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Fig.1 Location of study area and sample plots
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Table 2 Vegetation indexes and calculation equation
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Table3 Regression analysis of LAI predicted value and measured value under different sampling sizes and height thresholds

SRAERSE/m
= B /m 2.0 2.5 3.0 3.5 4.0 4.5 5.0 5.5 6.0 6.5 7.0
R’ R’ R’ R’ R’ R’ R’ R* R* R* R*
0.00 0.707 0.754 0.763 0.786 0.800 0.815 0.820 0.814 0.809 0.792 0.774
0.05 0.710 0.737 0.764 0.787 0.801 0.817 0.826 0.825 0.822 0.809 0.795
0.01 0.724 0.747 0.773 0.796 0.811 0.828 0.838 0.841 0.840 0.830 0.817
0.15 0.731 0.752 0.779 0.804 0.818 0.835 0.845 0.850 0.850 0.841 0.830
0.20 0.739 0.759 0.784 0.809 0.823 0.839 0.850 0.855 0.855 0.847 0.836
0.25 0.742 0.761 0.788 0.812 0.827 0.843 0.853 0.858 0.858 0.850 0.840
0.30 0.744 0.763 0.790 0.815 0.829 0.845 0.854 0.860 0.860 0.852 0.842
0.35 0.746 0.765 0.791 0.816 0.830 0.846 0.856 0.861 0.862 0.854 0.844
0.40 0.748 0.767 0.793 0.818 0.832 0.848 0.857 0.863 0.863 0.856 0.846
0.45 0.749 0.767 0.793 0.818 0.833 0.849 0.858 0.864 0.864 0.858 0.848
0.50 0.749 0.768 0.794 0.819 0.834 0.850 0.859 0.865 0.866 0.860 0.850
0.55 0.749 0.768 0.794 0.820 0.835 0.851 0.860 0.866 0.866 0.861 0.852
0.60 0.750 0.768 0.795 0.820 0.834 0.851 0.860 0.866 0.867 0.862 0.854
0.65 0.749 0.767 0.793 0.819 0.834 0.850 0.859 0.866 0.866 0.863 0.855
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Fig.2 Influence of height threshold based on optimal

sampling size on LAI prediction accuracy of maize

B B4 REP.VOG2 NVI 3>l #k 45 ¥ i) =1 5 M
T 1o E4Ce) PUHE — M EB SN VIE VIPE
T 1, KA A AR A LIDAR A8 &, i8R 1 B
FEEC A B D B JEAR X T — 2 HAh /) LIDAR 48
2 (Haou s Hos s Hoo Ho ) T 55, /4 10 9 48 8% 45 50048 2
FLA 0 1 TR

3.22 LAIRE%R

A5 FE T R RS e B A

PEWCT LIDAR A8 i, 43 5 A LIDAR 4% & | 1%:%%3
BB LIDAR AR s AU B 5 B0 7 T B oK LATH
DS A | 35 i /DN — 3 AT ) 550 3% 3 A5 1 LA T
Wi 40rm . KW 5(a)—5(e) 435 43 T Li-

Fig.3 Influence of point density based on optimal
sampling size and height threshold on LAI

prediction accuracy of Maize

DAR 75 FH 8 48 50 4L A28 A oK LAT 30 {5
55 SCINE L A SRR LA 2 %FIJFHLiDAR/}‘E
AR AR 0 LAT B8 5 52
0.874)%ﬂﬁmﬁiﬁz(fezzo.741),ﬁﬁﬂ%éLiDAR@Z
e A B i R A AR 1) TR B e R, LA RIOR
e B (R*=0.885) , 55 ij 19 & 70 00 455 784 4 Lt , R* 43 53
P T 1.26% F119.4% , RMSE 4 B FA% 7 4.10%
H133.04% .,
33 EFRENFRMAKEIEAEZKELAL
331 EEFEFZM

