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1 Introduction

1.1 Thesis structure and synopsis

Remote sensing (RS) is a multidisciplinary scientific domain for measuring the electromag-
netic radiance reflected and radiated from Earth surfaces. One kind of RS imaging spec-
troscopy data is called hyperspectral spectroscopy. It contains tens to hundreds reflectance
images representing very narrow wavelength intervals within the continuous optical spec-
tral range of 400 — 2500 nm. The hyperspectral images are frequently used for mapping
of vegetation traits such as content of chlorophylls a+b (Cab), leaf area index (LAI), etc.

Methods of quantitative estimation of plant Cab using proximal and RS data can be divi-
ded in two major groups: i) empirical and ii) physical approaches (Liang 2005). Empirical
approaches build on a simple regression relationship established between field measured Cab
and reflectance data (Curran et al. 2001; Gitelson et al. 2003; Main et al. 2011). Phy-
sical approaches use radiative transfer models (RTM), for instance the Discrete Anisotropic
Radiative Transfer (DART) model (Gastellu-Etchegorry et al. 2015), to simulate plant-light
interactions. RTMs provide an explicit link between their outputs, simulated top-of-canopy
reflectance, and input characteristics, i.e. biochemical and structural properties of the main
scattering elements — leaves (Jacquemoud et al. 2009).

The thesis is consisting of several consecutive methodological steps illustrated in Fi-
gure 1.1: i) creation of representative 3D spruce tree model from terrestrial laser scan-
ning data, ii) three-level optimization of the 3D tree model, iii) DART forward simulations
of spruce forest, and iv) estimation and validation of Cab and LAI from the Sentinel-2 satellite
image.

The wooden skeleton of a tree is an important part of the 3D spruce model. It contributes
to reflected radiance of a whole forest stand scene due to a high near infrared reflectance,
especially in cases of low LAI and sparse forest canopy cover. The reconstruction of wooden
skeleton was realized with an automatic algorithm designed by Sloup (2013), which uses
the terrestrial Light Detection and Ranging (LiDAR) scans of single trees. The LiDAR point
cloud are also used for virtual distribution of needle-age classes shoots within a tree crown.

Correct shoot distribution and assignment of the foliage optical properties within a spruce
tree crown is not an easy task. The Norway spruce is an evergreen tree, which means that
its crown contains shoots of several (on average five) ages. Needles of current year have
significantly different optical properties when compared to older needles, whereas the diffe-
rences among older age classes are much less significant. It is important to characterize these
differences in our model, because they play an important role in estimation of quantitative
parameters of whole canopy. Unfortunately, the shoot age is not the only aspect influencing
optical properties of needles. Another important aspect is the amount and canopy penetra-
tion of incoming photosynthetically active solar irradiance, which stimulates growth of new
foliage and consequently the number of current year needles in vertical profile of tree crown.
Therefore, a new algorithm had to be designed for correct distribution of needle shoots
in spruce crown, which is one of the main outcomes of this thesis.

It must be acknowledged that the reflectance of forests, captured in remotely sensed
data, is strongly modulated by its architecture and canopy structure. Different approaches
allow one to consider the architectural an structural forest features when simulating remote
sensing optical data in RTMs. The traditional approach in the DART model, considered
in this study as the base model, is to treat forest as a 3D matrix of voxels (cells) shaped



geometrically in crowns and filled with a homogeneous turbid medium of foliage particles.
Each vegetation turbid cell contains virtual particles with predefined optical and structural
properties of leaves, in our case the shoots of needles. The density and the geometrical
distribution of turbid medium particles is determined by the LAI and the leaf angle distri-
bution (LAD) and other vegetation structural parameters of the DART model. However,
this approach is not always fully satisfactory, because «(£2) is an empirically derived weight
and because LAD is defined as a simplified function, which might not be able to properly
describe the complex spruce structure. As the result, the direct comparison of DART top-
of-canopy reflectance simulations and RS observation shows in some cases significant in-
tensity differences (Figure 3.8a). This discrepancy is the main motivation for improvement
of spruce forest simulation in the DART model. One of the key DART inputs are tree
representations - 3D models, which characterize architecture of each forest species. Com-
pared to the base turbid-cell models, the explicit 3D tree models are highly computationally
demanding, and in case of too large forested scenes with large amount of trees unfeasible
to simulate.

Therefore, an optimization of 3D spruce model at three scale levels (shoots, tree crowns,
and canopy) was conducted. Two new simplified shoot models were designed and their
reflectance simulated with the DART model was cross-compared with reflectance of i) an ori-
ginal geometrically complex shoot containing single needles (reference shoot) and ii) a shoot
previously simplified by DART developers. DART simulations with new shoots, implemented
in a single-tree mock-up, were compared with the same simulation of exact 3D spruce model,
converted and original turbid cell tree, as well as real airborne data. Since it was impossible
to use 3D spruce model in whole forest stand simulations, only the last two comparisons were
performed at the canopy level.

The final part of this study is devoted to estimation of the two vegetation parameters, Cab
and LAI, retrieved from satellite RS image using the DART simulations over the optimized
representation of the spruce canopy. Accuracy of the estimations is compared with those
achieved using the base turbid cell model.

1.2 Research goals

The main goal of this study is to improve accuracy of quantitative vegetation parameters
for Norway spruce stand estimated through inversion of the DART model. This main goal
can be divided in the following specific aims:

1. Creation of the geometrically precise 3D model of Norway spruce (Picea abies |L.]
Karst.) according to point clouds obtained for individual trees at the Bily Ki#iz study
site with the terrestrial laser scanning approach (Section 3.3).

2. Optimization of computationally too demanding 3D spruce model for operational im-
plementation in RTM, specifically in the DART model.

3. Assessment of improvements due to the new 3D spruce model and its derivate, i.e. a con-
verted turbid cell models of spruce trees. This aim can be broken down in three conse-
cutive steps:

- Creation of an optimized spruce forest stand DART scene and simulation of a DART
reflectance look-up-tables (LUT).

