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Abstract

Imaging spectroscopy is frequently used to assess traits and functioning of vegetated ecosystems. Applied
reflectance and radiance based approaches critically rely on accurate estimates of surface irradiance. Accurate
retrievals of surface irradiance are, however, non- trivial and often error prone, thus causing inaccurate estimates
of vegetation information. We analyse the irradiance field surrounding an isolated tree using the three-dimensional
radiative transfer model DART in high spatial (25 cm) and spectral (1 nm, 350 - 2500 nm) resolution. We validate
modeled irradiance with in situ measurements and quantify the impact of erroneous surface irradiance estimates on
the retrieval of vegetation indices. We observe irradiance gradients in cast shadows of< 560% in the blue spectral
range, while this gradient decreases with increasing wavelength and becomes negligible in the near infrared. Further,
we quantify a vegetation induced decrease in irradiance of < 6% in the visible spectral region and an increase
of < 7% in the near infrared outside the cast shadow. Commonly employed vegetation indices are also a
by such brightening or darkening e . Outside the cast shadow, indices sensitive to the relative content of
chlorophyll and carotenoids show an overestimation of < 14%. The Photochemical Reflectance Index (PRI) shows
an underestimation of<5%. Our study provides first quantitative insight in high spatial and spectral resolution, on
the impact of vegetation on its surrounding irradiance field. Findings highlight important implications for vegetation
assessments and provide the fundamental base to advance retrievals of vegetation traits and functioning from imaging
spectroscopy data.
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Mapping the irradiance field of a single tree:
quantifying vegetation induced adjacency effects

I. INTRODUCTION

IMAGING spectroscopy is frequently used for vegetation canopy assessments. Major focus lies on
the retrieval of physiological, biochemical and structural traits and on monitoring of spatio-temporal

variations in vegetation functioning, health and status [1]–[3]. The ever increasing spatial, temporal
and spectral resolution of sensors further allow the retrieval and monitoring of increasingly complex
vegetation information such as functional diversity [4], or signals related to plant photosynthesis (e.g.
sun-induced chlorophyll fluorescence) [5]. Vegetation functioning can be analyzed by either measuring
subtle changes of leaf reflected radiance or emitted fluorescence radiance by exploiting narrow atmospheric
absorption features. For both approaches, accurate estimates of surface irradiance are crucial to retrieve
either top-of-canopy (ToC) reflectance and related vegetation information or fluorescence. However, with
increasing canopy complexity such as in forest ecosystems, accurate irradiance retrieval becomes a
challenge. Particularly shadowing effects substantially influence the retrieval of ToC reflectance [6].
Multiple scattering within vegetation canopy can further lead to subtle changes in the irradiance field
causing a brightening or darkening of the pixels’ apparent reflectance [7]. In order to properly describe
the complex irradiance fields in these environments, one can no longer assume uniformly flat Earth surfaces
or use coarse digital elevation models (DEM) which do not resolve small scale height variabilities [7]–[9].
There are already multiple approaches published trying to minimize the impact of varying illumination
effects. Asner et al. [10] or Malenovský et al. [11], for example, propose to only consider sunlit pixels.
Adler-Golden et al. [12] suggested the use of matched filtering of reflectance data to detect and correct
shadows. More sophisticated approaches employ auxiliary data to approximate irradiance variation caused
by small scale canopy height variations: Friman et al. [13] used a digital object model derived from
LiDAR data to better represent the canopy surface. However, approaches employing an elevation model
to represent the canopy surface often assume the surface to be opaque, which is a simplifying assumption
that is often violated, especially in forest canopies. More recent approaches try to overcome these issues
by using complex three-dimensional radiative transfer models [7], [14] such as the Discrete Anisotropic
Radiative Transfer Model DART [15], [16].

Even though the problem of irradiance variabilities in surface reflectance retrievals has been discussed
frequently and multiple approaches already exist trying to compensate such illumination effects, few studies
actually quantified the effect of vegetation canopy on the surrounding irradiance field in a spectrally and
spatially resolved manner. In fact, results of Fawcett et al. [7] demonstrate that even with best efforts
(i.e. using a combination of DART RT modeling and high resolution digital object models), artifacts in
retrieved ToC reflectance data are present due to the complexity of irradiance fields and multiple scattering
in complex vegetation canopies. However, light scattering mechanisms of single leaves and agricultural
crops have already been analysed. Huete [17] demonstrated how multiple scattered light influences the
spectral response of surrounding soils, shadows and vegetation in a crop canopy at different solar angles.
Roberts et al. and Roberts [18], [19] analysed adjacency effects caused by a single synthetic leaf positioned
above backgrounds of different reflectance characteristics using a simplified radiative transfer model at
multiple wavelengths in the visible and near infrared. In a more recent publication, Stuckens et al. [20]
analysed the impact of commonly used assumptions in radiative transfer models (e.g. the averaging of
optical properties of randomly distributed leaves in a canopy and the representation of leaves as Lambertian
scatterers) on simulated light scattering mechanisms for a citrus orchard. The work in [20] further led to
multiple studies where the impact of background soil on the retrieved spectral signature of citrus orchards
was analyzed and a model for reducing such background effects was implemented [21], [22]. Focusing
more on cast shadows, Lynch [23] analyzed and quantified the subtle changes in irradiance inside a shadow
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cast by an artificial object on a white surface with a commercial RGB camera, giving a more detailed
insight into the completely non-binary shadow phenomenon. However, the three wavebands used in this
study (red, green and blue) only cover a very small part of the electromagnetic spectrum interesting for
vegetation studies. Focusing on light scattering in forest ecosystems, Hilker et al. [24], [25] analyzed
the effects of mutual shading of tree crowns on the prediction of photosynthetic light use efficiency in
a coastal Douglas-fir forest. They mitigated the problem of modeling the translucent forest canopy by
introducing a weighting, or transparency factor on the hillshade-derived shadow mask. However, also
here, the variance in canopy lighting was only analyzed in a panchromatic manner, not accounting for
different shadowing and brightening effects at changing wavelengths induced by neighboring trees. Takala
and Mõttus [26] analyzed the spatial variation of the canopy photochemical reflectance index (PRI) with
shadow fraction caused by leaf-level irradiation conditions. Even though they were able to analyze the
irradiance conditions at different wavelengths, they were not able to directly measure the irradiance at the
analyzed leaves but used the irradiance conditions of neighboring roads to derive leaf-level irradiance. This
is most probably highly influenced by multiple scattering and neighborhood effects, making the transfer
to leaf-level irradiance difficult. In fact, the importance of diffuse sky radiation for the retrieval of canopy
PRI [5] and the subsequent calculation of light use efficiency [27] was recently documented.

In this study we model the irradiance field around a single isolated tree using the DART radiative
transfer model and quantify the irradiance variability caused by the 3D object. The modeled irradiance
values are validated with measured irradiance values around the tree using field spectroradiometers. Finally,
we evaluate the impact of erroneous irradiance estimates on the retrieval of reflectance and vegetation
information

II. STUDY SITE AND MATERIALS

A. Study site
For this experiment, a single isolated tree was selected located on top of a drumlin 23 km southeast of

Zurich, Switzerland (47◦16′31.333′′N 8◦48′46.870′′E). The Linden tree (Tilia cordata.) is 11.8 m high with
a crown diameter of 12 m. The crown base height is at 1.5 m and the tree shows an average Leaf Area
Index (LAI) of 8.4 m2 m−2 estimated with the approach described in Section III-A1. The tree is surrounded
by agriculturally used grassland that had been trimmed prior to the measurements. All measurements were
performed on the 6th of July 2017, just a few days after the northern hemisphere solar maximum. The
sky was near-cloudless with a few temporary contrails and high cirrus clouds present and a visibility of
up to 23 km.