(SR e NI = B 7 = N SR B ) B S R A

EVA



1102 I A N T VA o5 37 &
CRR I
Hyoth !
Heeew :
‘mean H CRR
gwa f Hyorh '
50th Hyew !
HMAD mode . ke H
H | ean .
il HSS | feover .
) ov : Hgg i
& Hee Hs oy :
a Heoth HMADmode
a Haoth I  ;
Hos i Hee
Haory i £ Hom -
Hootn | == NVI i
Hear b Hys
H i e
ot = Hyoth 1
Hostn ! I Hgo
Hsq ! = REP i
Hax I % voc '
00 02 04 06 08 10 12 14 B Clededge [
T ~ RNDVI 1
(2) LIDARZS B EHHET i :
Hyoth 1
REP# MSR i
VOG2 ! NDVI ;
% Clrededge : H:; I
3m MSR : SRI (
#H  RNDVI : Hogth 1
® EVI2 1 Fmax : T r r } T
SR.I— i 00 02 04 06 08 1.0 1.2 14
NDVI{ : HENE
00 02 04 06 08 10 12 14 (c) LIDARAE AR BARA AP T
HE
(b) MR E T
B4 FARRN _KEFREGELAINTEEEZHHRF
Fig.4 The importance ranking of variables for estimating LLAI by partial least squares regression mode
5r S5r 51
R*=0.874 R*=0.741 R?*=0.885 A
4k RMSE=0.317 Ak RMSE=0.454 4t RMSE=0.304
L ]
o | o 3r o 3t
B2l Bt B ot
< < <
& 4 4
1t [ 1}
0 1 1 1 1 I O 1 A 1 2 O 1 1
0 1 2 3 4 5 6 0 1 2 3 4 5 6 0 1 2 3 4 5
LAISEIA LAISZIA LATISZIIA
(a) 2T LIDARAS Bt (b) FETHRE R (c) FETLIDARAE S+ H RS
Bs EFREs/DREEREYLAIRUES SNESSE

Fig.5 Scatter plots of LAI predicted value and measured value based on partial least squares regression model
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Fig.6 The importance ranking of variables for estimating LAI by random forest regression model
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Fig.7 Scatter plots of LAI predicted value and measured value based on random forest regression model
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Combining UAYV LiDAR and Hyperspectral Data for Retrieving

Maize Leaf Area Index

Zhang Yagian', Luo Shezhou', Wang Cheng®, Xi Xiaohuan®, Nie Sheng®,
Li Dong®, Li Guanghui’
(1.College of Resources and Environment, Fujian Agriculture and Forestry University,
Fuzhou 350002, China;
2.Key Laboratory of Digital Earth Science, Aerospace Information Research Institute, Chinese Academy of
Sciences, Beijing 100094, China;
3. Aerogeophysical and Remote Sensing Center of Henan Province, Zhengzhou 450053, China)

Abstract: Leaf Area Index (LAI) is an important index for crop growth monitoring and yield estimation. Accu-
rate and efficient LLAI retrieval plays an important role in the macroscopic management of farmland economy.
This study explored the potential of combining UAV LiDAR and hyperspectral data to retrieve maize leaf area
index, studied the effects of different sampling size, height threshold and point density of LiDAR data on LLAI
inversion accuracy, and determined the optimal values of the three parameters. In this study, LiDAR variables
and vegetation indices were extracted from resampled LiDAR data and hyperspectral imagery respectively.
Then, based on Partial Least Squares Regression (PLSR) and Random Forest (RF) regression, LIDAR vari-
ables, vegetation indices, combined LiDAR variables and vegetation indices were used to construct prediction
models, and the optimal prediction model for LAT inversion of maize was determined. The results show that the
optimal sampling size, height threshold and point density of maize LLAI inversion are 5.5 m, 0.55 m and 18
points/m® respectively. We found that the highest point density (420 points/m”) did not obtain the optimal LAT
inversion accuracy of maize. Therefore, it is not reliable to improve the inversion accuracy of LAl by increasing
point density alone. The LLAT inversion accuracies based on LiDAR variables (PLSR: R* = 0.874, RMSE =
0.317; RF: R* = 0.942, RMSE = 0.222) were higher than those based on vegetation indices (PLSR: R =
0.741, RMSE = 0.454; RF: R* = 0.861, RMSE = 0.338), and the inversion accuracies of the prediction
model constructed using combination variable (PLSR: R*=0.885, RMSE=0.304; RF: R°*=0.950, RMSE=
0.203) were better than using single variable, in which the random forest regression model established by using
combined LiDAR variables and vegetation indices is the best prediction model. Therefore, the fusion of the two
data sources has a certain potential in improving the accuracy of vegetation LLAT retrieval.

Key words: UAV-LIDAR;Hyperspectral; Leaf Area Index(LLAT) ; Maize ; LIDAR point density



