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a0 R AHER R AE M B AR s 8 E

BEREL RRER REAL T, B, ABE, FHE

L ARl K2 E RS TS Be B Al o e, I 430070;
2. gl K 2F IR AR B, BRI 430070,
3. Tim Qi K2 HuER Bl 5 T AR B, AR 610031

 E: EAHEELAL (Leaf Area Index) /ZRACAVEY TEZEEH 5K IAM CHES L, ) FH 38 BB AR X LR 47 1
B B S B4 A o FH B K I A B . AR e PR DL Bl B 7= PP Ah S B R X LT VB R s v 2k
KGR JR S5 R R AR U R I B, B s PR (1030 m) DRGSR EIF) 2N A FEYS
B, AR THEY) LA EORS B SR HE TR 03201, SR, IR RO AE £ 100 ik B T LAT B 9 5 =0
TR R ES, H TR XIAARE, A8 SR 20 3 B T LATR RS FEA AR AR . FE Tk, AHFFE LU
PROSAIL LY FIHL &5 27 2 SEILE5 6 BNR A0 OBORNE R F AL 5 3420500 BL 1Y Sentinel-2 SR RTE A& &R
S MBS 5 PR 4 ERRAEY) OKFRE . /NEFIEK) Mbii LALSSINEHE , 38 D sEpL a5 2T A A0 K e B 21
G, MET GBI AR/EY) LALRGEAE, IFEARI R THRT KRGV, 451KV, ZRERML
(MLPR) & LAL S 2 B U R RO AT, BB S I AFTA AR LALCERS B2, o BE 51 A LIl 1
(RE1) FIZIi13 (RE3) BYRESCRRIL (R*=0.784, RMSE=0.826), SAMALLAIEN 21 24 (Green+Red+
NIR+SWIR1+SWIR2) #HLt, R#EFT 4.9%, RMSEPELT 15.6%. WIEF, 51 AL BTy LALR 8 19
RG2S, T HAE LALP S E XA (4<LAISS) ARG fF T 1 MO8 520 (IBiasl AT RMSE 4351 [ T
52.2% M 41.4%) , WA, RFEWEDXTLHE BN AAE2ES . SIAREUMRE3 )G, £k LA R E TR
W3 (RHETF17.9%, RMSEF#ER29.1%) o ASWFS0 i #8620 3000 Be b s ) S a8, T e B4R TR RV E R 25
BRI LALSGEORE RS, MR | KB AW R SARG M AR g T E R R

KR RIEYEHFTE S, 2B, PROSAILALRY, HLAFS, U Bk

hESES: P2

SRR BRE,RNEE, REA,EWT, 5, 055, 75 ¢ .2026. B 50 iF BN R EMMH ERISHEE. EBRPER,

30(5): 1374-1391

XuBD, SongZBJ, WuTZ, Meng K, Wang Q, Wei HD and Yin G F. 2026. Retrieval of crop leaf area index by
coupling red—edge band features. National Remote Sensing Bulletin, 30(5) : 1374-1391[ DOI : 10.11834/jrs.20265383]

R IR

15 =

PEP A A I 7 FH (R] K A B R e R
B LA K AR A= 77 ¥ 3 DA 25 07 TR 453G 2 O
BIYER (Djamai %5, 2025; Zérah %, 2024). M
RIS B LAL (Leaf Area Index) & X A B{o 3 3% 1A]
gt R AR —2F, R OS2 4
WS IEER B E A YY) S % (Chen Al Black,
1992) . VERAEMAE K AL B REHIRL LIRS, LA
AL AR E T 2 X0 6 & A U S B R g
M H R ZIm TR e aERT . 28 8UVE B

i EH: 2025-09-15; FEDZR: 2026-01-25
BEE&WAB: FR AR ES (45 :42271360,42001303)
E—1EEEN:

fli e 5 Y RSB (Chen 55, 2019), T
IR SR AR IR BUR IR . P LAT 040 42 13t
THMTE. M4, BAZELRKEF LA
% AG, W MODIS, GLASS. GEOV3 Fll MuSyQ %
(Fang %%, 2019a; Fernandes %%, 2023; 42 Ak
8, 2023) . BRI, H TR AR IR 2 [A]
PR (5100 m) 3B, 2 A0 S0 S PR
FNR A5 TR /52 m , FLAE VP I 5 il v i)
KA R AT EME (Fang%:, 2019b; Myneni
&, 2002) . UL, MR AKAG O AS 1] 4 HE R
(10—=30m) #EGHAR, EERGAMRE LI RAE

