1007-4619(2026)05-1392-21 National Remote Sensing Bulletin i & 57 4R

/.

BYESREF IR ERIEVATHTEE
BERARENIE

WA, EAV, BERS AT MR B, Kk
R, BRAS, x| B3, X3

L AEdfal K2 BER S I b, 2RI 430070;

2. BERGEAS R A EE TR E, H/RE 150000,
3 MERIE Tl KRS A N T ReEoE b, M JK1EE 150000;
4. ZRAbMOE R 2E BRAEBE, FRZRIE 150000,

5. L RFEAF BA A H, B/REE 150000

OE. RS A 2R E 52 LCC (Leaf Chlorophyll Content) X 47 A= 3 W i AR v A b 4 B HLAG H %2 35
o BRI, BGFET R WE—IT A0 2 ST R AR S VI (Vegetation Index) 7E LCC J 3 H T I i 29k I -
—& LCCHE RS M E SIRE , FBOCEW RN HAREE SRS SRS TR FEY AL 12 45
) S SR HE— 2D IR T Vs X 8548 S8 SO 22 5, W3 BRI T REBL A S MRz AL R BN VS L. STk,
AHIFTE B ) — ol S B PR 2 ) SRSl 9 LCC SR B HE SR , 5 75 1) 55 568 J2 45 48 52 0 I THSE AU e A ] A
PRI AIE LR o %0515 1 5526 T PROSATL @ S AL hi AU A0 2 b it TR AE B LAT (Leaf Area Index) 5 LCCAL4S,
o) AR LAT SR : A4 A1 05 48 B0 LU (B4R 1 4B VIRFS (Vegetation Index Ratio Feature Set); BliJG4ha Eah¥ K,
ACERS 7 2 B AR B AR B e P B, AT BRAREEREAS T SC B AR (] o BRI P [ ZRE (oK, K
fiE. K&, BOETR OhE) MKILHE OKR) = KRRV XN ERIEY B EdEfT T REREIE. 45RE
Wi: (1) ARSI ARG T ETE R AR LCC Sl rh R 6, BOAMEAR R EMRAEM S 5T REER T
0.69, RMSE{kT4.77 pglem’s (2) AH FeAE GoA R BUAFAE £ VIFS (Vegetation Index Feature Set), VIRFS £ ff
T 45 10 PT S 3 AR LAT SO, 3 DOR TRl EMRAEY 1Y R #2571 0.18—0.23, RMSE BE{% 1.85-2.51 pg/em’s
(3) e F2 32 B IE RS 7 > SR A AU AE ] 309% A MR VERE AT, RIVAT 52 3N ] A ) 1) 75 6 B2 LCC i
(R*=0.69—0.74, RMSE=4.98—5.76 pg/em®) , HH % fifi B 2K A 3R W& K BE R $2 7+ 0.02—0.16, RMSE [ {1k 0.05—
1.42 pg/em®s L5 BFTIR, ASHIESOR IR 5 ) SR SRR R S 0 SO TEAE SR, REAS W 2 4R T EMUEY) LCC S 1Y
KRS &L, HZ XL /Y LCC 1 JCR M ISR i T B E M e 5 %%
K@ MRS REE, TANSOGEEER, W28 T, MRS ERE, TR, Eaie
HESES: TP701/P2
IR T, 508, FMER, BT, BIE, NG, KO, R0, BRI, XU B, X E.2026. 18 BALIE 5 iR B 5 R F B EARIE

MR RESERARKERE EREFER,30(5): 1392-1412
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B = FEbR, S HORS VR Sz v X Al W iy A R
F (Croft%, 2017). fEHEM LCCIINAE Jr ik %

I H 4 % 5 B LCC (Leaf Chlorophyll Content) WA SR P R A 5 S = A= b, o R
RRIEYOCAIEHBE I MARERREWEE AR s, BMERISEIRRE | E2sh A W,

s B HA: 2025-05-28; FENZR: 2026-01-26
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TR AR Y & A LCC bR e HL AR IR S v 4R
BETRIATREAR o AL AT VE P9 2 A S T 1 R
fiE, ATRASEELLCC (2 mAl i, Aol A5 B 3R
POE T B AT B, REIR IR AR AN B
TR, BEARTE TR A RO RO Ak
BUSCR, AEY A B S B0 A Al AR T 3
REHE (Jiangs, 2022; Pan%s, 2024; ZhangZs,
2024),

