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Crop biophysical properties estimation based on
LiDAR full waveform inversion

using the DART RTM

Sahar Ben Hmida, Abdelaziz Kallel, Jean-Philippe Gastellu-Etchegorry and Jean-Louis Roujean

Abstract—This paper presents an inversion model that explores
the potential of small footprint LiDAR waveforms for estimating
crop biophysical properties. Here, we consider the height, LAI
(Leaf Area Index) and ground reflectance of two maize and
wheat fields. Within field, spatial heterogeneity is a source of
difficulty for inversion approaches. For example, in the maize
field, standard deviation is 0.16m for height and 0.6 for LAI To
mitigate this problem, we first classify all waveforms into maize
and wheat clusters, and then assess the biophysical properties of
each cluster with a procedure that uses a look up table (LUT)
of waveforms. The latter ones are simulated by the Discrete
Anisotropic Radiative Transfer (DART) model with 3D mockups
of the crop fields for different crop properties and according to
the LiDAR configuration. The approach was successfully tested
with in sifu measurements. Height is well estimated. Its root
mean square error (RMSE) is 0.07 m and 0.04 m for maize
and wheat, respectively. LAI estimate is also accurate (RMSE
= 0.17) for maize except for wheat last growth stage (RMSE =
0.5), when LAI is very low because most leaves are dry. Field
spatial heterogeneity explains that many clusters were needed to
get accurate results.

Index Terms—LiDAR waveform, Inversion, LUT, Crops bio-
physical properties, DART.

I. INTRODUCTION

HEAT and maize are the second and third major cereal

crops in the world after rice. They are the most impor-
tant food crops that provide the energy and proteins for human
and animals. Estimating their yield and monitoring their health
are then, very crucial. Vegetation height and leaf area index
(LAI) are among the major biophysical parameters to estimate
for studying canopy behavior and vegetation growth [1], [2],
[3], [4]. LAI contributes particularly to different physical and
biophysical processes like plant respiration and transpiration,
photosynthesis, rainfall interception and vegetation carbon
storage [5], [06], [7]. It explains that these biophysical pa-
rameters are helpful for managing irrigation, fertilization and
insect control [8]. They can be measured in the field [9] with
direct methods, but this approach is not suitable for large areas
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because it requires huge time, budget and destructive sampling
[10].

The above remarks explain the widespread use of remote
sensing approaches that rely on empirical relationships [11]
and regression models [12], [13] between field measurements
and vegetation indices derived from remote sensing data.
Multi-spectral satellite images with high spatial resolution
(e.g., Sentinel-2, Landsat, etc.) are commonly used to derive
biophysical parameters such as vegetation LAI [14] chloro-
phyll amount [15], [16] and biomass [17]. However, present
approaches with these passive sensors do not allow access to
the crop 3D structure (e.g., canopy height) and suffer from
limitations in vegetation parameters estimation especially in
dense vegetation cover with high LAI values [18], [19], [20].

Light detection and ranging (LiDAR) is an active sensor
that can characterize vegetation structure [21], [22], [23],
[24] because it provides the time delay between the emitted
and backscattered laser pulse. Recent studies were performed
to estimate vegetation biophysical parameters such as LAI
[11, [24], [25], [26], height [3], [27], [28], [29] and forest
biomass [30], [31], [32]. Generally speaking, the accuracy
of the retrieved parameters depends heavily on LiDAR point
density [4].

Up to now, most of LiDAR research has focused on forests,
in particular through the determination of parameters such as
LAI and canopy height. Only few studies have been carried
out to estimate crop biophysical parameters using terrestrial
LiDAR system (TLS) [33], [34], [35] and airborne discrete
return data [36], [37]. This small number of studies is mostly
explained by the fact that the low height of crops compared to
forests reduces the time of flight between the LiDAR first and
last returns, which limits their accurate detection. In addition,
the density of crop vegetation can also be a limiting factor
because it decreases the penetration of the laser pulse through
foliage.

Compared to the LiDAR discrete returns, LiDAR full
waveforms record all backscattered energy from all illumined
targets as a function of the range (height), which leads to more
complete descriptions of the scattering events in vegetation
canopy [38]. Nevertheless, we did not find in literature crop
studies that are carried out with LiDAR waveforms. This
explains why we investigated the possibility to estimate crop
height and LAI with LiDAR waveforms.

