1007-4619(2023)06-1454-13

i) B 8 M R ) R = W E R

KA, BRWGT R, MO, S, IR

LR MO B K2 Mol @ il B TR .G, KD 410004;
2. ML AR K Molld BB 5 A AT W A LR, KT 410004;
3. R MO RL K2 B B IR S W MOl 5 SR B AL =, KU 410004;
4. E MOV RFERFIE BE RR S RFFEAT, L5 100091

#OE: BHUEHER FEEEW T Z—, OSSR A JI NPP (Net Primary Productivity) 4B HTH 25
G BER AN R R SRS BE AR 2 S I IR B, AR SCHR T —FPE IE Y CASA  (Carnegie—Ames—Stanford Approach)
R, B ek B IR S T AT S Al A S G . TR AR T BT TP S Landsat 8 2615515, ff D i
NPP i 5 v g i 48 i BER AR B 2k ) A, AR5, FIFH Landsat 8 BU4R4E OGIEN B . B AKIETE 5. 10— LA bk
HACSE) 5 H N Stacking B4 B RS RE AR B 26 18], JRAS SRS 2R B 8 B AR B OT B AR A T ROk
JCRERIH R e, 0 RIS, I R K AR B KK Bl 35 NPP A b I 7K 3t IR dedm, 4
TR R KA T 6, SRR B SF LS H, YRSl CASA BRI B2 W19 NPP JEA T A5 .
WPRERE R, GHAVERIAR L, A SCEIE CASA SRS ) NPP 55 50 9 NPP HAT fe i BOAHOC R4 (R°=0.85)
FHEAKE RMSE  (20.16 ¢ C/m?), FIIZ 7 REA R . WA MR X 0 A= 25 2R 48 NPP. I e 5 X =2 030 A

National Remote Sensing Bulletin i & 5 4k

P 2 5 E LY NPP Y {E 53512 424.26 ¢ C/m®Fl1357.50g C/m’,
KR K, ML, I r= g, CASA, BEESERG, 2%, RSN

FESES: P2

1AM A&, RS, R, X, IKRIRIE 2023, RE MR S MR E = N EH R B BRFIR,27(6) : 1454-1466
Zhang M, Chen S D, Lin H, Liu Y and Zhang H Q. 2023. Net primary productivity estimation of Dongting Lake
wetland. National Remote Sensing Bulletin, 27(6) : 1454-1466[ DOI : 10.11834/jrs.20221744 ]

15 =

e K EE R R Z— (KA AF,
2017; Mao%§, 2020), TEVETIBV-H LM R4k
StasE T B A AT EARIEN (Cais, 20205
Ye %, 2019) ., H§H]9E7 J1 NPP (Net Primary
Productivity) A2 50z A [B] A 1 FH PN A 9 38 1o e
S AE I E A ILY BT R AR R, R SRR B IE
RO E LA RAR G KAE, 2018; AU
&5, 2005) . TR RS ARG B, W
R T AR AT R R AL, PR, 3SR AERS LA
BRI 3 NP T~ 0. A B it i 5 0 0 3 98 5
PR T S8 i Je N IX St A R FL AT e A 3 3L

W BEE: 2021-12-03; FERZAR: 2022-07-11

RS G TS T L E U R e AR U
AR R, (15 18 BB s 45 A Al TR T
NPP JZ {# () 2 )5 i (Bao %, 2016; Shang %,
2018; YuZE, 2018; F/NE 45, 2020). FE
Hiu 4 NPP 32 J8 Ak 55 BF 9% 32 BEAK 58 IR 25 (8] 43 B 5
HEJE B (AVHHR, MODIS, SPOT Vegetation)
(Bandaru %%, 2013; LiuZ$, 2019), /R4 HAEHE
B 1) R e NPP () Bsf B) A8 4k, {H 88 B8k i 25 8] 4 BF
RIS L2 T HONPP AL B 25 R0 25 R 40 15 B2 B
AN, RIS IR 23 45 NPP A FE B E A R R, 53 4h,
M TG R R R 2 T4, 1 Hh Bk
RO E , PRI, s o0 R I 2 B
P 6 TR L NPP AL S A B oy 2, HETA b

