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a b s t r a c t

Inverting radiative transfer (R-T) models against remote sensing observations to retrieve key

biogeophysical parameters such as leaf area index (LAI) is a common approach. Even if new

inversion techniques allow the use of three-dimensional (3D) models for that purpose, one-

dimensional (1D) models are still widely used because of their ease of implementation and

computational efficiency. Nevertheless, they assume a random distribution of foliage

elements whereas most canopies show a clumped organization. Due to that crude simpli-

fication in the representation of the canopy structure, sizeable discrepancies can occur

between 1D simulations and real canopy reflectance, which may further lead to false LAI

values. The present investigation aims to appraise to which extent the incorporation of a

clumping index (noted l) into 1D R-T model could improve the simulations of Bidirectional

Reflectance Distribution Function (BRDF). Canopy BRDF is simulated here for three growth

stages of a maize crop with the Discrete Anisotropic Radiative Transfer (DART) model in the

visible and near infrared spectral bands, for two contrasted soil types (dark and bright) and

different levels of heterogeneity to represent the canopy structure. 3D numerical scenes are

based on in-situ structural measurements and associated BRDF simulations are thus

considered as references. 1D scenarios assume either that leaves are randomly distributed

(l = 1) or clumped (l < 1). If BRDF simulations seem globally reliable under the assumption of

a random distribution in near infrared, it can also lead to relative errors on the total BRDF up

to 30% in the red spectral band. It comes out that the use of a clumping index in a 1D

reflectance model generally improves BRDF simulations in the red considering a bright soil,

which seems relatively independent of LAI. In the near infrared, best results are usually

obtained with homogeneous canopies, except with the dark soil. Clearly, influent factors are

e spectral contrast between soil and leaves.
mainly the LAI and th
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1. Introduction

Leaf area index (LAI) is a key biophysical parameter for the

modeling of terrestrial carbon and water fluxes exchanges. For

such a reason, the mapping of LAI at an appropriate spatial

scale has become an increasing matter of interest (Morisette

et al., 2006). In this context, remote sensing observations yield

the unique mean to ensure timely information on vegetation

canopy at a global scale. Several methods and techniques have

been implemented for a LAI retrieval based on the available

satellite information. Basically, it relies on the inversion of

radiative transfer (R-T) models that allow simulating the top of

canopy (TOC) Bidirectional Reflectance Distribution Function

(BRDF) (Bicheron and Leroy, 1999; Goel and Strebel, 1983;

Jacquemoud et al., 2000; Kuusk, 1994; Pinty, 1990; Privette

et al., 1994; Roujean and Breon, 1995; Weiss et al., 2000). The

accuracy assessment of the LAI estimate depends on the

quality of the radiometric information (e.g., multi-angular

satellite data) and on the reliability of the inverted model. One-

dimensional (1D) canopy R-T models such as the widespread

Scattering by Arbitrary Inclined Leaves model (SAIL, Verhoef,

1984) are amongst the more commonly used because of their

ease of implementation and computational efficiency (Kallel

et al., 2007; Lauvernet et al., 2008). However, they fail to

correctly represent most vegetation canopies that are usually

characterized by various levels of clumping (shoots, branches,

individual plants and groups of plants). New inversion

techniques based on a pre-computed reflectance database

such as neural network (Baret et al., 2007; Weiss et al., 2000;

Kimes et al., 2002) or look-up tables (LUT, Knyazikhin et al.,

1998; Weiss and Baret, 1999; Gastellu-Etchegorry et al., 2003)

allow now the use of more realistic three-dimensional (3D)

models for exploiting remote sensing data provided by sensors

such as MODIS (Myneni et al., 1997; Knyazikhin et al., 1998) or

MISR (Knyazikhin et al., 1998; Hu et al., 2007). However,

compared to 1D models, 3D models are much more computer

intensive and require a more extensive parameterization. This

explains why 1D models are still operationally used to retrieve

LAI as it is the case with MERIS (Bacour et al., 2006) and also

CYCLOPES (Baret et al., 2007) that has shown very good

performance for LAI retrieval (Weiss et al., 2007). Thus, there is

still a need to improve LAI retrieval using the inversion of 1D R-

T models, specifically for heterogeneous vegetation covers.