III. METHODS

A. DART Parameterization
The radiative transfer model used in this study to simulate the irradiance field around the tree was the

Discrete Anisotropic Radiative Transfer Model DART (v5.6.0) [16]. DART simulates three-dimensional
heterogeneous landscapes in three operating modes: flux-tracking, LiDAR, and Monte Carlo. Generally, a
DART scene is defined by a voxel grid with a predefined size (0.25 m in this study). It can simulate any
scene element, including vegetation such as grass or tree crowns, with triangles. Additionally, complex
three-dimensional objects represented as a triangular mesh with predefined optical properties can be
imported. Here, vegetation is simulated as turbid medium, where each voxel can be parameterized by
volume density, leaf angular distribution, and optical properties. A DART voxel can include vegetation
turbid media as well as triangles with an arbitrary size, independent of the voxel size. In ray tracing, two
types of radiation interactions are simulated: volume interaction within turbid voxels [28], and surface
interaction on triangles [29]. Further details on the DART model can be found in [15], [16].

In this study, the flux tracking mode was used with sun and atmosphere as the only radiation sources. The
approach to parameterize the DART model is closely following the one described in [30], where at-sensor
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TABLE I
TLS DATA ACQUISITION SPECIFICATIONS.

TLS Parameter TLS specifications

Acquisition dates 6th of July 2017
TLS Sensor Riegl VZ-1000
Laser wavelength [nm] 1550 nm
Beam divergence [mrad] 0.3
Beam width when leaving instrument [mm] 7
Laser pulse repetition rate PRR [kHz] 150
Max. measurement range [m] 950 m
Angular resolution [deg] 0.02
Accuracy [mm] 8
Precision [mm] 5

radiances for airborne imaging spectrometer data were simulated and compared to actual measurements
of the Airborne Prism Experiment (APEX) Sensor [2]. Optical properties of the tree crown and the
surrounding surfaces were defined based on measurements described in Section III-A3. The geometry of
the tree crown as well as the vegetation density for each voxel was defined as described in Section III-A1.
The leaf angle distribution was defined as spherical, based on leaf angle measurements conducted on a
tilia cordata in Kew Gardens, London by Jan Pisek from the Tartu Observatory, Estonia (unpublished
data). Additionally, the stem was parameterized following the approach described in Section III-A2. The
optical property of the stem was defined according to the default bark optical property found in the DART
optical properties database. The topography of the surface was extracted from drone images as described
in Section III-A4. To simulate the atmosphere, DART can be used with standard gas and aerosol models
as contained in the MODTRAN model [31]. We used the mid-latitude summer gas model and the rural
aerosol model with a visibility of 23 km. For each measured irradiance transect (see Section III-B) a
new DART simulation with modified solar angles (solar azimuth and elevation angle) according to the
observed solar angles at the beginning of each transect were simulated. A total of 1873 wavelengths with
1 nm spectral resolution were simulated for each transect covering the spectral range of 350 - 2500 nm.
Wavelengths associated with very low signal to noise ratios due to absorption bands have been excluded.
The output of the DART model is a three-dimensional radiative budget with the amount of energy (in W
m−2 nm−1) irradiant, absorbed and scattered at each voxel. The radiative budget can be further decomposed
into direct, diffuse and coupled irradiance (irradiance after coupling with the atmosphere). In this study, we
distinguish between bottom of atmosphere (BoA) and top of canopy (ToC) irradiance. BoA irradiance is
defined as the irradiance of a homogeneously illuminated flat surface uninfluenced by geometric scattering
effects caused by surrounding 3D objects (e.g. shadowing effects, reduction of sky view factor etc.). ToC
irradiance is the actual surface irradiance at each location including the geometric scattering effects.
When calculating reflectance factors we distinguish between apparent ToC reflectance based on the BoA
irradiance and true ToC reflectance based on the actual ToC irradiance.

1) Vegetation density estimation: Vegetation density for each turbid medium voxel was estimated using
terrestrial laser scanning (TLS) measurements acquired on the same day as the irradiance measurements.
The TLS instrument was operated at a wavelength of 1550 nm and a pulse repetition frequency of 150
kHz and a maximum range of 950 m (Riegl VZ-1000, Riegl, Austria). A detailed description of the TLS
data acquisition is given in Table I. A scan pattern of 0.02◦ spacing between pulses and a field of view
of 100◦ by 90◦ in vertical and horizontal directions was used. A total of four scans approximately 20
- 30 m away from the tree trunk were acquired. The chosen scan pattern minimized occlusion effects
and enabled a detailed representation of the tree [32], [33]. Cylindrical reflective targets were placed on
and around the tree as tie-points for the subsequent scan position co-registration. The co-registration as
well as the filtering of the point cloud was performed in Riegl’s RiscanPro Software package (RiscanPro
v2.0.2 r7440, Riegl, Austria). The TLS point cloud was further visually co-registered to the drone point
cloud (see Section III-A4).
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The vegetation density values per voxel were estimated using the AMAPvox Software package (version
1.0.1 r3410ffbe) developed by ”botAnique Modélisation de l’Architecture des Plantes et des végétations”
AMAP [34]. The AMAPvox model is tracing all laser pulses through a predefined voxel grid and calculates
for each voxel the local transmittance computed from the ratio between exiting and entering energy
normalized by the mean optical path length [34]. As the model cannot distinguish between leaf and
woody material, the output of each voxel is therefore defined as the Plant Area Density (PAD) per voxel.

2) Stem Model Extraction: While the turbid medium assumption of DART is valid for the tree crown,
it does not hold for the tree trunk. We therefore excluded voxels of the tree trunk from the estimated
vegetation density grid and modeled the tree trunk based on the TLS point cloud. We therefore extracted
all laser returns reflected from the tree trunk including the first major branches of the tree and fitted a
mesh around it using a screened poisson reconstruction [35] implemented in the open-source 3D mesh
processing software MeshLab (Version 2016.12) [36]. The extracted stem object can be imported into
DART as a wavefront object file and is then treated as an opaque lambertian object that is not penetrable
by solar radiation.

3) Optical Properties Measurements: Leaf optical properties (LOPs) were acquired using one of the
field spectroradiometers described in Section III-B, but with an added leaf-clip. The fore-optic allows us
to calculate leaf reflectance and transmittance by using a white and a black reference panel with known
reflectance and following the procedure described in [37]:

ρt =
ρ∗t,low × ρB,high − ρ∗t,high × ρB,low

ρB,high − ρB,low

(1)

τ 2 =
[ρt,high − ρt]× [1− ρt × ρB,high]

ρB,high

(2)

where ρt and τ are the extracted reflectance and transmittance of the leaf, whereas ρ∗t,low and ρ∗t,high are the
measured reflectance of the leaf with the white and the black reference panel as background respectively
and ρB,high, ρB,low are the measured relectance of the white and black reference panel without the leaf. The
instrument was set to reflectance mode to acquire the LOPs. A total of 20 randomly selected leaves were
sampled, 10 from the lower crown part and 10 from higher up the crown. For the DART parameterization,
the crown was divided into an upper and lower half (height threshold set to half of TLS measured crown
length) and the average LOP retrieved from the respective halves were assigned.

