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Abstract 

 
Recently, severe intensification of atmospheric carbon recognizes the importance of urban 
tree contributions in atmospheric carbon mitigation in city areas considering a sustainable 
urban green planning and management system. Explicit and timely information on urban 
trees and their roles in atmospheric Carbon Stock (CS) are essential for the policymakers to 
take immediate actions to recover the effects of deforestation and their worsening 
outcomes. This doctoral study will be a way out for the policymakers in CS mapping for 
the dominant tree species in their cities based on Remote Sensing (RS) data sources. The 
mapping approach could be a useful tool especially for developing countries, where 
hyperspectral data could be a better solution over the hardly available LiDAR data. In this 
study, a detailed methodology on the urban tree CS calibration and mapping was done for 
two urban areas one of which was in Sassuolo (MO), a smaller city in Italy. The other one 
was conducted in the capital region of Belgium (Brussels), where also the comparative 
analysis of the two different remote sensing data sources (LiDAR and WorldView 3 
(WV3)) and their mapping outcomes were assessed to define the convenience and 
applicability of the data sources. In Sassuolo, CS mapping was done utilizing only the WV3 
image data for a smaller study area of 22 plots (10m×10m each) where the 7 plots were 
utilized to validate the results of tree species classification and the CS calibration and 
mapping. Later in Brussels, the approach was implied for a larger study area of 75 plots 
(10m×10m each) where 20 plots were utilized for the validation of CS calibration and 
mapping outcomes. In all cases, either in Sassuolo or in Brussels, dominant tree species 
were identified and classified utilizing the high-resolution WV3 image. The Object-Based 
Image Analysis (OBIA) classification approach was successfully employed to attain the 
overall accuracy of 78% and 71% for the tree species in Sassuolo and Brussels respectively. 
The field estimations of CS for each plot were done utilizing an allometric model based on 
the field data on tree dendrometry i.e. Height (H) and Diameter at Breast Height (DBH). 
Later the computed CS based on the field data along with the WV3 (NDVI) and LiDAR 
(CHM) data derived variables, had been mapped in QGIS. The results were found quite 
evident for both cities which did approve the approach as an efficient and convenient way 
of mapping, certainly recognizing the dominant tree species contributions in atmospheric 
CS. No doubt, this study will assist the city planners to understand and decide the 
applicability of remote sensing data sources based on their availability and the level of 
expediency, ensuring a sustainable urban green management system.      
 
 
 
(ITALIAN) 

Recentemente, Negli ultimi anni, il preoccupante incremento del contributo del carbonio 
atmosferico al cambio climatico ha sollevato con forza il dibattito. In area urbana, le misure 
di mitigazione si stanno concentrando, tra le altre, sul ruolo delle infrastrutture verdi. In 
particolare, gli approcci improntati a sistemi di pianificazione e gestione del verde urbano 
sostenibili sembrano essere promettenti. Informazioni esplicite e tempestive sulla 
composizione strutturale e funzionale delle infrastrutture verdi e sulle singole strutture o 
aggregati di alberi urbani, in merito al loro ruolo nella cattura del carbonio atmosferico 
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(CS), sono essenziali affinché i responsabili delle amministrazioni locali adottino azioni 
immediate per mitigare il peggioramento dell’impatto delle attività antropiche. 
In questo studio, è stata adottata una metodologia dettagliata per la calibrazione e 
mappatura del CS delle alberature in due aree urbane. Uno studio  è stato condotto a 
Sassuolo (MO), una città italiana di dimensioni medie. L'altro, è stato condotto nella 
regione della capitale del Belgio (Bruxelles), dove sono state anche valutate ed analizzate in 
modo comparativo le due diverse fonti di dati di telerilevamento (LiDAR e WorldView 3 
(WV3)) ed i rispettivi risultati di mappatura. A Sassuolo, la mappatura del CS è stata 
eseguita utilizzando solo dati da immagini WV3 per un'area di studio alla scala locale di 
dettaglio. In particolare, alla scala di parco urbano, sono state selezionate 22 parcelle (10 m 
× 10 m ciascuna) di cui 7 per la validazione dei risultati della classificazione delle specie 
arboree e della calibrazione e mappatura del CS. In un secondo esperimento, a Bruxelles, 
l'approccio è stato replicato per un'area di studio più ampia, alla scala di città metropolitana. 
In questo caso, 75 parcelle (10 m × 10 m ciascuna) sono state utilizzate, di cui 20 per la 
convalida della calibrazione dei risultati della mappatura del CS. In entrambi i casi,  sia a 
Sassuolo sia a Bruxelles, le specie arboree dominanti sono state identificate e classificate 
utilizzando immagini WV3 ad alta risoluzione. L'approccio di classificazione OBIA 
(Object-Based Image Analysis) è stato impiegato con successo ottenendo una precisione 
complessiva (Overall Accuracy) del 78% e del 71%, rispettivamente, per le relative specie 
arboree. Le stime del CS per ciascun caso sono state computate, a livello del singolo plot, 
utilizzando un modello allometrico basato su dati dendrometrici rilevati in campo, ad 
esempio altezza della pianta (H) e diametro del fusto all'altezza del petto (DBH). 
Successivamente il CS calcolato in base ai dati dicampo, insieme alle variabili derivate 
dall’elaborazione dei dati WV3 (NDVI) e LiDAR (CHM), sono stati mappati usando il 
sistema informativo geografico QGIS. I risultati ottenuti per entrambe le città hanno 
permesso di validare l'approccio, quale metodo efficiente e conveniente per mappare alla 
scala urbana, sia media che metropolitana, il contributo delle specie arboree dominanti nella 
cattura del carbonio atmosferico (CS). Questo studio aiuterà sicuramente urbanisti e 
pianificatori a meglio comprendere e meglio progettare la pianificazione delle infrastrutture 
verdi urbane, basandosi su dati provenienti da fonti telerilevate da remoto, e ove possibile 
prossimali, in base alla loro disponibilità ed al livello di opportunità, al fine di 
implementare un sistema sostenibile di gestione del verde urbano. 
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Chapter 1. 