ELTH: HEAREAILSE (95 :41901385) 5 = /3 HERNT ML 22 48 8K L300 (485 : 21-Y30B02-9001-19/22-2) ; T+ J5 Bl 243 4> (4

+5:2019M652815, 2020T130731)

F—IEF/ N KA, P55 OB HiE R . B-mail: mengzhang@csuft.edu.cn
BEEEEN: KWE, W58 m dolki# k. E-mail : zhang@ifrit.ac.cn
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SRR R BB BUR IR R, GEFEIE
BAEa P sic st Al gRIBCE . BRI . A Ao P
AL PEME )RR, Landsat 5040 K B8] 75 5108
o NPP Al 33 A9 die A OB IR (Long 2, 2021) 6
IR 32 KA E YT Z 0, I 7 Landsat £048
AR RS2 ) R 2 D 1 R 4 il Tk ) B
AR IS P Landsat #2448 7 3281, FF4A K W5
I FH I3 Rl B R AR IR B SBGEAR B “I 25 7 &
B8 (Gao%s, 2006; Zhu%:, 2010; Wu%E, 2015;
Zhao%, 2018; Zhang®F, 2021), EMAINT, 3T
Bf 23 U8 B A% B9 Rl A HE 22 STARFM  (Spatial and
Temporal Adaptive Reflectance Fusion Model) J& i/
Mz 5. A AT T ) J7 Ry el it
EHT, (BT I s A B Rl HE SR AT A A —
BEOR IR Z AL, A i) A2 A T RE 3 0 TR DU AR AL )
GEPESE (Cheng%s, 2017). Cheng%F (2017) 2
H 8 T I 2 JR A U e A 1) R A5 STNLFFM
(Spatial and Temporal Nonlocal Filter—based Fusion
Model) 13 5if 50 f56 7 0 4E 4 4 7 181 2 STARFM
RS, JCHGRE XTI R M50 . SR,
1RGE I 25 Rl B SR T X 1R B AR T R 8. )
AP RGO ORRUEE | I s R B AR SR
i, B s A 2 K. R RE G
GEE (Google Earth Engine) ki 5 3 B4 1 47
fitt . PR AL BT R AL T AT RE, Bl TR GEE
SRR AL RN R TR, BORbR  T s B
o B, WEETERSIEFG N6 S
ARV 124, 27 SN S @17 )/ NUINY 5 SN A S
) Landsat £50405 (14 48 5 m) R

Jt B A H 2R B CASA  (Carnegie—Ames—
Stanford Approach) F&AS[E] R EE NPP 22 45 1 s 25 )
AL )z M Z —  (Potter %%, 19935
Singh, 2011; Yan%§, 2018; ¥4#F %5, 2019; P&
B 4, 2020) . 7E CASABLAIH, NPP i FE# I
B A VR A &R S (APAR) FOGRE I 0%
(&) HYFRRBUTE] (Musf, 2013; PiaodF, 2005),
CASA BRI, 53 & 75 2L E AN (7] A 94 A 700 PR AR
T REIOLRAAR (s,,), HEHEKIPHE
W (W) SEGRET () 152 52PRERER
1% & (Potter 2%, 1993; PiaoZ¥, 2005; Bao %,
2016) . — i, BEAFER R ¢, FREER
FELR A o0 G . —Hlds s I BIE A G

N FRIAAR . RAFEARRIZALRE B 22, TEA
)72 5 b B B R AR E PER WA 2 o B A
22 2 CNN (Convolutional Neural Networks) 1EH
HATRE = 7 RO AT TRz —, RE
CNN7EEM& 32 b i B R W RCR A BE L3, (H
HARHE T B R AN SR, W I ghod 72 52 2% HL
FEIS 5 . AR il T 2 A BE 03 2R 88 Mot 2k
RO e 2 25 5, B, Hod T & A B
REIHsm, e R A S . H AT Stacking 5VATE
B 2F I B (Boosting, Bagging, Stacking) 1
TEST AL S P ARXS R E , SR Stacking 5301 (19 13
et B 0 2H 5 Gl AL 5 22 U O S A R A
MR 2, xR BB,
I, 7R SCH i 2tk Stacking B9 1 XHE MR B R T
PUI L AR v M R B 20 SRS B AN 28038

