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Abstract: With the advancement of high spatial resolution imaging spectroscopy, an accurate surface
reflectance retrieval is needed to derive relevant physical variables for land cover mapping, soil, and
vegetation monitoring. One challenge is to deal with tree shadows using atmospheric correction
models if the tree crown transmittance Tc is not properly taken into account. This requires knowledge
of the complex radiation mechanisms that occur in tree crowns, which can be provided by coupling
the physical modeling of canopy radiative transfer codes (here DART) and the 3D representations of
trees. First in this study, a sensitivity analysis carried out on DART simulations with an empirical
3D tree model led to a statistical regression predicting Tc from the tree leaf area index (LAI) and
the solar zenith angle with good performances (RMSE ≤ 4.3% and R2 ≥ 0.91 for LAI ≤ 4 m2.m−2).
Secondly, more realistic 3D voxel-grid tree models derived from terrestrial LiDAR measurements
over two trees were considered. The comparison of DART-simulated Tc from these models with the
previous predicted Tc over 0.4–2.5 µm showed three main sources of inaccuracy quoted in order of
importance: (1) the global tree geometry shape (mean bias up to 21.5%), (2) the transmittance fraction
associated to multiple scattering, Tscat (maximum bias up to 13%), and (3) the degree of realism of the
tree representation (mean bias up to 7.5%). Results showed that neglecting Tc leads to very inaccurate
reflectance retrieval (mean bias > 0.04), particularly if the background reflectance is high, and in the
near and shortwave infrared – NIR and SWIR – due to Tscat. The transmittance fraction associated to
the non-intercepted transmitted light, Tdir, can reach up to 95% in the SWIR, and Tscat up to 20% in
the NIR. Their spatial contributions computed in the tree shadow have a maximum dispersion of 27%
and 8% respectively. Investigating how to approximate Tdir and Tscat spectral and spatial variability
along with the most appropriate tree 3D modeling is crucial to improve reflectance retrieval in tree
shadows when using atmospheric correction models.

Keywords: tree crown transmittance; shadow; 3D modeling; terrestrial LiDAR; hyperspectral; DART
radiative transfer; surface reflectance retrieval

1. Introduction

The use of imaging spectroscopy (IS) compared to multispectral imagery has opened
the way to providing access to more physical surface properties for better monitoring of
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land cover mapping, vegetation, and soil monitoring in both urban and natural ecosys-
tems [1–3]. However, their derivation requires accurate surface reflectance retrieval. For
instance, erroneous surface reflectances lead to incorrect calculation of vegetation indices
and, later, to a spurious assessment of vegetation biochemical and biophysical proper-
ties [4–6]. With the advancement of high spatial resolution IS, such as operated by airborne
and UAV platforms, the major issue is the presence of shadows either cast by manmade
infrastructures or trees. In an urban context composed of buildings and a tree-covered park,
Adeline et al. [7] showed that the proportion of shadows can account around between 20%
and 30% of the image pixels for a zenith angle of 32◦ at an airborne spatial resolution of
0.2 m. Then, in many cases, shadows are masked or considered as a class by their own
for further applications, but this is to the detriment to process the whole image if, for
instance, the objects of interest are hidden within the shaded areas [8,9]. An alternative is
the use of 3D atmospheric correction models. Unlike other shadow correction methods
such as radiometric enhancement and multisource data fusion methods [10,11], they are
physically based and convert the image radiance units into reflectance ones. They rely
on the modeling of all the radiative contributions (irradiance and radiance terms) coming
from the atmosphere and the surroundings with their 3D geometric attributes in order
to process shaded areas [12–17]. Good performances in surface reflectance retrieval are
achieved in shadows cast by buildings because they behave as opaque materials and their
shadows mainly receive diffuse irradiance. However, dealing with the tree shadows is
more challenging. The current drawback of most of atmospheric correction models is
that they do not take into account the contribution of the transmitted irradiance through
the tree crown. Actually, the light attenuation received in the tree shadows and then cap-
tured by the remote sensor depends on many factors that can be split into two categories.
On one side, the first one gathers factors which are intrinsic to the tree due to its crown
structure and the optical properties of its crown materials, here further studied through
the tree crown transmittance Tc. Among these factors, one can quote the tree species [18]
and functional type (e.g., broadleaf or conifer), its structural traits (e.g., tree dimensions
including crown shape [19], leaf area index, leaf clumping [20] and angle distribution,
wood architecture) and its optical traits from both the leaves and the non-photosynthetic
vegetation elements (NPV; e.g., trunk and branches). On the other side, the second category
of factors is more inherent to the acquisition conditions, such as the illumination source,
the topography, and the optical properties of the immediate environment. Considering
that these latter factors are generally known or assumed, the main issue applies to the
knowledge of Tc, strengthened by the fact that Tc is a spectrally, spatially, and temporally
dependent variable.

Quantifying Tc can be investigated through field measurements or simulations as the
ratio between the transmitted over the incoming light based on the law of Beer–Lambert.
From LiDAR measurements with either a terrestrial or aerial laser scanner (TLS or ALS), Tc
is often considered to be just a geometric variable related to the gap fraction/probability
or a laser penetration index [21–23]. Then, with radiometer sensors, or hemispherical
photographs [24–26], the spectral variations of Tc are in most cases measured over the
photosynthetically active radiation range and so integrated over 0.4–0.7 µm [27–29]. Glob-
ally, little research for Tc is dedicated to the entire solar optical range 0.4–2.5 µm, which is
needed for IS surface reflectance retrieval purposes. However, some very recent studies
succeeded in measuring Tc with hyperspectral spectroradiometers in the field [6]. Another
way to quantify Tc is by simulation, thanks to the coupling of the use of canopy radiative
transfer models with the modeling of trees [17,24,30–32]. Models considering 1D homo-
geneous turbid medium canopies, like the most-used SAIL [33], are not precise enough
compared to those considering more complex 3D heterogeneous ones like INFORM [34]
and DART [35] to take into account all factors inducing Tc, such as tree dimensions, leaf
clumping, and the presence of wood [36,37]. As a consequence, only 3D canopy radiative
transfer models suit the framework of this study. They enable to account for the complex
radiation mechanisms that occur in the tree crowns, leading to a better determination of Tc.
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First, the separate impact on Tc of the direct and diffuse top-of-canopy (TOC) irradiances,
respectively coming from the sun and the atmosphere, can be studied [4,5,29]. Second,
Tc can be decoupled into its two main contributions: the first that is directly transmitted
through the crown gaps (i.e., non-intercepted; hereafter named Tdir) and the second that is
transmitted due to the multiple scattering with the crown materials and the background
(hereafter named Tscat). However, the spectral and spatial variability of both Tdir and Tscat
and their quantitative contribution into Tc over the 0.4–2.5 µm spectral range have not yet
been investigated, as well as their impact on the accuracy of surface reflectance retrieval in
the tree shadows.

Furthermore, one major source of errors in simulating Tc from canopy radiative
transfer models is the 3D approximation of the tree crown, whether in presence of a
forest canopy or a single tree [38]. Some studies [30,39] considered several abstract tree
representations derived from TLS and ALS data: an explicit TLS/ALS-based tree model
and discrete/geometric voxel-grid tree models. For atmospheric correction purposes,
discrete voxel-grid representation was used [5,6], while one study [17] used the geometric
voxel-grid representation. How reflectance retrieval accuracy in the tree shadow is affected
by the radiative impact of the 3D tree representation (first insights are given by [30])
but also the scene representation (for instance the background type) is important and
should be evaluated. At last, recent studies aiming to improve reflectance correction in
the tree shadows rely on the use of the DART model [35] and demonstrated promising
results [5,6,17,40]. However, investigations are still needed to be able to properly estimate
Tc in order to bring the most appropriate correction in the tree shadow.

Thus, the objective of this paper is to study the impact of the tree crown transmittance
Tc on surface reflectance retrieval in the tree shadow based on a simulation analysis. Tc
will be described by its mean spectral variations over the 0.4–2.5 µm range and its spatial
contribution computed in the tree shadow (accounting for both Tdir and Tscat). It will be
simulated through different 3D tree modeling scenarios from TLS measurements and the
use of DART canopy radiative model. The goal further tackled would be to give prospects
to improve the performances of 3D atmospheric correction models for surface reflectance
retrieval in the tree shadows, more specifically the model ICARE-VEG, since this study is
the continuation of the work performed by [17]. On this basis, the following assumptions
are set up. Tc is defined as the ratio between the portion of radiation that is received on the
ground after being transmitted by the tree crown and the total amount of solar radiation
incoming above the tree canopy (shown as %) [41,42]. It will be only considered for an
isolated tree, and the results of this study should not be further interpreted as directly
applicable to forests. The temporal variation of Tc is not taken into account. Simulations
of Tc are within the framework of single date IS data at high spectral resolution (here,
0.4 m) and acquired at nadir view. They are derived from DART-simulated irradiance and
radiance terms that are assumed to be accurate since DART has been validated in many
previous studies, for instance with [6] for irradiances in presence of a single tree and [39]
for TOC radiances in a dense forest. Only limitations of DART in 3D tree modeling and
their impact on simulated transmittances will be explored. Among the 3D tree modeling
scenarios, a “reference tree model” with fixed geometrical dimensions will be considered.
This latter was used in [17] as a preliminary stage to build a physics-based correction
factor dedicated to tree shadows for the ICARE-VEG atmospheric correction model. In this
paper, it is later renamed the “empirical tree model”. Then, the simulation analysis focuses
on isolated trees present in an urban environment, the same as in [17]. In addition, only
deciduous trees with green healthy leaves and surfaces with Lambertian spectral behavior
are considered. In more details, this study aims to address the following research questions:

1. Spectral and spatial variations of simulated Tc from TLS-based tree model to different
levels of abstraction of tree modeling: What are the differences and where they come
from? Which 3D tree representation is best suited?

2. Tc predicted from a statistical regression based on a very simplified and empirical tree
representation and the variation of several input parameters: What performances can
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be achieved? What are they when applied to tree models from more realistic scenarios
(TLS-based and abstract tree models)?

3. Surface reflectance retrieval in the tree shadow by accounting for Tc: Does the per-
formance of the regression built on the empirical tree model fit the retrieval accuracy
requirements? What are the contributions of both Tdir and Tscat to Tc in the radiative
budget in the tree shadow and what are the consequences of neglecting them?

2. Materials and Methods
2.1. Study Site and Field Measurements

A field campaign was carried out during 4 days between 3and 13 June 2013, on the
CREPS site located in Toulouse, southwest of France (Center of Resources, Expertise and
Sportive Performance; 43◦34′04.48′′ N, 1◦28′37.11′′ E) [43]. It consisted in both geometric
and optical characterization of two single deciduous broadleaf trees, a magnolia tree
(Magnolia grandiflora; Figure 1) and a linden tree (Tilia cordata; Figure 1). They were selected
because they are isolated, cast a large shadow on a well-tended lawn, and have two
different foliar densities and tree crown morphology. The magnolia appears to have a
low leaf density with a crown with no specific shape while the linden has a higher leaf
density with a crown like an elliptic paraboloid. The measured variables of interest were
the leaf optical properties (hereafter named LOP) and the crown NPV reflectance (NPV
stands here for trunk and branches), the 3D architecture from TLS acquisitions with the
separation of leaves and NPV, the trunk diameter defined by the diameter at breast height
(DBH), the tree leaf area index (hereafter mentioned indifferently in this paper LAI or tree
LAI), and the leaf angular properties, approximated by the average leaf angle (ALA) for an
ellipsoidal leaf angle distribution (LAD).

