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Cities are facing too many challenges. Urban vegetation, in particular trees, are essential as they provide services
in terms of air pollution mitigation, freshness, biodiversity, and citizens’ well-being. Accurate data on location,
species, and structural characteristics are essential for quantifying their benefits. However, the cost of measuring
thousands of individual trees through field campaigns can be prohibitive and reliable information on domestic
gardens is lacking due to difficulties in acquiring systematic data. The main objective of this study was to
investigate the suitability of very-high resolution satellite imagery, e.g., WorldView-2, for detecting, delineating,
and classifying the urban plant species in both public and private areas. The characterization of urban vegetation
is difficult due to the complexity of the urban environment (buildings, shadows, open courtyards), the diversity
of species and the spatial proximity between trees. To overcome these constraints, an object-based classification
was developed with the selection of new relevant spectral and texture-based features for each plant species. Four
spectral bands (blue, green, yellow, red) and four texture features (i.e., energy, entropy, inverse difference
moment, Haralick correlation) were found to be the most efficient attributes for object-based classification from
WV-2 images. Then, a classification of plant species, by using a Random Forest classifier, and ground validation
were performed. In the two study areas, Aix-en-Provence (France) and Florence (Italy), 22 and 20 dominant plant
species, and grassland, were identified and classified with an overall accuracy of 84% and 83%, respectively. The
highest classification accuracy was obtained for Pinus spp. and Platanus acerifolia in Aix-en-Provence, and for
Celtis australis and Cupressus sempervirens in Florence. The lowest classification accuracy was obtained for Quercus
spp. in Aix-en-Provence, and Magnolia grandiflora in Florence.

1. Introduction including nature-based solutions and greening strategies by 2030 (Eu-

ropean Union Biodiversity Strategy for 2030, COM (2020)380 final) to

Global warming and air pollution are two major concerns affecting
biodiversity, life quality, citizens well-being and human health (Anen-
berg et al., 2022; Malashock et al., 2022; Southerland et al., 2022; Sicard
et al., 2023), in particular in cities where 56% of the world population
lived in 2020 (United Nations, 2020). Following successive heatwaves
and the COVID-19 pandemic, the European cities with more than 20,000
inhabitants have to establish “ambitious Urban Greening Plans” by

* Corresponding author.
E-mail address: psicard@argans.eu (P. Sicard).

https://doi.org/10.1016/j.ufug.2023.127866

both mitigate the effects of air pollution and climate change and adapt to
them. Urban trees are the most important elements of urban ecosystems
(Ostberg et al., 2018), and contribute to reduce air pollution in cities
(Bar6 et al., 2015; Salbitano et al., 2016; Nowak et al., 2018; Sicard
et al., 2018; Pace et al., 2021), increase carbon stock (Proietti et al.,
2016), mitigate the urban heat islands (Manes et al., 2012; Ren et al.,
2022), provide cooling and shading (Rahman et al., 2020), regulate
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water runoff (Pataki et al., 2011), reduce noise (Klingberg et al., 2017)
as well as provide social and psychological benefits, enhancing citizens’
well-being and human health (Samson et al., 2019; Ugolini et al., 2020).

Information about the individual tree, accurate data on location,
species, and structural characteristic such as tree height and crown
diameter are essential to quantify the environmental and social benefits
of urban trees (e.g., Manes et al., 2016; Russo et al., 2016; Fusaro et al.,
2017; Pace et al., 2018; Pu and Landry, 2019). Most of these data are
derived from municipal tree inventories (e.g., Selmi et al., 2016), which
include only public trees managed by the municipality representing e.g.,
about 36% of full stocking in 50 cities in the United States (McPherson
et al., 2016). Tree inventories can also be obtained from field visits by
visual observations (Nowak et al., 2013; Persson, 2016). This method is
often expensive and time-consuming (Klingberg et al., 2017), and inef-
ficient at larger scales when the tree species distribution is heteroge-
neous (Nowak et al., 2008; Westfall, 2015; Persson, 2016), making
remote sensing more attractive (Klingberg et al., 2017).

Shojanoori and Shafri (2016) performed an extensive literature re-
view on the use of remote sensing for forestry applications, particularly
for tree species detection. During the last decades, the use of aerial
photography and airborne laser scanning, such as LiDAR data, was
widely used and considered as the most accurate remote sensing tech-
nique to estimate forest attributes (e.g., Singh et al., 2015; Alonzo et al.,
2016; Persson, 2016; Song et al., 2016; Chen et al., 2017; Solano et al.,
2019). The high cost coupled with the spatial, temporal, and spectral
resolution of such techniques are the main limiting factors to using
LiDAR to investigate individual trees (Key et al., 2001; Shojanoori and
Shafri, 2016). In most of the previous studies, tree attributes were
derived from satellite imagery at moderate spatial resolution such as
Landsat (Manes et al., 2012; Silli et al., 2015; Marando et al., 2016) and
sensors like Moderate Resolution Imaging Spectro-radiometer (IManes
et al., 2016; Bottalico et al., 2017). Remote sensing, with high spatial
and spectral resolution, and Geographical Information Systems (GIS)
could be cost-effective and consistent techniques to get information
about individual trees (Larondelle et al., 2014; Alonzo et al., 2016;
Parmehr et al., 2016; Fusaro et al. 2017), when employed with useful
tools in Mapping and Assessment of Ecosystem Services (Maes et al.,
2016).

Since 2000, the spatial resolution of the optical very high resolution
(VHR) satellite sensors allows detecting and estimating some tree at-
tributes at landscape scale (Table 18S), e.g., Geoeye-1 (Qian et al., 2020),
IKONOS (Pu and Landry, 2012), WorldView (Immitzer et al., 2012; Pope
and Treitz, 2013; Nouri et al., 2014; Li et al., 2015; Pu et al., 2015;
Choudhury et al., 2019; Kokubu et al., 2020), and Pléiades (Beguet et al.,
2014; Lefebvre et al., 2016; Akbari and Kalbi, 2016; Effiom, 2018; Pu
and Landry, 2019) at a lower cost compared to field observations or
airborne laser scanning (Persson, 2016). Compared to IKONOS, the
WV-2 sensor has a greater capability to classify tree species (Pu and
Landry, 2012), and the Pléiades and WV-2 images perform equally well
for estimation of forest attributes (Persson, 2016). Such steerable optical
sensors allow fast and frequent stereo or tri-stereo acquisitions of
cloud-free images over larger areas within a short interval of time
(Persson, 2016).

