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Abstract: Urban trees play an important role in mitigating effects of climate change and provide
essential ecosystem services. However, the urban environment can stress trees, requiring the use
of effective monitoring methods to assess their health and functionality. The objective of this study,
which focused on four deciduous tree species in Rennes, France, was to evaluate the ability of
hybrid inversion models to estimate leaf chlorophyll content (LCC), leaf area index (LAI), and
canopy chlorophyll content (CCC) of urban trees using eight Sentinel-2 (S2) images acquired in
2021. Simulations were performed using the 3D radiative transfer model DART, and the hybrid
inversion models were developed using machine-learning regression algorithms (random forest (RF)
and gaussian process regression). Model performance was assessed using in situ measurements, and
relations between satellite data and in situ measurements were investigated using spatial allocation
(SA) methods at the pixel and tree scales. The influence of including environment features (EFs) as
model inputs was also assessed. The results indicated that random forest models that included EFs
and used the pixel-scale SA method were the most accurate with R? values of 0.33, 0.29, and 0.46 for
LCC, LAL and CCC, respectively, with notable variability among species.

Keywords: DART; random forest regression; gaussian process regression; vegetation traits; satellite
time series

1. Introduction

In the realm of climate-change mitigation, urban trees play a central role in the
strategies of land-use planning because they provide a variety of essential ecosystem
services [1,2], such as temperature regulation by providing shade and evapotranspira-
tion [3], carbon storage [4], and biodiversity preservation [5]. As a result, the presence
of vegetation in urban areas is crucial for human health and the overall quality of life [6].
However, the urban environment contains many stress factors that can slow tree develop-
ment [7]. Urban trees can experience mechanical and chemical disturbances due to planting
conditions (proximity to buildings, edaphic conditions), and atmospheric conditions such
as temperature and air quality, and light pollution at night. While urban trees contribute
significantly to urban well-being, they must contend with a limiting environment that can
damage their health. Several studies demonstrate notable impacts of these stress factors:
urban trees have a shorter lifespan than rural trees [8], isolated and street trees experience
more stress than those in parks [9], and young trees have a higher mortality rate in urban
areas [10].

In this context, effectively monitoring the functional and mechanical condition of
urban trees at a large scale is challenging. Traditional field inventories of urban trees
are usually limited to a few trees and are performed annually or even every 10 years
because they require large amounts of human resources and time. Conversely, satellite
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remote sensing can collect information on urban vegetation across entire cities with both
high spatial and temporal resolutions. Over the past decade, the use of satellite remote
sensing in urban areas for vegetation-related purposes has grown steadily [11,12]. Most
studies have focused on mapping large urban green spaces and classifying the species
in them. Relatively fewer studies have concentrated on smaller vegetation patches such
as isolated or aligned street trees, despite a large amount of cumulative coverage of such
patches. Furthermore, few studies have investigated the functional status of urban trees to
assess health or estimate biomass, instead focussing mainly on large green infrastructures.
Vegetation status can be characterized using proxies, which can be estimated using models
based on satellite images. The most commonly used vegetation traits are (i) leaf chlorophyll
content (LCC), often expressed in pg of chlorophyll a and b per cm? of leaf; (ii) leaf area
index (LAI), which corresponds to the sum of leaf areas of the tree crown relative to the
tree crown projection at ground area expressed in m?/m?; and (iii) canopy chlorophyll
content (CCC), expressed in ng/cm?, which is the product of LCC and LAI. LCC is closely
linked to photosynthetic activity [13,14], biomass production [15,16], and levels of air
and soil pollution [17]. Because chlorophyll pigments are sensitive to changes in external
conditions, LCC is a good indicator of environmental stress and changes in temperature
and humidity [18]. At the canopy scale, LAI can be used to identify tree phenological
stages [19] and their photosynthetic potential [20]. CCC provides a more holistic and
accurate representation of chlorophyll content at the canopy scale than leaf-scale estimates.
These three vegetation traits can be estimated using satellite hyperspectral data due to
the latter’s wide spectral range (0.4-2.5 pm) [21]. However, current satellite hyperspectral
images, such as ENMAP and PRISMA images, have spatial and temporal resolutions that
are too coarse (30 m and 27-29 days at nadir) for the study of urban trees. While high or
very high spatial resolution (0.5-5 m) multispectral satellite imagery such as WorldView,
RapidEye, Pleiades, QuickBird, and PlanetScope are increasingly used to study vegetation
in urban environments, these data are not freely accessible conversely to Sentinel-2 (52)
imagery. 52 stands out for its high spatial resolution (10 m for visible and near infrared
and 20 m for red edge (RE) (0.67-0.76 um)/short-wave infrared), relatively large number
of spectral bands (10 bands at 10-20 m resolution), and temporal resolution suited to
monitoring intra-annual vegetation dynamics [22].

The methods used most often to estimate vegetation traits using S2 data can be
classified into two main types [23]: empirical or physical. Empirical methods are based on
regression models that derive empirical relationships between spectral bands or vegetation
indices and the variable of interest (e.g., LCC, LAI). Statistical models are widely used
due to their accessibility and ease of application. However, models developed for specific
locations or sensor configurations face limitations when applied in other contexts, such
as different vegetation types, sensor configurations, or data acquisition times. These
limitations arise from the need for large and heterogeneous in situ datasets for model
training and validation.

Physical methods are based on the use of radiative transfer models (RTM) to generate
synthetic spectral datasets or Look-Up Tables (LUT) mimicking the simulation of remote
sensing images. RTM models simulate the physical processes of electromagnetic radiation
in a medium. In remote sensing, these models are used to generate synthetic images based
on the optical and geometric properties of the scene and according to the characteristics
of a given sensor. They can be divided into two subcategories: LUT-based models and
hybrid models. LUT-based methods rely on the minimization of a cost function computed
between the simulated (from LUT) and measured spectra for each pixel of the remote
sensing image. Post-processing can include the use of adapted spectral intervals or the
use of vegetation indices. The best fit should provide the most appropriate estimated
variable value found in the LUT. The hybrid models rely on machine learning algorithms
(MLRA) to train a model on the LUT before being applied on the remote sensing images to
derive inversion maps of vegetation traits. In average, they are increasingly used, since
they exploit the potential of physically based methods combined with the flexibility and
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computational efficiency of MLRA [23]. Moreover, predicting variables using lookup-table-
based approaches may be less accurate, as different combinations of the input parameters
can produce the same simulated spectra [24], especially in urban environments that contain
many light interactions and a variety of objects and materials.

Hybrid inversion methods are well-suited for complex systems or scenarios in which
traditional inversion methods may be insufficient. They can represent non-linear relation-
ships, multi-scale processes, and interactions among components more effectively, making
them suitable for studying intricate environmental phenomena such as those in urban
contexts. By using hybrid inversion models with 52 data, many studies have succeeded in
estimating vegetation traits, such as LCC in open-canopy conifer forests [25], LCC and LAI
in deciduous broadleaf forests [26], and LCC, LAI, and CCC in mixed mountain forests [27].
In the same way, hybrid methods accurately estimated LAI and LCC in cropland [28,29].

These studies used the PROSPECT model [30,31] to simulate leaf reflectance and either
SAIL [32] or INFORM [33] to simulate canopy reflectance. SAIL simulates the canopy as
a horizontal turbid medium, whose properties depend on a simple representation of the
canopy through the LAI and the leaf angle distribution. PROSAIL, which corresponds
to the combined PROSPECT and SAIL models [34], has been extensively used for LAI
and LCC retrieval of crops [35,36] and forests [37] due to its relative simplicity and accu-
racy. However, PROSAIL cannot accurately simulate the interactions occurring in complex
canopies and environments in three dimensions such as urban canopies. INFORM can
simulate more complex canopy structures [26] but cannot represent 3D scenes analogous to
an urban environment. Choosing an RTM adapted to the context and able to model the
complexity of interactions among the multiple scene components is essential for estimat-
ing vegetation traits in urban environments. The discrete anisotropic radiative transfer
model (DART) [38,39] has many advantages for modelling three-dimensional (3D) urban
scenes [40]. For example, DART has been used with S2 to retrieve the albedo of urban
canopies [41] and the LCC and LAI of the sparse canopy of olive trees [42]. The latter study
has similarities with this study, since the canopy of sparse olive plants is also heterogenous
with a high variability in the optical properties of the ground, leading to a high proportion
of 52 mixed pixels.

To our knowledge, no study has used S2 images to estimate vegetation traits of trees
in urban areas. DART can simulate an urban scene, including the diversity of materials, the
layout of buildings, the structure of the canopy, and its optical properties. These elements
are essential for modelling a pseudo-realistic scene that reflects the heterogeneity of mixed
pixels, which are common in urban remote sensing. In this study, we used a global approach
to model urban trees that covers many urban configurations based on the definition of
local climate zones (LCZ). The LCZ classification system provides a characterization of
the physical nature of urban morphology, with LCZs defined as areas of uniform surface
cover, structure, materials, and human activity that span hundreds of meters to several
kilometers [43]. Originally, this classification system was dedicated to the study of urban
climate and heat islands, but it is increasingly used as a reference framework for studying
urban vegetation [44].

