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ABSTRACT

Quantifying the radiative budget (RB) of maize, the world's predominant cereal, is crucial to managing its growth in a context of global warming. Its
microclimate including temperature, water, and energy flux depend on crop management practices. This paper compares the influence of agroeco-
logical practices (AE) and conventional agriculture (CA) on the RB of maize using three-dimensional (3D) radiative transfer modelling and remote
sensing (RS) observations. We studied two neighbour maize fields in south-west France, respectively with AE and CA practices. Time series of photo-
synthetically active radiation absorbed (APAR) by plants (APARy;,,) and soil (APAR,;) were simulated with the DART radiative transfer model.
First, realistic 3D models of the CA and AE fields were created and validated with a new method based on DART and Sentinel 2 and UAV reflectance
and vegetation indices acquired in July 2019. At that date, around midday, APAR,,,, was larger by 21.5 W/m? in the AE field and APAR,; was
larger by 20.1 W/m? in the CA field. We explained these differences by differences in geometric and optical parameters (OP) between the two fields.
OP,; causes ~45% of the differences in APARy,n and APAR;1. The shape of plant causes ~14% of the difference in APAR ;. and ~#17% in APAR;.
OPpjan; causes ~14% of the difference in APARy,n and ~#1% in APAR,;. Field geometry (row orientation, inter-row and plant distance) causes ~7%
of the difference in APAR 1, and 2% in APAR;. It stresses the great role of OP,; associated to AE practices. Because it integrates the non-linear ef-
fects of all above parameters, the LAT (Leaf Area Index) accounts for ~40% difference in APARj,,c and APAR;. The sensitivity of APAR to LAI is
twice as low in the AE field than in the CA field. We showed that APAR differences between the AE and CA fields can be even greater with other
maize row orientations. We also highlighted the role of the field model on simulated APAR by comparing the use of APAR simulated by a 3D field
model and its corresponding 1D turbid field: 1D turbid models resulted in a 16% increase in APARy,n and in similar APAR;;, compared to the 3D CA
and AE models.

Nomenclature table:

AE field field with agroecological practices

AEM AE field modified

APAR  Absorbed Photosynthetically Active Radiation

APAR;j.e  Absorbed Photosynthetically Active Radiation for plant
APAR,;; Absorbed Photosynthetically Active Radiation for soil
CA field field with conventional practices

CAM field CA field modified
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DART  Discrete Anisotropic Radiative Transfer Model
MTD Mean Time Difference of APARjan(t) or APAR(t) with time t from 11:00 to 14:

OOMTD};.. Mean Time Difference for plant = Mean (APARQIEm t) — APAR;‘:m (t))

MTD Mean Time Difference for soil = Mean (APARAE (t) — APAR®A ®)

%
soil soil soil

MTDQ,E,]::l “AB* Mean Time Difference for plant between AE field modified and AE reference
AEM-AE:

MTDsoil g

MTDCAM-CAx
plant

Mean Time Difference for soil between AE field modified and AE reference

Mean Time Difference for plant between CA field modified and CA reference

MTDSAM A Mean Time Difference for soil between CA field modified and CA reference

MTVI2 Modified Triangular Vegetation Index 2
NDVI Normalized Difference Vegetation Index
PAR Photosynthetically Active Radiation
RTM Radiative Transfer Model

1. Introduction

With 1,205,300 billion tons produced in 2021/2022 (U.S. Department of Agriculture), maize is the most cultivated cereal in the
world. Knowing its radiative (Malenovsky et al., 2021), hydric (Reddy et al., 2016; Walker and Ogindo, 2003; Brye et al., 2000) and
energetic (Jankowski et al., 2020; Aquino Ferreira et al., 2018; Meyers and Hollinger, 2004) functioning is therefore of great impor-
tance and explains that it has already been the subject of numerous studies. The present pressure on water resources at a global scale,
mainly due to global warming (IPCC, 2022: Impacts, Adaptation and Vulnerability, World Water development 2020), is leading to a
review of certain agricultural practices, particularly irrigation. France is very concerned because it is the leading producer of maize in
Europe and the fifth largest exporter worldwide (French Department of Agriculture). In addition, it is located in a climate transition
zone with its Mediterranean rim particularly affected by the rise of the sub-Mediterranean climate (IPCC, 2022: Impacts, Adaptation
and Vulnerability). Therefore, in France, maize irrigation is a major concern already extensively studied (Albert et al., 2021; Battude
et al., 2017; Van der Velde et al., 2010). As a result, the number of irrigated areas in France has been decreasing in the past decade
(Colas-Belcour et al., 2015). However, in Occitanie (southwest of France), one in four farms still uses irrigation and, maize is the lead-
ing irrigated crop with more than 150,000 ha (DRAAF 2018).

Instead of increasing water supply, various approaches can improve water availability: better water retention and infiltration in
the soil, lower evaporation and better root exploration (Soltner, 2018). Past studies have shown the value of agroecological (AE) prac-
tices (Schoonhoven et al., 2018; De Benedetto et al., 2017), particularly for maize cultivation, both for soil conservation and evalua-
tion of irrigation regimes (Hellin et al., 2013; Genet et al., 2022). For example, the Bag'Ages project (French acronym for “Bassin
Adour Garonne: quelles performances des pratiques AGroécologiquES™), commissioned by the Adour-Garonne water agency from
2016 to 2021, aimed to study the effect of AE practices (mainly no-till, cover cropping, and use of crop residues on soil surface) on wa-
ter flows at the scale of the agricultural plot (BAGAGES 2021). Here we consider one of the experimental sites, Estampes, of the
Bag'Ages project that is part of the Regional Spatial Observatory (https://osr.cesbio.cnrs.fr) of CESBIO. It offers the advantage of two
neighbour plots with different cultivation practices. One plot is cultivated with AE practices. The other plot is under conventional
agriculture (CA) (Naylor, 1996) with deep mechanical ploughing, and more intensive use of chemical inputs (pesticides and synthetic
fertilizers).

In the Estampes field, it has been observed that agroecological practices can reduce water usage in maize cultivation by approxi-
mately 20%. Additionally, these practices can have an impact on the in-canopy microclimate of monitored maize, resulting in an in-
crease of 2 °C and a decrease of 10% relative humidity in the air over the growing period. It also highlighted that the herbicide nico-
sulfuron is more present in soil water with conventional agriculture practice (Cueff et al., 2021) and conventional agriculture is more
likely to generate pesticide transfers (Cueff et al., 2020).