- Retrieval of spruce canopy parameters from a multispectral satellite image through
an inversion using DART LUT.

- Validation and accuracy assessment of the estimates through comparison with
field Cab and LAI measurements.
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2 Theoretical background

At the beginning, it is needed to define terms used throughout this thesis. The theo-
retical part is separated into three main sections. First, the theory concerning the cre-
ation of the 3D spruce model, second, the theory connected to radiative transfer modelling,
and third, the theory behind estimation of vegetation parameters from RS data is described
here. Because the topic of this thesis is very wide, it combines different fields of mathematics
and physics, therefore not every single term is defined in details. The precise definitions are
used only for the terms used directly in this thesis and for instances with multiple definitions.

2.1 3D spruce model

Creation of the 3D spruce model is one of the main goals and it is necessary to define
theory behind algorithms designed in this study. The 3D spruce model based on LiDAR
data was created, therefore the first part of this section introduces theory of laser scanning
(Section 2.1).

Laser scanning

Portable terrestrial laser scanning systems are increasingly being used for studies of canopy
structure from the ground. LiDAR systems employ similar principles to radar systems.
The laser sends out a series of very short pulses of a very narrow beam of coherent light,
in a precise waveband; the time delay of the reflected pulse can then be used to determine
the distance between the sensor and the reflecting surface. This section was adapted from
Jones & Vaughan (2010).

2.2 Radiative transfer modeling

In remote sensing the usual requirement is to determine the surface reflectance and to make
use of this in inferring canopy or surface biophysical characteristics. The use of bidirectional
reflectance data greatly enhances the capacity to extract canopy biophysical information when
coupled with appropriate radiative transfer (RT) modelling. The various radiative transfer
models available vary in the detail in which they treat the anisotropy of the radiation field
in canopies. In such modelling it is often convenient to treat the radiation field as the sum
of a number of components. These could include the unscattered irradiance, radiation that
has been scattered once, and multiply scattered irradiance that has been scattered several
times. This paragraph was adapted from Jones & Vaughan (2010).

There are two types of Radiative Transfer Models (RTMs), at the leaf-level and at the ca-
nopy-level. Leaf-level models simulate optical properties i.e. light reflectance and transmit-
tance through a leaf. Among the leaf-level RTMs, the PROSPECT model (Jacquemoud
& Baret 1990; Feret et al. 2008) is probably the most widely used.

Canopy-level RTM effectively scales the leaf optical properties to the level of plant
canopies (e.g. agricultural fields, forests). There has been a large number of canopy RTMs
developed and they span from relatively simple ones to complex, computationally demanding
3D models. A good overview of currently used canopy RTMs is provided at the website of RA-
diation transfer Model Intercomparison (RAMI, http://rami-benchmark.jrc.ec.europa.eu).
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Canopy RTMs that attempt to reproduce the complex architecture of trees and forests
are naturally more suitable to interpret remote sensing (RS) data acquired over forested
areas. In this thesis the DART model was used.

2.2.1 PROSPECT

PROSPECT simulates leaf reflectance and transmittance (HTRF) from the visible (VIS)
to the middle infrared spectrum as a function of the leaf structure parameter and leaf bio-
chemical parameters (Jacquemoud and Baret 1990). It is based on so-called “plate model”
developed by Allen et al. (1969), who represented a leaf as a uniform plate with rough sur-
faces. The leaf reflectance and transmittance (HTRF) are determined in the plate model
using geometric optical principles. The fixed parameters include the index of refraction
and absorption coefficients of the main absorbing constituents (Cab, Car, Cm, and Cw).
This section is adapted from Jones & Vaughan (2010).

In this thesis were used two versions of the PROSPECT model 3S and 5. The PROSPECT
3S model was adjusted to recalibrated to Norway spruce needles by Malenovsky et al. (2006)
and it calculates leaf reflectance and transmittance (HTRF) in the range from 450 to 1000 nm
as functions of four input parameters: Cab, Cw, Cm, and N. The PROSPECT 5 model differs
in the reflectance range from 400 to 2500 nm and number of input parameters: Cab, Car,
Cm, Cw, N. (Jacquemoud & Baret 1990; Feret et al. 2008).

2.2.2 DART

The DART model simulates the radiative budget and RS data (images of radiometers, LiDAR
waveforms, snd photon counting) of any Earth scene (natural/urban, with/without relief)
for any sun direction, atmosphere and viewing direction in optical and thermal domain
(CESBIO 2015, Gastellu-Etchegorry et al. 2015). The DART model is able to simula-
te detailed complex scenes with 3D objects and is able to simulate RS images, therefore
it was chosen for simulating spruce forest scenes for this thesis.

2.3 Estimation of vegetation parameters from remote sensing data

Some quantitative vegetation parameters, which are propagated in optical spectra, could
be estimated with several retrieval methods from RS data. The physically based retrieval
approaches use inversion of RTM. Commonly employed inversion methods include direct
iterative optimization, inversions of look-up-tables (LUT), and machine learning algorithms.

Use of modern machine learning methods for retrieval of vegetation parameters is in-
creasing lately. Machine learning is a prolific field of research, producing algorithms that
are able to cope with strong nonlinearity and high dimensionality of the data. They typically
use RTM simulated LUTs for training to build a non-parametric statistical inversion model
(Schlerf & Atzberger 2006; Verrelst a kol. 2012a). Among the most popular machine lear-
ning methods are artificial neural networks and support vector machines (SVM). Even more
recent methods, such as kernel ridge regression and Gaussian process regression (Verrelst
et al., 2012b), showed promising results in terms of performance of retrieval and computing
efficiency.

This section was adopted from Homolova et al. (2015b).



3 Experimental part

3.1 Study sites

The study was conducted in Norway spruce stand at the permanent ecological research site
Bily Kiiz (Moravian-Silesian Beskids) and additional datasets were acquired from the Cerné
hora study site (éumava National Park). Detailed description of both research sites is pro-
vided in the following sections.