BEARZR W98 5 1) R Al 788 E-mail: xubaodong@mail.hzau.edu.cn
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Py LAY b B2 Wi

BT HERIE BRI LA U Jr ik 2
G328 KR XRE . WHBAL IR AL ()
B 5%, 20225 Verrelst %, 2015). &5 R %M
b N7 S LAL S 3 O (SR REgdE 4L
) WG LRI B XU, Jrik i,
TSR, HFE M ERF MR NZES,
SECHARE IR R AR Rz AR AL (L
45 002023; FELLWEAIEREM, 2025; F 4,
2024) . YRR EE MG S HE B —1T R 5 AL
B R, R 6L 2 i S0 A A5 78 220 i i 559 %2 5 LA
IR, BAESHRAM S B, H2E2
515 5o AL S 2 e v i 2, XE DL IEORS B S5
% (Han %%, 2024; VergerZs, 2014), RA&B
SiE T WA PR, R L Py B A AL 5 2 S G
5 LAIW X RAEBNGHEA, A5 BILE - A
RUSCEL LAL R, ARk E] T N R
MEE, 20165 SunZE, 2022). SR, A2 H] T AL
MBE, OARZECT R HEER LAY
AT EBARH AT DO . T LLAN RV B LT AN BE (Qu
5, 2014) . F TN A 15 B EAE AN R LYY
WEZ R G A fE, BB RAAERK
A EYE (Zhang %, 2025) . Q04 7E S i h 51 A
W 2R HARACEE S, ERT LA R
B4 T LSS RE JT 1]

AR M B & EAR LN e S 3 R I VA
LA m A 20 (29 680—760 nm) , filt
JHE B 1) O 3% ) 1V BE AR N Y X — 2E Ak IX
(Curran %%, 1991). H T X [BGIHERAE -5 R #E
SRS EAGEZ GBI, HIba ik
AR REY A BURS (4R W E | A EAKF)
DL N ek SR GE A ERAE (T LAL, PR 4040 ) Y BURE
BeBr (Dong%%, 2019). LA, FliE 2 Wi &Ll
NP B R PR T EMY R R, MEsAs
(GF-6, MHEBEMEELDIEEHLNLTE).
Sentinel-2A/2B, DA M HLR]H 17 Landsat Next 55, 4T
I AE A W S B0 R RV ) AW R Z A, O
200 1 R AR W W AE Y Y R OG TR A (Bach I
Mauser, 2003; Zarco—Tejada 2 2019) . SRk,
A WX T 20300 B 15 b 2 P T LAL S A i
R ER RS, RE T 400 B
AN .

— 7, AR R I I T 2 ik B A 1 A

LR BRS04 B LAL SOEORS FE , JUHAE = LAT
DX TR 76 J2 0 AR 8007 ¢ B i B o P Rk, T AR
LAVCAE it BB A 28008055 T3 H 521 T4 (Canisius
Ml Fernandes, 2012; Pan %%, 2019; Tillack %,
2014) . HLAh, LLHAEBIR RS LATEE ST 4250 ¢
FRAEAFAVEY 2B (8] AT 8 0 — B0k, Bon il
A VR Py A DX S v TR RS (Dong 45,
2019; Vina 5§, 2011). 75— )7, WA 5T
h, SEGAEBPAR RO I, B LT i B Ry
PAEECS LATRYA G TSR T BR , REEAEA IR P15
FIULI 25 P 71 B 5 42 2 SRS ) (Korhonen 45,
2017; Punalekar%, 2018), X255 FEIETE
A WTFE bk = Py AL BRAR BT 21370 0 LAT B S A Y
R, SHABFEEARMESFM, HUFRK
ZHEPTEAR CRIZ W, AT A R Y 1 1o 0L
FEAS, HC LA EORS 2 b 32 W50 IX Sl iy A 45 1
VEYIAERY | 5 J22 45 ke R i A K 08 I B+ 45 DX 22 5%
W T o PRI, R AL AR T B HL Sy
FIHZLh I B AR B LAL R , IFIF R RS
FE VPR AR XA, B VEYIZR BRI UE, M A 2K
BTVEY) LAL A