In that context the potentiality of using a clumping index

(noted l hereafter) in 1D models to better simulate BRDF of

heterogeneous canopies is explored in that paper. Indeed, it

has been shown that using a clumping index in a modified

expression of the Poisson model that describes the mutual

dependence of leaves position (Monsi and Saeki, 1953; Nilson,

1971; Welles and Norman, 1991) allows a better description of

the directional gap fraction in canopies with aggregative

structures (Baldocchi and Collineau, 1994; Chen and Black,

1992; Jonckheere et al., 2004; Lemeur and Blad, 1974; Nilson,

1971). Kuusk (1995) also noted that the use of a clumping index

improved the modeling of near infrared (NIR) BRDF of

Gramineae canopies, and finally led to better LAI estimates.

This work aims to assess the effects of the clumping

phenomenon on BRDF simulations of a row crop canopy and to

quantify how the use of a clumping index l improves 1D

simulations. For that, the Discrete Anisotropic Radiative
Transfer (DART) model (Gastellu-Etchegorry et al., 1996,

1999, 2004) is used, first to estimate the directional zenithal

variation of the clumping index at three different growth

stages and then to simulate the vegetation BRDF. For each

stage, different numerical scenes corresponding to different

levels of heterogeneity are simulated. Canopy architecture

was measured in the field for a maize crop located in South

West of France. For 1D turbid models, the architecture is

simply described by LAI and leaf angle distribution (LAD), with

randomly distributed (l = 1) or clumped (l < 1) leaves. Simula-

tions are conducted with two types of soils – highly and poorly

reflective –, two spectral bands – red and near infrared – and

various geometries of illumination. The 3D simulated BRDF

simulations are used as references for evaluating 1D simula-

tions.
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2. Methods

2.1. Description of the DART model

2.1.1. General features
The DART model (www.cesbio.ups-tlse.fr/us/dart.htm) simu-

lates BRDF, remote sensing images and the spectral radiation

budget of 3D natural (e.g., trees, roads, grass, soil, water) and

urban landscapes in the visible and short wave infrared

domains (Gastellu-Etchegorry et al., 1996). DART has been

used in numerous scientific works (Demarez et al., 2000;

Guillevic and Gastellu-Etchegorry, 1999; Pinel and Gastellu-

Etchegorry, 1998) and tested against in-situ and remotely

sensed measurements of vegetation canopies reflectance

(Gastellu-Etchegorry et al., 1999; Malenovský et al., 2008), as

well as other 3D reflectance models in the frame of the

RAdiation transfer Model Intercomparison (RAMI) exercise

(Pinty et al., 2001, 2004; Widlowski et al., 2007). DART and SAIL

models give similar results if they are applied to 1D turbid

scene (Demarez, 1997; Martin, 2006).

DART uses the exact kernel and discrete ordinate methods

for simulating R-T in 3D landscapes: radiation propagates in a

finite number of directions (Vi) characterized by a zenith angle

ui and an azimuth angle wi. It proceeds following an iterative

approach: radiation intercepted during an iteration is scat-

tered in the following iteration. It is adapted to any spectral

band from the ultraviolet up to the thermal infrared (Gastellu-

Etchegorry et al., 2004). A single DART simulation can provide

both 3D scene radiation budget and multi-spectral and multi-

directional remote sensing images at any altitude in the

atmosphere (Gascon, 2001). Herein, the focus is put on BRDF

simulations in the red and NIR spectral bands.

Any landscape is simulated as a rectangular matrix of

parallelepiped cells (DX, DY, DZ) which is a building block for

simulating infinite scenes: a ray that exits the scene re-enters

the scene through the symmetrical face of the scene.