Among the MLRAs used with hybrid inversion approaches, random forest regression
(RFR) [45] and Gaussian process regression (GPR) [46] are widely used. A study that com-
pared MLRAs used with hybrid inversion showed that RFR and GPR slightly outperformed
artificial neural network and support vector machines [27]. In the hybrid inversion studies
cited, MLRAs were always trained with spectral features or derived features (vegetation
indices). From images simulated by DART, pixel-level features can be estimated, such as
the proportion of shadow, underlying vegetation, or canopy cover. These features can
be used as training features and can improve model performance, as they interact with
spectral features.
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Finally, an important point when estimating vegetation traits using remote sensing is
the approach used to combine field and satellite observations. Because field datasets are
essential for validating predictions, in situ measurement protocols must be adapted to the
spatial resolution of the images to ensure spatial consistency between the two data sources.
For heterogeneous canopies that cover a large area, the most common method is to perform
in situ measurements at the plot scale and extract the pixel values that correspond spatially
to the plot. In this study, we used two spatial allocation (SA) methods, one at tree-scale
and the other at pixel-scale. The tree-scale method simply assigns the vegetation traits of
the dominant tree (i.e., the one with the largest crown area in the pixel) to the pixel. The
pixel-scale method is more comprehensive and considered the percentage of tree(s) at the
pixel scale by weighting the vegetation traits of the tree(s) by their crown area in the pixel.
The two methods were evaluated and used to build the LUTs (i.e., to match the DART input
parameters (LAl and LCC) and simulated pixel values) and for the validation step (i.e., to
match in situ measurements and real S2 pixels). The aim of the study was to evaluate the
performance of hybrid inversion models for estimating LCC, LAIL, and CCC of urban trees
from S2 images. Specifically, three components were investigated to determine the best
strategy for estimating vegetation traits: (i) the contribution of environmental features (EFs)
to training models, (ii) the spatial allocation (SA) method used to match vegetation traits
and pixel values, and (iii) the MLRA used (RFR or GPR) to estimate vegetation traits.

2. Materials and Methods
2.1. Study Sites

The study sites were located in Rennes, in northwestern France (48°10'N, 1°68'W)
(Figure 1a,b). Rennes is a medium-sized city of 222,485 inhabitants, with a population
density of 4414 people/km? (INSEE, 2020) [47]. Rennes is located in an oceanic climate
zone, with a projected increase in mean annual temperature from 12.4 °C to 12.9 °C and
13.2 °C for representative concentration pathway scenarios 4.5 and 8.5, respectively, from
1991-2020 to 2031-2060 (Haut Conseil pour le Climat en Bretagne 2023) [48]. Rennes
managed 130,000 trees in 2023 in public areas, including trees in parks, ornamental trees,
and street trees. This study focused on four of the five most common deciduous genera in
Rennes—oak (Quercus), maple (Acer), plane (Platanus), and ash (Fraxinus)—as deciduous
trees are the dominant trees in Rennes. We chose to focus on trees with a crown diameter
of at least 10 m, to ensure that the proportion of tree canopy in the Sentinel-2 pixel was
sufficiently high. Therefore, we excluded linden trees (Tilia), the fifth most common
deciduous genus, which is often pruned into a rectangular shape, which restricts the extent
of the crown as seen from the zenith. We selected the most common species for each genus:
Platanus acerifolia (PL), Quercus rubra (QR), Acer platanoides (AC), and Fraxinus excelsior (FR).
A total of 117 trees were monitored in four monospecific alignments composed of 29 PL,
29 AC, 30 QR, and 29 FR (Figure 1c—f).
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Figure 1. (a) Location of the study area in northwestern France (red point); (b) Location of the

four study sites of tree alignments in the city of Rennes (source: Rennes Métropole’s 2021 orthophoto-

graph); (c¢) Quercus rubra; (d) Platanus acerifolia; (e) Acer platanoides; (f) Fraxinus excelsior (background:

Google Map 3D). Tree-row boundaries in (c—f) are displayed with red lines.

2.2. Methodological Framework

Tree vegetation traits were estimated from S2 images in four steps (Figure 2): (1) col-
lection of real data to create a validation dataset that included field data, S2 images, and
ancillary data; (2) simulation of S2 images based on a design of experiment and DART
modelling /simulations; (3) configuration of the real and simulated datasets, which in-
cluded extraction of spectral features and EFs and matching of field and satellite data; and
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(4) estimation of vegetation traits using RFR and GPR, which included feature selection
and hyper-parametrization, model training, and model validation.

Sentinel-2 Design of

experiments

; Ancillary data
images

Dataset configuration

Simulated
dataset (SDS)

Real dataset
(RDS)

Model training and testing

Performance assessment using
SDS

Inversion models

Performance assessment using
RDS

LCC, LAT and CCC

Hemp sl e en Consistency between observed

and predicted time series

Figure 2. Flowchart developed to estimate vegetation traits. LCC: leaf chlorophyll content; LAI: leaf
area index; CCC: canopy chlorophyll content.
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2.3. Real Data
2.3.1. Field Data

LCC and leaf area density (LAD) were measured in situ for the 117 trees on eight dates
during the growing season (Table 1) according to the following protocol:

e LCC was measured using a Dualex leaf-clip (FORCE A, Orsay, France). Two leaves
were collected in each cardinal direction on the edge of the crown and as high up as
possible using a lopper. Two Dualex measurements were taken per leaf. Mean LCC per
tree, which equaled the mean of all 16 Dualex readings on a given date, was calculated
for the eight dates. We used the Dualex device rather than the widely used SPAD and
CCM-200 chlorophyll meters, as it responds linearly to increasing chlorophyll content
rather than non-linearly. An equation developed for dicot species was used to retrieve
LCC from the Dualex reading [49]:

LCC = —4.84 + 1.24 - Dualex @)

e LAD was measured using a canopy analyzer (LAI-2200, LiCor, Lincoln, NE, USA). The
measurement protocol was adapted according to the user manual and the protocol of
Wei et al. [50].

Table 1. Dates of field measurements and of Sentinel-2 images and presence (P) or absence (A)
of corresponding leaf canopy cover (LCC) and leaf area density (LAD) measurements. AC: Acer
platanoides; FR: Fraxinus excelsior; PL: Platanus acerifolia; QR: Quercus rubra.

LCC Measurement LAD Measurement
Dates I Lao Ti - -
mage Lag llme Species Species
(Days)
Field Sentinel-2 AC FR PL QR AC FR PL OR
27 April 2021 23 April 2021 —4 A A A A P A P A
11 May 2021 6 May 2021 -5 P P P P P P P P
2 June 2021 31 May 2021 -2 P P P P P P P P
23 June 2021 15 June 2021 -8 P P P P P P P P
21 July 2021 20 July 2021 -1 P P P P P P P P
17 August 2021 14 August 2021 -3 P P P P P P P P
1 September 2021 5 September 2021 4 P P P P P P P P
20 September 2021 13 September 2021 -7 P P P P A P P P

Data are available at https://zenodo.org/records /12751353 (accessed on 17 July 2024);
field survey and protocols for measuring LCC and LAD are described by Le Saint et al.
2024 [51].

2.3.2. Sentinel-2 Data

The eight cloud-free S2 L2A images acquired closest to the field measurement dates
were selected (Table 1) and downloaded from the Copernicus Browser [52]. The mean
and longest time lags between the dates of field measurement and S2 images were 4.2 and
8 days, respectively. These images, which were already corrected for atmospheric effects
using the Sen2Cor algorithm, were co-registered with a precision of < 0.8 pixels using the
COREGIS method [53]. Only the bands at 10 and 20 m spatial resolution were retained,
and the 20 m bands were resampled to 10 m using the nearest-neighbour method.

2.3.3. Ancillary Data

The ancillary data included several open-source layers used to derive EFs (Table 2).
A digital terrain model (DTM) and a digital surface model (DSM) were used to derive
the proportion of shadow (Pshadow). They were also used to calculate LAI by providing
tree-crown volume, whereas tree-crown extent was delineated from orthophotographs.
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The tree-crown extent was also used to derive canopy cover (CCP) at the pixel scale. The
grass-extent layer was used to derive the grass proportion (Pgrass) at the pixel scale.

Table 2. Description, resolution, and altimetric precision (for raster data), and sources of ancillary data.

Name

. L. Resolution/Altimetric
Description . . Source
Precision

Digital terrain model

Spatial raster representing the elevation
of the surface of bare Earth, free of 0.5m/0.2m Opendata Rennes Métropole

natural and built features

Digital surface model

Spatial raster representing the elevation
of the surface of bare Earth, including 0.5m/0.2m Opendata Rennes Métropole

natural and built features

Orthophotographs

Optical visible orthophotographs of
Rennes Métropole acquired in 2021

0.05m/- Opendata Rennes Métropole

Tree-crown extent

Spatial vector of tree-crown extent -

Manual digitization of
orthophotographs

Grass extent

OpenStreetMap (“landuse” key

atial vector of grass extent -
Spatial vector of grass exte and “grass” value)

2.4. Simulated Data
2.4.1. 3D Urban Scene Modelling

The 3D urban scenes including trees were defined using the local climate zone (LCZ)
taxonomy [43,54]. Four LCZ types were selected from the most dominant LCZ built-cover
types encountered in European cities with more than 100,000 inhabitants [55]: LCZ 2
(Compact Midrise), LCZ 5 (Open Midrise), LCZ 6 (Open Low-rise), and LCZ 8 (Large
Low-rise). Three LCZ parameters were used to build contrasting urban scenes: height of
roughness elements, which is the mean height of the buildings; aspect ratio, calculated as
the height of roughness elements divided by the width of the urban canyon; and fraction
of area in buildings, which is the percentage of the ground surface occupied by buildings.
Their values (Table 3) did not vary during the simulations.

