N

N

How plant structure impacts the biochemical leaf traits
assessment from in-field hyperspectral images: A simulation
study based on light propagation modeling in 3D virtual
wheat scenes
Nathalie Al Makdessi, Pierre-Antoine Jean, Martin Ecarnot, Nathalie Gorretta,

Gilles Rabatel, Pierre Roumet

» To cite this version:

Nathalie Al Makdessi, Pierre-Antoine Jean, Martin Ecarnot, Nathalie Gorretta, Gilles Rabatel, et al.. How plant
structure impacts the biochemical leaf traits assessment from in-field hyperspectral images: A simulation
study based on light propagation modeling in 3D virtual wheat scenes. Field Crops Research, 2017, 205,
pp-95-105. {10.1016/j.fcr.2017.02.001). <hal-01603851)

HAL Id: hal-01603851
https://hal.science/hal-01603851v1

Submitted on 16 May 2020

HAL is a multi-disciplinary open access archive L’archive ouverte pluridisciplinaire HAL, est des-
for the deposit and dissemination of scientific re- tinée au dépoét et a la diffusion de documents scien-
search documents, whether they are published or not. tifiques de niveau recherche, publiés ou non, émanant
The documents may come from teaching and research  des établissements d’enseignement et de recherche
institutions in France or abroad, or from public or pri- francais ou étrangers, des laboratoires publics ou
vate research centers. privés.

Distributed under a Creative Commons CC BY-SA 4.0 - Attribution - ShareAlike - International License


https://hal.science/hal-01603851v1
https://creativecommons.org/licenses/by-sa/4.0/
https://creativecommons.org/licenses/by-sa/4.0/
https://hal.archives-ouvertes.fr

Author-produced version of the article published in Field Crops Research, 2017, N°205, p.95-105.
The original publication is available at http://www.sciencedirect.com
http://dx.doi.org/10.1016/].fcr.2017.02.001

How plant structure impacts the biochemical leaf traits assessment from
in-field hyperspectral images: a simulation study based on light propagation

modeling in 3D virtual wheat scenes

Nathalie Al Makdessi*"(Nathalie.al-makdessi@irstea.fr),  Pierre-Antoine  Jean®
(pierreantoine.jean@gmail.com), Martin Ecarnot® (martin.ecarnot@supagro.inra.fr), Nathalie
Gorretta® (nathalie.gorretta@irstea.fr), Gilles Rabatel® (gilles.rabatel@irstea.fr), Pierre Roumet?

(roumet@supagro.inra.fr)

Y|RSTEA, UMR ITAP, 361 rue Jean-Frangois Breton, F-34196 Montpellier, France

INRA, UMR AGAP, 2 place Pierre Viala, 34060 MONTPELLIER Cedex 02

*These authors contributed equally to this work.

Author for correspondence:
Nathalie Al Makdessi
Tel: +33 4 67046377

Email: Nathalie.al-makdessi@irstea.fr


http://dx.doi.org/10.1016/j.fcr.2017.02.001

Author-produced version of the article published in Field Crops Research, 2017, N°205, p.95-105.
The original publication is available at http://www.sciencedirect.com
http://dx.doi.org/10.1016/].fcr.2017.02.001

Abstract

Light propagation modeling in 3-dimensional virtual scenes has been successfully applied to
many fields, including plant canopies. However, its application to detailed analyses on how
multiple scattering affects spectral-based biochemistry assessments has never been proposed.

In this article, a wheat canopy model has been built using simulation models included in the
open source software platform Open-Alea. Adel-Wheat, a 3D dynamic model of the aerial growth
of winter wheat, has been associated with spectra collected on wheat leaves with an ASD
spectrometer, and then used as input of the Caribu light propagation model. Caribu calculates the
proportion of direct and scattered light for all polygons of the 3D scene. Principal component
analysis was first applied to analyze the distribution of resulting spectra in the spectral feature
space. Then the influence of canopy structure on quantitative regression models has been
considered. For this purpose, a typical agronomical problem, i.e. nitrogen content retrieval, was
addressed, using a Partial Least Square regression model.

This study exhibits some important results concerning the distribution of collected spectra in
the spectral feature space due to multiple scattering, and underlines the physical interpretation of
these results. In the short term, it shows that satisfactory nitrogen content prediction (error about
0.5% of dry matter) can be obtained at the plant level, when considering only the plant top leaves.
Moreover, its paves the way for future researches to develop spectral analysis tools able to

overcome such multiple scattering phenomena.

Keywords: 3D virtual scenes, canopy light propagation, Caribu, leaf nitrogen content, multiple

scattering


http://dx.doi.org/10.1016/j.fcr.2017.02.001

Author-produced version of the article published in Field Crops Research, 2017, N°205, p.95-105.
The original publication is available at http://www.sciencedirect.com
http://dx.doi.org/10.1016/].fcr.2017.02.001

1 Introduction

In agriculture, improving plant performance requires to understand how genotypes interact
with the environment in order to develop more efficient varieties under various production
conditions.