Simulated landscapes can be urban or natural, possibly with

topography and atmosphere. Vegetation canopies are simu-

lated as the juxtaposition of turbid leaf cells characterized by

their leaf volume density, leaf angle distribution and optical

properties (reflectance and transmittance). Soil surfaces are

simulated with plane opaque surfaces characterized by

specific optical properties.

http://www.cesbio.ups-tlse.fr/us/dart.htm
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2.1.2. Recent improvements of the DART code
Since its first release, DART accuracy and potential were

greatly improved at CESBIO (Centre d’Etudes Spatiales de la

BIOsphère). For example, the robustness of its code and

graphic user interface were significantly improved by the

society Magellium Corp., in collaboration with CNES (French

Space Center) and, CESBIO. Moreover, in order to reduce

computational time, the paths of scattered rays always start

from a predefined grid of points that sample cells and cell

faces. In addition, the accuracy of R-T modeling between

turbid cells was significantly improved: (1) scattering is now

modeled with a ‘‘sector approach’’ (Gastellu-Etchegorry

et al., 2004), which allows the code to run faster than the

original ‘‘harmonic expansion approach’’ (Gastellu-Etche-

gorry et al., 1996). (2) At each DART iteration and for each

turbid cell, DART stores 2 � F � Nsect ‘‘energetic points’’ (i.e.

geometric coordinates and associated intercepted energies),

where 2 stands for the upwards and downwards scattering

hemispheres, F is the number of input cell faces that

intercept energy and Nsect is the number of angular sectors

(Martin, 2006). Within cell, multiple scattering is modeled

with an analytical approach (Gastellu-Etchegorry et al., 1996)

using the within cell first order scattered radiation that is

intercepted within the cell before leaving it. DART also

uses pre-computed volume optical properties of turbid cells

such as
- T
(j,Vi): transmittance of a unit path along (Vi), for a unit

volume density of leaf species j. T(j,Vi) = exp[�G(j,Vi)], where

G(j,Vi) is the mean projection of the leaf area unit in a plane

perpendicular to direction Vi. Thus, the transmittance of a

path Dl along (Vi) through a leaf cell of species j and leaf

volume density uf(j) is TðDl;ViÞ ¼ ½Tð j;ViÞ�uf ð jÞDl. With an

incident ray Win(0,Vi), a cell j transmits the energy

Wtrans(Dlj,Vi) = T(Dlj,Vi)Win(0,Vi).
- T
d(j,Vi,Vv): scattering transfer function, for a unit volume

density of leaf species j. With an energy Wint( f,Vi)

intercepted along the path Dlj, associated to an input cell

face f, the energy scattered in an angular sector (Vv, DVv) is
Table 1 – Structural characteristics of the maize stand used to b
DART model and mean reflectances (r) for maize leaves and t
regions

Growth stage LAI (m2 m�2) 1st 0.95

Cells size (x, y, z in m) 0.1, 0.1, 0.1

Leaf angle distribution Spherical + plagiophile

Crown shape Trapezoidal

Percentage of full cells in the

canopy (spherical/plagiophile)

30/24

Canopy mean height (m) 0.55

Canopy bottom width (m) 0.05

Canopy top width (m) 0.4

Distance between rows (m) 0.8

Destructive leaf area index 0.95

r Leaf (red/NIR) 04.8/52.0

r Loamy soil (red/NIR) 13.6/21.6

r Clay soil (red/NIR) 46.1/50.7

The parameters in italics have been measured in field.
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(Eq. (1)):

Wdiffð f ;VvÞ ¼ Tdð j;Vi;VvÞWintð f ;ViÞ (1)

For a radiation incident along (Vi) in a turbid medium, both

terms T(j,Vi) and Td(j,Vi,Vv) depend on G(j,ui) that is usually

assumed to be azimuthally independent (Eq. (2)).

Gð j; uiÞ ¼
1

2p

Z 2p

0
dVf

Z 1

0
gfð j;VfÞjViVf jdmflðuiÞ (2)

gf(j,Vf) is the LAD of leaves oriented along direction Vf.

DART uses two approaches for simulating clumping: (1)

G( j,ui) is weighted with a clumping index l(ui) (Martin, 2006),

where ui is the incident radiation zenith angle. This

approached was used here to simulate BRDF with the 1D

clumped scenes (l(ui) < 1), (2) use of a structure parameter Pfc

(i.e. the proportion of full cells in the vegetation canopy).