Radiance measurements from the ground surrounding the tree were also acquired with one of the field
spectroradiometers without the use of a fore-optic. Four ground measurements were acquired located
to the North-West, South-West, South-East, and North-East by averaging the measured radiance of a 1
m2 patch. Reflectance values for these ground measurements were calculated by taking white reference
measurements from spectralon panels before and after the ground measurements of each location.

4) Terrain extraction: The aerial ortho-mosaic of the study site was generated using a commercial DJI
Inspire 1 drone with the X5 gimbal. A total of 98 images were acquired with an average flying altitude
of 45.2 m above ground and with an along track overlap of 90%, while across track overlap was 85%.
The matching of the geotagged images was done with AGISOFT Photoscan professional, resulting in a
ground pixel resolution of 1.58 cm and a point density of 250 points/m2. The re-projection error (relative
error) was estimated to be 1.51 pixel, while the absolute error of the whole ortho-mosaic was estimated
to be 0.84 m.

B. Irradiance Measurements
Irradiance measurements were performed with two ASD FieldSpec Pro spectroradiometers (Analytical

Spectral Devices, FieldSpec Pro) measuring the reflected radiance from a white reference spectralon, with
nearly 100% lambertian scattering characteristics [38]. One spectroradiometer was positioned on a sunlit
patch over 30 m away from the tree to assure no influence of the tree on the measured irradiance. The
spectralon was mounted on a tripod roughly one meter above ground and was leveled to be horizontal. The
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(a)

(b)

Fig. 1. Field spectroradiometer setup for irradiance measurements. Fig. 1a shows both instruments, one mounted on a combined sled/gimbal
system and the reference system on a tripod and Fig. 1b shows a close-up onto the gimbal mount for the spectralon panel.

bare fibre optics (no for-optics were used) with a field of view of 25◦ was positioned nadir looking, roughly
12 cm above the spectralon. This results in a footprint of 2.8 cm in radius. The second spectroradiometer
was mounted onto a sled with the spectralon mounted on a passive gimbal with the fibre optics again
positioned nadir looking, roughly 12 cm above the spectralon. With this setup, the spectralon itself was
located 70 cm above the ground. The instrument setup can be seen in Fig. 1. Before and after the
experiment, the two instruments were cross-calibrated by placing the sled mounted instrument next to the
reference instrument and measuring the incoming irradiance with the two instruments at the same time
for one minute.

The reference instrument on the sunlit patch ran throughout the whole experiment and acquired ir-
radiance readings every five seconds. Several transects were acquired within the tree shadow with the
spectroradiometer mounted on the sled, including the transition zone into the sunlit area. The transects
were spaced 1 m apart from each other. Along the transects, five irradiance readings were acquired in
short succession every 1 m, once the gimbal was stable. In total, 13 transects in south-north direction were
acquired to measure the irradiance inside and in the transition zone of the tree’s cast shadow. Additionally
to the shadow transects, seven radial transects along the major cardinal directions (NE, E, SE, S, SW, W,
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Fig. 2. Irradiance measurement pattern. Red: shadow transects (spacing: 1 m in x and y), blue: radial transects along major cardinal directions
(spacing: 2 m). Reference irradiance measurement location outside shown image at local coordinate X=-24, Y=17. Odd numbered shadow
and all radial transects are labeled for referencing purposes. Background image acquired from drone data

NW) were acquired with a spacing of the individual irradiance readings of 2 m. A detailed map of the
measurement pattern with all measurement positions is shown in Fig. 2. The acquisition of all transects
took 2 hours (11:16 until 13:06 UTC).

All field spectroradiometer data were stored in the spectral information system SPECCHIO to enable
streamlined post-processing and ensure long-term data availability [39]. ASD spectroradiometers exhibit
radiometric discontinuities at the joints between the three separate detectors used in the full-range in-
struments [40]. Environmental temperatures drive the magnitude of these radiometric steps and affect the
whole spectral range to a higher or lower degree [41]. Such discontinuities were corrected at radiance level
by applying a dedicated correction model to all spectra stored in SPECCHIO [41]. Ground reflectance
factors were calculated in SPECCHIO using linear irradiance estimations [42].

In order to make the sunlit reference measurements and the transect measurements comparable, the
transect measurements were first calibrated to the reference instrument by using the cross-calibration
measurements from the beginning and the end of the experiment. A cross-calibration factor for each tran-
sect measurement was acquired by linearly interpolating between the two cross-calibration measurements.
The five irradiance readings per target location were averaged to receive the final irradiance value for
each measurement location. In order to decouple the irradiance changes caused by the tree from possible
irradiance variabilities caused by subtle changes in atmosphere conditions or solar angle, target irradiance
measurements were normalized using the reference irradiance measurements according to equation 3.

Ētarget =
Etarget

Eref

× 100 (3)

where Ētarget is the normalized target irradiance, Etarget is the cross-calibrated target irradiance and
Eref is the reference irradiance measured at the sunlit reference location at the time of the acquisition of
Etarget.
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C. DART simulation validation
For each measured transect one DART simulation was performed to ensure the same solar angles within

the simulation and the measurements. To compare DART simulation outputs with the measurements, a
2D irradiance map was generated from the 3D total irradiance grid. As we measured the irradiance on
a spectralon panel at 70 cm above ground, we extracted the irradiance value at this height above ground
from the voxel grid. The starting position of each shadow transect relative to the northernmost point of
the tree trunk has been measured in the field and can therefore be matched to a location on the DART
irradiance output. The starting point of the radial transects was chosen to be 2 m away from the closest
point of the tree trunk. All subsequent measurements were 1 m apart for the shadow transects or 2 m apart
for the radial transects. In that way, we were able to locate the measurement location on the extracted
irradiance map. However, as some geolocational errors can be expected with these relative locational
measurements, the average irradiance as well as the standard deviation of a 3x3 pixel window (75x75
cm) around the identified measurement location was extracted from the DART irradiance map.

D. Impact on Vegetation Indices
The impact of irradiance effects on the retrieval of commonly employed vegetation indices was evaluated

by comparing vegetation indices retrieved assuming a flat, homogeneously illuminated surface (apparent
ToC reflectance) with indices retrieved from true ToC reflectance values. DART outputs apparent ToC
reflectances by default. True ToC reflectance values were derived by dividing the apparent ToC radiance
simulated by DART with the ToC irradiance values derived from the DART 3D radiative budget. This
represents a perfect atmospheric correction where all illumination effects are accounted for, whereas
the apparent ToC reflectance image represents the typical reflectance image uncorrected for illumination
effects caused by surrounding objects. In order to decouple changes in the modeled reflectance and
vegetation indices products due to varying irradiance from changes due to different ground materials, we
parameterized the surface to be completely covered by grass with a single reflectance spectrum measured
on the South-Eastern side of the tree.