Table 3. Local climate zone (LCZ) parameters used for Compact Midrise (LCZ 2), Open Midrise
(LCZ 5), Open Low-rise (LCZ 6), and Large Low-rise (LCZ 8). The height of roughness elements is
the mean height of the buildings, the aspect ratio is calculated as the height of roughness elements
divided by the width of the urban canyon, and the fraction of area in buildings is the percentage of
the ground surface occupied by buildings.

Parameter LCZ2 LCZ5 LCZ6 LCZ38

Height of roughness elements [m] 18.0 18.0 6.5 6.5
Aspect ratio 1.375 0.525 0.525 0.200

Fraction of area in buildings [%] 55 30 30 40

Only deciduous tree species were modelled. We defined a 3D tree model (reference
tree) with a tree height of 15 m, crown height of 11 m, and trunk diameter of 0.4 m,
based on statistical analysis of the urban tree database of the Lyon Metropolitan Area
(France) (https:/ /data.grandlyon.com/jeux-de-donnees/arbres-alignement-metropole-
lyon/info, accessed on 17 July 2024). The 3D tree was modelled with an ellipsoid crown
and a cylindrical trunk with branches. This simplistic representation was already used
for other studies in urban and forest contexts [56]. To consider alignment heterogeneity,
we created an alignment of five trees that contained two profiles of tree functional traits.
Specifically, the central tree and the two trees at the ends of the alignment had one profile
of optical and biophysical traits (profile A), while the other two trees had the other profile
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(profile B) (Figures 3 and 4). The 3D urban scenes were generated using R, and the final 3D
objects (.obj format) were then input into DART.

Perspective view

LCZ8

Figure 3. Three-dimensional zenithal and perspective views of urban scenes defined for the four local
climate zones (LCZs): Compact Midrise (LCZ 2), Open Midrise (LCZ 5), Open Low-rise (LCZ 6), and
Large Low-rise (LCZ 8).

Window 1 Window 2

A=0m A=5m
6=0° 0=0°
CCP = 78% | CCP =78%

Window 3 Window 4
||

A=5bm
0 =90°
CCP = 39%

Figure 4. [llustration of the four extraction windows used to extract spectral features at 10 m resolution
and the corresponding crown area. Delta (A) represents the offset between the window centre and
the tree centroid. Theta (8) represents the offset angle between the window centre and the alignment
axis relative to the tree centroid. CCP represents the resulting canopy cover percentage when tree
diameter was set to 10 m. (A) and (B) correspond to the two different tree profiles in the alignment.

2.4.2. DART Parametrization and Simulation

Although DART includes dozens of tunable parameters, 32 parameters were used
to simulate S2 images (Table 4). See Appendix A for details of these parameters. They
included 12 tree-endogenous and 20 tree-exogenous parameters that have direct or indirect
influence, respectively, on simulated tree canopy reflectance. Whereas some parameters (15)
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were fixed, others (17) varied according to predefined values/ranges and distributions. For
the purpose of generalization, the min and max bounds for the leaf traits were determined
with reference to the literature [57,58].

Table 4. DART parametrization, describing the section of the DART graphical user interface and the
parameter’s name, category, type ((F)ixed or (V)ariable), and value (if F) or range (if V).

DART Section Parameter Name Category Type Values and Range
Global settings Light propagation mode exogenous F Bi-directional (DART-Lux)
Spectral bands exogenous F According to Sentinel-2
sensor
Sensor settings Zenithal angle exogenous F 2.8[°]
Azimuth angle exogenous F 182 [°]
Spatial resolution exogenous F 1[m]
Hour exogenous F 11:07 UTC
Direction input parameter Day exogenous F Day 15 of each month
Month exogenous \% From March to November
Atmosphere Atmosphere model exogenous F USSTD76
Aerosol properties exogenous F Urban Type
Aerosol optical depth =1
Roof exogenous \% See Appendix A
Scene optical Wall exogenous \% See Appendix A
properties Impervious ground exogenous \Y% See Appendix A
Pervious ground exogenous \% See Appendix A
Dimensions exogenous F 100 m x 100 [m]
Earth scene Latitude exogenous F 48.1° N
Longitude exogenous F 1.68° W
. oy LCZ2 and LCZ6: 5.0-6.5 [m]
Distance to nearest building exogenous \% LCZ5 and LCZ8: 6-16 [m]
Tree planting conditions Tree exposure exogenous \% Shady side or sunny side
Street orientation ! exogenous Y4 0,45, 90 and 135 [°]
Percentage of grass on the ground 2 exogenous \Y% 0-100 [%]
Tree-crown diameter endogenous \% 10 and 12 [m]
T Other geometric parameters endogenous F See Appendix A
ree Leaf angle distribution endogenous \% Plagiophile and planophile
Leaf area density (LAD) endogenous \% 0.1and 1.2 [m?/m?]
Clumping factor endogenous \% 0-50 [%]
Structure coefficient (N) endogenous \% 1.1-2.3 [arbitrary unit]
Leaf chlorophylls content (Cab) endogenous \Y 5-60 [ng/ cm?]
Carotenoid content (Car) endogenous \Y% 2.5-25 [ug/ cm?]
Leaf . . .
Brown pigment endogenous F 0 [arbitrary unit]
Anthocyanin endogenous F 0 [ng/cm?]
Equivalent water thickness endogenous \% 0.004-0.024 [cm]
Dry matter content endogenous \% 0.002-0.014 [g/cm?]

! The street orientation was set at an anti-clockwise angle, with the following orientations: 0°: west/east, 45°:
south-west/north-east, 90°: north/south, and 135° south-east/north-west. 2 The area not covered by grass was
assumed to be mineral.

DART inputs were created from the variable parameters (Table 4) using a design of
experiment (DOE) computational approach based on a Latin hypercube sampling (Python
v3.9 library OpenTurns v1.34 [59]). A total of 80,000 simulations were performed (i.e.,
20,000 per LCZ). Thus, 80,000 coordinate points [X1, ..., Xp] were generated, where p
is the number of parameters, to cover the p-dimensional space as well as possible. For
continuous variable parameters (type = V in Table 4), values were generated using a
uniform distribution.
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DART was configured to generate orthorectified images with a size of 100 m x 100 m,
and a spatial resolution of 1 m. The images were generated according to the S2 spectral and
geometrical (view angles) characteristics. Specifically, only the 10 m (VIS and PIR) and 20 m
(RE, SWIR) bands were simulated, and central wavelengths and bandwidths were defined
based on characteristics of the S2 MSI sensor. Zenithal and azimuthal angles were set to the
mean S2 view angles: 3° (with zenith = 0°) and 180° (with north = 0°), respectively. As the
synthetic S2 images were initially simulated at 1 m resolution, we used a method based on
extraction windows to extract pixel spectral values, considering the 10 m and 20 m spatial
resolutions of S2 (see Section 2.4.3). DART version 5.8.10v1259 was used.

2.4.3. Spatial Window Extraction

The simulated images were generated at a spatial resolution of 1 m, which represented
interactions among elements of the 3D scenes more precisely. We then aggregated spectral
values at 10 m (B02, B03, B04, and B08) and 20 m resolution (B05, B06, BO7, BSA, B11,
and B12) using four pair-extraction windows of 10 x 10 and 20 x 20 m (Figure 4): one
tree-centred window and three windows shifted by 5 m at 0°, 45°, and 90° with respect to
the centre of the tree-canopy in the direction of the tree alignment. The 20 x 20 m windows
were configured so that their lower left quarter corresponded to the associated 10 x 10 m
window. This extraction-window method was applied to consider S2 pixel heterogeneity
(mixed pixels), geolocation uncertainty, and urban conditions. This approach allowed a
wide range of pixel compositions to be considered, with different proportions of canopy and
shadow in the pixel, as well as pixels that overlapped two trees. In terms of computational
efficiency, it allowed a diverse set of pixels to be obtained from a single simulated image,
while decreasing the total number of simulations and simplifying parametrization.

2.5. Dataset Configuration
2.5.1. Environmental Feature Extraction

Contextual information at the pixel scale was included as three EFs in the RFR and
GPR models:

1.  Green proportion (Pgreen): the percentage of the pixel covered by underlying vegeta-
tion, which strongly influences reflectance when the tree canopy does not cover the
entire pixel and/or the tree has low LAI;

2. Shadow proportion (Pshadow): the percentage of the pixel covered by shadow, which
also strongly influences reflectance, particularly of one near-infrared S2 band (B08)
with solar angle decrease;

3. Canopy cover pixel (CCP): the percentage of the pixel covered by tree canopy, which
indicates the percentage of pixel purity.