3—J7 T, CASABEIRI/K I3 ra P 38
HZ TR - BOKBALRTS , (HRE AR R A4
Fa FUELRE 73 B 3 1) s 38 2 08 UHR 25 52 i) W T
NPP MG SERG 2 (Mao %5, 2014; Xiao %, 2004;
Bao %%, 2016). BliZAKMAKFEELSWI (Land Surface
Water Index) XERM F #1562 % /K &t DL S+ 58K
gy, AW RBIA U LSWI AT LIk e b Ak
FOKAT AR F W (Xiao%, 2004; Bao%§, 2016).
SR, Xiao % (2004) T H KA K40 30 52 %
MIBUEIE Ry 0 (AEFIE) 21 (w5, 5
CASA RS R 3 k3 ] Y UV FDR 0.5 (1
Wevin HF250FT) B (FEIEE RN AT IE
AR, BaoSE (2016) WX 7K 4336 PR -1~ i Y8
AT TIEIE . FIH LSWIAR 2] 17K 73 s B AU
TEZSH] F AR B 5 NDVE—Serk, i Hd e
(1 238 IR 7K 43 e

BT, A SCUATR B2 RO P S, R
FHIE R A6 N R 28 fl G SR 5 | e Ak
73 T IR Landsat 5215, Mk T NPP AL S &
2= I3 BERAAR BRI Y R) 5 % Jié F 3 Stacking 5
BUEE O R T RS R R T 00 A B
A1 AL W R oT i 1 S KOG RER T 85 [] i
AR Y Landsat S4553R15 LSWI,  JF-254 K Bodi
THR AT NPP Al 35 b B 55 K o3 e R, e
IK Bl CASA FE ALl J 18] 15 1 NPP #EATA45 0 . A< BF
GELE T LI B 5 2 0 AR 1 NPP A 530 K ik
it WS SRHEAT B BRI
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2 WX SR

2.1 WREXER

A SCHEBE BB ST GO EE W X, A T
I L DX I T A AR G, R v ) Y N 4y
A DX, A2 e A O B, X DX
Kl 58k e BA T4y B L, %X S A
WA, WA AR, R ARRH
MR RME G B s, AT B T R bk
B R E S EAEY) (Cai 55, 20205 Zhang
4, 2020),

30°00" N

29°30"'N

29°00"N

28°30"'N

111°30'E 112°00'E 112°30'E 113°00'E 113°30'E
Bl Red: Band_ 4 [ Green: Band_3 [l Blue: Band_2

K1 WX frE K
Fig. 1 Study area

2.2 HiERAbE

B 5% 168 FH A9 32 JE B8 B 0.5 Landsat 8 OLI £
T2 E FMODO09QT S5 587 i, AR5y Ry 2017 4,
¥ # F Google Earth Engine, T F %% Landsat 8
OLIATH5 4 123/39., 124/40, =E¥/NT 5%, It
125, JIrs MODO9A1 Z4 1751524 h28h06, It [A]
B 1—12 7, Jtd65t, R4 MODOIA 1 BdE7E A
ML R S BR T — SRR 5 Y, (AT ARAT
A — L TORUE, P A ORI TIMESAT 34443
o 1) Savitzky—Golay U i 572 XT i ¥ MOD09A1 i
f7UED%  (Jonsson Al Eklundh, 2004)., MODO09A1 %k
P p AL RIS W FE B % (UTM, 5 Landsat 8 —
). I Landsat 8 S HEATHCIE

Y AR A HRC A 4G B T 50 UE 4 2OKS B 1) R A
B8 AT 9k NPP s B AR W R A B .
6 UE 53 NG B 11 I8 A 5 1 SR L B R] R 2017 4F
5H, RASZBENUIFE TR TRAE, 20345