FEXE BRI, A 5T 5L Ty BT 5 B 4%
o) APAE A R AR LAUR R, R E % A4
A ZR GV AE5E M % CNERN  (National Ecosystem
Research Network of China) #&tAY4 [H FER E1E
Y OKF . N oK) LATSEEE, JF4sa
Sentinel-2 Z Wi AR, R R LN UL BAENEY
LAL B2 HP B4 T, O R 8 5 20 3 I BURF AR Y
LALR S, . B, i 80U, R
W B T Y B S A A6 LAT 72 Ak 14y e W2 AL 1
HR, B FEBLE 7 S X LA S O63E% Ui 4
RAMBGERE, PhkidE milas A, AR5,
VEAR 2130005 B 5 1% 58 I Be 4 G S kG B8 1 42 7
ROR, W T L0 B e Y LAT RS . B
J, FEARTRIVEYSS IR LAT X 8] F FF 8 LAT R 57
EX LT, $a s LLI I BN VR LAT BN B 1Y)
DURR-S

2 WX R

21 TAREXER

A GY T Z A S R G0 5T W 4%
(CNERN, https://www. cnern. ac. cn/index. action
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[2025-09-15]) Ay 5 LATEOE , X Ry EE ) LAT R
BT RAG B PEAS . CNERN 3 M ILA 53 M ES
U, RIS KRR, L RESFEES RS
R, AP E2AE . BRI ERET,
R HAS RGN 184 fERBES RS ik
P XS AL B KRG . FOKRFI/INZ 3P MR B AE
IRl oS, e T A KRR s (R L R

uh o THHYHEG . VDY L TR BRI L 8
El), 12 EOKuhA (ZIEY . KRl #H
U AT 3 (U S T 3R N =N
Ukt . TR . BRI ES  SwIREE), 9 hE
vl gl CH2al . Kl B muh | 28l . figs
U RS S S IR N s U DI LY
TG Bk 1R .

F1 MRXEBHSRME LAIZNHEEARER

Table 1 Specific information of selected sites and ground LAI measurements

A R4 ZJEIE H4iEISN Gy Sl UL A A 2 A
Be vt 22 E ki ASA 109.32 36.86 2019—2020 EP N
HwINGE N CSA 120.70 31.55 2019—2021 N KFE
B P K 2ty CWA 107.68 35.24 2020 INAE EoK
VAT B FQA 114.55 35.02 2018—2021 INFE K
SRR L HJA 108.32 24.74 2019—2021 Fok IKFE
By TIEAS UY HLA 126.97 47.45 2019—2021 Tk
MRS LCA 114.69 37.89 2019—2021 N EK
il EvAan LSA 91.34 29.68 2020—2021 Y
Hfrilf sy LZD 100.13 39.35 2019—2021 INEE EK
SEEE R NMD 120.72 42.95 2019—2021 5/
VLV 4RI QYA 115.07 26.74 2019—2021 IR
TEH I SPD 105.01 37.46 2019—2021 INEE K KRG
LTk R SYA 123.37 41.52 2019—2021 ok KA
W Ak VR TYA 111.44 28.93 2019—2021 ok IKFE
L AR 7 YCA 116.57 36.83 2019—2021 N FK
PR YGA 105.46 31.27 2019—2021 INE
VLV R YTA 116.92 28.21 2019—2020 KA

2.2 HiERAbE

221 R1EH LAIMbE S EHE

CNERN /4 FH 3l 55, 32 22 R FH w0 AU 41 7 3k
Y e LALE O . BRI S, &1 CNERN 3
ST AW, RS -
AT YRETr, B K/NR 10 mx10 m ] 50 mx50 m
NG AESEATHITE LAY SRR, ARIEFE T RN,
FAFERIE N T mx1 m B 10 mx10 m f [T KA
INIK, DUNXOR B, R BE AL BEER 6 A 1T 92/
X, R B AT LAT A I 4, fe 20
6 /N LAT B EAE R iZRE T LATSEIAE (b
U 2012; RAFE S, 2007; BEA %, 2015),
g T FAS AT EE B M T LAT SE I K DL K %A
Sentinel-2 5214, ASMFFTARYE LR B IIXT 2018 4F—