Figure 1. Digital camera pictures of the two trees (top left side: magnolia; top right side: linden) and mean spectral
properties of their trunk and leaves (bottom side: “leaf 1” stands for reflectances and “leaf 2” stands for 1 − transmittance).
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For each tree on 13 June 2013, LOP were measured with a portable ASD FieldSpec®

3 spectroradiometer (Analytical Spectral Devices Inc., Boulder, CO, USA) with the leaf-clip
accessory. A set of 10 leaves taken at the half of the crown height and located randomly
in the sunlit and the shade part of the crown were sampled. For two distinct positions
on each leaf, 20 reflectance measurements were acquired and the same was performed
by using the white and black panels in the leaf-clip to derive both leaf reflectance and
transmittance following the protocol of [44]. Trunk reflectance was measured with the
same spectroradiometer, and the contact probe accessory. Measurements were acquired
on 10 different locations, where maximum contact with the trunk can be achieved, and
avoiding the sunlight to interfere with the measure by placing a black tissue all around
the contact probe. For each trunk location, 20 reflectance measurements were acquired,
and calibration was performed by using an external Spectralon® with known reflectance.
Then, for both leaf and trunk measurements, common spectral discontinuities due to
changes between the three optical fibers in the instrument over the 0.35–2.5 µm range
were corrected by a parabolic correction included in the ViewSpec Pro software (Analytical
Spectral Devices application). No smoothing was applied. At last, only the spectral average
values of the derived optical properties are kept for the purposes of this study based on a
simulation analysis (trunk reflectance was assigned to NPV reflectance including branches
as well). They are plotted in Figure 1.

On the same day, on 13 June 2013, multiple acquisitions with a TLS instrument
were performed in order to reconstruct the 3D shape of trees from the acquired point
clouds. This LiDAR instrument has been developed by ONERA: GIBI (Gated Imager
with Burst Illumination) [45]. It has multi-target capability and took several multi-angular
acquisitions leading to point clouds with an angular step set to 1◦ between consecutive laser
shots [45]. The data geo-referencing was performed based on known reference locations of
French Geographic Institute (IGN) with centimetric accuracy. NPV can be separated from
the leaves by combining reflectance information at 1.5 µm (LiDAR working wavelength
and home-made calibration process), the shape and order of echo (first, intermediate,
last). Trunk has a higher reflectance value at 1.5 µm than the LOP (Figure 1) and mainly
present sharp and isolated LiDAR echoes while leaves usually have overlapping multiple
ones. Single echoes highlight both NPV and leaves at the borders of the tree crown
while intermediate echoes represent part of the signal transmitted through the tree and
partially intercepted. Consequently, NPV were discriminated by manually thresholding
the reflectance and extracting single echoes [46]. This step is manually completed inside
the tree crown when the tree LAI is high like for the linden. Then, NPV and leaves were
triangulated from the 3D point clouds by accounting for the specific leaf dimensions (e.g.,
0.15 m for the magnolia and 0.08 m for the linden tree) with a processing algorithm. For
the linden, 96% of the facets over a total of 836,543 represents leaves compared to wood
elements while it is 87% over 784,684 for the magnolia. This process leads to building what
is further called the 3D TLS-based tree models, from which tree height, crown projected
area, and crown volume were estimated. The tree height is given by the highest cloud point
acquired by the TLS instrument. The crown projected area is retrieved with an accuracy
of 0.01 m2 by triangulating the surface of a polyline defined by the projected 3D point
cloud on a ground plane the furthest from the tree trunk position. The crown volume is
estimated at an accuracy of 0.01 m3 by defining a convex envelope encompassing all cloud
points within the crown. At last, DBH was measured in situ for the two trees at 1.3 m from
the ground.

The tree LAI (i.e., the ratio between the total leaf area and the crown projected area at
ground) was directly estimated thanks to the knowledge of the total area of the leaf triangles
and the crown projected area, as previously computed from TLS data post-processing. It
was retrieved at 1.28 m2.m−2 for the magnolia and 2.27 m2.m−2 for the linden tree. The
ALA for each tree was estimated by importing the leaf triangles of the TLS-based tree
models into the radiative transfer model DART, where they are converted into turbid voxels
of dimensions 0.4 m× 0.4 m× 0.4 m. For each voxel, DART computes the mean orientation
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of the leaf triangles by sampling the ALA with a discrete number of angles between 0 and
90◦. This number is arbitrary fixed to 10 to keep the computation time moderate. A mean
ALA of 63 and 51◦ is retrieved, respectively, for the magnolia and the linden, with a similar
standard error of 13◦. Then, in order to assess the influence of the TLS-based reconstruction
accuracy on the previous estimations of the tree LAI and the ALA, these values were further
compared to estimations derived from two additional methods: an indirect calculation of
LAI and ALA from optical measurements with a LAI-2000 plant canopy analyzer (LI-COR,
Inc., Lincoln, NE, USA) and an allometric equation from [47] to estimate LAI. On one side,
the comparison of ALA values derived from the TLS-based tree models and the LAI-2000
shows a good agreement with a difference of 2◦ for the linden and 7◦ for the magnolia.
Their respective values are relatively close to 57.58◦, which is the value corresponding to
a spherical LAD [48] (later assumed in some 3D tree modeling scenarios). On the other
side, the comparison of LAI values is much less straightforward and depends on the leaf
clumping, and both the leaf and wood elements density. Complete details about the theory
for the allometric equation, how the measurements were taken with the LAI-2000, and
discussions in comparing the different results are described in Appendix A. At last, in
the following sections of this study, only LAI and ALA values retrieved from TLS data
are further used for the 3D tree modeling scenarios since the references are the TLS-based
tree models.

2.2. General Methodology

The global methodology is structured as depicted in Figure 2. In Section 2.3, the
DART canopy radiative transfer model is used to consider multiple 3D tree models, and
simulates observations that will serve to extract the tree crown transmittance. First, in
the Section 2.3.1, several strategies are defined to model the 3D structure of a single tree:
a schematic and generalized representation with a fixed geometry named the empirical
tree model (noted E) that lies as a compromise for the needs of atmospheric correction
models [17] and more realistic representations that are derived from both TLS acquisitions
and field measurements (models numbered from 1 to 6). Then, all these tree models are
represented in 3D mockups into DART. These mockups are designed to represent the
scene viewed by a pixel from the remote sensing image. The other inputs of DART are
composed of fixed and variable parameters, which are set in the Section 2.3.2. For instance,
some parameters are fixed by the tree geometry and the field measurements for the tree
models from n◦1 to 6. The, the simulations are run and stored in lookup tables (LUTs)
where the outputs of interest are extracted, that are the irradiance fractions received at
ground in the tree shadow. From these latter, the tree crown transmittance Tc is computed
as explained in the Section 2.3.3 and Appendix B. Next, the analysis of Tc is split into two
parts. The first part is dedicated to the building of a regression relationship aiming to
predict Tc from the empirical tree model. To this end, a preliminary sensitive analysis is
carried out in order to select the most important factors to build the regression. The theory
is detailed in Section 2.4 and the results in Section 3.1. The second part is based on the
comparison between the tree models; more precisely, predicted Tc from the empirical one
and simulated Tc from the more realistic models. The metrics of comparison are stated in
Section 2.5. The goal is to have a better understanding of the sources of errors in estimating
Tc due to (i) a degradation in the tree model abstraction from a realistic case relying on in
situ measurements (tree models from n◦1 to 6) and (ii) the strong assumptions made by
summarizing each tree by a fixed geometry for the sake of generalization (tree model E
compared to those from n◦1 to 6). In Section 3.2, results are further shown depending on
their spatial and spectral variability and their dependence to some variable parameters
defined as inputs to DART simulations. At last, surface reflectance retrieval performances
are analyzed following the 3D tree models in Section 3.3, based on the metrics defined in
Section 2.6 linking Tc and reflectance computation in the tree shadow.
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Figure 2. General methodological workflow.

2.3. DART Canopy Radiative Transfer Model: Tree Modeling, Simulation Setting, and
Transmittance Extraction

DART is a radiative transfer model in the Earth surfaces and the atmosphere, devel-
oped since 1992 in CESBIO (cesbio.cnrs.fr) and patented in 2003. Toulouse III University
provides free licenses for research and education (dart.omp.eu). DART relies on an adaption
of the so-called discrete ordinate method where radiation is tracked along a finite number of
directions within any 3D urban/natural landscapes for any experimental/instrument con-
figuration (atmosphere, topography,...) across the optical spectral domain (from ultraviolet
to thermal infrared). It provides two major types of results:

• Remote sensing observations: satellite, aircraft, and ground imaging spectroradiome-
ters and scanning LiDAR (discrete return, waveform, photon counting, TLS) systems.

• Radiative budget: 3D, 2D, and 1D distributions of absorbed, emitted, scattered, and
intercepted radiation, including the solar-induced chlorophyll fluorescence signal of
3D vegetation.

DART is continuously improved. For example, its radiative coupling of the atmo-
sphere and Earth surfaces with topography [49], and its atmospheric thermal infrared
modeling [50] were recently improved. The major ongoing improvement deals with the
introduction of bi-directional Monte Carlo methods that further improve its accuracy and
potential to simulate large landscapes through the reduction of simulation time and needed
computer memory [51].

DART uses specific input parameters for the optical properties and the geometry of the
scene it simulates, the illumination and viewing conditions, and the sensor characteristics.
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It is very suited to assess different modeling strategies, especially for the tree architecture.
More detail on the DART model is given in [35,52].

2.3.1. 3D Tree Modeling Scenarios

On the one hand, a very simplified tree model based on a geometric voxel-grid
representation is considered. It originally refers to the “reference tree model” defined in [17]
in order to bring a general correction baseline adapted to urban areas for atmospheric
correction in the tree shadows. Its dimensions are arbitrarily fixed following mean statistics
of urban single trees and allometric equations. The tree crown is ellipsoidal, which is an
assumption often used in the literature [53,54]. There are no branches and the trunk is
cylindrical outside the crown and conical inside it (Figure 3, Tables 1 and 2). This empirical
tree model, noted tree model E, aims at giving first insights about the general behavior
of Tc.

Figure 3. DART 3D mockups of the tree models and NPV (i.e., trunk and branches) for the two species (for global
interpretation, dimensions are not respected). Leaves are either represented by triangles (light green color) in the TLS-based
tree model n◦1 or simulated as a 3D distribution of voxels filled with turbid medium (dark green color) in the discrete
voxel-grid tree model n◦2 and the geometric voxel-grid tree models n◦4 and E. NPV (brown color) are either represented by
triangles for the TLS-based and discrete/geometric voxel-grid tree models n◦1, 2, and 4 or a cylinder followed by a cone for
the discrete/geometric voxel-grid tree models n◦3, 5, and 6.

Table 1. Geometric configuration for each abstract tree model numbered from n◦1 to 6 based on the TLS measurements
(magnolia / linden) and for the empirical tree model E.