36 B HAEAR L A0 IR L 2 D HFHbEEAS
38AARHLAEAS . 32 AN THIIA AR /R E AR B 30 4
HAREA  JT T 56 40F NPP A5 3 1Y A4 Wy ke A R4
BRI 2017 4E9—10 H, FRZRNHE R (22), 5%
(24) DLEMHEBIREGHA (25). N5 Landsat 5%
BAZTTAHVC L, FEHE /N 30 mx30 m, & 54>
1 mx1 m (/NETT (T RAE T 6 2 A iz
B o FENFER PRI T, RIFIETRS
SR AR I T B A O B A, AR SO Y
SRR 0475 (YeZs, 2019),

S HHE R 2017 4R ) H S EREE . BRK
KRS, WTFRTFPEIZLEmEM (hp:/
data.cma.cn[2021-12-03]) . XS54k A T 404>
RGN 20 A4 K PHAER S5 0 . BeAh, ABESE IX
B DEM (30 m) KA A SRS (BB . )
G546 Z2 TR A T o R B 25 Rk

H A % B PG 355 Google Earth = 43 ¥ R 52
% . GF-1Z %% (201745 A) LI LM A
= MR BRSO, 32 T Bk U b 4y 2
FEAR
3 W TR

AR S A IR JEE 9 . NPP A B 07 v G B R %
g2, FEAIEIANERS: (1) FHEESTF
BT W23 @A Bk A B 8] £ 51 ) Landsat 8 2
SRR, I T AR 545 2 i [A] P 51 Y
Landsat 8 NDVI 5 LSWI; (2) 3% T Landsat 8 2{{#
£, FIH BAE R R (Stacking) 02515 3 /&
2 11 ) 2 1890 0 AT e o0 A I (3) R AR )
A7 U s BB G OT M i ROERE R (e,
AP LSWI 5 A 40 A5 207K 43 ki B A
TR o3 R, TR BSE&5  K BH AR 3 5 B NDVIL,
JFBR 2 CASA 5 RIFE 3] 55 B 25 43 B A NPP,,

31 EBRRITETHRZMEEE

AT HETF GEE 3# 8 2 - 5 S 2 1 B 55 il
GREY, TEfRYIs 5 s B ) R AR ) A e
MRTEE T, ek 7 5 B ), 24 4 i 7 a6 2 A
A, BRI R A . Rk
i if GEE V- 15 1) Python Sy 452 T SC B, Al &1L S
% [ Cheng 5§ (2017) &t Y STNLFFM I %5 fill 5
BORY, JFAE B0 Al G AR P BEBE b HEAT T Gk
AR AR L T T 5 Rl 5 S AR B S £, B R
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PR K 3. STNLFFM 5 STARFM. ESTARFM %4
P FE T T A uR g B E A A ik, HAEE
BRI i, STNLFFM % FH 3E J5 38 06 ik vk
(Cheng %%, 2017), ZHIEAME S b godilfix
fgoe, T HIE% EAE PTG ST,
fili 5 STNLFFM 533 B8 78 43 F H 38 B AR il & 15
B, RBCE Z A A AHRUE TS B o 7E STNLFFM
Fkrh, B BAMGoT I p A A S
F(x,y,B,1,)= 22\;“’/(9@, ¥ Bot,) X (a(xi,yi,B, Az, ) x
F(x,,y,B,1,) + b(x,,y,, B, Ar,))
(1)

£, F (x, v, B, t) AHb () 5ot (x, y)
TETI H 3 ¢, R A7 PR RO A8 MO H 4

WA ; NERBPELGTHEE, fE AR
AR, (v, y) I DHLUGITHNE, W
(%, v, B, t,) JEAEFEHEH A ¢ A0 15 43 W R
KGR i AR T AL E . ¢ F STNLFFM 5
A Sy R U8 I R B T 2 40 A B S IR RS T &
(Cheng 5%, 2017). TERMG IR, HEREIEWIEAR
oM RS RN NER TS C I NER E: SR Pul
STNLFFM 8%, #2017 4F 46 1] 30 m 73 ¥R A0 2
SRR R R o, O e 2 SRR B
J¥ NDVI 5 LWSL. [FA, FFHH 524 Landsat 5214
XFELA A2 ) Landsat 528 TR L IRUE, I0UETE
PRFE I IIE 2B (R) . BIHRIRZE (RMSE)
KOtigsm (SAM).