3.2 Input data

3.2.1 Distribution of shoots and measurements of tree skeleton structure

Shoot distribution data available in scientific literature (Bartdk 1992) and terrestrial Light
Detection and Ranging (LiDAR) measurements of spatial distribution of shoots in crown
from study sites were used to reconstruct skeletons and foliage distribution of spruce trees
in this study.

3.2.2 Field measurements of biochemical and biophysical properties

The forest stand optical, biochemical and biophysical properties, particularly leaf chlorophyll
a-+b content (Cab) and LAT that were used mainly for validation of retrievals from satellite
multispectral images in 2016, were collected in September 2006 and in August 2016 (the
peak) of the vegetation seasons. As such, they are compatible with airborne hyperspectral
images acquired on the 14th September 2006 (Section 3.2.3) and Sentinel-2 (S2) multispectral
sensor image acquired on 31th August 2016 (Section 3.2.3).

3.2.3 Remote Sensing data

Hyperspectral airborne data used in this study were acquired at the Bily Kiiz (Figure 3.1)
with the AISA Eagle imaging system (Specim Inc.) during the peak of vegetation season
2006.

The space-born data used in this study to estimate quantitative biochemical and biophys-
ical vegetation parameters were acquired with the multispectral images on board of the EC
Copernicus satellite system called S2 (Figure 3.2). The satellite is a part of the Sentinel
mission series operated by the European Space Agency (ESA, http://www.esa.int/ESA).
The multispectral satellite data at the Bily Kiiz site were acquired simultaneously with col-
lection of field biochemical and biophysical properties (31th August 2016).

3.3 Reconstruction of virtual Norway spruce 3D tree models

The first goal of this study was to create realistic digital 3D model of N. spruce tree. There
are several approaches that can be applied to create a virtual 3D spruce model, i.e. using
simple geometrical primitives or complex 3D shapes. For the radiative transfer modelling
purpose of this study was necessary to construct as much precise geometrical model as feasible
in order to obtain a benchmark spruce model. Since the input vegetation parameters were
only for the Bily KiiZ research site (Section 3.2.2), the constructed 3D spruce models were
tailored to this location and data from the Cerna hora site were adapted for it.
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Figure 3.1: Georeferenced RGB composite in natural colors for the AISA Eagle hyperspectral
image of the Bily K#iz site acquired in 2006 (spatial resolution of 0.4 m, 65 spectral bands
with spectral sampling distance of about 9 nm projected in UTM Zone 34N (WGS 84)).
The right graphs show spectral reflectance signatures of five randomly selected a) spruce
crowns and b) aggregated areas of 20 x 20 m (adopted from Homolova et al. 2015a).

The approach used a LiDAR scanning data supplies explicit information about position
and density of wood and foliage elements, and combine it with a priori information about an-
gular shoot distribution. Such approach produces 3D digital models of trees based on specifics
of the exact location.

Creation of the 3D spruce spruce models was split into three steps.

1. An existing algorithm (Sloup 2013) for spatial reconstruction of trunk and branches
from terrestrial LIDAR data was applied (Figure 3.3b, 3.3c).

2. We scaled and transformed the foliage point cloud and wooden skeleton of the spruce
model to fit the desired dimensions. It was necessary because the LiDAR data were
taken at the Cernd hora site, where trees were older and higher, therefore the point
clouds had to be scaled the forest dimensions at the Bily Kiiz site.

3. anew algorithm for the distribution of shoots into the tree crown was developed and ap-
plied (Figure 3.3e). This last step is crucial and the most innovative achievement
of this thesis.
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Figure 3.2: Atmospherically corrected subset of S2 multispectral image for the Bily Kiiz
site in natural colors. The image spatial resolution is 20 m and was placed in UTM Zone
33N (WGS 84). The graph at the right hand side illustrates spectral reflectance signatures
of eleven randomly selected pixels.

3.3.1 Reconstruction of wooden skeletons - trunks and main branches

In the first step, the algorithm designed by Sloup (2013) was applied to create a detailed
wooden skeleton (trunks and main branches) from input terrestrial LIDAR data.

The fully automated algorithm for reconstruction of wooden skeleton is able to process
wooden point cloud containing spatial gaps from omission of laser returns duet to various
obstacles (other branches, trunks, and needles). The process goes in three steps:

1. component identification - spatially-related clusters of the points are identified
2. component analysis - branch structure is reconstructed in each identified component

3. component connecting - all the components are interconnected to form the final branch
structure (Sloup et al. 2013)

The process of connecting the components together was designed to keep real architecture
of branches and their connections to the trunk (Figure 3.3c).

3.3.2 Translation and scaling of the foliage point cloud

The second step was needed to translate spatially the foliage point cloud in such a way
it matches the virtually reconstructed wooden skeleton and subsequently to scale them both
to fit the desired dimensions at the Bily Kiiz site.

The output of the first step, i.e. The reconstructed 3D wooden skeleton, was created
in local coordinate system with origin in the center of the trunk base. To ensure the same
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Figure 3.3: Creation of a virtual 3D spruce model from a terrestrial LiDAR point cloud.
a) original terrestrial LIDAR scan of a spruce tree (Section 3.2.1), b) separated wooden point
cloud (Section 3.2.1), ¢) reconstructed wooden skeleton (Section 3.3.1), d) reconstructed
wooden skeleton with scaled foliage point cloud (Section 3.3.2), and e) the final 3D spruce
model populated by shoots of two age categories: current year (light green) and older shoots
(dark green) (Section 3.3.3).

coordinates as for wooden skeleton, the foliage point cloud was spatially translated according
its coordinates system.

As already mentioned the terrestrial LIDAR scans were acquired at the Cern4 hora site,
whereas estimation of forest quantitative parameters was performed for the Bily Kiiz site,
where airborne, satellite, and field data were available all together (Sections 3.2.2 and 3.2.3).
Since spruces at the Cerna hora site were older and higher than trees at the Bily Kiiz site
(Section 3.1) a scale transformation was needed to equalize foliage point clouds with size
of reconstructed wooden skeletons in order to fit dimensions of trees at the Bily Kiiz site.