Vegetation indices are an empirical approach to relate light measurements to vegetation information.
However, wrong estimates of surface irradiance pose an additional sensitivity to these indices and com-
plicate their interpretation, even if properly calibrated for a specific site, vegetation type and phenological
period [6]. The choice in vegetation indices was based on those incorporating spectral information in
the VIS/NIR wavelength regions since they are strongly affected by illumination effects and are of high
importance in the functioning of vegetation. The chosen indices include the photochemical reflectance
index (PRI) indicative for the de-epoxidation state of xanthophylls and often applied as a proxy for light
use efficiency (LUE) [43]–[45] (Eq. 4). Additionally, we applied two indices sensitive to the relative
content of chlorophyll and carotenoids as proposed by [46] (Eqs (5) and (6)):

PRI =
r531 − r570
r531 + r570

(4)

CHL ∝ [r−1540−560 − r−1790]× r790 (5)

CAR ∝ [r−1510−520 − r−1560−570]× r790 (6)

where rx denotes the reflectance at the specified wavelength x in nanometers. The subscripts in Eqs.
5 and 6 indicate wavelength ranges used for the calculation of both indices. The wavelength subscripts
rx1−x2 denotes the average reflectance between x1 and x2 nm.
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Fig. 3. ToC surface irradiance changes as modeled by DART at (3a) 540nm and (3b) 800nm. Relative changes compared to modeled BoA
irradiance are shown. Red colors denote an increase in irradiance due to the tree’s presence, blue colors denote a decrease in irradiance due
to the tree’s presence. The tree crown outline and the cast shadow outline are marked with green and black lines respectively.

IV. RESULTS

A. Modeled Irradiance
A total of 3560 DART simulations (20 solar positions corresponding to the transect acquisition times

at 178 wavelengths with band width of 1nm) were evaluated to analyze the influence of the isolated tree
on the surrounding irradiance pattern. An additional 1873 simulations were analyzed for the main South-
North shadow transect (transect #7) for a spectrally higher resolved irradiance spectrum to be compared
to the spectroradiometer measured irradiance. All simulations were performed on the cloud computing
infrastructure ScienceCloud (S3IT) provided by the University of Zurich. Fig. 3 shows the ToC irradiance
changes relative to the BoA irradiance for 540 nm and 800 nm. Blue colors denote a decrease and red
colors denote an increase in irradiance due to the presence of the tree. From Fig. 3 we can clearly
distinguish an influence of the tree onto the surrounding irradiance field, also outside of the apparent cast
shadow. At 540 nm, the irradiance north of the tree a few meters (1-2 m) outside of the cast shadow is
still 4-6% decreased relative to the BoA irradiance. To the south of the tree, barely any influence of the
tree on the surface irradiance is distinguishable at 540 nm. On the other hand, at 800 nm the tree shows
its biggest influence to the south of the tree, where the surface irradiance is increased by 6 to 7% even
two meters away from the outer rim of the tree crown. The influence of the tree decreases with increasing
distance, reaching less than 1% of irradiance increase at roughly 12 m away from the outer rim of the tree
crown. The increase in irradiance is also visible on the southern side of the tree crown itself. The slight
increase in irradiance at 800 nm in the South-Eastern corner of the image is not due to the tree but caused
by the increasing slope of the terrain and the discrete voxel representation of the three-dimensional scene
inside DART, where vertical voxel faces can illuminate or shadow lower neighboring voxels.

In Fig. 4, a vertical profile through the middle of the tree in the South-North direction is shown. This
shows the brightening or darkening effect caused by the tree also in the third dimension and highlights
the possibility to analyze vertical light availability and extinction profiles using DART.
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Fig. 4. Vertical DART profile of the modeled radiative budget in South - North direction. South is to the left of the figure. The crown
outline is shown with a green line. Relative changes compared to the BoA irradiance are plotted as differences of ∆E. Red colors denote
an increase in irradiance due to the tree’s presence, blue colors denote a decrease in irradiance due to the tree’s presence. (4a) shows the
vertical profile at 540nm, (4b) at 800nm.

B. Measured Irradiance
Fig. 5 shows the mean irradiance spectrum measured at the reference instrument over the whole

measurement period as well as the irradiance time series for two wavelengths (540 nm and 800 nm).
Except for a few local minima in irradiance most probably caused by high cirrus clouds blocking the
direct solar path, the sunlit irradiance stayed relatively stable and shows a steady decrease after solar
noon at 11:31 (UTC). Due to an instrument malfunction between 12:26 and 13:05 no reference irradiance
measurements have been acquired and the data gap was filled using linear interpolation. A total of five
transects are affected by this measurement gap (radial transects 15 to 19). However, the error introduced
due to the missing reference irradiance is assumed to be small (i.e. +/-3.26% in the VIS, +/-3.5% in
the NIR, and +/-6% in the SWIR region, based on the standard deviation of the measured reference
irradiance 15 minutes before and after the measurement gap). Furthermore, a large decrease or increase
in solar irradiance would be visible in the transect measurements allowing for an identification of the
discrepancy between interpolated reference irradiance and actual irradiance. The main analysis performed
in this study is focused on the shadow transects (transect numbers 1 to 13) for which the reference
irradiance time series is complete. The only exceptions are transects 18 (North - South transect) and 19
(North-East - South-West transect) showing the irradiance fields on the southern side of the tree. A linear
interpolation of the data gap is a simplifying solution for this problem. A better model to describe the
irradiance change over the course of a day would include Lambert’s cosine law and reflect the change in
airmasses also leading to a non-linear decrease in transmittance of the atmosphere. However, given the
date, time of day, length of the experiment as well as the latitude, the error introduced by using a simple
linear interpolation is assumed to be minor.
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Fig. 5. Sunlit reference irradiance measurements. (5a) shows the mean irradiance spectrum measured with the reference instrument. The gray
area denotes the standard deviation over the whole measurement period plus the uncertainty associated with the irradiance measurements.
(5b) shows the reference irradiance time series over the whole measurement period at 540nm (green) and 800 nm(red). The green and red
transparent area denotes the uncertainty associated with the irradiance measurement. The mean irradiance for the respective wavelength is
shown with a dashed line. The gray boxes denote the measurement uncertainty and the +/- standard deviation over the whole measurement
period for the respective wavelength. The gray dotted vertical lines denote the start time of a new transect. For transects 15 to 19, reference
irradiance values have been interpolated due to an instrument malfunction. The uncertainty introduced due to the interpolation of the data
gap was estimated based on the irradiance variability 15 minutes before and after the gap and added to the total uncertainty associated with
the irradiance measurements for the interpolated irradiance values.

Fig. 6 shows the irradiance of transect numbers 7 and 18 (South-North transect in the middle of the
tree and North-South transect on the Southern side of the tree) at 540 nm and 800 nm. Fig. 6 clearly
shows the wavelength dependent behavior of the irradiance with increasing distance from the tree. The
first few measurements were located inside the cast shadow of the tree, followed by a small transition
zone and a longer sunlit area. The irradiance at 540 nm increases inside the cast shadow caused by the
gain in sky view factor with increasing distance from the tree. The visible range of the spectrum and
especially the blue spectral range is highly influenced by atmospheric scattering. A reduced sky view
factor therefore further decreases the diffuse atmospheric irradiance component on the ground, which
is still observable outside of the apparent cast shadow. As wavelengths in the near-infrared region are
less affected by atmospheric scattering, this effect is not visible in the cast shadow at 800 nm. On the
southern side of the tree a different effect is visible, where the irradiance at the border to the cast shadow
spikes at 800 nm and then decreases again with increasing distance from the tree. This can be explained
by an additional diffuse irradiance component caused by the high backwards scattering characteristics of
vegetation in the near-infrared region. This irradiance increase in close vicinity of the tree can be observed
in all transects facing towards the sun. This effect is not apparent in the visible domain as shown in Fig.
6c.



IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING 11

0 2 4 6 8 10 12 14 16
Distance to tree trunk [m]

0

0.1

0.2

0.3

0.4

0.5

Ir
ra

di
an

ce
 [W

 m
-2

 n
m

-1
 s

r-1
]

0

20

40

60

80

100

N
or

m
al

iz
ed

 Ir
ra

di
an

ce
 [%

]

(a)

0 2 4 6 8 10 12 14 16
Distance to tree trunk [m]

0

0.1

0.2

0.3

Ir
ra

di
an

ce
 [W

 m
-2

 n
m

-1
 s

r-1
]

0

20

40

60

80

100

N
or

m
al

iz
ed

 Ir
ra

di
an

ce
 [%

]

(b)

0 2 4 6 8 10 12 14 16 18 20
Distance to tree trunk [m]

0

0.1

0.2

0.3

0.4

0.5

Ir
ra

di
an

ce
 [W

 m
-2

 n
m

-1
 s

r-1
]

0

20

40

60

80

100
N

or
m

al
iz

ed
 Ir

ra
di

an
ce

 [%
]

raw measurement
xcal
reference E
xcal & normalised

(c)

0 2 4 6 8 10 12 14 16 18 20
Distance to tree trunk [m]

0

0.1

0.2

0.3

0.4

Ir
ra

di
an

ce
 [W

 m
-2

 n
m

-1
 s

r-1
]

0

50

100

N
or

m
al

iz
ed

 Ir
ra

di
an

ce
 [%

]

raw measurement
xcal
reference E
xcal & normalised

(d)

Fig. 6. Measured irradiance for transect #7 and #18 at 540nm (6a and 6c) and at 800nm (6b and 6d). Measured raw irradiance in green,
measurements cross-calibrated with reference instrument in blue and cross-calibrated plus normalized measurements in red. Normalization
has been performed according to the irradiance at the reference instrument during the target acquisition. The irradiance at the reference
instrument is shown using a dashed black line (reference E). Shaded area in respective colors denote the uncertainty associated with the
irradiance measurement plus the standard deviation of the five irradiance readings per target. Note that the reference irradiance values for
transect 18 (Figures 6c and 6d) have been interpolated.

C. DART simulation validation
Figures 7 and 8 show the comparison between simulated and measured irradiance averaged over all

sunlit and shadowed targets for transect #7 both in absolute and normalized numbers. Normalization
in Fig. 8 is based on the measured reference irradiance at the time. DART generally overestimates the
surface irradiance compared to the measured irradiance. In the visible spectral range (350 - 700 nm) the
overestimation is at 12% on average and 9.3% in the near infrared (701 - 1000 nm) for sunlit targets.
In the short-wave infrared (1001 - 2500 nm) the average overestimation is at 10.9% (wavelength inside
absorption features highlighted in gray and green in Fig. 7 and Fig. 8 were excluded from these statistics).
For the shadowed targets DART overestimates the surface irradiance by 37.4% in the visible range. For
the NIR and SWIR region, DART underestimates the surface irradiance in average by 1.5 and 16.5%.
However, due to the large variability in irradiance in the shadowed areas, the simulated and measured
irradiance values lie within their respective uncertainty bounds (standard deviation of all shadowed and
sunlit targets of transect #7 for modeled irradiance, uncertainty plus standard deviation of all shadowed
and sunlit targets of transect #7 for measured irradiance).

The overall good fit between DART simulated and spectroradiometer measured irradiance patterns with
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Fig. 7. Average irradiance spectra for sunlit (7a) and shadowed (7b) targets of transect #7. Simulated irradiance in red and measured
irradiance in blue. Standard deviation over all sunlit and shadowed modeled irradiance in transparent red areas. Standard deviation over
all sunlit and shadowed measured irradiance plus uncertainty associated with the spectrometer irradiance measurements in transparent blue
areas. Absorption bands due to water vapor or atmospheric gases are highlighted in gray or green columns respectively.

an R2 of 0.997 can also be seen in Fig. 9, where the absolute measured and modeled surface irradiance
are plotted against each other. The 1:1 line shown in Fig. 9 also highlights the slight overestimation of
DART modeled irradiance.

When analyzing single transects at selected wavelengths, we observe a strong agreement in ToC
irradiance patterns between measured and modeled ToC irradiance. Fig. 10 shows that the stated darkening
effect of the tree on the northern side in the blue spectral range as well as the brightening effect of the
tree especially on the southern side in the near infrared region are both observable in the measured as
well as the modeled surface irradiance pattern.

D. Impact on Vegetation Indices
The results shown above illustrate the impact of vegetation on the surrounding irradiance field. Related

uncertainties will translate to the calculation of higher level remote sensing products such as vegetation
indices or vegetation biochemical properties and compromise their reliability. Selected vegetation indices
(i.e. PRI, CHL, CAR) were derived using true and apparent ToC reflectance values to quantify the impact of
illumination effects on retrieved vegetation information. In Fig. 11 the difference between PRI, CHL, and
CAR derived from apparent and true ToC reflectance values is shown relative to the value range observed
for the respective vegetation products derived from the measured leaf and ground optical properties (see
Section III-A3). Red colors therefore denote an increase of the respective vegetation index value when
the presence of the tree is not considered in the calculation of ToC reflectance. On the other hand,
blue colors denote a decrease of the respective vegetation index values when the processing neglects the
presence of the tree. These changes can be observed outside (i.e. up to 10 m distance) the apparent cast
shadow. CHL and CAR show an overestimation of up to 10-14% (relative to the observed value range
of the respective vegetation product derived from the leaf and ground optical properties measurements)
close to the edge of the tree and the cast shadow if only apparent ToC reflectance values are used to
derive these vegetation products. At 4 m distance from outer rim of the tree crown and cast shadow, the
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Fig. 8. Average normalized irradiance spectra for sunlit (8a) and shadowed (8b) targets in transect #7. Simulated irradiance in red and measured
irradiance in blue. Standard deviation over all sunlit and shadowed modeled irradiance in transparent red areas. Standard deviation over all
sunlit and shadowed measured irradiance plus uncertainty associated with the spectroradiometer irradiance measurements in transparent blue
areas. Normalization based on the irradiance values measured at the reference instrument location. Absorption bands due to water vapor or
atmospheric gases are highlighted in gray or green columns respectively.

overestimation is still up to 6%. As both CHL and CAR rely on reflectance values in the NIR spectral
domain, they also show a slightly larger impact on the southern side of the tree due to the pronounced
backscattering characteristic of the tree in the NIR region. By relying on reflectance values in the green
spectral range, PRI shows a contrary behavior, where a larger influence on the northern side of the tree is
discernible. Due to the employed wavelength for the calculation of the PRI, the general difference between
the PRI derived from true and apparent ToC reflectance is contrary to the other vegetation indices. PRI
inside the cast shadow is overestimated by up to 90% of the observed PRI range derived from the leaf
and ground optical properties measurements when using apparent ToC reflectance to calculate PRI. PRI
outside the cast shadow is slightly underestimated by up to 5% when using apparent ToC reflectance. The
PRI outside the cast shadow is therefore much less affected by the presence of the tree than the other
discussed vegetation indices. However, due to the very narrow wavelength region used to calculate the
index (531 nm and 570 nm) and the thus inherent narrow value range of the PRI close to 0, the stated
relative values have to be taken with caution.