M LCC 38 8% S 8 ¥k R WA R 07k
Yy PR R TR A ik . Hop, &8 ik B
BT R R S 5 LCC Z RIS AH e,
LCC Al B $ 4t T —Fh {8 B B2 i e 6. fedt
AL Tk R A%, W NDVI, CSI%
(=G 45, 2024; Zhang%§, 2022), EAfTLAEE
U BE 1) 1) BU A Bk 22 (R RIS R . Rl 1T
BRI IRT, BT S ENEZgi ik
FHLAS 2 > AR A2 B0 F LCC B3, an
/N llA . m R . BEALARAR K B 2
W 2% (Verrelst Z, 2015; Zhen 2%, 2021), R4
X Ty A R S B AR B R RS S R
fa i, R AT I R v AR T R v T 11
TSI . TEBUREIRBUNA B R T, X
[ i B 2 % NN I B T2 S X 1 0
2556 7 1 R R 48 b 1 18 B = W G 4 B AL o £
B, A7 AL RE 1 AT RS fE ) th 25 5 52 FL
AR R . 2R, T 50 S AL S ik A
RTM (Radiative Transfer Model) 14 ¥ J7 32 W] 18
TR S R = A A A BAE T A, LB R
127 O 5 LCC Z M Y fE & & . LA PROSAIL
B SR AR 1 RTM J5 35085 i e ]RUEE i) PROSPECT
B 5 5 2 RUBE () SATL A BU R A TR, BS540
400—2400 nm I B 1) 56 )2 S S R ARA S BT B
ik SRR AL A R, X A
T T A 4R L SR R AR AT S 50U T
(Qianﬂ]Liu, 2020; SunZ¥, 2021; Xu%%, 2019).
SR, RTM BRI EE 2, K5 %5 “Rs
FIE” R, ELAE ) 4 i A 43 TR v T AR
KBRS, 5B R 25 Ak A 5
SR e A BSR4 i Rt S 0 T
RA RN, JFB A 2467 LCC R 8 i
FE I DT I . 1% R R RTM (i
PROSAIL) AR KHAL . O S BN BRI 5

P, IR AR NG AR T i T LR 2
I SRR, Sl X RO, — O, IRA T
A B I 2B v IR TSI B AN Y )
W K b B T+ T ORE AL AR M S B (Li 4F
2023; WanZ%%, 2024; Zhanggﬁf, 2021); H—J)
1, T YR R U5 T BT i) 25 2
BT AR A] i ek, (8 TROA G SR A R
B =22 (8] X 4

BT, KREEFRVED TR Y (K
Fi. EoK) KHRREAEERE, s LCC R
TR AU 32 B T 7 A AR ) A LR SR UL 2%
R R BCAE I 4R AE (Bhadra 55, 2024; Li 4%,
2020) . X PRI SR AE R 5 T RES IS B
KGR, HN FHYE R 32 PR, e DL i 2 R/ 2%
RN A [ X 75 oK . AR R ETFRE
FEREEY, WRKR. Bk, NEMKG,
HeHA RS EAE A, BRI AR EARE
Prrb i LCC RS M 25 57 . MR AR & & %
OAEY), 3K 3R AR A A 8 J 0 P R o R )
5ZHEI, X TR S A A AR R E SO B
Y4B EEE X (Zhang %5, 2021; Wan %,
2023) . B 1 BRI A A M A BE AR B2 A PEA,
g R AN TR R, 30 VI R ST RS S AR
5 X3 7 ) F00 3 8 LC.C R v ), PR, ey
P A LA A VR A oy e R A 5 A v ) 3
R LCC AR, E Ay 52 B0 32 J W ) AR B
b SRR FH ) S 1) 2 —