For this purpose, plant performance has to be assessed in terms of growth and development,
stress resistance and biochemical composition, for a wide range of genetic diversity. It highly
depends on canopy ability to acquire and use external resources (light interception, water or
nutrient uptakes), which is determined by the biochemical content and the spatial distribution
(architecture traits) of its organs (Araus and Cairns 2014).

To document these features, rapid, non-invasive and non-destructive approaches are highly
desirable. Indeed, remote optical sensors offers a relevant opportunity for quantitative assessment
of vegetation properties at different plant scales (Colombo et al. 2008). Because incoming
radiation in the optical domain strongly interacts with vegetation through absorption and
scattering processes, the reflected radiation contains valuable information to infer biochemical
organ contents (Jacquemoud and Baret 1990) or architectural traits (Verhoef 1984). Numerous
phenotyping approaches based on such optical information have been recently reported over the
world (Fiorani and Schurr 2013).

At individual leaf scale, a contact between leaf and active incident light thanks to a clamp allows
to capture reflectance or transmittance signals. These signals directly result from the target leaf
properties without being altered by canopy structure. Indeed chlorophyll content can be inferred
easily from leaf transmittance (Baret and Fourty 1997) or leaf reflectance (Xue and Yang 2009)
at dedicated wavelengths. For other leaf components most of the studies have been based on
spectral signals involving an enlarged range of wavelengths (including both visible and near
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infrared regions), coupled with statistically-based methods such as Partial Least Squares
regression (PLS-R) (Wold et al. 2001) to build calibrations. Recently, accurate inferences of Leaf
Nitrogen Content (LNC) have been reported both for annual crop (Ecarnot et al. 2013) and tree
species (Serbin et al. 2012).

At canopy scale, hyperspectral remote sensing with satellites or aircrafts allows assessing the
spatial and temporal variability of vegetation status from local to global scales (Jay et al. 2016).
This has led to numerous agricultural and environmental applications such as the retrieval of leaf
pigments (Blackburn 2007; Nicotra et al. 2003), the early detection of leaf diseases (Mahlein et
al. 2013) or the mapping of forest biodiversity (Féret and Asner 2014). As hyperspectral cameras
are now becoming more affordable, close-range remote sensing data are also increasingly
available to the scientific community. Compared with aircraft and satellite data, these sensors
offer up to a sub-millimeter spatial resolution. The images are generally processed by applying
statistically-based methods (PLS-R, Stepwise multiple linear regression, etc.) to estimate various
leaf biochemical properties (Jay et al. 2014; Nicotra et al. 2003; Vigneau et al. 2011). However
vegetation canopy reflectance spectra differ substantially from those of single leaves because
internal shadowing and multiple scattering inside the canopy induce strong non-linear effects on
the spectrum (Verhoef and Bach 2003) and thus possible bias in measurements (Ollinger 2011).
Indeed, Vigneau et al. (2011) collected hyperspectral images of leaves and observed a decrease of
the performance of calibration for leaf N content as the scene get more complex (considering

successively isolated flat leaves, isolated plants and field scenes).

The goal of the present study was to document in detail such canopy multiple scattering effects in

the context of hyperspectral imagery, in order to assess their influence on PLS-R prediction of
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biochemical content, and possibly to develop adapted processing tools in a further step. Such a
study required to isolate the phenomena under consideration, e.g. to compare their effect on
virtually the same leaf for various positions in the canopy. For this purpose, a simulation
approach has been chosen, allowing dealing with simplified situations.

Several authors proposed simulation tools to document light-vegetation interactions according to
canopy architecture. Three main approaches have been developed: analytical formulation, ray-
tracing computation and nested radiosity computation (Widlowski et al. 2007).

A typical example of analytic formulation is the SAIL (Scattering by Arbitrarily Inclined Leaves)
model developed by (Verhoef 1984). The author proposed to consider the canopy as a turbid
medium characterized by scattering and light extinction coefficients, in order to define its
bidirectional reflectance distribution function (BRDF) at a macroscopic scale. Required inputs
are the reflectance and transmittance of isolated leaf (considered as Lambertian), measurements
conditions (solar zenith angle), leaf area index and a statistical distribution of leaf inclination.
This model has been widely used, either to estimate effect of leaf and architecture variables on
canopy reflectance (Bacour et al. 2002; Danson and Bowyer 2004), or to assess canopy

parameters through reflectance.

Ray tracing models such as DART (Landier et al. 2015) simulate the radiance spectrum of
every leaf in the canopy by taking into account their local BRDF, the plant-light interactions
being dynamically simulated for each organ (Chelle et al. 2007). Such models were used to
evaluate photosynthetically active radiation (PAR), light interception by canopy (Cici et al.