V. DISCUSSION

A. Modeled Irradiance
Due to the numerous parameters used by DART to simulate the experimental site and the atmosphere,

several sources of uncertainty for the modeled irradiance values can be identified, e.g. vegetation density
per voxel (i.e. plant area density PAD), provided leaf optical properties (LOP), or the leaf angle distribution.
The AMAPvox software used to estimate PAD per voxel from TLS acquisitions tends to overestimate
Plant Area Index (PAI) values obtained from vertical integration of PAD profiles as compared to PAI
estimates derived from average gap fractions using LAI2200 measurements in a tropical forest [34].
Observed differences, however, reflect the fact that distribution of foliage is strongly spatially structured
which is not properly accounted for in PAI estimates derived from mean gap fraction per elevation angle
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Fig. 9. Measured vs. simulated irradiance scatterplot for transect #7.

as performed with the LAI2200 instrument [34]. However, TLS derived PAD and PAI estimates using
similar approaches as the one in AMAPvox showed good results (e.g. estimated leaf area lay within 14%
from the reference measurement acquired by leaf harvesting for a savanna environment as reported in
[47]) rendering this approach superior to previously established methods using optical measurements often
not able to vertically resolve the PAD distribution in the canopy e.g. [47]–[50].

Leaf optical properties are recognised as one of the major components driving the radiation regime
of forest canopies. Thus LOP are also key input parameters for leaf and canopy radiative transfer
models [51], [52]. It is therefore of great importance to know the uncertainties associated with the
LOP measurements. Especially LOP retrieved from leaf clip measurements are known to have differing
reflectance and transmittance when compared to the well established procedure using a single integrating
sphere [53]. However, the assessment of the uncertainty associated with the LOP measurements is a non-
trivial task. Nevertheless, we assume that even larger errors associated with the LOP measurements will
not significantly impact the modeled surface irradiance values and patterns and therefore the findings of
this study. This assumption is also based on the findings by Stuckens et al. [20], where they analysed
commonly used assumptions in radiative transfer models such as the averaging of LOP for entire crowns.
They found that no measurable error could be found in the simulated reflectance images if an averaged
LOP was used instead of a more accurate assignment with varying LOP throughout the crown. A more
detailed analysis on the uncertainty associated with the measured LOP and the impact on simulated surface
irradiance is given in Appendix A-E.

Also leaf angle distribution (LAD) plays an important role in the radiative transfer through tree canopies
[54], but also in the estimation of PAD per voxel [47]. As an automatic estimation of LAD from TLS data
is still a challenge, we assumed a spherical leaf angle distribution for the whole crown. This assumption
is commonly performed in literature e.g. in [34], [55], [56] and was reported to be acceptable for mapping
effective LAI in a heterogeneous mixed forest from aerial discrete return lidar in [57]. We further had
leaf angle measurements from a different tree of the same species available (Pisek, Tartu Observatory,
unpublished data), proving the assumed spherical leaf angle distribution to be adequate.
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Fig. 10. Measured vs. simulated irradiance for transects #7 (10a) at 470nm and #19 (10b) at 781nm. Left panels show the normalized
irradiance transects for measured (blue) and simulated (green) irradiance. Irradiance normalization has been performed based on measured
irradiance at the reference location. Right panels show DART simulated normalized irradiance at 70 cm above ground with the crown outline
and target locations highlighted in red.

No measurements of the atmospheric composition during the experiment are available, hindering an
accurate, time-dependent parameterization of the atmosphere. We used the DART standard aerosol model
for rural areas as a stable reference. The visibility was set to 23 km, which is the value usually observed
for clear summer days in Switzerland. The gas model which describes the vertical distribution of gases in
the atmosphere and its scattering characteristics was defined as the DART standard mid-latitude summer
model. In order to reduce this source of uncertainty, additional measurements using a sun-photometer
should be used in future experiments. The temporal variability in solar irradiance further require temporally
high resolved measurements of the atmospheric composition in order to fully reflect the influence of the
atmosphere, adding even more to the complexity. We therefore opted for the use of a simple DART
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Fig. 11. Impact of the tree onto the retrieval of commonly employed vegetation indices. Red (blue) colors denote an overestimation
(underestimation) of the derived product when not accounting for the tree’s presence (i.e. when using apparent ToC reflectance values).
∆CAR = aCAR− tCAR where aCAR is the vegetation index derived using apparent ToC reflectance values and tCAR is the vegetation
index derived using true ToC reflectance values. The changes are shown relative to the observed value range of the respective vegetation
indices derived from the leaf and ground optical properties (c.f. Section III-A3).

standard atmosphere parameterization, which is applicable for most nearly clear sky situations and is a
common approach found in literature e.g. [6], [58]–[60]. We consider this source of uncertainty not to
impact the main findings of our study and drawn conclusions.

Several radial lobes around the tree can be distinguished in the DART derived irradiance maps. This
is caused by the user defined discrete scattering directions in which DART is able to scatter light [61].
In all performed simulations a total amount of 100 directions in the whole 4π space was defined plus
an additional 100 directions in the sun’s hot-spot up- and downward direction. In order to remove these
lobes, the amount of directions has to be increased at the cost of computational expense. Again, this
undersampling does not impact our results and conclusions.
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B. Measured Irradiance
Even though we used the field spectroradiometer measurements as a source for validating DART

modeled irradiance, multiple sources of uncertainties associated with the irradiance measurements from
the spectroradiometers have to be accounted for (cf. [42] for a comprehensive review of sources of
uncertainties). An in-depth analysis on the uncertainty budget for the irradiance measurements is given in
Appendix A. The biggest source of uncertainty associated with the irradiance measurements is believed
to be found in the spectralon panel, especially due to degradation effects of the spectralon panel over time
(see Appendix A-B), but also due to dirt build up during the experiment. The spectralon panels suffer
from a gradual degradation over time which is most pronounced in the blue and visible spectral range.
Möller et al. [62] showed that over the course of only one year, a degradation of up to 1% in reflectance
can be observed depending on the wavelength. They even showed that over the course of a single day
a degradation of the reference panel can be observed. Hueni et al. [42] also showed and quantified the
panel degradation by comparing the measured reflectance to a new, pristine panel. They showed that the
degradation affected the whole spectral range with the visible range being the most susceptible, showing
degradation of up to 20% below 400 nm. Above 600 nm the degradation was reported to be less than 5%.
We argue that this is one of the main reasons for the overestimation of the DART modeled irradiance values.
However, the influence of the aging effect can be reduced with proper storage and could be quantified by
frequently calibrating the spectralon panels with a pristine and calibrated reference spectralon panel that
is ideally only used in laboratory environment. Unfortunately, such a calibration was not performed for
this study due to a missing pristine and calibrated spectralon panel.

C. DART simulation validation
Even though a fixed measuring grid with the tree trunk and the major cardinal directions as a reference

was laid out, the exact localization of each irradiance measurement location in the DART simulated
irradiance products is likely a source of uncertainty in this experiment. To overcome this issue, the
average simulated irradiance in a 75x75cm area around the localized measurement point was taken and
the standard deviation inside this window was calculated. Nevertheless, an inaccurate localization of the
measurement location inside the DART irradiance product could still be an explanation for some larger
discrepancies between modeled and measured irradiance found especially at the shadow borders.