VR LCC S 3 i 1 I 1) e 2Bk R e TAE D
5L 2 A5 K S TS| R TR A R . VR
ETEAMLZ B LCCA S5, 1852 3] LAL G545
MSEAEA, CHEA T W R IRasME B, Lec
5 LATR Gk b s FERR G, 3O T 2 Ui %
(4% Gt S T8 7 15 ) 32 S5 A A AR s i), RIS i 1
BitE (ChenZ, 2022; Li%:, 2025; XuZs:, 2019;
Zhang %, 2023) o R REAR 2 45 F X LCC S8 A
FERIFE IR, A ETHF ST 3 BBy 1) SRR R
(1) 3 3o A4 2 6 56 22 45 A A e %) e 8 2 LA B2
Tt LCC By S s RE 1o flan, LICI % $8 0 o #5
T B 2L A5 U0 245 4 A R R ), DT 4 5 X I
RO EmBUErE (L%, 2020), SR, BEISHREL
ZARHS = G TR A H, ME DL 2O B O &
FEEENH, R T HS M SR, (2) 8
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o A AL AR 2 ) T VR S A A S AR S
H S . TEY AT, 40 PROSAIL 45 58 i %
FIREARL (RTMs) A2 4540 5 A AL R E S 404y
SR, RS BIAR TR REE (GudE, 2025;
Qian Fll Liu, 2020); 7EAL#AR2%>JJ7 1, W AT 38 o
2 RRRAE Bl R 34 i X 25 40 5 A AR A5 B BT E
J1 (Chen%%, 2022). {HE#HEHE TR LEKELLES
], WEERER; 5HENG 2GRN
Mz AR SRR S, A AR SR A
A4 (4N TCARI/OSAVI) DAME# LCC f 3
X} 6L 2 G5 A AR S R e, 2 R R A T R R
TH5 LCC LB &AM (Daughtry %5,
20005 Xu&%, 2019), (HHEEVEY) A N A A R
Wik, SVAIMS, WA L2 RET R EYEL
iS5t AT = BeAE A 0N X 2 AE ) e J2 454
255 T H RS T S B A8 P b B T R
PEVEY) LCC 3 1 75 — A% D Pk ok A T B5 1
Y13 N B GE I FME . R [RVEY) 2 18] BT 25 45
¥ AR R A KA 22 R, REOLERE
SRR S B AR B AR R R, E IS5 T A%
GEbL g 2E BRI AL BE ) o T RS2 > 1 kg %
INEEAR 25 2] 53l B R B A AL T, Ak E
FEAON 18 JRrb Iz I o LA SEARR R F AR TR
WS DRIt a S, @ i o I B A
BRI S5, DT 48 T 75 £ 06 A Bl A% 100 Ay 45125
F W (Pan Fl Yang, 2010; Zhao %, 2022) . 7&
LCC I i, R4 ks RTM 4 i K i 2 ek
B REAS , AIER2E IR AL T F 5 AU 2R R
EA MR —IE R 2F ) RN, n e —E R AR T
R BT PR 85 5 BT VE Y 935 )V B8 11 (Bhadra 5%
2024; Zhang %, 2021). SR, M4ATKZEGTHE
= 2 WG AR T AE B — AR B B P G #S B B A S
AN REER, 8% BN IC R RE
A 22 8RR % (Li %, 2021; Bhadra %,
2024) . QT PRALIEREREAS I BERESR IS, FRTHRRIE
A X FERRE, R4 AR LCC I A AL 4
PERYOCHE . AN, KB o8 A6 A A S0 i 7 vh
iR T BEALFE A S PR ms , HAE AR
M AIMERE . XTot, EhEI RN — M RERE
ARIEERER NS, RROS TR A P e e £ 15 B &
B, AR R A TR S, DT
RIS R ANz LR . RECAFRAER

—VEW S B PR E T H A s (Liu 45,
2025; Wan%¥, 2023), {HiZFEAEBEY LCC X
R R 2= 2] T R SE A 7858, oz AR )
15 RRIR ATZ R

BEXT B RAEAE M, AW LI =Rk
WX KRR, EK, KERUNE MRS, $#
HH sl 55 AN [ 4 4 5 2 8 4 S O 4 2 il 1) 1265 4=
Y LCCIR A RE Ty ik, B 5 3k 4 S L S A 78 A
BB RUE R 46 T J5 2253, LR ORI i 3 Dl
553 7 J 22 5 A S P R ) (%) ' T S AR LB AR, I
J 38 5 SO — I A 2 2T SR W AL A S B R
WRE 2 S SRR IR 3 19 LCC IR A S il | IR T
3RS XA R R VE D B R SE A T 30 E , DA 4
R A LCC e A5 U o s P -