- R
(s | m
ZFAFH | [ P
(—————7 W AERLAS| | Landsat8 i
MODO0%A1 kb
= — —
NDVI ]

SEFRIGREFIH % (e)

i EERIE

w
| I

K2 HoRELA
Fig. 2 Flowchart

\ -
o

3.2 ETHIEM Stacking S E L HYIEMAE R 4> 2
THE A B 2 b A 9 0 AT ]S T M NPP VA A B

TE R 1 73 e A AR USSR BT 9 4R 7 2] Stacking A5
RV TR #5325 0F 58 (Cai 55, 2020; Zhang 5%,

B —NEZENRE. ERME ST, B
WLas 2 A B E D R A R B, RIFEARY
ZACRE 2% . SRR )il 2 B0y e Sty
R TN B A G50, Mk, Hil AT &Fig 5
HIBE S5 , A RUERR RS (Zhang 55, 2020;
Cai %, 2020; Long%5, 2021). H Al FiTHIE
A 43284045 Boosting . Bagging il Stacking, 1H
Boosting 1A TE S BRAG O0 T & 2322 430 ] — LEXfE 53
PR ) DN TG BTG T S30E IR B, 17T Bagging 53 %t
TROE 7 B AR R O B N & AR A
I, A SCRERE AR A 2 B T AE 73 SR AT 55 o AR

2020) . M itk — 2 Stacking Bk 1Y B HE PR R
fbiRe Ty, ASCHE Stacking Bk Ry ELA |, 2115 T H
1 N Stacking 7% (K1 4) . 7E F G W Stacking 514
t, ESEEE 7Ty RS, LMERIBETE R, i
ZALRE I BRIIPLER L (WTRF (Random Forest) )
YE SR Te 53 2685 T LA IE Z2 A HLas 53 2 00 Tl 2k B
Al B B0, TFRERS RS 1k ad 405 G R s Tl
AE. PG, TEARMTED, REAEPIETC 264
SRIG . A3 Stacking B 5 > 1 73 2R AR 2 B AL
— JRLEHE > RE T B0 A 22 S VR ROR ISR D 2k
Oyt ME TR MRS PN ACR A4 SRR &
HL SVM  (Support Vector Machine) . RF. k-3t 4
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kNN (k—NearestNeighbor) . #Z %5 1[5 LR (Logistic
Regression) F1£MZ DL NB  (Naive Bayes) 2541
wrr A AR EEA A s (1) R AR
Bl e, RS B i A XU s AR A T I

UL ey 3

W, IR ZDAFEBEEGEE; (2) @ik
fr (RF) X80 008 4R BEAT RO B, 159 2 2%
RTINS SR . (3) Sl IR, RPRG I fe s A4 Tl
25 R AN e A ) HE AR A EA T L R

_______________________________________________________________________

Google Earth Engine
=Fh

Landsat SR (@ !

Ei iﬂ MODO09%A1 |

#MODISHILandsat B {54k

H SR AR AT RO N
I
KELKTMODIS S AZXMODIS L AC Xt Landsat
Bz Eig 4% E{g 4
12
MODISTET,FIT, Landsatf{] T,f1T,
2 AR iz
| ERFREREG0m) [ EEEEETE i
! wEmMee [ 5
i I |
: v !
! [ mazs | | wegonsE | emmen | !
i 3 ST ok R i
N e —— i
: 1 :
i R B P .
e e N e . ]
K3 EEATET B2 G Bk i

Fig. 3 Spatio—temporal fusion algorithm process under remote sensing cloud computing

