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Abstract: [Objective] In order to further tap the potential of unmanned aerial vehicle (UAV) carried
LiDAR to monitor crop growth and to explore effect of merging UAV LiDAR with multispectral data
in inversing leaf area index (LAI) in winter wheat, this study was carried out. [Method] In this study,
with the aid of UAV LiDAR scanners and visible-near infrared multispectral cameras, UAV LiDAR
point cloud and multispectral data of the winter wheat at the booting stage in experiment zone were
collected. From the data, four LiDAR point cloud structure parameters, i.e., three-dimensional
volumetric parameters (BIOVP), mean plant height (Hmean), 75 percentile plant height (H75) and laser
penetration index (LPI), and six vegetation indices, i.e., NDVI, SAVI, MCARI, TVI, NDRE and RVI
were extracted. Then correlation analysis was performed of these parameters for screening suitable
modeling parameters. With the aid of the multiple linear regression (MLR) and the partial least squares
regression (PLSR), a LAI inversion model was constructed through merging the LiDAR point cloud
structure parameters with vegetation indices as input parameters of the model. In applying the MLR
method, the two vegetation indices, NDVI and SAVI, that are the most closely correlated with the
field-observed LAI and the two point cloud structure parameters, H75 and BIOVP, that are the most
closely correlated with the field-observed LAI, were used as input parameters of the model. While in
adopting the PLSR method, the number of principal components in modeling was determined in the
light of the result of the cross-validation. Before modeling, the experimental dataset had been randomly
divided into a modeling set (n=32) and a validation set (n=16) at a ratio of 7:3 in all treatments. A LAI
inversion model was built up based on the modeling dataset and then the validation dataset was used to
evaluate effect of the model. Meanwhile, in order to determine whether the inversion with the LIDAR
point cloud data merged with the multispectral data was better than that based on multispectral data
alone, LAI inversion models were constructed using the same modeling method with vegetation indices
as input parameters of the model only. [Result] The evaluation of the model using the coefficient of
determination (R?) and the root mean square error (RMSE) shows that the inversion model using the
LiDAR point cloud data merged with the multispectral data well reflect the LAI in winter wheat, with
R? of the modeling set being all > 0.900 and RMSE being < 0.400 and R? of the validation set being all >
0.800, and RMSE being < 0.500. In addition, no matter whether using MLR or PLSR, the models with
the LiDAR point cloud data and vegetation indices (MLR: R?>=0.901, RMSE=0.480; PLSR: R*=0.909,
RMSE=0.445 (n=16) ) are all superior to the models using vegetation indices only (MLR: R?>= 0.897,
RMSE=0.492; PLSR: R*>=0.892, RMSE=0.486 (n=16) ). [Conclusion] In conclusion, although the LAI
data in this research were too scattered, leading to insignificant difference between models in
comparison, it could still be seen that the addition of UAV LiDAR data could make up for the defect of
using the multispectral data alone that insufficient information could be extracted along the vertical
direction of the crop, and improve accuracy of the inversion of LAI in winter wheat. Therefore, the
model with UAV LiDAR data merged with multispectral data is a superior means for inversion of LAI
in winter wheat and even other crops smaller in plant type.

Key words: Unmanned aerial vehicle (UAV) ; Winter wheat; LiDAR point cloud structure parameters;

Vegetation index; Leaf area index (LAI) ; Inversion model
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TS TR S BRI, B R OE SO AR AR b A AR AN, S 1
YOCEVER . WEIRAE AR 3 R SR AR UAR 5G4, HAT, R LATL #9757 sCE 20 9Py
R HH B SN AT RE S 55 o FHTR) S 5 V5 Tk i PRI I BGESE, DI ARRT HER

