0 A S Je e
e ven SR RORE B, Sy RV 1 T 1) S I
A AR B AR S HE

2 SR IX B s AR

2.1 WREER

VE I AR A8 AR B T R = A A AR R IX
N —H K h 600 m, FE 4 400 m 1T 5% A K
4 X AR N BF ST X (37°47'00'N—37° 47'30"N,
119°09'30"E—119°10'00"E) (E 1), J& T W&+
2N KRl Z KRS M (Ma s, 2019), - 3E20
Pl AR o B (Xia 5§, 2019), &
B o TERIPIX N AT KE RN, Bl . 7
FHE AR, DA PRIV A E R R
H AP SR

37°4720'N |

119°09'40"E  119°09'50"E
o KR

P WFFE XA B R R A s 25 ) A1

Fig. 1 The geographical location of the study area and the spatial distribution of sampling points
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Te AL ST 5 2R F K8 M600Pro 7S e ¥ o A\
B, JCAALEE B0 5 61 A% s S bt BRI ik
B R A RS A A E 0 & 09 A ZK-VNIR-
FPG480 = G g A (£ 1), RAMEHERRIGTr
3, AR A BV LR 400—1000 nm, 63 E
HHCH 270, HEiENHERN 3 nm, F20204E7 H20H
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#1 ZK-VNIR-FPG480 = it i R 1L S5

Table 1 ZK-VNIR-FPG480 hyperspectral

imager parameters

ZH &
I BEFl/mm 400—1000
P S RIER 270
i s HER mm 2.8
M) 26
A/D H 4 /bit 12
Bz 1 Gigh
BRYIFEW 20
W F kg 4.6
B 314540 1P67
8- I\ 310x87x87

AT XA T8 = A U E SRR IR DR X P
— B A A A I, HL R 2 B E A JCAL
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P, AR, LA X B A ML, S
3% S A A KRB — 2 Bk T 32 B
Bk, PRSI R R OFZR .

37°47°25"N

37°47"20"N

37°47'15"N

37°47'10"N

37°47'05"N

T
W'

goq‘)‘"""@ 9009”‘“@ ) 8’ 09‘50“6 9099‘5"@
N A A Ay

K2 bR (1% (R: 846nm, G: 641 nm, B:538 nm)
Fig. 2 Standard false color image (R: 846 nm, G: 641 nm,
B: 538 nm)
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ARUEI T IEARUR Y  SEAR UL 3 I EA )
B HFPL NS (Jiang %, 2019),
F2 OHBESBHITEAR

Table 2 Calculation formula of red feature parameters

ARUE 2 s\
750
ARDT T S=] DA
680
EARUEI D, = max(D'()\)/\ = 680—750 nm)
. . E(X -p)?
TR = EX—p)
=
. " E(X —u)?
LTUEE R by = 2 —t)
g
L (M),

PRI 20D 280 S 18 LA A G55
Br, Z5RMFE3I PR, WNRIHPATLIE T
JE G S AR A £ T AR AL A PR R S LATAR G
R, FHEREPIM0.711F10.675 (p<0.01); H.
CLINHRIE S 005%E LALI A G, X ELERh
LI B, M R 2R Zm BRI A2
HMBEB, AEBE R 22 YR T s 2 SR
2130 TR RRURI 2130 I W55 30 A s o %) S 15 RR AR 4 —
AR NI 8 T 5085 LALX A s I 52
B A A e (Li%E, 2017; Kanke %, 2016), A
I, T i 2 B S O 1 B B 21 T R R 21
PR ME X LAT AU, wIVE A B LAT i
B B G R IE AR

(2) FEBHREEEE . R0k w2 G AT
IERWBA A Bk R R A R VI (X (1),

ZHMEBEIEE DVI (X (2)) FH—fbm ok 45 %k
NDVI (=X (3)), S083%E LATZEATAH M0,
B3 Ai~. ME 3R LIE 1. RVIS LATA G
I e WU B2 A v o P B AR TP 43 A 7E 680—750 nm
BB,y P BB A A 7E 580—610 nm % B
JEEIP, Hr 690 nm 1598 nm A E 1Y D, /D, F
T8 805 B LAL YA G R B s (7=0.714) . DVI
55 LATRH G B i (R I B 4L & v o B B R 0 A 7
680—700 nm I BLya [,y R BLAE R oA A 550—
610 nm P BN, H 699 nm 1598 nm #4) (1)
(Dyy—Dyy) HHEFEELS LAV A R Bl i (=
0.656) . NDVI 5 LADAH G A o i B 4 G vh o i
Bty A 7E 580—610 nm P BEL [,y B
53 A1 7E 680—740 nm P By I, Ho 598 nm
1693 nm MY (Dye=D o, )/ (Dot Dy, AHHEHE %K
5 3E LATRAHC R EUR = (r=0.676)
R3 ANSHEHELAINKEHEX RS
Table 3 Order correlation coefficients between red edge

characteristic parameters and LAI

LAI

FLIREZ R HHICREL B MK
EARUNTIYA 0.675 0.000%*
ARV ALY 0.229 0.077
EARVE/ ] 0.711 0.000%
ZLI 0.055 0.675
AL -0.072 0.583

oo I K (p<0.01) 6

(¢) NDVI

0 02 04 06
B3 FANEES R 3R VIS LAL R RT A OE R4k

Fig. 3 Order correlation coefficients between three vegetation indexes and LAI after preprocessing
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Fig. 4 Order correlation coefficients between reflectance and

LALI after preprocessing
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224 TEEFNE
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Table 4 Soil sample analysis and determination

I3 Hrda b W 5E 7 i
pH pH it E
A 1E16.5 “CHYMEEE N HIHL S50 2
AL AR R A 1
2R ERC G EINES
R0 KR AN (NaOH ) 5 il —5H 86 B LL (A7
Xl AN (NaOH ) I i — K BE T
JExid TbEi:
oK HET v

3 WSRO

3.1 ETRFHSESHERFIEESE

RF J&—Fols [a11H 2% ) J5 15 5 Bagging £ R AHSE
HWER T REY: (Cutler ZE, 2012), HIFLUE
T TN, TP U245 R WoR T X5 B AR
BEFEAT 43 20 [l U (g 00 v, B AT A5 B R AE Y B
P (K& 5, 2019).