Tree Model
1 2 3 4 5 6 E

(TLS-Based) (Discrete
Voxel-Grid)

(Discrete
Voxel-Grid)

(Geometric
Voxel-Grid)

(Geometric
Voxel-Grid)

(Geometric
Voxel-Grid)

(Geometric
Voxel-Grid)

Leaves (L), trunk (T)
and branches (B)

modeling

Triangles
(L+T+B)

Turbid voxels (L)
and triangles

(T+B)

Turbid voxels (L)
and geometric
(T), no branch

Turbid voxels (L)
and triangles

(T+B)

Turbid voxels (L)
and geometric
(T), no branch

Turbid voxels (L)
and geometric
(T), no branch

Turbid voxels (L)
and geometric
(T), no branch

Tree height [m] 9.48/11.56 9.48/11.56 9.48/11.56 9.65/11.90 9.65/11.90 9.65/11.90 14.2

Crown ellipsoid
dimensions in x, y, z

[m x m x m]
- - -

13.47 × 11.81 ×
8.45 / 11.40 ×
11.94 × 11.4

13.47 × 11.81 ×
8.45 / 11.40 ×
11.94 × 11.4

13.47 × 11.81 ×
8.45 / 11.40 ×
11.94 × 11.4

6 × 6 × 9.4

Trunk cylinder
height below &

inside crown [m]
- - 1.2 & 6.34/0.5 &

8.55 - 1.2 & 6.34/0.5 &
8.55

1.2 & 6.34/0.5 &
8.55 4.8 & 7.2

DBH [m] - - 0.5/0.42 - 0.5/0.42 0.5/0.42 0.4

Crown projected
area [m2]

117/119 98/97 98/97 125/107 125/107 125/107 28

Crown volume [m3] 339/669 280/581 280/581 704/812 704/812 281/579 177
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Table 2. Variable parameters (their acronyms are highlighted in italics and bold) used for the empirical tree model E and
their respective fixed values for the abstract tree models from n◦1 to 6 based on TLS measurements (magnolia / linden).

Tree Model
1 2 3 4 5 6 E

(TLS-Based) (Discrete
Voxel-Grid)

(Discrete
Voxel-Grid)

(Geometric
Voxel-Grid)

(Geometric
Voxel-Grid)

(Geometric
Voxel-Grid)

(Geometric
Voxel-Grid)

Tree LAI
[m2.m−2] TLS-fixed TLS-fixed TLS-fixed (1.28/2.27) 1 (1.28/2.27) 1 (1.28/2.27) 1 0.5–1–1.5–2–2.5–

3–3.5–4–6–8

LAD
(distribution:

ALA [◦])
TLS-fixed

Computed
(ellipsoidal: 63

/ 51)

Computed
(ellipsoidal: 63

/ 51)

Simplified
(spherical) 2

Simplified
(spherical) 2

Simplified
(spherical) 2

Simplified
(ellipsoidal:
30–57.58–70)

Leaf clumping
or POROSITY

[%]
TLS-fixed Computed Computed Absent Absent

Random
distribution 3:

28.5 / 60

Random
distribution:

0–30–70
1 fixed from the direct calculation based on the TLS measurements; 2 spherical LAD has no ALA; 3 percentage of gaps for a horizontal
random distribution in the tree crown.

On the other hand, there is a need to compare this simplified empirical tree model
with realistic scenarios. The most realistic tree representations are assumed to come directly
from the TLS measurements described in Section 2.1, noted tree model n◦1 (Figure 3,
Tables 1 and 2). Then, several abstract versions are derived from these TLS-based tree
models and chosen in part following the work of [30]. They are categorized as discrete
and geometric voxel-grid representations: they are based on the tree crown shape, leaf
distribution, orientation and clumping, and the presence or absence of NPV. Discrete
voxel-grid representations, noted in tree models n◦2 and 3, come from the conversion of
the leaf triangles of tree model n◦1 into turbid voxels, preserving the global shape of the
tree crown and the tree LAI but leading to a coarser modeling of leaf clumping within
the crown and an approximate LAD depending on the voxel size (Figure 3). Geometric
voxel-grid representations, noted in tree models n◦4–6, consider the simplification of the
tree crown shape with turbid ellipsoids whose dimensions is chosen to fit as much as
possible the maximum spatial extents of those of discrete tree models. As such, these
geometric models get closer to the tree model E except that the tree global dimensions
differ. Then, compared to tree models n◦2 and 3, tree LAI is the same and the LAD is
assumed to be spherical (LAD type commonly chosen in the literature when unknown).
Leaves are uniformly distributed, assuming that there is no clumping, except for tree model
n◦6, which has a POROSITY representing a percentage of gaps within the tree crown [55].
Actually, POROSITY simulates leaf clumping (assumed to be a proxy for it) in order to
better reproduce the total leaf volume from discrete to geometric tree models for a same
LAI vertical distribution. It is computed as the ratio of the number of voxels full of leaves
between the geometric and the discrete tree models. At last, tree models n◦1, 2, and 4 have
a TLS-based NPV representation (trunk and branches) while tree models n◦3, 5, and 6 have
a simplified one, the same as tree model E (Figure 3).

2.3.2. Definition of the Fixed and Variable Parameters for Simulation Purposes

Two sets of variable parameters are defined to be used with DART: seven parameters
(LAI, ALA, POROSITY, LOP, SZA, VISI, BACKGROUND) for the tree model E following
the work of [17] and two parameters (SZA, BACKGROUND) for the tree models from
n◦1 to 6. Then, globally, Tables 2 and 3 and Figure 4 give the values of the variable and
fixed parameters. For tree models from n◦1 to 6, optical properties, namely LOP and
NPV reflectance, are fixed to the field measurements (Figure 1). For the tree model E,
LOP are those of three tree species from the spectral database ANGERS03 [56]: Quercus
palustris, Populus alba, and Liquidambar styraciflua (Figure 4). They were selected because
they have respectively the highest leaf transmittance, the highest leaf reflectance and
average leaf reflectance and transmittance [17]. Trunk reflectance is “deciduous bark” from
the DART spectral database. The scene has dimensions such that it includes the tree model
and its cast shadow. Its voxel size (0.4 m) is adapted to the scene element dimensions.
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The BACKGROUND reflectance is either “rye grass” or “dark asphalt” from the DART
spectral database (Figure 4). The atmosphere is typical of urban environments with either
a standard urban visibility (VISI = 5 km) or clear sky conditions (VISI = 23 km). The solar
zenith angle is defined for three hours of the day (SZA = 30/45/60◦). The spectral range
is 0.4–2.5 µm with a sampling and spectral resolution typical of visible and near infrared
(Vis–NIR) and shortwave infrared (SWIR) HySpex sensors (Norsk Elektro Optikk). Finally,
a total of 3240 Tc observations are simulated for the first set of variable parameters and 6 Tc
observations per tree model for the second one.

Figure 4. Optical properties of the DART scene background (reflectance, and both the trunk (re-
flectance) and leaves (reflectance and 1 − transmittance) for the empirical tree model E. Differences
in the number of displayed dots are due to the fact that the spectra do not have the same num-
ber of wavelengths. DART applies an interpolation for wavelengths where the spectrum value is
not provided.

Table 3. DART geometric configuration of the scene, sun direction, atmosphere, and sensor (the
acronyms of the variable parameters are highlighted in italics and bold).

Variable [Units] Values

Sun geometry Zenith angle [◦] (SZA) 30–45–60
Azimuth angle [◦] 90 (relative value)

Sensor geometry Zenith /Azimuth angles [◦] 0 / 0

Spectral bands Number 1 / range [µm] 138 / 0.4–2.5
FWHM 2 [nm] Vis–NIR: 3.7 & SWIR: 6

Atmospheric conditions
Gaseous atmospheric profile Mid-latitude summer

Aerosol type Urban

Visibility [km](VISI) Tree model n◦1–6: 23
Tree model E: 10–23

Scene
Dimensions in x, y, z [m ×m ×m]

Tree model n◦1–6:
Magnolia: 20 × 30 × 10

Linden: 20 × 30 × 12
Tree model E:

- SZA < 60◦: 22.8 × 22.8 × 14.0
- SZA = 60◦: 30.8 × 30.8 × 14.0

Voxel size in x, y, z [m ×m ×m] 0.4 × 0.4 × 0.4
1 bands inside atmospheric water vapor windows and with low signal-to-noise ratio are removed; 2 full width at
half maximum.
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2.3.3. Tree Crown Transmittance Derived from Radiative Transfer Budget in the
Tree Shadow

The irradiance Itot of any ground point in the tree shadow corresponds to the TOC
solar direct and diffuse irradiance ITOC that has interacted or not with the tree crown
materials (e.g., leaves and NPV). Here, Itot is assumed to be the sum of three terms: the
tree crown transmitted irradiance Itrans, the atmospheric diffuse solar irradiance Idi f that
directly illuminates the ground, and the earth–atmosphere coupling irradiance, Icoup. The
irradiance due to the scattering by the surrounding environment is neglected since a
single isolated tree in a flat scene is considered. Itrans can be split into three components:
Itrans= Idir,s

trans+I dir,d
trans+ Iscat

trans, with Idir,s
trans and I dir,d

trans due to the direct transmission through the
tree crown of the direct sun and diffuse atmosphere radiation, respectively, and Iscat

trans due
to the tree crown transmitted radiation that has been scattered at least once by the tree, and
possibly also with the ground. These components are retrieved from DART as explained in
Appendix B. Some of them are used to compute Tc and are extracted for each ground voxel
located in a mask manually drawn over the tree shadow. For the three SZA, this mask
includes a number of 162, 250, and 396 voxels for the tree model E, 590/530, 720/600, and
910/800 voxels for tree models from n◦1 to 3 for linden/magnolia, and 630/630, 790/730,
and 1,160/910 voxels for those from n◦4 to 6 for linden/magnolia. Then, Tc is expressed as
a percentage as follows:

Tc =
Itrans

ITOC
× 100 =

(
Idir,s
trans + Idir,d

trans + Iscat
trans

)
ITOC

× 100 = (Tdir + Tscat)× 100 (1)

with Tdir for direct transmission, and Tscat for transmission with multiple scattering.

2.4. Statistical Regression for the Empirical Tree Model

With the empirical tree model E, the objective is to establish a statistical regression
to predict the mean of Tc in the tree shadow. The methodology is taken from [17] and
summarized thereafter. The regression equation is determined by the averaged Tc over the
tree shadow mask for the 3240 DART-simulated observations.

A first step consists in reducing the number of explanatory input parameters in the
regression equation based on a variance analysis (ANOVA) and the computation of a
sensitive index η2. This index is the ratio of the sum of squares values accounting for the
single and combined effects of the input parameters on the variance of Tc over the total sum
of square values [57,58]. First, the input parameters and the output Tc are conditioned to
vary linearly within their range, normalized and centered. Then, a second order polynomial
expression with the first order interactions between the inputs and the output is built. The
goodness of fit of this expression is assessed with the root mean square error (RMSE), the
adjusted coefficient of regression (R2

adj), and the metric of statistical significance (p-value).

At last, η2 is computed for each input parameter and each of the 138 spectral bands. A
spectral analysis is performed over four LAI ranges: full (0.5 m2.m−2 ≤ LAI ≤ 8 m2.m−2),
low (0.5 m2.m−2 ≤ LAI ≤ 2 m2.m−2), medium (2 m2.m−2 ≤ LAI ≤ 3.5 m2.m−2), and high
range (3.5 m2.m−2 ≤ LAI ≤ 8 m2.m−2). Finally, the most influent parameters are selected
among the highest η2 values.

A second step aims at building a multivariate linear regression equation from this
reduced number of input parameters. A stepwise strategy is chosen from a second order
polynomial expression with first order interactions in order to decrease the number of
terms in the final equation [59]. The following equation is finally determined:

Y(λ) = a0(λ) + a1(λ)× X′ + a2(λ)× X′′ + a3(λ)× X′2 + a4(λ)× X′′ 2 + a5(λ)× X′3

+a6(λ)× X′4 + a7(λ)× X′ × X′′ + a8(λ)× X′ × X′′ 2
(2)
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with


Y = log(Tc + 1)
X′ = e−0.5×LAI

X′′ = cos(SZA)
, λ the spectral band and a1..8 the eight regression coefficients.