Most of the previous studies, using very high spatial resolution sat-
ellite imagery, were limited to rural and forested areas (e.g., Immitzer
et al., 2012; Pu and Cheng, 2015; Akbari and Kalbi, 2016; Modica et al.,
2016; Solano et al., 2019). The detection of individual trees and species

Table 1

WorldView-2 imagery properties related to the acquisition over the study areas.
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differentiation are challenging in cities, as trees can be isolated, lined up
or grouped in patch, with a wide range of plant species, high spectral
similarity of vegetation types, and high-density stands, trees in the
shade, trees with low spectral contrast, and proximity of neighboring
buildings (Alonzo et al., 2015; Parmehr et al., 2016; Klingberg et al.,
2017; Choudhury et al., 2019). In addition, private gardens are an
important component of urban landscape and urban green infrastruc-
ture, for instance contributing to 35-47% of the total urban green spaces
in the United Kingdom (Loram et al., 2007). The potential contribution
of residential areas and yards to overall urban sustainability is recog-
nized worldwide (Owen, 2010; Cameron et al., 2012; Vila-Ruiz et al.,
2014; Zhang and Jim, 2014), and could make significant contributions
to urban biodiversity and ecological richness in cities (Smith et al., 2006;
Miiller et al., 2010; Cameron et al., 2012). However, their relative value
within the wider urban green space is difficult to quantify and hence
their measurable benefits is rarely assessed (Cameron et al., 2012; Zhang
and Jim, 2014).

For a realistic and proper quantification of the benefits of urban
vegetation in terms of providing ecosystem services such as mitigation of
air pollution and urban heat island, and above-ground carbon storage at
city scale, a consistent inventory of vegetation within private and public
areas, is needed to avoid a large underestimation and to establish an
efficient Urban Greening Plan and carbon footprint (Sicard et al., 2018;
Pretzsch et al., 2021). As tree species diversity is a major factor in
providing ecosystem services in cities (Grote et al., 2016; Galle et al.,
2021), the large variety of tree species cannot be classified as a single
vegetation category (e.g., conifers, broadleaves, and mixed species) as
previously performed in studies (e.g., Manes et al., 2016; Bottalico et al.,
2017).

For individual tree classification in urban areas, previous studies
have reported that the classification algorithm produced better results
by using object-based (overall accuracy: 77%) than pixel-based
approach (overall accuracy: 73%) due to high spectral variability (Pu
et al., 2011). By using pixel-based classification, the spectral response of
individual trees can be influenced by canopy exposition (sunlit/shaded)
and shaded canopy due to nearby buildings, reducing the overall accu-
racy (Quackenbush et al., 2000). The object-based image analysis in-
cludes spectral, textural, and spatial features, suitable for individual tree
species classification in urban environments (Zhang and Qiu, 2012;
Zhou, 2013; Puissant et al., 2014; Lefebvre et al., 2016; Shojanoori and
Shafri, 2016; Choudhury et al., 2020). In literature, the object-based
classification was performed using two machine learning approaches:
Random Forest (e.g., Puissant et al., 2014; Boukir et al., 2015; Immitzer
et al., 2016; Lefebvre et al., 2016; Huesca et al., 2019) and Support
Vector Machine (e.g., Adam et al., 2014; Deur et al., 2020). The Random
Forest classifier showed a performance of 89% to classify different tex-
tures with the co-occurrence matrix (Boukir et al., 2015).

Several studies used VHR images for some tree species identification
in urbanized areas (Pu et al., 2011; Pu and Landry, 2012; Li et al., 2015;
Choudhury et al., 2020), but none focused on identifying vegetation in
both private and public lands. The structural diversity of the vegetation
in residential yards can be a good predictor of biological diversity in the
urban environment (Miiller et al. 2010). However, identifying plant
species in private areas is challenging due to i) spatial complexity in
courtyards with building and shadows presence, and ii) high plant
species diversity compared with trees in the public space such as street
trees. Previous studies have reported 60-70% of non-native species in

Study area Date Off-nadir Viewing angle (°) Sun elevation angle (°) Sun azimuth angle (°) Sat azimuth
le (° le (°
angle () Across Along angle ()
Aix 17/07/2020 23.90 15.80 18.30 62.10 136.60 179.82
Florence 30/07/2020 18.20 -17.9 -3.30 35.70 158.90 201.9
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private residential gardens in temperate cities (e.g., Smith et al. 2006;
Cilliers et al. 2012; Vila-Ruiz et al., 2014).

Trees at public roadside and green spaces have been studied, but
those in private properties were largely ignored (Cameron et al., 2012;
Zhang and Jim, 2014). Reliable information on domestic gardens is
lacking, mainly due to difficulties in acquiring systematic data (Cameron
et al., 2012, Zhang and Jim, 2014). Therefore, studying the vegetation
characteristics within private areas has become a research priority in
cities (Vila-Ruiz et al., 2014; Zhang and Jim, 2014). The aim of this
study was to assess the potential of VHR satellite images for classifying
plant species and mapping geo-located urban vegetation and

a
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greenspaces in both public and private land over two study areas in two
cities, Aix-en-Provence (France) and Florence (Italy). We developed a
object-based classification using the spectral and textural characteristics
and image segmentation for detection, delineation, and classification of
urban tree canopies and herbaceous areas. To our best knowledge, this is
the first work using VHR satellite images for detecting, extracting, and
classifying more than 20 individual dominant plant species, among
hundreds of thousands tree canopies detected in both private and public
areas, over large urban areas (50-80 km?) at high classification accuracy.
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Fig. 1. Location of both front runner cities: a) Aix-en-Provence (France) and b) Florence (Italy). The study area, covered by the satellite image (slashed red areas),

extends over 50 km? in Aix-en-Provence and 80 km? in Florence.
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2. Materials and methods
2.1. Study areas

2.1.1. Aix-en-Provence, France

Southern France is characterized by strong urbanization pressures
and increasing vulnerability to climate change (Sicard and
Dalstein-Richier, 2015). The population of Aix-en-Provence, located
near Marseille, is estimated at approximately 143,000 people over a
total surface area of 186 km?. The municipality Aix-en-Provence has a
Mediterranean climate (Koppen-Geiger classification). The mean annual
precipitation and temperature are 568 mm and 13.6 °C, respectively.