Understanding how AE practices influence thermo-hydric functioning is a major issue on a large scale. Many studies have assessed
the contributions of AE practices on energy transfer (Gingrich et al., 2018), water management (Altieri et al., 2015) and temperature
increase (Ofgeha and Abshire, 2021). Radiation absorption and emission in the short waves, called Radiative Budget (RB) here,
greatly influences thermo-hydric functioning. A major challenge that defines our study in the continuity of the Bag’Ages project is to
quantify the RB differences due to AE and CA practices. More specifically, we consider the impact of soil and plant optical properties,
shape of maize plant, field geometry (row orientation, inter-row and plant distance) and LAI on Absorbed Photosynthetic Active Radi-
ation (APAR: 0.4-0.7 pm) as it is the main source of energy for vegetation functioning.

We used UAV and satellite images in the visible and near infrared range (i.e., short waves) as well as in situ measurements of the
Bag Ages project. For studying the time evolution of APAR and how it depends on the geometry and optical properties of the maize
field we needed a 3D radiative transfer model (RTM) adapted to short waves. Previous studies have shown the usefulness of 3D RTMs,
especially for investigating the effects of vegetation clumping (Duthoit et al., 2008) and 3D architecture. More recently, researchers
have increasingly used these models to explore the impact of plant shape and shading (Wen et al., 2019, 2021). A few short wave 3D
RTMs exist such as DART (dart.omp.eu), MCScenes (spectral.com/our-software/mcscene), LESS (lessrt.org), DIRSIG (dirsig.cis.rit.edu
/docs/new/intro.html), FLIGHT (flight-rtm.github.io) and WPS (Zhao, 2015). We chose DART here as it is one of the most complete
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3D RTMs (Wang et al., 2022) and one of the most accurate 3D RTMs in the RAMI experiment (Widlowski et al., 2015). In addition, it
has been used in many vegetation studies (Sepulcre-Canté et al., 2009; Sobrino et al., 2011; Hernandez-Clemente et al., 2012; Wei et
al., 2020; Malenovsky et al., 2021).

In this work, we designed a new methodology that creates a 3D model of maize fields from UAV and satellite reflectance (green,
red, NIR) and vegetation indices images. This so-called “DART calibration” allowed us to study how APAR changes with time, and
which geometric and optical properties condition it. To do so, we used DART to create a 3D model of spatially distributed maize
plants made of facets (i.e., triangles), with the constraint of correct LAI per field (LAIpsgy). LAl is often derived from satellite images
(e.g., Sentinel 2) using inversion methods (Brede et al., 2020) whose accuracy depends on many factors including the field geometry,
the shape of the maize plants and the optical properties of the soil (OP,;) and maize plants (OP,,,). Here, we used the Sentinel-2 (S2)
LAI product derived by processing S2 reflectance images with the SNAP (LAIgyap) tool (Sentinel Application Platform: https://
earth.esa.int/eogateway/tools/snap). However, studies (Kganyago et al., 2020) already showed that LAlgyap and mean in situ LAI
(collected by LICOR 2200 c Plant Canopy Anal) can greatly differ on maize field with RMSE > 2 m2. m~2. Therefore, we developed
another method to adjust the LAl gt according to the reflectance and vegetation indices S2 and UAV. LAI has already been derived
from satellite reflectance images using DART models (Jiang et al., 2022). The work presented in this paper differs from previous stud-
ies in three ways:

1) Creation of 3D maize field model with realistic atmospheric spectral radiance.

2) Innovative calibration of the 3D maize fields (i.e., assignation of OPg,, OPp.ne and LAI) using UAV and satellite reflectance
images with fixed LAIgyap or adjusted LAI

3) Sensitivity studies on the plant and soil hourly APAR, stressing differences between AE and CA practices, and quantifying the
effect of various optical and geometrical factors.

Section 1 presents the study site, in-situ, UAV and satellite data, and the DART model. Section 2 describes the methods used to cre-
ate, calibrate and validate the field 3D models used by DART, and also to conduct sensitivity studies with these 3D models. Section 3
details the results on LAI determination and sensitivity studies on APAR. Section 4 discusses the DART 3D model spatialization, the
impact of the maize row's orientation and a comparison of 1D and 3D models of the maize field. Finally, Section 5 presents conclu-
sions and future works.

2. Data and methods

2.1. Studied site

Our work took place on July 2019, at a time when maize growth stage is well suited to its satellite observation. The Estampes
study site (43°41'N; 0°28'E, altitude = 266 m) has an oceanic climate, according to the Koppen climate classification. It is in the
Boués catchment in the Gers region, south west France. Cueff et al., (2020),2021 classified the soil on the site as Stagnic Luvisol ac-
cording to the World Reference Base for Soil Resources (IUSS Working Group WRB, 2007), which corresponds to Luvisol redoxisol in
the French Soil Classification (AFES, 2008), locally called “Boulbénes”. It has a loamy surface layer (fine and coarse silt ~ 450-500 g/
kg) and an illuvial clay horizon from 45 to 55 cm. Due to these properties, especially hydromorphic conditions at low depth, this soil
has a moderate agronomic potential with mainly irrigated crops.

The site (Fig. 1) consists of two neighbour plots under CA and AE practices with an East-West orientation of maize rows (i.e., 270°
N field orientation). This orientation is predominant in the Gers (Fig. 2) due to a repetitive landscape of hillsides and north-south val-
leys downstream from the Pyrenean Mountain chain. The two plots have a slight slope, similar surfaces (~10 ha) and sowing density,
with different inter-rows and inter-plants distances. For more than 40 years, the CA plot was cultivated in soybean-maize rotation,
with soil left bare in winter and plowed with a moldboard to a depth of 30 cm. Since 2000, the AE plot is managed with crop maize-
soybean rotation including sometimes wheat and cover cropping, permanent mulch on the soil surface, and no-tillage.