For the simulated dataset (SDS), Pgreen had already been defined as an input pa-
rameter for DART (Table 4) and thus was known at the pixel scale for each simulated
image. Pshadow was calculated by DART at the pixel scale for each simulated image using
a direct insolation mask. CCP was calculated at the pixel scale by intersecting the four
extraction windows previously defined and the crown extent simulated by DART (Figure 4).
Depending on the window and crown diameter, CCP ranged from 39% (window 4 with a
10 m-diameter crown) to 95% (window 1 with a 12 m-diameter crown).

For the real dataset (RDS), EFs were calculated using different methods than those
used for the SDS. First, we considered a spatial reference grid (S2 grid) that corresponded
to S2 images at 10 m resolution, then EFs were calculated as follow:

1.  Pgreen was calculated at the pixel scale by intersecting the S2 grid and the grass-
extent layer;

2. Pshadow was calculated using a raster layer of potential direct incoming solar radia-
tion (kWh/m?) at 1 m resolution derived from the DSM using the Potential Incoming
Solar Radiation algorithm (Terrain Analysis; Lighting, Visibility) in SAGA software
v7.8.2 [60]. Pixels with > 0 kWh/m? were classified as non-shadow (0), while those
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with 0 kWh/m? were classified as shadow. This layer was then aggregated to the S2
grid resolution (10 m);

3. For CCP calculation, the S2 grid and the tree-crown extent were spatially intersected.
Finally, CCP was calculated at the pixel scale based on this spatial intersection.

2.5.2. Spectral Feature Extraction

Spectral features were extracted on specific spatial locations depending on the dataset.
For the RDS, pixels with CCP < 35% were removed, as this value was close to the minimum
CCP of the SDS (39%); the remaining pixels were considered pixels of interest. Spectral
features were then extracted from the pixels of interest for the RDS and in the windows
for SDS, and 18 vegetation indices correlated with LCC and LAI according to the literature
were calculated for both datasets (Table 5).

Table 5. Vegetation indices used in the study. Abbrev.: abbreviation, Ref.: reference.

Index Abbrev. Equation (with S2 Band Names) Ref.
- B o i __ B03*—(B02-B04)
Red-green-blue vegetation index RGBVI RGBVI = 50377 (502-504) [61]
Green leaf index GLI GLI = W [62]
Normalized green-blue difference index NGBDI NGBDI = nglng [63]
Structure insensitive pigment index SIPI SIPI = ggg:ggi [64,65]
Normalized difference vegetation index NDVI NDVI = ggg;ggi [66]
. . L _ (B08—(BO4—1%(B02—B04)))
Atmospherically resistant vegetation index ARVI ARVI = (BO8+ (B04—T+(B02—Bod))) [67]
Enhanced vegetation index EVI EVI = 2.5-% [68,69]
Optimized soil adjusted vegetation index OSAVI OSAVI = (1+ 1.16)-(B08 — B04) / (B08 + B04 + 0.16) [70]
Modified Chlorophyll absorption in MCARI2 MCARI2 — See reference [71]
reflectance index 2
Red-edge normalized difference _ B0S—BO5
vegetation index NDVIRE NDVIRE = ggerpaz [72]
Sentinel-2 LAT index SELI SELI = % N [73]
Mixed leaf area index vegetation index MixLAIVI MixLAIVI = w [74]
Transformed chlorophyll absorption in TCARI  TCARI = 3.[(B05 — B04) — 0.2-(B05 — B03)-(B05/B04)] [75]
reflectance index
TCARI/OSAVI ccn ccn = S’ [71,75,76]
Sentinel-2-based triangular vegetation index STVI STVI — See equation in [77] [77]
Greenness component of Ser}tlnel—Z tasseled TCT G TCT_G — See equation in [78] 78]
cap transformation
Brightness component of Sel?tmel—2 tasseled TCT B TCT_B — See equation in [78] (78]
cap transformation
Wetness component of Sentinel-2 tasseled TCT W TCT_W — See equation in [78] 78]

cap transformation

2.5.3. Spatial Allocation for Field-Satellite Data Matching

To match field and satellite data, we applied two spatial allocation (SA) methods that
intersected pixels and crown areas: one at the tree scale and one at the pixel scale. The
former simply allocated the field measurements of LCC, LAI, and CCC of the dominant
tree in a given pixel to that pixel (LAltree, LCCtree, and CCCltree, respectively). The pixel-
scale method considered the percentage of trees at the pixel scale by weighting the field
measurements of LCC, LAI, and CCC of the tree(s) by their crown area in the pixel (LAlpix,
LCCpix, and CCCpix, respectively).
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Both methods were applied to the SDS and RDS. Before doing so, tree LAD (m? /m?)
was converted into LAI (m?/m?), as the in situ LAI-2200 measurements and DART input
values for a given tree were LAD. This step required knowing geometric properties of the
trees, which were derived from the auxiliary data for real trees or from DART input param-
eters for simulated trees (Table 6). This step was based on two simplifying assumptions:
(i) crown height equals 2/3 of the tree height (i.e., live crown ratio [79-81], and (ii) the tree
crown can be considered an ellipsoid, which can be used to calculate its volume.

Table 6. Tree geometric properties and equations used to calculate leaf area index (LAI) from leaf
area density (LAD).

Property Name Unit Equation Description
. Tree height, given by DSM-DTM, according to the crown
Tree height Hiree m i centroid or corresponding to DART input
Tree crown height Herown m Hiree - % Crown height, assumed to equal 2/3 of the tree height
L Semi-axis of the tree crown (considered as and ellipsoid).
Tree crown ellipsoid . -
semi-axis (b, ) b, c m - Calculated from 2D crown-delineation polygons or
! corresponding to DART input
Tree crown volume Verown m3 %71 . % -b-c Crown volume, calculated as that of an ellipsoid
Tree crown area Acrown m? - Area projected onto the ground by the crown
Leaf area density, measured with LAI-2200 or
2 /3 _ Y,
Tree LAD LADtree m®/m corresponding to DART input
Tree LAI LAltree m?/m? LADjree - weown Leaf area index of the tree

Acrown

Both SA methods intersected crown area and the extraction window for SDS or the 52
grid for RDS to calculate five properties (Table 7): pixel area, intersection area between a
given tree and a pixel (when several trees intersected a pixel, the intersection area of each
tree was calculated), total canopy area of the pixel, percentage of canopy cover of the pixel,
and the percentage of canopy in the pixel for a given tree.

Table 7. Properties calculated from intersecting crown area and the extraction window for the
simulated dataset or the Sentinel-2 grid for the real dataset.

Property Name Unit Equation Description

Pixel area Apix m? - Constant area for a pixel of 10 m resolution (100 mz)
Intersection area tree-pixel  Ainteryes m2 ) Intersection area between a givgn tree and a given pixel.

A tree can overlap several pixels and vice-versa.
Total canopy area TCA m? i Ainteriree, Total canopy area for a given pixel
i=1
Canopy cover pixel ccp % &C_A Percentage of canopy cover in the pixel
pix

Percentage of canopy cover ~ PCCPiee % % Percentage of canopy in the pixel for a given tree

For the tree-scale method, LCCtree equalled the value measured in situ or the DART
input parameter, LAl was calculated from LAD (Table 6), and CCClree equalled LAl ree
X LCClree (Table 8). For the pixel-scale method, the vegetation traits for each pixel were
calculated using equations (Table 8).
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Table 8. Equations used to calculate vegetation traits at the tree scale and pixel scale.

Trait Name Unit Equation Description
LAI tree LAlee m?/m? LAD¢ree X““’W’“ Leaf area index for the tree
Dualex leaf-clip reading for a given tree or
2 i p & &
LCC tree LCCuree Hg/cm corresponding to DART input.
CCC tree CCClree ug/ m?2 LAliree - LCClree Canopy chlorophyll content
. ' 2, 2 n ) Weighted sum of LAltree in the pixel. n equals the
LAl pixel LALpix m®/m igl LAlgree; - Ainteriree; number of trees intersected with the pixel.
LCC pixel LCCpix ug/cm? 3 LCClree. - PCCPiree. Leaf chlorophyll content at the pixel scale
i=1
. ' 2 n ) Weighted sum of CCCtree in the pixel. n equals the
CCC pixel CCCpix Hg/m i; CClree; - Ainteriree; number of trees intersected with the pixel.

2.6. Machine Learning Regression Algorithms: Building Strategy and Training

For each of the three vegetation traits (LCC, LAI and CCC), we built a total of 24 re-
gression models depending on different configurations defined by three components: (i) the
type of MLRA (RFR or GPR), (ii) the exclusion or inclusion of EFs (models trained using
only spectral features or combining these spectral features with the three EFs (CCP, Pgreen,
and Pshadow)), and (iii) the SA method (tree scale or pixel scale).