P 3l T8 b AT K SOIR AR fR R K, Ry
S5 DX A g LS A AR AR L, AR SCEERE T
SEAKI (5 H) B Landsat 8 2 %GR BGEA% . IFA]
J¥ % NDVIF LSWLEHE FH T i 7026 . T (G
HNL) F45 A 8 B AR R AE 5 TR 180 X 1 1 )
FHSZ BRS04 18 G AR o KR . B R
WS BEH . AR, B HA
33 E T CASA A RE i F At %= NPP i &
S AN

CASA #5782 Monteith (1972) #2 ) 19— At

BOEAE IR, = B9 NPP AT LA APAR F
JCREFIHIZR (&) o
NPP(x,t) = PAR(«x,t) X FPAR(x,1) X e(x,1) (2)
e(w,t) = fi(x,t) X fola,t) X W(x,t) X g, (3)
K, PAR(w, ) RWERICTE e H B9 KBS i
FPAR (x, ¢) o HE 8% WO A 1E A 2805 5
elx, 1) AMPRYLEROCRER A Z; fi(x, 1)
L, ©) RN ST PR A -, Wi, ©)
SRR aEF, e, BT BB RO
REFI I,
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Fig. 4 Adaptive stacking algorithm

RIOCRERIRCR (e,,) SAHYIFP SRR
BT RIS (EVRARSOAR ) AR E A1
W (CEC,) . TEAMR T, AT Zha % (2006)
HTF BIOME-BGG A AW e, Ze,, Bibd
o AR ROR L, R PR L B DL R MY
I KOGRE A %55 513 B R 0.692. 0.429., 0.542
#0.542.,

Xiao 5% (2004) & H T 9 5t A 1 F A5
(VPM) K5 ia 25w, . T A5 CASA
RS H (8 R A5 T B 7K S it R 7

_ 1+ 1SWI @)
T+ LSWI

Kb, W, FILSWL,, 43l S A B O & A A A
7K S5 B 38 R - R AT i B LSWT (ff FH i
KEWEMVCIrEItEAE) . i, X (4) it
FRA W, KA A BUEILE Y 0 (AEH
i) B 1 (i), 5 CASABIAIHIK S iE
P B BUE S L 0.5 (FEM s 2400 F) F1
(TEAEF IR T ) IEFA I . A SCR) HH Bao
5 (2016) &K 53 W30 P 48 SO R Y
Landsat 521415 21| 19 LSWI 48 B2 /K 40 ik 30 [ 7
W, XAUIESE T HEE G ERRTE, iR T EIEN
e, BRTEARNT
1 + LSWI
- 1+LSWI,“) +0.5 (5)
HRHE Wu Hl Chen (2012), WfREK A5 BN A
A RG] DA v R A 7 ) ) T E
R, nTLLESDE W5 REKbRiE (Scaled,) AHIER

v,

AR A R A R T (W)

W = W X Scaled, 6)
Scaled, = M -
Precipitation,,,

U H, Precipitation 1 Precipitation,, 1% 58 %5 [a] f# 7K
(8 FRLANRITTE AR K 2T N Y ) K LA R
K

By 72 Je KOG REH T BCR FK o3 W30 R 80U
AN Y CASA AU AR S0 2 i1 0 H A: S R A
NPP, i 5 ik % v KN 55 22 00 g 52 4 b ) PAR,
FPAR FIPN I B 38 R 533 R A
Yy 12 BCHE 45 3 1Y NPP K 30 UE A AR SC7 Ak 55
330 NPP &5 AR, Bk 48 bn 2 By 0 Fh B a2 1]
PeE 28 (R?) MBIIrliRzE (RMSE),