The regression coefficients are bootstrapped over 1000 repetitions and their mean
values are attributed to the Equation (2). Performance will be assessed with RMSE and R2

over all the 3240 Tc observations.

2.5. Metrics to Compare Tree Crown Transmittances

The analysis to compare Tc between TLS-based, discrete/geometric voxel-grid and
empirical tree models is split into two parts: a spectral analysis carried out on Tc averaged
over the tree shadow and a spatial analysis taking into account its variability computed
at shadow. A base simulation scenario is assumed to be with SZA = 45◦ and BACK-
GROUND = grass for TLS-based, discrete, and geometric voxel-grid tree models, and
LAI = 3 m2.m−2, LOP = quercus, ALA = 57◦, POROSITY = 0%, SZA = 45◦, VISI = 23 km,
and BACKGROUND = asphalt for the empirical one.

For the spectral analysis, the objective is to assess the mean spectral bias error (B) in
simulating and predicting Tc with different levels of 3D simplification of the tree compared
to a reference case. This reference will be assumed to be first the TLS-based tree model
and then the empirical one for 6 Tc observations. Afterwards, the sign of B will show if the
compared tree model overestimates (B < 0) or underestimates (B > 0) Tc compared to the
two reference tree models. B is expressed in percentage and computed as follows:

Bre f ,m,k =
N

∑
i=1

(
Tre f

c (λi)− Tm
c (λi)

)
N

× 100 (3)

with N the number of spectral bands (λ the wavelength), ref the reference tree model, m the
compared tree model, and k one DART Tc observation.

For the spatial analysis, the objectives are to have a better physical understanding of
radiation interception mechanisms within a scene with an isolated tree, and to quantita-
tively assess Tc spatial heterogeneity when computed at tree shadow. To achieve this, the
fraction of intercepted radiation will be observed along the tree elevation profile [60], and
the distribution variability of Tc in the tree shadow will be studied through the calculation
of a measure of statistical dispersion, namely the interquartile range (IQR = Q3 −Q1 with
Q1 and Q3 being the first and third quartile of a boxplot representation). These analyses
will be examined by separating the contribution of Tdir and Tscat from Tc. This spatial study
is performed for the base simulation scenario at the wavelength 0.8 µm, for which the
contribution of Tscat is close to its maximum value.

2.6. Metrics to Assess Surface Reflectance Retrieval Performance

Following the previous spectral analysis, the next step is to evaluate if the simulated
and predicted Tc from the different tree models fit the requirements to retrieve surface
reflectance correctly in a tree shadow. This relies on the fact that all sources of errors on the
estimation of the radiative components are null except those associated to Tc. As such, the
desired accuracy in reflectance retrieval is fixed according to two atmospheric correction
models able to achieve an exact calculation of the 3D radiative terms to retrieve surface re-
flectance at high spatial resolution: ATCOR-4 [12] and ICARE [15]. Assuming a flat terrain
and avoiding the specular and backscattering regions, ATCOR-4 performance demon-
strated an absolute error of 0.02 and 0.04 for an initial reflectance below 0.10 and above 0.40
respectively, and good agreement with field data in the range 0.01–0.03. ICARE showed a
maximum peak to peak accuracy of 0.04 in the retrieved reflectance compared with field
data for some spectral bands and pixels located in shadows cast by buildings. Based on the
performances and accuracies of these models already stated in the Introduction, three abso-
lute reflectance levels of error are accordingly defined as good performances (error < 0.02),



Remote Sens. 2021, 13, 931 13 of 34

acceptable performances (0.02 ≤ error ≤ 0.03), critical performances (0.03 < error ≤ 0.04),
and unacceptable performances (error > 0.04).

A first goal aims at evaluating the global mean spectral error determined by fixing
thresholds SNB on the computation of the normalized mean bias (NB) compared to Tc for
the reference tree model. As previously in Section 2.5, the reference will be assumed to be
first the TLS-based tree models and then the empirical one for 6 Tc observations. Then, NB
and SNB are expressed in percentage and computed as follows:

NBre f ,m,k =
N

∑
i=1

∣∣∣Tre f
c (λi)− Tm

c (λi)
∣∣∣

N
× 100 (4)

SNB =
∆Tc

Tc
=

∆ρ

ρ
× Itot

Itrans
× 100 (5)

with ρ the ground reflectance and the absolute reflectance and ∆ρ error.
A second goal is to assess this same error when neglecting either Tdir or Tscat at

two specific spectral bands, 0.67 and 0.8 µm (the red and NIR band commonly used for
vegetation indices calculation), where the contribution of Tscat greatly differs. This time,
the only reference tree model will be the TLS-based ones (the more realistic scenario)
and the base simulation observation is still SZA = 45◦ and BACKGROUND = grass. The
same three absolute reflectance errors are considered with the same evaluation of achieved
good/acceptable/critical/unacceptable performances for atmospheric correction purposes.

Thus, for both these two goals, SNB will be calculated with the ratio Itot/Itrans deter-
mined through the analysis of the radiative transfer budget in the tree shadow separately
for the linden and the magnolia tree. For the first goal, the reflectance of two soil types,
namely asphalt and grass, are considered (cf. Figure 4). Their mean spectral reflectance
over 0.4–2.5 µm is fixed to 0.08 and 0.18, respectively. For the second goal, only grass is
considered. Its reflectance in the red and NIR is equal to 0.045 and 0.484, respectively.

3. Results
3.1. Tree Crown Transmittance for the Empirical Tree Model: Sensitivity Analysis, Regression
Building, and Prediction

Concerning the determination of the most influent input parameters to predict Tc, the
adequacy of the fitting equation during the sensitive analysis gives mean RMSE values of
5.6%, 3.4%, 0.8%, and 0.5% and mean R2

adj values of 0.98, 0.98, 0.99, and 0.98, respectively
for the full, low, medium, and high LAI ranges, with mean p-values below 1% for all of
them (very low spectral variability of RMSE, R2

adj, and p-values over 0.4–2.5 µm). The

analysis of the sensitive index η2 results highlights the predominance of two parameters:
SZA and LAI (Figure 5). LOP, BACKGROUND, and VISI are negligible. The two first
are barely influent in the NIR–SWIR for the high LAI range while the third represents at
maximum 2% for the low LAI range in the visible (e.g., aerosol atmospheric diffusion). For
the low LAI range, the LAI contribution accounts for between 58% and 79%, SZA between
11% and 32%, and the interactions less than 5% for mainly ALA:SZA and, to a lesser extent,
LAI:SZA (Figure 5a). From the medium to the high LAI range, the LAI predominance
decreases and now ranges between 16% to 24%, to the benefit of SZA having an increased
contribution between 34% and 53% (Figures 4c and 5b). The interactions increase more
than 10% and are dominated by ALA:SZA. The more LAI decreases, the more the impact
of other parameters such as ALA and POROSITY grows, achieving a maximal contribution
of 10% and 15% respectively.
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Figure 5. Sensitive index η2 computed for each input parameter alone or in interactions (contribution in the variability of the
output, that is the tree crown transmittance) for different LAI ranges, (a) low: 0.5 m2.m−2 ≤ LAI ≤ 2 m2.m−2, (b) medium:
2 m2.m−2 ≤ LAI ≤ 3.5 m2.m−2 and (c) high: 3.5 m2.m−2 ≤ LAI ≤ 8 m2.m−2 for the empirical tree model.

A detailed analysis of the spectral variations of Tc over 0.4–2.5 µm following the
dominant parameter LAI is showed in Figure 6. For low LAIs, they monotonically increase
and then start to saturate in the SWIR with an important variability following the input
parameter variations. For LAI equal to 1 m2.m−2, the magnitude of Tc varies between 15%
and 65% with a single band maximum Tc variation of 30% (Figure 6a). From low to high
LAIs, Tc rapidly decreases and achieves at maximum 18% for LAI equal to 3 m2.m−2, while
becoming almost negligible for LAI equal to 6 m2.m−2 due to LAI saturation (Figure 6b,c).
A barely visible spectral signature appears in the red-edge, NIR, and SWIR, highlighting the
low influence of optical parameters such as LOP. The single band maximum Tc variation
is of the order of 15% and 8.5%, respectively, for LAI equal to 3 m2.m−2 and 6 m2.m−2.
Consequently, the study has being further limited to observations where LAI ≤ 4 m2.m−2,
such that for higher LAI values, the tree crown is considered opaque to the transmission of
incident radiation.
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Figure 6. Spectral variations of the tree crown transmittance for LAI equal to (a) 1 m2.m−2, (b) 3 m2.m−2 and (c) 6 m2.m−2

for the empirical tree model.
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For the prediction of Tc, the performance over the 2592 Tc observations for LAI≤ 4 m2.m−2

gives mean R2 higher than 0.9 and RMSE lower than 5%. After the bootstrap, the confidence
interval of the performance ranges between 0.91 and 0.94 for R2, and between 3% and 4.3%
for RMSE. Comparing predicted and simulated Tc for the empirical tree model shows a
slightly skewed dispersion that is not wavelength-dependent, with an absolute maximum
bias lower or equal to 10% (Figure 7).

Figure 7. Spectral validation of tree crown transmittance between predictions and simulations for
the empirical tree model.

3.2. Comparison of Tree Crown Transmittances from the Tree Modeling Scenarios
3.2.1. Spectral Analysis

On one side, the reference will be the TLS-based tree model n◦1 compared to its
derived tree simplified models from n◦2 to 6. Results show that B ranges between −1.6%
and 7.5% for the linden and between −6.4% and 8.2% for the magnolia tree (Table 4). For
the base simulation scenario, Tc between tree models seems to present a constant spectral
shift, either positive or negative over 0.4–2.5 µm, and the calculation of the correlation
coefficient shows values higher than 0.99 (Figure 8). Globally, the BACKGROUND impact
is minor whatever the tree species and the tree model (B differences ≤ 0.2%). Then, for the
linden tree, the discrete voxel-grid tree models show a good adequacy with the TLS-based
tree model whatever the SZA value: absolute B errors are almost null for tree model n◦2
and lower than 1.6% for n◦3 (with a decrease in NPV proportion). A change occurs with
geometric voxel-grid tree models with absolute B errors between 3.6% and 7.5%. Tree
models n◦4 and 5 behave the same and a very slight improvement is observed for tree
model n◦6 only at low SZA values. Globally, the errors in Tc simulations tend to increase
with low SZA values and B values are mainly positive leading to Tc underestimations. For
the magnolia tree and the discrete voxel-grid tree models, n◦2 underestimates Tc whereas
n◦3 overestimates it. These errors slightly increase with the increase in SZA values. On the
opposite, the geometric voxel-grid tree models have lower errors with absolute B between
0.7% and 3.5% that seem less dependent of SZA variations. Tree model n◦4 underestimates
Tc while n◦5 and 6 overestimate it; this is in agreement with the trends observed for tree
models n◦2 and 3, respectively, the only difference being the type of NPV modeling.

