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(1. PEACRMPBH KNS 7 LR R, H 7121005 2. PEACRMEHECR RSB, H 7121000

W OE. N TIRELEANRERNSE/NEHHIRFEE (leaf area index, LAD IBEF A KK E 52068 11, W RAH L
AW Z ML IR R S 3 A BN R & R 7 SR & /N AR K Sl 30, 454 PROSAIL 48 AL 4 A A i %
HLERE BRI EE, T ARAEGTREL T 5 LA REIRASHIEE, S5k, UHWEZR S5
HARZE A LAL SR FE AR Y . | T LAL RS2 NIR B S Ze s mi ok, i AL 7 Ph NIR 3 BOAH OC B 15 48
BERIA/ N CEIFIE, MW SRS EIRE LA MAHK REUERE, B BIR AN FDGIERRERT /N E LAT RS .
EMEARE L, SR BEHNARMEAEE R 4 FPLES 223 D53k, B DS 04 [ TR R | 28 [al AR Y | g ) 48 A 7R 0 7
Frr R, MEARA/NE LA B, FH LT T AR50 PR R E & /N LAL 4T, %
WEENARRZATERMEF T R NELFIPEMEEE . SREH: 1D FFiki5S NIR 3 EBAH S K e 5 & /N
LAIL Z (M A7 fE BRI AR O, o g — 22 g e 4. Bt iR 4. AR e e s, HeEmuias. aan
SFRMM TR DT IE S LAI 21IEMOE, S4MABURGERIERIEESE LA 2HHHC; 2) 585 &M ik
T %N LA SR PR B P, S5 RR M, S5SiEdRiB & @ v Ay, Ba RN STz IEE /1. M
L Hofth 3 R, SEHF M 2RI AE S P AR 4 & T S 7 BT LA TS, 78 C1. C2. C3. C4 X 4 Ff
- R A 2 4E R R2 KUK 0.86. 0.87. 0.88. 0.91, RMSE fKi%9 047, 0.45. 0.45. 0.41; {EMRIER R? K
)9 0.85. 0.19. 0.89. 0.87, RMSE K Jy 0.45. 1.31. 0.49. 0.50; 3) fii 3z # i ENAE SRR X LA RIEE, X 4
PR 2 PR B RN E KBV, SRR, ELMMARCHEAEREE/NE LATE, E-E8M R
TN LAVE S & T 2-E 52 M0 LALE. ZF AL/ E LA M EIREE T —Fa 200 ik, 3R s 0l &
INEKATRIRME TS5,
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B2 %, 5 AWML (unmanned aerial vehicle, UAV)
TER—ME MRS, BeamAiEtE. KA. &0
PR B A0S, BTN LAT SOEfEEFER 2,
TN LAL K76 E AW B TREsH BT
DAY AR ) v . LT & T AN
KRS B MSUE BAL 5K LAL, WITTSTRUCK
2600V 3 T I8 AHL RGB H 408 Al B e 28 X 48 1 B & /N3
LAL, X 2 B FE 50 (vegetation index, VD) 5
LAI 258 8¢ RAT RE T, fiB 547, H5%3
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SEALAS S B, S {FAG AN A ) BT 2
ERALRE 1. EAETRTL (radiative transfer model,
RTM) s 7 B 18 B 70 b i AL AR A —, RTM il
T AR A8 7 2 P A [R5 K T R A S 1R 22 RS AR
WO R, T 75 205 2 B it s i R B BT RTM %
FE& T RE Y 7L )2 435 4 R0 AR ) ) BEEARS: E GE 6 U F S 2R 2  )
Feal, WTLLKE LAL M3 2 8E N RTM K%, #o6
2 S F A AR e BRI, R LGS RO AR -LAT HLEE
PFA, HRERIGEHR S AL ST LAT )Y,
I8 24 0] DA S8 v S 7 AR B R AT 12 o