This parameter was calibrated with in-situ transmittance

measurements (see below) in order to build the maize 3D

scenes.

2.2. DART scenes construction

BRDF are simulated for three types of scenes: 3D, 1D and 1D

clumped (hereafter 1Dcl). DART 3D scenes consist of plant

rows, using a trapezoidal volume. Two LAD are used for the

simulations: spherical and plagiophile as they are the more

commonly used to describe the maize canopy (Antunes et al.,

2001; Guyot, 1997; Lopez-Lozano et al., 2007). Other structural

characteristics were measured in the field for three growth

stages of the maize stand (42, 57 and 70 days after sowing for

the first, second and third growth stages, respectively): mean

canopy height, distance between rows, width of the rows and

destructive leaf area index (LAIdest). These parameters allow

us to build 3D scenes taking into account the clumping at the

row level. The clumping at the plant level is taken into

account with the structural parameter Pfc. It was assessed for

each growth stage and each LAD through the fit of directional
uild the numerical scenes for three growth stages with the
he two types of soils in the red and near infrared (NIR)

2nd 3.2 3rd 5.0

0.1, 0.1, 0.1 0.1, 0.1, 0.1

Spherical + plagiophile Spherical + plagiophile

Trapezoidal Trapezoidal

20/16 20/16

1.45 1.95

0.15 0.1

0.9 0.75

0.8 0.8

3.2 5

04.8/52.0 04.8/52.0

13.6/21.6 13.6/21.6

46.1/50.7 46.1/50.7



Fig. 1 – DART 3D scenes at three different growth stages (a) first growth stage, LAIdest = 0.95, (b) second growth stage,

LAIdest = 3.2 and (c) third growth stage, LAIdest = 5. Maize rows are simulated with trapezoid shapes. From the radiative

transfer point of view, the scene contains an infinite number of parallel maize rows.
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DART gap fractions and directional gap fractions derived

from hemispherical photographs analyzed with the

CAN_EYE software (www.avignon.inra.fr/can_eye, Demarez

et al., 2008).

Table 1 presents the main structural parameters used to

build the maize 3D scenes and Fig. 1 shows the associated 3D

scenes images.

DART 1D turbid scenes are built using only two parameters:

the LAI measured in-situ and a spherical LAD, which implies

G(u) = 0.5 for any direction. 1D clumped turbid scenes differ

from the 1D scenes by adding a clumping index either

directional dependent lDART(u), or as directionally averaged

lmean
DART. The comparison of 1D BRDF simulations conducted with

either lDART(u) or lmean
DART allows us to analyze the relevance of an

angular dependence.

The modified Poisson law allows computing the lDART(u) for

each growth stage from LAI measurements and DART gap

fractions (Eq. (3)).

lDARTðuÞ ¼
�lnðP0ðuÞDARTÞcosðuÞ

LAIdestGðuÞ
(3)
Fig. 2 – (a) Evolution of the CAN_EYE gap fractions obtained from

simulated DART gap fractions with the zenith angle u after an av

of the maize stand (black symbols), (b) evolution of the clumpin

represent the calculated lDART (Eq. (3)) and lines represent the m

equations and mean clumping index lmean
DART.
e
u is the zenith angle of the incident direction. P0(u)DART is

averaged over the whole scene and over five azimuth

angles ws, starting from a direction perpendicular to the

maize rows and ending with a direction parallel to the

maize rows (ws = 08, 228, 458, 688 and 908). The isotropic

clumping index lmean
DART is calculated by averaging lDART(u)

over all considered view zenith angles, from �608 to 608. As

lDART is determined from 3D scenes representing both plant

arrangement and clumping inside each individual plant

with a percentage of non empty cells, it mirrors these two

scales of clumping.