The inversion of waveforms requires a good understanding
of the physical processes that drive LiDAR laser beam in-
teraction in vegetation canopies. It explains the development
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Fig. 1. Location of the 8 LiDAR flight lines in southwest France.

of Radiative Transfer Models (RTM) such as DART [39],
[40] and Flight [41] which simulate this radiation interaction
and consequently can link LiDAR observations and vegetation
properties [24], [25]. The inversion of such models is con-
sidered to be a fully parametrized problem. Look Up Table
(LUT), Quasi-Newton (QNT) and Neural Network (NNT) are
the most popular methods to solve this inverse problem. They
have been used in many studies to retrieve canopy properties
[2], [3]. The LUT-based method is among the simplest ones
to implement and less demanding in terms of computation.
For one side, because it seeks from a table of simulated
observations the closest one to the real measurement without
a priori information requirement like QNT. For the other side,
it does not need a large training database like the NNT. It has
already been used to invert LIDAR waveform data in terms of
forest biophysical parameters [3], [24], [42].

Here, we investigate the possibility to invert small footprint
LiDAR waveforms in terms of crop properties. We consider
the height, LAI and ground reflectance of two maize and wheat
fields in southwest France. We present a LUT based inversion
approach that relies on waveforms that are simulated with
DART model [40].

II. MATERIALS

The study is carried out in the frame of the research project
Agriculture-Health-SPECTrometry (AHSPECT) funded by the
European Facility for Airborne Research (EUFAR) and led
by the National Center for Meteorological Research (CNRM).
The aim is to study and monitor the health of the dominant
crops of the southwest of France (wheat, maize and sunflower),
near Toulouse. For this objective, on June 23, 2015, a LiDAR
aboard the NERC DORNIER aircraft was flown along eight
flights lines (Fig. 1) above selected and documented agricul-
tural sites.

A. Study Area

Fig. 2 shows the two agricultural test sites that were con-
sidered: Lamothe (43°29’47.7" N, 1°14'15.9” E) and Auradé
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Fig. 2. Study areas from google maps. Purple lines delineate the experimental
wheat field in Auradé (bottom left) and brown lines delineate the maize field
in Lamothe (top right).

(43°32'55.5” N, 1°06'21.4” /). These two sites are character-
ized by hot and dry summers [17]. The usual crop rotation
is ”“maize-wheat-maize-sunflower” for the Lamothe site and
“wheat-sunflower-wheat-rape” for the Auradé site. At the time
of the LIDAR campaign, most of surfaces (approximately 10
ha for Auradé and 25 ha for Lamothe) were planted with wheat
and maize, respectively.

B. Field data

Field measurements were collected at the day of the LiDAR
acquisition. This simultaneity is essential to validate our
methodology. Ten sample plots were selected randomly in the
Auradé wheat field, each one with a 25e¢m x 25¢m size. In
each sample, the height values of all plants were measured
which allowed us to compute the wheat mean height and its
standard deviation (std). At the time of the LiDAR survey, the
wheat was mature with zero LAI value, 0.49 m mean height
and 0.07 m std.

In Lamothe, field measurements were not collected at the
time of LiDAR acquisition. However, maize field data were
available at five dates before and after the LiDAR acquisition
(Table I), which allowed us to assess the maize height and
LAI by an interpolation procedure. For each measurement,
five experiment plots were selected randomly in the field.
In each plot, four maize plants were taken as samples at
different places. The height and green leaves area of the twenty
corns were measured. LAl was computed using the green
leaves area and the inter-row and intra-row plant spacing.
The interpolation procedure relies on the degree days (DD)
since the date of sowing. Indeed, DD drives plant growth. It
is computed with:

Tmaw + Tmin
DD = Z(—2 - Tbase) (1)

day
where Tj,se refers to the base temperature which is 10 °C for

maize corn [43], and T},,, and T},;, are the day maximum
and minimum temperatures, respectively. They were measured
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Fig. 3. Maize evolution of height (a) and LAI (b) according the degree day.

with a HMP155 thermal sensor. Fig. 3 shows the LAI and
height evolution according to DD. On June 23, 2015, the
cumulative temperature was ~ 534 °C, which allowed one to
assess the height (= 1.15 m) and LAI (= 2.77). The height and
LAI standard deviations were computed with the assumption
that ratios height/std and LAI/std at the time of the LiDAR
acquisition were equal to those ratios at the closest day of field
measurement (i.e., July 1st, 2015). Hence, std was ~ 0.16 m
for height and ~ 0.6 for LAL