 

Introduction 
 
In recent decades, ceaseless urbanization and intensifying global warming have led to 
increased levels of atmospheric carbon in urban areas. For city planners and researchers, 
understanding the contribution of trees in mitigating atmospheric carbon in urban areas has 
become one of the paramount concerns. The planning and management of urban parks and 
trees to decelerate the worsening impacts of severe carbon emissions have been explored in 
many different studies [1–7]. For instance, empirical research found that the mean 
aboveground urban tree carbon stock (dry biomass) across the Seattle urbanizing region 
was 89 ± 22 Mg C/ha, which is a significant quantity considering the severe atmospheric 
carbon in city areas [8,9]. Thus, there is now a growing need to study urban green 
infrastructures and characterize tree species in response to Carbon Storage (CS) variations 
and their future impacts. Moreover, it is essential to identify the dominant species and their 
CS potential to ensure environmental equity associated with the resulting ecological 
benefits [10–12]. Traditionally, information and studies on urban tree structures have used 
random field sampling and visual interpretation via aerial photos, which are generally 
expensive, labor intensive, and time-consuming processes and are typically unable to cover 
a larger area of interest [12–15]. Nevertheless, research on urban tree features, such as their 
identification, classification, and CS mapping, faces challenges due to the use of non-
uniform and multifunctional approaches and a lack of relevant information [12,16]. 
 
Recently, Remote Sensing (RS), improved with its latest features (i.e., hyperspectral 
imagery and high spatial resolution satellite imagery) being introduced as efficient 
observational and analytical tools, ensuring a robust and easily adaptable means to analyze 
and identify characteristic vegetation information. Moreover, remote sensing approaches 
coupled with GIS (Geographic Information Systems) are very useful tools to investigate 
large areas with reduced time and cost. Tree features, such as their structures (i.e., Height 
(H), biomass, leaf area, and stems), contributions (i.e., ecological benefits), and 
arrangements (species abundance and variability) have been identified, classified, and 
mapped by successfully utilizing remote sensing tools [12,17–22]. Satellite remote sensing 
has been widely used for tree species identification and classification over the last few 
decades [23–30]. Even in the case of urban trees, high spatial resolution satellite imagery 
has been utilized to identify the species along with the individual tree crown extraction 
[31,32,41,33–40]. However, the classification of urban tree canopy types and species 
utilizing high spatial resolution satellite imagery faces challenges in urban areas due to their 
higher urban surface cover heterogeneity, frequent shaded areas of trees and buildings, and 
the complexity of urban forests compared to natural and planted forests [23,42–46]. 
Besides, there are also a whole lot of convincing applications of LiDAR-based calibration 
of the tree CS utilizing the individual tree metrics (i.e.[47–55]). On the other hand, much 
less evidence is available so far in the case of the calibration of CS of the urban trees 
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utilizing only the multispectral satellite data; in Iskandar Malaysia, the CS calibration was 
done based on the WorldView-2 remote sensing data [56]. Despite all these existing 
methodologies have been already introduced, it is yet a crucial concern to dig out the most 
convenient and compatible ways to map and predict the urban tree CS in a typical city area. 
A method could be considered convenient in various ways such as its application, time 
consumption as well as execution expenses. Even LiDAR application is the most 
acceptable and widely reliable, it is still expensive and hardly cost-effective for the greater 
part of the world. That is why, it would be a timely consideration to analyze the utilization 
of the multispectral satellite data (i.e. Sentinel-2, WorldView-2/3, or Landsat imagery) 
regarding CS computation possibilities of the trees in an urban area. Here, this doctoral 
research has been done to introduce an approach to compare different methodologies 
regarding the estimation of the urban tree biomass as well as the prediction of the possible 
Carbon Stock (CS) based on the field estimation and mapping utilizing the remote sensing 
tools in different typical urbanized areas i.e. Sassuolo in Italy as well as in Brussels, 
Belgium. The main goal of the study is the mapping of the urban tree Carbon Stock (CS) 
based on field measurements and the application of the Remote Sensing (RS) tools 
considering the followings: 
 
 -A comparative analysis of the application of two different RS tools (i.e. LiDAR & WV3 
image data) regarding CS mapping in the same and/or the different urban area; 
 
-Recommending a way out in the case of CS mapping for the policymakers involving urban 
green management covering a whole city area. 
 
The general idea was to introduce an efficient mapping approach considering the complex 
urban environment, which will initiate better scopes for the city authority to identify and 
monitor possible Ecosystem Services (ES) (i.e. CS, canopy-shaded area, etc.) for the 
dominant tree populations. It is certainly a fact that a tree species map covering a city area 
with better accuracy is never that much conveniently available. And so urban green 
planners and researchers must rely on a general urban land cover or vegetation map [57], 
which leads to a time-consuming and complex approach of mapping any of the ES. For our 
approach, we have decided to estimate and map CS in urban areas for the existent dominant 
species considering the tree stand above-ground biomass. At the earlier stage, the mapping 
methodology was tested in the case of a smaller city area in Sassuolo, Italy. Considering the 
CS mapping, the high-resolution WV3 image was utilized for classification and 
identification of the tree species which had been done as a pre-requisite for the species-
based CS mapping. Later the estimated CS for the dominant tree species has been 
completed resulting in a quite authentic map in Sassuolo [58]. However, to find out the 
efficacy and convenience of the approach in the case of a larger urban area, the CS mapping 
approach has been utilized in Brussels, Belgium. Insisting on time consumption and cost-
effectiveness, a comparative analysis of the mapping outcomes has been illustrated in 
Brussels where the hyperspectral WV3 image and LiDAR data were available for a similar 
study area. For the dominant tree species, CS mapping outcomes have been discussed and 
assessed through a regression analysis among all the Field values and QGIS computations.  
This mapping approach won’t be only an efficient tool in CS mapping but to assist urban 
planners to ensure the proper utilization of the available green space considering other 
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valuable prospects of tree species mapping in a complex city environment. Moreover, this 
study highlights that accurate tree CS mapping is crucial for estimating and identifying the 
dominant species contributing a significant level of atmospheric CS, which will certainly be 
a huge support for the urban planners and environmental policymakers in planning further 
urban air quality assessments. Nevertheless, this doctoral research will contribute to a better 
understanding of the methodology in mapping structural and functional properties, such as 
tree CS, as well as predicting the possible urban CS in typical city areas.  
 
 
 
 
 



 4 

 

Chapter 2. 