2.3. DART simulations

TOC BRDF was simulated for the 3D, 1D and 1Dcl (with

lDART(u) or lmean
DART) scenes, for each growth stage, for two

spectral bands (red: 0.61–0.68 nm and NIR: 0.79–0.89 nm),

two types of soils (clay and loamy soils corresponding to

bright and dark soils, respectively) and one leaf reflectance

spectrum measured in the field. Clay soil spectrum

originates from the ASTER database (USGS ASTER spectral
view
 O

nly

hemispherical photograpgy (HP) (open symbols) and

eraging over five azimuth angles for the three growth stage

g index lDART with u for the three growth stages. Symbols

odeled sigmoids (Eq. (6)). Also shown are the sigmoid

http://www.avignon.inra.fr/can_eye
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Fig. 3 – 3D, 1D and 1D clumped (using lDART(u) and lmean
DART) BRDF simulated for the three growth stages (a and b: first stage

LAIdest = 0.95; b and d; second stage LAIdest = 3.2; e and f: third stage LAIdest = 5), a spherical leaf angle distribution, in the red

and near infrared (NIR) spectral bands and the loamy soil The reflectance is observed in the principal plane with a solar

zenith angle us of 458.

a g r i c u l t u r a l a n d f o r e s t m e t e o r o l o g y 1 4 8 ( 2 0 0 8 ) 1 3 4 1 – 1 3 5 2 1345
library). Loamy soil and maize leaves spectra were mea-

sured in the field for a vertical view direction with a

spectroradiometer (Field Spec pro FR, ASD). Table 1 shows

the mean reflectance values r for leaves and soils in the two

spectral bands.

Simulations were computed in the principal and in the

orthogonal planes, with a sun zenith angle us of 458 and five

azimuth angles ws described previously. Moreover, soil and

leaf elements were assumed to be isotropic scatterers.
w
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nly

For each date and each sun configuration (us, ws), mean

relative difference (%) between the 3D reflectances values and

the 1D (D3D/1D) (Eq. (4)) or 1Dcl reflectances values ðD3D=1Dcl Þ
(Eq. (5)) are calculated in the principal and orthogonal solar

planes.

D3D=1D ¼ 1
N

XN

1

jr3D � r1Dj
r3D

� �
(4)
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D3D=1Dcl

¼ 1
N

XN

1

jr3D � r1Dcl j
r3D

" #
(5)

r3D, r1D and r1Dcl
are reflectance values for 3D, 1D and 1D

clumped representations of the maize canopy respectively, for

each view zenith angle in the principal or orthogonal solar

plane, and N is the number of view zenith angles. The

comparison of D3D/1D and D3D=1Dcl
provides a quantitative

indication about the interest of using a clumping index in R-T

models that simulate reflectance values using turbid scenes.
er R
ev

Fig. 4 – 3D, 1D, 1D clumped (using lDART(u) and lmean
DART) BRDF sim

LAIdest = 0.95; b and d; second stage LAIdest = 3.2; e and f: third sta

and near infrared (NIR) spectral bands and the clay soil The refle

angle us of 458.
3. Results and discussion

3.1. DART gap fractions and associated clumping
parameters

Gap fractions (P0(u)DART) (Fig. 2a) decrease with the

increase of view zenith angle u for the three growth

stages. lDART(u) (Fig. 2b) globally increase with zenith

angle accordingly to previous studies (Kucharik et al.,

1999; Kuusk, 1995; Nouvellon et al., 2000), and this
iew
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ulated for the three growth stages (a and b: first stage

ge LAIdest = 5), a spherical leaf angle distribution, in the red

ctance is observed in the principal plane with a solar zenith
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functionality is well evaluated here with a sigmoid

(Eq. (6)).

lDARTðuÞ ¼
ldiff

1þ expð�aðu � bÞÞ þ l0

� �
(6)

where l0 is the clumping index in nadir direction, ldiff is

the difference between the maximal and minimal values of

l, a is the slope at the inflection point and b is the inflection

point.

Parameters l0, ldiff, a and b were simultaneously adjusted

using a minimization algorithm based on the simplex method

(Nelder and Mead, 1965). Convergence was reached after a few

iterations. Obtained sigmoid curves and equations are pre-

sented in Fig. 2.