2 MRSk

21 HREREARITE

(P EZEA AL IX R S5 i LR A XA
TR T A A= s SR, T R
WEVEY) S MR B (Y = B G W rE . O TR IR
P2 BRI AR 5 X AR R R T SR e, AR
T T = KRB X (OB =X 7R
X BRI YT R EX, 235 RS X
1. 2R13, BFFEIX 1AL T AL DX A4S < i R AR A
i, XA FE A iR KREEERA R, B
U 1) - 18 4% 4 1T SH A0 1 Aol 532 3 X %) Rk L
KR, FEEYOIEKR. ERMKT., B
Y24 Tk X A 22T, 8 Tl Rtk
MBI ERAEX . S A, PR X 243
FEV A, ERRBERE, EWiEaL/NE
MK . BRI 3 TR P X X T, £
BN AT PR 2 KU, T8 R B R PR
SR} RN G VR R i X KRS A AR AR AL T R

ZAF
22 MAMSESEENELEE

AN FEIE 128 34 [ AN [RI AR DX 11 il T W00 4
Tt B2 ok PEAl r 4 10 0 IR B O Ik 1R A R e J2 UK R
LCC J5 1H P PERE o X S8 AR 6 R I S8 (4%
1) FUNX SR R 2 FBolE 3) . Bl 1 R4
HEFFEIX 1, iGKRE. FRMKE, b X R AE
YK 25— H . AW T 2023 45 7 A w15
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3TV 1 () B AR R b BEBE T 73 B D7 iEAT LCC
o BRI ARE T RIEEYE 10m DAL, FETR
N T mxl mo BHE 2 RAE AR IX 2 94 /N
ML AN AR ZE 2 A R R E 6 A LA, A
55T 2024 4 4 HWITEA/NE Pl HE b R T 1134~
FREAS 6] 5 b /N 22 1 /N X HEAT LCC I i, A3/
XN A&/ N bR —3, DRV 2 mx2 mo £
P 3R AE AT X 3 UK AR, ik H KRS H G /)N
XS, Hp s TSR MR AL B . AR5 T
2020412021 AR AE T AERGEE . Hirbr: 20204F
RAEET 32 /NX BB, 2021 4R EE T 64 /N X
FEE , BEA/NX RN R S mx5 m; 7E 2020 4F
B K FEVE S TN S S 301, DL S 2021 4 (1 7K e il
FEBTRIHESRIA N, DR HORAE T 192 2808 . A0F
FEIRAE T 378 {3 H A SV EPIREA , G ARIAR
WX FRFEVEY OKRE, Bk, REM/NE). F
FHIX SR AR TEAL G 3 L 4R AE R RS 24 2] R 7E
AN [) FE T 5 45 4 R AE ) LCC R A 80P
Btk
TERE R L R T, WF 5 A 5 X SPAD-
502 MR RGN A R AR X SRR E i, B
ANFE R BT IR S Rt R, BEERH AN R
ML L TR 3N AT, SRS HCE A
Sy AR SRR S A, PR A T
SR E AR A BE T RO R X T S R A R . LCC H
SPAD-502 M2 Z AN, @t (1) ¥ SPAD
WA 2R R IR (Coste 55, 2010), LA
VCHCHR L M R h e R Al . BRI
s (I
117.1 x SPAD
LCC = T48.84 —spaD
23 T AMBHERGETE

A FEAH I DIL Mavic 3 265G AR 3R T
WD T FFSE X 2 I 2T 1R, X SR &
AN BB G (Green), ZLIEELR (Red),
21 11 P Bt RE (RedEdge) Al iT 21 4b % B NIR
(Near—infrared ) . 57X 3 2124238 LA DT
iR 4 (PaM) To AHLF- 6 R E 0 200618 1% Bede
AR IR S AP B W B (Blue, B),
G, R, RE, NIR. B i E ABLZGiE #1513
i 1) 35 55 b e O A A — B0, JF B AR RS
PR T, R RE LR, AL CATH

€

JER 2 m/s 55 ] 8 & RO I) HE 8 120k 80% ., Horr,
B 1 AT RN 100 m, B 2 ©ATR N 15 m,
BAE3 AT N 20 me  ®ATHT, FE M55 E
TR A, R RTK W0 2R 8
Kb r =4e bR, DRIEZAR UG BE . [RII
W8 DR T A o S5 b, T 5 40 90 Ak 3 s
T AHLZ S A8 0 B A e 40 SE BRI
H W) S5, AT DR SRR IR R R R T A 2
IS AR AT T 58 5 28 br A2 AR PR 452 5 A 2
SR 5 38 20 BRI R A 0 1 (B S8 B B R BR
EFEBRERBEMZ0EZG, SR X
S, FH Python $& MU FE 7 BETEIMEH T 5
52