TABLE I
FIELD-MEASURED BIOPHYSICAL PARAMETERS FOR MAIZE CROPS AT
DIFFERENT MEASUREMENT-DATE

Measurement Height: Height: standard LAIL:  LAI: standard

date in 2015 mean (m) deviation (std) mean  deviation (std)
Jun, 274 0.25 0.06 0.14 0.08
Jul, 15¢ 1.61 0.22 4.11 0.9
Jul, 23 2.59 0.24 5.86 1.12
Aug, 6 2.82 0.1 6.17 0.8
Sep, 2n¢ 278 0.15 5.37 0.97

C. LiDAR data

The LiDAR data were acquired on June 23, 2015 with a
Leica Airborne laser scanner ALS50-II. This small footprint
airborne sensor emits 4 to 9 ns laser pulses at 1064 nm
wavelength and has a ~ 22 cm diameter footprint at 1000
m altitude. It records either discrete points or full waveform
data with 2 ns sampling rate (i.e., range resolution ~ 30
cm). The echo intensity of the full waveform is recorded as
a digital count at the predefined sample rate (i.e., bin). Here,
the predefined number of bins per waveform is 256, which
corresponds to 76.8 m. Among the 8 LiDAR flights lines, the
lines 1 and 7 (Fig. 1) are over the studied fields in Lamothe
and Auradé areas. LiDAR data were stored with the LiDAR
data exchange format (LAS 1.3). Fig. 4 shows the location of
the LiDAR data over the two studied maize and wheat fields:
29797 processed waveforms (i.e., 200 x 15 m?) in Auradé, and
18430 processed waveforms (i.e., 200 x 9 m?) in Lamothe. The
density of the acquisition points is large (= 10/m?), which is
well adapted for accurate height estimation.

III. METHOD

The newly designed full waveform inversion method com-
bines two complementary approaches: physical modeling and
signal processing. Fig. 5 summarizes its three steps. In step
1, raw waveforms are pre-processed. In particular they are
denoised, spatially averaged, and then classified into homo-
geneous clusters, which leads to a mean LiDAR pulse per
cluster. In step 2, the three-dimensional (3-D) RTM DART
model [40] simulates a Look up table of waveforms for specific
biophysical characteristics (height, LAI and soil reflectance).
In step 3, for each cluster, the inverse method selects the clos-
est simulation of the LUT, which gives the desired biophysical
properties. These three steps are detailed below.

A. LiDAR data Processing (step 1)

The spatial heterogeneity of environmental conditions (e.g.,
soil heterogeneity and moisture) in agricultural fields induces a
spatial variability of crop development (vegetation height, LAI,
etc.) [44], [45]. This statement was verified when analyzing the
raw waveforms. Indeed, they were highly variable within each
crop field. In addition, they were noisy. Hence, several pre-
processing were applied before the inversion procedure itself,
as described below.

1) Windowing: The so-called windowing procedure is a
spatial averaging procedure that aims to remove the spatial
variability of waveforms due to local environmental het-
erogeneity such as intra-rang spacing. It computes a mean
waveform per spatial window. We considered three window
sizes: 1x1m2, 2x2 m?2 and 3x3 m? windows. One must note
that this reduces considerably the noise level of waveforms.

2) Clustering (GMM distribution): The so-colled clustering
procedure aims to remove outliers and to reduce the effect
of noise. For that, it classifies waveforms into clusters, each
one being characterized by a mean waveform. This, clustering
is achieved with the Gaussian mixture model (GMM) one of
the Expectation-Maximization algorithm application [46]. This
algorithm seeks to find iteratively the maximum likelihood
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estimator that an observation belongs to a given cluster. It
starts from an initial guess probability %-(]Q) to assess if the
LiDAR observation y;c[1,,) belongs to cluster z;¢[q x], Where
n is the LiDAR observation number and k is the predefined
number of clusters. Then, the method searches iteratively for
the most likely combination #(™) between clusters and their
related observations and its maximum probability estimator 6:

k n
0 = argmazg Z(Z 'yi(;l)) log 0, )

j=1 i=1

(m)

Here v, is the membership relation between observation y;

and cluster z; at m" iteration:

v = P(zlyi, 0) (3)

In order to get the best waveform clustering, this step is
repeated several times before selecting the most likelihood
result. Fig. 6 plots an example of waveforms that are classified
into three clusters. The resulting clusters are homogeneous and
different between each other.