AL DA P 48 1 AN e 9 R AR = s 3 X BT
S G AR AT X dak,  3E I JE A L3R B )R 56 A
SR AR I I A R AR, MR AN LB &
N LAL SR, FEIRRUIN = HAE: D
BIRAGHIREZ R T RS2 H R 1R H A&/ R
gtk J2 U S 2R A I [ R AR i LAT $RE N FLAE
) 4 S AR S A B 2R BN [R) LAL BB B S S, 5
I HIE M IR G HUR R, RSB ERENE: 2) L
5 TR (1) e B RE 75 52 5 BOTERS ED SR A 2 Pl 3 2
AT, XNAFREA PR AT IR IEN LAT )R IH
R, 3) BT U 1) LAT ARG 4 /N 32 K34 1 VA 52
Wi, 3 B A 5] it 60 B R0 2 M 7 SO & /N 32 LAT (1520,
PRI AN ) it 2 A1 B b 7 SO0 2 /N KA R o

1 MR5REE

1.1 I XiE

AAR I FE X AL T B 7 48 W 2 AW i B B AR 7w
0 X FE Sz R (34°17'27.05"N,  108°4'31.59"E) ,
AR 435~563 m. F[F/KE 635.1~663.9 mm, F-F1Y
iR 12.9°C, W 1 A, WX et PR, 2
A AL e 5 R IX, R AL, R
0~20 cm HIEFRALE AR AHUE: 12.23 g/kg, A
1.02 g/kg?, HEBA: 94.11 mg/kg, EHWE: 35.59 mg/kg,
R 120.15 mg/kg, pH fE 8.1, THEAE: 1.22 g/em’.
NERFT 135, 180, 225 kg/hm® RAI R R R AT, &/
F-EREM . KN RGEFI7 0 &N LAL 152
m, BRI X 3k 60 MRAER /MK (3 ANEHEE X3 FE R
Aib 33 o i A 7 X <2 Bl 2 5 26 B G R A B K
O, R 1NPXAFR LT R H bR, BN K
8m, % 5m, /NXHEHM 40 m’,

1.2 BUBEXR&E
1.2.1 RANSKIERE

T WL Z 61l BAZ IR T & K K8 Inspire2 oA
HL#5# MicaSense RedEdge —MX %4 £ S 1 AH ML 4% FH 3t
TR, ZOGIEMNLEE X 3R M IR 46 SRS 8 1280
% #=960 15 %, MHLEEFE N 5.5mm, W% KN 47.2°,
FAMLECA bR SORAR, 5 R AR B0 77 ZE AR LA T RS
1E. ZGHE AL & @ TE H 0B K 5 2 TE 7 508 Blue:
L YR 475 nm, U %8 20 nm; Green: DI K

560 nm, FYE T 20 nm; Red: T 0O K 668 nm, Fi¥
%% 10 nm; Red-edge: 0K 717 nm, K% 10 nm;
NIR: H O K 840 nm, P % 40 nm. Jo AHLEHE 3R
HBHMN20224H26H. SHS5H. SH15H. 5
H26H. 6 A2H. ARIEEIERE, SXMAENES
11: 00—15: 00 [a], &AM EBEATH KAT X
N 60 mx60m, KATEIEE 25 m, KATHESE 2 m/s, FifE
BR 85%, FRIESFE 80%, MHLEEME, HIEEIFE
B 1 so

4% B % Pure nitrogen gradient
CK  |%-%|%-5|k=|%5%x %a

.
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a. BRI X A AR 1
a. Planting planning map
of the experimental area

ERA SR

0 10 20m
—-_— )
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b. Aerial view of the drone
in the experimental area

A1 R RKRAA A

Fig.1 Experimental area and planting map

&1 RERIt

Table 1 Design of experiments
e ﬁﬁ?ﬁ.ﬁ Nitrogen ﬁﬁ’f\?jfﬁ Nitrogen SRR
Treatment apphcatlonzrate/ fertilization Multiple cropping
(kg/hm”) method
CK-M / / KNG TK R
CK-S / / ZNFE-KGER
9U-M 135 WiE R ZINFE-FKE R
9U-S 135 WiERE EY SyNR Y
9US-M 135 JR: Z1: 1 KNG R KGR
9US-S 135 R: E1: 1 K. Sy NN Y
12U-M 180 iR KNG b
12U-S 180 WiE R BN KRG G R
12US-M 180 JR: 1: 1 ZNF-TKRE T
12US-S 180 R F1: 1 K. Sy NEN -V
15U-M 225 iR KNG TK R
15U-S 225 iR ZNFE-KGER
15US-M 225 JR: 1: 1 ZINFE-BKE R
15US-S 225 JR: 1: 1 KN R GG
1.2.2 H@iERE

o i KA SR AR A TE ML SR R A0 e, K
FEIANEEPXT, NEGIFARCH/NXEE S, EEA
/N DX E SRR e S0 B E A A ) LAL & 7 5K
fEFLE BEVE D E, FERE TR, 0 SO T
BURBORE R SRS REOREGR 5 Bk, N IT A i s
R 1 em BELARRIT LA A 98 A8 — 27 34T 4T 4L,
THEAT N BB F RS R LT AR, AR