2.4 ETFPROSAILERHE R R G R AZIUEHE

PROSAIL 4@ SHE SRR Y 12 T EY) e
JER RGBT 4SS T PROSPECT-5B
F14SAIL ) PROSAIL-5B #5127 %5 1 58 1% [ it
2 T R T R N AN 2 0 R G R
PROSAIL AR AT LA 5 2 1) 2 85031 B A= AN []
MRLIIEE AL, ARG S BRI ES ST
JE 56 HUR LA R S A 41238 B9 A A58 (Ferndndez—
Guisuraga & 2023; WanZE, 2024; XuZE, 2019),
MFE VPR, R0, IFEASEEA B T LCCHY
flivt, AN S50 18] B9 AH B AR FH AT BE 23 14 A i
M P, ASHIESE AT J S U 43 A O i
GE T AEHL M R XTAS [ S 80U A i U . AIESY
RIGH S BB EME K, B5 RS0
fH (B, LCCmEUEM Y N 10, 20, 30, 40,
50, 60, 70, 80 wg/em?), [A]AF O FF HoAth 2 A
A5 LAAI TS B AL 450—800 nm 1 BE 2R
SR, 2568 S B BURME TSR,
Az RSB A B X6 N B ) e )2 S S R R AR
BOR P R (B, T R AR P A5 7R S 00 3 P 465
P . A5 4% REBE AL 5311 5 A B 6000 45 A
400 nm %) 2500 nm  ([A]BE 1 nm) #4762 S5 RA)
g, Dsmia @bt iz ene . IRARIE A
B2 S e B 1 v I K R AR ADL B AR 2 A7 3
fifi VT B I AHLIG3E 43 HER (Zhang 55, 2024)
BEAl, R T B AL S o I g 2% A I ki o i 4L
BIG, B 2% 05 T 7S S N SR04
#Ed (Garcia—Haro %%, 2018).
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%1 PROSAIL-5BEE K SHENEE
Table 1 The input ranges of model parameters for
PROSAIL-5B inversion and simulations

[EEE 1 A B G B REEE
S SHEN — 1—3 0.5 1.5
42 & B LCC pg/em’ 0—80 10 50
FReA R % 5t Cbp peg/em® 0
S MR Car pg/em’ 5—30 5 8
UK Cw glem® 0.01
T Cm glem’  0.002—0.020 0.003  0.010
N AR LAT m’*/m’ 1—8 1 5
AR 534 ALA ) 30—80 10 40
S B HL Hspot m/m 0.01—0.31 0.06 001
IS REL Psoil 0—1 0.2 0
KBHR TS SZA ) 10—70 12 30
LR T5 VZA ) 0—50 10 0
A7 0 f RAA ) 90

Set) , IZAFAFAE 10 XF LCC SRR 1) B — A4 1 5
BN A AEA [FAE 28 8T I ) LCC
HSCES W VIRFS 5 VIFS By SRR UE 17 %t
FLor M, DASSE VIRFS 76 U 55 76k J2 205 ¥4 S5 Jo 1 52
M) 5 T ) A 3 . VIRFS B 0 18 7 sk 35 LR 34>
ﬂ}ggfé:

(1) HCAEARAEFYEE . 3L FAH 2 SCHREEHR 104>
X LCC BUR AR B F8 EAE J 53, 5 %F LA U
B AR B 8 B04E 0B (Chen 5%, 2022; Gao &%,
2024; Liang %%, 2015; XuZ, 2019), U2 ff
o VR T BE AR R A LA, A4S 504>
FEMARE (40 Datt99/SR, Datt99/LCI, -+, TCARI/
MTVI2, TCARI/OSAVI). H, YER4FH9 104
FEHAEEIL AL T VIFS,