Clumping index values are within the range [0.45, 0.72] and

depend on plant growth stage and view direction (Fig. 2b) as

already observed by several authors (Andrieu and Sinoquet,

1993; España et al., 1999; Kucharik et al., 1997; Lopez-Lozano

et al., 2007). lDART increases with view zenith angle. Its

maximum value, or conversely minimum clumping effect,

does not exceed the value of 0.72. The departure from the

Poisson model seems to be the largest at nadir as clumping
Fig. 5 – Mean relative differences between BRDF 3D and 1D (D3D

solar principal plane, in the red and near infrared (NIR) wavelen

LAIdest = 0.95, b and d; second stage LAIdest = 3.2, e and f: third s

solar azimuth angles, a solar zenith angle of 458 and the loamy
ie

index values are the lowest for the three stages. It appears that

the clumping does not necessarily decrease with LAI. Here, the

second growth stage (LAI = 3.2) shows the lowest canopy

clumpiness whereas clumping is strengthened at the last

stage (LAI = 5). Indeed, a concentration of leaves in the upper

part of the canopy and an overlapping between plants of the

same rows were observed in field and that, leads to an increase

of clumpiness.

3.2. Canopy BRDF simulations

Figs. 3 and 4 shows the red and NIR BRDF curves simulated for

the spherical LAD, for the three representations of the maize

canopy (3D, 1D and 1D clumped) with the loamy (Fig. 3) and

clay soil (Fig. 4), for the three stages of canopy growth, in the

principal plane and two azimuth directions (ws = 08 and 908).

For the 1D clumped simulations, two clumping indices are

used: lDART(u) and lmean
DART. Figs. 5 and 6 present the associated

mean absolute relative differences between 3D and 1D BRDF

(D3D/1D) and 3D and 1D clumped BRDF (D3D=1Dcl
with lDART(u) or

lmean
DART) for a us of 458, the five ws and the two types of soil. Fig. 7

presents the mean absolute relative differences D3D/1D and

D3D=1Dcl
for the plagiophile LAD and the loamy soil.
w
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/1D) or 1D clumped (D3D=1Dcl
, using lDART(u) and lmean

DART) in the

gths for the three growth stages (a and b: first stage

tage LAIdest = 5), a spherical leaf angle distribution, the five

soil.
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Fig. 6 – Mean relative differences between BRDF 3D and 1D (D3D/1D) or 1D clumped (D3D=1Dcl
, using lDART(u) and lmean

DART) in the

solar principal plane, in the red and near infrared (NIR) wavelengths for the three growth stages (a and b: first stage

LAIdest = 0.95, b and d; second stage LAIdest = 3.2, e and f: third stage LAIdest = 5), a spherical leaf angle distribution, the five

solar azimuth angles, a solar zenith angle of 458 and the clay soil.

a g r i c u l t u r a l a n d f o r e s t m e t e o r o l o g y 1 4 8 ( 2 0 0 8 ) 1 3 4 1 – 1 3 5 21348
r R

As expected, an increase in LAI implies a global decrease of

red reflectance and an increase of NIR reflectance (Figs. 3 and

4). Some differences between BRDF simulated with ws = 08

(illumination perpendicular to the row direction) and 908

(illumination parallel to the row direction) are well visible.

This can be explained by a difference of proportions of

illuminated and shadowed soil. The red BRDF simulated for

ws = 908 shows higher values with more than 50% of difference

for the first growth stage. In the NIR wavelengths, differences

are lower as shadows effects are smoothed due to the higher

leaves reflectance. Similar patterns are observed with simula-

tions carried out with the plagiophile LAD (not shown here).

3.2.1. Comparisons between 3D and 1D BRDF curves
As somewhat expected (Bégué et al., 1996; Goel and Thomp-

son, 1984; Kuusk, 1994; Luquet et al., 1998; Major et al., 1992),

the representation of the canopy with a turbid medium gives

too much importance to the vegetation contribution on the

total canopy reflectance.

In the red spectral domain and for the loamy soil, this leads

to an underestimation of the BRDF in 1D due to the fact that

leaf reflectance is smaller than soil reflectance (Fig. 3a, c and e).
view
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Such discrepancy decreases progressively when LAI increases.