On another side, the reference will be the empirical tree model E with its predicted
Tc for LAI equal to 1.28 m2.m−2 for the magnolia and 2.27 m2.m−2 for the linden tree and
the three SZA values. Tree model E will be compared to the previous reference tree model
n◦1 and the tree model n◦4, the latter being the closest in terms of geometry representation
among tree models from n◦1 to 6. The Tc predictions show much more important bias
whatever the tree model (B between 1.6% and 25.2%) than between the tree models n◦1
and 4 (B between 1.7% and 7.5%) (Table 4). All B values are positive proving a systematic
Tc underestimation. The BACKGROUND impact is negligible. For the base simulation
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scenario, observing spectral variations of predicted Tc demonstrates that for the linden tree
there is a bias in Tc magnitude which is spectrally dependent. This bias increases in the
NIR and SWIR regions since the spectral shape of Tc is no longer preserved (Figure 8a). For
the magnolia tree, it appears that the global magnitude of Tc fits in the average the one of
the tree model n◦1. However, the spectral variations of Tc in the NIR and SWIR are also
not preserved, but to a lesser extent (Figure 8b).

Table 4. Comparison of the mean spectral bias error B expressed in % between the two reference tree models and different
geometric tree representations (first column: T stands for the number of the compared tree models) for 6 Tc observations
(SZA = 30/45/60◦ and BACKGROUND = A – asphalt / G – grass) and the two tree species.

Reference: TLS-Based Tree Model n◦1

Linden Magnolia

T 30◦/A 30◦/G 45◦/A 45◦/G 60◦/A 60◦/G 30◦/A 30◦/G 45◦/A 45◦/G 60◦/A 60◦/G

2 0 0 0.1 0.1 0 0 6 5.9 7 6.9 8.2 8.1

3 0.9 1 1.1 1.2 −1.5 −1.6 −5.2 −5.2 −6.3 −6.2 −6.4 −6.4

4 7.4 7.5 4.5 4.6 4.4 4.6 3.1 3 1.8 1.8 1.7 1.7

5 7.1 7.1 4.3 4.4 3.6 3.7 −0.7 −0.8 −2.1 −2.1 −1.8 −1.8

6 6.3 6.4 3.6 3.7 3.6 3.7 −2.2 −2.2 −3.5 −3.4 −3 −3

Reference: Empirical Tree Model E

Linden Magnolia

T 30◦/A 30◦/G 45◦/A 45◦/G 60◦/A 60◦/G 30◦/A 30◦/G 45◦/A 45◦/G 60◦/A 60◦/G

1 17.7 19 12.6 13.6 24.6 25.2 9.5 10.3 1.6 2.3 14.2 14.6

4 10.6 11.8 8.3 9.2 21 21.5 10.2 11.1 3.7 4.4 16 16.4
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Figure 8. Comparison of the simulated mean tree crown transmittances for the tree models from n◦1 to 6 and the predicted
one from the empirical tree model, for (a) the linden and (b) the magnolia tree (SZA = 45◦ and BACKGROUND = grass).

3.2.2. Spatial Analysis

On one side for the tree models from n◦1 to 6 and both the magnolia and linden trees,
the downwelling direct solar radiation attenuation through the tree crown is irregular
and depends on the crown 3D architecture for TLS-based and discrete voxel-grid models,
whereas it is more gradual for the geometric ones, except in the crown sunlit region and at
NPV location due to absorption (Figure 9). Therefore, Tdir computed in the tree shadow
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visually appears very heterogeneous for the first tree models and rather homogeneous
for the second ones due to how LAI is distributed uniformly or not within the crown.
However, the tree model n◦6 having a POROSITY value larger than 0% allows slightly
increasing the heterogeneous behavior of Tdir in the shade. Then, for the linden tree, Tdir
spatial variability seems to depend only on the global crown modeling, with IQR equal
to 21% for tree models n◦1–3 and around 12% for tree models n◦4–6 (Figure 10). For the
magnolia tree, it depends on both the global crown modeling and NPV, with IQR between
25% and 27% for tree models n◦1–3 and between 10% and 13% for tree models n◦4–6. The
multiple scattered radiation is intercepted at the crown borders where leaves are most
concentrated for TLS-based and discrete voxel-grid models while it is homogeneous for
the geometric n◦4 and 5 models, except in the crown sunlit region and at NPV location
(Figure 11). However, for the tree model n◦6, the radiation penetrates deeper in the tree
crown and its interception is more spread to the lowest part of the sunlit crown region.
Then, the computed Tscat is distributed at ground as a disk more or less centered on the
trunk position (whose shape conforms to the projection of the tree crown) with the highest
contributions located in the solar backscattering direction, depending on the presence of
NPV and the height of first leaves within the crown. Tscat ranges between 0% and 20%,
with a less normal distribution than Tdir (Figure 10). For the linden tree, IQR looks similar
whatever the tree model and is between 7% and 8%. For the magnolia tree, Tscat is slightly
overestimated from TLS-based compared to the other tree models. However, globally, IQR
is between 4% and 6%.

Figure 9. Ratio of the direct intercepted irradiance over the direct ITOC through a vertical profile at X = 10 m (first/third
rows) and Tdir computed at the ground surface Z = 0 m (second/fourth rows) for the linden (two first rows) and magnolia
trees (two last rows) at 0.8 µm (SZA = 45◦ and BACKGROUND = grass; solar direction indicated by the black arrow, crown
spatial extents delineated in black, shadow and trunk location in white).
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Figure 10. Boxplots of Tdir and Tscat representing their spatial variations computed within the tree
shadow delineations at ground for the different tree models of the linden and magnolia trees at
0.8 µm (SZA = 45◦ and BACKGROUND = grass; red/blue dots: mean/standard deviation).

Figure 11. Ratio of the multiple scattered intercepted irradiance over ITOC through a vertical profile at X = 10 m (first/third
rows) and Tscat computed at the ground surface Z = 0 m (second/fourth rows) for the linden (two first rows) and magnolia
trees (two last rows) at 0.8 µm (SZA = 45◦ and BACKGROUND = grass; solar direction indicated by the black arrow, crown
spatial extents delineated in black, shadow and trunk location in black).

On another side for the empirical tree model, the same conclusions as previously
apply for the behavior of the direct solar radiation vertical interception (Figure 12a). At
first order, the tree crown POROSITY and LAI play both the major role in facilitating the
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penetration of the radiation deeper into the crown center. In the tree shadow, POROSITY
makes Tdir spatial variations to move off a normal distribution that is skewed towards
positive values (POROSITY = 30/70% gives IQR = 10/13.6%; Figure 13a). Then, high
LAIs homogenize the shadow reducing Tdir variations and, oppositely, low LAIs give a
more heterogeneous shadow (LAI = 1/6 m2.m−2 gives IQR = 9.5/3.3%). Otherwise, SZA
behaves in the same way as LAI in terms of influence, homogenizing the shadow the more
SZA increases (SZA = 30/60◦ gives IQR = 7.0/2.6%). The rest of the parameters have
a less significant impact. In addition, the same conclusions as previously apply for the
behavior of the vertical interception of the multiple scattered radiation. An increase in
BACKGROUND reflectance increases multiple scattering and leads radiation interception
in the top crown sunlit region to be spread downward (Figure 12b). An increase in the
shaded region is also observed for BACKGROUND being from asphalt to grass. Globally,
Tscat in the tree shadow is very low and accounts for less than 7% while Tdir can reach until
50% in our simulations at 0.8 µm (Figure 13). The spread location of both Tdir and Tscat
computed at ground are the same as previously mentioned. Given the low contribution of
Tscat with IQR between 0% and 3%, the influence of the parameters is not worth further
analyzing for Tscat and in this particular case of the empirical tree model.
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Figure 12. Ratio of the direct and multiple scattered intercepted irradiance over ITOC through a vertical profile at X = 11.2 m
(first row) and (a) Tdir or (b) Tscat computed at the ground surface Z = 0 m (second row) for the empirical tree model at
0.8 µm with (1) and (3) the base simulation scenario, (2) POROSITY = 70% and (4) BACKGROUND = grass (solar direction
indicated by the black arrow, crown spatial extents delineated in black, shadow and trunk location in black or white).
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Figure 13. Boxplots of (a) Tdir and (b) Tscat representing their spatial variations computed within the tree shadow delineations
at ground for the empirical tree model at 0.8 µm with the variations of the input parameters compared to the base simulation
scenario (red/blue dots: mean/standard deviation).
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3.3. Reflectance Retrieval Performance

First, the assessment of the reflectance retrieval performance is conducted on a mean
spectral basis over 0.4–2.5 µm. The thresholds SNB fixing the 0.02/0.03/0.04 absolute
reflectance errors are retrieved at 30/45/60% for asphalt and 13/19.5/26% for grass. They
are derived from the mean ratios Itrans/Itot computed for the TLS-based tree models. The
latter globally show similar trends for the linden and the magnolia tree by accounting
for the average between 80% and 85%. Then, when comparing the reference TLS-based
tree models to its derived tree simplified models from n◦2 to 6, NB values range between
0% and 22%. This leads in most cases to good reflectance retrieval performances for
both discrete and geometric voxel-grid tree models (Table 5). Nevertheless, acceptable
to critical performances are sometimes observed for the geometric ones and the linden
tree when BACKGROUND = grass, and for the discrete ones for the magnolia tree when
BACKGROUND = grass and SZA > 30◦. When comparing predicted Tc from the reference
empirical tree model with simulated Tc from tree models n◦1 and 4, a large majority
of NB values are higher than 20%. Except for few cases which show good reflectance
retrieval performances essentially for the magnolia tree, performances from acceptable
to unacceptable are most often observed, above all with BACKGROUND = grass and
whatever the SZA values.

Table 5. Comparison of the normalized mean bias NB expressed in % between the two reference
tree models and different geometric tree representations (first column: T stands for the number
of the compared tree models) for 6 Tc observations (SZA = 30/45/60◦ and BACKGROUND = A –
asphalt / G – grass) and the two tree species. NB values are highlighted in green/yellow/orange/red
for respectively good/acceptable/critical/unacceptable reflectance retrieval performances when
compared to the according thresholds SNB.

Reference: TLS-Based Tree Model n◦1

Linden Magnolia

T 30◦/A 30◦/G 45◦/A 45◦/G 60◦/A 60◦/G 30◦/A 30◦/G 45◦/A 45◦/G 60◦/A 60◦/G

2 0 0 0.2 0.2 0 0 12 11.7 15.4 15.1 20.2 20

3 2.8 3 3.6 3.8 5.1 5.2 10.5 10.3 13.8 13.5 15.8 15.6

4 21.8 21.2 14 14 13 13.2 6.2 5.9 4 4 4.3 4.3

5 20.8 20.2 13.4 13.4 10.4 10.6 1.3 1.4 4.6 4.6 4.5 4.4

6 18.6 18.1 11.1 11.1 10.4 10.6 4.4 4.4 7.6 7.4 7.4 7.3

Reference: Empirical Tree Model E

Linden Magnolia

T 30◦/A 30◦/G 45◦/A 45◦/G 60◦/A 60◦/G 30◦/A 30◦/G 45◦/A 45◦/G 60◦/A 60◦/G

1 51.3 52.8 39 40.5 74.1 74.5 18.9 20.2 3.4 4.7 35.1 35.7

4 38.5 40.8 29.5 31.4 71.1 71.5 20 21.3 7.7 8.8 37.9 38.4

Secondly, the impact of neglecting Tdir or Tscat on reflectance retrieval accuracy is
studied for the reference TLS-based tree models and two specific spectral bands with grass
as the background type. Consequently, a new computation of the thresholds SNB is needed.
It is further based on an analysis of the irradiance radiation budget in the tree shadow for
the two tree species. The latter shows that the spectral contribution of Idir,d

trans and Icoup is
negligible: the first accounting for 0.5–4.5% and the second for less than 1% of Itot (data not
shown). On the contrary, the fraction of Idir,d

trans in Itot is the first contributor followed by Iscat
trans

and Idi f (Figure 14). Idir,s
trans is monotonously increasing with the wavelength and reaches

in the average 45–70% in the visible, 65–80% in the NIR, and 80–95% in the SWIR. Iscat
trans

is spectrally dependent and its spectral variations follows those of LOP over 0.4–2.5 µm
(cf. Figure 1). It is close to 0% in the visible, between 10% and 20% in the NIR, and from
0% to 15% in the SWIR. Then, the ratio Itrans/Itot gives 74/73% in the red band and
83/82% in the NIR band for the linden/magnolia tree, leading to the following SNB values:
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60/90/120% in the red and 5/7/10% in the NIR for the linden, 32/49/65% in the red and
3/5/7% in the NIR for the magnolia tree. Finally, whatever the tree species and the tree
model, the results point out that neglecting Tscat at 0.67 µm still leads to good reflectance
retrieval performances (Table 6). However, unacceptable ones are obtained at 0.8 µm, with
punctual exceptions for the tree models n◦1 and 2. Neglecting Tdir leads to the worst NB
values and so unacceptable performances for the two tree species, all the tree models, and
the two studied spectral bands. One exception applies for the linden at 0.67 µm, giving
critical performances.
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Figure 14. Spectral mean fraction of irradiance terms in total irradiance received at tree shadow for the TLS-based tree
models and both (a) the linden and (b) the magnolia tree (SZA = 45◦ and BACKGROUND = grass).