http://pedologica.issas.ac.cn



+ 3 % 4} Acta Pedologica Sinica

{E T R A8 RECA PR AR f s BRI 2% ) A — e SRR DRI 7 S s . FH Hh 52 281 S PRSI,
T it B8 s AR ] LR . TEA A SO RBEVE ) LAL JGHR TE ANEEEAR, ML T
TR, WU RE RS S TR, B RAA R, SR R P A 2 R
T B A AR F RS R S5 I Y, TE AL ¥AT - & 1) DLE S 8 30E B 1R RS8Rk SR U
MEYME S, HETEREBON 2 T AL RS G B ERSAEL . v Wot—iE 404 2 ik
FHBLS EOGREARNLEET . Ho, SGTEAIL AT DASRBCHAIAE AN [F)3 BE R (R061E S it 2, 4k i ia
ok B SRRT LA B AR AR AR A LR AR R, PRI ATAE LA S A Dy B R A5 7Y
NS EWNIMEZ P m i R TR 2S5 Sl LAT 5 ST AR SCH LAT (1))
0L, IR SE R TR G R PR, U R AE AN b T 5L B SRS 5 AR AL T
HRET, B —FEEEmN REEN. SR, BT 2 hiEeE T B A g R EY e
FE R EARRIEY = B S5 E B A ae A TR, i B, I XS e &
s, ORGSR, E R EERIL AR E LA A BUR RIS, X s
ik IUDKS B2 52 3 — 2 R BE R

Bt %75 (Light Laser Detection and Ranging, LIDAR) {FN—Fh 3 5h B EEAR, W
BhIE AW IRT- & SELAG I (] P9 SR BUE P ks B = 445 B 020, 18 5 kb 2 061 18 S E)
HE ELAS BHE A R HUEREE, BT IR AN LAL SOEIRIE 7 HEoR B - THLE
LiDAR [ LAT W H2 AR Z2 S AEMMP R 7T A 2040 R, BRI B 1 il R S a-160,
AL, AR TR R LiDAR 4 SO AR AR b5 A= 0 B IR W AR R G 5l A i
KAE, PRI Dy 3d i 123 AT DA R ' il 288 S A7 CE A 45 HA v R ) I ), SR, F 1A
Ve B, b )2 25 A AN B R AR R T, TG AHLER LIDAR AR () s A A TR 2 B B 71
T EEUSIR A T iR A AL 2L LIDAR $2 KRG JZE R = G5 S8, 4 H 5 S LAY (=)
A, 25 R BN LAT 5520 LAT 22 [A] 4 € 230 (Coefficient of Determination, R* ) 1A
0.79, ¥JJ7#Ri%Z% (Root Mean Square Error, RMSE) 4 0.47, SIEFCRELF, {ESL T LiDAR
R BE FOE KSR m BEAEY) LAL WATIE . kP IE7T, AR LE & 2 ohig Al
LiDAR JERE AN 26T AE B A EY 2 R (5 RO ARSI AMLZ b
HEFN LiDAR 3 k& B2 >R S LAT SRRV AE K S EEVIG A EHC 3 e i 4 gt AR )
Bro ATAE FRFBERRBURAEY h B 7R 380, 5 i 2008 8 AL, ¥ LiDAR
H5Z6BHARaE, WA R & AR E AR EE (R 735 i 0.30, RMSE /b
54.92 ¢ m?, NRMSE F[% 7.65%) 19, [k, AHFF S EIRZE T ANLE LIDAR 5 2 64
PRt &2 S REIR MR BN 2 /N2 LAL ROEFE RS, LA/ LA ROJESE AL E AR

1 MESEIHNA

1.1 56 X

RIS E T A 2 ME mE (34°53' ~35°14'N, 114°14' ~ 114°46' E) 1 [EE}2# R
H O AERRIG N o 8 XA, R R+, AEFIAIRAE 13.5°C ~ 14.5°C
Z I8, EREKERN 6151 mm, JBTFT5. IR BREN KA. R8s N A&
INFZ GBS P AL B A IR IG M I U 5, AR M B 2005 FEFFUR A&/ -H oK ES
TERIIRLE . &/NEATHINEER 10 HERE 6 A, MIBEWAEKTE, KET F1.
F2. F3. F4 1 F5 3t 5 ANt %0 3, SZ=/EPit% & 73708 0. 150+ 190, 230 #1270 kg hm?,
MR EAE A —FE. H, 60%/ENEENE, 40%1FEAENE, BEAEFIAR IR AL R AT 2
SALEE, F1 F2. F4, FSAEEER 9 IR, F3 A EE 12 1K, WIGX 3 48 M~/RX (E 1),
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1.2 XITFE RERL RS