3) Denoising method: LiDAR signals are always noisy
due to background, detector and photon noise [23], [47],
[48]. Hence, some denoising processing must be applied.
For instruments with stable behavior, [49] suggest to use the
noise tracking method with a specified threshold. This method
considers that the waveform starting point is the bin in which
the cumulative energy above the threshold reaches 1% of the
total signal. Here, due to the small height of crops and the
2 ns sampling rate of the LiDAR sensor, the number of bins
of the useful signal is too small to apply the noise tracking
method. Hence, we adopted the simple threshold approach [50]

with a noise threshold equal to the mean waveform amplitude
during the propagation of laser pulse in the atmosphere plus six
standard deviations. Fig. 7 shows an example of noise removal:
after the waveform peak is detected, the first and last echoes
are located by selecting waveform bins whose energies exceed
the specified threshold.

B. LUT Generation (step 2)

1) DART Radiative transfer model: The DART (Discrete
Anisotropic Radiative Transfer) model was used to simulate
LiDAR waveforms. It is one of the most accurate and complete
models that simulate radiative transfer from the visible to
thermal infrared, in the Earth landscapes and the atmosphere.
It has been developed since 1993 at CESBIO. It operates
on three-dimensional heterogeneous natural (forest, grassland,
etc.) and urban landscapes (buildings, house, etc.) in three
modes: flux tracking [39], Monte Carlo [51] and LiDAR [40].
This model simulates Earth landscapes as a juxtaposition of
voxels that are filled with fluids, facets (i.e., triangles and
parallelograms) and the so-called turbid vegetation. The latter
is defined by the optical properties, volume density and angular
distribution of its foliar elements. Facets are used to simulate
solid elements such as woody elements, urban elements, foliar
elements, etc. They are defined by their orientation, area and
optical properties. Furthermore, DART can simulate complex
3D scenes with imported 3D matrices of LAI and 3D objects
(wheat, corn, rice, cherry tree, etc.) made of facets. 3D
radiation interaction is simulated with two approaches: volume
interaction for turbid medium [52] and surface interaction for
facets [53]. In the LiDAR mode, Monte Carlo and flux tracking
methods [40] are used to track each photon that is launched
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from the sensor until it is absorbed, it exits the scene or it is
captured by the sensor.

2) Look up Table Generation: Here, the term LUT refers
to a set of LIDAR waveforms that are simulated for the
considered LiDAR instrument configuration (cf. II-C) and for
a number of wheat and maize crop realizations. A realistic
field crop mock-up was simulated per realisation, with con-
stant and variable input parameters. Constant parameters were
derived from field measurements (e.g., inter-row spacing and
number of crops feet per m?) or bibliography. Foliar optical
properties were derived from the Prospect leaf model [54],
[55]. The variable parameters are for different plant growth
stages: stem length, LAI, presence of tassel, seeds, corn, etc.
Table II gives the values of two constant parameters (crop
density and inter-row spacing) and the ranges of three variable

TABLE II
INPUT PARAMETERS DESCRIPTION USED FOR CREATION OF THE LUT.

. Height (m) LAI Soil reflectance
Crop Crop dens@ Inter-row X . .
(plants/m % spacing (m) Min Max Min Max Min Max
Maize 9 0.755 0.3 2.6 0.24 59 0.3 0.6
Wheat 250 0.17 0.08 0.55 0 2.7 0.3 0.6

input parameters (soil reflectance and crop height and LAI).
In addition to field measurements, the BBCH (Biologische
Bundesanstalt fr Land und Forstwirtschaft) scale [56] was used
to set the plant characteristics per considered growth stage: leaf
shapes, number of leaves per plant, distance between leaves
and presence of plant organs (e.g., tassel, corn, seeds, etc.)
according to the stem length. To obtain accurate 3D plant
mock-ups per growth stage, the 3D maize and wheat plants
of the DART database were adapted by adding or removing
leaves and resizing plant organs with the "Blender”! software.
Then, DART used these 3D plants to create 3D mock-ups of
maize and wheat fields. The area of these mock-ups is 9 m?.
Fig. 8 and 9 show mock-ups at several growth stages. For each
mock-up, different LIDAR footprint positions were simulated,
and their waveforms were averaged to obtain a statistically
representative LIDAR waveform which was stored in the LUT.