After transforming the foliage point cloud according to the wooden skeleton, the algorithm
distributing shoots within a crown can be applied based on the transformed foliage point
cloud.

3.3.3 Algorithm for shoot distribution within spruce crown

The last step in the process of the 3D spruce model creation was distribution of shoots within
crown. Spatial distribution of needles has significant impact on the light scattering, espe-
cially in the near infrared (NIR) part of the electromagnetic spectra. Consequently, the dis-
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tribution of shoots of different age categories is crucial part of the whole 3D spruce model
reconstruction. Shoot distribution must reflect the actual foliage point cloud establishment
(Section 3.2.1), existing leaf density and geometry expressed in the form of the LAT and leaf
angle distribution (LAD). The algorithm for shoot distribution uses information about shoot
positions from foliage point cloud (Section 3.2.1), about shoot density from the LAI (user
defined variable), and about angular distribution from LAD obtained from Bartédk (1992,
Section 3.2.1).

The LAI is required to be retrievable as a free variable. It has to be parametrized indepen-
dently. In other words, the model is constructed based on user predefined value of the LAI.

Shoots are defined as separate 3D objects (i.e. planes along the shoot axis, individual
needles), however for the description of this algorithm it is not important to consider the exact
shoot representation (Section 3.4.2).

The shoot distribution procedure had three main steps. In the first step we calculate
the position of each shoot within a tree crown. In the second step we split shoot positions
in two groups by their age: current-year shoots and older shoots. Finally, in the third step
we place shoots to their defined spatio-geometric positions and angular orientations.

Calculation of shoot positions

As already indicated, the number of shoots depends on the user-defined LAI. The total
number of shoots within a reconstructed crown is, therefore, computed from a given LAI
value.

The calculation of shoot positions runs in two steps. First, we separate the foliage point
cloud into cubes with a given size (side around 0.18 m for trees of 15 m in height). The size
of cubes directly influences the computational time because more points present in a single
cube requires more time to calculate all shoot positions. Thus, the size of cubes is expected
to be specified by the user according to available computational resources and density of pro-
cessed foliage point cloud.

In the second step we calculate shoot positions within every cube. The positions are calcu-
lated by k-means function from the cluster analysis theory. Each cube contains set of points
x = {X1,X2,...,Xn}, where n € N is a number of the points in the currently processed cube.
Each point is defined by its position x; = (x,y, z). The k-mean clustering makes a partition
in the set of points into the k < n subsets S = {51, S5s,...,Sk}. The k is then calculated
from the given number of shoots:

n

Npoints ?

k= (3.1)

Mshoots
where n,4ints is number of total points in the whole foliage point cloud. The k-mean function
provide also coordinates of the clusters centroid, which represents the position, where a shoot
is placed. The algorithm iterates through all cubes with at least one point defines position
of each shoot.

Separation of shoots in two age categories

Next task is to extract shoot positions of two needle age groups: current-year and older
needles (Figure 3.3¢). For this we divide the processed tree into the cubes with a different size.
It would be possible to use the original cubes, established during the calculation of the shoot
positions, but since the new cubes do not need to be so small, their larger size helps us to save
computer memory and computational time. Nevertheless, creation of both cube meshes
requires per tree optimization, because each tree varies in size and structure and also it has
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LiDAR scans of different quality in sense of point density, number and size of gaps etc.
Therefore, size of cubes for the shoot location calculation is generally smaller (in our case
0.18 m), whereas cubes for the shoot separation into the age categories are larger (in this
study 0.3 m for 15 m high trees).

Before we start separating the needle shoots into two age categories, we need to find
a tree envelope, i.e. cubes at the tree crown’s periphery, where the current shoots occur pre-
vailingly at the crown periphery. The process of finding the crown envelope consists of four
steps (illustrated in Figure 3.4):

The crown envelope convexity reduction prevents the new shoots are being placed inside
the crown as they are naturally growing at the periphery. This may happen when the air
gap size is larger than cube size. The following steps were implemented to reduce the inap-
propriate crown envelope convexity (illustrated in Figure 3.5).

The algorithm processes tree crown, as being divided in several horizontal layers (I,,).
The height of each layer is based on empirical observations that one whorl takes about 0.8 m
of crown height. The percentage of the current-year needle category in each layer was assign-
ed according to measurements published by Bartak (1992). The following steps were carried
out (illustrated in Figure 3.6).

Shoots transformation to their position

Once the position of all shoots are determined, shoots are distributed within a tree crown.
The shoots have to be first rotated and then translated depending on their position in tree
crown. Transformation matrix for these two-step operation is calculated for each shoot se-
parately. For the transformation composition it was more efficient to apply first the rotation
and then the translation.

A shoot was first rotated around the y and z axis. The elevation angle was assigned
according to measurments published by Bartak (1992). The calculation of the azimuth angle
7 is based on [, and [,,. It is randomize by an angle v gaining values within the range (-7, 7).
The vector for shoot translation was then calculated as v = (L — 0), where 0 is the origin

of the coordinate system.

3.3.4 Main outcome

New 3D model of a Norway spruce tree reconstructed from terrestrial LIDAR scans is the main
outcome of this part. The 3D model is composed out of two sets of objects created separately:
wooden skeleton and foliage - needle shoots. The wooden skeleton was reconstructed using
LiDAR returns from main wooden tree parts (trunk and branches) with the algorithm de-
signed by Sloup (2013). The foliage reconstruction was done with a new algorithm designed
in this study. The main task of this algorithm is biologically correct distribution of shoots
within a tree crown, which represents the most innovative outcome.

The reconstructed 3D spruce model of a single tree contains significantly large number
of facets, about 22 Millions. For better imagination, the same number of geometrical facets
was needed to create a large scale 3D representation of Toulouse city center in France. In order
to achieve a feasible computational time, it was necessary to optimize the model before
its operational use for simulating canopy forest scenes in the DART model. The optimization
procedure is described in the following Sections 3.4.2, 3.4.3, and 3.4.4.