TR, HEART:
W, +W.
ILAI: 141 WZSm
: 1

X wy o NEGEM R TR R, g Wy NERRET
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LERER AT AT R, g 4 NBFEIR, om’s
m AR RE S NIT LR F R, em®,
1.3 WRAE
131 S4B Ts 2 5 B Ae iR I

2 IR T ARSI 4, MR AN 25k
T 14 5 N3 Pixd4Dmapper 344, FH 2 EFHENL
FARMEI bR & R BRI & /N2 22 6 1 B AR AT A
€, MKHEX N AL E S REHEARERMmE S s, RAZ
M RSLAKRVLBCSVE L R TR A s, &5 3 4 TIFF
# B IE S 5214 (digital orthophoto map, DOM)
BRI (digital surface model, DSM) . BRI %
i DOM A8 7 18] 3 R 2 N B8 2 0.8 emy HAR5
AABR R VB WGS 1984 A bz 52N 8RR FEHREE 20 FE AT 1Y
JE2RIX 49035 . X 5 YCRAE H 81 2063 B 7 kg ik
HH TR SRR BRI B X8 OB T R XD, &
BRAEIXIE, T BRAE DX 2508 St e .

R

|
—— F ML |
| srumm ||
l SEARE ! :
| B[ ,
| B g E%%@ :
|
PROSAIL T |
| e PRACRRERS ]
e ——g———_
Fé@%é_______] _____________ i
| [ wmgeo2 | [ sggeor | !
: %*TMJ‘EMSO% o 28| 4w :
|
| [ #opseos | [ #omgos | [ smiEsDs ||
T i i = !

gl AN S

| |
7

| DR AR L |
| |
| |

]
JEREREIE 5 LA OS5 T

!
LATJ B AL

B2 #HARLH
Fig.2 Technology roadmap

1.3.2  fa4HiedmAsal

PROSAIL #5842 —Fh 3z B AR S A faisi i, mr
DL T ROEEE S5, 0 LAL. Ha RS8P, HE
HE R T A B R R 2 LS54, THE
ANERBEA T B R BH AR S 7E 76 J2 N ) 22 U AR SO
T 75 31 56 2 (1))l 1 S i BT, PROSAIL A AL gy A\ 2
BAFE LAL. M4%%. TR, KHE MR, K9S E
&, S BONEEEE 400~2 500 nm & 61 SR
25
1.3.3 RASBEOME

TEAT FHAIL 2S5 2] 7 (Bl AR R Ny, A AR A AE AR Y i
BEEZE . A B OB IE A . AR iz AL Re 70 Z 1 Ik
Bl NT kX —wmdE, ACERE S HEUREHAS, W

2

SFLLE s MEHRERA S, M4 MR- S
W 3 Pin. Cl RpAMARMR, C2 RRAWL KL
I B4 20 2 96 R 2R S Al 5030 R U K0l o Bz A 1 L
C3. C4 XA PR GBI 2R a0 HL R
A R SEL Al Bt RIS Rz AL T DL

®2 5 MBUBRRM

Table 2 Five combinations of data sets

s HARAEH S
No. Dataset combination
DI A+ ER R EE

{1 PROSAIL A= A A LAT BB ORI ECR 4, LAT BTE FEy

D2 [1,6], [k 0.02
D3 D1+D2 BEHLITT 50% 4 1 Bt 18 & a5
D4 W D3 f# S D2 A 50% Kol
D5 D1+ D2 #4 Bt 4R £ Bl 42
F3 ETHRIBEMN 4 MIZ&-NKEE
Table 3 Four combinations based on data sets
s - &
No. Training-test combination
1 RN SN, i}ll%‘ﬁ%*ﬂjﬂﬂiﬁ%ﬁ%ﬁiﬁjﬂ?ﬁ 8:2 Ky, INZREER
FA FLA7 38 LI IR
c2 A FAER R D1 OISR, BUNEEEEE D2 (Sl
3 ¥4 D1 EEB%T?QMMTE%E’J/EQ%GE% D3‘ﬁﬁﬂllé;‘r;, fERAS S
IR LR £ D4 (0
Cc4 A DS BB 8:2 R 4r I ZR L A4