1 REXHE

Fig.1 Arrangement of the experiment zone

IR A K58 M210 DUJie BT ANUE N ©AT P&, 1% VAT P& A S2al 4 | 3 R i A
FRIILE ®AT, 20020 ~ 30 min, HKERE 2 kg, &SRR ARG, $5 8 AR
Ml BAE 2 ISR I L. ¥AT P& LHE3EH Prime RedEdge-MX FidiE B! £ S ik A
Ml (MicaSense, 2£[E) A#9$4/8 HS-300 LiDAR 941X (RIEGL, JHiF]. Hrh, £okik
FIHLEIHIRL Y FE 209 130 Jif8 5 (1280%X960), £EFE N 5.4 mm, SGi%SHuE 1 P,
LiDAR F#{%, HBEOCH e K7/ 360°m 5, PR RN 15 mm, &AM
Hl (60%/5Z Bir) 5250 m.

# 1 Prime RedEdge-MX HIBIER! 2 IEMHN MK IESH

Table 1 Spectral parameters of the prime rededge-MX five-channel multispectral camera

R e 75 \ TS
SREWNSIS
Serial number of Name of Full width at half
Central wavelength/ nm

spectrum spectrum peak/nm
1 ¥ Blue 475 20
2 %k Green 560 20
3 2] Red 668 10
4 I 414k Near infrared 840 40
5 211/ Red edge 717 10

1.3 #IEIREL

T 2019 4F 4 A 28 H, BI&/NZZFEHIEAT 356 X AR 25 S b T 5040 1 R 46« #5381 id e
ZIGIEAHNLAN LIiDAR O TE AN AT &, AR b 170428 1) 3l F90 58 50 1H S BT 2R AE 24K
AL BTG OL T T 10: 00 — 14: 00 AT AR AB) ®IT. WUITEERE N 50m, ZHiEE
BT 73 HE 22008 3.49 em, BHXRATHTSG, (EHUI B RHRSAE ) SR 28 B ARGEAT PR 3R
HW 22 Sl AR L % S o BEAG o To AL ®AT 45 3R mT DASR R0 a5 B A6 X )4 ke S
BOGHE EUR DL E 6 1) LiDAR sz s, FAMA SunScan j& 20 #1X (Delta-T, FED
HEAT IS X A/ N T AR S T I e AR, A DNXECEAS S, T AN AT A B
10: 00 — 14: 00 WiE, 5% & M E, SKHAPFIMENMENIZ/N X LAT HiT SE{E . H I 3REL
BRI X N &N AR BT (D R ANLZ 61 G . LiDAR iz Hds Fithii
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S LAT X =80 RS A i 8 . B8RS SR, A& A F AL EE il a1
I8 7: 3 (L BIREAL R 2> A RGAIE SR, 36 32 AN DRI Bl v i i, 16 A/ XtEG
V& /EpSErANR S8

1.4 BHEALIE

HHTE ML BT 5 3R15 1) 2 618 PG A LIDAR &= 8 75 BT ar b . A T1E
P78 o B X 201 B EME, & E S Tk R B BB AT PR, A
Pix4Dmapper 4.5.6 #A4 I T 1S SR 28R 10 4 SR o FRMGR X 22 il B AT 4 SRR i LA
KRR AP AR, @I LIDAR SRET) m 2= 20 75 EE e A il Las Fidli 4.