 

Literature Review 

 
The world has been experiencing fast-flowing and heedless urbanization for the last few 
decades. Currently, more than half of the earth’s population lives in urban areas, and by 
2050, 66 percent will be city dwellers [59]. Overexploitation of environmental resources for 
the huge population is truly puffing up the vulnerability of the urban dwellers to natural 
hazards. An efficient and climate-smart urban planning could be the time being and 
expeditious solution. Conservation and expansion of existing urban and peri-urban 
vegetation are some of the most effective factors of green urban planning. Green 
infrastructures, as well as urban vegetations, have a significant impact on the urban climate 
adaption strategy. Considering climate-smart urban planning strategies, various approaches 
based on advanced technologies have been implemented to assess the contributions of 
Urban vegetation especially the trees in the parks and streets. Long-term studies of urban 
vegetations first began in the U.S. a half-century ago. In the mid-1960s the Street Tree 
Evaluation Project began evaluating street tree species in five Ohio cities [60]. An 
assessment of urban forests completed by the City of London showed that the 8 million 
trees in the urban area produce annual benefits of about £132 million, mostly related to the 
removal of air pollution, and they have an amenity value estimated at £43 billion [61,62]. 
Ecosystem Services (ES) provided by the Urban vegetation particularly important in 
adaptive urban planning, as some benefits crucial for human wellbeing are locally derived, 
such as rainwater drainage, microclimate regulation, improvement of air quality through 
pollution removal, noise reduction, and recreation [63]. That is why urban trees and their 
potential to contribute to human wellbeing in cities are being increasingly acknowledged 
[64,65]. As the urban trees are solely responsible for the ES of a city, evaluation of their 
roles in atmospheric CS is one of the prime concerns in respect of climate-smart urban 
planning. Therefore, it is now a growing need to look for a convenient approach to 
understand the role of urban trees not only for an efficient urban green management system 
but also for ensuring the best utilization of the available urban green spaces.  
 
Trees in city streets and parks are now being recognized as a key tool against the egregious 
impacts of continuous greenspace destruction facing an increased rate of atmospheric 
carbon concentrations [66–69]. Because they sequester atmospheric carbon during the 
whole growth process and at the same time delay the adverse effects of climate change 
contributing to the accumulation of carbon in the soil [2,70,71]. Studies found that the total 
yearly reduction in carbon emission can be up to 18 kg/tree in urban areas [56,72,73], 
which clearly brings out the importance of planting trees along with having an efficient tree 
management policy, especially in a complex city environment. 
Through photosynthesis, trees have a direct impact on atmospheric CO₂ fixation, but in 
urban areas, the process is quite fitful due to tree health issues. As it is well known that the 
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well-grown trees store far more carbon than the poorly grown ones, it is a huge challenge 
for the city arborists and policymakers to maintain and preserve mature trees, 
reforestations, or tree replacements if so as required as well. That is why an efficient and 
timewise monitoring approach is essential to introduce an adequate urban tree management 
system [57,74].  And an effective monitoring system could be ensured utilizing an accurate 
and convenient species-based CS mapping approach. Most of the CS calibration and 
predictive models are based on the estimation of Above Ground Biomass (AGB) 
production [73,75–79] which is considered to be mostly responsible for the atmospheric CS 
[71,80–82]. Currently, Remote Sensing (RS) based intelligent mapping has been implied as 
an influential approach in monitoring functional and structural urban tree features [83–90]. 
However, optical RS is unable to estimate the AGB production of trees directly [71,91,92], 
so many a time studies have been done based on integrating the field estimation with the 
advanced RS approach [71,93–98]. For instance, in the case of this study, two high-
resolution WorldView 3 (WV3) images of two different cities, have been successfully 
utilized to classify the dominant tree species, which also have been found useful for further 
CS mapping [58]. 
 
In fact, spatially extracted information on tree species over large areas are so significant to 
understand the roles of the species for example concerning ecosystem functions and 
services [99–101]. Over the last few decades, RS-based classification of tree species has 
been widely utilized either in the case of the mapping specific species-based ES outcomes 
(i.e. [58]), or growth and yield models and, so on (e.g. [99,102,103]). However, in the case 
of urban areas, tree species mapping is still a huge challenge because of having spatially 
heterogeneous land cover types from isolated trees to the dense forest; high tree species 
diversity along with heavily and regularly managed trees as well as the interruptions by 
buildings and their shadows [69,104–108]. Tree species classification based on spectral 
properties is quite a matter of contention due to the higher intra-class spectral heterogeneity 
and/or inter-class spectral similarities [69,106–109]. That is how also the traditional pixel-
based procedures, which reckon each class having a distinct spectral signature (ignoring 
other spatial/contextual information)[110–112], are hardly capable of reaching an 
acceptable accuracy level [113,114]. Considering these facts, Object-Based Image Analysis 
(OBIA) approach was introduced in the 1970s, which has been found quite efficient in the 
case of high-resolution image classifications [110,112,115–118,118]. Instead of the single 
pixels, the OBIA approach typically works on: (i) segmenting a remote sensing image into 
spectrally equivalent regions (i.e., segments or objects), and (ii) evaluating the spectral, 
spatial, and/or context features of these segments for image classification 
[105,112,113,119,120]. As a result of segmentation, this approach can consider the textual 
and contextual information along with the spectral information during the classification 
[112,113,121–123]. That is why OBIA classification results are far better than any of the 
existing traditional pixel-based approaches [121,124–130]. And so RS approaches 
especially hyperspectral imagery have significantly beefed up the tree classification 
outcomes either in the case of single trees or mixed population [99,131–135]. The 
utilization of very high spatial resolution satellite imagery (e.g., 1-m IKONOS, 0.6-m 
QuickBird) and aerial photos/digital imagery, have been rapidly increased especially in the 
case of spatial mapping [109,136–138]. As a matter of fact, recently with the advancements 
of RS technologies, diversified types of very high resolution remotely sensed images (such 
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as WorldView-3) are commercially available, certainly introducing a wave of opportunities 
for the accurate mapping of urban trees at a very significant level [90,99,112,139–142]. 
 
Looking up forward especially considering the prospects of an efficient mapping, this 
doctoral research has been done utilizing the OBIA approach in dominant tree species 
classification to provide a fundamental tool considering urban CS mapping, which is one of 
the most important issues for the sustainable urban green management systems and their 
policymakers.                              
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Chapter 3. 

 

Materials and Methods 

 
 

3.1. Data set 
 
3.1.1. WV3 image: CS mapping in Sassuolo 
 
 The study area was in the city area of Sassuolo, Province of Modena, located in the Po 
Valley in the northern part of Italy (Figure 1).  

 
                      Figure 1. The location of the study area in Sassuolo, Italy [58]. 

 
The total investigation area was an urban area of around 273 ha (Figure1). Five dominant 
tree species (Known as Quercus spp., Acer campestre, Populus nigra, Platanus spp., Tilia 
platyphyllos) were identified covering all the main streets and the parks. 
 