2022 4F 1) 3l 5 0GR B AT A PR S R RE . (1) B
Xof [] — AR AL 2R 7 BN RE 7 RUEE /18
T20 mx20 m AYE AL, A DR T b T O AE A e JeK
ARG ITRUE — B, XHZAE S 247 1 LALEL
BIEAEMIZAFE S LAL; (2) ARYEARVEY AE BEARRAE
()5 AR (Dong %5, 2023; Mercier %, 2020),
PFE LATLBI7E 0 1] 8 NS & s (3) A Tk
DRVE AR ARSI AR 2, PR LAT
I B[] T Sentinel -2 5245 UL B[R] AN 8 3 7 d 1) 52
W BCHE 5 (4) R A AR LAT S0 %k 98 A v o P
4 LAT 5 5 — 4k A8 8% 38 %X NDVI  (Normalized
Difference Vegetation Index) [ 4H ¢ M I Jig it &
#il (Mafl Liang, 2022), 7ENDVI 0-1 f9HU{H i [l
L RLO. BRI 4y 104 X)X [
PR B2 5% 25 95% 11 Bl P9 G) N7 1) b 1T LAT 52 0 %
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Pao FT FRJEN, AWFFEILBEE T 295 5 LAISE
s, Hop 134 & F K LALEE, 72 47K A8 LAL
B, 89 4/NAE LALLM

2.2.2 Sentinel-2 T B iE B #E

Sentinel-2 JZ& KXY %3 [H] J5) ESA  (European Space
Agency) B FJE TR H A — 00 5 ELHb BRI AT 55
FH Sentinel-2A Fl1 Sentinel-2B W 41 TL & 2H i%,, 34 10
SR PPN AT SEBE S d 59 R BT . Sentinel-2
R ZHEERUZIUMST (Multi—Spectral Instrument )
B AL ST DA K 2D AN L, AT g R
13 G5 I B i o3 PR A R 25 IR o B
S 10m, 20 mH160 m, A1 fR, Hrf, 34
CLI B XTI BE 5—T7, 28 (B4 HER S 20 m,
AWFFEH T GEE (Google Earth Engine) 5 3 L
2 Ul R IR R YR U 3 (Sentinel-2 Level-
2A) BiE. ZIEFNWE 1 (Bl, Coastal aerosol) .

HE:9 (B9, Water vapour) FIE: 10 (B10, Cirrus)
T RAKRIE . SRR RS B A L & 4
AN AFGIR (Zhang 55, 2023), T B2 (B2,
Blue) %3 KA HIUH BOSE0E A S 3R 5 I ABOR
MARHEYE (Zhen 45, 2023), DAL PUANUE BERBE
ARG . Flax 8 MMk B : B3 (B3, Green).
HBt4 (B4, Red). JBtS (BS, Red-edgel, REI).
JeBt6 (B6, Red-edge2, RE2). JkE7 (B7, Red-
edge3, RE3). JBt8A (BSA, Near Infrared, NIR).
HBE11 (B11, Short Wavelength Infra—Red1, SWIR1)
A% B 12 (B12, Short Wavelength Infra-Red2,
SWIR2), N F TR AN LAT S5 B
#, NIRRT R 5 RS Bk, R L2A
P Y QA60 P BLHEAT ~ AL B, IR A5 ) 4y
PR 10 m PP B GE— B R R 20 m, LUMRIEZS
W BRI 22 1) 2% ) RUBE () — B

f— AT L —| fe g > fe mms > l—  mmas  —
WBE Bl B2 B3 B4 B5 B6 B7 B8 BSA B9 B10 BIl BI2
S /m 60 10 10 10 20 20 20 10 20 60 60 20 20
WBSEEm 21 66 36 31 15 15 20 106 21 20 31 91 175
10 ﬂ m
0.8
3 06} \
E
X
04
02
L, U
0 ; 1 fy i 1 1 Ll 1 i iy [
443 492 560 665 704 741 783 833 865 945 1374 1614 2202

P /mm

K1 Sentinel-2 MSIfL IS LI I BOEAAS B, b (9l Be 44 FRACFIZ U BOR PEABIT 52 H]

Fig. 1  The spectral bands of Sentinel-2 MSI, where the gray band names indicate that these bands were not used in this study