1.3.4 AEAEFIRINE LAL 6948 K b o471
ARICAERT AR LAL SOl SR AR 6l b, 275

& LAT X NIR 3¢ B [ S 25 ma 500K, a1 7 VI,
FIF 3B /N e 2 i R P, LR 4.0 BEF S
RS D1~D5, 7 Al @EA FDGERAE S LAT fAH
xR R BUSE RS (correlation coefficient matrix, CCM), 47
WA EEAR 205 R A FEDGIERES LAT BRI G, R 5T
FERERFAEXT LAT FIFEMAFESE o

F4 THEGER 7 MERIER
Table 4 The 7 vegetation indices filtered in this article

iER &R AR
Vegetation index Calculation formula
% SRR PN —Pr
Normalized difference vegetation index NDVI PNIR + PR
MR R A PNIR ~PR

25—mm——m8m8m8 —
Enhanced vegetation index EVI PNIR +6pg =750+ 1

I R AR PNIR ~PrE
Normalized difference red edge index NDRE PNIR +PRE
L R B PN
Simple ratio SR PR
ARULL eSS N bR PNIR
Red edge chlorophyll index RECI PR
R AL 5__PNIR —PR
Soil-adjusted vegetation index SAVI PNIR +Pr+0.5
SR U (O R AR B PNIR ~P5
Structure-insensitive pigment index SIPI PNIR — PR

VE: p~ PR~ PRE~ PNR DA E R . . 4. T EBT R
VIES

Note: pg, pr, PRE, PNIR Tepresent the reflectance of the blue band, the red band, the
red edge (RE) band, and the near infrared (NIR) band, respectively.
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¥ LA AR ST, 3288 LAT AE 9728 4 10 [ 4 )
BEor AR R 3 NG ST 82, 83, il R [FRAE AL
B8 6 B F 5 LAI #J RADVIZ (radial coordinate
visualization) &, BB W HL R B LAT 5% B = 5 28 (1) 4
X R o
1.3.5 ¥ LAl FURHA 492

AR TSR Cl~C4 HAE ML % S i
A, 43R A ik (5] 5 (bayesian ridge regression,
BRR) . Z&t:[A1JH (linear regression, LR) . # 4 B 2%

(elastic net, END Fl 32 #F [a] & [5] 4 Csupport vector
regression, SVR) AT UIZRE T LAL JJEBAL .

BRR & — Bk T DU 4 2 ) 42 1tk [l V3 07 v, Rets
HEABIENA S, E eI EsRE. Bl LA
FH % S A A R AR AU A R R IR B B, AR
AR R e ME AN R PE . LR A& —Fh s £ B 2 v m] )

Jiik, RN oA A R, (R R SR E
o BT LME R HE T, B AR AT
BORITTA .

EN & —Fhghi& 7 IR PE RT3, RRIEA 2K
b b P A AL M 22 L 2RV ) ) . ] PARRARE 2
JEHERHIE 2 [ PR AH SGE,  $ v S s AR Y (1)92 Ak e ) A i
FEPES

SVR & — M3k T 3CRF [ LA ARG B A 70,
T % R HSCRE HHRE S B e 2 (), SRS AE v 4R TR
18 B MG S THI SR A0L A Bt o B mT DA 3 S 2 P v 4 4
W, REBA RS BN RS . X 4 FPHLES IR R
A ARG, AR08 78 05 AN [F] ML A% 5 ST 55 AL
PERHE .