The key data for this study were the WorldView 3 (WV3) image, shapefiles available from 
the Geoportal of the Emilia Romagna region [143], and the data collected from the sample 
plots. Shapefiles were extracted from the CORINE Land Cover (CLC) map [144], a 
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database of land use of the territory. In this study, artificial surfaces were extracted from the 
map, such as streets and public green areas. The WV3 image data for this study was 
acquired on 31 July 2018 (Figure 2). The WV3 includes one panchromatic band of 0.3 m 
resolution and eight multispectral bands of 1.2 m resolution (Table 1). 

 
                 Table 1. Eight multispectral bands along with their wavelengths of the WV3 image [58]. 

 
 
 
 
 
 
 
 
 
 
 
 
 

               
     Figure 2. The WV3 image data: the original image and the study area in Sassuolo [58]. 

Bands Wavelength(nm) 

Coastal band  400-450 

Blue band  450-510 

Green band  510-580 

Yellow band  585-625 

Red band  630-690 

Red edge band  705-715 

Near-Infrared (NIR)1 band  770-895 

Near-Infrared (NIR)2 band  860-1040 
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 For the field data collection, 22 plots of 100m² (10m×10m) each (Figure 3), were 
randomly selected considering the dominant tree species covering the whole study area of 
Sassuolo. Among them, 7 plots were considered for the CS mapping and validation. The 
fundamental considerations were to measure the DBH and H of each tree, along with the 
geographical coordinates, and to pick out the name of the species. DBH measurements were 
done at 1.3 m above the ground level. To obtain the H of trees, a photogrammetric approach 
has been applied. For this purpose, 2D pictures were taken per plot utilizing a hand-held 
digital camera considering the 3D model development through the Structure-form-Motion 
(SfM) photogrammetric approach [145]. Several pictures were acquired from different 
positions, recognizing the shorter to taller trees. The sample plots were also used during the 
training and validation of the tree species classification. 

              

 
Figure 3. (a) One of the data sheets showing the plot position (Red square) and trees (Left) along 
with the required data, (b) sample plots (Red squares) with the validation plots (Yellow squares)[58]. 

 
 
3.1.2. WV3 image: CS mapping in Brussels 
 
The study area, covering an area of around 49 km² in the eastern part of the capital region 
in Belgium (Figure 4) was selected considering the availability of airborne LiDAR. 
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Figure 4. The study area at the eastern part of the urban area showing the locations of the sample 
plots in Brussels. 

The WV3 image data for this study was acquired on 17 April 2017 (Figure 5) which 
provides one panchromatic band of 0.3 m resolution and eight multispectral bands of 1.2 m 
resolution as similar as in the case of Sassuolo (Table 1). This time the required shapefiles 
were educed from the UrbIS database, a general GIS database of the Brussels region [146].  
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Figure 5. The WV3 image data of the study area in Brussels. 
 

The sample plots were randomly selected covering the streets of the whole study area. Only 
the street trees were considered because in the parks most of the cases tree crowns were 
overlapped and or completely overshadowed by the other species. That is why this kind of 
overcrowded tree population was excluded to avoid the misinterpretations of the species 
dominance information during the final CS mapping.  During the field data collection, 75 
plots of 100m² (10m×10m) each (Figure 5), were randomly selected considering the 
dominant tree species covering the whole study area of Brussels. The sample plots were 
also used during the training and validation of the tree species classification. Among them, 
20 plots were considered for the CS mapping and validation. As earlier, DBH 
measurements were done at 1.3 m above the ground level. In this case, the H of trees was 
measured utilizing the ‘Nikon Forestry 550’ a laser rangefinder with angle compensation 
technology optimized for forestry use [147] and a field computer was used to mark the 
plots on QGIS. Field data (H, DBH) were collected in the summer of 2019.  
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3.1.3. Available LiDAR Data and CS mapping in Brussels 
 
 The airborne LiDAR dataset had been collected in Summer 2015 by Aerodata Surveys 
Nederland BV [148]. The Crown Height Model (CHM; the height of objects) was produced 
at a resolution of 0.25m using LAStools software [148].  

 

3.2. Methodology 
 
3.2.1. Tree classification and field estimation in Sassuolo 
 
3.2.1(a) Pre-processing 
 
At the earlier stage, the WV3 multispectral image had been processed to convert Digital 
Numbers into the Top Of Atmosphere (TOA) radiance. Then atmospheric corrections have 
been performed using the FLAASH plugin of the Environment for Visualizing Images 
(ENVI) software [149]. In this way, it was possible to retrieve Surface Reflectance (SR). 
Then some of the required features i.e. The Normalized Difference Vegetation Index 
(NDVI), the Grey Level Co-occurrence Matrix (GLCM), and the Principal Component 
Analysis (PCA) for the OBIA classification [25], were computed. 
 
NDVI is a very common vegetation index used in several remote sensing studies [150]. In 
the case of evaluating a vegetative area, the equation for the calculation of NDVI is as 
follows: 
 

                                          
Where, 

 = reflectance in near-infrared band  

 = reflectance in red band  
For this work, several NDVI calculations have been done using both of the (NIR1 and 
NIR2) Near-Infrared bands along with the red edge band.  
 
GLCM is a tabulation of the frequency of different combinations of grey levels at a 
specified distance and orientation in an image object [151]. For principal component 
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analysis, only the first and the second principal components were used. In this way, it was 
possible to retrieve the less correlated information from the original 8 multispectral bands 
[152]. 
 

 
 
Figure 6. The flowchart of the overall methodology for the Carbon Stock (CS) mapping considering 
the dominant tree species in Sassuolo[58]. 
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3.2.1(b) Tree species classification in Sassuolo 
 
In urban areas, the traditional pixel-based image classification method usually shows a low 
classification accuracy due to high spectral variability within the land cover classes[153] 
which were affected by sun angle, gaps in tree canopies, and shadows [154]. In fact, urban 
tree classification with higher accuracy is still a considerable challenge, most studies 
recommend the application of the Object-Based Image Analysis (OBIA) approach to 
enhance the classification accuracy in urban areas [155–158]. Herein, OBIA approach was 
also introduced to improve the classification accuracy. The OBIA method includes not only 
spectral information but also other added information such as context, texture, geometry, 
and spatial features[35,159], which can minimize the number of units to be considered for 
the classification[24]. The segmentation is the key procedure to divide the image into 
different significant objects where the spectral and spatial feature will be computed. The 
segmentation procedure divides the image into spatially continuous and homogeneous 
regions [160] and limits the local spectral variation[158,161]. For this study, Trimble 
eCognition Developer® 9 platform (Trimble, Munich, Germany) [162] was utilized to 
employ the OBIA approach.  