RFR and GPR have been widely used to estimate LAI and LCC from S2 data using
hybrid inversion approaches with PROSAIL [29,82], INFORM [27], and DART [42] models.
Non-parametric MLRAs such as RFR and GPR provide faster and more accurate estimates
than simple parametric MLRAs do [23]. Their ability to capture non-linear relationships and
interactions among variables makes them suitable for simulating complex datasets. RFR
is an ensemble-learning algorithm that combines the predictions of several decision trees
built from bootstrap data samples. This method, which can capture complex relationships
between explanatory and interaction features, addresses overfitting problems effectively
while maintaining high prediction accuracy. GPR uses Bayesian inference and a pre-set
covariance kernel function that is optimized to fit the data. The kernels provide the expected
correlation between different observations. In this study, the SDS and RDS included spectral,
derived (vegetation indices), and contextual features. We used a radial basis function as
the kernel to train GPR.

To identify an optimal set of input spectral features to use to train the models, a
Pearson correlation matrix was calculated, and, when two features were strongly correlated
(i.e., r > 0.95), the feature with the largest mean absolute correlation was removed. This step
aimed to improve model interpretability and performance by removing redundant features.

Next, for each target variable and both SA methods (i.e., LCCtree, LCCpix, LAltree,
LAlIpix, CCCtree, and CCCpix), recursive feature elimination (RFE) was applied, which
iteratively removed less informative features by calculating variable importance based on
random forests. Backward selection of features was based on the root mean square error
(RMSE), which was calculated using a cross-validation procedure with 10 folds and two
repeats. RFE was applied to each target variable, and the feature set with the lowest RMSE
(Figure 5) was used for model training. For RFR models, hyperparameter tuning was
performed using a grid-search approach with an RMSE cost function. Two parameters were
used for the grid search: the number of trees {100, 200, .. ., 1000} and the number of random
features selected at each division {%, 3, %} (where n is the number of training features).
The parameter combination with the lowest RMSE was used for model training. Overall,
24 models were trained and evaluated (three target variables x eight configurations per
target variable).
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Figure 5. Ranking of variable importance according to RFE for each vegetation trait and spatial
allocation. LCC: Leaf chlorophyll content; LAI: Leaf area index; CCC: Canopy chlorophyll content.

2.7. Validation

All models were cross-validated using a k-fold strategy, with k = 10. Once models were
trained with the SDS, they were applied to the RDS and validated using field measurements
in the RDS. The minimum, mean, and maximum values of the vegetation traits included
the RDS, which were determined based on the two SA methods and in situ measurements,
are presented in Table 9.
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Table 9. Minimum, mean, and maximum values for the three vegetation traits (leaf chlorophyll

content, leaf area index, and canopy chlorophyll content) based on the two spatial allocation methods

(at tree and pixel scales) and in situ measurements. Min: minimum; Max: Maximum.

Tree-Scale Pixel-Scale
Vegetation Traits
Min Mean Max Min Mean Max
Leaf chlorophyll content [p1g/ cm?] 114 28.9 49.3 11.6 28.9 48.3
Leaf area index [m?/m?] 0.94 3.78 8.24 0.01 2.36 7.92
Canopy chlorophyll content [ug/m?] 11 111 279 1 71 289

Five metrics were used to assess the performance of the regression models:

Coefficient of determination (R?): The coefficient of determination measures the
proportion of the variance in the dependent variable that is explained by the regression
model. It ranges from 0 to 1, where 1 indicates a perfect fit of the model to the
observed data.

L, (Pred; — Obs;)?

R?(Obs, Pred) =1 —
iy (Predi — Predi)2

(2)

Root mean squared error (RMSE): RMSE is a measure of model accuracy that calculates
the square root of the mean of the squares of the differences between predictions and
observations, thus indicating the mean deviation between them.

RMSE(Obs, Pred) = \/ % Y o, (Pred; — Obs;)? (3)

Symmetric mean absolute percentage error (SMAPE): SMAPE equals the percentage
difference between predictions and observations while accounting for their scales. In
this study, it provided an intuitive interpretation and allowed model performances for
the three vegetation traits to be compared.

100 n |Predi — ObSil
APE Pred) = —) ,
SMAPE(Obs, Pred) = — ) | (|Obsi| + |Pred;])-0.5

(4)

Bias: Bias equals the mean difference between predictions and observations, which
indicates a model’s tendency to overestimate or underestimate the dependent variable.

Bias(Obs, Pred) = % Z?:l(Obsi — Pred;) (5)

Bias standard deviation (BSD): The standard deviation of the bias measures the distri-
bution of prediction errors around the mean bias, which indicates the variability in
differences between predictions and observations.

BSD(Obs, Pred) = \/ % Z?:l [(Obs; — Pred;) — Bias|? (6)

For Equations (2)—(6), Obs is the observed value of the target variable, Pred is the

predicted value of the target variable, and n is the total number of samples in the RDS.

Finally, temporal metrics were calculated to assess the temporal consistency between

estimated and observed values. Temporal consistency ensures that observed changes or
trends in predicted vegetation traits reflect real phenomena rather than artefacts introduced
by inconsistencies in data acquisition or processing [83]. This is particularly important in
the context of vegetation monitoring, when trends and/or temporal anomalies derived
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from image time-series are most often more relevant than information obtained from
single-date observations [22,84]

The LCC, LAI and CCC time series were estimated for each pixel using the best models
(according to the metrics used). For each pixel, the estimated series were compared to the
observed series. Three temporal similarity metrics available in the R package TSclust [85]
were used:

e dgycL, based on the Euclidean distance between values observed at the same points
in time
dcor, based on Pearson correlation between the two series [86]
dcort, based on temporal correlation between the two series, used to include both
conventional measures for the proximity of observations and temporal correlation to
estimate the proximity behaviour and dynamic [87].

3. Results
3.1. Accuracy of LCC, LAI and CCC Estimation Using the Simulated Dataset

Values of metrics calculated for all configurations are shown in Table 10. Cross-
validation scatterplots are shown in Appendix B.

Table 10. Performance metrics of leaf chlorophyll content (LCC), leaf area index (LAI), and canopy
chlorophyll content (CCC) obtained by cross validation using the simulated dataset. SA: spatial
allocation; MLRA: machine learning regression algorithm, RMSE: root mean square error; SMAPE:
symmetric mean absolute percentage error, BSD: bias standard deviation; RMSE is expressed in
ug/ em? for LCC and CCC, m2/m? for LAL

Target Variable SA Method Environment Features MLRA R? RMSE SMAPE BIAS BSD
Tree Yes GPR 0.68 5.95 16% 0.55 593
Tree Yes RFR 0.71 5.74 16% 0.74 5.69
Tree No GPR 0.67 6.08 17% 0.55 6.06
Tree No RFR 0.69 5.87 16% 0.69 5.83
LCC Pixel Yes GPR 0.79 438 12% 0.25 438
Pixel Yes RFR 0.82 416 11% 0.46 414
Pixel No GPR 0.77 457 13% 0.28 456
Pixel No RFR 0.80 434 12% 0.43 432
Tree Yes GPR 0.29 1.80 37% 0.36 1.76
Tree Yes RFR 0.35 1.77 36% 0.49 17
Tree No GPR 0.13 201 43% 0.47 1.96
Tree No RFR 0.17 1.98 41% 0.56 1.90
LAL Pixel Yes GPR 0.51 12 31% 0.21 1.18
Pixel Yes RFR 0.56 1.15 30% 0.27 1.12
Pixel No GPR 0.37 1.36 35% 0.27 133
Pixel No RFR 0.39 1.36 34% 0.30 1.32
Tree Yes GPR 0.48 58.58 37% 1214 5731
Tree Yes RFR 0.52 58.73 37% 1616 5647
Tree No GPR 0.40 62.93 42% 1419 6131
Tree No RFR 0.4 62.13 41% 1647 5991
ccc Pixel Yes GPR 0.64 36.88 30% 6.24 36.35
Pixel Yes RFR 0.68 36.39 29% 8.59 35.37
Pixel No GPR 0.56 40.94 34% 7.78 40.20
Pixel No RFR 0.58 40.84 33% 9.09 39.82

For LCC estimation, R? ranged from 0.68-0.82. SA influenced LCC accuracy the most,
with R? of 0.67-0.71 for tree-scale SA and 0.77-0.82 for pixel-scale SA. The two MLRAs
performed similarly, with slightly higher R? and lower RMSE for RFR (R? = 0.80-0.82 and
RMSE = 4.16-4.34 ng/cm?) than for GPR (R? = 0.77-0.79 and RMSE = 4.38-4.57 ug/cm?).
Nevertheless, GPR had a smaller bias than RFR. Inclusion of EFs did not influence LCC
estimation significantly, with models that did so having only slightly better evaluation
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metrics. Overall, the best model for estimating LCC was RFR with pixel-scale SA and
inclusion of EFs, which had high accuracy during cross-validation.

For LAI estimation, R? ranged from 0.13-0.56. To a greater extent than that for LCC
models, SA influenced accuracy the most, with R? of 0.13-0.35 for tree-scale SA and
0.37-0.52 for pixel-scale SA. The type of MLRA had a pattern similar to that for LCC
models, with RFR having slightly higher R?, lower RMSE, but smaller bias than those for
GPR. Unlike for LCC models, inclusion of EFs influenced LAI estimation strongly, leading
the RFR model with pixel-scale SA and inclusion of EFs to have R? 0.17 higher than that of
the same configuration but without EFs.