Level (meters)
205-212
212-219

219-225
A\ [ AgroEcology (AE)
[ Conventional Agriculture (CA)

Fig. 1. Google image with topography (yellow, blue) and CA and AE field boundaries (red, green). (For interpretation of the references to colour in this figure legend,
the reader is referred to the Web version of this article.)
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175 1 B Gers maize fields
M Estampes maize field

200 225 250 275 300 325 350
Morth-south azimut angle

Fig. 2. Maize fields orientation in the Gers area in 2019 (internal technical note Lab’OT CNES, https://eolab.cnes.fr/projets/orientation-des-cultures-agricoles).

2.2. In situ data

The dataset used in this study is based on different types of measurements.

- 4-component radiation instrument (NRO1). It was installed on a mast at a height of 3m in each field. Its two CM3 pyranometers
measured short waves ([0.3-3 pm]), one measuring the downward incident solar radiation and the other measuring the upward
reflection of solar radiation. Its two CM3 pyrgeometers measured long waves ([3-100 pm]), one measuring downward TIR
radiation from the atmosphere and the other measuring upward TIR radiation from the earth's surface.

Average plant height (CA ~ 2m, AE ~ 1.6m), number of leaves (10), distances between rows and plants per field. Unlike the AE
field, the CA field has well-marked rows because its inter-row spacing is much greater than its inter-plant distance.

ASD field spectroradiometer (www.malvernpanalytical.com) FieldSpec 4 from 0.35 to 2.5 pm. On July 11, 2019 we measured
eight OPp.n spectra and three OPg,; spectra at different locations in each field (Fig. 3).

Thermal camera (Optris) at a height of 7 m. It provided thermal infrared images of the 2 fields.

Weather station between the two fields. In July 2019, on average, the air temperature was 24 °C, the relative humidity was 75%,
and the daily irradiance over [0.3-3 pm] was 250 W/m?.

ibutton micro sensors. They measured soil temperature and also air temperature and relative humidity in the canopy.

2.3. Satellite data

The Copernicus Sentinel-2 mission consists of two identical satellites in the same orbit, S2A and S2B, launched by the European
Space Agency in 2015 and 2017, respectively. It aims to provide comprehensive and up-to-date data for environmental monitoring.
Each satellite carries a wide swath high-resolution multispectral imager with 13 spectral bands. Here, we used the S2B image of 10/
07/2019 at 11:00 a.m., provided by the THEIA platform (https://www.theia-land.fr/product/reflectance-de-surface-sentinel-2) at

Plant AE spectral reflectance Plant CA spectral reflectance

&

»

Reflectance (in %)
Reflectance (in %)

04 05 06 08 09 10

07
Wavelength

Soil AE spectral Soil CA spectral reflectanc

— soil1
07— soil 2

Reflectance (in %)
Reflectance (in %)

04 05 o5 09 10 04 05 06

07
Wavelength

07
Wavelength

Fig. 3. OPj,, and OPg,; from AE and CA field function of wavelength obtained with ASD field spectroradiometer.
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level 2A with an atmospheric correction based on multi-temporal information. Many studies on maize have already been conducted
with S2 images (Ren et al., 2020; Fan et al., 2020). Here, in addition to LAIgyap we used the green, red, and NIR reflectance images,
and NDVI and MTIV2 vegetations index images. These indices were chosen because NDVI is a major vegetation index, particularly for
estimating LAI, and MTVI2 gives better results when NDVI saturates (Smith et al., 2008):

NDVI = PNIRPRed )

PNIR T PRed

MTVI2 = 15 [12 (pniR-PGreen) =25 (PReaPGreen)]

: 2)
(2 pNIR + 1)* — <6ﬂN1R—5 pRed) -05

2.4. UAV images

Airborne UAVs are commonly used in precision agriculture for monitoring vegetation health and crop growth, yield estimation
(Nebiker et al., 2016), vegetation cover mapping, species classification (Laliberte et al., 2011) and plant phenotyping (Sagan et al.,
2019), chemical spraying optimization and surface condition characterization (Raeva et al., 2019). On 11/07/2019 at 12:00 UTC, a
multiSPEC 4C camera on a Fly eBee Classic UAV acquired red, green, red-edge and NIR images of the two fields at 11.66 cm spatial
resolution (Table 2 .). Twenty minutes of flight led to 1200 images with a 90% overlap in order to ease stereoscopic analysis. The GE-
ODE laboratory (https://geode.univ-tlse2.fr) geometrically and radiometrically transformed them into orthorectified mosaic re-
flectance images using the Pix4Dmapper and PhotoScan AgiSoft software (Raeva et al., 2019) while considering the UAV motion, pro-
peller vibration, scene wind and relief.

NDVI and MTVI2 vegetation indices and a soil vegetation classification map of the two fields at 3 cm resolution were derived from
the UAV reflectance images (Marais-Sicre et al., 2023). We used them to select the vegetation and soil pure pixels in the UAV spectral
images of the two fields.

2.5. DART

DART simulates the RB and remote sensing (RS) observations (VIS / TIR spectro-radiometer, LiDAR) of natural and urban sur-
faces. It has been developed at CESBIO since 1992 and was patented in 2003. It contains the PROSPECT and FLUSPECT (Feret et al.,
2008) leaf models, and the MARMIT (Dupiau et al., 2022) soil model. It has two modes. 1) DART-FT (Gastellu-Etchegorry et al.,
1996): its iterative discrete ordinate method tracks radiation in a finite number of directions (e.g., 100), in a voxelized scene. 2)
DART-Lux (Wang et al., 2022): its bidirectional Monte Carlo method launches photons from the radiation sources and the sensor in a
non voxelized scene. DART imports and creates scenes as the spatial distribution of 3D scene elements (e.g., 3D maize plant) either
imported or directly created by DART. In this study the DART-FT is used in order to compute the radiative budget.

3. Methodology for creating the 3D DART scenes

3.1. Characteristics of the 3D scenes

A DART scene is mostly defined by a spectral illumination and a distribution of scene elements with specific optical properties:

- Sun direction. The DART sun calculator computed it at the date of UAV and S2 observations.

Table 1
Information on the CA and AE fields in 2019.

Cultivation practices CA field AE field

Maize variety Maize grain PR934 Maize grain P0900

Area 9,3 ha 10.4 ha

Planting - Harvest date 29/03/2019-21/10/2019 30/04/2019-19/10/2019

Planting density 80 000 plants/ha 90 000 plants/ha

Geometry fields Inter-rows: 0.8m. Inter-plants: 0.125m Inter-rows: 0.4m. Inter-plants: 0.25m
Table 2

Information on UAV EBEE and satellite S2 used for this study.