2005), or gap fraction (Duthoit et al. 2008).
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Nested radiosity (Chelle and Andrieu 1998) can be considered as intermediate between the two
previous ones. Here, leaves are considered as Lambertian: their BRDF does not depend on
incident and observation angles, leading to a simplified computation of multiple scattering in any
point of the scene. Indeed, once the equation describing the radiative equilibrium has been
solved, it can be used to compute leaf radiances for any wavelength (Dorigo et al. 2007).
Therefore, compared to ray tracing, nested radiosity requires much less computing resources.
Evers et al. (2007) used it to simulate the influence of red/far-red ratio on wheat. Nested
radiosity has also been used to simulate light distribution within canopy structures (Barillot et al.

2013; Sarlikioti et al. 2011; Wiechers et al. 2011).

Among the three modeling approaches for light-vegetation interactions described above, only the
first one (SAIL) has been designed explicitly for optical measurement applications. However, its
output consists in a unique average radiance spectrum (for a given observation angle). In that
sense, it is not well-suited to close range hyperspectral imagery, for which a detailed analysis of
the spatial distribution of the observable radiances should be preferable. On the other hand, ray
tracing and nested radiosity approaches are relevant since they allow spatializing multiple
scattering effects. Furthermore, they can be coupled with 3D architectural models to simulate

various canopy structures as well.

We have chosen here to use the nested radiosity computation model CARIBU (Chelle et al.
2004), coupled with the 3D ADEL-Wheat architectural model (Fournier et al. 2003), which
generates realistic wheat canopies. We used it to analyze the statistical distribution of multiple

scattering effects in the spectral space, and to precise how this statistical distribution impacts the
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performance of standard spectral prediction tools like PLS-R in a synthesized hyperspectral
image.

The remaining of this article is organized as follows. Section 2 presents the simulation tools as
well as the methodology used to set up our approach. In section 3, the results are presented and
analyzed according to their physical interpretation. Finally, conclusions and perspectives are

drawn in section 4.

2 Material and methods

The methodology used in this study is summed up in the flowchart given in Figure 1. It relies
on the use of Caribu and Adel wheat models in order to simulate spectra impacted by multiple
scattering. To analyze these simulated spectra, a PCA analysis was first conducted. Then the
effect of multiple scattering on regression performance in predicting leaf nitrogen content has

been considered.
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Figure 1: Flowchart of the methodology implemented in this study

LNC: Leaf Nitrogen Content  PLS-R: Partial least squares regression

2.1 Simulation tools

ADEL-Wheat and Caribu models are integrated in the OpenAlea platform (Pradal et al.
2007), an open source platform dedicated to Plant Architecture modeling. These tools are briefly

presented in the present section, as well as the required adaptations made.

2.1.1 Crop structure simulation with ADEL-Wheat

ADEL-Wheat (Fournier et al. 2003), is a canopy model dedicated to wheat crops, which
allows generating 3D dynamic descriptions of canopy structure, from sowing to harvest stages.
Its development has been based on real data observation, taking into account dynamic evolution

rules as well as structural parameters that can be adjusted from one variety to the other (leaf
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curvature and disposition, tiller geometry and inclination, etc.). Other parameters like the

senescence rate can also be controlled.

As a result, ADEL-Wheat can generate a 3D canopy representation at any given phenological
stage specified by the user expressed in cumulative degree days (°C d) since plant emergence.
Every organ is represented by a set of polygons. A label is attached to each polygon, indicating
the type of organ (stem, fresh leaf, senescent leaf, etc.). ADEL-Wheat, as well as the necessary
tools for the visualization of its 3D output (PlantGL, 3D Viewer) is included in the OpenAlea
platform. Figure 2 shows examples of wheat canopy patterns simulated by ADEL-Wheat for
Maxwell and Soissons varieties at 1200 °C d. These two varieties are characterized by different
leaf structural parameters: flexible for Soissons and erected for Maxwell. These patterns are
associated with a periodization function, in order to obtain a virtual canopy of infinite dimensions

for further light propagation simulation.

Figure 2: Examples of canopy simulation at 1200 °C d for two varieties with ADEL-Wheat

Left: Soissons. Right: Maxwell
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2.1.2 Light propagation simulation with Caribu

Once typical wheat canopy scenes have been modeled using ADEL-Wheat patterns, the
second step was to simulate light propagation inside of them according to leaf optical properties.
For this purpose, the light propagation model Caribu has been used.

Caribu was initially developed to evaluate the amount of light received by each organ in a
given canopy structure, in the frame of physiological studies. It is a simulation tool proposed by
the OpenAlea platform, which relies on the nested radiosity model developed by Chelle and
Andrieu (1998). In addition to 3D canopy geometry defined above, Caribu requires to
characterize the optical properties of each type of organ (and thus of each polygon) in terms of
reflectance and transmittance, as well as the lighting source distribution above the canopy.