CCC estimation followed the same pattern as those for LCC and LAI estimation. The
best model for estimating CCC was RFR with pixel-scale SA and inclusion of EFs (R? = 0.68
and RMSE = 36.39 ug/m?).

3.2. Accuracy of LCC, LAI and CCC Estimation Using the Real Dataset
3.2.1. Overall Accuracy Assessment and Consistency between Cross-Validation and
Validation Using the Real Dataset

For LCC accuracy, R? ranged from 0.24-0.33 (Table 11). SA influenced LCC accuracy
slightly, with R? of 0.24-0.3 for tree-scale SA and 0.24-0.33 for pixel-scale SA. RFR outper-
formed GPR (SMAPE = 16% and 21%, respectively). Inclusion of EFs did not influence
LCC estimation significantly, with models that did so having only a small decrease in
bias. Similar to the results obtained using cross-validation, the LCC model with the best
performance was RER with pixel-scale SA and inclusion of EFs.

Table 11. Evaluation metrics used to assess accuracy of leaf chlorophyll content (LCC), leaf area index
(LAI), and canopy chlorophyll content (CCC) using the real dataset. SA: spatial allocation; MLRA:
machine learning regression algorithm, RMSE: root mean square error; SMAPE: symmetric mean
absolute percentage error, BSD: bias standard deviation; RMSE is expressed in pg/cm? for LCC and
CCC, m?/m? for LAL

Target Variable SA Method Environment Features MLRA R2 RMSE SMAPE BIAS BSD
Tree Yes GPR 0.24 7.66 22% —134 7.55
Tree Yes RFR 0.30 5.83 16% —157 5.61
Tree No GPR 0.24 7.48 22% ~126 7.38
Tree No RFR 0.29 6.01 17% —1.87 5.72
LcC Pixel Yes GPR 027 7.46 21% ~1.78 7.25
Pixel Yes RFR 0.33 5.64 16% —1.87 532
Pixel No GPR 0.24 7.45 21% 171 7.25
Pixel No RFR 0.32 5.87 17% 229 5.40
Tree Yes GPR 0.02 1.94 43% —0.28 1.92
Tree Yes RFR 0.03 1.59 36% —043 1.54
Tree No GPR 0.04 1.54 35% ~0.29 1.51
Tree No RFR 0.04 143 33% —0.28 1.40
LAI Pixel Yes GPR 0.12 1.63 57% —0.87 1.38
Pixel Yes RFR 0.29 1.18 47% —0.58 1.03
Pixel No GPR 0.25 147 53% ~0.90 117
Pixel No RFR 0.22 1.30 49% —0.69 11
Tree Yes GPR 0.12 57.11 43% —1094  56.08
Tree Yes RFR 0.13 49.22 39% _1285 4754
Tree No GPR 0.16 49.77 38% ~1086 4859
Tree No RFR 0.13 48.84 38% —1323  47.03
ccC Pixel Yes GPR 0.27 51.00 58% 2901 4197
Pixel Yes RFR 0.46 36.44 49% —1879 3123
Pixel No GPR 031 48.99 56% 2973 3896
Pixel No RFR 0.32 42.94 54% 2426 3545
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For LAI accuracy, SA had a significant influence: the four models with tree-scale SA
had R? close to 0, unlike those with pixel-scale SA, for which R? ranged from 0.12-0.29. For
the MLRAs, GPR did not achieve SMAPE < 50%, unlike RFR, which had SMAPE of 47%
and 49%. Unlike for the LCC models, inclusion of EFs improved LAI accuracy. Comparing
the two RFR models with the pixel-scale SA, the one that included EFs had higher accuracy
than the one that excluded them, with a higher R? (0.29 vs. 0.22, respectively), lower RMSE
(1.18 vs. 1.30 m?/m?, respectively) and lower bias (—0.58 vs. —0.69, respectively).

For CCC accuracy, SA also had a significant influence: models with pixel-scale SA
had much higher R? (0.27-0.46) than those with tree-scale SA (0.12-0.16). Similarly, RMSE
was lower with pixel-scale SA (36-51 pg/m?) than with tree-scale SA (49-57 pg/m?),
but the bias was much larger with pixel-scale SA. The RFR model with inclusion of EFs
outperformed the other models according to all metrics.

3.2.2. Accuracy of LCC, LAI and CCC Estimation by Tree Species

Using the best model for each target variable, we estimated the target values by tree
species. The model used to estimate LCC showed high tree-species dependence, with R?
ranging from 0.11 for PL to 0.45 for QR (Table 12).

Table 12. Evaluation metrics for assessing model accuracy by tree species using the real dataset. Only
the best model configurations are shown (i.e., MLRA = RFR, environmental features included = yes;
spatial allocation = pixel scale). SA: spatial allocation; MLRA: machine learning regression algorithm,
RMSE: root mean square error; SMAPE: symmetric mean absolute percentage error, BSD: bias
standard deviation; RMSE is expressed in ug/ cm? for LCC and CCC, m?/m? for LAL

Target Variable Species R? RMSE SMAPE BIAS BSD
AC 0.26 5.48 0.16 —2.45 491

LCC FR 0.41 5.45 0.14 —2.07 5.06
PL 0.11 5.66 0.16 —0.36 5.66

QR 0.45 5.99 0.17 —2.81 5.29

AC 0.17 0.95 0.36 —0.42 0.85

LAI FR 0.36 1.26 0.47 —0.61 1.10
PL 0.03 1.34 0.65 —0.98 0.92

QR 0.43 1.15 0.37 —0.18 1.14

AC 0.28 31.07 0.42 —17.75 25.53

cce FR 0.5 41.05 0.48 —21.54 35.03
PL 0.1 37.74 0.64 —26.42 26.99

QR 0.55 36.26 0.38 —6.96 35.66

FR and QR followed a similar pattern for LCC (Figure 6), with overestimation from
low to median LCC (10-30 pg/cm?). Conversely, LCC patterns for AC and PL were more
scattered. We also found a phenological trend, with LCC lower for early dates (i.e., day of
the year (DOY) 126 and 166) than for later dates.
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Figure 6. Scatterplot of estimated vs. observed leaf chlorophyll content (LCC) (spatial allo-
cation = pixel scale, machine-learning regression algorithm = RFR, environmental features in-
cluded = yes) for the four tree species: Acer platanoides (AC), Fraxinus excelsior (FR), Platanus acerifolia
(PL), Quercus rubra (QR). DOY: day of year of the Sentinel-2 image.

The model used to estimate LAI was also species-dependent, with R? ranging from
near-zero for PL (0.03) to moderate for QR (0.43). A similar pattern was found for the four
species, with overestimation of low LAI (0-2), and few LAI < 2 being estimated. The best
performances were observed for QR and FR, but with a positive bias (i.e., overestimation)
for LAI of 0-2.5 and a negative bias for LAI of 2.5-6.0 (Figure 7).
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Figure 7. Scatterplot of estimated vs. observed leaf area index (LAI) (spatial allocation = pixel scale,
machine-learning regression algorithm = RFR, environmental features included = yes) for the four
tree species: Acer platanoides (AC), Fraxinus excelsior (FR), Platanus acerifolia (PL), and Quercus rubra
(QR). DOY: day of year of the Sentinel-2 image.

CCC estimation followed a pattern similar to that of LAI, with low R? for PL and AC
(0.10 and 0.28, respectively) and clustering of estimated values (Figure 8). Performances
were better for QR and FR (R? of 0.55 and 0.50, respectively), which followed a distinctive
pattern with overestimated low CCC and underestimated high CCC, and an inflection
point around 100 pg/m?.
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Figure 8. Scatterplot of estimated vs. observed canopy chlorophyll content (CCC) (spatial al-
location = pixel scale, machine-learning regression algorithm = RFR, environmental features in-
cluded = yes) for the four tree species: Acer platanoides (AC), Fraxinus excelsior (FR), Platanus acerifolia
(PL), and Quercus rubra (QR). DOY: day of the year (DOY) of the Sentinel-2 image.

Overall, for the three target variables, PL and AC followed a similar pattern, while FR
and QR followed another similar pattern.

3.3. Consistency between Estimated and Observed Time Series

For each target variable and species, we examined the mean time series (Figure 9)
and distribution of temporal metric values (Figure 10) to assess the temporal consistency
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between estimated and observed series. High adequacy was observed between estimated
and observed LCC time series according to dgycr, and dcorr (Figure 9). There were no
significant differences among the four species. In particular, the observed LCC time series
decreased from DOY 166 to 201 and then increased from DOY 201 to 226. This pattern was
also found, to a lesser extent, in the estimated LCC time series for AC and QR. For LAI, the
estimated time series differed much more from the observed time series. Temporal trends
were observed for FR (dcort = 0.04) and QR (dcort = 0.03). AC and PL showed differences
between the estimated and observed time series. Values of dgycr, were particularly high
for PL. The estimated and observed CCC time series showed high adequacy, with similar
temporal trends for AC and FR. However, a strong positive bias in the estimated CCC time
series was observed for AC, FR, and PL (dgycr = 7.41, 9.52, and 10.08, respectively).
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Figure 9. Observed (blue) and estimated (red) mean time series of LCCpix, LAlpix, and CCCpix by
tree species (AC, FR, PL, and QR). LCCpix: leaf chlorophyll content at pixel scale; LAIpix: leaf area
index at pixel scale; CCCpix: canopy chlorophyll content at pixel scale.
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Figure 10. Distribution of similarity metrics for each target variable by tree species (OR, PL, FR,
and AC) and metric (dgycr, dcor, and dcorr). The curves represent the relative shape of the
distributions. QR: Quercus rubra; PL: Platanus acerifolia; FR: Fraxinus excelsior; and AC: Acer platanoides.
dgycr: Euclidean distance; dcor: Pearson correlation distance; dcor: temporal correlation distance.