Sensor Band Wavelength Bandwidth

Satellite S2B / MSI (10 m resolution) Blue 492.1 nm 98 nm
Green 559 nm 46 nm
Red 665 nm 39 nm
Near infrared 833 nm 133 nm

UAV Ebee / Multi Spec 4 C (11.6 cm resolution) Green 550 nm 40 nm
Red 660 nm 40 nm
Red Edge 735 nm 10 nm
Near infrared 790 nm 40 nm
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- Spectral illumination. The APAR simulation requires knowledge of the spectral illumination of maize fields, whereas only
broadband PAR irradiance was available. Therefore, to obtain it, we used a two-step approach. 1) Derivation of the spectral optical
depth of aerosols and clouds from irradiance measured in-situ (cf. 1.2) at the time of the UAV and S2 observations. This inversion
was done using the DART atmosphere radiance transfer module with the Mid-Latitude Summer gas model and Rural aerosol model.
2) DART simulation of BOA irradiance per UAV and S2 and for the eight spectral band using the aerosol and cloud optical depth
computed in 1).

Spectral bands. Depending on the objective of the work, different spectral bands are input such as the spectral bands of S2 and UAV
(Table 2) for comparison of DART simulations and S2 or UAV data.

3D maize plants in CA and AE fields. We created them using the 3D creation suite Blender (www.blender.org) with photos and
measurements of plants in the CA and AE fields (Fig. 4).

3D models representative of the CA and AE fields. We created them in DART, using inter-row and inter-plant distances, plant
spatial variability and azimuthal variability over [-20°, +20°] measured per field (Table 1). We choose models with 1 m? area,
each with 10 identical maize plants infinitely duplicated by DART (repetitive mode) in order to simply extend the model area and
save the computing time.

- LAIpart- DART sets it by scaling 3D object elements along the x, y and z axes. LAIparr was initially set to the median value of
LAIsnap-

OPq,;; and OP,,. They were derived from the soil and plant spectra measured in the field by ASD field spectroradiometer (Fig.
3). OPs have spatially constant values in each field model. For each field, we have 24 possible combinations of pairs (OPsoil,
OPplant).

3.2. Calibration and validation methods of the CA and AE models

The objective is to create statistically representative DART maize models capturing the median majority case, aligning with the re-
flectance and vegetation indices for each field. The calibration of the field models (i.e., assignation of OPgj;, OPpjan and LAI to the 3D
models) was done with a method that minimizes differences between DART simulation and median values of:

- UAV or S2 green, red and NIR reflectance (MR) to the respective resolutions. The other bands of S2 and UAV have not been taken
into account, as they are not common to both sensors and therefore do not allow the “S2, UAV, DART” comparison.
- vegetation indices NDVI and MTVI2 (MVI) at 10 m resolution by resampling the UAV's images to keep the same usual
representativeness for VI.
The reflectance and VI differences are noted AEAZR, AT, Aijw and AJAY, respectively. In order to minimize this equifinality issue,
we designed two DART calibration methods to assess the OPg, OPpa and LAI of the field models:

a) Fixed LAIgyap (Fig. 5). The 4-step calibration method sets the LAI of each field as the median value of LAIgysp (Fig. 7) and
computes ASZ (green, red and NIR bands) and A$Z  (NDVI and MTIV2) for all possible pairs (OPg, OPpjane) measured in the field.

It selects the pair that gives the minimum AS and ASZ | values.

b) LAI adjustment (Fig. 6). The 7-step calibration method varies LAI in a range defined by modifying the leaf area of 3D plants
through the application by DART of x,y,z scaling factors to the 3D plants. Methods commonly used to estimate LAI rely on
either reflectance (Jiang et al., 2022) or NDVI (Bajocco et al., 2022). However, due to uncertainties and equifinality, different
combinations of OP and LAI values can produce the same reflectance or vegetation index. To solve this problem, the methods
proposed in this study use both vegetation indices and reflectance to provide a more accurate estimation of LAI. We choose to
calculate two LAI values as follow:

- LAL;: it minimizes A2 or AYAV in red, green and NIR bands for pixels whose VI belongs to the interval [0.98 x Median VI 1.02 x

Median VI] in the VI images (Fig. 8).

- LAIL; it minimizes differences of DART with S2 (A3 ) or UAV (AUAY) vegetation indices.

AE field CA field

Fig. 4. 3D models of the AE (left) and CA (right) maize plants and fields.
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Fig. 8. Histograms of NDVI (a) and MTVI2 (b) pixels of the AE field in the UAV image resampled at 10 m resolution. The interval [0.98 x Median VI 1.02 x Median VI]
contains 333 pixels (34.8%) for NDVI and 196 pixels (20.5%) for MTVI2.

The selected pair (OPg1, OPpjan) gives Diff = |LAL - LAI,|. These operations are repeated for all possible combinations of the
database. When all combinations have been tested, the combination with the minimum Diff is chosen and the LAIpsrr become
LAlref = w. The objective is to verify if there is a common convergence between the two approaches R and VI corresponding
to a global min Diff for the same combination of OP.

For UAV data, the validity of the two models fields was tested by comparing the reflectance of pure plant and soil pixels in the
DART and UAV images. We used a k-means classification based on soil and vegetation indices calculated on UAV RGB images to sepa-
rate plant and soil (Marais-Sicre et al., 2023).

3.3. Sensitivity analysis on PAR absorption

In this study we focus on APAR because it is the energy conditioning plant physiology in the short wavelengths. We studied the
APAR . and APAR; (Fig. 9) when solar irradiance is maximal, from 11:00 to 14:00 UTC on 11/07/2019 by steps of 10 min, with
the objective to quantify:

- The differences in APAR between AE and CA fields.

- The influence of the field geometry and optical properties (OP,; and OPpj,n0) on APAR.
- The impact of maize row orientation relative to sun direction on APAR.

- The influence of plant model simulated as 3D objects or 1D turbid on APAR.

To simulate the APAR with DART, we sampled the PAR domain with eight contiguous spectral bands. Table 3 shows the central
wavelength and bandwidth of each band. This specific band configuration was determined through a sensitivity study (not detailed
here), which revealed that the difference in APAR simulated with eight bands compared to twenty bands was less than 1%.