T4 A A A I R BE R R AT AL G55 5
Yt Z BB 252 I BsaE LAL,  H RF AT LA 2
QPR ARG B AR L O &R, R IAS SR H RF i
TE H Xk LAT S 0 i B 2050 v ) A AR IR AR o

WS IE R, RF S HARS500% B
TS5, BARSIE R H Python 3 5 H 1) Scikit—
learn 2 o DAURGE REUE LR, DA
A8 5 LA ST REBIARY, i &b S B HE T -
TERFEARIE B, R 2R BT SE 1 5 47
&SRR Ge it 2E 5 A RN SR AL, DAY 5
RO MR AR e B LS R I 5 B (FE240 4%,
2021).

x5 RFZREESH

Table 5 Experimental configuration parameters of RF
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32 MTFEMRLER

PSO &2— Mt fT B e REE ML B (FF
16 55 2020), SEEAES . S, Tz s
TEREPLS AL T . PSO LA E NI WA 1L,
AL, [RIEELL DELM B934 5 AR 15 25 Ry i iy JE
PRUELCPEAN S B e 2 75 R B e i, B Bl Y i 515
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Ak FE o i ) 2SR, S P A R e, T
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3.4 PSO-DELM ##%!
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PEREHL= A0, DA S SO o FE B RN E
Wshie K, Ik, R PSO R BEAL L5 Xt w1 by
R A T 2850

PSO-DELM B RS A G FR A0 BRUEHI AN F
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Fig. 5 Flow chart of LAl based on RF-PSO-DELM
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nodes and the coefficient of determination

T “Sigmoid pREL” AE N HOE B AR AL
XPR I T MR 25 HE 0.1 24y, AR E R 8
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%22 RMSE (Root Mean Squared Error) R A P g
FE (R?) AER0ksE LAT RS ADRS BE (AN bR

4 ER 500

4.1 ZRESHIEFIEEE

AN TR A 25 B A0 1 5 i 2R 5 B Sy e — A i R
FEXT0E LAL s fE i (F6), HHELA.
S AR R HEE K G S EE LALR S0 REE
K, X5 ZHEEE M T 45— 80 GRS
A5 L02020; VEIREE 4, 20185 BUOSCE 4, 2021).
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R e A ] F 2458 I

®6 ARBRSFEEER

Table 6 Different modal feature selection table
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s 0.156

2R 0.408

X0 0.298

TR T g 0.073
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ARUE 214 EARUE ] 0.438
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AU A 0.088
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WHCR 200, 3% 0.01, INGT R R le-5;
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UAY hyperspectral inversion of Suaeda Salsa leaf area index in coastal
wetlands combined with multimodal data
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Abstract: Salt marsh vegetation is an important part of the blue carbon ecosystem, which has strong carbon sequestration and carbon
storage capacity. The Leaf Area Index (LAI) determines its growth, photosynthetic active radiation absorption ratio, and biomass. LAI is
often used to simulate the photosynthesis, respiration, and transpiration of vegetation, thus playing a crucial role in improving the yield of
Suaeda salsa. An accurate estimation of Suaeda salsa can provide an important basis for judging the growth status of alkali ponies and thus
provide an effective aid for monitoring salt marsh wetlands.

To improve the accuracy of LAI estimation accurately and rapidly, the Yellow River Delta Suaeda salsa shoal wetland was selected,
and the indigenous plant Suaeda salsa was used as the research object. A UAV hyperspectral remote sensing image was obtained, and the
ground spectrum was measured in combination with regional soil factors, vegetation spectral characteristics, hyperspectral image texture
characteristics, and vegetation coverage. Multimodal data, through Random Forest (RF) feature selection for multimodal data, and the RF-
PSO-DELM algorithm with a dual optimization strategy was developed to construct an inversion model of the LAI of Suaeda salsa in
coastal wetlands.

The coefficient of determination (R”) and the Root Mean Square Error (RMSE) were 0.9546 and 0.1341, respectively. Compared with the
inversion model accuracy of Suaeda salsa LAl constructed on the basis of the five algorithms of SVM, BP, ELM, DELM, and PSO-DELM,
R* was increased by 0.2654 at most, and the RMSE was reduced by 0.0828 at most.

Compared with the traditional inversion model (SVM), the RF-PSO-DELM model had better generalization; moreover, the fusion of
multimodal data could effectively improve the accuracy of the inversion model. This study further enriched the theory and technology for
the accurate monitoring of salt marsh vegetation based on UAV hyperspectral remote sensing technology. Multisource modal data, such as
soil factors, texture features, spectral features, and vegetation cover affecting the growth of alkali ponies in coastal wetlands, were
comprehensively considered, and the important influencing factors sensitive to the LAI of alkali ponies’ LAI were extracted by the random
forest feature preference algorithm, which effectively reduced the complexity of model inversion and greatly improved the accuracy of
model prediction.

Key words: UAV, multimodal data, Suaeda salsa, leaf area index, random forest, particle swarm optimization, deep extreme learning machine,
Yellow River Delta
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