The results have shown that even though the irradiance pattern between measured and modeled irradiance
fit well, the DART simulated values usually overestimated the measured irradiance. A reason for this
overestimation, as already mentioned in Section V-A, could be the parameterization of the atmosphere
inside DART. As seen in Fig. 5b, also minor changes in atmospheric conditions in a seemingly bright
and sunny day can cause a significant variation of irradiation during a short time window (i.e. up to
10% depending on wavelength) on the measured baseline irradiance. Also differences in observed and
modeled extra-terrestrial solar irradiance could have an influence on the modeling performance of the
surface irradiance. However, the impact of such differences in extra-terrestrial solar irradiance is small
and not accountable to the overestimation in modeled irradiance.

Because DART has many input parameters, each one with its own uncertainty, a whole uncertainty
budget for the DART modeled irradiance is believed to be out of the scope of this study. Nevertheless,
a quantified uncertainty budget for the DART modeled irradiance including several sensitivity studies for
the input parameters is still needed and should be considered for future studies.

However, measured irradiance could have an influence on the observed overestimation too. As mentioned
in Section V-B, spectralon panels degrade over time, especially at lower wavelengths. This could be a
further explanation for the larger overestimation in modeled irradiance, especially below 500 nm.

D. Impact on Vegetation Indices
The presence of a tree causes a wavelength dependent impact on surface irradiance of up to 7% that

directly translates to retrieved ToC reflectance and subsequently calculated vegetation indices. It was found
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that this effect can be even more pronounced for vegetation indices using the near-infrared and the visible
domain, such as the chlorophyll index or the carotenoid index [42]. Fig. 11 shows that an overestimation
of up to 14% in CAR or CHL can be expected when we use apparent ToC reflectances to calculate the
indices instead of actual target reflectance values. Even though this may not sound as much, it is of high
relevance. Fox et al. [63] stated in their paper on the Traceable radiometry underpinning terrestrial- and
helio-studies (TRUTHS) instrument that for long-term climate studies we need less than 1% uncertainty.
Therefore, a tree induced irradiance change of 7% for a single wavelength or a change of 14% for a
vegetation index is relevant. Already Roberts et al. and Roberts [18], [19] reported a similar halo effect
especially pronounced in the near-infrared, where the downward radiant flux measured at a certain distance
from the leaf was increased by up to 20%.

Figures 3 and 11 show a brightness gradient for ToC irradiance and vegetation indices across the
tree crown. These effects are especially pronounced for the irradiance field in the NIR spectrum as well
as in the vegetation indices containing wavelengths in the NIR spectrum (CAR and CHL). This has
serious implications for the retrieval of biochemical and biophysical parameters as well as of vegetation
functioning from imaging spectroscopy data. For fully illuminated parts of the crown, oriented to the sun
(i.e. an illumination angle close to 0 degrees) vegetation indices show errors of up to 2.5%, 10.6%, and
4.8% for PRI, CHL, and CAR respectively. For shaded crown pixels oriented away from the sun and
mainly receiving diffuse irradiance, errors are up to 30%, 10.6%, and 8.9% for PRI, CHL, and CAR
respectively. These findings suggest that the robustness of commonly employed approaches that only take
sunlit pixels to derive these parameters (e.g. [4], [64]) is compromised. Our findings suggest that only the
flat area on the very top of the tree (i.e. the area that represents the assumed illumination conditions in
terms of illumination angle and fraction of diffuse to direct irradiance) can be assumed to be unaffected by
these adjacency effects. How these effects scale with increasing pixel size and related varying contributions
of isotropic, volumetric and geometric-optical scattering has to be determined. Unfortunately, measuring
the actual irradiance on the crown surface is a complicated task, making the validation of the modeled
irradiance values on the crown surface and the retrieval of vegetation indices of such pixels a challenge.
Nevertheless, such adjacency effects are likely often neglected and a more in-depth analysis of these
effects also at the crown level and at different scales is needed in order to fully understand their influence
on the retrieval of vegetation status and functioning. In addition, induced adjacency effects have a direct
implication for the assessment of sub-pixel material abundances: Multiple scattering caused by illumination
effects determine the mixing of spectral signatures non-linear and thus introduce uncertainties in estimated
unmixing results (cf. [65]–[69]). Radiative transfer models such as DART are valuable tools to analyze
and quantify these very complex adjacency effects due to anisotropy, absorption and multiple scattering
in the vegetation canopy. The implemented modeling approach reveals that DART is able to accurately
model such irradiance patterns and could therefore be used to analyze these complex light interactions in
even more detail.

In this study, only the irradiance change induced by a single isolated tree was analyzed and discussed.
However, Fawcett et al. [7] observed substantial border effects around tree crowns and concluded that the
irradiance field is even more complex in presence of several trees due to multiple scattering effects. Also
Stuckens et al. [20] confirmed a significant change in simulated scene reflectance for varying placements
of citrus trees in an orchard. For future studies it is of interest to analyze the impact on the irradiance
field caused by multiple trees and the light interactions between the trees, possibly giving insights on
species co-existence strategies. The DART radiative transfer model could be a useful tool to analyze the
radiative transfer through the forest canopy, describing the light interaction inside the canopy. This has
further implications for large scale ecosystem demography models for which Fisher et al. [70] identified
the radiative transfer through the canopy as one of the biggest sources of uncertainty.

VI. CONCLUSION AND OUTLOOK

We conclude on the significance of spatial and spectral irradiance variability caused by 3D objects
and the need to accurately model irradiance fields for reliable retrievals of geophysical information from
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imaging spectroscopy data. Measured and simulated irradiance demonstrate that shadow is a non-linear
phenomenon showing a large variability in irradiance of up to 560% for blue wavelengths (450nm) and
up to 17% for red wavelengths (680nm). However, beyond the visible spectral range, the variability of
irradiance inside the cast shadow is negligible. Isolated trees substantially influence the irradiance field
of its surrounding that goes far beyond the apparent cast shadow. In certain wavelength regions, even the
surrounding at the sun-facing side is substantially impacted.

Our findings showed that the presented modeling approach is able to simulate and predict the extremely
complex interactions of radiation with the canopy in unprecedented spectral and spatial resolution. Fisher et
al. [70] identified the modeling of the radiative transfer through the canopy as one of the biggest sources
of uncertainty in current ecosystem and vegetation dynamics models. We suggest using 3D modeling
approaches to exploit these complex interactions and evaluate the influence of simplifications in the
radiative transfer on e.g. modeled absorbed photosynthetically active radiation (APAR), gross primary
productivity (GPP), or light availability. The combination of experimental data and 3D modeling can reveal
substantial insights to advance understanding of light-related mechanisms driving species coexistence,
competition and diversity in complex forest canopies.

APPENDIX A
UNCERTAINTY CONSIDERATIONS

A. ASD radiometric uncertainty
The ASD radiometric uncertainty was based on an uncertainty budget provided by ASD. It is traceable

to the NIST irradiance scale and includes further components (lamp current, distance from lamp to panel,
panel reflectance, wavelength calibration and instrument long-term stability). The uncertainty is in the
range to be expected from such calibration setups as used by ASD, e.g. the radiance transfer standard
RASTA shows similar uncertainties [71].