B % LIDAR =%, 156 CloudCompare 2.10.2 3R E X Hgb 47 LM Ab B, LS
HHE B ORI R SR R e, SRS R BT AU = A S (TIND BIER it
AT 2 R PEPAR B0, TIN 1 J5 P i i s A S = A X ) 7 SR g b i o ABALAE — 80
WA — NI 5, 2 B IR SEATT GG T SR R = A X, SR JE R BR ) 2% 1 (MR A BE L 1%
A FEACEE B AW 1) = W N ST IEAR, B4 =AW, 1 S 28459 31 1 = A
TS i A2 T e P S R R S ok b i SR A S T, DRI A RN L
L H IR S =T IER A28, BT LiDAR M2 EinddE, A 7RG X
INERNESR IS L BEE L, (5B ArcGIS 10.1 4470 55 H 1M 1] SR 4% B T ik
AP, AR E PR A R, e SR B R AT A, AR BN 0.02 m,
HOTH AL 7 S FEAE Y (Digital Elevation Model, DEM), ‘& 1] DL S B 56 [X Hb 34 ) S AR AR
1, RS 2 AN TR S RIS (Digital Surface Model, DSM), DSM 5 DEM
AT Z R0 A3 256 2 = FE Y (Canopy Height Model, CHM), 1E£ [ T HiZR AR
S5, CHM fE— @R AT DL /N 223 1 W A5 A ek 25 2 EL 4544

FAF BT = BEARUAE R3.5.2 T TSR I, RS HAHE: =4EHEBTar
(BIOVP). “F-##k = (Hmean)\ 75%[1) 70 A1 0= B2 (H75) WO %83 /14544 (Laser Penetration
Index, LPD X PYFh s = G528, H BIOVP ZARYE Han SER3E B 14500 A 4 2 1 — ANk
FRARAR, BB/ N MR = FEAE AR M T ARYE Bl A AR50 A, Hmean s2 45 /N 22 ()P 20k =, HT5
FEFR/INAEIRIY 75% 3 A8 B2, LPL A2 FRHU IO [0 s 2 S ml g sl th .

TALEE R DB I 2 6 MR, 78 R3.5.2 Fol HAL RIS /N X R 7 MR [X I3k B
MNANXEPFE R, SRS LAL SasEB- T 6 MEpiad, o Bk
6824 (Normalized Difference Vegetation Index, NDVI) P4, 31 #4520 (Soil Adjusted
Vegetation Index, SAVD) 251, Huidk -2 &= ficd5 4 (Modified Chlorophyll Absorption Ratio
Index, MCARI) P61, = it #i #5240 (Triangular Vegetation Index, TVI) 7, JH—4{b2lil Z{H
FE# 550 (Normalized Difference Red Edge Index, NDRE) 81, FU{EIE#E 5% (Resistant
Vegetation Index, RVD) 9, &AHPFEE A THE A AN 2.

* 2 EHERTEAR

Table 2 Calculation formula of vegetation indices

SRR AR
Vegetation index Calculation formula
A — LA AR E NDVI NDVI = (Pnir — Prea)/ Prir + Pred)
TR AL SAVI SAVI = (1 + L) X (Pnir = Prea)/ (Prir + Prea + L) (L = 0.5)

R A SR R R IR 2 MCARI MCARI = (Prededge ~ Prea) — 0.2 X (Prededge = Pgreen) X (Prededge — Pred)

ZHHEBERE TVI TVI = 0.5 X [120 X (Ppir — Pgreen) — 200 X (Pred — Pgreen)]
I3—A L0 Z E R A 46 % NDRE NDRE = (Dir — Prededge)/ (Pnir + Prededge)

FLA AR S RVI RVI = puir/Prea
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E: Pred, Pgreen s Prededge s Pnir ﬁ%M’HWJ‘%EE&ﬂ%J‘%H‘J?I%\ g%ﬁ‘ﬁ\ éliiﬂ\ j&ﬁé’l‘/&’&ﬂ‘]&;ﬁﬁ{ﬁo Note: Pred > Pgreen » Prededge

and pnir stands respectively for reflectance in red, green, red edge, and near-infrared bands of wheat canopy.
TSN a1 NT i
1.5 ZBEFHEERITN AR

15 FH 18 T BRI A K S 80 i T 287V A ) B B AN A B0 G T RS %, A
EC S B SR Y BEARRY 250 G v AR el T g e o . AR IE R iR B R B iz Y,
AR FAT AW BTN & /N2 LAL AT I Rl R EAm A 2R B A 50 i v A,
IRl e AR 7R 2 ek M 819 (Multivariable Linear Regression, MLR) Al /)N — Ffe[a] I