12
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3.4 Radiative transfer modeling and optimization

One of the main goals of this thesis was to optimize 3D spruce model that it is applica-
ble for radiative transfer (RT) simulations. Radiative transfer of forest scenes composed
from the 3D spruce models with needle shoots (Figure 3.9a) contain large number of facets,
therefore RT computation is extremely demanding. For the operational use, it is necessary
to optimize the scene parametrization.

This section is separated into four parts. The first part describes all possibilities how to pa-
rametrize trees in the DART model (Section 3.4.1). The last three parts describe the opti-
mization that was studied at three structural levels:

shoot level: Four shoot models were evaluated (Section 3.4.2),

tree level: Four shoot models were evaluated in whole tree and compared to airborne
data (Section 3.4.3),

canopy level: Four shoot models were evaluated in whole forest scene and compared
to airborne data. The 3D spruce models were transformed to turbid cells (Section 3.4.4).

3.4.1 DART scenes

In the DART model it is possible to parametrize trees in several ways (Figure 3.7). The first
way uses the pre-prepared geometric crown shapes (base model) (Figure 3.7 on the right).
Turbid cells contain infinite number of infinite small facets, which are distributed in the
cell based on LAD, LAI and other DART parameters specifying gaps distribution in the
tree crown vertically and horizontally. The tree crown can be separated into horizontal
levels and for each level it is possible to set up different properties of turbid cells, gaps
distribution and relative trunk width. The base tree models are used mainly because they
reduce computation requirement. However, for coniferous trees this parametrization may
leads to large discrepancies in forest reflectance simulations. The difference between DART
simulated and remote sensing (RS) reflectance is illustrated in Figure 3.8. From the com-
parison it can be seen that more significant differences are found for the coniferous spruce
stand than for broadleaf beech stand. The possible explanation is that the base tree model
is not able to describe fine scale scattering properties of conifer trees.

The second way how to parametrize trees in the DART model is to import a 3D tree model
(Figure 3.7 on the left). This approach allows to import object groups and set up different
properties to each group, e.g. set up different optical properties for different age category
of shoots.

The 3D tree model can be treated in two different ways. First radiative transfer is calcu-
lated directly on the 3D model. This approach is very precise, but extremely computationally
demanding. Simulating a scene with several mature trees is almost impossible.

The second way how to treat the 3D tree model is to transform the foliage part to turbid
cells. This approach preserves the structure of the tree and the distribution of the foliage
within the tree crown. The possibility to set up different optical properties for different
object groups is also preserved. Although RT computation is slightly more demanding than
for the base model with predefined crown shapes, it produces more accurate simulations
of canopy reflectance.
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Figure 3.7: There are three ways how to parametrize trees in DART: using 3D tree model
directly, letting 3D tree model to be transformed to turbid cells, and using trees with pre-
prepared geometric crown shapes (base model).
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(a) Spruce stand. (b) Beech stand.

Figure 3.8: A comparison of spectral reflectance between results simulated by with base
spruce model (grey) and airborne data (aggregated into 20 m pixel size) acquired by the AISA
Eagle imaging system (red).

3.4.2 Optimization at shoot level

Objectives of this part were:

e to find the optimal DART parametrization of the reference 3D needle shoot model
(Figure 3.9a) and to find the best 3D simplified shoot model (Figure 3.9b)

e to compare these two shoot models with optimal distribution of sun zenith and azimuth
angles.
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Figure 3.9: Model of a spruce needle shoot (needle) a) and its simplifications b)-d). The
first simplified model (simple 1) b) is created by adding planes along the shoot axis and the
area of the needles are the same as the planes. The second simplified model (simple 2) c) is
created by adding small perpendicular plane on top and bottom of each plane from the first
simplified model b). The third simplified model (simple 3) d) is created by adding a width
dimension to the planes from the first simplified model. The width corresponds to the size of
the small perpendicular planes from the second simplified model ¢). The optimization setup
is shown at the bottom of the figure.

3.4.3 Optimization at tree level

The main objectives of this optimization were:

e to compare shoot models at the tree level,
e to compare angular dependency at the tree level with the results at the shoot level,

e to compare DART simulations of:

— 3D spruce model with needle shoot model,

— 3D spruce model with simple 1 shoot model,

— base spruce model,

— 3D spruce model with needle shoot model transformed to turbid cells,

— 3D spruce model with simple 1 shoot model transformed to turbid cells, and

— airborne image.

3.4.4 Optimization at canopy level

The previous two optimizations at the shoot and the tree levels were useful to assess the quali-
ty of the 3D tree model and its simplifications, but for the purpose of estimation of vegetation
parameters from RS data it is needed to use the DART model at the canopy level, i.e.,
a scene with several trees. For the canopy level simulations, however, time and computer
requirements need to be carefully considered. The aim of this comparison is to decide,
if the transformation to turbid cells yields similar results to the RS data or if it is necessary
to use 3D spruce models directly.
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At this level of comparison, it was not possible to simulate entire canopy scene using
3D spruce models, because it was too computationally demanding, but the canopy foliage
objects had to be transformed to turbid cells. The comparison at this level was done for five
DART canopy scenes which were compared with airborne data. The five DART canopy
scenes were:

e 3D spruce model with needle shoot transformed to turbid cells,
e 3D spruce model with simple 1 shoot transformed to turbid cells,

e 3D spruce model with simple 2 shoot transformed to turbid cells,

3D spruce model with simple 3 shoot transformed to turbid cells, and

e base spruce model.

3.4.5 Main outcome

Since the reconstructed 3D spruce model was too complex for direct implementation in the
DART model, the key outcome of this part was the optimized 3D spruce representation.

The optimization at the shoot level used two new simplified shoot models (labeled as sim-
ple 2 and simple 3) to replace the detailed reference needle shoot model. A high agreement
with the reference was found for the simple 2 shoot model. However, a strong angular
dependency was still observed when simulating single shoots, with the largest differences
in the nadir viewing angle caused by regular structure of planes in the simplified shoot mod-
els. Less angular dependencies were expected at the tree level, because of larger angular
variability in distribution of shoot within the crown. Contrary to the shoot level, the op-
timal solution at the tree level was obtained with the simple 1 shoot model, which yielded
slightly better results than the simple 2 model. Results confirmed the angular homogenization
of a single tree crown reflectance.