3 MR TR

ABFFE R TR Ak S AT BB, Tt ieml
EE A L B A SRR ., WER S A
W B 1 4% 1E 4 LAT e B 38 030 325 01 P Al LR
(E2). BEMmARWT: (1) FH PROSATLAAIA:
BUARAEY) LAT- 56 2 R B s 4, IF g2
BN A3 A7 T I 4% 2 06 S [R) I B 2 6 R

IR TTRRE 5 (2) T A AR £, R
TR 2 BRI A R Ak Y, AR
PE SR AR MY 45 R B E I P AR S Bk (3) 2
TR LS = T Bk, BCE A\ B4l 5 23 )
e A P AR Y, IR 0 i T L i O B Y LAT S i 5
% (4) TP s R AN ] LATIX 0] S AR 2 1
N EORT R IEAL BRI S 1 SRR AR A [R] 7 5 A0 0
e T3
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TAL ALA,
CNERN Sentinel-2 N, Ca, Gy, || psoil. hspot, _»| RFR. GBDT, SVR., ¢ ¢
SELAL TOCHHH G Cb, St]%lptstf i GPR. MLPR e *m )
} 7 LAIK || fgpsn
(O | s | fifi IS
) : ! i K
| IR B A2 ] | PROSATL % 41, | | i {E KA
I FRARHLES = > Sk
|
BAR RIS AT | lﬁ&gﬁ;ﬁ
: wL v : oo y \L
ﬁuj J R SL AL }iﬁﬁﬂééﬂ)ﬁﬁ] [ LAIL- S S B 42 ] : BBk SRR T E
| I
e ————__ I
A . v . ' : I l l
I : : | PSRl
| 70% 30% ||[t=— ) | ] AN AL
| s I | s |1l SR S 1 T
I == e==" | |

[ wenkms ey |

&2

[ LA

[ s |

ABFFE

ERER L

Fig. 2 The workflow of this study

3.1 RIEYLAI-EE K5 RAE ISR & 4

3.1.1 PROSAIL#EZEISH#EE

PROSPECT #% 7 J& Jacquemoud 1 Baret 3 T
WAt i i ROEE SR L i A (Jacquemoud
I Baret, 1990), i s A AU A G 676 A JZ ] 7Y
Gh BATEWGE R, it 400—2500 nm B
FEL PN B8 7 o) 2 BR B S 3R 5 B . SAIL A RLE Sy
Bz W J2= RO R S AL d e Y, R A )

S E KT Y — HJCRR Y™ R 1945 1) [l P 4
R AR (Suits, 1971), i EZ MG

SHUR R B, B BOE Z A R LIRS 2%

PR XL SR E (Verhoef, 1984) ., % JEF)4k
Ve 5 )2 A W) — A TN e BE ARG L 45 (8] 431 A
X H— b T SATLAS R i 14 5 e IR AR
PR A BIF 9T 358 ) PROSPECT -5 #5015 5 ASATL A5 R4
£ 1 PROSAILBE R (Feret Z5, 2008) A& Ji 40151
e . \e, MR AN E PROSAIL
R H G A S BE R (Dong %, 2024; Guo %%,
2024; Liu%§, 2025), HARM R 2 s, B,
B AR S8 A T 19 10000 58 VEY) LAT-76
ZR A REAEE . )5, R RIER IS E 1 TR
MK 0 — 2ot , AR IE Sentinel—2 T it 5 3 i
o7 BRSO AL ) 968 J 22 S S SRR A T TS R

%2 PROSAIL#HE NS HEE

Table 2 The range of input parameter of PROSAIL model

TR SRS ) Hfi L LE S3AiAEAY
R 25 SN — 1—2 Gauss
MR g (C,) pg/em’ 10—80 Gauss
THIBER(C) glem’ 0.001—0.03 Gauss
PROSPECT-5
SFROKRIE(C,) cm 0.001—0.05 Uniform
%@?/E‘\E(C,m) — 0—1 Gauss
W bR ER(C,) pg/em’ 1—20 Default (Step=5)
I AR B (LATD) m*/m’ 0—S8 Gauss
SR uAT 1 (ALA) 10—80 Gauss
5 S AL (psoil) — 0—1 Uniform
S S H (hspot) — 0.05—0.5 Gauss
4SAIL :
AR B LG (Skyl) % 10 Constant
KBARTIA (uts) ° 15—60 Default (Step=5)
ML R T5A (2o 0—30 Default (Step=5)
AHXT T LA (psi) 0—140 Default (Step=20)
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SHHBREDN