2.1.2. Florence, Italy

The municipality of Florence, capital of the Tuscany region located in
central Italy (Fig. 1), accounts for approximately 380,000 inhabitants,
and is characterized by a hot-summer Mediterranean climate (Koppen-
Geiger classification). The mean annual precipitation and temperature
are 845 mm and 15.2 °C, respectively.

2.2. Public tree inventory

Both cities have an exhaustive public trees inventory (e.g., location,
species, and age) which are maintained by the municipalities who are
responsible for watering, pruning, and monitoring tree health in general.
The municipality of Aix-en-Provence established a Tree Charter in
November 2017, i.e., a master plan to protect and develop its public tree
heritage, and to raise public awareness of the benefits provided by urban
trees. Both independent public tree inventories were mapped using QGIS
(Fig. 2) and used in this study as training samples (70% of the inventory
data) and as validation dataset (30% of the inventory data).

In 2019, the municipality of Aix-en-Provence accounts for 180 ha of
green spaces including about 31,000 inventoried public trees managed
by the municipality (Fig. 2a). The ten most abundant tree species, rep-
resenting about 75% of all inventoried public trees (Table 2S), are Celtis
australis (13.8%), Platanus acerifolia (12.3%), Pinus spp. (11.9%),
Cupressus sempervirens (9.2%), Acer spp. (6.5%), Tilia spp. (4.9%),
Sophora japonica (4.4%), Populus spp. (3.2%), Cercis siliquastrum (3.1%)
and Fraxinus angustifolia (2.8%). In the historical city center and on the
fringe, most trees grow along boulevards, squares (Platanus acerifolia,
Celtis australis), and private gardens. Seven public urban parks,
extending over 65 ha, accounts for 3,500 trees with more than 50 tree
species e.g., Pinus spp., Cedrus libani, Cupressus sempervirens, Tilia spp.,
and Cercis siliquastrum.

In 2019, the municipality of Florence accounts for 236 ha of green
spaces including about 75,700 inventoried public trees managed by the
municipality (Fig. 2b) with 115 different tree species growing in streets,
urban parks, and peri-urban forests (Pauleit et al., 2005). In the city
center, most trees grow in private gardens and public squares. The ten
most abundant tree species, representing about 65% of all inventoried
public trees (Table 2S), are Tilia x europaea (10.9%), Cupressus semper-
virens (9.7%), Celtis australis (8.9%), Quercus ilex (8.5%), Pinus pinea
(5.8%), Platanus x acerifolia (5.7%), Olea europaea (4.7%), Ulmus spp.
(4.3%), Acer campestre (2.6%) and Robinia pseudoacacia (2.3%).

2.3. Satellite-based approach

The flowchart of the procedure is shown in Fig. 3. Python, Geospatial
Data Abstraction Library (GDAL), Orfeo Toolbox (OTB) and Quantum
Geographic Information System (QGIS) were used in the post-processing
of segmentation, classification, and mapping of results.

2.3.1. Satellite image sets

Among all VHR satellites and images (Table 1S), we have selected the
images available over both municipalities (Fig. 1) in summer 2020 for
ground validation, cloud free sky condition (< 2% of the image covered
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by clouds), and with low view angle to limit the displacement of images.
Based on all criteria, we selected the WV-2 images (DigitalGlobe, USA)
acquired on 17 July 2020 in Aix-en-Provence and on 30 July 2020 in
Florence (Fig. 1S) with an off-nadir view angle of 23.90° and 18.20°,
respectively (Table 1). The WV-2 includes one panchromatic band (PAN,
450-800 nm) of 0.5 m spatial resolution and eight multispectral (MS)
bands of 2 m resolution: coastal, 401-450; blue, 450-510 nm; green,
510-580 nm; yellow, 588-627 nm; red, 630-690 nm; red-edge, 703-
743 nm; near-infrared-1, 770-890 nm; and near-infrared-2, 861-
954 nm. The images were delivered as orthorectified processing level,
including corrections for radiometric and sensor distortions. The image
had a 16-bit radiometric resolution. The images cover a 50-km? study
area over Aix-en-Provence, centered on urbanized part of the munici-
pality, and an 80-km? study area over Florence, i.e., 78% of the entire
municipality (Fig. 1).

2.3.2. Image preprocessing

First, an atmospheric correction was conducted for each satellite
image, in which the top-of-atmosphere radiance received by sensors was
converted to ground surface reflectance, to enhance spectral differen-
tiation among multiple surface components (Pu et al., 2015; Deur et al.,
2020). Both WV-2 images were calibrated by using the parameters (e.g.,
ozone, and water vapor absorption) provided by the imagery auxiliary
metadata (Kizel et al., 2017). We used the Dark Object Subtraction
technique for atmospheric scattering correction of MS data (Chavez,
1988).

Next, the MS orthorectified and radiometrically corrected images
were fused with corresponding PAN images by using a pan-sharpening
method. The pan-sharpening of lower resolution MS and higher reso-
lution PAN images is important for object detection, segmentation, and
classification (Jones et al., 2020) to improve the accuracy of
photo-analysis and feature extraction (Sarp, 2014). This pan-sharpening
approach was already used in cities (e.g., Nichol and Wong, 2007). The
high-performance pan-sharpening algorithms used in remote sensing are
the Brovey, Gram-Schmidt, and Principal Component Analysis tech-
niques (Sarp, 2014). The “weighted” Brovey algorithm was adopted in
this analysis using the processing script of the GDAL. In the Brovey
sharpening process, a pseudo-PAN intensity is computed, and each MS
pixel is multiplied by the ratio of the PAN pixel intensity over the
pseudo-PAN intensity (Bovolo et al., 2010; Sarp, 2014).