C. Inversion (step 3)

1) LiDAR pulse delay processing: A LiDAR waveform can
be considered as the convolution of the LiDAR system pulse
and the cross section profile of the observed target [49], [57].
Individual target locations and distributions can be identified
by application of fitting function [57] or by deconvolution
[58]. However, in our study, the system pulse is unknown and
consequently must be estimated. For that, roads were treated
as reference targets. Indeed, with the assumption that roads are
horizontal, which implies that their time response is very short,
their recorded signal is nearly the LiDAR pulse. Road surfaces
were therefore located and their waveforms were extracted.
We considered that the pulse form is the average waveform
of roads. Fig. 10 shows the estimated system pulse as well as
a typical LiDAR waveform of a maize field. It illustrates that
roads have a time response that is shorter than maize.

2) Inverse problem solution: Our inversion model compares
the measured and simulated waveforms (Fig. 5). For that, it
can use one of the two following comparison methods. In one
method, the LiDAR waveform of each cluster is deconvolved
with the estimated system pulse and then compared with the
waveforms of the LUT. The deconvolution of the LiDAR
signal uses the Wiener filter [59]. In the other method, the LUT
waveforms are convolved with the estimated system pulse, and
then compared with the waveform of each cluster. Here, the
results of the two methods are compared. Results are found
by minimizing a cost function which is the Root Mean Square
Error RMSE between the measured waveform (W) and the
simulated waveforms of the LUT (W), for each cluster.
Before computing the RMSE per cluster, the simulated and

IBlender : https://www.blender.org/
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real waveforms were normalized relative to their maximum
peak energies in order to be independent of the pulse energy,
which ensured a maximal waveform compatibility.

1 MNbin ) ]
RMSE = | — Y " (W}, — Wiyy)? (4)
— z’:l( r~Wiur)

where ny;,, is the number of bins of the denoised LiDAR signal
(cf. III-A3).

The searched crop parameters (i.e., soil reflectance and
canopy height and LAI) are assumed to be the parameters
of the LUT simulation that has the minimal RMSE value.

IV. RESULTS

Our inversion model was applied to the LiDAR data ac-
quired over the maize and wheat sites. Its two comparison
methods were used, and results were compared. Its perfor-
mance was evaluated with a sensitivity analysis to the field
window size (i.e., local spatial heterogeneity) and to the
number of clusters used for classifying the LIDAR waveforms.
For that, the histogram of each estimated vegetation property
(LAI, height, soil reflectance) was computed and its statistical
results were compared to field measurements.

A. Wheat crop

Wheat results assessed with the convolution of simulated
LUT waveforms and the deconvolution of measured LiDAR
waveforms are detailed below.

1) Convolution of the LUT: Fig. 11 displays the histograms
of the wheat height, LAI and ground reflectance values that
are assessed by convolving the LUT, for three window sizes
and two cluster numbers (i.e., 3 and 5). Fig. 12 and Table III
show their mean values, standard deviation (std) and standard
deviation of their difference with in situ measurements.

The height and LAI estimations do not depend on the
window size, whatever the number of clusters. For instance,
we note two height values (0.5 m and 0.55 m: Fig. 1la, b
and c) and two LAI values (0.38 and 0.67 in Fig. 11d, e and
f). However, the spatial distribution of these estimated values
changes with the window size. For the 1m x 1m window size,
height is 0.5 m for ~ 90% of the field surface and 0.55 m
for 10% of the wheat field. For the 2m x 2m window
size, the 0.5 m and 0.55 m proportions are ~ 20% and 80%,
respectively. For the 3m x 3m window size, the 0.5 m and
0.55 m heights have similar proportions. The soil reflectance
estimation is from 0.3 to 0.6 (Fig. 11g, h and i) depending on
the number of clusters and the window size. However, more
than 85% of the estimated values are around 0.3 and 0.4, which
is realistic.

The mean crop height (Fig. 12) is well estimated for
any cluster number: RMSE values are lower than 0.05 m
(Table III). The best result is obtained with the 1m x 1m
window size (RMSE =~ 0.01 m). Its estimated std is smaller
than the std measured in the field. This is explained by the
variability reduction due to the local (window) and global
(cluster) averaging processes. LAI is less accurately retrieved
than height. Its RMSE is around 0.5. As already mentioned,
at the time of LiDAR acquisition, the actual LAI is null since
wheat was in the last growth stage “Ripening” in which the
wheat leaves were dried.