In the following, we used a standard lighting set of sources proposed by the Caribu package,
which corresponds to a usual cloudy sky. It is made of sixteen directional sources distributed
above the canopy, in order to simulate real conditions of a diffuse illumination. The intensity of

the source radiance increases when approaching the zenith (Figure 3).
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Figure 3: Lighting source distribution used for Caribu simulation (polar representation).
The size of each of the 16 plots is proportional to the corresponding source radiance.

Zenith is at the center of the circle. Surrounding figures refer to azimuth angles (°).

Once the illumination sources have been defined, Caribu calculates for all the polygons of the
3D scene the amount of direct and scattered light received.

To achieve this computation, several hypotheses are made. First, the polygons are supposed to
be Lambertian surfaces, i.e. the amount of reflected light does not depend on the incidence and
reflecting direction. Moreover, beyond a certain distance, the radiosity contribution of
surrounding vegetation, which is very weak, is approximated using a multilayer model (far
contributions): each layer is represented by a SAIL model (turbid medium) and for each one, leaf
orientation statistics are computed from the Adel scene. In the present study, this distance

threshold was fixed to 0.7 meters. The Figure 4 illustrates this computation scheme.
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Figure 4: Near contributions (nested radiosity computation) and far contributions (multilayer

model) in Caribu simulation scheme for a periodised Adel-wheat canopy

2.1.3 Caribu adaptation to hyperspectral imagery simulation
As our goal was to simulate and analyze the apparent reflectance observed from a
hyperspectral imager settled above the canopy and pointing to the nadir, some minor adaptations

have been made to the Caribu model:

a) Multiple scattering option:
Leaves are usually illuminated partly by direct light from the sky, and partly by light
reflection or transmission from neighboring leaves (multiple scattering). In order to assess
the multiple scattering effects, an input option has been added, which allowed setting all
polygon reflectance and transmittance values to zero. Depending on this option, multiple
scattering could be enabled (MSE) or disabled (MSD) during the simulation.

12
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b)

Filtering of visible polygons:

Only a part of the polygons forming the 3D canopy description are visible from the nadir
view, and thus contribute to the hyperspectral image. To select them, a first simulation was
made for each canopy scene, in which the only light source was a directional light source
in the nadir direction, and the multiple scattering option was disabled. Then, only

polygons receiving light in these conditions were selected for the study.

Radiance output adaptation:

The standard output of Caribu is the amount of light E; received on each face of each
polygon i. As our objective was to compute the amount of reflected light collected by the
hyperspectral sensor from each polygon, each E; value (irradiance) was multiplied by the

polygon reflectance R; at the end of the simulation process.

d) Reflectance output adaptation:

Usually, hyperspectral imagery requires converting radiance data to reflectance data,
using a reference surface in the scene (Vigneau et al. 2011) to take into account the
spectral composition of lighting sources. In the present simulation scheme, this step has
been avoided by defining white lighting sources, i.e. sources with a flat spectrum, instead
of sources reproducing the natural outdoor lighting spectrum. By this way, radiance

outputs can be assimilated to reflectance outputs.

e) Polygon height output

13
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In order to allow further analysis of the influence of leaf position inside the canopy, the
height of every polygon was systematically documented in association with the

corresponding simulated spectrum.

2.2 Data analysis

2.2.1 Reflectance, transmittance and leaf nitrogen content references
A total of 57 reflectance and transmittance spectra of wheat leaves (elite variety) have been
acquired during the season 2014 in field microplots (Montpellier experimental station, INRA,

South France), cultivated under various nitrogen amendment conditions.

Spectra were collected on full expanded leaves at various stages using a field spectrometer
equipped with a leaf clip (FieldSpec®, Analytical Spectral Devices, Inc. (ASD), Boulder,
Colorado, USA). Two measurements Rb and Rw were made successively for each leaf, using
respectively a black and a white background on the ASD leaf clip.

According to the Kubelka-Monk theory (Kubelka and Munk 1931), which deals with
apparent reflectance of materials lying over a background, Rb and Rw can be related to the

reflectance R and transmittance T of the leaf by the following equations:

Rb= R (1)
Rw=R+T%/(1-R) )

From equation (2), it comes:
T? = (Rw—R)/(1—R) 3)

14
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In addition, a chemical reference of leaf nitrogen content (LNC) expressed as a percentage of
dry matter mass was measured in laboratory for each collected leaf using a chemical analyzer (the
detailed procedure is described in Ecarnot et al. (2013)).

In order to match the specifications of a standard VNIR hyperspectral camera, the ASD
spectra (initially 350-2500 nm range with 1 nm step) were reduced and resampled to the 400-
1100 nm range with 5 nm steps.