DNy
DNy + DNy + ... + DNy,

DNiyseamsi = DNpan

where DN is the digital number of that band and bi is the band of the MS
image. The pan-sharpening processing resulted in WV-2 images of 0.5 m
of spatial resolution across the full eight spectral bands (Fig. 2S) by
fusing the 2 m MS image with the 0.5 m PAN image.

2.3.3. Stepwise masking system

A stepwise masking system was performed at two levels, with
thresholding and morphological operations (Fig. 3), to increase the
relative spectral separability and improve the accuracy of plant species
mapping (Pu et al., 2008; Pu, 2011). After radiometric calibration and
pan-sharpening of WV-2 data, both study sites were separated into
vegetated and non-vegetated areas by using a pixel-based approach with
a Normalized Difference Vegetation Index (NDVI) threshold (Lefebvre
et al., 2016).

NDVI = PNIR — Pred
PNIR T Pred

where pnr1 and preq are spectral reflectance measurements acquired in
the near-infrared-1 and red (visible), respectively.

The optimal NDVI threshold was first defined from the NDVT histo-
gram and by image interpretation, and then by refining it at a £0.01 step
interval to determine the optimum threshold matching when compared
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Fig. 2. Public trees inventory (e.g., location, species) which are under the municipalities’ responsibility with the ten most common tree species in Aix-en-Provence
(a) and Florence (b).
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Fig. 3. Flowchart of the analysis procedure of identifying, delineating, and classifying urban plant species/groups with high resolution WV-2 imagery.

to reference data (Pu and Landry, 2012). For the classification, the pixels
with an NDVI above 0.40 and 0.55 were classified as vegetated areas in
Aix-en-Provence and Florence, respectively, while the pixels with a
lower NDVI were classified as non-vegetated areas (i.e., buildings,
sidewalks). Individual trees, isolated, lined-up or grouped, can be easily
detected (Fig. 3S). A morphological operation (named “erosion”) on the
vegetation mask, with a ball structuring element having three-pixel
radius, was performed to remove shadows around trees.

2.3.4. Image segmentation

An image segmentation into polygons (or objects) representing the
vegetated areas (i.e., group of pixels spatially adjacent and spectrally
similar) was performed to contour individual trees, urban forests,
shrubs, and grasses (lawn/turf). The watershed algorithm was used for
different window sizes (from 5 to 20 pixels) and different ranges of DN
(from 100 to 250 DN). Small window size (e.g., 5 pixels) and small range
of DN (e.g., 100) led to over-segmentation effects (Niccolai et al., 2010).
One the other side, using large window size and range of DN led to
under-segmentation effects (Fig. 4). The watershed algorithm was
finally used with a window size of 10 pixels and a range of 150 DN
(Fig. 4). Reproducing this kind of delineation by using an automated
segmentation algorithm is challenging but essential for an operational
large-scale application of the method. The crown delineation by
watershed segmentation is ideally suited for classification (Blaschke,
2010; Niccolai et al., 2010). Finally, spectral, and spatial features are
computed for each object to characterize textural properties of each
vegetated area, i.e., tree crown and grass bed (Pu and Cheng, 2015).

2.3.5. Texture-based features extraction

Statistical textural analysis can be used to consider the inter-spatial
relations of spectral values within pixels (Maack et al., 2015). The
co-occurrence analysis, in particular the Grey Level Co-occurence Matrix
(GLCM) method with related attributes, is widely used in remote sensing
studies (e.g., Regniers, 2014; Beguet et al., 2014; Maack et al., 2015;
Immitzer et al., 2016; Lefebvre et al., 2016). In this study, ten Haralick
texture-based attributes (Table 3S) were calculated from a GLCM for
each spectral band while keeping only vegetated areas. The selected

texture-based features have demonstrated their potential in estimating
plant traits with VHR satellite images (e.g., Regniers, 2014; Beguet et al.,
2014; Lefebvre et al., 2016; Zhou et al., 2017).

For texture feature extraction, we used the eight spectral bands,
however the attributes from four visible bands (blue, green, yellow, and
red) visually showed a texture within canopy, highlighting that they are
relevant to describe it (Fig. 5). A principal component analysis was
applied to extract the most useful texture-based attributes from both
WV-2 images (Knauer et al., 2019; Deur et al., 2020). Four Haralick
texture attributes (i.e., energy, entropy, inverse difference moment, and
Haralick correlation) appeared to be good enough describers for vege-
tation texture for all bands (Fig. 4S). Then, the mean value of each
attribute of each spectral band was extracted through segmented canopy
polygons. Finally, a vegetated area is then characterized by 16 textural
attributes (4 PS bands x 4 features).

The large view angle of the WV-2 sensor can generate an image
displacement of tree crowns leading to a possible error source for
identifying tree species (Pu and Landry, 2012). As the tree features can
be affected by, for example, image resolution and environmental con-
ditions at the time of acquisition (Beguet et al., 2014; Zhou et al., 2017),
we tested three window sizes (3x3, 5x5, 10x10) with a fixed direction
of Oo using the PAN band of the WV-2 image (Pu and Cheng, 2015). The
window size 3x 3 showed the best configuration for tree canopy texture.

2.3.6. Training and validation samples

The independent public tree inventories from both study areas were
used as ground-truth samples (Fig. 2). From each municipal tree in-
ventory, updated in July 2020, we selected dominant tree species, i.e.,
22 in Aix-en-Provence and 20 in Florence, representing respectively
91.5% and 84.2% of the total number of inventoried public trees.
Training samples were determined by the spatial join between the WV-2
imagery and the public tree inventory (Fig. 55). We also included a class
“grass” in training samples. We used 70% of the tree inventory data as
training samples for the classification algorithm, and 30% for validation
of classification. We defined 3,777 and 30,764 training samples in Aix-
en-Provence and Florence, respectively. Finally, 16 texture-based fea-
tures were extracted for each training sample and used as a reference
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Fig. 4. Tree canopy segmentation - The watershed algorithm was used with different window sizes: e.g., 10 pixels and a range of 150 digital numbers (a); 10 pixels
and a range of 100 digital numbers (b); and 20 pixels and a range of 250 digital numbers (c).

signature (Table 4S) for the object-based classification algorithm (Pu
et al., 2011; Beguet et al., 2014; Choudhury et al., 2020).