F2 SEEELEOEBERIEH

Table 2 Sensitive VIs during parameter estimation

25 BEEEFMRRMENERIELLERST
LiAE <

VEV) S 2 WO CIE At 2 Z R I R, 45
AR Sy MR SR A AR RARDL
I F RS . LA 8 B A 5
LCC Y, JeJ2RAHE 552 3 LATSE S5 S8R &
ER, SELCCIR B 5 E 45 MW i BE iR 2%
TN SRS RE o Ry A LA AR LCCAS 53 1Y
T, AT T PROSAIL FR S (L H i), 4]
RFEVEYRI T 2/ LALS LCC A G 8, LIE
AN RIVE S5 0F T A TV AR fde e . i —
AH, BB LCC I LATE A AN Rl U i Al iR
B, A EEAE B AR B AR RHAE R VIRFS  (Vegetation
Index Ratio Feature Set), AU /b LAIZE4k %} LCC
WS o FEAY AL LB AR, ASHF ST I 1 %
LCC /& U A A6 B (AN CIG, TC14%) fEH
OrF, LAXE LALZZ A6 HA v v I {EL A RIS P AR
e (WSR. MTVI2SE) fERorbk. XFHEIE
AT F LCC S LATTE IS S & v B9 IR & DUk
PEAT PR EEAST, E—E R Rib T LAL
TERFET R Ry SZm Sy, INTPR B T LCCAE 12 1
AT RN, HE— R IG5 LCC MR, I LAT
TR . 5, >R Relief—F 532 i & %
LCC BUE 5 ey 9 FEAELRR A, AR T LCC AR 53 BY
HERIYE . T4l VIRFS BYA R, A5 ] ) 44
TR BUFIELE VIFS  (Vegetation Index Feature

EMSE BURHE TR A
Datt99 (NIR-RE)/(NIR-R)
LCI (NIR-RE)/(NIR+R)
RERI (RE-R)/NIR
CIG (NIR/G)-1
-4 2% TVI 0.5x(120x(NIR-G)-200x(R-G))
wHLCC TCI 1.2x(RE-G)-1.5x(R-G) (RE/R)"
CIRE (NIR/RE)-1
NDRE (NIR-RE)/(NIR+RE)
GNDVI (NIR-G)/(NIR+G)
TCARI 3x((RE-R)-0.2x(RE-G)x(RE/R))
SR NIR/R
EVI2 2.5%(NIR-R)/(NIR+2.4%R+1)
I AR NDVI (NIR-R)/(NIR+R)
fRALAL wiv | 1SKOL2XONIR=6)=2.5%(R-6) I((2x
NIR+1)?-(6XNIR-5%R"*)~0.5)"*
OSAVI 1.16x(NIR-R)/(NIR+R+0.16)

(2) FRAEALE TR . FIH PROSAIL A= J i 15
W, K Relief-F H3% 115 50 I L ERHE S
LCC WAL EE (A, DA & HXT LCC AR B DTk .

(3) el LB AR AF O vk o 76 A 20 HoAg A ) 40
T LUAELRRAE v, 36 BRURC TR (B 55 5 19 BE (R RRAE
AL 104 HUAEHRFE Y VIRFS,

2.6 TRBET]
2.6.1 FEENFEIREEHILHE
R 22 N A, 5L B AR AR LY
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BRI R OCE 2 SR, ARG ny BEPLIE R
RIEAEAEME LS UR BRI S0 8l or A, %
MR RSP RE . D, B o SR i AT X
Mo Ve f B B RS , ON i R AR TS
KA RGER . TIPS, ST AHE
PERYSE: (ANBALD) 18 H 4KAT DUy, saad
THE TN B0 £ R B % = A B E MR REA, &
T BRI 7 22 B0 Y 37 55 T Ak TR A 5 (1]
R (U0 Core—set) W LAFEAAR Rt Ry #%
O, I R/ B AR AR 5 R PR RE AR 22 TR] A R AE
2 [AIEE RS, SCPURRIEAS B2 A S . AR, X
PP 28 512 38 AN O T i A\ 5 T i A 14 22 () g B —
iR R, Humlmit a2 m . Rt T4
2 DA BCRAE R E PEA R A ML (Kim 1 Shin,
2022; Nabika%F, 2024). MHEZ T, SR FTL
KAERBE iGS (improved Greedy Sampling) 7E KA
WG B IEREAR L A S W] CRAEs> A7) 5
By b s ) (Pt o ;) b A ARER A, JE A B A AR
DL 2 i S AU B 5 2R P . 2T
s 2 AR B DL S A W sl E LA, B R it
SRR G S EE . I, AW AER AL A
WY BER FH 32 802 2 T iGS D5 IR AR A R s
DL THRE A e 8 R 5 AURTE (Wu 5%, 2019;
Wan 4§, 2023; Ma%F, 2024).