Table 6. Comparison of the normalized mean bias NB expressed in % between the reference TLS-
based tree models and all tree models (first column: T stands for the number of the compared tree
models) by either neglecting Tdir or Tscat at two spectral bands for the two tree species (SZA = 45◦ and
BACKGROUND = grass). NB values are highlighted in green/yellow/orange/red for respectively
good/acceptable/critical/unacceptable reflectance retrieval performances when compared to the
according thresholds SNB.

Neglecting Tdir Neglecting Tscat

Linden Magnolia Linden Magnolia

T Red
(0.67 µm)

NIR
(0.8 µm)

Red
(0.67 µm)

NIR
(0.8 µm)

Red
(0.67 µm)

NIR
(0.8 µm)

Red
(0.67 µm)

NIR
(0.8 µm)

1 99.6 75.6 99.5 89.5 16.4 10.5 7.6 4.0

2 99.6 75.6 99.1 85.5 16.4 10.6 9.6 6.4

3 99.6 77.0 99.4 88.4 14.5 10.6 12.0 21.4

4 99.5 75.8 99.2 87.3 9.9 30.0 5.3 20.9

5 99.6 75.8 99.2 87.2 10.8 30.8 6.3 21.7

6 99.6 76.3 99.1 86.9 10.3 30.0 3.0 19.4

4. Discussion
4.1. Impact of the 3D Tree Modeling from Realistic Scenarios on the Simulated Tree
Crown Transmittance

The optimal choice of the tree 3D representation depends on the available means of
acquisition or observation. On one side, TLS and ALS acquisitions enable to get the exact
description of the distribution of the crown materials (i.e., leaves and NPV), necessary
to build the tree model n◦1, and then the tree models n◦2 and 3 [30]. However, these
measurements are laborious, expensive, and not always available. On another side, a rough
tree modeling as with the tree models n◦4 and 5 is more easy to obtain and more flexible,
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from allometric equations or coarse determination of crown dimensions and tree height
derived from IS and 3D data [17]. At the opposite, the tree model n◦6 is less accommodating
because the knowledge of the tree crown porosity, here used as a proxy for leaf clumping,
is hard to measure or derive from ancillary data. However, it should be or assumed to be a
better representation than the tree models n◦4 and 5.

The spectral and spatial analysis of simulated Tc computed in the tree shadow for the
abstract tree models showed the following conclusions when compared to the reference
TLS-based tree models n◦1. Whatever the tree model, the spectral shape of Tc is preserved,
attesting that Tscat is well simulated in the average. However, a constant positive or negative
shift in Tc spectral magnitude is observed, which is due to errors in Tdir simulations. Then,
discrete voxel-grid tree models conform much better to Tc spatial distribution in the tree
shadow than geometric ones. Because geometric models tend to homogenize the tree
shadow and so smooth sunflecks, the dispersion of Tdir distribution decreases by a factor
of around 2 compared to the discrete models. On the contrary, Tscat distributions are quite
similar, showing that they are rather independent of the tree model. This is explained
because they represent a small contribution within the shadow borders (unlike Tdir) since
they are more dispersed within the projection of the tree crown at ground, where multiple
scattering is enhanced on the radiation path length by a larger volume of leaves and
NPV. The trunk being a higher reflective material compared to leaves on the average,
the highest magnitude of Tscat is found in front of the trunk in the solar backscattering
direction. Furthermore, whatever the discrete or geometric tree model, the decrease in
NPV fraction modeling (from TLS-based trunk and branches to cylindrical trunk) generally
overestimates Tc the more the tree LAI decreases. These results for the magnolia tree are
in agreement with [30,55] because the crown transmits more radiation with less NPV and
present less multiple scattering, which leads to higher Tdir and lower Tscat (and, thus, a
global Tc overestimation because Tdir>>Tscat). For the linden tree, the NPV reconstruction
from the TLS measurements was not fully complete due to the high leaf volume obstructing
the laser beam penetration. Therefore, the fraction of NPV is slightly increased from the
TLS-based triangle representation to the cylinder one, which produces an unrealistic Tc
underestimation that actually remains low. At last, in function of the observation conditions,
the impact of the background type on simulated Tc is negligible for the tree models. This
proves that the fraction of multiple scattered irradiance between the background and
the crown is low compared to this coming from crown multiple scattering. In turn, the
impact of SZA is more significant. For the magnolia tree and high SZA, leaf clumping and
penumbra effects increase since the shadow becomes larger at ground. For the linden tree
and low SZA, the shadow is mostly located under the crown and so Tc bias increases with
a more abstract tree crown modeling.

In summary, for a low LAI (here magnolia, LAI = 1.28 m2.m−2 and crown poros-
ity = 60%), the accuracy of simulating Tc the closest to the one from the TLS-based tree
models is sensitive to the tree global geometry shape and the NPV modeling (differences
between the tree models n◦2–3 and n◦4–5). For a slight increase in LAI and a sharp decrease
in crown porosity (here linden, LAI = 2.27 m2.m−2 and crown porosity = 28.5%), only
the tree global geometry shape is the major factor of sensitivity. In addition, the results
reveal that the tree model n◦6 was not systematically better than the tree models n◦4 and
5, as expected. Possibly, this clumping correction type is not adapted for the geometric
models. Leaf clumping is better modeled with the discrete tree models, but with a strong
influence of the digitization step of the tree crown (i.e., the voxel size) [30,61]. Globally
for the magnolia, the geometric tree models seem more appropriate than the discrete ones.
However, [30] showed that discrete models are the most suited whatever the tree LAI when
working at high spatial resolution (<1 m) in the case of a savanna broadleaf open forest.
The authors of [39] also showed that a discrete model performs better than a geometric one
for a dense coniferous/broadleaf forest (mean PAI of 5.5 m2.m−2; voxel size = 2 m). For the
magnolia case, differences might come from the voxel size fixed to 0.4 m in our study that
might be too coarse. For the linden, the discrete tree models are very close to the reference
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TLS-based tree model and so appear to be the most suitable. Actually, the geometric tree
models may be a too simple representation given a porosity that is not negligible and
whose impact on Tc increases with the tree LAI.

4.2. Limitations of the Empirical Tree Model to Predict the Tree Crown Transmittance

Due to the high diversity of species and morphologies (as seen for the magnolia and
linden in this study), it is not concretely possible to define a 3D tree model able to take into
account all spectral and structural tree properties for the sake of generalization. Therefore,
an empirical tree model was defined with a fixed geometry to be as simple as possible,
but highly unlikely to be realistic. Nevertheless, this very simplified model can give first
insights about the ability to predict Tc from a statistical regression as well as its spectral
and spatial behavior (work continued after [17]). For this, a sensitivity analysis showed
that the global rank of influent input parameters is first the tree LAI and SZA, followed by
POROSITY, ALA and its interaction with SZA. At the end for the regression, only LAI and
SZA are kept as inputs. They are in agreement with the Beer–Lambert’s law and the simple
theory of radiation interception [41,42]. This may be restrictive, but the difficulty is how
to estimate in practical the other influent parameters from IS data? Moreover, some other
non-studied parameters having a relevant impact on radiation transmission were not taken
into account, such as the crown dimensions, the tree height, the presence of branches, and
a heterogeneous crown leaf vertical distribution, for instance [25,55,62]. Then, from the
defined empirical tree model, simulated Tc was revealed to be largely dominated by Tdir,
which decreases from low to high LAIs. Tscat spectral contribution is progressively added
to Tdir only towards medium–high LAIs (≥3 m2.m−2). A global saturation of Tc appears
to be achieved from LAI superior to 4 m2.m−2. A similar trend was observed by [31] for
a broadleaf and conifer stand. Next, although a high nonlinear irradiance behavior is
expected in tree shadow, the Tc prediction performances are rather good (RMSE ≤ 4.3%,
R2 ≥ 0.91, absolute maximum bias≤ 10%). In comparison to [17], the prediction of the ratio
Itrans/Itot with a similar expression as Equation 5 gave similar performances (RMSE≤ 8.3%,
R2 ≥ 0.87), but with higher absolute maximum bias up to 20%. This might be due to the
higher variability of Itot than ITOC(Tc = Itrans/ITOC), which demonstrates that using Tc
may lead to lower reflectance bias than Itrans/Itot for atmospheric correction purposes.

The spectral and spatial analysis of simulated and predicted Tc in tree shadow for
the empirical tree model compared to the reference TLS-based tree models n◦1 showed
the following conclusions. The mean spectral Tc is always underestimated with predicted
Tc because of a systematic underestimation of both Tscat and Tdir that increases with the
LAI. On one side for Tdir and its spatial distribution in the tree shadow, POROSITY also
plays an important role in addition to LAI and SZA. However, it was not selected as an
input for the empirical regression. Thus, a possible explanation of the wrong predictions
of Tc may come from the fact to have neglected the impact of POROSITY combined with
an erroneous tree global geometry shape. For instance, the tree height as well as the
crown volume (dimensioned by crown height and (x,y) diameters) modify the path length
of Itrans through the tree crown, and so the calculation of Tc [42]. Actually, differences
in tree height and crown volume between the empirical tree model and the reference
TLS-based ones account for 4.72/2.64 m and 162/492 m3 for the magnolia/linden tree
respectively. In comparison, the other tree abstract models have maximum changes in tree
height of 0.17/0.34 m and crown volume of 365/143 m3 against the references. Therefore,
for Tdir, there is an increasing order of spatial distribution deviations from TLS-based tree
models to discrete ones, then geometric ones and, at last, the empirical one. In parallel, the
interquartile range of Tdir at 0.8 µm is similar between the TLS-based and discrete models
(IQR of 21/25–27% for the linden/magnolia tree), starts to differ from the TLS-based for
the geometric ones (IQR of 12/10–13%) and increasingly differ for the empirical tree model
(IQR ≤ 8% for tree LAI ≥ 1 m2.m−2). On another side, the comparison of Tscat spatial
distribution at shadow is rather similar whatever the tree model. However, the interquartile
range at 0.8 µm showed an IQR of 7–8%/4–6% for linden/magnolia and for TLS-based,
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discrete, and geometric tree models, and an IQR of 0–3% for the empirical one. Actually
being dispersed under the tree crown, Tscat distribution depends on the crown projected
area. However, this latter differs from 89/91 m2 for the empirical tree model compared to
the TLS-based tree models for the magnolia/linden, while for the other tree models, it only
differs at maximum from 19/22 m2. As such, Tscat is also influenced by the tree global
geometry shape for the same reasons as Tdir. Apart from this, Tscat magnitude is very low
for the empirical tree model, and so the impact of the input parameters remains globally
very low. Nonetheless, this could have changed if this impact was studied for the tree 3D
modeling from the realistic scenarios.