ACAE ] Python3.8 4 5 7% /7 LI B i . 2551
FoUI DA K i) e A S R R A S AU H e
BEAT BRI SRAN I IE,  IF SR P 2 4 % % 22 (mean
absolute error, MAE) . 77 % % (mean square error,
MSE) . ¥ i% 2% (root mean square error, RMSE) .
ARSI R IRZ  (relative root mean square error, RRMSE)
Flyke & 20 (coefficient of determination, R*) 1FJNiFHr
febr, B

2 RS9

2.1 WEXEFHES LAl BOfEX M

3R T E 2N RFE S LAT A <k, FH
3a~3e fE/R 7 DI~D5 1 7 BB M FE 5 (NDVI. EVI.
NDRE. SR. RECI. SAVI. SIPD) 5 LAI 2 [a]ff)iFith 3t
46 B (color correction matrix, CCM) # &, SIPI 5
LAI 2 &, HAh 6 MiiEfE4S LA 2 IEAHK.
RN T DS FANELRAFE & L@ 1 U R 5 LAT
(4% [ AL B T AL (RADVIZ) B, Hobr 22 4 )& o e st
B A AR R EOE N TESE R, I T SR BT A R
TEZEFE b 1 IR 38 ok e 5 21 [ ) 9 35, A T 87K T7E S
ANASTA B B R A R SR EE . R R LAT B K Rz i 1

NIR # B, BT NIR 3BT LAT 22 (L BN U,
BEHET NIR BTS00 7 AR B S LAL A7 AE B8 )
FRAE

LES ¥4 LIPS 34
Correlation coefficient Correlation coefficient
00 1.00
NDVI & 087 oo b8 o08s oss JREEH osp
0.75
EVI 887 1 09% 095 095 1 065 U
0.50
NDRE 088 o 1w
0.25
SR o088 o085 pes 1
0
RECI a8s oss 095 1
-0.25
SAVI ass 1 s nm as 1
-0.50
DIl > 055 0ss 07 073 09
-0.75
LAl asa o3 om: o o
LA F O S LSS S OSSP
@%eo T eV e@@eo T
a. DI b. D2
LIESSd LIPS X

Correlation coefficient
1.00

NDVI ¢ 0% 838 026 o8 oso RSN ase NDVI
0.75
EVI 0% 1 o oo o; 1 [RESN 0se EVI
0.50 0.50
NDRE 07 033 1  oe o0& o7 [ NDRE
0.25 0.25
SR 0#6 os1 fasr 1 1 oo [ERIN 064 SR
0 0
RECI 085 as1 lag| 1 i RECI
=0.2! —0.25
SAVI 0% 1 @& 08 08 o6 SAVI
-0.5 —0.50
sivl R L SIPI »
—0.75 —0.75
LAl 038 ass o7 4 0 LAI 078 o8 0s os oo 057 [SEEN 1
KRN RS e SRR SN SO I F OSSP
eo‘oeo T oV QQQ%Q IF N
c.D3 d. D4
Correlation coefficient
1.00 -
NDVI - Green
0.75
EVI vss 1 07 oss oss 1 [ Red
0.50
NDRE |#7 oF 1 o7z [REN 07

Blue

LAI
- e sl
0.50 RE

SIPI e S2
—0.75 @ S3
LAI 071 065 D65 1 [ NIR
OO & F OSSP
I IF T F S
e. D5 f.RADVIZ

TE: S1. S2. S3 Jyfd LAT fB A9AZ A3 i b AR 2] 2 1o B 3 1Y 3 4SS 28
Note: S1, S2, and S3 are three levels equally spaced from low to high according
to the changing range of LAI values.

B3 RSB REEAEFIES LAL 4940 % 2 8B A D5
4% %49 RADVIZ B
Fig.3 Correlation coefficient map between canopy spectral
characteristics and LAI in different datasets and RADVIZ
map of D5 dataset