(1) 53 e ) 5 5080 b B R AS 5 U1 2R 8
PR PREA R BR IR R, R SL A S
SBARE P B REARIIE R . AR AR WE

Dx(iaj): z(xi,k - xj,k)zvi = 1925”'5N;j = 1525”'7M
k=1

2

d,(i) = min D, (i,]) 3)

A, D (i, j) 327 Ha a5 R A AR
DILRAHE 4 AR 2 I BT, v, Bl S
ARWFREAE, m B IE R o d, (i) 7R H T Ul
TP A REAR S U U P BT REAS A B/
HEE

(2) {68 FH B WL AR PR 72 5 T I 2 0 00 B ey
(TSRS, SR 0o b T 000 i i 2R AT 0, 93t
SRR 5 B — DN ZRFEAS H bR A8 7 2 8] 7Y 46 %F
ZEE, FREBN A SR A 5 U 2R 4 v il B AR A2
RN 2 . BARTHRE AR
D)= f(x) =y |i= L2 Nij= 1,2, M (4)

L, DG, ) 7R Mol 8ol A i S REAR Y
TOAE F (x,) 5 U REd v 56 A BEAS i LS8 H bR
Z IR L%t 22 . d, (i) 2 Hb Tl e 40cds vh 88 0 SRR
ARG YN GRE s B bR AR AS 1 e /N X 2%
(3) Frag w4 ARSI A, 153
—MEEE WS, RS RGERER
A B KV 53 () S AR AR RGO A e AR £ a0
d,(i)=d(i)*d (i),i=1,2,-,N (6)
ABSEIE 11 1% T R AR E AR S h B
BEBRAFEA, DI TR 7E 37 37 5 v (1438
of YRR NG BE . R P R A AR 5 R i
FEf R Fe R ORI B i, A AT I O B
151] g 7 M, 52 00 K04 B9 10% . 20% . 30% . 40% FI
50%. BLA, A EEEAL iGS T ik S AL R Tk
IR, BFFEITEREAR S B (Entropy) FIZE
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Fig. 2 Sensitivity analysis of canopy reflectance at 450—800 nm to variations in leaf parameter
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Fig. 3 Sensitivity analysis of canopy reflectance at 450—800 nm to variations in canopy parameters
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Table 4 Accuracy validation results of fine—tuned transfer learning LCC estimation model based on two feature sets in

three study area
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Fig. 6  Ground validation results of LCC inversion models in the three study areas, fine—tuned with 30% local samples based on

two feature sets

Wy ik — 25 PEAG I e LB AR B 8 HIORRE 78 S
LCC " iy 5T kA% O, WF 5% >Rk 1] SHAP  (SHapley
Additive exPlanations) J71%, X 4% X I fH )R A5 Y 7E
30% NGBt b B9 RRAE B S EAT 1 AT R O
B, 7R AL, 44 DX A AR T HE
¥ A —BUE, R —E xR Bk

M, CIG/SR. CIRE/OSAVIFITVI/SR 34 F Atk
Bl A8 B EAE 45 XU S HE A SRR, RUIILAE R
] X 8 2 B A7 faE HoB & Bl ge gy . Hodr,
CIG/SR FE AL 48 55 52 I K5 40 v 35 2 0k fe 2L
Wi 3 4R AE , E— 256 E T HX LeC AR L HoA
JEHURE R RS . R EBRIE ST T I, A