R 2 615 W 132 3] 22 b AE B 2 50 A
S E W, AN E S OGS RHE 1) 5Tk A 7R
25 (WU 4, 2017). PR, A b 558 2o BUR%
PE I3 A7 X 2% 800 TR HEAT RGEEVTEAL, DUE
T A () 8 B S 3 38 0 2 008 Al g wi AL, i
h G S5 AL BR Y B SOR o3 B A B e
WA o BUA B BEURAE By B T LA IR 2R
— &0 A Ja) BB E 43 B GSA (Global Sensitivity
Analysis) , 38 2 [7] B 2l 22 BT A i A S 80K it A0 H:
Xof i 1 A5 A R R B e B 2SR R R AR A
Br LSA (Local Sensitivity Analysis), 7F [# & HAh S
B 254 TS — A HER S8, i Ri%ZS
BOWS i B9 ELESZ . (Tooss Al Lemaitre, 2015) .

ABIF 5 73 31 2R b 3 A R 0 A O
LA T PEAG AN [8] 2800 e 20638 8 i s . &
6, MBI B Sobol 53 Xt PROSATL AR LT i 4
JHEBURAE ST (Saltelli ZE, 2006), PROSAIL £ #!
HaE 4P MASE, bR RERSRE (C,)
MR AW (Skyl) 0 MU FRLE [,
WA ARUIENE ST, RAFET 1240 S HCRA BT
FEITBEHLR) 8 4~ Sentinel -2 H AR B, & & 1PAL %

3.1.2

NS B SR RS AR STRRE o BE S, X
PROSAIL A5 B JT- Ji& Jay i S0R A 70 A, A [ LAt
SEIFMT , A LA BUE, A2 AR TH] LAL
KT BB JZ 6T, DL A S B I B A R
XF LAT Sl 2528 oy wi AR
BAERERIHERVFEIEEZMIE
T O A ARAEY) LAT RO A SC T (Li 4%
2025a; YangZF, 2025b), ASHFFTR FHBENLARAK A]
IH RFR (Random Forest Regression) . Ff J& #& Ff 2
KB GBDT (Gradient Boosting Decision Tree) ., SZFF
] M9 SVR (Support Vector Regression) . =71
F£[AH GPR  (Gaussian Process Regression) Fl1Z£ )2
JEFNHLEH MLPR  (Multilayer Perceptron Regression )
FSFIHLERF ) I M R AR, A AR
FREMEER3 IR TR ) Bk UL e R AT
PR, ARPREETAGIALLAFIGIA 3 SRLL0 P
WeB G, KM S FLAS 27 > S 40 A LALR
R, (L 7E P R I BEAH B R B RO AR SR I
BAFFE . Ak, H4 10000 4 LAI-56 J2 52 5 %
BAD G EAT BEALR AL, e BB 5 Lo 1) HC )
FNEE (70%) FIEIELE (30%), Ff-44 b i 52
T LAT R B 1Y Sentinel—2 B4 75 4y 4

3.2

R3 SWMHUF[EIEZHEN

Table 3 Introduction of five machine learning algorithms

Sk

fij g

25 3k

FEHLARFR M (RFR)

B TS (GBDT)

TR T (SVR)

i A 915 (GPR)

RFR J2: 1 24> PSR 20 i [ D A . A B
AR S X YN R A BEAT A A Il R B LA RS , 78
BERRR (A0 o i BE AL B AR R A AT 2R
TR Z A ST A P o e A S5 5 th By
ARG 2 | M R AR AR PR SRR i 40
A XU , 2 e AL P AL fE

GBDT & —Fl S T 2 F+ (Boosting ) AR Y £ Al 24 )
B 3 R AT ORI 20 1 55 2 > a6
HI—F8 1% 22 , 121 — DR AR b o de /M 2 R
BB R BE 7 SR SRR . GBDT 7E A B2k
A T 1 ] 0 o 30 L R R 4005 B ) R SR 1, 1T
AR 2 RRIESC R