2.3.7. Object-based classification

All the texture-based features were calculated over the study areas
for 419,399 and 554,603 objects in Aix-en-Provence and Florence,
respectively. For the assignment of objects to the different classes, i.e.,
plant species classification, the Random Forest (RF) classification algo-
rithm (Breiman, 2001) was used using the reference signature (Table 4S)
calculated from training samples (Genuer et al., 2010; Immitzer et al.,
2012). Supervised RF classification is robust in separating classes by

spectral properties (e.g., Immitzer et al., 2016; Belgiu and Dragut, 2016;
Huesca et al., 2019). For each object, we retrieved the geographical
coordinates (latitude, longitude) and the final class assignment (Fig. 6,
Fig. 7).

2.3.8. Accuracy assessment

The quality of the object-based classification is evaluated through
comparison to validation data representing the truth (also called
“ground truth data™). To evaluate the results of the object-based classi-
fication, a confusion matrix was produced (Table 6S, Table 7S) and the
Users, Producers, and overall accuracies as well as the Kappa coefficient
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Fig. 5. Energy texture attribute for each band: coastal (a), blue (b), green (c), yellow (d), red (e), red-edge (f), near-infrared-1 (g), and near-infrared-2 (h).

were calculated for each class c. The procedure for accuracy measure-
ment is based on the number of individual tree crowns and herbaceous
areas assigned correctly to the different classes. The User’s Accuracy
represents class-wise accuracies from the point of view of the map user.
The User’s Accuracy provides the map user with a probability that a
particular map location of class c is also the same class c in truth. The
Producer’s Accuracy represents class-wise accuracies from the point of
view of the map maker.

Numberof correctlyclassifiedsamplesof classc
Useraccuracy =

Numberof samplesclassifiedasclassc

Numberof correctlyclassifiedsamplesof classc
Sumof sampleswithtrueclassc

Produceraccuracy =
The overall accuracy represents the proportion of correctly classified
samples (Braga et al., 2020).

Numberof correctlyclassifiedsamples
Overallaccuracy =

Numberof samples

The Kappa coefficient is generated to evaluate the accuracy of a
classification. Kappa essentially evaluates how well the classification
performed as compared to just randomly assigning values, i.e., did the
classification do better than random. The Kappa Coefficient can range
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Fig. 6. . Detection, delineation, and classification of urban vegetation over the study area in Aix-en-Provence (top, 50 km?) and a zoom over the south-east part of the
study area (bottom).
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Fig. 7. Detection, delineation, and classification of urban vegetation over the study area in Florence: a zoom over the city center (top) and over the east part of the

study area (bottom).

from -1 to 1. A value close to 1 indicates that the classification is
significantly better than random (Braga et al., 2020).

p_Po—re
1 —pe

where p, represents the actual observed agreement, and p, represents
chance agreement.
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3. Results and discussion

In the present study, given the very-high spatial and spectral reso-
lutions (e.g., PAN band at < 0.5 m resolution) and additional bands, we
examined the suitability of WV-2 satellite imagery to identify urban
vegetation in both private and public areas, and map the green cover by
differentiating woody and herbaceous components over two large study
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areas in Aix-en-Provence and Florence. The images are of excellent
quality, i.e., < 2% of the area is covered by clouds or haze. A pan-
sharpening approach and stepwise masking protocol from WV-2 imag-
ery were used to separate vegetated and non-vegetated areas, tree, and
non-tree canopy, over the study areas prior to tree species mapping. The
shadows of the trees, but also the shadows of the objects (e.g., buildings)
were correctly removed in particular within residential yards. Then, we
performed a MS procedure of object-based classification using RF clas-
sifier with different textural features extracted from tree canopy and
grassland (lawn/turf) to identify and map dominant types of vegetation.
As the NDVI of grass can be similar (or nearby) NDVI of a tree crown, the
textural feature was effective in separating the tree canopies from grass/
lawn.

The municipal tree inventories, based on field observations and
mapped in a GIS, include only public trees managed by the municipality
which represent e.g., about 7-14% of the total number of tree canopies
detected in both public and private areas over the study areas in Flor-
ence (549,416 tree canopies detected and classified) and Aix-en-
Provence (413,895 tree canopies detected and classified), respectively
(Table 2, Table 3). Over both study areas, we also detected 1,157 and
5,438 herbaceous areas in Florence and Aix-en-Provence, respectively.
The number of canopies not classified is very low, i.e., 66 out of 419,399
canopies were not classified in Aix-en-Provence (< 0.02%) and 4,030
out of 554,603 canopies in Florence (< 0.7%). In both study areas, about
85% of detected and classified tree canopies are in private lands. To

Table 2
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date, city authorities use the inventory of trees in public areas, without
access to the trees in private areas, to establish urban greening programs
and carbon footprint. For the record, public officers are forbidden to
enter in private and residential areas without formal authorization of
owners, or without a search warrant. Such hindrance is unacceptable for
a complete diagnosis of the carbon footprint, and precise calculation of
the greenhouses gases and air pollutants absorbed by the urban trees; it
hampers the development of a suitable and fit-for-purpose reforestation
plan.

In Aix-en-Provence, the total canopy cover of most common tree
species (Fig. 6, Table 2) are: Pinus spp. (~ 487 ha), Celtis australis (~
374 ha), Platanus acerifolia (~ 370 ha), Acer spp. (~ 265 ha), Cupressus
sempervirens (~ 124 ha), Sophora japonica (~ 54 ha), Fraxinus spp. (~
41 ha), Cercis siliquastrum (~ 14 ha), Populus spp. (~ 8 ha), and Tilia spp.
(~ 7 ha). In addition, the grass (lawn/turf) covers about 152 ha. The
vegetated areas (trees and grass, Fig. 6S) cover 39.6% of the total WV-2
image area (i.e., 50 km?) and this image area is 26.9% of the total city
area. The overall accuracy for classifying 22 tree species and grass was
around 84% with Kappa = 0.82 (Table 2). The producer’s accuracies
ranged from 55.6% (Tamarix tetrandra) to 96.1% (Tilia spp.). High
classification accuracy (UA > 90%) was obtained for Pinus spp. (94.3%),
Platanus acerifolia (93.6%), Grass (92.3%), Sophora japonica (91.8%),
and Cupressus sempervirens (90.0%). The lowest classification accuracy
(UA < 55%) was obtained for Ulmus spp. (54.1%) and Quercus spp.
(46.6%).