As aresult, a data set of 57 triplets (Rj(A), Tj(A), LNC;) was available for this study, with 141

A values from 400 to 1100 nm and a LNC range from 0.55 to 4.53 % of dry matter (DM).

2.2.2 Spectral simulations

Spectral simulations with Caribu require specifying the transmittance and reflectance spectra
of every polygon provided by the ADEL-wheat model. For the sake of simplicity in further
analysis, the simulated canopy has been considered as made of homogeneous leaves in terms of
nitrogen content.

Thus, 57 canopy simulations (CS;) have been successively computed, each one using the
(Rj(A), T;(A)) couple for each canopy leaf. The R;(A) spectra are further referred as ‘basic

spectra’.

For each CS; simulation, a hyperspectral image corresponding to a camera settled above the
canopy and pointing to the nadir has been synthesized. Each image contains more than one
thousand different output spectra, repeated according to the periodization. An example of image

is given in Figure 5.
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Figure 5: Synthetic hyperspectral image in false colors

(670 nm, 600nm, 450 nm bands have been used as R, G, B channels)

Four simulations were made: two canopy architectures differing mainly in leaf angles (see
Figure 2) were considered (Maxwell and Soissons) with options MSE and MSD in each case.
Figure a, in the supplementary material, shows as an example the basic spectrum Ro(A) and the

corresponding MSE simulated spectra in the hyperspectral image.

2.2.3 Principal Component Analysis

To analyze the spectral modifications induced by light propagation and multiple scattering in
the canopy, a Principal Component Analysis (PCA) was applied on the MSD as well as MSE
spectra. For this purpose, a single triplet (Ro(A), To(A), LNCy) has been selected. This selection
corresponds to a reference LNC, value equal to 2.92 % DM which is representative of a durum

wheat leaf at anthesis.

16
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Four possible configurations have been considered, i.e. with and without multiple scattering
(MSE and MSD) combined with two wheat architectures: Soissons (flexible leaves) and Maxwell

(erected leaves).

2.2.4 PLS regression for LNC assessment
To assess leaf nitrogen content from spectral data a PLS-R model for LNC assessment has

been tested using the following procedure:

- Before PLS-R computation, every spectrum Rj(A) was pre-processed using a log-center
operation, giving a spectrum Rjic(A). It consists in computing for each wavelength the
logarithm of the amplitude value, and then subtracting the mean amplitude for the whole
spectrum (centering). This allows converting multiplicative effects (see further) into
additive effects, which are then eliminated by the centering.

- APLS-R calibration was made based on the set of 57 (Rj.c(2), LNC;) couples issued from
the experimental dataset. This calibration provided a set of B coefficients [B(A), b0]

allowing the LNC estimation of any new spectrum according to the following equation:

LNC* =R c(M)". B(L) + b0 4)

- The PLS-R model was then applied to the MSD and MSE spectra, after the same log-
center operation, according to Equation (4). The resulting LNC* values were then

compared to the reference value LNG;.

17
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3 Results and discussion

3.1 Principal Component Analysis

3.1.1 Spectrum variability without and with multiple scattering

When applying PCA on MSD spectra, the whole inertia of the spectra is distributed along a
unique principal component, both for Soissons and Maxwell varieties (see Figure b in the
supplementary material).

On the other hand, when multiple reflections are enabled for both varieties, 99.99 % of the
MSE-spectra inertia is distributed on a plane (noted P™) defined by the two first axes of PCA
(respectively noted PC™;, PC™,). These two axes explain respectively about 97% and 3% of the
total inertia for the Soissons variety, and 95.5% and 4.5% for the Maxwell variety. The general
shape of the spectrum distribution is similar for both architectures (Figure 6). The factor map for
Soissons variety shows fewer points, as a lower number of polygons can be seen from the nadir
view. As explained in 2.1.3, only the visible polygons are kept for analysis. Since Soissons has a

more flexible architecture, the lower leaves are more hidden by the upper leaves.

18


http://dx.doi.org/10.1016/j.fcr.2017.02.001

Author-produced version of the article published in Field Crops Research, 2017, N°205, p.95-105.
The original publication is available at http://www.sciencedirect.com
http://dx.doi.org/10.1016/].fcr.2017.02.001

Individuals Factor Map (PCA)
03 [ [ [ [ [ [

PC™S2 (2.99%)

[ [ [ [ [ [

-2 -1 0 1 2 3 4 5
PC™1 (97.00%)

Individuals Factor Map (PCA)
03 T T T T I T

02r -

01r

T

-0.1

PC™2 (4.34%)

05 . 1

[ [ [ [ [ [

-2 -1 0 1 2 3 4 5
PC™1 (95.65%)