SVR JZIETHL it ) BUE Ay AR LN M2 07 2%, Fo
A SEAER A i A B WS B R AR 25 8], A %
23 ] AR — A AL T U T 5K B
B, SVR RERS b PR A AN 0] 23 [R] AL, [6) i i s~ A
TR R pR B R U R 22 VS ), T/ R s 4
JEE R 2 P ) 0 B AT i )32 A P RE

GPR & —Fh s T DU a2 8k 77 ik il i
T A AR RS ) eI 4041, T 45 LI
PRSI AT . GPRIEEHE B MY BT %
I A i PR AR T L (R B SR A g

n_estimators : A 1) B0

max_depth : e RIGUREE T4 il A5 AR
PSR IR R R B, By IR AL o 4G
min_samples_split : B/ NP BAREARL, R
5 BT 43 i 4 Fe /R AR B

n_estimators : YA [ 5

learning_rate : *# 2] %, TR YL

E PN

max_depth : B RMRBE , BRI B Y
TREE IR AT Je

min_samples_split : e/Wir BAFREARL 2R
R BT S DR ACKL

CAETH R B BRI IR A B
epsilon : PUR RO, FRTERZE/NT
epsilon AN T4

kernel : A% PR HY | 78 SCBCHE WS 30 55
Aeas i py =

kernel : %% pREL, FH 58 50 AFEAR ] 11
AHIPESS S

alpha : W I, FH 3 SR 080 i
IR

length_scale : FFAEAS B RUSE , 2 il g A2

RN

(Kang%:,Z()Zl)

(Chen%§,2024)

(Liu%§,2024)

(Jin%,2024)
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gk

I

=

RV

EEBH 275 3k

hidden_layer_sizes : B )2 # 28 0,

MLPR J& —FP T 2N T 2 R4 i AR — I THRHEEEME TS 245
A a2 A BRH)Z K 2 R T8 AR MRS activation : BT BREL, PSE R ZETCIYAEZ

PR B AR AR 3 1 S5 R R AW, IF il PR Uy X
e 1) F i v AN W 8 4 I 28 AR, LA/ MBI ER  solver - (EAGTT % , 42 A 3 BEHT B9

£ JZBAWLIEH (MLPR)

(Wang %% ,2022)

2. MLPRIEARFR R 4E ARLR PRSI HATEGR I ife)r =X

UG BETTFR T Pk

alpha: TENIE R E T THE RIS
AT 0, B AL P

A 5E K H Python 114 Scikit—learn #4411 i3
TTRERIREE | PPAN DL RO o e AT Ak, I fili
FH U 35 0 AR B30 Ry B S DL 27 T A5 AU Sk % A 1
ZH, Forp, UG v AR R 25 L5 e A5 K 1)
FESHEATIAN, HRSHE NIMAE.

33 ETHBEHAGMENERRREEEHNE

FEF R AL 2= S Lk, 2P T Rk
B AAE, DAsi e & TR AEY) LAL S i S p
W Bt AR TWREBEAEGHE, H—K
SEAL LN B A I BL 20 (Green, Red.
NIR. SWIR1. SWIR2), &5 20275 3Ll B 41
A Lo sl ARLr . LM =L B, W
HRILH R 8 P Br & (R 4) . FIHPLER =T R
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Table 4 Band combinations and corresponding bands

LIRS RN BB AR
71 Green Red \NIR .SWIRI .SWIR2
72 Green Red \NIR \SWIRI .SWIR2 + RE1 + RE2 + RE3
73 Green .Red \NIR .SWIRI .SWIR2 + RE1
74 Green .Red \NIR .SWIRI .SWIR2 + RE2
75 Green .Red \NIR .SWIRI .SWIR2 + RE3
76 Green .Red \NIR .SWIRI .SWIR2 + RE1 + RE2
77 Green .Red \NIR .SWIRI .SWIR2 + RE1 + RE3
78 Green .Red \NIR .SWIRI .SWIR2 + RE2 + RE3
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Fig. 3 Sensitivity analysis of Sentinel-2 different band reflectance to the input parameters of the PROSAIL model and the response of
different band to changes in LAI
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(d) Model performance in test dataset using Z2
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Fig. 4 The accuracy of LAl retrieval models developed based on five machine learning algorithms on validation and test datasets

using Z1 and Z2 band combinations
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(a) Scatter plots in validation dataset using Z1
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Fig. 5 Scatter plots of LAI retrieval models developed with the MLPR algorithm on validation dataset and test dataset using
Z1 and Z2 band combinations
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Fig. 6 Evaluation of LAI retrieval models based on the MLPR

algorithm and different band combinations
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Fig. 7 Performance of MLPR—-based LAI retrieval models using Z1 and Z7 band combinations (n represents the number of ground

samples in each interval )
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Retrieval of crop leaf area index by coupling red—edge band features