In this study, both the segmentation and classification have been implemented in successive 
steps to obtain the best results. At first, a chessboard segmentation was carried out using the 
shapefiles of the Municipality of Sassuolo extracted from the Corine Land Cover (CLC) 
map of the Emilia-Romagna Region. In particular, the shapefiles of streets and public green 
areas (i.e. Parks) have been utilized.  

Green areas and streets have been identified with very large objects (as the size of the 
shapefile polygons) and have been classified separately from the rest. In these areas, a 
subsequent multiresolution segmentation had been applied to have the smaller objects. For 
this segmentation, instead of the thematic layers, the spectral information and the geometric 
information of WV3 bands have been considered. After that, considering the study of Li et 
al [25], the spectral and textural features (NDVIs, GLCM, PCA) have been included to 
obtain better results in classification. A total of 79 features have been added to the 8 bands 
of the image. 

The result after the second segmentation was smaller objects with a good degree of 
homogeneity among themselves. Certainly, the resulted medium-sized objects were suitable 
for the study of tree crowns. The parameters used for segmentation, after numerous tests, 
were found as scale parameter = 10, shape = 0.2 and the compactness = 0.5.  

By using the threshold values for some of the features such as the Brightness and NDVI, 
the initial classes like shadow, pathways, and grass have been identified. Then, relying on 
the sample plots, several ground-truth samples (ROIs, Region of Interest) have been chosen 
for the different tree species. Dominant species have been identified distinctly in the case of 
parks and roads. It has been done to obtain the classification with better accuracy, as in 
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parks the tree species diversity is usually higher than those of the streets. In the case of 
parks, the main classes were identified as-  

• Acer campestre 

• Populus nigra 

• Platanus spp. 

• Quercus spp. 

In the case of streets, the main classes were identified as-                                                                           

• Platanus spp. 

• Quercus spp. 

• Tilia platyphyllos 

Sample plots had been used for the classification algorithm training where the chosen one 
was the Nearest Neighbour (NN) algorithm [163]. 

After the training step, the NN algorithm has been implemented for the assignment of 
objects to the different classes. The features like the mean and the standard deviation for all 
bands, the average values of the different NDVI indexes, the Grey Level Co-occurrence 
Matrix, and the Principal Components were included in the feature space [164]. These 
features have been chosen to have an improved classification considering the OBIA 
approach in the case of this study. For instance, the NN algorithm has been used separately 
for the trees on the parks and streets. It was applied to select the different dominant species 
for obtaining a more accurate tree species classification. That is why in the classification 
map, the suffix _street or _park has been used even for the same tree species. In this way, 
the accuracy of the classification is improved because the sampling points can be chosen 
separately for parks and streets. Once the classification was done, other samples were used 
for the validation phase. So, it was possible to calculate the accuracy of the proposed 
methodology in this area. 

 

3.2.1(c) Photogrammetric approach 

 
For the tree H measurement, SfM photogrammetry approach was introduced in Sassuolo 
(Figure 6). This approach usually allows the 3D reconstructions of objects through the 
acquisition of 2D images for the estimation of the required features [145]. In this study, the 
3D model was developed for each plot to measure the individual tree H to calibrate the CS 
utilizing the allometric model [165]. The Agisoft Metashape (AM) software was utilized to 
produce 3D models implying the SfM algorithm [145,166,167]. In each plot, all the trees 
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were photographed from different directions, to ensure the maximum data redundancy and 
the best accuracies. The images were captured with a hand-held, digital SLR camera from 
photo-points at regular intervals around the perimeter of each plot. A semicircle pathway 
around each plot successively from the inner to the outer part of the plot was followed to 
capture each image covering all the trees (Figure 7), images were acquired with different 
camera inclinations to avoid occlusions. About 120-150 photos/plots were taken depending 
on the size of the trees. 
 

 
Figure 7. Dense point clouds of one of the investigated plots (AM model view), the blue squares 
represent the locations of acquired images [58]. 
 

The inner-circle photos were taken from a distance having the tree-top, middle, and bottom 
part of the tree, and the outer ones to have the whole tree within a frame. This approach 
ensures a high redundancy of images (each portion of the area of interest must be detected 
within 9-10 images at least) [145]. Also, a varying viewing geometry must be guaranteed 
for obtaining accurate results. If no information about camera position or point with known 
coordinates is added to the project, the reconstructed 3D point cloud will be generated 
within an arbitrary reference system lacking georeferencing and scale. In this case study, 
for obtaining a 3D scaled point cloud and measuring the tree H in the 3D model, a 4-meter 
graduated bar (Figure 8) was added to the area of interest as a reference and depicted in 
various images. As the positioning of an object of known dimension is an external 
constraint to the reconstruction allowing the generation of scaled products, the applied 
methodology is feasible for the measurement purposes of this study [168]. Tree H 
estimation was done performing the measurements on the reconstructed 3D model. 
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Figure 8. 3D model of the sample plot 4. The blue flags are the added markers and the yellow lines 
(on the right-side tree’s lower trunk) are the segment on the reference bar (Yellow box to show the 
reference bar) used to constraint the reconstruction and the red lines are the segments created for H 
estimation [58]. 
 

The AM software was used to generate the 3D model for each plot whereas in each model 
the reference scale bar was visible enough to constraint the reconstruction (Figure 8). From 
the 3D model, H estimation was done employing the scale creation tool available in AM 
software. Once the markers were placed on some of the aligned images, the corresponding 
3D marker was automatically added to the 3D model. Then, the length of the segment 
among the points of interest was detected. The identified length was the estimated tree H 
utilizing the SfM approach.  
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Validation of the results is mandatory to assess the metric accuracy of the performed 
measurements. The photogrammetric SfM approach was compared with Laser scanning. A 
Leica C10 scan station was used for this purpose, the resolution and the accuracy of the 
resulting point clouds were about a few mm (< 5mm). Laser scanning and Photogrammetry 
are independent methodologies implying different technologies for the 3D model 
generation. 

Figure 9. Laser scanning 3D point cloud of the test area including the segments (a,b,c,d,e); Green 

portion: the reference scale bar used to constrain the photogrammetric model; Black lines: Distances 
used for the validation purpose [58]. 

Results obtained with the proposed Photogrammetric methodology were compared with 
laser scanning technology to validate them and guarantee the metric accuracy of H 
measurements. The reconstruction of a small portion of a building was performed with both 
technologies. The validation area was chosen to allow better identification of homologous 
points. The direct comparison of the generated point clouds does not suit considering this 
study, so the length of various segments was verified (Figure 9 and Table 2) for a proper 
investigation of the accuracy of the applied methodology. During the H estimation, the 
errors were measured considering the estimated values in both cases. Identified differences 
in the two datasets were about 4 cm, if the longer segments (the ones exceeding 10 m) were 
taken into consideration, then it would be 6 cm. 
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       Table 2. The results obtained during the metric validation of the obtained 3D models [58]. 