Fig. 9. DART simulated APAR (W/m?) of the AE field 11/07/2019 at 11 a.m.

Table 3
Central wavelength 3 , bandwidth A4 of the eight DART spectral bands used to compute APAR.

DART band band 1 band 2 band 3 band 4 band 5 band 6 band 7 band 8
7 (pm) 0.419 0.456 0.493 0.531 0.568 0.606 0.643 0.681
Al (um) 0.037 0.037 0.037 0.037 0.037 0.037 0.037 0.037
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4. Results

4.1. LAI inversion and validation

The DART calibration method “fixed LAIgyap” could not provide a pair (OPg;, OPpjane) that verifies both reflectance and VI criteria.
Some pairs (OPyqj, OPpjane) led to minimal Ayg but with delta-VI larger than 35%. The calibration method “LAI adjustment” led to re-
alistic LAI values: LAl = 3.2 (m2/m2) and LAl;, = 2.8 with S2 data, and LAI,; = 3.5 and LAl;, = 3.2 with UAV data. These LAI
values meet the validation requirements:

- similar VI values of DART compared to S2 and UAV (Table 4.) at 10 m.
- DART green, red and NIR reflectances was in the range of UAV and S2 reflectances and close to its median values, usually between
the first and third quartiles (Fig. 10).

This comparison was done using UAV and S2 pixels where VI values were within 2% of the median value of the VIg, and VIy,y im-
ages for each field. Results call then into question the accuracy of LAIgyap for 3D simulation, as already noted by Kganyago et al.,
(2020) who showed differences (RMSE > 2 m? m~2) between LAlgyap and in situ mean LAI (measured LICOR 2200 c Plant Canopy
Anal) with LAI values close to our study. Indeed, SNAP computes the LAI with a radiative transfer model that treats vegetation as a
homogeneous turbid volume (Weiss et al., 2020) which is not adapted to vegetation canopies with a well-marked 3D architecture.

Below, the calibration based on LAI adjustment with UAV data (see 2.2)b)) is used because:

UAV UAV s2 S2
Apyr and Aper are smaller than Ay, and Ay,

- DART green, red and NIR reflectance is in the range of UAV reflectances, with close median values (Fig. 9). It stresses a good
statistical representation of the DART field compared to the UAV data. The comparison of DART and S2 reflectance could be
compared on only one value, because the 3D field model was smaller than the S2 pixels. However, Fig. 10 shows that DART
green, red and NIR reflectance values are also close to S2 reflectance values, but less than for UAV.

DART and UAV vegetation indices are close, with larger difference less than 5 % (Table 4.).

The 3D models of the fields could be successfully tested with close reflectance of pure vegetation and soil pixels in the DART and
UAV images (Fig. 11).

4.2. Determinants of APAR

4.2.1. Differences in APAR between CA and AE fields

The micro-climate (e.g., air in canopy and soil temperature and humidity) differs between the CA and AE fields, as shown by field
measurements (Bag’Ages project 2021). In order to assess differences in APAR between the two fields, we computed mean time differ-
ences (MTD) of APARg,n(t) and APARgy(t) with time t from 11:00 to 14:00 on July 11, 2019 between the two fields:
MTD?, = Mean (APARAE (t) — APARGA (t)); MTD} ; = Mean (APAR2E (t) — APARCA (1)). The symbol * indicates that MTD* is for the

*
plant plant plant soil soil soil
RCA

plane (O @and APARAE (0). Their values, and shapes to a lesser ex-

realistic case (i.e., calibrated 3D field models). Fig. 12 shows APA plant

s

tent, differ with positive MTD;am ~ 21.5 W/m? and negative MTD; ~#_ 20.1 W/m2. The main causes of APAR differences between
the fields are presented below. The influencing parameters have been tested one by one in order to quantify the impact of each. Each

Table 4
DART, S2 and UAV NDVI and MTVI2 for the AE and CA fields.

Vegetation indices AE field CA field
NDVI median UAV 0.86 0.85
NDVI median S2 0.83 0.76
NDVI DART for UAV 0.86 0.85
MTVI2 median UAV 0.57 0.66
MTVI2 median S2 0.60 0.58
MTVI2 DART for UAV 0.58 0.63
0.15 0.15 0.8
0.6
c
8 0.10 -5 0.10 « .}
= - 204 i -
M sl =
0.05 H - 0.05 ;
& — - 0.2

0'OOAE AE CA CA AE AE CA CA O'OOAE AE CA CA AE AE CA CA 0.0 AE AE CA CA AE AE CA CA
UAV DART UAV DART S2 DART S2 DART UAV DART UAV DART S2 DART S2 DART UAV DART UAV DART S2 DART S2 DART

Fig. 10. UAV, S2 and DART reflectance green (left) / red (middle) / NIR (right) of the AE and CA fields on 11 July at 2pm for UAV and 10 July at 11am for S2. For each
field DART simulations are for the 3D field model calibrated either with UAV or S2 data. (For interpretation of the references to colour in this figure legend, the reader is
referred to the Web version of this article.)
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Fig. 11. UAV and DART green (left) / red (middle) / NIR (right) reflectance of pure vegetation (plant) and soil pixels for the AE and CA fields. (For interpretation of
the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 12. APAR 1, (1) (left) and APAR,;(t) (right) of the AE and CA fields.

CA parameter (geometry field, shape of plant, OP soil and plant, LAI) was assigned one by one to the AE field and vice versa, all other
parameters remaining unchanged. It led to two modified models of AE and CA fields per case. In the rest of the study the field models
AE and CA that have been modified with a parameter of the other field will be noted AEM and CAM.

4.2.2. Soil and plant optical properties
OPE and OPS, greatly differ because the AE and CA soils have different agricultural practices, especially with crop residues and no-

soil soil

till in the AE field. Fig. 13 shows that the modified AE field with OPSA compared to the real AE field has MTDS‘:}X’"AE* = —8.9 W/m?

soil
and MTDAEM-AE* = 9.7 W/m2. The modified CA field with OPAY compared to the real CA field has MTD{IM A = 9.8 W/m? and

MTDSAMCA* = —11.6 W/m?2. It is consistent with the fact that the soil of the AE field reflects much more radiation to the plants than
the soil of the CA field. These results show that OP,; accounts for almost half of MTD; (-20.1 W/m?2) and MTD},,. (21.5 W/m2).