Even if trees are modelled as 3D objects, the computation of radiative transfer in DART
is done for discrete cells. The size of those cells controls amount of incident radiation
and therefore multiple scattering between the 3D objects. For both 3D spruce models without
transformation to turbid cells we observed lower reflectance values compared to the airborne
data and spruce models transformed to turbid cells (Figure 3.10). This could be attributed
to limited multiple scattering due to too coarse cell size (10 cm) chosen for this compari-
son. We expect that the finer cell size could produce results closer to real airborne data,
but it was unfeasible to compute it in this thesis with the current computer resources.

The goal of the canopy level optimization was to decide, if the 3D spruce models trans-
formed to turbid cells are sufficiently representative for accurate estimations of selected veg-
etation parameters from RS data. The choice of the optimal tree parametrization was based
on comparison of reflectance simulations using all four shoot models (Figure 3.9) with the air-
borne data of a spruce forest. The results revealed that the 3D spruce model transformed
to turbid cells significantly improved forest canopy reflectance simulation (Figure 3.11). This
spruce model with the simple 1 shoot model produced simulated reflectance, which, compared
to the results obtained with the base spruce model, fits better with real airborne hyperspec-
tral image data. RMSE values calculated between mean of airborne data and DART canopy
simulations confirm that spruce model with simple 1 or simple 2 shoot model with RMSE
values 0.0106 and s0.0100 fit better to real airborne hyperspectral data than the base spruce
model with RMSE value 0.0828.

The outcome of this part is not definite. As the DART model is being constantly updated
and its computational efficiency improved, a more efficient 3D spruce model can be defined
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Figure 3.10: Comparison of selected pixels from airborne image data, their mean and standard

deviation, with 3D spruce model with needle shoot model (needle), b) 3D spruce model with

simple 1 shoot model (simple 1), ¢) base spruce model (base), d) 3D spruce model with needle

shoot model transformed to turbid cells (needle turbid), and e) 3D spruce model with simple

1 shoot model transformed to turbid cells (simple 1 turbid).
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Figure 3.11: Comparison of airborne data and DART simulations with different type of tree
parametrization. There are showed three airborne data from years 2006, 2011, and 2013, their
mean and standard deviation. DART simulations are with base spruce models, with needle,
simple 1, simple 2, and simple 3 shoot model, where optical properties were simulated by
PROSPECT 3S (P3S). Last is simulation with simple 1 shoot model but the optical properties
were simulated with PROSPECT 5 (P5). On the left side are the spectra, and on the right
side are the spectra only in VIS region of the spectra.

in a near future. It is expected that the computation efficiency of the DART model will
soon allow to simulate canopy scenes created form geometrical objects without the turbid
cell transformation necessity.

3.5 Estimation of quantitative vegetation parameters

The main goal of this study was to test if the optimized 3D spruce model improves the estima-
tion of vegetation parameters (i.e. Leaf chlorophyll a+b content (Cab) and LAI) from satellite
observations. In order to assess the improvement, the vegetation parameters were estimated
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by two look-up tables (LUTs), which were generated by two parameterizations of spruce

canopy in the DART model (base versus 3D spruce model). The first parameterization

of the spruce canopy was based on the base spruce model, the second parameterization was

based on the optimized 3D spruce model (described in Sections 3.4.2, 3.4.3, and 3.4.4).
This section is composed of three parts:

e Creation of the two types of LUTs (Section 3.5.1).

e the retrieval of vegetation parameters from Sentinel-2 (S2) images by applying support
vector machines (SVM) to both LUTs and necessary optimization of the SVM input
parameters (Section 3.5.2).

e Last, validation of estimated parameters with the field data acquired at the Bily Kiiz
site (Section 3.5.3). The last step helped to evaluate the impact of 3D spruce model
and its DART parameterization, which was newly developed in this thesis.

3.5.1 LUT creation

The LUTs were created within the framework of two international projects (RedEdge - RED-
EDGE-CG-CESBIO-ATBD-03-0002 and HYPOS - AO/1-8345/15/NL/LvH projects, Euro-
pean Space Agency), therefore they differed based on project specifications such as in spruce
model parameterization, LUT structure, version of the DART model used for its creation etc.
The LUT with the base spruce model was tailored to airborne and field data from the Bily Kiiz
site in 2006 (see Sections 3.2.2 and 3.2.3). The LUT with the 3D spruce model transformed
to turbid cells was tailored to satellite and field data at the same study site, but in 2016
(see Sections 3.2.2 and 3.2.3). For LUTs creation the newest version of the DART model
available at the time when they were simulated was used. Some improvements of the DART
model were specifically made for the purpose of these projects. Most of improvements are
made in sense of computation efficiency.

Base spruce model

These LUT simulations were made with the DART model version 5.5.1 v494 (released
in 2014). In the following paragraphs only the variable parameters of the DART scene
will be described and they are summarized in Table 3.1.

parameters base model 3D model
canopy cover (CC) 50, 65, 80, 95 %

LAI 3 — 10 with step 1
topography (topo) flat, south, north, and east slope
leaf optical properties (lop) 900 464*

Table 3.1: Structure of DART simulated spectral database. (*) leaf optical properties in case
simulations with 3D spruce models are generated together with the LAI values. That means,
for each case of generated leaf optical property was randomly chosen the LAI value from range
3 — 10. Instead of the case of simulations with base spruce models they were generated set
of leaf optical properties and this set were assigned to each LAI level.
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Leaf optical properties that were used as inputs into the DART model were simulated
using PROSPECT 3S, which was specifically adjusted for the Norway spruce needles by Ma-
lenovsky et al. (2006). In case of the base spruce model DART is able to separate the tree
crown in horizontal layers, therefore the leaf optical properties were defined for three crown
levels (exposed, transition, and shaded).