Results of accuracy of object-based classification performed from 3,777 training samples over the study area in Aix-en-Provence (50 km?) based on four visible bands
and four Haralick texture attributes: Number of tree canopies / herbaceous areas detected, Coverage (hectare), Kappa coefficient (k), producer accuracy (%), user
accuracy (%), and overall accuracy (%) for 22 plant species and grass (lawn/turf) representing 91.5% of the total number of public trees inventoried in the municipal
tree inventory. The ten most common tree species, accounting for about 75% of all public trees, are in bold.

Plant species Number of tree canopies / grass areas classified

Coverage (ha)

No. of training samples  Producer accuracy (%)  User accuracy (%)

Acer spp. ! 53,937 264.90 372 76.4 89.1
Aesculus hippocastanum 157 3.37 51 87.8 81.8
Ailanthus altissima 70 0.82 35 65.7 74.2
Cedrus spp. % 800 7.20 54 87.3 73.8
Celtis australis 104,625 373.73 381 84.1 82.1
Cercis siliquastrum 1,768 14.06 91 77.5 56.2
Cupressus sempervirens 38,761 124.21 343 81.2 90.0
Fraxinus spp. ° 2,407 40.94 125 74.9 72.0
Gleditsia triacanthos 6,283 51.76 117 84.2 84.3
Laurus nobilis 11 0.26 15 64.7 85.7
Ligustrum japonicum 26 0.28 35 82.4 59.2
Morus nigra 801 7.26 115 73.2 85.0
Pinus spp. 106,835 487.25 547 78.7 94.3
4
Platanus acerifolia 74,088 369.87 795 89.0 93.6
Populus spp. 701 8.37 75 86.8 61.1
5
Prunus cerasifera 204 4.27 57 90.0 64.6
Quercus spp. 87 5.91 32 83.9 46.6
6
Robinia pseudoacacia 65 0.75 38 90.6 62.5
Sophora japonica 18,520 54.40 287 84.0 91.8
Tamarix tetrandra 184 2.01 18 55.6 83.3
Tilia spp. 7 3,370 7.14 75 96.1 74.5
Ulmus spp. & 195 0.78 27 70.8 54.1
Grass 5,438 151.67 92 91.3 92.3
Not classified 66 0.70
Total 419,399 1981.91 3,777
Kappa coefficient (k) 0.82
Overall accuracy (%) 84.3
Green cover (%) 39.6

1 Acer campestre, A. platanoides.

2 Cedrus atlantica, C. deodara, C. libani.
8 Fraxinus angustifolia, F. excelsior.

4 Pinus halepensis, P. pinaster, P. pinea.

5 Populus nigra, P. alba.

6 Quercus ilex, Q. pubescens, Q. cerris.
7 Tilia cordata, T. platyphyllos.
8 Ulmus campestris, U. minor.

11
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Table 3
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Results of accuracy of object-based classification performed from 30,764 training samples over the study area in Florence (80 km?) based on four visible bands and four
Haralick texture attributes: Number of detected tree canopies / herbaceous areas, Coverage (hectare), Kappa coefficient (k), producer accuracy (%), user accuracy (%),
and overall accuracy (%) for 20 plant species and grass (lawn/turf) representing 84.2% of the total number of public trees inventoried in the municipal tree inventory.
The ten most common tree species, accounting for approximately 65% of all public trees, are in bold.

Plant species Number of tree canopies / grass areas

Canopy cover

No. of training Producer accuracy User accuracy (%)

classified (ha) samples (%)
Acer spp. ! 11,018 61.53 1,239 99.0 72.6
Aesculus hippocastanum 774 4.20 323 99.1 65.7
Ailanthus altissima 272 1.01 81 100 71.1
Cedrus spp. 2 3,768 17.93 726 100 85.6
Celtis australis 107,677 337.93 5,227 66.3 91.4
Cercis siliquastrum 717 2.94 233 100 76.9
Cupressus 54,403 175.75 1,828 97.8 91.8
sempervirens
Fraxinus spp. ° 2,652 20.46 672 99.6 72.8
Ligustrum spp. 1,034 3.22 397 99.7 80.3
4
Magnolia grandiflora 102 0.67 32 96.9 63.3
Olea europaea 22,462 87.67 1,172 76.5 67.5
Pinus spp. 39,723 277.70 2,033 94.7 89.6
5
Platanus acerifolia 23,456 89.65 2,443 99.0 85.7
Populus spp. 7,402 43.34 952 99.2 79.5
6
Prunus spp. 7 1,702 6.63 544 99.6 71.3
Quercus spp. 8 155,019 727.94 6,169 62.7 90.4
Robinia pseudoacacia 1,106 8.65 563 100 67.2
Tilia europaea 104,234 492.51 4,836 91.0 88.1
Ulmus spp. ° 11,895 47.47 1,283 88.1 64.7
Grass 1,157 1.94 11 100 52.4
Not classified 4,030 18.66
Total 554,603 2427.16 30,764
Kappa coefficient (k) 0.80
Overall accuracy (%) 83.2
Green cover (%) 30.3