 

 
 
3.2.2. Tree classification and field estimation in Brussels 
 
3.2.2(a) Pre-processing 
 
In this case, the WV3 image has been pansharpened at the initial stage. Pan-sharpening is 
the process of merging high-resolution panchromatic and multispectral imagery where the 
outcome is an image that has the high spectral resolution of the multispectral image and 
also the high spatial resolution of the panchromatic image [169,170]. The pan sharpen 
process was conducted using the hyperspectral color sharpening algorithm that combines 
the high-resolution panchromatic data with lower resolution multispectral data and 
specifically implemented for WV3 imagery [171]. The cubic convolution resampling 
technique was chosen to resample the multispectral image to the high-resolution image 
using a 4x4 pixels moving window. The pan image and the multispectral image have been 
separately orthorectified using the Digital Surface Model (DSM) downloaded from the 
GeoPunt portal [172] and from the available LiDAR data.  All the steps were conducted in 
ERDAS Imagine environment [173]. 
 

3.2.2 (b) Tree species classification in Brussels 
 
Also, in this case, the Trimble eCognition Developer® 9 platform (Trimble, Munich, 
Germany) [162] was utilized to classify the dominant tree species in Brussels. As of earlier, 
the chessboard segmentation has been introduced to initiate the OBIA classification 
approach. Then the primary classification was done utilizing the available shapefile from 
the Urbis database [146]. After that, the contrast split segmentation algorithm was implied 
to define the green and non-green areas with higher accuracy. This is an approach based on 
the NDVI layer, where the contrast split segments the scene into dark and bright image 
objects based on a threshold value that maximizes the contrast between them [174]. The 
algorithm utilizes the optimal threshold separately for each image object which initiates a 
chessboard segmentation of variable scale and then performs the split on each square 

Segment Laser scanning Photogrammetry  Discrepancy  

(a) 6.19 m 6.21 m 0.02 m 
(b) 13.21 m 13.16 m 0.05 m 
(c) 10.38 m 10.45 m 0.07 m 
(d) 8.35 m 8.38 m 0.03 m 
(e) 5.38 m 5.41 m 0.03 m 

Mean value 0.04 m 
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[175,176]. It was found quite useful to identify the shadows, pathways, and pavements in 
between the tree crowns. 

After that, the well-known multiresolution segmentation was performed to group 
contiguous pixels into areas or segments that are homogenous which is composed of 
parameters such as the “smoothness/compactness” that determines the preferred shape of 
segments, and the “color/shape” parameter that controls the weights of spectral and shape 
information in the calculation of segments’ heterogeneity [112,113,177]. After several 
attempts, the ideal values utilized for segmentation, were found as scale parameter = 10, 
shape = 0.5 and the compactness = 0.8. Before starting the NN approach, an index known 
as Canopy Content Chlorophyll Index (CCCI) is used to separate the grasses from the 
vegetation class. This index can be calibrated as follows, 

  

                                             
  
Where, 

  
Normalized Difference Red Edge index [178]  

NDRE = NIR2 – Red Edge/ NIR2 + Red Edge, 

NDVI2 = NIR2 – Red/ NIR2 + Red 

Then the Nearest Neighbour (NN) algorithm [163]  was performed which is a supervised 
classification technique that classified all objects in the entire image based on the selected 
samples and the defined statistics [113]. For the sample selection and algorithm training, 
the sample plots had been considered. Once the algorithm training had been done, 
classification was initiated utilizing the “Assign class” algorithm. Three dominant tree 
species have been classified as Tilia spp.; Acer spp. and Aesculus hippocastanum covering 
the whole study area in Brussels. In this case, the larger and in-tensely green parks were not 
considered as it was hardly possible to differentiate crowns out of a mixed or overlapped 
tree species population. Also, those trees could not be considered in further CS (AGB 
estimation) mapping due to the larger difference between the street and the park 
environment concerning tree health issues. 
 
Validation of the classification outcomes (Table 5) had been done also at the Trimble 
eCognition Developer® 9 platform [162] using confusion matrices [179–181] which is 
usually applied to compare the true classes with the ones assigned by the classifier on the 
generated maps (Detail in section 4.1.2). During the validation,10-15% of the total area for 
each of the classes had been chosen as “true samples” to train the algorithm. The estimated 
producer accuracy shows the completeness of classification, and the user accuracy indicates 
the correctness of the classes [58,182]. 
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3.2.3. CS mapping in urban areas 
 
Several studies suggest that tree AGB is the most visible, dominant, dynamic, and 
important pool of the terrestrial ecosystem [70,183–185] constituting around 30% of the 
total terrestrial ecosystem carbon pool [186].  Currently, RS-based biomass assessment has 
been implied in many studies [71,94,187,188] to obtain forest information over large areas 
at a reasonable cost with acceptable accuracy and minimal effort [93]. It is also evident that 
the method of determining relationships between field estimations and RS data-derived 
variables and then extrapolating these relationships over large areas is very useful [71,95–
97,189–193]. In this study, based on the relationships among the WV3 (NDVI) data (In 
Sassuolo and Brussels) and LiDAR (CHM) data (In Brussels) derived variables and the 
field data the predictive AGB estimation and eventually, CS mapping have been done in 
both cases. The comparative analysis between the mapping outcomes of  WV3 and LiDAR 
data has been done in Brussels. 
 
At first, the total Above Ground Biomass (AGB) was calculated based on the field data 
(i.e., DBH, H, tree species, etc.) for each of the sample plots. For this calculation, an 
allometric model [165] was implied to calculate the AGB for each plot. The mean 
AGB/plot estimation was necessary as it is recommended that the tree above ground CS is 
assumed to be 50% of the total AGB [194–198]. Then to estimate the mean CS/plot, the 
mean AGB/plot was multiplied by 0.5 as a conversion factor [199–201]. Then in QGIS 
utilizing the WV3 image data, the NDVI (Red edge and NIR1 band) of the whole study 
area was computed. The NDVI layer was considered in this study for the CS prediction and 
mapping, as previous studies claimed to find a strong correlation between the NDVI and 
total AGB of the trees [56,202–204]. In the case of LiDAR data, the Crown Height Model 
(CHM) was utilized to map the CS for the dominant tree species. 
  