Meaningful combinations of PROSPECT input parameters were randomly derived using
the Matlab function mvnrnd, which generates multivariate normal random values. This func-
tion takes into account covariance computed among the measured PROSPECT input pa-
rameters. The function generated an initial pool of 50 000 input combinations that were
restricted by realistic min — max ranges defined according to available literature (Stuckens
et al. 2011, Feret et al. 2008, 2011, and Ciganda et al. 2009) or by available experimental
measurements.

Since one of the estimated parameters is Cab, it was essential to ensure that the sampling
space of possible chlorophyll values was spaced equally. Therefore, the initial pool of input
combinations was divided into equally spaced groups of Cab values (e.g. Cab varied between
10 and 100 g cm ™2, we obtained nine groups representing nine intervals of 10 pug cm ™2 each).
From each group ten PROSPECT input combinations were then randomly selected resulting
in 900 combinations scenes.

3D spruce model

These LUT simulations were made with the DART model version 5.6.3 v858 (released
in 2016). The setup this LUT structure is almost similar to the previous one with base
spruce model, the major difference is in simulation of input optical properties and distribu-
tion of the LAT (Table 3.1). The optical properties were simulated using the PROSPECT 5
RTM (Jacquemoud and Baret 1990; Feret et al 2008).

Needles of spruce trees were divided into two categories, current-year needles growing
at crown periphery (20 %) and older needles growing inside the crown (80 %) (Section 3.3.3).
The older needles generally have higher Cab, carotenoid (Car) and dry matter (Cm) content
(Homolova et al. 2013) and this was reflected in the distribution of PROSPECT 5 input
parameters.

Other difference is in the distribution of the LAIL In the case of simulations with the base
spruce model generated set of leaf optical properties were assigned to each LAI level. But in ca-
se of simulations with the 3D spruce model the LAI values were randomly chosen from the ran-

ge 3 — 10 and assigned to each generated leaf optical properties. That enabled a smaller size
of the LUT.

3.5.2 Estimation of Cab and LAI

The Cab and LAI retrievals were implemented using SVM (Chang & Lin 2011), as these
algorithms represent a good compromise between computation cost, efficiency and accuracy.
SVM are kernel-based computer learning algorithms used widely for solving N-class classifi-
cations or regression problems (Smola & Scholkopf 2004).

The SVM was trained with 1000 samples and applied on S2 image data for both cases
of LUT. For better visualization the results of the estimated Cab and LAI were displayed
in discrete ranges (according to expected real values). Therefore the pixels with extreme
values were not classified. Final maps of estimated Cab and LAI from both LUTs are shown
in Figures 3.12 and 3.13.
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calculated from LUT with 3D spruce models transformed to turbid cells.
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3.5.3 Validation against the field data

Validation of the Cab and the LAI retrievals from S2 images were done with the field data
that were measured almost synchronously with S2 acquisition in summer 2016 (see Section
3.2.2).

For validation of estimated Cab from S2 images with the pixel size of 20 x 20 m, there
are only seven values available. The number is very low, since gathering of this type of data
is very time consuming. The validation was realized as a scatter plot between the measured
and estimated values (Figure 3.14). Furthermore, RMSE values were computed for all com-
binations of parameters and used spruce models.
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Figure 3.14: Validation of the estimated Cab and LAT values from S2 images of seven localities
at the Bily Kiiz site. In graphs are two sets of data depends on 3Dvspruce models used
for generation of the LUT. First are used 3D spruce models transformed to turbid cells
(blue) and second are used the base spruce models (green). There are also calculated RMSE
value for both cases and both parameters.

From the RMSE values can be seen that the retrievals with the 3D spruce model are
closer to the field data than the case with the base spruce model. In case of the Cab esti-
mation the RMSE decreased from 27.9 pugem ™2 to 15.7 ugem™2, in case of LAI it decreased
from 3.5 m?>m~2 to 2.8 m? m~2 because of implementing the 3D spruce model. Regarding
the spatial patterns, the Cab map derived from the 3D spruce model exhibits realistic pat-
tern, whereas the maps derived from the base spruce model has high number of negative
values. The LAI map derived from the 3D spruce model also exhibits more realistic pattern
than the map derived from the base spruce model, where values seems to be distributed ran-
domly. Despite this, the estimated LAI derived from the 3D spruce model does not capture
the variability as observed in the field data. The possible explanation is that the variabil-
ity of LAI in the LUT with the 3D spruce model is not sufficient and the SVM method
is not able to cope with that fact.
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3.5.4 Main outcome

The last aim of this study was to assess the improvement achieved in the remote sensing
estimation of the two vegetation parameters, Cab and LAI, after operational implementation
of the newly designed 3D spruce model. The validation against field data of both canopy
traits estimated using the base and the 3D spruce models was performed. Results showed
that the accuracy of both parameters retrieved from a Sentinel-2 multispectral image was
improved when the precise 3D spruce model transformed into the turbid cell representation
was implemented instead of the traditional DART turbid tree model. The improvement was
clearly observed in a higher consistency of spatial patterns in both Cab and LAI maps.

Nevertheless, the direct comparison with the field data suggests that there is still a room
for further improvements. For example, the application of the Sentinel-2 image topographic
correction, which was not available during this study, would decrease the angular anisotropy
of a spruce canopy reflectance. This correction removes canopy reflectance differences espe-
cially on steeper slopes of different expositions (northern vs. southern slopes), which would
reduce mathematical illpostness of the retrievals and consequently increase their accuracies.
Other potential improvement could be a meaningful restriction of the DART simulated LUT
based on a prior knowledge, such as known topography, canopy covers and/or a reason-
able limitation of ranges of free (searched) variables (Cab and LAI). This approach would,
however, require production of more specialized DART LUTs applicable to specific forest
types. The retrieval would require pre-classification and segmentation of the satellite image
into the corresponding forest type classes. It should be mentioned, that misclassified forest
types coupled during the retrieval process with an inappropriate LUT could potentially result
in even higher errors then current approach.
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4 Synthesis and outlook