1 Acer campestre, A. negundo, A. platanoides.
2 Cedrus atlantica, C. deodara.

3 Fraxinus angustifolia, F. excelsior.

4 Ligustrum japonicum, L. lucidum.

5 Pinus pinea, P. nigra.

6 Populus canescens, P. nigra, P. alba.

7 Prunus cerasifera, P. avium.

8 Quercus ilex, Q. robur, Q. rubra.

9 Ulmus campestris, U. minor.

In Florence, the total canopy cover of most common tree species
(Fig. 7, Table 3) are: Quercus spp. (~ 728 ha), Tilia europaea (~ 492 ha),
Celtis australis (~ 338 ha), Pinus spp. (~ 278 ha), Cupressus sempervirens
(~ 176 ha), Platanus acerifolia (~ 90 ha), Olea europaea (~ 88 ha), and
Acer spp. (—~ 61 ha). The grass covers about 2 ha, this low surface area is
likely due to dry conditions during satellite image acquisition (30 July
2020), when the grass is less green, and the NDVI masking did not class
the pixels as vegetated areas. The vegetated areas cover 30.3% of the
total WV-2 image area (i.e., 80 km?) and this image area is 78.4% of the
total city area. In this study, for classifying 20 tree species and grass, the
overall accuracy was around 83% with Kappa = 0.80 (Table 3). The
Producer’s Accuracies ranged from 62.7% (Quercus spp.) to 100% for
several species (Ailanthus altissima, Cedrus spp., Cercis siliquastrum,
Magnolia grandiflora, Robinia pseudoacacia, and grass). High classifica-
tion accuracy (UA > 90%) was obtained for Cupressus sempervirens
(91.8%), Celtis australis (91.4%), and Quercus spp. (90.4%). The lowest
classification accuracy was obtained for grass (52.4%), and for Magnolia
grandiflora (63.3%) and Ulmus spp. (64.7%).

The calculation of attributes from the additional WV-2 bands
improved the overall accuracy for identifying plant species, e.g., from
58% to 63% for seven tree species (Pu and Landry, 2012). In this study,
the quality and accuracy of the object-based classification was higher
(Table 55) by using four bands and four texture features (overall accu-
racy 84%, Kappa 0.82) than eight bands and ten texture features (overall
accuracy 74%, Kappa 0.72), when we classified more than 20 dominant
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plant species. Therefore, we used four spectral bands (blue, green, yel-
low, red), and four texture features (i.e., energy, entropy, inverse dif-
ference moment, Haralick correlation) which were selected as the most
efficient texture-based attributes for plant species classification from
WV-2 images. By including the four additional WV-2 bands (coastal,
yellow, red edge, and near infrared 2) in the set of explanatory variables,
the number of variables used in the classification is doubled. From this,
we expected a strong effect on classification accuracy while in our study,
a negative effect on classification accuracy was observed, and can be
explained by the pairwise band correlations (Immitzer et al., 2012).
Adding four new bands to the four standard bands introduced a lot of
redundant information and unvaluable information to descriptors vari-
ables for machine learning and therefore reduce the classification ac-
curacy. From this, we concluded that the additional bands play only a
minor part in urban plant species classification. Immitzer et al. (2012)
deeply investigated all four-band combinations, and the best classifica-
tion results were obtained with band combinations including at least
three standard bands.

The lowest classification accuracy is mainly due the low number of
training samples, e.g., for Quercus spp. and Ulmus spp. in Aix-en-
Provence, and grass and Magnolia grandifiora in Florence. For these
tree species it was difficult to find reliable reference samples in urban
settings, as they usually do not occur in pure stands. Some of mis-
classifications are likely due to errors in the reference data set. Hartling
et al. (2019) have tested the effect of the number training samples on
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classifier performance and have suggested to select tree species with
more than 100 ground truth samples collected within the study area.
The low classification accuracy can be also due to the small crown
diameter (< 3 m) and/or varying reflectance of canopies, and their
background, such as understory and soil. Previously, the WV-2 spatial
resolution was also insufficient to capture all pixels of the whole
Magnolia crown (Pu and Landry, 2012). Due to similar geometric and
physiognomic characteristics, the leaves and canopies of Quercus spp.
produced a similar spectral signature across wavelengths 400-2400 nm
(Pu, 2009). For the same tree species, variations in the reflectance
within the canopy can be due to soil characteristics (Key et al., 1998),
age differences between leaves within the crown (Blackburn and Milton,
1995), and many other environmental factors (Pu, 2009).

The object-oriented image analysis, based on spectral and textural
attributes from WorldView-3 (WV-3) images, was applied for urban tree
species identification and mapping in Northern Italy (Choudhury et al.,
2020). Due to spectral similarities, they detected four tree species in an
urban park (Acer campestre; Platanus spp.; Populus nigra; Quercus spp.)
and three species in some streets (Platanus spp.; Quercus spp., Tilia pla-
typhyllos). The overall accuracy was 78%, with UA ranging from 52% for
Tilia platyphylios to 97% for Platanus spp. in the streets (Choudhury et al.,
2020). In our study, these tree species were classified at city scale in
Florence, center of Italy, with a higher overall accuracy of 83%. We
obtained similar UA for Populus sp. (~79%), higher UA for Platanus spp.
in parks (86% vs. 73%), for Tilia platyphyllos (88% vs. 52%), and Quercus
spp. in the streets (90% vs. 55%), while lower UA were obtained for Acer
campestre (73% vs. 81%) and Platanus spp. in the streets (86% vs. 97%).
Li et al. (2015) used WV-2 images for identifying five tree species
(Paulownia tomentosa, Populus tomentosa, Sophora Japonica, Ginkgo biloba
and Platanus acerifolia) with the object-based RF classifier in two study
areas in Beijing (China). The overall accuracy was 77% in Capital
Normal University and of 71% in Beijing Normal University (Li et al.,
2015). In Aix-en-Provence and Florence, we obtained higher UA for
Sophora Japonica (92% vs. 60-73%) and Platanus acerifolia (86-94% vs.
80%) and quite similar for Populus spp. (61-80 vs. 81-70%). Pu and
Landry (2012) investigated the potential of WV-2 images for mapping
seven urban tree species (C. camphora, M. grandiflora, Q. geminata, Q.
laurifolia, Q. virginiana, Palmae sp., and Pinus sp.) over a study area in the
city of Tampa (United States). By using the sunlit training samples, the
overall accuracy was low (57%) mainly due to similar characteristics of
leaves and canopies and similar spectral signature of oak species (Pu and
Landry, 2012). Both Palmae sp. and M. grandiflora produced a very low
accuracy (< 35%). In our study, a higher overall accuracy was obtained
in both urban areas (over 83%) as well as higher UA for Pinus spp.
(90-94% vs. 86%), for Quercus spp. (47-90% vs. 51-75%), and
M. grandiflora (63% vs. 36%).