4 GRG0

41 ERTZEMEERNBERIE

ARSCHERET 20175 H23 H . 10 A 14 HY
Landsat 8 5 MOD09Q1 H4la/E M55, ma T
201744 A 21 H Landsat 8 21%, JfEH 7 M Alg
WX (5. &) ok BRI E L 1% &
GRS B TGS RS R, iAo
PR By . AR IS 4L NPPBFSY T A B2 FH 3] 1 NDVI
HLSwIg# (Kl5). MEMAR [, STNLFFM
76 8 Landsat 5 MODIS $24%6 % # H A% H
WA Landsat 22 P H B - PERE . TE B E G 1
(L1 B, SRUEB DB MTHIE T, M=sialgy
i L&, FlG Landsat 5#21% 5 B 52 Landsat 522 43
e, BRT/NERS XSS R, BETRGsART
AR NDVI 5 LSWIHE S 5 ESe g th % %
R/

[RIAS, AR SCHH o e B 0 5 2k Xl 19 Landsat
SAGHATHE BE VMY, Rl Landsat 55 FL52 Landsat 5%
BINM X R B, Yoz Lotig Mgk 1. 45
BoR, AR S E AR B A A s R AL
(R?) ¥ RT 088, Btz (RMSE) ¥H/hT
0.03, HGigEfM (SAM) /NT3, XRUFE15 2
#Y Landsat 521576 G M43 (8] 5 ES2AY Landsat 52
BIEA —B, MG ROREAE, vV T RS20
i 5 55 NPP AR S SRR 5T

4.2 EHEH S EE
FIH A 38 W Stacking 572245 2] 14 J15) Ji I8 788 A
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o AT NP 6 BT 7is o 8 B A 25 2 K AR 1 i A
B, SREMRE TR BT, NI, 20 e i)
PR JE TR 23 A1 o B Ml 3 53 A AT 5 XA v
AR HLTAT [ 5 A1 H R TG Sh A XT G R . bRt 270 A
T Al , EE AR S XA P A o i
F I R AR Pk P R R AR Y 1 L A

e R PR I IR 34y K2R 41 A SVM . kNN
FIRF, JERZ 25K B Kappa 2 805345 78 90% FlI
0.88 LA I (7). wehbh, HEwEISAIAY oK B AN
He 77 35K B 23 S AE 85%—92% M1 83% —91% . 4
FFEM, HIE N Stacking 5k BEMS F AT 1Y X 2 A [
- b7 552

(a) MODIS Z6iE5#4% (b) Landsat 26544 (¢) FllE Landsat 265514

(a) MODIS multispectral image (b) Landsat multispectral image (¢) Fused Landsat multispectral image

(d) MODIS NDVI§44% (e) Landsat NDVI %1% (f) fit & Landsat NDVIRZ (R
(d) MODIS NDVI image (e) Landsat NDVI image (f) Fused Landsat NDVI image

N |

wd

(g) MODIS LSWI #1% (h) Landsat LSWI 4% (i) filE Landsat LSWI %14
(g) MODIS LSWI image (h) Landsat LSWI image (i) Fused Landsat LSWI image

&5 MODIS 44 . 55 Landsat 5212 58l 4 Landsat 51%
Fig. 5 MODIS, real Landsat and fusion Landsat images
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#*1 pBté& Landsat 5ESE Landsat Z BIRRE ZE(R?) .
HWARRERNER
Table 1 Determination coefficient (R*), RMSE and SAM

between fusion Landsat and real Landsat images

28
Bt
R’ RMSE SAM
Band1 0.913 0.018
Band2 0.882 0.021
Band3 0.928 0.022
2.718
Band4 0.875 0.023
Band5 0.905 0.015
Band6 0.912 0.022
30°00' N F
29°30'N |
29°00' N |
28°30'N |

T1°30E 112900 112°30°E  113°00'E
I EEREHL  mm RN ol ek
Ko BT I Stacking 5325 AR BE W0 4 73 A 4]
Fig. 6 Distribution map of Dongting Lake wetland based on
adaptive Stacking algorithm

SRS IR RE: 91.28%
Kappa &% 0.89

i
R

K7 BT H iGN Stacking Bk AR A7 B 40 2

Fig. 7 Classification accuracy of wetland distribution map

—H PR

based on adaptive stacking algorithm

WAl AR SOV I Stacking 5% 5 HA £ 4t
Bl 20 27 ¥EAT ARG A P AR B EAT 1 X 1L
([#18) . &iREW, HI& N Stacking 51k B 70 2N
JEWL i T e i — 3 JE0E BRI SRS JEE A