Then the NDVI-derived metrics were extracted for the sample plots utilizing the ‘Zonal 
statistics’ plugin [205] at the QGIS interface. The CHM-derived matrices had been 
computed in the case of available LiDAR data. After that, the linear regression models were 
created in Microsoft® Excel™ spreadsheet calibrating the correlation between the mean 
CS/plot and the NDVI derived metrics to find out the best model to estimate and map the 
CS covering the whole study area. It has been done also for the CHM-derived matrices to 
determine the best model concerning the perspective CS mapping. A fishnet of 100m² 
(10m×10m) resolution (As of the sample plots) was built in QGIS for both cases (NDVI 
and CHM) to recognize the minimum to the maximum CS zones, based on the dominant 
species map ( Exported as a shapefile in QGIS) obtained from the WV3 image data. The 
classification shapefile was essential to define the regions of interest which did provide 
QGIS to map the estimated CS values considering only the dominant tree species. 
Otherwise, the map will show the CS values for other areas i.e., the area covered with grass 
or even in the case of an area where there is no vegetation at all. 
 
Later, to validate the mapping outcomes, 20 randomly selected plots have been utilized in 
both cases (NDVI and CHM). This time the linear regression models were created only for 
the validation plots. And so, the differences (Table 7 and Table 8) between the QGIS 
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computed CS values and the ground truth values had been shown to recognize the 
effectiveness of the methodology. The validation plots were the same in both cases, which 
was necessary to compare the impacts and to discuss the prospects and convenience of CS 
mapping in urban areas (Detail in section 4.2.2). 
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Chapter 4. 

 

Results and Discussion 

 
4.1. Results 
 
4.1.1. SfM approach for tree H estimation in Sassuolo 
 
The results showed that the average H of the was so significant for each of the species 
(Table 3). The average discrepancies between photogrammetric and Laser Scanning 
estimated lengths were about some centimeters, which approved the significance of the 
SfM approach in the case of the tree H estimation[58]. In most cases, marker placement at 
the treetop was severely responsible for the increased average error. For instance, in the 
case of the taller trees i.e. Populus nigra, the estimated mean H was 29.15m, with an 
average error of 0.3 to 0.4 cm. In other cases, the average errors were lower except for the 
overlapping treetops. Unfortunately, there were a few studies on the urban tree H estimation 
utilizing the SfM approach on AM software, so the general European Forest Tree (EFT) 
database published in 2016 [206] was considered for this study to have a possible 
comparison. Even though this database was released based on the forestry areas, comparing 
the results with the database was not so bland. For instance, for the tree species i.e. Acer 

campestre, Quercus spp. and Populus nigra the estimated average heights were 10.14, 
16.15, and 29.15 meters respectively (Table 3). Whereas according to the EFT database, the 
average height for the Acer campestre is typically 15 meters and for the Quercus spp. and 
Populus nigra are 30 and 40 meters respectively [207–209]. Some other recent studies also 
estimated the average H 18.83 meters for the Quercus spp. and for the Populus nigra the H 
was mentioned as 23±5 meters in Spain and Sweden respectively [210,211]. The 
differences among the resulted H of the trees in this study and the H of the other studies are 
varied possibly due to the following reasons: 
 
• Those studies were done in forestry areas in different environmental conditions; 
• In urban areas, the size and shape of the tree crowns got modified in the regular interval; 
• In this study, most of the trees were in the streets where frequent tree growth could not be 
allowed. 
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Table 3. Estimated (SfM approach) mean H of the dominant species in all the sample plots [58]. 
 
 
 
 
 
 
 
 
4.1.2. OBIA Classification results and validation 
 

 Figure 10. The overall classification obtained with the OBIA approach utilizing the WV3 data for 
the study area in Sassuolo [58]. 

In this study, the OBIA approach was implied based on the spectral and textural attributes 
of the image objects for generating rule sets during the classification. As the WV3 image 
was from the earlier spring, trees having dead leaves/branches made it quite harder to 
identify the species in Brussels. And so, species detection was difficult due to the spectral 
similarities and understory issues. However, the classified map shows that most of the 
streets are covered with the Acer spp. and Tilia spp., while the other species, Aesculus 

Tree species 

Mean 

Height 

(m) 

Quercus spp.  16.15 
Acer campestre  10.14 
Populus nigra 29.15 
Platanus spp. 18.2 

Tilia platyphyllos 12.52 
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hippocastanum has been mostly observed in the southern part of the city [Figure 11]. While 
in Sassuolo, species detection was difficult due to the spectral similarities and understory 
issues. However, 3 dominant tree species in Brussels and 7 dominant tree species have been 
found with an overall classification accuracy of around 71% and 78% respectively [Figure 
10 and Figure 11]. 

 

 Figure 11. The overall classification obtained with the OBIA approach utilizing the WV3 image data 
in the case of Brussels. 

The classification validation was done through the confusion matrix [179–181] which 
allows obtaining the overall accuracy of the classification in addition to some parameters of 
user and producer accuracy. The presence of validation is essential to define the 
effectiveness of the classification and to know the percentage of error. 
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        Table 4. Validation results expressed in percentage for the trees in Sassuolo [58]. 

1 PA: Producer Accuracy, UA: User Accuracy. 

              

Validation was carried out only for tree species as representatives of the classes of interest. 
The areas for validation have been chosen as a percentage equal to 5% of the total area of 
the tree species through sample plots and deep knowledge of the territory. The validation 
results are shown in Table 4 for the trees in Sassuolo and Table 5 for the trees in Brussels. 

     

                    Table 5. Validation results expressed in percentage for the trees in Brussels 

 
 
 
 
 
 
 
 
 
 1 PA: Producer Accuracy, UA: User Accuracy. 

 
 
The producer accuracy indicates the completeness of classification, while the user accuracy 
indicates the correctness [182]. The Hellden parameter represents the mean accuracy of 
individual classes. The mean accuracy for class i is calculated by using the equation 
presented in [212] as, 

                               

 

Populus 

nigra 

Quercus 

spp. 

park 

Acer 

campestre 

park 

Tilia 

platyphyllos 

street 

Platanus 

spp. 

park 

Quercus 

spp. 

street 

Platanus 

spp. 

street 

PA1 0.87 0.79 0.68 0.63 0.81 0.70 0.82 
UA1 0.79 0.89 0.81 0.52 0.73 0.55 0.97 

Hellden 0.83 0.83 0.74 0.57 0.77 0.62 0.89 
KIA 
per 

Class 
0.83 0.71 0.65 0.59 0.78 0.68 0.79 

  Overall Accuracy 0.78   

  KIA 0.74   

 Acer 

spp. 
Tilia spp. 