B. Spectralon panel uncertainty
Spectralon panels suffer from a number of uncertainties. These comprise the reflective properties as

well as short-term and long-term degradations. The reflectance of the panel is different from unity, and
the reflectance factors of the panel and the associated uncertainties are defined in the calibration report
given by the manufacturer [72]. These reflectance factors and uncertainties are however only true for
the illumination and observation angles during calibration. Information about the specific bidirectional
reflectance distribution function (BRDF) of Spectralon panels can be obtained by calibration in specialized
laboratories [73]. Short term degradations involve the accumulation of particles during the field use and
have been reported to range around 0.5% [73], but are obviously largely dependent on the environmental
conditions and should be assessed specifically during each field experiment. Long term changes in
reflectivity are not only associated with exposure to high levels of UV radiation, but also due to the storage
[62]. The panels used during this experiment are not strictly traceable to a standard due to their storage and
field usage since their last calibration. To account for the resulting uncertainties, we include the following
uncertainty budget components: uncertainty of reflectance as provided by supplier and uncertainty due to
storage and use. The latter was estimated from a comparative experiment, measuring the reflected solar
irradiance over eight different panels during stable midday conditions in summer 2015. The storage and
use uncertainty utilized in this study was calculated as the mean reflectance factor difference relative to
the most recently calibrated panel.

C. Angular uncertainty of the gimbal
The uncertainty contribution to the total uncertainty associated with the irradiance measurements due to

the leveling performance of the gimbal was assessed by measuring the angular displacement from a perfect
horizontal alignment after a movement of the whole measurement device. This angular displacement was
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Fig. A1. Relative uncertainty contributions to the total uncertainty associated with the irradiance measurements using an ASD hand-held
spectrometer and a spectralon panel mounted on a gimbal

measured 20 times to receive an average angular displacement (0.23 degrees) from the perfect horizontal
alignment. The contribution of the angular displacement to the total uncertainty of the measured irradiance
was performed by calculating the expected irradiance on a completely flat surface based on the measured
irradiance of the tilted surface defined by the tilt angles and the solar angle as described in [74]. According
to Gulin et al. [74], calculation of the direct irradiance incident on a tilted surface Bϕ is purely geometrical:

Bϕ =
Bh

cos θz
cos θ = Bhrb, (7)

where Bh is the direct horizontal solar irradiance, rb is the direct irradiance conversion factor

rb = max(0,
cos θ

cos θz
) (8)

and Θ is the angle of incidence, e.e., the angle between the sun direction and the normal direction of
a tilted surface:

cos θ = cos θz cos β + sin θz sin β cos(γs − γ) (9)

where θz and γs are the solar zenith and azimuth angles respectively. γ and β are the measured angular
displacement of the spectralon panel from a perfect horizontal alignment. As we measured the irradiance
on the tilted surface (Bϕ) we have to solve equation 7 for Bh. The difference between Bh and Bϕ then
gives the uncertainty associated with the irradiance measurement due to the alignment performance of the
gimbal.

D. Total uncertainty associated with irradiance measurements
Fig. A1 shows the different contributions to the total relative uncertainty associated with the irradiance

measurements. Note that the uncertainty associated with the spectralon panel does not account for aging
effects as it is based on a calibration certificate of a new pristine spectralon panel. For older, used spectralon
panels, the uncertainty contribution of the spectralon panel is assumed to be much larger especially in the
visible spectral range.
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Fig. A2. Comparison between the two LOP entries for Tilia trees in the LOPEX database [75] and the measured LOP for this experiment
(Bubikon).

E. Influence of LOP on simulated irradiance
Extracted leaf optical properties to paramiterize the DART model may be influenced by significant

uncertainties. However, an estimation of the uncertainty associated with the retrieved LOP is a non-trivial
task. In order to assess the impact of changing LOP on the modeled irradiance, we performed additional
DART simulations, where we changed the LOP based on literature values found for the same tree species
(tilia), but with a different genus (platyphyllos instead of cordata) in the LOPEX database [75]. Even
though the LOP found in the LOPEX database show large variance in reflectance and transmittance (see
Fig. A2), it can give us an idea about the range in LOP for tilia trees. We performed four additional
DART simulations with the two LOP found in the LOPEX database for transect #7 and #19 at 540nm
and at 781nm (also compare with Fig. 10). We opted for a wavelength at 540nm instead of 470nm,
as the reflectance and transmittance values show larger differences at this wavelength, possibly showing
also larger impacts on modeled irradiance values. Fig. A3 shows the range and the difference in modeled
irradiance when we use the LOPs derived from the LOPEX database as compared to the original simulation
based on the measured LOP. Even though the difference in reflectance and transmittance of the measured
leaves and retrieved form the LOPEX database is relatively large (up to 80% in transmittance at 540nm
when measured transmittance is compared with transmittance for LOPEX Tilia 1), the impact on simulated
irradiance is marginal. Outside shadowed areas, the difference in modeled irradiance is less than 0.2% at
540nm with distance to tree trunk of more than 8m and less than 1.7% at 781nm after 6m distance to tree
trunk. Only within shadowed areas the relative difference between original simulation and the ones based
on changed LOPs are larger (up to 22% at 540nm and up to 12% at 781nm), however as the absolute
amount of irradiance in these shadowed areas is very low, the absolute difference is nearly negligible
with 0.004 W m−2 nm−1 sr−1 and 0.009 W m−2 nm−1 sr−1 at 540nm and 781nm respectively. We can
therefore conclude that a change in LOP due to measurement errors would only have a minor effect on
the modeled surface irradiance values.
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K. I. Itten, “Advanced radiometry measurements and Earth science applications with the Airborne Prism Experiment (APEX),” Remote
Sensing of Environment, vol. 158, pp. 207–219, mar 2015.

[3] S. L. Ustin, A. a. Gitelson, S. Jacquemoud, M. Schaepman, G. P. Asner, J. a. Gamon, and P. Zarco-Tejada, “Retrieval of foliar
information about plant pigment systems from high resolution spectroscopy,” Remote Sensing of Environment, vol. 113, pp. S67–S77,
sep 2009.



IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING 23

[4] F. D. Schneider, F. Morsdorf, B. Schmid, O. L. Petchey, A. Hueni, D. S. Schimel, and M. E. Schaepman, “Mapping functional diversity
from remotely sensed morphological and physiological forest traits,” Nature Communications, vol. 8, no. 1, p. 1441, dec 2017.

[5] A. Damm, L. Guanter, E. Paul-Limoges, C. van der Tol, A. Hueni, N. Buchmann, W. Eugster, C. Ammann, and M. E. Schaepman,
“Far-red sun-induced chlorophyll fluorescence shows ecosystem-specific relationships to gross primary production: An assessment based
on observational and modeling approaches,” Remote Sensing of Environment, vol. 166, pp. 91–105, 2015.
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[7] D. Fawcett, W. Verhoef, D. Schläpfer, F. Schneider, M. Schaepman, and A. Damm, “Advancing retrievals of surface reflectance and
vegetation indices over forest ecosystems by combining imaging spectroscopy, digital object models, and 3D canopy modelling,” Remote
Sensing of Environment, vol. 204, pp. 583–595, jan 2018.

[8] R. Richter, “A fast atmospheric correction algorithm applied to Landsat TM images,” International Journal of Remote Sensing, vol. 11,
no. 1, pp. 159–166, 1990.

[9] R. Richter and A. Müller, “Deshadowing of satellite/airborne imagery,” International Journal of Remote Sensing, vol. 26, no. 15, pp.
3137–3148, 2005.

[10] G. P. Asner, R. E. Martin, C. B. Anderson, and D. E. Knapp, “Quantifying forest canopy traits: Imaging spectroscopy versus field
survey,” Remote Sensing of Environment, vol. 158, pp. 15–27, 2015.
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