It is particularly pronounced at the first growth stage where

D3D/1D is between 10% and 28% depending on the illumination

conditions (Fig. 5a). Moreover, this global underestimation

increases with the proportion of illuminated soil. For example,

for LAI = 3.2 and 5, D3D/1D values vary between 4% and 8%,

excepted for the larger ws (908) where they reach 19% and 34%

for the second and third growth stage respectively (Fig. 5c and

e). Main results are globally similar for BRDF simulations

carried out with the plagiophile LAD (Fig. 7a, c and e).

In the NIR wavelengths, where leaf reflectance is higher than

soil reflectance, a global overestimation of the reflectance

(Fig. 5b, d and f) is observed. Nevertheless, D3D/1D rarely reaches

10% except for high ws. With a plagiophile LAD, D3D/1D values are

globally higher, generally around 15% (Fig. 7b, d and f).

With the clay soil, global underestimation of red 1D BRDF

(Fig. 4a, c and e) still occurs and is even more pronounced: D3D/

1D values with a spherical LAD vary from 15% to 29% if ws = 08,

depending on the growth stage (Fig. 6a, c and e). In the NIR,

differences between 3D and 1D BRDF curves are low as leaves

and soil reflectance values are quite similar, which suggests

that in that case, 1D simulated scenes leads to accurate BRDF
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Fig. 7 – Mean relative differences between BRDF 3D and 1D (D3D/1D) or 1D clumped (D3D=1Dcl
using lDART(u) and lmean

DART) in the

solar principal plane, in the red and near infrared (NIR) wavelengths for the three growth stages (a and b: first stage

LAIdest = 0.95, b and d; second stage LAIdest = 3.2, e and f: third stage LAIdest = 5), a plagiophile leaf angle distribution, the five

solar azimuth angles, a solar zenith angle of 458 and the loamy soil.
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simulations. Same tendencies are also observed with the

plagiophile LAD (not shown here).

For all cases, smaller differences usually occur in or near

the hot spot direction because the proportion of viewed

shadows is minimum in this geometry. For hot spot situations,

present results confirm major discrepancies existing between

1D and 3D scenes for high LAI values and enhanced spectral

contrasts between vegetation and soil.

The main results obtained in the orthogonal solar plane

(not shown here) for the two us are comparable and the

percentages of differences between simulated 3D and 1D

reflectance values are very similar.

3.2.2. Comparisons between 3D and 1D clumped BRDF curves
Compared to 1D scenes, 1D scenes with clumping simulated

using lDART(u) give larger transmittance values, which

increases soil contribution on total canopy reflectance.

In the red region, the relative difference D3D=1Dcl
is then

globally lower than D3D/1D for the two first growth stages,

particularly for large ws (Fig. 3a and c and Fig. 4a and c). This

improvement is enhanced with the high reflective soil (Fig. 4)

and with low us.

In the NIR, no improvements are observed with the clay

soil, i.e. when the spectral contrast between leaves and soil is
 O
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low, and results deteriorate as D3D=1Dcl
values are globally

beyond the D3D/1D values, except for large ws (908). With the

loamy soil, i.e. when the when the spectral contrast between

leaves and soil is high, D3D=1Dcl
is globally lower than D3D/1D for

the first growth stage, whatever the LAD. For the other growth

stages, as already seen above, 1D BRDF simulations are

relevant with a spherical LAD and D3D=1Dcl
values are globally

higher than D3D/1D (Fig. 5d and f). For example, with LAI = 3.2

and ws = 228, D3D/1D = 4% although D3D=1Dcl
reaches 8%. On the

contrary, with a plagiophile LAD, using 1D clumped scenes

allow a general improvement of the BRDF simulation in the

NIR for these two last growth stages. Indeed, the mean relative

difference with 3D BRDF globally decrease from around 15% to

5% with lmean
DART (Fig. 7d and f). Here again, major results are quite

similar in the solar orthogonal plane (not shown here).