Figure 6: Projection of simulated spectra on the two first PCA axes

with multiple scattering (up: Soissons variety. down: Maxwell variety)

3.1.2 Physical interpretation of multiple scattering

As seen above, for simulated spectra without multiple scattering, the first axis of PCA carries

all the inertia (100%). Indeed the only factor which influences the observed radiance in this case

is the amount of irradiance due to direct incident light, which depends on the leaf inclination:
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when considering a single leaf under directional lighting, the observed radiance is modulated by a
geometrical factor B = cos (8) where 6 is the angle between the light direction and the normal to
the leaf surface (see Figure c in the supplementary material). This leads to an observed radiance L
= B.R.E (where E is the source radiance and R is the leaf reflectance) and thus to an apparent
reflectance L/ E = B.R.

In our MSD simulation setup, the scene lighting is not directional (see section 2), but a light
incidence dependency still exists, mainly due to the greater radiance of the zenithal source
compared to others (see Figure 3). The modulation factor is not depending on the wavelength, so
that the observed spectrum is only affected by a scalar multiplication. As a consequence, all the

MSD spectra lie on a same straight-line in the spectral space, supported by the basic spectrum.

On the other hand, with multiple scattering, secondary light sources also contribute to the leaf
illumination. Figure 7 shows an illustration scene, involving light reflection and transmission
through neighboring leaves under directional sunlight. Even in this simplified case, the resulting
apparent reflectance includes additive terms R2 R2.T and R’.T with various scalar factors, in
addition to the principal term R (where R and T are the basic reflectance and transmittance

spectra).
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Figure 7: Some cases of leaf illumination in its natural environment

E: lighting source radiance. R: leaf reflectance. L: observed radiance

PL, 2, B3 are scalar factors related to leaf inclination

In order to facilitate the interpretation of the PCA results, a geometrical transformation has been

applied to the representation of Figure 6 for the Soissons variety, in order to represent
simultaneously the MSE and MSD spectra. First, it has been checked numerically that the unique
inertia axis obtained without multiple scattering (MSD axis) was included in the plane P™
obtained with multiple scattering. Then a new coordinate system has been defined by rotating the
P™ plane representation, so that the first axis now corresponds to this MSD axis. These two new

axes are referred as Pms1* (MSD axis) and Pms2*. Moreover, the origin of this new coordinate

system has been set equal to (0, 0), i.e. the null spectruml.

! Traditionally, the PCA representation (such as in Figure 6) is centered on the mean value.
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All simulated spectra (both MSE and MSD) have been projected again in this new P™ plane
representation. In the same graph we have also projected additional spectra information related
to:
- The point-to-point difference of MSE and MSD spectra (for every visible polygon in the
Soissons Adel-wheat model, the difference Sdiff(A) between MSE and MSD spectra has

been computed).
- The square and cubic spectra S*(1) and S*(A) for each MSD spectrum®.

- The basis spectrum Ry(A) used for all simulations, noted SO.

The resulting representation is shown in Figure 8.

Pms1*
Legend: + Spectra with multiple scattering
Spectra without multiple scattering (S)
Multiple scattering effects (Sdiff)

* Square of spectra without multiple scattering (82)

¢ Cube of spectra without multiple scattering (83)
o Basic spectrum (S0)

? It has been checked numerically that S2(1) and S(A) are close to the inertial plane P™, i.e. that they are nearly
equal to their plotted projection in this plane.
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Figure 8: Combined representation of simulated spectra and associated data in the MSE

inertial plane (Soissons variety)

Many interesting observations can be made from this new representation.

First, it confirms that the MSD spectra correspond to the basis spectrum SO with a scalar
attenuation factor. Indeed, the basis spectrum is the maximum apparent reflectance that could be

obtained with a perfectly horizontal leaf (normal to the main light source).

Second, the horizontal axis (MSD axis) still carries most of the inertia of the MSE spectra. As the
distance of a given spectrum plot to the origin (0, 0) is proportional to its vector modulus, it
means that this MSD axis roughly corresponds to the light exposure level of the polygons

(exposure level increasing with MSD axis coordinate).

The point-to-point difference plot between MSE and MSD reflectance spectra, referred as Sdiff,
can be roughly assimilated to a straight line containing the origin point (0, 0). This leads to the
hypothesis that for any polygon i, the spectrum S™%; obtained with multiple scattering can be

expressed as:

S™E ()= S (A)+ ki C(A) (5)

MSD
S

where i(A) 1s the spectrum obtained without multiple reflections, k; is a multiplicative factor

and C(1) is a constant spectrum (carrying the Sdiff straight line).

As discussed above, the multiple scattering contributions could physically correspond to additive

terms including integer powers of the basis reflectance and transmittance values (R2, R, R?T,
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etc.). In the present case, it seems that C(L) can be assimilated to a mixture of R? and R’ terms,

with relatively constant proportions.