Kappa Z2%0) , RUNZI7T kRS 2240 P+
o S R R HA LS i TR AE SRR AL
a2, TERIRAPE AT —LE PR, BIUnR A B
T 2 ) A% 4 AP R A AP e =2 8] 9 iR
A HIBLES 7 > BEBA R RIRO s, I,
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Fig. 9 NPP estimation results and accuracy of Dongting Lake wetland
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Abstract: Wetlands, which are an important carbon pool on Earth, is crucial for human beings and the environment. An accurate estimation

of wetland carbon storage and its temporal and spatial changes are conducive to understanding the sustainable development of wetland
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ecosystems. Net Primary Productivity (NPP) is the net accumulation of organic matter fixed by photosynthesis per unit time and per unit
area of green vegetation and is an important indicator to characterize the status of carbon flux. Therefore, accurate estimation of the spatial
patterns and temporal dynamics of wetland NPP at a regional scale is crucial to improving our understanding of the carbon dynamics and
sustainable development of terrestrial ecosystems. In China, similar studies have mapped wetlands or estimated wetland NPP using optical
data. However, only a few studies have used dense high-spatiotemporal-resolution multispectral images for wetland mapping and considered
the accuracy of the light-use efficiency (&) of wetland vegetation types for NPP estimation.

In this study, we proposed an improved Carnegie-Ames-Stanford Approach (CASA) model to generate wetland NPP with high
spatiotemporal resolution. First, spatiotemporal fusion algorithm process under remote sensing cloud computing was utilized to produce
dense Landsat 8 reflectance images based on Landsat 8 and MODO09A1 images. Then, we explored the potential of the Landsat 8 dataset for
vegetation type mapping in a subtropical wetland ecosystem using the adaptive stacking algorithm. Subsequently, the vegetation

classification map was used to determine the final prior specification of a maximum ¢ (¢,,,,) of each vegetation pixel. Finally, wetland NPP

with CASA was estimated using the normalized difference vegetation index, LSWI and wetland vegetation map.

Visually, the SpatioTemporal Fusion Algorithm (STFA) process based on Google Earth Engine (GEE) showed good performance in
downscaling MODIS at low to high spatial resolutions, except for some minor flaws that did not affect the overall product. For the fused
image, the STFA based on GEE produced an R’ value larger than 0.88, RMSE less than 0.05, and SAM less than 3, which indicated that the
fused image was nearly consistent with original Landsat spectrally and spatially. Therefore, STFA based on GEE is suitable for image fusion
in areas experiencing rapid change, such as wetlands and city suburbs. The overall accuracy of the wetland map was above 88%, which
indicates the potential of the improved stacking algorithm for delineating different land cover types. Additionally, the user and producer
accuracies of vegetation types varied within 85%—92% and 83%—91%, respectively. The classification accuracy associated with the
proposed method are notably higher than those of the classical methods (e.g., SVM, RF, and kNN), indicating the superiority of the adaptive
stacking algorithm for discriminating land cover in a wetland with complex conditions. The measured NPP values derived from field
aboveground biomass data were used to validate the accuracy of simulated NPP. The high correlation coefficient (R°=0.85) and low RMSE
(20.16 g C/m*) between the estimated and measured NPP demonstrated a significant linear relationship, and thus the estimated NPP based on
Landsat data using the CASA model with the input parameters described above is creditable. The average NPP of sedges and reed wetland
were 357.50 and 424.26 g C/m’, respectively. The mean NPP values of wetlands (reed and tussock) estimated by the modified CASA model
in this study were also closer to those estimated by other models.

In this study, time-series Landsat data were obtained on the basis of the STFA based on GEE, and the modified CASA model estimated
the NPP of the Dongting Lake wetlands with high spatiotemporal resolution. The NPP estimation method in this study is expected to provide
scientific data support for quantitative research on regional wetland carbon reserves and sustainable development.
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