XU Baodong',SONG Zhubeijia', WU Tongzhou',MENG Ke',WANG Qi', WEI Haodong’, YIN Gaofei’

1. Huazhong Agricultural University, College of Resources and Environment, Digital Agriculture Research Institute,
Wuhan 430070, China,
2. Huazhong Agricultural University, Plant Science and Technology, Wuhan 430070, China;
3. Southwest Jiaotong University, Faculty of Geosciences and Environmental Engineering, Chengdu 610031, China

Abstract: Leaf Area Index (LAI) is a key biophysical parameter that characterizes the canopy structure and growth status of crops. The
accurate and timely monitoring of LAI by using remote sensing technology is crucial for field water and fertilizer management, food
security assurance, and the assessment of agricultural production potential. As a spectrally sensitive band that indicates leaf physiology and
canopy structural changes, the red-edge region has been introduced into multiple medium- to high-resolution (10—30 m) satellite sensors
and widely applied to crop parameter estimation, providing opportunities to improve further the accuracy of LAI retrieval. However, existing
studies have demonstrated considerable differences in the application of red-edge bands for LAI inversion, and the effective means to
leverage red-edge information for improving LAI retrieval remains unclear due to variations in study regions. To address this issue, this
study proposed a hybrid method for crop LAI retrieval by integrating the PROSAIL model with Machine Learning (ML) algorithms.

This study developed a hybrid LAI retrieval framework by coupling the PROSAIL model with ML algorithms, using Sentinel-
2 multispectral imagery and in-situ LAI measurements of major cereal crops (rice, wheat, and maize) provided by the Chinese National
Ecosystem Research Network. First, the PROSAIL model was used to generate LAI-canopy reflectance simulation dataset, and sensitivity
analysis of the model parameters was conducted to clarify their contributions to the reflectance of different bands. Then, five ML algorithms,
namely, multilayer perceptron regression (MLPR), support vector regression (SVR), Gaussian process regression (GPR), random forest
regression (RFR), and gradient boosting decision tree (GBDT), were used to develop hybrid inversion models based on the generated
simulation dataset, and the optimal ML algorithm was selected based on the validation dataset. Subsequently, the performance of the
retrieval models that use eight band combinations was evaluated to identify the optimal combination that incorporated red-edge bands.
Finally, on the basis of the optimization of the ML algorithm and band combination, we further evaluated the accuracy and applicability of
the proposed method under different scenarios.

Results demonstrated that the integration of red-edge bands effectively improved LAI retrieval performance, with the joint utilization of
Red-Edge 1 (RE1) and Red-Edge 3 (RE3) contributing most significantly. MLPR performed the best in the validation and testing datasets,
highlighting its capability to capture the nonlinear relationship between canopy reflectance and LAI. Compared with the Z1 combination
(GreentRed+NIR+SWIR1+SWIR2) without red-edge bands, the Z7 combination (Green+Red+NIR+SWIR1+SWIR2+RE1+RE3) achieved
the highest inversion accuracy (R’=0.784, RMSE=0.826), with R* increasing by 4.9% and RMSE decreasing by 15.6%. Further analysis
indicated that the appropriate incorporation of the red-edge bands not only reduced systematic bias in LAI estimation but also effectively
mitigated the saturation effect in the medium to high LAI range (4<LAI<5), with |Bias| and RMSE decreasing by 52.2% and 41.4%,
respectively. In addition, different crops showed varied responses to red-edge information, with the most significant improvement in maize
(R® increased by 17.9% and RMSE decreased by 29.1%), followed by wheat and then rice. These differences may be attributed to variations
in canopy structure and leaf distribution among crop types.

Overall, the combination of the optimal ML algorithm and red-edge bands can significantly improve the accuracy and robustness of
crop LAI inversion. This study provides methodological support and practical guidance for fully utilizing red-edge information in the large-
scale and long-term precise monitoring of crop growth.
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