(Partial Least Squares Regression, PLSR) XM 2 A &4t 11 [l 4 777%, f81H MLR J5iE MR

R BN B 25 A 5 ke, T DUBCH B R & AR E 5 R AR E 2 MR R, MY
fE4i ) MLR J7i5AHEL, PLSR BEMAE @RS RE R 855 1 5 o 70 Brib i 22 e 4 1 1Rl V37 1)
FHIE, P LA MLR J5 3% B AR 8 2 [AAFLE 1) 2 B L2 M (] jB0, g A2 4 E R 3.5.2
AT

EZMEFC A, A Y RE0 RVEAS TN LAT 5520 LAL 2 [8] FRHLER R, RAAIVE FEIE
0~ 1 2[A], EfEbkmR G RO . RIR, {83577 2% RMSE i s Ui 5 5Lk
B2 1A 22 . RMSE B/, A Al SR BR AL 1

2 #iR5UHE

21 X EESERE

MR R EHE SR LIDAR sl =8 g ATl (AL 25, 1321258295508 0.02 m
R AR (DEMD (] 2), #dRmBiR (DSMD (1 3) BLL e 2 m A (CHMD
(1 4). d1 DEM W] AF H, k56 X 34 B AR By, 1y BLAE LBk TR 2 5,
CHM BT LU /N et J2 i BE AN i T 63 em, F1ACER 5 H A AR BRI /INE2 gt % s 18 7 B

o
2 HERXHFEIEEE (DEM) 3 REXHFREEE (DSM)
Fig. 2 Digital elevation model of the experiment zone Fig. 3 Digital surface model of the experiment zone

4 KEXEESEER (CHM)
Fig. 4 Canopy height model of the experiment zone
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2.2 SN LAl SRS HHEXM

NTREEAIER) LIDAR i = S SHOUAEB AR LAL SR A S, B a s
LRIZEOAERAREC S SN LAL T AR b, AR BRI (B 50, Hid AR
B HIAH SR AT AR R AT DA e S LAY 5 8% @A 2 B A o8 REE N EYIE S T 0.90
PA b, HBONMRZEA S, B HERE [ A% R B AR & R4S E A
FUEFRERR, HARONE.
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distribution of the variable per se; in the lower left part of the diagonal are the scatter plots and the curves fitting between the two
variables; the upper-right part of the diagonal shows the relationship between the two variables; “***” indicates that variables are
significantly correlated (P < 0.01).

5 HEREHS SERSKAIE XD EEREE

Fig. 5 Matrix diagram of the correlation between leaf area index and various modeling parameters

2.3 BRI RERRITMN

BT ML R, BT BRI MR S = S50 RIS R RE R (1) A DG
ALK MLR v, A T B b B . PRARBEZY Y S 2 F2 B, e 5 5 LAT AH
M A5 I NDVI AT SAVI X 1 Fiii 4 4585k DA A [R5 Sl LATAH G4 £ 58 ¥ H75 A1 BIOVP
XA = G S EE R NS5, PLSR BRI, K K B A S50 RV Nk
ANSH, ARG R IEAE SCIAIE 25 FE I B R 1) 32 e or A H3Y, AR 23 45 RAE AL & LiDAR £
BEMSE SR BCER R 3 N T, RS PR R ORI E 1A F R

B, £ GRS NDVIL SAVI BLAFlA T LiDAR =45 24 H75. BIOVP
TR FEEL NDVIL SAVI VE MR N SEOXFETE T, 70l e A 4% A 2 4 5 sl
LAI T2 02 A8 LAT s, [FR ORISR R S a5, F I8 U S5t
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ZAEAIEATIGUE . MLR [BIHF R T (3£ 3):
=3 FATERESKEE LAl % T4 MEYIS5E

Table 3 Multiple linear regression equation for LAI inversion using different modeling parameters