2) Deconvolution of real LiDAR data: Fig. 13 illustrates
the case of the deconvolution of the real LIDAR waveforms. It
shows the estimated height, LAI and soil reflectance according
to the field window size for two cluster numbers. The height
estimated values are 0.5 m (90%) and 0.55 m (10%) and the
LAI estimated values are 0.38 and 0.67. The results are slightly

~
~
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Fig. 8. Four DART maize mock-ups. a) BBCH 1: leaf development (height h = 60 cm). b) BBCH 3: stem stretching (h = 1.2 m). ¢) BBCH 5: maize panicle

(h =2 m). d) BBCH 8: seed maturation (h = 2.6 m).

Fig. 9. Three DART wheat mock-ups. a) BBCH 1: Leaf development (h = 16 cm). b) BBCH 3: stem stretching (h = 45 cm). ¢c) BBCH 8: wheat kernels

maturation (h = 50 cm).
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Fig. 10. Road LiDAR waveform (blue line) and typical maize LiDAR
waveform.

TABLE III
MEAN ESTIMATED WHEAT FIELD HEIGHT, LAT AND SOIL REFLECTANCE,
FOR 3 FIELD WINDOW SIZES AND 3 (BLUE COLOR) AND 5 (RED)
CLUSTERS USED IN THE "LUT CONVOLUTION” APPROACH.

Window size

Im X 1m 2m X 2m 3m x 3m
Cluster Number ~ Cluster Number  Cluster Number
Estimated Parameter 3 5 3 5 3 5
Mean 0.4 0.42 0.31 0.32 0.34 0.34

std 0.02 0.07 0.05 0.06 0.05 0.05

Soil reflectance

Mean  0.38 0.4 0.63 0.61 0.54 0.53
LAI std 0 0.07 0.09 0.11 0.14 0.14
RMSE  0.38 0.40 0.63 0.61 0.54 0.53

Mean  0.50 0.50 0.55 0.54 0.53 0.52
Height std 0.01 0.01 0.01 0.02 0.02 0.02
RMSE  0.01 0.01 0.05 0.05 0.04 0.03

dependent on the cluster number and the window size. The
distribution of the estimated parameter values is comparable

TABLE IV
MEAN ESTIMATED WHEAT FIELD HEIGHT, LAI AND SOIL REFLECTANCE,
FOR 3 FIELD WINDOW SIZES AND 3 (BLUE COLOR) AND 5 (RED COLOR)
CLUSTERS, USING THE "DECONVOLUTION OF REAL WAVEFORMS”
APPROACH.

Window size

Im X 1m 2m X 2m 3m x 3m
Cluster Number ~ Cluster Number  Cluster Number
Estimated Parameter 3 5 3 5 3 5
Mean  0.49 0.49 0.49 0.48 0.49 0.5
std 0.04 0.04 0.02 0.03 0.11 0.09
Mean  0.38 0.42 0.38 0.38 0.42 0.41
LAI std 0 0.10 0.05 0.05 0.09 0.08
RMSE 038 0.42 0.38 0.39 0.42 0.41
Mean 0.5 0.50 0.50 0.50 0.50 0.50
Height std 0 0.017 0.008 0.008 0.016 0.015

RMSE  0.01 0.01 0.01 0.01 0.01 0.01

Soil reflectance

to that obtained with the LUT convolution approach with small
differences in window percentages. Soil reflectance values vary
between 0.3 and 0.6 depending on the window size.

Fig. 14 and Table IV plot the mean estimated parameters
against the in situ measurements. The mean height RMSE is
~ 0.01 m and the mean LAI RMSE is ~ 0.4. It appears that
the deconvolution of real LIDAR waveforms leads to slightly
better results than the convolution of the LUT.

B. Maize crop

Maize results assessed with the convolution of simulated
LUT waveforms and the deconvolution of measured LiDAR
waveforms are detailed below. Compared to the wheat field,
the number of clusters is larger in order to take into account
the maize larger spatial variability.

1) Convolution of the LUT: The maize height, LAI, and
soil reflectance histograms, obtained with the LUT waveform
convolution, are shown in Fig. 15 for 3 cluster numbers (5,
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Fig. 11. Wheat field histograms, using the LUT convolution method: height (top), LAI (middle) and soil reflectance (bottom), for 3 field window sizes and
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Fig. 12. Estimated wheat height against in sifu measurement collected on 23 June 2015, for 3 (bleu) and 5 (red) clusters and 3 field window sizes: 1m? (a),
4m?2 (b), and 9m? (c), using the LUT convolution. Circles represent the mean of estimated height. Vertical and horizontal error bars represent the standard
deviation of the estimated height and field measurements, respectively.