Tigges et al. (2013) explored the identification of eight tree species
(Acer sp., Aesculus sp., Fagus sylvatica, Pinus sylvestris, Platanus spp.,
Populus sp., Quercus sp., and Tilia sp.) in some streets in Berlin (Ger-
many) using RapidEye imagery, with an overall accuracy of 85%, similar
to our study. In our study, we obtained similar UA for Acer sp. (73-89%
vs. 86%), Pinus sp. (90-94% vs. 99%), Platanus spp. (86-94% vs. 93%),
Quercus spp. (47-90% vs. 66%), and Tilia sp. (74-88% vs. 78%), and
lower UA for Aesculus sp. (66-82% vs. 99%) and Populus sp. (61-80% vs.
88%). Pu et al. (2011) identified five types of vegetation from IKONOS
imagery within the City of Tampa. The class-specific accuracies are
similar to our UA, i.e., about 90% for broadleaf trees, while they re-
ported 74% for grass/lawn (Pu et al., 2011) much lower than the UA
calculated in Aix-en-Provence (UA = 92%). Ke et al. (2010) used
object-based approach with QuickBird imagery to classify trees into 5
categories with a low overall accuracy of 66% over a study area nearby
New York.

4. Conclusions

Green spaces within private areas provide important contributions to
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the sustainability of urban systems. Despite that private areas occupy a
large proportion of cities; domestic gardens and private areas are seldom
included in the development and management of urban greening pro-
grams by local authorities to generate and sustain urban biodiversity
while the trees in private areas amount to about 85% of the trees’
population in cities. For urban climate change resilience, it is essential to
identify the dominant tree species and map the canopy cover in both
public and private areas to quantify the environmental benefits of urban
trees e.g., air pollution and carbon mitigation, islands of freshness, but
also socio-economic benefits (e.g., physical, mental, and social well-
being).

In forestry and city-planning, the detection of individual tree crown,
and investigating the trees characteristics and diversity within private
areas, from VHR imagery is a challenging field of research to make a
realistic inventory of urban trees and quantitative analysis. Compared
with street trees in public areas, acquisition of reliable information on
trees characteristics in private land and courtyards is lacking mainly due
to access restrictions, complex spatial structure and landscape patterns,
with building and shadows presence, and high plant species diversity in
private residential gardens (lots of non-native ornamental species).

In this study, a object-based classification was applied for detecting,
delineating, and identifying plant species in urban areas from very-high
resolution image (i.e., WorldView). The methodology consisted of six
steps: 1) Preprocessing of the WV-2 imagery; 2) Stepwise masking sys-
tem using the threshold of NDVI to separate the study area into vege-
tated and non-vegetated areas; 3) Image segmentation into polygons
representing each vegetated area (tree crown and grass); 4) Texture-
based features extraction from a GLCM; 5) Extracting training samples
with references to ground survey data; and 6) using RF classifier to
identify and map urban plant species. Based on spectral and textural
differences between vegetated and non-vegetated areas, and between
herbaceous areas (lawn/turf) and tree canopies, all tree species were
classified.

We demonstrated the robustness and effectiveness of satellite im-
agery at very-high spectral and spatial resolution, such as WV-2 (50 cm
in PAN, 2 m in MS mode), for identifying, delineating, and classifying
more than 20 dominant plant species and herbaceous areas in urban
environment such as roads, parks, and open courtyards in private areas
over two large cities (50-80 km?) in France and Italy with an overall
accuracy for classifying tree species over 83%. In both study areas, about
420,000 and 555,000 canopies were successfully classified in Aix-en-
Provence and Florence with about 85% in private lands and not under
municipalities supervision.

High classification accuracy was obtained for Pinus spp. (94.3%),
Platanus acerifolia (93.6%), grass (92.3%), and Sophora japonica (91.8%)
in Aix-en-Provence, and for Cupressus sempervirens (91.8%), Celtis aus-
tralis (91.4%), Quercus spp. (90.4%), and Pinus spp. (89.6%) in Florence.
The relatively high classification accuracies are mainly due to the
spectral and spatial properties of the WV-2 sensor, suitable for plant
species classification, as well as suitability of tree crown spectral and
textural descriptors, and a consistent learning and test datasets. Due to
spatial proximity between tree canopies along boulevard, in parks and
cemeteries, the crown segmentation step is fundamental to overcome
the most challenging part of tree species classification in urban envi-
ronment. The classification of crown objects, as an average over a couple
of pixels, rather than individual pixels captures species-specific differ-
ences in crown structure and transmissivity in various spectral bands. By
focusing on dominant tree species, and by considering the sunlit regions
of the tree crowns in the classification process, have contributed to high
classification accuracies. The low accuracy for identifying some urban
tree species e.g., Quercus spp. and Magnolia grandiflora is likely due to i)
the low number of training sample available for the species from mu-
nicipality tree inventories; and ii) to canopy spectral similarity among
tree species. Large sample size per class, with more than 100 ground
truth samples, certainly had a positive impact on the overall classifica-
tion results.
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Accurate data on tree distribution, tree species and structural char-
acteristics of trees within the city are currently obtained by visual field
observations, which are costly and time-consuming (e.g., in Aix-en-
Provence with about 5,000 trees per km?, it would take around
1,000 hours of field investigation, i.e., more than 0.5 man per year per
km?). The use of remote sensing techniques for urban tree species
mapping ensures significant time savings compared to the traditional
tree observations within a territory. With our approach a full tree in-
ventory mapped in a GIS, gathering all dominant trees in both private
and public areas, can be provided to municipalities to implement an
efficient Urban Greening Plan in the framework of the EU Biodiversity
Strategy for 2030 (for cities of at least 20,000 inhabitants) and to assess
their Carbon footprint at city scale. Such a quick inventory technique has
the potential to be frequently repeated to monitor changes over time.

This study provided a strong baseline to proceed with classification
and mapping of plant species in urban areas by use of remote sensing
techniques to compliment not replace the traditional methods and to
take into account private lands green infrastructures in the inventory of
tree heritage in cities. The proposed methodology is an efficient tool to
assist urban planners and environmental policymakers in planning
suitable greening strategies and urban air quality assessments.
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