4.1 Main conclusions and impact

The detailed computer 3D model of Norway spruce tree, based on reconstruction of terrestrial
LiDAR point clouds, was successfully created. A new algorithm was developed for biologically
correct distribution of the needle shoots within the reconstructed tree crowns. Optimization
of the 3D spruce model was conducted and tested at three structural levels, at the scale
of shoot, tree crown, and canopy. Achieved results showed that use of the optimized 3D spruce
model with a simplified shoot model (labeled as simple 1) and transformed into turbid cell
mock-up yielded significantly better results when compared to outputs obtained with the tra-
ditional simpler spruce model. Besides higher accuracy estimates of canopy chlorophyll con-
tent and leaf area index retrieved from spectral remote sensing data through DART LUT
inversion, this work contributed to new improvements of the DART model itself. Triggered
by needs of this study, DART developers improved functions translating geometrical ob-
jects in turbid cell representations, introduced better model file management and optimized
the DART code in general.

4.2 Potential improvements

One possible improvement of the 3D spruce model is creation of more realistic reference
needle shoot model. The one used in this study was relatively simple, because it was de-
signed for older versions of the DART model with limited capabilities of 3D objects hand-
ling. Moreover, it does not resemble the real natural distribution of individual needles along
the central wooden twig. The architecture of each shoot varies depending on illuminations
conditions, age and stress impacts. Precise 3D representation of shoot can be obtained from
laboratory laser scanning. Although several shoot types were recreated this way, it was unfea-
sible to use them all within the framework of this thesis. The scanned shoots contain gaps,
irregularities, and extremely high number of facets, which would require time demanding
preprocessing. However, with a constant improvement of the DART model computational
resources, we can expected its ability to process trees with more complex shoot models soon.

Similarly, it might be in future feasible to simulate larger forest scenes entirely recon-
structed from airborne laser scanning data with the site-specific tree spatial and height distri-
butions. Radiative transfer simulations of such scenes could facilitate retrievals of vegetation
biochemical parameters from RS data fully customized to the study site conditions.

Additionally, a possible future extension of the algorithms creating the 3D models of trees
is its adaptation to other coniferous or even further to broadleaf tree species.

4.3 Possible application of the 3D spruce model

In general, the 3D spruce model designed in this study can be used to understand better
light interactions within a single tree crowns or whole canopies.

From RS perspective, one of the key issues in coniferous forest canopies is the upsca-
ling of optical properties from needles, to shoots and to canopies. From operational point
of view, it is easier to measure optical properties of needles rather than shoots. However, since
shoots are the main scattering elements in the coniferous forest canopies, there is a strong
demand to know shoot optical properties and phase functions with a high accuracy (Stenberg
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1996, Smolander & Stenberg 2003, Rautiainen et al. 2012, and Mottus et al. 2012). Tradi-
tional forest reflectance models, based on the radiative transfer equations, handle shoot level
clumping by correcting the radiation attenuation coefficient with a clumping index, which
simulates a reduction in the interception of radiation by the canopy at fixed LAT (Smolander
& Stenberg 2003). Implementation of the precise 3D spruce model could help to disentangle
and understand better light interaction related to the foliage clumping.

Finally, the 3D spruce model has been used to investigate scattering, reabsorption and an-
gular isotropy of the chlorophyll fluorescence emissions produced by the plant cellular photo-
systems I and II. Results, presented at the Remote Sensing of Fluorescence, Photosynthesis
and Vegetation Status Workshop (Malenovsky et al. 2017), demonstrated a strong angular
anisotropy of the top-of-canopy chlorophyll fluorescence signal caused by size, spatial geo-
metry and clumping of spruce needles and shoots. Such sensitivity analyses contribute to full
comprehension of this new vegetation optical signa, which will from 2022 acquired by a new
ESA satellite mission called FLEX (Drusch et al. 2016).
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Abstract

The main goal of the thesis was to improve quantitative estimation of vegetation parame-
ters of spruce stand using spectral simulations of three-dimensional radiative transfer model.
In the first step, the precise computer 3D model of a spruce tree was created. Since implemen-
tation of such precise representation was for a larger forest canopy computationally too de-
manding, the 3D model had to be simplified. The optimal simplification was found using
available spectral airborne data and through comparison with the original 3D spruce model.
The optimal simplification yielded an acceptable compromise between computation require-
ments and accuracy of radiative transfer simulations reproducing the forest stand reflectance.
The optimized simplification was subsequently used in retrievals estimating the vegetation
parameters from a spectral satellite image. Accuracy of the estimates was validated through
comparison with field measurements of retrieved parameters.

Finally, the results obtained after implementation of new optimal 3D spruce model were
compared with results obtained using a more traditional approach based on geometrically
simpler tree crown shapes.

Abstrakt

Hlavnim cilem prace bylo zlepSeni kvantitativnich odhadu vegetac¢nich parametri smrkovych
porosti pomoci spektralnich simulaci trojrozmérného modelu prenosu zéareni. Prvné bylo
potieba vytvorit presny 3D model smrku. Implementace presného 3D modelu smrku pro pa-
rametrizaci celych lesnich porosti je v soucasné dobé vypocetné nemozné, bylo tedy nutné
tento 3D model smrku zjednodusit. Presny 3D model smrku spole¢né s dostupnymi leteckymi
daty slouzil pro nalezeni optimélniho zjednoduseni. Optimalni model vedl ke kompromisu
mezi vypocetni naro¢nosti a presnosti vysledné odrazivosti z modelu prenosu zareni. Nasledné
byl optimalni model smrku vyuzit pro odhady vegetac¢nich parametri ze satelitnich snimki.
Ptesnost odhadu byla ovéfena oproti pozemnim méfenim odhadovanych parametri. Na zavér
byly porovnany vysledky z odhadi vegetacnich parametrii pomoci optimélniho 3D modelu
smrku s vysledky z tradi¢niho pfistupu pomoci modeli stromu s geometricky jednodusimi
tvary korun.