8 and 10) and 3 window sizes. Fig. 16 indicates their mean
values, std and difference compared to in situ measurements.

sizes have almost the same distribution: two major groups with
low and high values. The group with low heights (i.e., 0.7 m,

Height values estimated using 1m?2, 4m? and 9m? window 0.8 m and 0.9 m) has an occurrence percentage smaller than
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Fig. 13. wheat field histograms, using the waveform deconvolution: height (top), LAI (middle) and soil reflectance (bottom), for 3 field window sizes and 3
(blue color) and 5 (red) clusters.
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Fig. 14. Estimated wheat height against in situ measurement collected on 23 June 2015, for 3 (bleu) and 5 (red) clusters and 3 field window sizes: 1m?>
(a), 4m?2 (b), and 9m? (c), using the deconvolution of LiDAR waveforms. Circles represent the mean of estimated height. Vertical and horizontal error bars
represent the standard deviation of the estimated height and field measurements, respectively.

25%, whereas the group with high values (i.e., 1.2 m and 1.3  distinguished: a most present group with LAI between 2.5 and
m) has a percentage larger than 75%. The retrieved LAI and 3, and a less present group with LAI from 0.98 up to 1.5. The
height distributions are well correlated. Two LAI groups are estimated soil reflectance value ranges from 0.3 up to 0.6,
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Fig. 15. Maize field histograms, using the LUT convolution method: height (top), LAI (middle) and soil reflectance (bottom), for 3 field window sizes and

5 (blue color), 8 (green) and 10 (red) clusters.

depending on the window size, with a [0.3 0.4] range for 70%
of windows, which is realistic.

We analyzed the effect of the cluster number on the results
accuracy. Mean maize height and LAI estimates do not depend
on the cluster number for the 1m? window size, with low
RMSE around 0.07 m and 0.21, respectively, and correspond-
ing std equal to 0.16 m and 0.4, respectively. For the other
window sizes, the height and LAI are best estimated with a
large cluster number. For example, height is estimated with
low RMSE (0.01 m) for ten clusters (Fig. 16b and c¢) and
LAI is estimated with relatively low RMSE (0.24) for eight
clusters (Fig. 16e and f). As expected, classifications, and
consequentltly inversion products, are improved if the number
of clusters increases. For example, the retrieval of LAI with
ten clusters, leads to std equal to 0.64, which is similar to in
situ measurements (std equal to 0.6).

2) Deconvolution of real LiDAR waveforms: Retrieved
maize height, LAI and field soil reflectance are shown in
Fig. 17 for 3 cluster numbers and 3 window sizes using the

waveform deconvolution. Their mean estimated values and
their std are plotted in Fig. 18 against the field measurements.

Fig. 17 shows that two main classes are observed for
different window sizes. The most present class (occurrence
percentage 85%) is characterized by a height of 1.2 m
and LAI of 2.9. The height and LAI values of the second
estimated class are equal to 1.3 m and 2.6, respectively for
11% of windows. The rest of windows (percentage ~ 4%)
is distributed differently from a window size to another. The
estimated soil reflectance is concentrated on two close values
(0.3 and 0.4) independently of the cluster number and the
window size.

The comparison between inversion results and field measure-
ments shows that mean height and LAI values are accurately
retrieved for different window sizes and cluster numbers
with RMSE smaller than 0.06 m and 0.17, respectively. In
particular, the height and LAI are best estimated with ten
clusters, with RMSE equal to 0.03 m and 0.03, respectively.
Their std is 0.12 m and 0.4, respectively, whereas the std

~
~

~
~
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Fig. 16. Estimated maize height against in situ measurement collected on 23 June 2015, for 5 (blue color), 8 (green) and 10 (red) clusters, and 3 field window
sizes: 1m?2, 4m?2, and 9m?2, using the LUT convolution. Circles represent the mean estimated height. Vertical and horizontal error bars represent the standard

deviation of the estimated height and field measurements, respectively.

of field measurements is 0.16 m and 0.6, respectively. The
similarity between estimated and measured std (same order)
proves that the designed approach can represent heterogeneity
in the maize field.