400 100 . .
AE field AE soil
= - *- AE field CA soil
E 380 E o
E z
@ 360 e -y
< . .
& R .. & 60 - .
< ® . s . < . ..
'E 340 . Y - r‘r..v. _5 7“,— .o -
] ) -
= w 40{ .~ »
& 320 o o L
< <
300 20
11h 11h30 12h 12h30 13h 13h30 14h 11h 11h30 12h 12h30 13h 13h30 14h
a) Time (by step of 10 min) b) Time (by step of 10 min)
400 100
= CA field CA soil
E - CA field AE soil
E 380 E
B = 80 .
g g !
& 360 = - m,
< “m.,
& a. 60 N
- < L .,
‘-é 340 “.,I"I L) L ‘ = g -‘lu.,,.
. o “u & 40
: 320 L= ] o "l_' <
Iy) - 3]
300 T T T —— — 20 T T T — T
11h 11h30 12h 12h30 13h 13h30 14h 11h 11h30 12h 12h30 13h 13h30 14h
) Time (by step of 10 min) d) Time (by step of 10 min)

Fig. 13. APAR4n(t) (a,¢) and APARy;(t) (b,d) of AE (a,b) and CA (c,d) fields with OPM;.
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Being very close, OPS]/:m and OP]/;]:," only slightly influence MTDj,ne and MTD,;. Therefore, swapping them between the CA and AE
fields only slightly changes their APARj.;, and even much less their APAR,;. For example, MTDAEM-AE* — _3 1 W/m? in the AE field

plant
e . CA
modified with OPj. .

4.2.3. Field geometry and plant shape
Row and plant spacing (Table 1), called “field geometry”, can influence APAR. Fig. 14 shows APAR . (t) and APAR;(t) of the AE
and CA fields with swapped row and plant spacings, with LAI remaining constant. Their changes are positive or negative depending

on time t. Their mean change is very low for the AE field (MTD,5™" = —1.5 W/m2, MTDAEM-AE* = 0.6 W/m2) and larger for the CA
field (MTDG A = 5.3 W/m2, MTDGAMCA* = 5.1 W/m?).

We also studied how the shape of the 3D models of the CA and AE maize plants influence APARj,,; and APAR;. The swap of
plant models between the CA and AE fields, with LAI remaining constant, led to: MTDSEX AR = _3.9 W/m?,

MTDAEM-AE« — 3.9 W/m2, MTD&?X'CA* = 2.9 W/m? and MTDGM A = 3.7 W/m2. Therefore, compared to the CApjane, the AE jn
leads to higher APAR;j,, and smaller APARq;;.

As a consequence, AE geometry and plant combine their effects in favour of APAR ., If LAI increases (not shown here), the differ-
ence in APAR .y, in favour of AE, ., increases.

4.2.4. LAI

LAI is a key factor for APARp,(t) and APAR,y(t). The DART calibration gave close LAI values for the two fields:
LA, = 3.5 m?/m?2 and LAl;, = 3.2 m2/m?. In order to study the impact of LAI on APAR(t), we created 3D models of CA and AE
fields with equal LAI (i.e., LAI,z = 3.2 and LAIc, = 3.5) while keeping their other parameters (e.g., real plant spatial distribution).
Fig. 15 shows that if the two fields have the same LAI, their mean APAR becomes closer but still differs: MTDyj,,; = 8.2 W/m? for
LAI¢, = LAl = 3.2 and MTDjpp, = 10.5 W/m? for LAl, = LAl = 3.5, whereas MTDp,,, = 21.5 W/m? for the real case. Results
are similar for the soil: MTDy; = -7.9 W/m? for LAl = 3.2 and MTD,; = -9.1 W/m? for LAI = 3.5, whereas
MTD{; = —20.1 W/m?2. It stresses that LAI explains slightly less than 50% of differences in APAR; and APARj,q.
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Fig. 14. APARja(t) and APAR;(1).
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Fig. 15. APAR (1) (2) and APAR;(t) (b) of AE and CA fields with same LAI (i.e., 3.2 and 3.5).
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To better understand the influence of LAI, we simulated how a variation ALAI from —2 to + 2 around the real case influences
APAR, and APAR,;. Fig. 16 shows AAPARE (ALAI), AAPARAE (ALAI), AAPARTY  (ALAI) and AAPARSA (ALAD). It stresses that

plan soil plan soil
APAR . (LAI) and APAR,;(LAT) are non-linear with very different slopes (i.e., sensitivity of APAR to LAI) around the real case.
Slopes are positive for APAR,,1,,,; and almost two times higher for CA than for AE. They are negative for APAR; and larger for CA than
for AE. Therefore, the small shift of LAI between AE (3.5) and CA (3.2) has a greater impact on APARCA: for the LAI values, the geo-
metric factors (field geometry, shape of plant) have a larger influence on APAR in the CA field than in the AE field. These results are

consistent with the fact that an increase of LAI implies a lower sensitivity of AAPAR to ALAIL

5. Discussion

5.1. 3D DART field model spatialization

This work was conducted using 3D models with LAI and OP values derived from median values of satellite and UAV reflectance
and vegetation indices. This simplified approach saved simulation time and computer memory. However, it necessarily introduces
some inaccuracy. In the future, this model could be spatially distributed to represent spatial heterogeneity across the field using UAV
or satellite data. We will also consider the local topography.

5.2. Row orientation

We investigated the role of row orientation because it influences the APAR and remote sensing observations of vegetation
(Gastellu-Etchegorry et al., 2017). Fig. 17 illustrates the change of APAR ;. (t) and APAR;(t) of the CA and AE fields for the four ori-
entations. Due to symmetry considerations, we considered only 30°, 60° and 90° rotations relative to the actual East-West orientation
(section 1.1), which corresponds to 0° rotation. Compared to the real case, the time average of absolute AAPARAE*-AE ranges from 1.6
to 12.7 W/m2, whereas absolute AAPARCA*- CA ranges from 6.8 to 15.9 W/m?2. The larger role of row orientation for the CA field is
consistent with the fact that row spacing in the CA field is twice as large as in the AE field. The real row orientation (i.e., 0° rotation)
gives the smaller APAR;,, and larger APAR; for the AE field, and the larger APARj,n and smaller APAR; for the CA field. Table 5
shows the MTD between CA and AE for the four rotations. MTDy; is always positive and MTDy,y, is always negative for all row rota-
tions. The difference in APAR,, and APAR; between AE and CA fields remains regardless the orientation of fields. MTDy,, and
MTDy,; are minimal for the real case (sun direction perpendicular to the maize rows at noon) and are extreme with sun direction par-
allel to the maize rows at noon (i.e., 90° rotation). Therefore, the real row orientation minimizes the difference between both fields.