IS HI7
Modeling parameters Regression equation
LAI ~ NDVI+SAVI LAI=11.807 X NDVI-2.864 X SAVI-1.271
LAI ~ NDVI+SAVI+BIOVP+H75 LAI=-2.920 X NDVI+4.842 X SAVI+0.183 X BIOVP+3.352 X H75

A, $2 TR A i foe /N IR, B SR I AT IRAIE 45 SR R R IR i A AR
T AR S LAT AT /s —3ImlH, SRJE A iz G5 2 K05 AR B b i
et 3 AN ERMENEA AN SH, BT /N 31, PLSR [R5 RE IR 4 s

® 4 FIAAFRESHRR LAl (iR 2R E

Table 4 Partial least squares regression equation for LAI inversion using different modeling parameters

RS [ =75 72
Modeling parameters Regression equation
LAI ~NDVI+SAVI+MCARI+TVI+NDRE+RVI LAI=0.165 XNDVI+0.165 X SAVI+0.164 X MCARI+0.164 X

TVI+0.163 X NDRE+0.165 X RVI

LAI ~ BIOVP+Hmean+H75+LPI+NDVI+SAVI+ LAI=0.313 X BIOVP-0.009 X Hmean+0.170 X H75-0.073 X
MCARI+TVI+NDRE+RVI LPI+0.147 X NDVI+0.067 X SAVI+0.171 X MCARI-0.069 X
TVI-0.045 X NDRE+0.178 XRVI

B, MBS HTRIACR, KA 5 UEE MM LAT 552l LAT fiflos 1’ &4
gk, Bl 6 mLLER], MLR @845 T, fERAHEEIERS S @5 (H6a. Eo6b),
SRR AR RIS UE SR A LAT 15 S LAY 22 8] 40L& #iT26 R23 0119 0.937 1 0.897, RMSE 437
N 0.382 F10.492. TMifle T LIDAR Siagis i 5Ew s (K6 o K6 &, R4rH|
49 0.950 1 0.901, RMSE 43524 0.341 F110.480, HH Eb B FH A w5 BOd BT R2AG P Tt
s, HARI LAT 5520 LA 2 8] ()0 22 FEAR, VAT 5 32 T LAL Bl SORE

PLSR #7775, fERAEMIESES SR (B7 a. B 7 b), EBEEMEUFEN
T LAT 5520 LAT Z [81 4814 #h 2k R2%3 5178 0.957 1 0.892, RMSE 4354 0.319 1 0.486.
Mils 7 LIDAR Mg S5EefE)s (B 7 oo B 7 O, R5rH14 0.968 F10.909,
RMSE 735179 0.278 F1 0.445, 48 5 FHAE i 48 SO AT P A0 FIFE A s, R H
il LAT 5 5200 LAL 2 (B w25 AT BT BRI, $2m T LAL il SR
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e AEOLN 11 2% DHEBEREOMM NS B ERE a FIIESE b, UL LIDAR o452 SR ECA A S
FAEE ¢ FIIIFEE d. Note: The red line represents the 1:1 reference line. Modeling Set a and Validation Set b with Vegetation Indices as
Input Parameters, Modeling Set ¢ and Validation Set d with LiDAR Point Cloud Structure Parameters and Vegetation Indices as Input
Parameters .
& 6 ET MLR BiR757ER LA FUNE S STNMER S E
Fig. 6 Scatter plot of estimated LAI and field-observed LAI based on the MLR modeling method
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W AELEN 1 %%, DHEBERECNMAS SR IE4E a FIIGIFEE b, Ll LIDAR =85S S RECV AN SHIN
AN ¢ FIIGIFEE d. Note: The red line represents the 1:1 reference line. Modeling Set a and Validation Set b with Vegetation Indices as

Input Parameters, Modeling Set ¢ and Validation Set d with LiDAR Point Cloud Structure Parameters and Vegetation Indices as Input

Parameters .
& 7 EF PLSR ERF5ER LAl FUNME S SEMMER < E
Fig. 7 Scatter plot of estimated LAI and field-observed LAI based on the PLSR modeling method
3 4 ik
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