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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 LIiDAR 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.
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Fig. 1 Arrangement of the experiment zone
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Table 1 Spectral parameters of the prime rededge-MX five-channel multispectral camera
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Table 2 Calculation formula of vegetation indices

LRI ER

Vegetation index

[ARGE/AY

Calculation formula

H—fbH H5 50 NDVI
AT R EL SAVI
WUH Y 4 R IR L MCARI
=MAMEPHRE TV
JH— {2135 2 (H M 15 5 NDRE
AR SR 2 RVI

NDVI = (pnir _pred)/(pnir + pred)

SAVI = (1+ L) x (pnir - pred) /(pnir + Preg + L)(L = 05)
MCARI = (prededge - pred) -0.2x (prededge - pgreen) X (prededge - pred)
TVI=0.5x [120 x (pnir - pgreen) —200x (pred - pgreen )]

NDRE = (pnir - prededge) /(pnir + prededge)

RVI = Piir /pred

i Preds Pgreens Prededge > m.ﬁ?’%’]ﬁi’%d‘iﬁ%ﬁ”]J”u)“ﬁﬂ’*]éi)“b 55 AR N ﬁ‘él&“}igﬁﬂ/‘]fiﬁd'}zﬁo Note: pred, Pgreens Prededge
and py;r stands respectively for reflectance in red, green, red edge, and near-infrared bands of wheat canopy.
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Fig. 2 Digital elevation model of the experiment zone
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Fig. 3 Digital surface model of the experiment zone
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Fig. 4 Canopy height model of the experiment zone
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Table 3 Multiple linear regression equation for LAI inversion using different modeling parameters

5% Modeling parameters

[11 )97 72 Regression equation

LAl ~ NDVI+SAVI
LAl ~ NDVI+SAVI+BIOVP+HT75

LAI=11.807xNDVI1-2.864xSAVI-1.271

LAI=-2.920xNDV1+4.842xSAVI1+0.183xBIOVP+3.352xH75
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(P<0.01) .
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Fig. 5 Matrix diagram of the correlation between leaf area index and various modeling parameters
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Table 4 Partial least squares regression equation for LAl inversion using different modeling parameters

#1240 Modeling parameters [71J9 75 2 Regression equation

LAI=0.165xNDV1+0.165xSAVI+0.164xMCARI+0.164xTVI1+0.163x
LAl ~ NDVI+SAVI+MCARI+TVI+NDRE+RVI
NDRE+0.165%RVI

LAI=0.313xBIOVP-0.009xHmean+0.170xH75-0.073xLP1+0.147x
LAl ~ BIOVP+Hmean+H75+LPI+NDVI+SAVI+
NDVI+0.067xSAVI+0.171xMCARI-0.069xTVI-0.045xNDRE+
MCARI+TVI+NDRE+RVI
0.178xRVI
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6 "LIESF], MLR @K LT, 78 R A= 0.897,RMSE 43 4l & 0.382 11 0.492 . i@l & T LiDAR
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B 4E ¢ RIS IESE 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.

K6 BT MLR A0y LAL TN -5 S I H e 18]
Fig. 6 Scatter plot of estimated LAI and field-observed LAI based on the MLR modeling method
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e B4R 11 3HL, UMBIRECHmASEIERE a MIEKIEE b, Ll LIDAR fi =45 S8 SRR EC A SEL
B 4E ¢ RIS IESE 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.

Bl 7 BT PLSR EEB LAY LAI T (E 55 S0 (AL 1A
Fig. 7 Scatter plot of estimated LAI and field-observed LAI based on the PLSR modeling method
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