As a consequence, the actual row orientation minimizes the difference between both fields. From a theoretical and modelling
point of view, AE plant could still win APAR with another row orientation by maximizing it for 90°. Fig. 2 indicates that 0° and 90° are
the most frequent directions in the study area.

5.3. Comparison 1D/3D

Models commonly represent vegetation as the superimposition of homogeneous layers filled with turbid medium (e.g., SCOPE,
Yang et al., 2021) to simulate the RB of vegetation, including the APAR. Indeed, this 1D model of vegetation requires little simulation
time and few parameters. However, it is a major source of error on the estimate of APAR. This is investigated here for the two maize
fields through the creation of 1D models of the CA and AE fields as superimposed homogeneous and horizontal layers of turbid
medium, using the parameters of the 3D models (plant height, OP, ...). Fig. 18 shows the APAR;(t) and APAR,,(t) of the AE and
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Fig. 16. AAPARj.y (a,¢) and AAPAR,; (b,d) variation of AE and CA fields as a function of variation ALAI around the actual case (AAPAR = 0, ALAI = 0), at 11:00,
July 11, 2019.
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Fig. 17. APAR (1) (a,) and APAR;(t) (b,d) of AE (a,b) and CA (c,d) fields for 4 row orientations.

Table 5
MTD,,,,. and MTDy; for four row rotations.
Rotation 0° 30° 60° 90°
MTDjjn (W/m?) 21.5 30.7 47.4 50.2
MTD,; (W/m?) -20.1 -31.4 —45.4 -48.2
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Fig. 18. APAR(t) of plants (a) and soil (b) of AE and CA fields simulated as 1D and 3D models.

CA fields simulated as 3D (i.e., actual field) and 1D models on July 11th, 2019. Time variations of APAR;(t) and APARj,,(t) are
smooth with the 1D models conversely to the 3D models, in particular around 12:30, due to the presence of rows. As expected, 1D
models cannot simulate this influence of the 3D architecture of vegetation. Differences are more detailed below.

- APAR;(t). Over 11am-2pm, the 1D and 3D models give greatly different time variations of APAR;(t), small mean differences
(i.e., 3.3 W/m? for the AE field and 6.0 W/m?2 for the CA field), and similar differences between the CA and AE fields (i.e.,
MTD}; = —20.1 W/m? for the 3D models and MTD!2, = —17.5 W/m? for the 1D models).

- APAR, (D). The 1D and 3D models give greatly different time variations and mean values of APARj,n(t). The mean differences
are 76.1 W/m?2 for the AE field and 63.8 W/m?2 for the CA field. Also, the 1D and 3D models lead to different differences between

the CA and AE fields: MTDIIJEm = 33.8 W/m? whereas MTD;;]am = 21.5 W/m?2. These results are consistent with differences in forest

APAR simulated with 1D and 3D models (Regaieg et al., 2021). Conclusions for the maize canopy are similar: the differences in
APAR simulated by 1D and 3D models are due to the 3D architecture of the maize fields, and in particular to their row geometry.

6. Conclusion and perspectives

A theoretical 3D physical modeling study with DART on two realistic adjacent maize fields with UAV, satellite and in situ data was
achieved. We investigated differences in APAR,;; and APAR 1., between the maize fields at same stage of development managed in
conventional agriculture (CA) and with agroecological practices (AE). We also studied the influence of the field geometry (i.e., inter
row and inter plant distances), the plant shape, and the soil and plant optical properties. The theoretical influence of row orientation
was also studied.
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First, a 3D DART model statistically representative of each field has been created and validated. The methodologies used vegeta-
tion indices and spectral reflectance from UAV and Sentinel-2 (S2) images. The creation of the 3D field models, also called DART
model calibration, consisted in determining the soil and plant optical properties (OP) and a scale factor for sizing the 3D plant models
in order to set the correct LAIL. Two calibration methods have been assessed and compared:

- The LAI is fixed, equal to the median SNAP-derived LAI for each field. The pair (OPg, OPpj.n) that minimizes differences with
S2 reflectance and vegetation indices is selected among all in-situ measured OPpj,nc and OPg;.

- The LAI and (OPg;, OPpjan) are adjusted. The pair (OPgg, OPpjand) that minimizes differences with reflectance and vegetation
indices of UAV at 11 cm or S2 at 10 m resolution is selected among all in-situ measured OPpj,p; and OPg.

We selected the method based on LAI adjustment using UAV data because the method with fixed LAI from SNAP and OP adjust-
ment did not satisfy the validation criteria. The method of LAI adjustment satisfied the validation criteria with comparison on vegeta-
tion indices and reflectance for UAV and S2 with DART. However, the method using UAV data was selected because its fined spatial
resolution allowed a statistical comparison of the distribution of reflectance whereas S2 resolution only allowed comparison with a
single median value. In addition, a comparison with close reflectance of pure vegetation and soil pixel in DART and UAV images was
carried out.