At the end, comparing the empirical tree model with more realistic tree representations
showed that the most important sources of error in estimating Tc are ranked in decreasing
order: (1) the accuracy in the global tree geometry shape, accounting for crown dimensions,
clumping and tree height (mean spectral bias of 3.7–21.5% between the empirical and the
geometric tree model n◦4), (2) the accuracy in estimating Tscat (errors until 13% in the
average at 0.8 µm where Tscat is close to maximum), and (3) the degree of realism for
the 3D tree representation (mean spectral bias until 7.5% between the TLS-based and the
geometric tree model n◦4). One should note that these errors are not independent one from
another and are only valid for the two studied trees.

4.3. Impact of the Tree Crown Transmittance on Surface Reflectance Retrieval in the Tree Shadow

On a mean spectral basis over 0.4–2.5 µm, all abstract tree models derived from the
TLS-based ones demonstrated good reflectance retrieval performances (error < 0.02), except
when the highest normalized biases are combined with grass as background (acceptable to
critical performances with error between 0.02 and 0.04). Otherwise, the use of the statistical
regression to predict Tc from the empirical tree model leads to good to unacceptable
performances compared to the TLS-based and the geometric tree model n◦4. The presence
of grass regardless of SZA values gives the lowest performance. In comparison with
literature for a single tree casting a shadow on grass, errors of 0.010/0.018/0.280 in retrieved
reflectance at respectively 0.45/0.65/0.75 µm using ATCOR-4 atmospheric correction code
(SZA = 30.2◦, IS data at 2 m)were shown [4]. With the same dataset over 0.4–0.9 µm and
for a different tree species, the authors of [5] observed an average normalized bias of 37.5%
compared to sunlit regions by using an atmospheric correction approach, accounting only
for diffuse irradiance in the shade. This error can reach up to 56.5% at 0.7 µm. Another
approach was tested by using DART and a discrete voxel-grid tree model (voxel size = 2 m,
no NPV) by computing scaling factors for fractions of direct/diffuse irradiance in the
shade. An improved average normalized bias of 9.6% is found with a highest deviation
of 35.5% close to 0.7 µm. Based on our reflectance retrieval performance ranking, the
authors of [4] presented good performances in the visible and unacceptable ones in the NIR.
In [5], they are unacceptable for the first approach and good to unacceptable depending
on the spectral band for the second one. The results of these studies are in agreement
with our results. In a different situation when ground reflectance is higher such as for
snow, the issue of the impact of canopy shading on albedo variation is also raised by [63]
and probably enhanced compared to grass. When ground reflectance is lower such as
for asphalt, errors in retrieved reflectance decrease by a factor of 30% compared to grass,
while for water having a mean reflectance lower than 0.04, atmospheric correction is much
more challenging (SZA = 55–57◦, IS data at 0.8 m) [17]. At last, apart from the background
impact, the authors of [30] also pointed out that high SZA values generate important biases
in TOC reflectance retrieval and, thus, in ground reflectance.

Now, by accounting the spectral contribution of Tdir or Tscat into Tc, both are spectrally
dependent over 0.4–2.5 µm (studied case: SZA = 45◦, grass). Tdir increases from lower
to higher wavelengths by 40%, whereas the Tscat spectral shape fits the one of LOP and
can globally reach until 20% in our study. Neglecting Tdir at the red band (0.67 µm) leads
to critical to unacceptable reflectance retrieval performances in the tree shadow. This is
because Tdir ≈ Tc ≈ 73/74% for the magnolia/linden. Thus, neglecting Tscat is largely
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acceptable in the red band. The authors of [4] found, on the contrary, good performances.
However, the difference might be due to a higher tree LAI (with the empirical tree model,
a tree LAI of 6 m2.m−2 gives a mean Tdir of 1%). Neglecting either Tdir or Tscat at the
NIR band (0.8 µm) presents unacceptable performances, in agreement with [4,5]. Then,
neglecting only Tscat with the TLS-based and the discrete tree models with the triangle NPV
representation showed from acceptable to critical performances. With further comparison
with literature, the authors of [30] showed that the fraction of TOC reflectance coming
from Tdir contribution was underestimated in the tree shadow between a TLS-based and a
discrete tree model (voxel size = 0.3 m, SZA = 45◦, 1 m simulated spatial resolution, dry
bare soil). This underestimation was very slightly increased from red to NIR band and
clearly increased with the tree LAI from 0.75, 2.02, to 7.16 m2.m−2. This result is in line
with our study showing a slight Tdir increase of 1/9% for linden/magnolia between red
and NIR (based on Figure 14), the increase following the tree LAI being not possible to be
judged because of the large dependency of different clumping per individual tree. For a
linden tree and a discrete tree model (voxel size = 0.25 m, SZA = 25–30◦, grass), the authors
of [6] found that a decrease of irradiance in the green band due to the presence of the tree
was noticeable both in the tree shadow and the crown shaded side, while in the NIR, this
decrease was only observed in the tree shadow, whereas an increase was discerned within
the tree crown outlines essentially in the sunlit side and in front of the tree oppositely to
the tree shadow. These results can be explained in our study by the main influence of Tdir
in the green and both Tdir and Tscat in the NIR. Actually, Tscat increases the total irradiance
due to crown multiple scattering, mainly on the crown sunlit side and within the ground
projection of the tree crown, essentially in the solar backscattering direction. In addition,
Tscat tends to increase with the tree LAI (for [6], the tree LAI was 8.4 m2.m−2). Finally, the
comparison of these results with those of this paper is not straightforward because often
the tree LAI is unknown, the spatial resolution, the background type and SZA are different,
the voxel size is not the same (from 0.25 to 2 m) as well as the tree modeling type.

Next, considering that the goal further tackled by this study is to improve the re-
flectance correction in the tree shadow by the 3D atmospheric correction models, especially
the ICARE-VEG model from [17], the following challenges have been raised by using an
empirical tree modeling: (i) take into account in the statistical regression predicting Tc the
tree global geometry shape, the leaf clumping (for low/high LAI), and the NPV fraction
(for low LAI) in addition to LAI and SZA, in order to better approach the performance of
the geometric voxel-grid tree model n◦4 (hopefully a better prediction of Tscat is expected
at least and also of Tdir); (ii) try to investigate a method not decoupling the spectral and
spatial variations of Tc to build the physics-based atmospheric correction factor; (iii) extend
the spectral and spatial analysis with new realistic trees of varying tree LAIs (notably
higher than this of the linden); and (iv) develop a strategy to switch from geometric tree
models derived from IS and 3D data to discrete tree models with a particular attention to
be paid on the appropriate choice of the voxel size.

5. Conclusions

Accurate ground reflectance retrieval in tree shadows from IS data at high spatial
resolution is still an ongoing and challenging issue, particularly for 3D atmospheric cor-
rection codes. In this paper, its performance is assessed through the study of the tree
crown transmittance Tc, when predicted or simulated from different levels of abstraction
of tree models built from TLS measurements. The spectral and spatial variability of Tc
is further decomposed into its direct non-intercepted contribution, Tdir, and its multiple
scattering contribution, Tscat. The results derived from this preliminary and non-exhaustive
study aim at giving the orders of magnitude of the sources of error to estimate Tc correctly,
and new ways of improvements for atmospheric correction codes to deal with reflectance
retrieval in tree shadows. For the first point, we conclude that although a statistical re-
gression coming from a simplified empirical tree model showed good performance in
predicting Tc (RMSE ≤ 4.3%, R2 ≥ 0.91), it globally fails when compared to tree models
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from more realistic scenarios because in order of importance: (1) the global tree geometry
shape has not been taken into account (mean spectral bias of 3.7–21.5%), (2) Tscat is always
underestimated (errors until 13% in the average), and (3) the degree of realism for the 3D
tree representation is not properly respected (mean spectral bias until 7.5%). Therefore, in
order to bring improvements, the statistical regression should include, as main factors, the
global tree geometry (crown/tree dimensions), the leaf clumping and the wood fraction
in addition to the tree LAI and the solar zenith angle. The IS data from [17,64–66] gave
perspectives to estimate some of these, such as stem volume per crown area, DBH and
crown area, LAI and clumping index, tree height and crown diameter, respectively. More-
over, although a geometric voxel-grid tree modeling is easy to implement (as done with
the empirical tree model), it showed its limitations compared to TLS-based tree models,
unlike discrete voxel-grid ones. The major sources of error come from the leaf clumping
modeling in relation to the voxel size, and the wood 3D representation. Then, in any case,
whatever the tree modeling type, increasing values of tree LAI and solar zenith angle
greatly impact the magnitude of these sources of error. Furthermore, Tscat contribution
needs to be considered in addition to Tdir for accurate reflectance retrieval, essentially for
the spectral bands sensitive to the variations of the leaf optical properties over 0.4–2.5 µm.
Generally, neglecting Tc or only Tscat in NIR and SWIR leads to unacceptable reflectance
retrieval results, in particular, the more the background reflectance increases. In summary
for atmospheric correction purposes, this study stresses both the need to use discrete
voxel-grid tree modeling instead of geometric voxel-grid ones, and the need to know how
to approximate the spectral and spatial variability of both Tdir and Tscat contributions. At
last, these previous conclusions are worthwhile for the two studied trees: a magnolia and
a linden tree. However, they need to be extended to other trees with different tree LAIs
(attention should be paid to Tc saturation achieved at LAI > 4 m2.m−2) and validated with
additional in situ field measurements (such as irradiance field data as performed by [6],
or building appropriate protocols to directly measure Tc spectrally over 0.4–2.5 µm). In
addition, the variations of the leaf optical properties according to their crown vertical
distribution have not been analyzed in this study, but their influence on Tc may play a role
and deserve to be examined in the future. Finally, all these previous further investigations
will help in deriving the most appropriate atmospheric correction factor in tree shadow
(possibly at an operational level) to have a better determination of reflectance and, thus, a
better derivation of physical variables from IS data for land cover mapping in urban areas,
and both vegetation and soil monitoring in natural ecosystems.
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Abbreviations
The following abbreviations are used in this manuscript:
ALA average leaf angle
B and NB (SNB) bias error and normalized mean bias (threshold on NB)
BACKGROUND ground reflectance
DBH diameter at breast height
IS imaging spectroscopy

ITOC, Itot, Idi f , Icoup
irradiance at TOC, total irradiance received at ground, atmospheric
diffuse solar irradiance, earth–atmosphere coupling irradiance

Itrans, Idir,s
trans, Idir,d

trans, Iscat
trans

transmitted irradiance through the tree crown, its fraction coming from
the incoming direct solar radiation, the incoming diffuse part, and the
multiple scattering

IQR interquartile range
LAD leaf angle distribution
LAI leaf area index
LiDAR light detection and ranging
LOP leaf optical properties
NIR near infrared
NPV non-photosynthetic vegetation
PAI plant area index
POROSITY percentage of gaps in the tree crown
RMSE root mean square error
SWIR shortwave infrared
SZA solar zenith angle
TLA tree leaf total area
TLS/ALS terrestrial/aerial laser scanner
TOC top of canopy

Tc, Tdir, Tscat
total tree crown transmittance, its fraction coming from non-intercepted
transmitted light, and from multiple scattering

VISI visibility

Appendix A

Two additional methods have been performed to estimate LAI and ALA in comparison
to those calculated from the TLS-based tree models: the use of an allometric equation and
a plant canopy analyzer LAI-2000 instrument. They were selected as non-destructive and
fast methods and also because they take into account the tree geometry, which is much
more complex than assuming an homogeneous cover for a forest for instance [67–69].