The accuracy of the estimated results by the two compared
methods: convolution of LUT and the deconvolution of the
actual waveforms are comparable for maize height. However,
the real waveform deconvolution method displayed more ac-
curate estimation for LAL

V. DISCUSSION AND CONCLUSION

This study presents a new inversion method of small
footprint LiDAR full waveform for crop parameter retrieval.
This method is based on a look up table of waveforms that
are simulated with the 3-D DART model for specific crop
biophysical properties and LiDAR configuration. The designed
inversion model proved to have the potential to estimate the
height and LAI of maize and wheat fields in the Auradé and
Lamothe regions, in southwest France. It uses two approaches
for comparing measured LiDAR waveforms and DART simu-
lated LUT waveforms: (i) comparison of real waveforms with
LUT waveforms that are convolved, and (ii) comparison of
LUT waveforms with LIDAR measured waveforms that are de-
convolved. The two methods lead to accurate assessments for
the height and LAI in wheat field independently of the number
of clusters used in the waveform classification procedure and
the size of the analysis window representative of the local crop
heterogeneity. Nevertheless, best results were obtained using

the method that deconvolves the acquired LiDAR waveforms.
In that case, the height is estimated with a RMSE as low as
0.01 m. Wheat LAI estimates were difficult to validate, since
dry leaves were not considered when measuring the area of
leaves in field and laboratory measurements. Wheat was in the
“Ripening” growth stage, in which the kernels were mature,
the stem development has been accomplished and leaves were
totally dry. Then, wheat crops were almost ready for harvest.
The small spatial heterogeneity in the wheat field explains the
small standard deviation values that are obtained: 0.02 m and
0.1 for height and LAI, respectively.

For the maize field, the ranges of height (0.7 m to 1.3
m) and LAI (0.98 to 2.9) values are better detected using
the method that convolves the LUT waveforms independently
of the window size and the cluster number. Around 75%
of the field area is associated to the higher height values
and 25% 1is associated to low values. The estimated soil
reflectance is concentrated on 0.3 and 0.4 in 75% of the maize
field. Furthermore, the best estimated mean height and LAI
are obtained with large cluster number with RMSE equal to
0.01 m and 0.24, respectively. The assessed height and LAI
standard deviations are similar to those that were measured
in the field (0.16 m and 0.6, respectively). This similarity
supports the potential of LiDAR for detecting the maize plants
heterogeneity in the field. Compared to the LUT convolution
method, the deconvolution of the LiDAR waveforms lead
to estimated parameter values with smaller ranges: 1.2 m,
1.3 m and 1.5 m for height, and 2.6, 2.9 and 3.7 for LAIL
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Fig. 17. Maize field histograms, using the waveform deconvolution: height (top), LAI (middle) and soil reflectance (bottom), for 3 field window sizes and 5

(blue), 8 (green) and 10 (red) clusters.

Indeed, more than 85% of windows are concentrated on one
class characterized by 1.2 m and 2.9 for height and LAI,
respectively. The rest of the window percentage is scattered
between the other classes independently of the cluster numbers
and the window size. Nonetheless, the mean maize height was
derived with small RMSE of 0.03 m using ten clusters in the
classification procedure. LAI was accurately estimated with
RMSE around 0.04 using a large cluster number compared to
0.24 using the LUT convolution method.

Most estimates of soil reflectance values were around 0.3 and
0.4 values which is realistic. However, it is important to stress
that varying the soil reflectance values in addition to the crop
plant properties when generating the LUT would probably
improve the estimate of the vegetation parameters. In addition,
the good performance of such inversion model was likely due
to the realistic modeling of the crops mock ups for different
growth stages.

Furthermore, the accuracy of the obtained results, inde-
pendently of the choice of the window size (1m?, 4m? and

9m?) representative of the local heterogeneity within fields
illustrates the efficiency and the robustness of the waveform
inversion model. Moreover, the fact to obtain good results
tends to validate our assumption that the LiDAR sent pulse
could be estimated as the response of the roads.

Better validation results could be obtained if more detailed
and precise field measurements were available. Ideally, the
availability of geolocalized field data would allow spatial
comparisons of crop parameters that are estimated and in situ
measurements. Furthermore, results would be also improved
by combining LiDAR acquisition with hyperspectral images,
for example for assessing crop biochemical properties such as
the vegetation chlorophyll content and water content.
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