2.2 ATENSEFIERE LA RS R T

Kl 4 B7/x T Cl ~ C4AF4 A BRR. LR, EN,
SVR A A FAE 5 B AR AR BRI, Mt BE LAL Y8
N 1~6. £ C1 A1 C3 A, EN TS R Eh4E
o, LT eV HEAS RV RRAE 1 22 S WO R B %25 BRR,
LR. SVR Mg TE I ZRAE I & MRS AT T B 1t 45
#. BRR. LR, EN. SVR 7E C2 21 & Hill 48 i 45
B, (E CAH 4G, BRR 5 LR K TINS5 3L A M
(7] 3t B 1 DU 2 OGBS 28 i 1 & SR AN R . X2 T
BRR AU T A M Sk 1T, 48 T RCE R 5565
i, ATLAEZETTIEN S5, T LR AF A & RALSAfh
THAH TRER AT, TEFINREENSE.
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o Y ZREdE Training data > A Test data
6 6 6 6
) ) swaide ) s o 2.5k
s 50 0% s > T ;gg ] > o, 5/ > . ”..::k:&;
B4t WSl Bat b ER -;;E Bat Yo 8
2 ) 2 . 2 .t & 2 .‘:5‘..,4’. 2 e )
c1 g . m’,a’é" g . w',(f'{;’ g ,43"'33 g --/ .,ﬁ"‘
EEPAY DIEAAN L e/
@2l o R @ 2 & @2 B,
= s = 2 = = ¥
= wo = #
0 2 4 6 0 2 4 6 0 2 4 6 0 2 4 6
T i Predictive value T Predictive value T Predictive value T {E Predictive value
6F 6 i o 6 B 6
2 P2 i e E S5 3
g ;?‘% § -In& § .g;/,, §
Bal o A Bal ‘-’-‘,Jg" B4 R Bal
£ w50 £ % 2 s 1
Q2 z b 2 N 2 Z
S ey S ® -cv',d’;:‘;‘ S ,,_":?';;@ 5
= oo, = = e =
m2r o fm2t e fm 2 a8 w2t
= AT = A = =
= = 2 #
0 2 4 6 0 2 4 6 0 2 4 6
T Predictive value T Predictive value T Predictive value
6 6 i /"_ 6 i . 6
: E dessnT 3 2
< < o, ileat 00 < A ,/ <
g g i ] ?%a. i g . g
54' 54' j’?ﬁ -“34- ._?ii/’ ?24.
3 2 2 3 2 p7 2
< < O < ° Maaak <
(5] 151 51 R 131
= = = <y =
Zof Zof =P 3/ @t
2 = B "/ =
= # wo|, ) =
0 0 0 2 4 6 0 2 4 6
T {E Predictive value T {E Predictive value
o OF o OFf o 6 I L, w0l |
= 2 = & < 2 fady
: g : & g Ll
Bal Bal B4t " 24 T4 b ;’5"
5 5 5 o 5 974
C4 2z z z A z Y 7
|51 31 31 ’Mi |51 .9 .
= = = <¥ =
"2 e o2 & i’ @w2r i
X & x f X
0 2 4 6 0 2 4 6 0 2 4 6 0 2 4 6
T {E Predictive value T Predictive value TMI{E Predictive value T & Predictive value
BRR LR EN SVR

VE: BRR. LR. EN. SVR 73540 D4 (B, ZRikml)a . saikpgs . Scrpm maial, NE.

Note: BRR, LR, EN, SVR represent the model of Bayesian ridge regression, linear regression, elastic net, and support vector regression. Same below.

B4 4A4FEA AR TN LAIAES A4 69 46 R4 5 B

Fig.4 Matrix scatter plots for predicting LAI values and true values in four combinations of models

AP YNGR RWER SHwR. CLAGH,
BRR. LR. EN [J R’ 7ESREE G W B0 F %, FEfEid
PLEI G, 1M SVR HEALRKE 7 RUFH i EgE. C2 4
&b, R4 BRR. LR. EN. SVR 7EYIZR A T BT
455, R? 435124 0.88. 0.88. 0.63. 0.87; RMSE %%
N 0.44. 044, 0.76. 0.45, {HTEMKXE BRR. LR, EN,
SVR HIFRINGE RARH 2, RP BT 0. XU T H—
SRR IR IR AL A 5 S A8 BT oAt SRR 1) s i A
TR RE 77, AL IRARETY 5 = 2 T AR, SUERE Rz
thfe k2., C3 414, BRR. LR. SVR fEVIZidE
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Table 5 Model prediction results in four combinations

ESICE V€1 TE S Y]

2

Type Dataset Model MAE MSE RMSE RRMSE R
BRR 0.33 0.17 0.41 11.35 0.89
LR 0.32 0.17 0.41 11.28 0.89

&
eSS EN 0.68 0.57 0.76 20.94 0.63
SVR 0.34 0.22 0.47 12.99 0.86

¢l BRR 038 034 058 1395  0.75
jiptee LR 038 034 038 1388 075

Wi EN 073 065 08l 1928 052

SVR 036 021 045 1088 085

BRR 034 019 044 1174 088

LR 034 019 044 1169 088

W BN 067 058 076 2038 063

SVR 033 020 045 1208 087

2 BRR 128 231 152 4340 010
e LR125 213 L 47l 000

Wi EN 123 203 143 4075 003

SVR 115 171 131 3735 0.9

BRR 046 036 060 1642 079

" LR 046 036 060 1641  0.79

W BN 090 106 103 2843 038

SVR 032 020 045 1246 088

e BRR 050 042 065 1829 082
_ LR 049 041 064 1817 082

W% gy 119 182 135 3825 019

SVR 035 024 049 1402 089

BRR 046 036 060 1673 08I

, LR 046 036 060 1672 08l

WS BN 095 120 110 3075 035

o SVR 029 017 04l 1150 091

BRR 050 039  0.63 1672 0.79
g LR 050 039 06 1669  0.79
s EN 095 121 110 2945 0.36