1404 National Remote Sensing Bulletin i & 54k 2026, 30(5)

[ DX 35k () SHAP (B3 i AF A — 2 22 57, BLilUEE
FRRRAE DR TR, T SN X sk, v A AR R A

R, RUIHAER LRGNl BEZ IR T LAT 221k |
b R A AR A R T S TN R, 2 ALRE

TOBOCHFHE . AT ER S, FRFE (20 DAL EPSEXECR
Datt99/SR . TCARI/SR &%) FEAN[a] X 3 HE 44 i 5
400 300
300
200
200
w100} ! am 100[8
o =9
: | 3 ¥
o ||||" AT S A A I I
-100 | . ! v
-100 |
-200 |
7300%<1~x$x<&~<&~<z~ 20 T e T &
& %\§ e $ @\% x\% q\5 <}\°’ @\% o @\% & S \\% \\% &« oF
L™ % Q&o\o@ AR OQ&Q‘&‘\@@&Q
& &
RHIEA TR RHEAFR
(a) PROSAILBEAUEE (b) BFFEIX 1 £
(a) Simulated data based on PROSAIL model (b) Data of study area 1
100 150
50t . 100 f s
R :
TR 1,
w OF: 3 ¢ | | R I I . so-i !
< C < i
= s i - | ! H
S0 . @ of i | ‘ | l I U
. i !
~100 F * sob b
10— e e
&g\&@%& ®é>§’@ cﬁ&@ﬁ&’& ﬁé & FF
o SRS Q,§‘ é) O ‘%Q &< Qﬁoo\ I Q\ % %Q
& M &
RRAEA PR FEHE4 R
(e) WFFEIX 2 8 (d) BFFEIX 3 %
(¢) Data of study area 2 (d) Data of study area 3
B AR
= ik
[ T

P17 T SHAP J5 i 145 DRI ZRBS0di 45 i 0 S i LCC STRKBE 1 mT A ek 23 A 45
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Abstract: The accurate estimation of Leaf Chlorophyll Content (LCC) is of considerable significance for crop physiological monitoring

and precision agricultural management. However, traditional Vegetation Indices (VIs) based on visible-near infrared canopy reflectance

experience notable challenges in LCC retrieval, as follows: (1) the spectral response is highly coupled with target information (LCC) and

structural noise due to the confounding effects of canopy structural signals; and (2) canopy structural heterogeneity across different crop

types further exacerbates the sensitivity of VIs to structural parameters, significantly limiting the generalization and applicability of
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inversion models for major food crops, such as rice, wheat, and maize, under diverse growth conditions.

To address these issues, this study proposes a hybrid LCC retrieval framework that synergistically integrates remote sensing physical
mechanisms with deep learning techniques, aiming to mitigate effectively the confounding influence of canopy structure and enhance model
generalizability across diverse crop types. Specifically, a set of Vegetation Index Ratio Features (VIRFS) that exhibit low sensitivity to Leaf
Area Index (LAI) is constructed by simulating a wide range of LAI-LCC combinations by using the PROSAIL radiative transfer model.
Furthermore, an active learning-based strategy is incorporated into the transfer learning pipeline to optimize the selection of informative
samples, enabling efficient model fine-tuning with limited labeled field data. The proposed method is systematically validated on multi-crop,
multiregional datasets that are collected from three major agricultural zones in China: Northeast China (maize, rice, soybean), the Huang-
Huai-Hai Plain (wheat), and the Yangtze River Basin (rice).

The results show the following: (1) the proposed hybrid method, which integrates radiative transfer mechanisms with deep learning,
achieves excellent performance in cross-regional LCC retrieval for major staple crops. It exhibits strong stability and generalizability across
diverse crop types with R? consistently exceeding 0.69 and root mean square error (RMSE) lower than 4.77 pg/cm?. (2) Compared with the
conventional vegetation index feature set, the newly constructed VIRFS is designed to be less sensitive to LAI, significantly mitigating
canopy structural interference under optimal fine-tuning conditions. Across the three major agricultural regions (Northeast China, the Huang-
Huai-Hai Plain, and the Yangtze River Basin), VIRFS improves R? by 0.18—0.23 and reduces RMSE by 1.85—2.51 ng/cm? for various
staple crops. (3) The transfer learning framework that incorporates active learning enables high-accuracy LCC estimation by using only 30%
of locally labeled samples, achieving R* values of 0.69—0.74 and RMSE of 4.98—5.76 pg/cm? across different staple crops. This result
represents a notable improvement over random sampling-based transfer learning, with R? gains of 0.02—0.16 and RMSE reductions of
0.05—1.42 pg/cm?, substantially enhancing model adaptability and inversion efficiency under limited label conditions.

In conclusion, the proposed inversion framework, which coupled physical principles with data-driven methods, significantly improves
the accuracy and robustness of multi-crop LCC estimation. It provides a universal solution for nondestructive LCC monitoring across
diverse crops and regions.

Key words: leaf chlorophyll content, UAV-based multispectral remote sensing, canopy structural heterogeneity, vegetation index ratio
features, transfer learning, active learning
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