3.1.3 Influence of leaf exposure and height

An additional observation in Figure 8 is that, the less the light exposure level of a leaf
polygon is (i.e. the more its plot is on the left of the graph), the closer it is to the Sdiff line. In
other words, leaves with a low light exposure are more affected by multiple scattering effects

than leaves with high exposure.

To illustrate this fact, in Figure 9, we have superimposed to the simulated spectra plots a curve C

generated by the following function:

pms2* /pms1* = k.(1 —pms1*/pmsls,) for 0 < pmsl* <pmsl*sy  (6)

where (pms1*, pms2*) are the C current point coordinates according to the axes PC1 and PC2,
pmsl*gy is the pms1* coordinate for the basic spectrum SO, and k is a tunable multiplicative

factor.

Equation (6) expresses in a simple way the fact that ratio pms2*/ pms1* (which characterizes the
scattering effect) depends on pcl, and decreases to zero when pcl reaches pmsl*g. A k value
equal to 0.12 has been empirically chosen. Though it cannot be claimed that this very simple
equation reflects the real phenomena, we can observe that the curve C roughly corresponds to the

general shape of the MSE simulated spectra distribution (however, it must be noticed on the right
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side of the graph that a small amount of polygons with high exposure are also affect by

significant multiple scattering effects, and thus are not so close to this curve).

-0.5- . .

0.6 ) .

075 1 2 3 4 5 6 7
Pmsl*

Figure 9: Relationship between exposure and multiple scattering effects

Green curve equation: pms2* / pms1* = k. (1 — pms1* / pmsl*ya); k =0.12

This relationship between exposure and multiple scattering effects can be explained by the
correlation between exposure and height. Indeed, bottom leaves are more surrounded by other
leaves than the upper ones, with two consequences: i) they receive a lower proportion of direct
light from the sky, and a higher proportion of attenuated light from surrounding leaves, leading to
a lower total amount of light ii) not only the amplitude, but also the spectral composition of this
attenuated light is modified by reflection and transmission phenomena (Figure 7).

The relationships between the height of each polygon and its PCA coordinates, clearly confirms
this dependency between leaf height in the canopy and plot location in the inertial plane (Figure

10).
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Figure 10: Polygons’ height in the canopy according to the first two axes of PCA

(Soissons variety)

3.2 Multiple Scattering and leaf nitrogen assessment

3.2.1 Chemometric model
A PLS-R model has been built by cross-validation with a calibration set of 57 (R(A), LNC)

couples, after applying a log-center preprocessing operation on each spectrum R(\) (see section
2.2.4).
The number of latent variables for this model was equal to 5 with a correlation coefficient of

calibration R? = 0.904 and a standard error of cross-validation SECV = 0.3 % DM (Figure 11).
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The representation of B coefficient spectrum B(A) (Figure 12) underlines the importance of 450,
550, 650 and 700 nm regions in PLS regression. The strong negative part close to the 700 nm
region indicates that the difference of log-center amplitudes between this region and positive

regions (450, 550, 650 nm) has a strong contribution to the LNC prediction.
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Figure 11: Prediction plot of the PLS-R model for basic spectra
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Figure 12: B coefficients of the PLS-R model
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3.2.2 Simulated spectra without multiple scattering
The prediction results obtained with the MSD spectra for the Soissons variety, as a function
of the Pms1* coordinate are represented on Figure 13. Similar results have been obtained with

the Maxwell variety (data not shown).

5
45 —— 1 '
S «  Predicted nitrogen content 200
&) Actual nitrogen content
5 4008 N " - I
S
S35/ D N N
Z o -
5 600 I - : L3
0 3 — ; -
e}
e o
95l 800 *
2 : ; : ; 1000 = Fatl?
0 1 2 3 4 5 100 200 300 400 500 600

Pms1*

Figure 13: Nitrogen prediction as a function of Pms1* coordinate for Soissons simulated
spectra without multiple scattering (MSD option) (left) and corresponding LNC prediction

cartography (right)

It can be observed that nitrogen prediction values are roughly the same for all polygons,
whatever the exposure, and nearly equal to the reference value. The small bias with the actual
value (about 2%) can probably be explained by the rounding errors occurring in the Caribu

computation chain. Indeed, as shown previously, the only factor which influences the observed
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reflectance in the MSD case is a multiplicative factor, which is totally eliminated by the log-

center preprocessing computation.

3.2.3 Simulated spectra with multiple scattering
The same test has then been applied on MSE spectra for both varieties (Figure 14). Now, a
strong dependency of the prediction accuracy with respect to Pms1* coordinate value can be

observed in both cases.
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Figure 14: Nitrogen prediction as a function of Pms1* coordinate for spectra with multiple

scattering (MSE option) (left) and corresponding nitrogen prediction content cartography (right).