4. Discussion

Results highlighted two main points: (i) evaluating accuracy using cross-validation
revealed that (i) pixel-scale SA estimated all target variables better than tree-scale SA,
(ii) including EFs in model training improved model performance (especially for LAl and
CCCQ), and (iii) RFR gave slightly better estimates than GPR. Comparing the three target
variables, the models had good accuracy for LCC estimation and moderate accuracy for
CCC and LAI estimation (SMAPE = 11%, 29%, and 30%, respectively); (ii) the highest R2
obtained using the RDS was 0.46 for CCC, 0.33 for LCC, and 0.29 for LAI. We reached the
same conclusions using the RDS as when using SDS: for all three target variables, the best
configuration for the model was RFR with pixel-scale SA and inclusion of EFs. However,
the models had lower overall accuracy when using the RDS than when using SDS.

4.1. Overall Performance of Vegetation Trait Estimation

The best performances for LCC estimation in the study were R? of 0.33 with high
variability among species, R? ranging from 0.11 (PL) to 0.45 (QR), and RMSE of 5.64 pug/cm?.
Although LCC, LAI and CCC of urban trees had never been estimated using S2 images,
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LCC has been estimated using a non-species-specific model for urban trees based on
hyperspectral images at 1 m spatial resolution in an urban area that contained PL, with R
of 0.77 [88]. Another study that used species-specific models in an urban area based on
hyperspectral images at 2 m spatial resolution [89] had R? of 0.33 and 0.62, for AC and PL,
respectively.

The combination of S2 data with hybrid inversion models based on PROSAIL has
been successfully used to estimate LAl and LCC with high accuracy. A study conducted
on tree plantations showed R? values above 0.8 for LAI estimation [36], and another study
including seven vegetation types (crops, forests, wetlands, . ..) showed an R? value of 0.62
for LCC estimation [37]. However, these models did not take into account the complexity
of urban environments.

Among studies that estimated vegetation traits using S2 imagery, the most similar
case studies were based on forest canopies or sparsely wooded areas and used hybrid
inversion methods based on DART or INFORM. Comparing the best model in the present
study (RFR with pixel-scale SA and inclusion of EFs) to INFORM inversion for mixed
forest [27], we found similar validation R? for LCC estimation (0.33 vs. 0.34, respectively).
For LAI and CCC estimation, however, the present study’s models had lower R? than
those of the other study: 0.29 vs. 0.47 and 0.46 vs. 0.65, respectively. However, in both
studies, model validation using simulated datasets showed the same pattern, with very
good performance for LCC, good performance for CCC, and moderate performance for
LAI Another study based on DART and based on an agricultural area with olive orchards
had good performances for LAI (RMSE = 0.58 m?/m?) and LCC (RMSE = 2.5 ug/ cm?) [42].
These good performances can be explained by the high detail in 3D models of the trees and
prior knowledge of soil optical properties extracted from S2 pure pixels, which was not
possible in the present study because it is nearly impossible to extract pure pixels of soils in
urban areas from images with a spatial resolution of 10 m, and because soil composition
varies greatly among pixels in urban areas.

Validation using the real dataset did not show high accuracy for estimation of veg-
etation traits. However, while high estimation accuracy may be needed for certain eco-
physiological applications in agricultural areas, moderate accuracy may be sufficient for
monitoring purposes in urban areas. There was high temporal consistency between ob-
served and estimated vegetation traits, particularly according to the dcorr metric, which
highlighted similar trends for estimated and observed values. The temporal trend in vege-
tation traits may be more informative than the absolute values of these traits when studying
the phenology and response of vegetation to stress events [90].

4.2. DART Modelling

The DART model has been used in studies that examined various aspects of the
urban environment, such as retrieving spectral signatures [91,92], assessing radiative
budgets [41], investigating temperature patterns [93], and studying impacts of 3D structures
on emissivity [94]. Nevertheless, to the best of our knowledge, no inversion models of
vegetation traits of urban trees have been developed using DART or other RTMs. While
physical approaches are inherently general and applicable in many contexts, they are
limited by competing demands of model realism and inversion feasibility. A simplified
approach to complex physical processes is usually required to constrain inversion in a
remote sensing context [95,96]. Unlike some approaches used, mainly for calibration, that
involve direct simulations with high accuracy and definition of 3D scenes, this study’s
approach is more global and aims to cover a wide range of urban configurations and model
pseudo-realistic urban scenes. Thus, we made several simplifications, notably to the 3D
tree model. Tree structure determined the proportion of woody elements in the crown, as
branch shape, length, and density can strongly influence reflectance, especially when LAI
is low [50], and thus the accuracy of LAI estimation. The present study’s two simplifying
assumptions (crown height equalled 2/3 of tree height and the crown was an ellipsoid)
enabled us first to acquire a validation dataset using LAI-2200 measurements and a DSM—
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without requiring terrestrial LIDAR data, which are much more difficult to acquire—and
then to aggregate these values at the pixel scale. However, the live crown ratio and crown
shape may be species-specific [79], which may explain the overall moderate performance
of LAI estimation and the variability in performances among tree species.

4.3. Environment Features

One key point of this study was the use of contextual information for simulation
and model training. The LCZ classification system was used as a framework for the
construction of pseudo-realistic urban scenes. While the four LCZ types were selected
among the most dominant LCZ built-cover types encountered in European cities with
more than 100,000 inhabitants, these LCZ types did not cover all the urban environments
of our study site. In particular, the dense, high-rise urban centre corresponding to LCZ
type 1 (“Compact high-rise”) was excluded. However, it does not affect the transferability
of the models, because tree vegetation is less prevalent in this LCZ type than in the four
LCZ types selected. Nevertheless, many tree-exogenous parameters were used for the
DART simulations, including differences in LCZ type, material type, contextual parameter,
and underlying vegetation. However, using a large number of parameters can increase
the probability of encountering ill-posed problems, when nearly identical spectra may
correspond to different combinations of model input parameters [97,98]. To mitigate
these issues and improve model performance, many studies developed regularization
strategies, which incorporate supplementary information and adopt constrained inversion
methods [99-102]. However, these strategies often rely on adjusting RTM input parameters
to better match the magnitude of in situ vegetation traits or contextual features such as
soil spectra. While these approaches can improve performance, they may decrease the
generality of the resulting inversion models.

In the present study, contextual input information was summarized into three EFs
at the pixel scale (CCP, Pshadow, and Pgreen). The strategy was to consider using these
features to train the models (as they interact with spectral features) rather than to filter or
restrict the simulated data so that their characteristics match those of the RDS. However,
building the model in this way required obtaining real data that corresponded to these
features to apply the inversion model. Vegetation cover and DSM data are now widely
available at the scale of major European cities via Open Data city portals, OpenStreetMap,
the Copernicus portal, and Google Earth Engine, including a highly accurate, Europe-wide
DSM [103].

The models that included EFs performed better for all three vegetation traits, especially
LAL In the machine-learning approach, EFs were considered interaction features, as they
were not directly correlated with vegetation traits, although they strongly influenced
spectral features. One advantage of RFR is its ability to exploit interaction effects between
the features effectively [104]. Including these three EFs allowed a wider range of pixels of
interest to be considered (first for the validation dataset, and then for mapping), without
having to filter pure pixels, pixels in shadow, or pixels with underlying vegetation, which
makes this approach particularly efficient for urban areas.

4.4. Spatial Allocation

The models” performances showed the importance of the SA method used. Corre-
spondence between the spatial coverage of the objects of interest (i.e., trees) and satellite
images is essential for model validation, particularly in an urban environment in which the
dimensions of the objects of interest are similar to those of the pixel. Correspondence is not
a problem when the canopy studied is spatially homogeneous and in situ measurements
can be performed in a homogeneous way. In many studies, in situ measurements are
made at the plot scale, using a square that is usually larger than the resolution of the
satellite image. For example, using S2 imagery, Ali et al. [27] and Brown et al. [26] took
measurements in plots with 30 and 40 m sides, respectively. In sparse canopy, methods
need to be adapted to match satellite and in situ data. For example, Makhloufi et al. [42]
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measured the LAI of isolated trees and then related the measurements to the area of a plot
to estimate total LAI at the plot scale. We followed a similar approach, which considered
the presence of several trees and their canopy cover in the pixel. This approach was able
to address details of urban vegetation layout, such as street tree alignments. Although
overall performance was moderate, the fact that pixel-scale models outperformed tree-scale
models demonstrated the benefits of this approach.