Therefore, two models of the AE and CA fields were created using the method of LAI adjustment combined with UAV data ac-
quired on July 11, 2019. DART simulations using these 3D field models showed differences in APAR between the two fields whereas
they have very close LAIL The mean time difference (MTD) in APAR,,;,; and APAR; over 11 a.m. - 2 p.m. between the CA and AE

fields was used to quantify differences between the two fields: MTDj, = Mean (APARQEm (t)—APARﬁﬁ‘m (t)) and

MTD?, = Mean (APARE (t) - APARS (1)) (*refers to the actual case) We obtained MTD}; = —20.1 W/m? and MTD, . = 21.5 W/m2.
Then, we investigated these differences by considering separately the main parameters likely to be influential: field geometry (i.e., in-
ter row and plant distances), plant shape of each field (i.e., 3D plant model with its leaf area and geometry), OPpj,n; and OPy, and
LAL

The share of each parameter in the APAR,; and APAR;}, differences between the AE and CA fields has been quantified by replac-
ing one by one each parameter of a field in the other field while keeping the other parameters. We systematically computed the result-

ing differences between the realistic and modified fields (i.e., MTDJIMAF* MTDAEM-AE: - MTDEMICA* MTDCAM A*) with AEM and

CAM being the notations of the modified fields. The share of each parameter is given here as the percentage of the correspond-
and |MTD* for the AE (Table 6) and CA (Table 7) fields. The negative value of

soil

#

ing absolute differences |MTDplam

MTDAENAEY/ IMTD;M“J (i.e., =7.5%) in Table 6 indicates that the AE geometry favours APARy,,. Symmetrically, and in a more

marked way, the positive value of MTDSA A"/ IMTDy),

(ie, 26.3%) in Table 7 indicates that the CA geometry disadvantages
APAR .- Excepted LAI which usually increases APAR.,, and directly impacts the effect of the other parameters, OPg,; has the
largest share both for APAR,; and APAR,,.. For example, the negative value of MTDAIEN-AF"/ [MTD},,,, | (i.e., —44.2%) associated to

plant
CA
the use of OP_;

plants than the CA soil. It is interesting to note that the role of the AE geometry added to that of the AE plant model are far from negli-
gible maximizing both APAR,;,. The sensitivity of LAI to APAR was also studied. It appeared to be two times higher for the CA field
than for the AE field near the real field conditions (e.g., LAI ~ 3).

The influence of the maize row orientation on APAR, APARpjan;, MTDyjane and MTDg,;; was studied. It showed that in the well-
structured CA field, at noon, APAR; is maximal with North-South rows (i.e., solar direction parallel to the rows at noon) and
APAR 1, is maximal with East-West rows (i.e., solar direction perpendicular to the rows at noon). It is nearly the opposite for the AE
field. This is mostly explained by the fact that rows in the AE field are much less marked. Indeed, the ratio “inter-row / inter-plant dis-

in the AE field is explained by the fact that the AE soil with its residues absorbs less and scatters more radiation to the

Table 6
Share (%) of MTD on APAR . and APAR,; of each CA parameter: ratio of the difference MTDJEN"A¥ or MTD2EM-AE* between the real and modified AE fields by

the absolute difference |MTD*

plant

or [MTD} ;| between the CA and AE real fields.

soil

Swapped parameter in AE field model CA geometry OPCA Opglgm CA plant model LAIg, = 3.2
MTDAENAE"/ IMTD, ~75% —44.2% ~15.4% ~19.4% ~40.8 %
MTDAEMAE") MDY, 2.8 % 45.1% 0,9 % 18.1% 36.7 %

Table 7

Share (%) of MTD on APAR,,,,, and APAR, of each CA parameter: ratio of the difference MTD\M="* or MTDSAM-CA" between the real and modified CA fields by

the absolute difference |MTD*

plant

or [MTD} ;| between the CA and AE real fields.

soil

Swapped parameter in CA field model AE geometry opPAE OP[*)\]EN AE plant model LAl = 3.5
MTDGAMCA/ [MTD 26.3 % 48.7 % 13.9% 14.4 % 52.2 %
MTDGAM A/ [MTDY | -23.7% -53.9% -1.8% -17.2% -42.3 %
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tances” is 6.4 for the CA field and 1.6 for the AE field. he differences between the AE and CA fields (i.e., the MTD}; MTD and MTDy,,))
are minimal with the actual “East-West” row orientation and maximal with the theoretical 90° rotation to the North-South orienta-
tion. It is interesting to note that taking into account of the row orientation in vegetation studies is facilitated by cartographic prod-
ucts with row orientation increasingly derived from remote sensing data (https://eolab.cnes.fr/projets/orientation-des-cultures-
agricoles).

The way the vegetation canopy is modelled greatly influences simulations of APAR and remote sensing observations. It was illus-
trated by comparing simulations of APAR for vegetation represented by 3D and 1D models. It showed that 3D and 1D models lead to
very different hourly variations of APAR. These variations are very smooth with 1D models due to their azimuthal symmetry unlike
the 3D model due to dissymmetry induced by rows. It results a non-smooth hourly variation of APAR that 1D models cannot repro-
duce. In addition, compared to the 3D model, the 1D model with the same LAI greatly overestimates APARy,, and underestimates
APAR;. This is consistent with the 3D heterogeneity of canopies where the clumping of vegetation tends to increase the transmit-
tance of vegetation. Here, APAR . is overestimated by 76.1 W/m? for the AE field and 63.8 W/m? for the CA field (~20% relative
increase). These findings raise questions about the suitability of using 1D models to study APAR at fine scales.

Studies on maize have shown a direct link between reduced radiation in PAR and reduced productivity (Yang et al., 2022). By de-
creasing PAR radiation by 15% depending on the maize variety, the number of grains per row can decrease by 7.2%, bald tip lengths
can be 1.4 times higher and the grain abortion rates can increase by 5.3%. In our study, we found a decrease in APAR of about 6.5% in
the realistic case between AE and CA, and this difference can reach 16.2% with a 90° field rotation from the realistic case, which fre-
quently occurs in the study region. It can therefore be argued that the modulation of PAR radiation caused by AE agricultural practice
can have a direct consequence on maize yield.

Additional parameters could be considered in order to improve the accuracy of the work. For example, the vertical range of
APARj4 in relation with the vertical range of OPp,,. Depending on the season, the vertical profile of OPpj,, can be very broad, with
brown leaves at the base of the maize plant and green leaves at the top. This is possible with 3D models such as DART.

Another major work is to simulate the RB in the thermal domain with DART, possibly using 3D models of fields calibrated with
UAV data. Indeed, the RB in the thermal infrared domain greatly influences plant physiology. This is of particular importance in the
context of next thermal infrared space missions (TRISHNA, LSTM, Lagouarde et al., 2019). UAV thermal infrared data can provide a
high-resolution distribution of brightness temperature in the CA and AE fields. The creation of 3D models directly with high resolu-
tion stereo photogrammetry or LiDAR techniques are also interesting paths to explore, in particular to get the spatial distribution of
LAI in each field.
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