It is interesting to note that BRDF curves simulated in the

NIR with 1Dcl scenes with lDART(u) for large LAI show no

realistic features near the nadir direction since a sudden

increase of the reflectance that does not occur on the 3D BRDF

curve (Fig. 3d and f and Fig. 4f) can be observed. This result

strongly underlines the errors related to a simplified descrip-

tion of the vegetation architecture with 1D scenes (1) by

assuming that leaf contribution is the same at all canopy levels

and (2) by increasing artificially the proportion of radiation



Table 2 – Summary of the improvements observed when simulating BRDF using a clumping index l for the several cases
studied: in the red and near infrared (NIR) wavelengths, for the three growth stages (LAI = 0.95, 3.2 and 5) and the two leaf
angle distributions (LAD, spherical and plagiophile)

Interest of using l for simulating 1D BRDF Red wavelengths NIR wavelengths

LAI 0.95 LAI 3.2 LAI 5 LAI 0.95 LAI 3.2 LAI 5

High spectral contrast between soil and leaves Spherical LAD Yes Yes X Yes X X

Plagiophile LAD Yes Yes Yes Yes Yes Yes

Low spectral contrast between soil and leaves Spherical LAD Yes Yes X X X X

Plagiophile LAD Yes Yes X X X X

Yes: an improvement was observed when using l to simulated canopy BRDF; X: no improvement observed.
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reaching the lower layers of the canopy with the use of a

clumping index. Therefore, using l in the NIR wavelengths

with high LAI does not improve BRDF simulations and leads

also to an unrealistic simulated BRDF curve near the nadir

direction by strongly overestimating leaves scattering.

Finally, it has been shown that when an improvement is

observed using lDART(u), comparable results are generally

obtained using lmean
DART (Figs. 5–7), suggesting that there is no

strong recommendation to take into account the zenith angular

variation of the clumping index to improve BRDF simulations.

Main results are summarized in Table 2 for all the cases

studied. They show that using l to simulate the BRDF of the

maize canopy can globally help to better simulate the BRDF,

especially when the spectral contrast between leaves and soil

is high. Nevertheless, in some cases, the results can be even

worse than those obtained with a 1D turbid medium,

especially in the NIR region and for high LAI. The potential

improvements are thus strongly dependent on the LAI, the

spectral contrast between soil and leaves reflectance values

and the considered wavelengths.
 R
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ev4. Concluding remarks

The major aim of this study is to determine to which extent the

use of a clumping index l within 1D turbid reflectance models

could improve their BRDF simulations in the case of a

heterogeneous row crop. Three growth stages (LAI = 0.95,

LAI = 3.2 and LAI = 5) are studied and for each of them,

different numerical scenes corresponding to different levels of

heterogeneity are simulated: 3D or 1D scenes with randomly

distributed (clumping index l = 1) or clumped (l < 1) leaves. 3D

simulations processed with the DART model (Gastellu-

Etchegorry et al., 1996, 2004) are chosen are references for

the evaluation of 1D simulations.

In most of the cases, it appears that it is not worth taking into

account the zenith angular variation of the clumping index l

since the use of a mean clumping index gives similar results.

This simplifies the use of the clumping index in 1D R-T models.

It has also been demonstrated that the use of l globally

improves 1D BRDF simulations in the red wavelengths for all

growth stages with the highly reflective clay soil. If the contrast

between soil and leaves is lower (loamy soil in our case), the use

of a clumping index seems only relevant during the two first

growth stages. In the high scattering NIR wavelengths, using a

clumping index is only interesting in a few cases if the contrast

between soil and leaves is high (loamy soil in our case). With the
clay soil, it appears that 1D simulations are in all cases more

relevant than 1D clumped simulations.

The advantages of using a clumping index in 1D R-T models

are highlighted in this work, but its limits are also pointed out.

Poor results, found particularly in the high scattering NIR

region and for high LAI, are due to an overestimation of leaf

density in the lower canopy layers with the 1D representation

of the canopy, and this effect is increased with the introduc-

tion of a clumping index.

Recent development of methods that allow a mapping of

clumping indexes from remote sensing datasets (Chen et al.,

2003, 2005; Lacaze et al., 2002) could help to improve light

interactions and BRDF simulations in heterogeneous canopies

with turbid radiative transfer models, especially in the visible

wavelengths. To which extent this could lead to better LAI

estimations by inversion of reflectance remote sensing data is

still matter of concern and investigation.
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