SVR 036 025 0.0 1327 087

. MAE NP4 %% . MSE NI % . RMSE Jy 7 i 2%
RRMSE A% . R e REL.

Note: MAE is the mean absolute error, MSE is the mean square error, RMSE is the
root mean square error, RRMSE is the relative root mean square error, and R?is the
coefficient of determination.
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LAI inversion and growth evaluation of wheat using
empirical-mechanistic modeling

LIU Xinzhe', WU Lu', CHEN Lijin*, MA Yufan', LI Tao', WU Tingting"*

(1. College of Mechanical and Electronic Engineering, Northwest A & F University, Yangling 712100, China;
2. College of Agriculture, Northwest A & F University, Yangling 712100, China)

Abstract: Leaf area index (LAI) is one of the key indicators in the structure and function of vegetation canopy, in order to
estimate the biomass and crop growth. This study aims to improve the accuracy and generalization of the LAI inversion model
for the winter wheat using unmanned aerial vehicle (UAV) remote sensing. An inversion model was established using semi-
empirical and semi-mechanistic approaches. An UAV with a multispectral camera was utilized to obtain the measured data of
winter wheat growth with different nitrogen treatments and replanting. PROSAIL radiative transfer model was used to generate
the simulated data with mechanistic information. Five LAI inversion hybrid datasets were established using different
combinations of measured and simulated data. Various machine learning methods were used to construct a high-precision LAI
inversion model using empirical and mechanistic information. Seven kinds of vegetation indices related to NIR bands were
screened to extract the winter wheat spectral features, in order to reduce the reflectance of NIR bands. The correlation
coefficient matrix between the vegetation indices and the LAI of the mixed dataset was calculated to further explore the degree
of influence of different spectral features on the LAI of winter wheat. The LAI inversion models of winter wheat were formed
using Bayesian ridge regression, linear regression, elasticity network, and support vector regression model. The feasibility of
LAI inversion was also evaluated using semi-empirical and semi-mechanistic data. The ability of the improved model was
finally determined to assess the winter wheat growth for different nitrogen levels and replanting. The results showed that: 1)
There was a strong correlation between the screened vegetation indices associated with NIR bands and winter wheat LAI
Normalized difference vegetation index (NDVI), enhanced vegetation index (EVI), normalized difference red edge index
(NDRE), ratio vegetation index (SR), red edge chlorophyll vegetation index (RECI), and soil adjusted vegetation index (SAVI)
were positively correlated with the LAI, whereas, the structurally insensitive pigment vegetation index (SIPI) was negatively
correlated with the LAI 2) The radiative transfer model was represented for the winter wheat LAI subjected to the propagation
of solar rays. The strong robustness and generalization were achieved to mix with the measured data. The support vector
regression (SVR) model achieved better LAI prediction performance under various data combinations, compared with the rest.
In the training set of the four training-test combinations C1, C2, C3 and C4, R*is 0.86, 0.87, 0.88, 0.91, RMSE is 0.47, 0.45,
0.45, 0.41; in the test set, R* is 0.85, 0.19, 0.89, 0.87, RMSE is 0.45, 1.31, 0.49, 0.50. 3) A support vector machine model was
used to generate the LAI inversion maps for the test area. The winter wheat growth was evaluated under four nitrogen levels
and two replanting models. The results showed that 180 kg/hm” fertilization was more effective than 135 kg/hm” one, but
225 kg/hm? fertilization was similar to 180 kg/hm” one. An optimal application of nitrogen treatment can be expected to
improve the LAI value of winter wheat. Among them, the LAI values under wheat-bean replanting were generally higher than
those of wheat-yue replanting. This finding can provide an effective way for the inversion of winter wheat LAI in the efficient
assessment of winter wheat growt
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