Up: Soissons variety Down: Maxwell variety

For polygons with a high Pms1* coordinate value, the predicted nitrogen content converges to
the actual value 2.92 %DM. On the other hand, for polygons with very low Pms1* value, a strong
overestimation is induced, especially for the Maxwell variety (erected leaves). Low Pms1* values
correspond to low light exposure (left of the graph in Figure 9), and thus to polygons located at
the bottom of the canopy.

A tentative of explanation can be given for this overestimation: as mentioned above, the PLS-
R model estimation for a given spectrum R () relies on the dot product between its log-center
spectra Ry c(A) and the coefficient vector B(A) (Eq. 4). In this context, a spectrum R" (A) would

provide a log-centered spectrum n.Ryc(A) and thus a dot product n.[Ric(})". B(L)], leading to
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LNC overestimation. As discussed above, multiple scattering induces additive terms in R?, R’ ,
etc. and thus such kinds of overestimations.

Some practical positive conclusions can be issued from these observations. Indeed, the results
above show that a correct prediction can be obtain as far as only the polygons with high light
exposure are considered. In the frame of outdoors hyperspectral imagery, such a selection can be

easily achieved by checking the raw spectrum amplitude of each vegetation pixel in the image.

4 Conclusion

At canopy scale, plant architecture (mainly leaf orientation and spatial distribution) widely
influences the penetration and scattering of light inside the canopy, and thus the spectral radiance
that can be observed from outside. The general objective of this study was to analyze how
multiple scattering effects due to plant canopy structure could affect the data collected by a
hyperspectral camera. For this purpose, the light propagation model Caribu was applied on 3D
models of durum wheat canopy, in order to simulate the observable spectra from a nadir view
above the canopy. This simulation study allowed us providing a representation of the variability
of observed spectra according to plant architecture, supported by physical interpretation. It also
addressed the distribution of multiple scattering inside the canopy and its effect on leaf chemical

content assessment. Our main conclusions are summarized below:

Spectral variability:

Multidimensional analysis demonstrates that spectra generated by light propagation in wheat
canopy are mainly distributed in a 2D plan supported by two axes, the first one corresponding to

the actual leaf reflectance spectrum, and the second to a combination of the square and cubic
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powers of this reflectance spectrum, induced by multiple scattering effects. These observations

are coherent with the physical interpretation of multiple scattering.

Distribution of multiple scattering inside the canopy:

Multiple scattering effects mainly concern the bottom leaves, which are more surrounded by
neighboring leaves and less exposed to the direct light than upper leaves. As expected, it has been
observed that light penetration inside canopy is deeper for erected leaf varieties, increasing
multiple scattering. These results are consistent with previous ones reported by Meng et al.
(2010). These authors underlined the importance of multiple scattering in lower layer of maize
canopy leading to an increase by about 20 % of absorbed energy and, by consequent,

photosynthesis rate.

Multiple scattering and leaf trait assessment:

This point was considered regarding a typical hyperspectral imagery application, i.e. the
prediction of leaf nitrogen content by PLS regression. A larger contribution of multiple scattering
to the measured spectra is related to a more important prediction bias. This results in strong
overestimations of leaf nitrogen content of the bottom leaves. One the other hand, spectral data

gathered on upper leaves generate LNC predictions close to the actual values.

To reach these conclusions, we have simplified dramatically the canopy characteristics,
considering that all the organs had the same leaf nitrogen content. This deliberate choice was
made possible thanks to our simulation approach. As mentioned in introduction, its motivation

was to focus on multiple scattering effects and to analyze their impact on LNC prediction
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independently of other external factors. Another simplification was to consider all leaves as
Lambertian surfaces, thus avoiding specular reflection issues.

Specular reflection, which appears mainly in sunny conditions, can be removed in the context of
PLS-based spectral processing (it appears as a constant offset in the observed reflectance
spectra). But a more difficult issue is the case of heterogeneous LNC inside the canopy, because

multiple scattering should cause a local averaging of the predicted values.

Therefore, it is clear that our study, due to these simplifications, cannot claim to report all the
complexity of natural canopy scenes. It must be considered mainly as a mean to a better

understanding of the phenomena involved, and as a guide for future developments:

First, in the context of phenotyping based on hyperspectral imagery, regression prediction
remains usable with upper leaves, which can be selected thanks to their high brightness.
However, eliminating lower leaves leads to discard an important part of information.

Second, the present study paves the way to carry out further research. More precisely, thanks to
the two-dimensional distribution in the spectral space related to multiple scattering,
chemometrics algorithms can be envisaged in order to recover the actual underlying spectral
information.

Such algorithms will have to be evaluated in real field conditions. In case of success, they will
allow field crop characterization at the leaf scale, opening the door to new phenotyping

perspectives.
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