5. Conclusions

This study examined an innovative approach for estimating vegetation traits LCC,
LAI and CCC of urban trees using S2 imagery and a hybrid inversion method based on the
DART model. Combining DART with RFR and GPR effectively captured the complexity
and heterogeneity of urban environments. One major contribution of this study is the
inclusion of EFs such as CCP, Pshadow, and Pgreen in the regression models, which
significantly improved model performance, particularly for estimating LAI and CCC. The
study also showed that pixel-scale SA provided more accurate results for all vegetation
traits, highlighting the need for precise spatial matching between in situ measurements
and satellite data in urban areas. Species-specific analysis revealed variability in model
performance, with certain species showing higher accuracy. Despite moderate overall
performance, the models showed strong temporal consistency, particularly for LCC, making
them valuable for monitoring intra-annual urban tree dynamics. This research highlights
the potential of freely available Sentinel-2 imagery for monitoring and managing urban
trees. Future research will focus on species-specific modelling, extending the method to
different urban contexts, and exploring the inclusion of additional environment variables
to further improve model performance and applicability.
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Appendix A. Detailed Description of DART Input Parameters
Appendix A.1. Tree-Exogenous Parameters
Appendix A.1.1. Sensor Settings, Direction Input Parameter, and Atmosphere

The illumination of the scene is important, as it determines the distance of the shadow
cast by the buildings (and the energy balance of the scene). These conditions change
throughout the year, characterized by a change in the solar incidence angles (zenith and
azimuth). To reproduce this change, the date can be set in DART (which will determine
the solar angles for a given latitude and longitude) and then changed. We considered
dates from 15 March to 15 November, which coincides with the vegetative period of the
trees. Concerning parameters for the atmosphere, urban areas have a specific atmosphere
because the concentration of housing and industry produces large amounts of emissions
that influence the composition of the atmosphere and aerosols. Images acquired in urban
areas are therefore influenced more by absorption and scattering, mainly in the visible
and near-infrared wavelengths. The DART model can use the USSTD76 atmospheric
model [105] to reproduce the atmospheric influence on the signal. Optical properties of
aerosols can also be set; this study used an urban aerosol with a constant multiplier of one
for the optical depth of aerosols.
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Appendix A.1.2. Spectral Library

One characteristic of the urban environment is the variety of materials, most of which
are human-made or mineral, such as rough stone (e.g., sandstone, limestone), granite,
asphalt, cement, concrete, brick, shingle, slate, red tile, and glass, or even metals, such as
steel and zinc. Each material has specific spectral signatures due to its intrinsic physical
and chemical composition that will influence the land-surface radiation balance in the
scene, as well as the reflectance of the pixel analyzed. Due to the geometric configuration
of the four LCZs selected and the simplified 3D representations of the buildings, and to
reproduce plausible contexts that represented a broad range of materials, four classes were
considered: roofs, walls, impermeable ground, and permeable ground. Each of these classes
was assigned potential reflectance spectra from a DART spectral library with different levels
of detail. A total of 18 spectra were retained (Figure A1).
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Figure Al. Spectral library showing the four spectral categories for (a) pervious ground (n = 2),
(b) impervious ground (n = 4), (c) walls (n = 6) and (d) roofs (n = 6). Each spectrum is shown with its
reflectance value [%] as a function of wavelength [um]. The vertical bands correspond to the central
wavelength and width of Sentinel-2 spectral bands.
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Appendix A.1.3. Earth Scene and Tree Planting Context

The scene was set in Rennes, France, to match the real Sentinel-2 data. The scene
dimensions were set to 100 x 100 m based on the scale of LCZs, and to ensure that electro-
magnetic interactions in the tree’s environment could actually occur. The conditions under
which a tree is planted are a key factor in its development. It is important to distinguish
two elements: the absolute planting conditions, which include the type of ground (e.g., soil,
grass, human-made materials) at the base of the tree, and the environmental conditions
(e.g., the presence of buildings, the street). The former can be classified as restricted (a
ca. 1 m? square of bare soil or grass surrounded by impermeable materials), linear (trees
planted on a strip of bare soil or grass surrounded by impermeable materials), or open
(trees located on extended grass or in a park) [106]. In the simulations, these conditions
were reflected by the ratio of permeable to impermeable ground defined with the LCZs
(Table 1). The latter can be described using three parameters: the distance from the tree
to the nearest building, street orientation, and exposure (planted on the sunny or shady
side of the street). These three parameters are likely to strongly influence how shade will
impact the tree.

Appendix A.2. Tree-Endogenous Parameters
Appendix A.2.1. Tree Structural Parameters

Tree structural parameters were determined by analysing the tree row database of the
Lyon metropolitan area, which is one of the most complete databases for France in Open-
Data (https://data.grandlyon.com/jeux-de-donnees/arbres-alignement-metropole-lyon/
info; accessed on 17 July 2024). The database contains 50,000 records with the following
geometric variables: crown height, crown diameter, total height, and trunk diameter. To
build a reference profile, the database was limited to the five most common genera—Tilia,
Acer, Platanus, Fraxinus, and Quercus—which agrees with urban tree databases for other
European cities, and to crown diameters of 8—14 m. With these limits, mean values were
calculated for tree structural parameters (Table A1). The tree was further modelled with an
ellipsoid crown and a cylindrical trunk without branches.

Table A1l. Structural parameters of the tree modelled in DART.

Parameter Value [m]
Tree height 15
Trunk height under the crown 4
Trunk height in the crown 6
Trunk diameter 0.4

Three parameters were variable: leaf area density (LAD), the percentage of crown
holes, and leaf-angle distribution. The leaf area index (LAI) was calculated as the total
leaf area of a canopy per unit area of ground, which is suitable for a tree canopy with a
homogeneous height such as that of dense forests. For a single tree, LAI can be defined using
the LAD, which equals the total leaf area per unit volume of canopy (i.e., the tree crown) in
m?/m?3. Next, a clumping factor indicates the degree of spatial aggregation of leaves in
the canopy. DART can calculate the percentage of crown volume occupied by leaves. If
100% of the crown volume is occupied, the LAD is homogeneous at the crown scale and the
clumping factor equals 0, but if only 50% of the crown volume is occupied, the LAD is not
homogeneous at the crown scale, and leaves are artificially aggregated for a given initial
LAD. We used a crown hole percentage from 0-50% as a proxy to simulate the clumping
factor. Finally, the leaf angle distribution refers to the statistical distribution of the angular
orientation of leaves at the scale of a tree (e.g., planophilic, plagiophilic, extremophilic,
uniform). Several methods exist to estimate it, including several predefined mathematical
functions. From the database available in [107], which provides leaf-inclination angles for
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temperate and boreal broadleaf woody species, the two most common distributions (i.e.,
planophile and plagiophile) for deciduous tree species were extracted.

Appendix A.2.2. Leaf Parameters

The DART model is coupled with the PROSPECT model. In this study, the PROSPECT-
D version was used [31], as it can simulate the reflectance and transmittance spectra of a
leaf in the spectral range of 0.4-2.5 um (Figure A2). To simulate these spectra, the model
uses seven parameters: the structure coefficient (N), chlorophyll content (Cab), carotenoid
content (Car), anthocyanin content, brown pigments, equivalent water thickness (EWT),
and dry matter (LMA). The simulated spectrum is then assigned to the optical properties
of the tree leaves in DART.

Spectrum n°1 Spectrum n°2

1.5 2 29) 0.5 1 1.5 2 2.5
Wavelength [um]

= Reflectance = Transmittance

Figure A2. Example of two leaf spectra simulated by the PROSPECT model. Spectrum 1: N =2.3,
Cab = 60, Car = 25, EWT = 0.024 and LMA = 0.018. Spectrum 2: N = 1.7, Cab = 32.5, Car = 13.75,
EWT = 0.014, and LMA = 0.008. Spectra 1 and 2 correspond to maximum and median values used in
the virtual experimental design, respectively. The vertical bands correspond to the central wavelength
and width of Sentinel-2 spectral bands. N = structure coefficient; Cab = chlorophyll (a+b) content;
Car = carotenoids; EWT = equivalent water thickness; LMA = leaf mass area.
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Appendix B. Cross-Validation Scatterplots
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Figure A3. Cross-validation scatterplot for LCC according to the SA method (tree (a) or pixel (b)),
MLRA (GPR or RFR) and inclusion of EF (with or without). LCC: leaf chlorophyll content; SA: spatial
allocation; MLRA: machine learning regression algorithm; GPR: gaussian process regression; RFR:
random forest regression; EF: environment feature.
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Figure A4. Cross-validation scatterplot for LAI according to the SA method (tree (a) or pixel (b)),
MLRA (GPR or RFR) and inclusion of EF (with or without). LAI: leaf area index; SA: spatial allocation;
MLRA: machine learning regression algorithm; GPR: gaussian process regression; RFR: random
forest regression; EF: environment feature.
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Figure A5. Cross-validation scatterplot for CCC according to SA method (tree (a) or pixel (b)), MLRA
(GPR or RFR) and inclusion of EF (with or without). CCC: canopy chlorophyll content; SA: spatial
allocation; MLRA: machine learning regression algorithm; GPR: gaussian process regression; RFR:
random forest regression; EF: environment feature.
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