Appendix A.1. Allometric Equation to Compute LAI

In [47], an allometric equation was built based on a logarithmic regression to calculate
the tree leaf total area (TLA). Then, the tree LAI is computed by dividing TLA by the tree
crown projected area. This equation is defined for many tree species in urban areas with
the assumption of isolated trees with a crown height between 1 and 12 m, a crown diameter
between 1 and 14 m, a ratio of the crown height over its diameter between 0.5 and 2, and a
DBH between 11 and 53 cm. The tree is also supposed to be healthy and considered during
its maturity period (maximum of greening up). In [47], it was shown that TLA is more
likely to be correlated with the dimensions of the crown where the leaves are contained
and, also, a geometric factor accounting for the percentage of light interception by the
crown, hereafter named “average shadow factor”. The global performances are R2 of 0.91
with a mean square error on TLA of 0.2317 m2. Then, the equation is written as follows:

log(TLA) = b0 + b1.H + b2.D + b3.S + b4.
π.D.(H + D)

2
(A1)

with H, the crown height, D the crown diameter, S the “average shading factor”, and b0...4
the equation coefficients.
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The calculation of the crown height and diameter relies on the assumption that the
crown can be approximated by an ellipsoid with a disk base. As such, following the
TLS-based tree geometry values in Table 2, the crown height of the linden/magnolia is
calculated at 11.5/8 m, and its crown diameter at 10/9 m. This leads to a crown volume
and a tree crown projected area for the linden/magnolia of respectively 692/339 m3 and
103/63 m2, instead of respectively 669/339 m3 and 119/117 m2. The “average shading
factor” is selected according to the species Tilia cordata Mill. giving S = 0.88 for the linden.
For the magnolia, no similar species exist in the list given by [47]. However, knowing that
magnolia has a low LAI value, the lowest available S value is chosen, that is, for the species
Populus tremuloides, giving S = 0.74. Finally, the LAI of the linden/magnolia is retrieved
at 4.61/1.68 m2 by using the Equation (A1) and their respective TLS-based tree crown
projected area.

Appendix A.2. LAI-2000 Measurements to Compute PAI and ALA for Both the Linden and Magnolia

The LAI-2000 instrument is a plant canopy analyzer or optical sensor taking digital
hemispheric photos from the ground and looking upward, thanks to five detectors embed-
ded into a fisheye lens collecting the downwelling irradiance by uniformly sampling the
sky half-hemisphere into concentric rings. The photos are taken at dawn or dusk to avoid
direct sunlight with, if possible, no cloudy conditions and with ideally a uniform diffuse
skylight illumination. These precautions are made to ease the distinction between the sky
and the background of interest (trees) within the photos. Then, the protocol of measurement
for an isolated tree originally comes from the device user manual (www.licor.com accessed
on 20 January 2021) and the theory of [70], and it has already been later put into application
in [71]. Due to the strong geometrical irregularities of the tree crown on a horizontal
plane, a cap of 90◦ is usually chosen to mask the field of view of the fisheye lens [71]. This
induces a ground measurement sampling of 8 photos, more precisely four reading pairs
of photos to be taken at the four cardinal orientations, as illustrated in Figure A1a. Each
pair aims at measuring the top-of-canopy irradiance ITOC and the transmitted irradiance
Itrans, respectively outside the tree in an open area and beneath the tree crown close to
the trunk location. The gap fraction P, also known as a transmittance by Beer–Lambert’s
law, is derived from them such that P = Itrans/ITOC. However, the path length of the light
through the crown is not identical on a vertical plane and weighting factors need to be
added into the calculation of P. As a consequence, LAI-2000 photos are further processed
with the manufacturer software FV2000 (LI-COR Biosciences Inc., Lincoln, NE, USA) by
including path lengths for each detector following the four cardinal orientations. These
lengths are computed from the TLS-based 3D point clouds, as illustrated in Figure A1b.
In FV2000, there is also the possibility to remove the contribution of some detectors over
the five available if their field of view actually does not see the tree (or with a very small
contribution from it). This can be the case, for instance, with trees having a high crown
bottom height. In addition to the trunk location and the tree crown vertical profile, the
location of the LAI-2000 instrument on the ground is also added into the coordinate system
of the FV2000. At last, two outputs of interest are provided: the ALA and the plant area
index (PAI) accounting for both the proportion of leaves and wood elements (NPV) inside
a tree crown. Hence, LAI is not directly estimated. Actually, in the case of an isolated tree,
the method relies on the computation of the total leaf and wood element density noted d
as follows:

dk = 2.
5

∑
i=1

[
1
li

.∆θi.sin(θi).[
1
N

.
N

∑
n=1
−ln(Pn(θi))]] (A2)

with k the cardinal orientation among {North, East, South, West}, θ the incident angle
for each of the five detectors among {7◦, 23◦, 38◦, 53◦, 68◦}, ∆θ the angular width of the
detectors close to 15◦, l the sunlight path length through the tree crown, N the number of
measured value pairs {ITOC, Itrans} and P the gap fraction.

Then, the tree PAI is deduced from

www.licor.com
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PAI =
4

∑
k=1

dk.
V
A

(A3)

with V the tree crown volume and A the tree crown projected area whose values are taken
from Table 2 (illustration of A in Figure A1c).

In practice, for this study, LAI-2000 measurements were performed for the magnolia
and linden over three consecutive dates in 3, 4 and 5 June 2013, at respectively 9–9h30
pm, 6–6h30 am, and 9h40–10h pm local time. In the FV2000 processing software, only the
three and four first detectors were selected respectively for the magnolia and the linden
(meaning {7◦, 23◦, 38◦} and {7◦, 23◦, 38◦, 53◦}). The mean PAI and ALA over the three dates
were retrieved at 0.85 m2.m−2 and 61◦ for the magnolia and 4.54 m2.m−2 and 58◦ for the
linden. ALA has been also averaged over the 4 cardinal orientations.

Version March 9, 2021 submitted to Journal Not Specified 4 of 8

(a) (b)

(c)

Figure 2. This is a wide figure.

Please punctuate equations as regular text. Theorem-type environments (including70

propositions, lemmas, corollaries etc.) can be formatted as follows:71

Theorem 1. Example text of a theorem.72

The text continues here. Proofs must be formatted as follows:73

Proof of Theorem 1. Text of the proof. Note that the phrase “of Theorem 1” is optional74

if it is clear which theorem is being referred to.75

Figure A1. Illustrations of the LAI-2000 measuring principle and PAI retrieval for an isolated tree: (a) in the horizontal
plane, measurements following the cardinal orientations with the device positions under and outside the tree crown (digital
photos taken to show the crown heterogeneity), (b) in the vertical plane for each cardinal orientation, assessment of the
sunlight path lengths inside the crown following the detector incident angles and with the help of the TLS 3D point cloud,
and (c) the projection of the TLS 3D point clouds onto the mean ground plane defining a polyline whose the interior surface
represents the tree crown projected area.
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Appendix A.3. Comparison of the Results for PAI/LAI and ALA with the TLS-Based Estimations

By comparing PAI/LAI values and first for the linden, LAI estimated with the allomet-
ric equation only differs by 0.07 m2.m−2 from PAI estimated from the LAI-2000, whereas
the TLS-based estimated LAI is at maximum 2.34 m2.m−2 lower compared to the two
previous methods. The little difference between LAI and PAI may be explained because the
leaf density is much higher than the NPV one. However, the important difference between
the two LAI estimations may come from the TLS-based tree model reconstruction process.
Since a high LAI might increase leave occlusion at the crown borders to the LiDAR light
penetration through the interior of the tree crown, the LAI is underestimated because leaves
are missing. In addition, estimation errors increase for optical methods when LAI starts to
saturate from close to 5 m2.m−2 [72]. Then for the magnolia, difficulties occurred for the
LAI-2000 method and the use of the allometric equation due to an important leaf clumping
and asymmetry of the tree crown. The PAI from LAI-2000 is underestimated compared to
the LAI retrieved from the TLS measurements with a difference of 0.43 m2.m−2. For the
allometric equation, the LAI is overestimated by 0.23 m2.m−2 (can be due to the choice
of the “average shading factor”). However, the NPV density is more important for the
magnolia than the linden and can be a factor explaining these differences. Globally, the
estimation errors are variable and increase with LAI values. For instance, the authors
of [73] measured an RMSE of 0.27 m2.m−2 and 0.51 m2.m−2 for LAIs between 1.17 and
2.54 m2.m−2. In [74],the authors indicated an error of prediction between 0.5 and 1 m2.m−2

for LAIs lower than 2, and an error close to 2 m2.m−2 for high LAIs. Then, it is also
necessary to account for the precision of the measuring instrument (here LAI-2000), which
generally do not detect a 10% variation of the LAI since the error in field measurement is
typically of the same order of magnitude or more [75]. At last, one must be aware that in
the absence of direct measurements, only approximated LAI values can be obtained. In
summary according to all the methods investigated in this study, the LAI of the linden
is likely to lie between 4 and 5 m2.m−2 (with also a probability to be higher if the LAI
saturation scenario is reached) while this of the magnolia close to 1 m2.m−2.

The comparison of the mean ALA values derived from the TLS-based tree models
and the LAI-2000 shows a good agreement with a difference of 2◦ for the linden and 7◦

for the magnolia. Their respective values are relatively close to 57.58◦ which is the value
corresponding to a spherical LAD [48] (later assumed in some 3D tree modeling scenarios).

Appendix B

In DART, the extraction of the irradiance terms needed to compute Tc (cf. Equation (1))
and to derive the radiative budget in tree shadow (cf. Section 2.3.3 ) is not straightforward.
It requires to use two 3D mockups: the first one simulates a “real tree scenario” and the
second one simulates an “opaque tree scenario” (i.e., tree crown absorbs all intercepted ra-
diation). Basically, one DART simulation run involves five steps when simulating radiation
propagation (Figure A2). The first one derives the bottom of the atmosphere (BOA = TOC)
solar irradiance from the top of atmosphere (TOA). The second one tracks radiation within
the scene. It involves the stage of direct transmission of TOC radiation (i.e., k = 0), and later
stages that simulate multiple scattering events (i.e., k > 0).

The direct transmission stage gives Idi f (i.e., irradiance due to atmosphere diffuse
radiation in the sky viewing solid angle Ωsky) with the “opaque tree scenario”. It gives

Idir,s
trans and the sum “Idir,d

trans+Idi f ” with the “real tree scenario”. Therefore, Idir,d
trans = “Idir,d

trans+Idi f ”
− Idi f . The multiple scattering stage gives Iscat

trans due to vegetation first order and multiple
order scattering, possibly with ground scattering. The DART fourth stage gives Icoup after
computation of the atmosphere radiation backscattering.



Remote Sens. 2021, 13, 931 31 of 34

Figure A2. Illustrations of the five steps of radiation propagation (top: adapted from DART user manual) and the extraction
of the radiative components (below).
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