Aesculus 

hippocastanum   

PA1 0.80 0.69 0.67 

UA1 1 0.69 0.61 

Hellden 0.89 0.69 0.64 

KIA per 

Class 
0.77 0.42 0.5 

  Overall Accuracy   0.71 

  KIA                         0.53 
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where A is the number of correctly classified reference points for class i, B is the total 
number of reference points in class i in the reference data, and C is the total number of 
reference points classified into class i [213].  

KIA is the well-known Kappa Index of Agreement (or Cohen's kappa coefficient) measures 
the proportion of agreement after chance agreements have been removed from 
considerations. Kappa increases to one as chance agreement decreases and becomes 
negative as less than chance agreement occurs [214].  

The overall accuracy is the ratio of the sum of diagonal values of the confusion matrix to 
the total number of cell counts in the matrix. It gives an idea of the accuracy for all the 
considered classes [215]. 

 

4.1.3. Urban CS mapping and validation 
 
4.1.3 (a) CS mapping in Sassuolo 
 

Figure 12. The estimated (QGIS) CS based on different dominant species and their distributions in 
Sassuolo [58]. 
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CS for the dominant species was calculated and mapped in QGIS showing the intensity of 
CS based on the species in different zones (Figure 12). Figure 12 shows that the CS map 
estimated based on the classification shapefile was quite relevant for all the identified 
dominant species. Especially for those trees which were not shaded or overlapped by the 
other dominant species, the computed NDVI, as well as the CS mapping, was utterly 
significant. 

 

 

Figure 13. The comparison of estimated CS (QGIS) for the dominant species in the parks and streets 
of Sassuolo [58]. 

 
Among the five dominant species, the species Quercus spp., Tilia platyphyllos, and 
Platanus spp. were found to be more responsible for the atmospheric CS covering the areas 
with higher CS intensity (Red, green, and brown zones at TC in figure 13). Only in the case 
of Populus nigra (Blue and pink zones at CS in figure 13), the values were indicating to 
moderate to lower CS zones. 
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Figure 14. The overall results of the computed CS mapping in QGIS for all the dominant species 
[58]. 
 
 
The outcome of the CS mapping for the dominant species did approve the reliability of the 
applied methodology even in the case of a complex urban area (Figure 14). Figure 14 
shows the outcome of the CS mapping for the dominant species in the whole urban area 
represented with a box plot graph. Generally, higher values (see median values for each 
species) were found for the species i.e. Acer campestre, Platanus spp., Populus nigra, and 
Quercus spp. in the parks. Especially, maximum values were found for the Acer campestre 
(park) and the Platanus spp. (street), while lower values were found for Quercus spp. 
(street), so as one of the previous studies [216]. 

For the CS mapping validation, 7 randomly selected plots were considered. Considering all 
the dominant species, 4 plots from the streets and the other 3 plots were selected from the 
parks. The results show that the CS estimation in all the cases has a lower difference with 
the QGIS computed CS values except for plots 5 and 7 which were showing higher 
differences in the estimations (Table 6). The NDVI based QGIS computation was found to 
be more applicable in the case of the street trees which are more evident in the WV3 image 
than the park trees. Smaller species found in parks (i.e. Acer campestre) showing higher CS 
values, which were overlapped by the other dominant species. On the other hand, Populus 

nigra, a taller tree species, showing lower CS values, which was even found as an isolated 
species with higher CS values during the field estimation. 
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Table 6. The results obtained during the validation of the estimated CS in the validation plots [58]. 

Plot 

id 

Tree 

species 

Mean 

CS/plot 

(Kg) 

CS/plot 

(Kg) 

computed 

in QGIS 

Estimation 

differences 

(Kg)/plot 

1 Platanus 

spp. (Street) 
124 180 55 

2 Platanus 

spp. (Street) 
105 207 102 

3 Platanus 

spp. (Street) 
655 453 202 

4 Tilia 

platyphyllos 
(Street) 

262 361 99 

5 Acer 

campestre 
(Park) 

51 375 324 

6 Quercus 

spp. (Park) 
226 374 148 

7 Populus 

nigra 
(Park) 

817 289 528 

 

 
A regression analysis was done to understand the CS computation efficiency during the 
mapping. In the case of the street trees, the coefficient of determination was more than 80% 
(R²=0.85) where the overall R² value was 0.42 considering all the validation plots except 
the plot with ‘Populus nigra’ (Figure 15). The Populus nigra, which shows a quite high 
difference in CS estimation, because of its typical fastigiate structure which is well known 
as the true ‘Lombardy poplar’ with a very narrow crown [217]. Having a narrow crown, 
this species was not so evident which certainly had shown a lower NDVI value leading to a 
lower computation of CS. But in other cases, the park tree species (i.e. Acer campestre) 
were mixed and adjacent to the other dominant species where the computed NDVI values 
were significantly higher. Being surrounded by other larger crowns, the small structured 
species certainly recognizes higher NDVI values. That is why Acer campestre also shows a 
larger difference in the case of the CS estimation which is certainly a shorter tree species 
than the others. On the other hand, the species on the streets (i.e. Platanus spp. and Tilia 

platyphyllos), were found to be isolated and planted having adequate spacing. They were 
also more evident in the WV3 image showing the lower differences in CS estimation (Table 
6). As the validation plots were selected at random, only 2 plots out of the 7 plots had led to 
the lower R² value which clearly true only for those plots. Because in the case of overall CS 
computation, both species (Acer campestre and Populus nigra) had been found efficient in 
the case of atmospheric CS like all the other dominant species (Figure 14). Certainly, the 
proposed methodology is more efficient (R²=0.85) in the case of the dominant urban tree 
species (Figure 14) except for those with overlapped/narrow-crowned (R²=0.42) structures 
considering the complex urban environment (Figure 15). 
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Figure 15: Linear correlation between field estimation and QGIS computation of CS/plot in the case 
of (a) species in the streets; and among all the trees except ‘Populus nigra’(b) in the validation plots 
[58]. 
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4.1.3 (b) CS mapping in Brussels with WV3 image data 
 

           
Figure 16. The mapping of the computed CS (QGIS-NDVI) for the dominant species in the streets of 
Brussels utilizing the WV3 data. 
 
In Brussels, the computed CS for the dominant species has been mapped showing the 
quantity of CS based on the species in different zones (Figure 16). As far as most of the 
trees were on the streets, the canopies were not overlapped by the wider crowns. Except for 
some plots having trees almost leafless or trimmed canopies, the computed CS values based 
on NDVI derived variables were significant (Figure 16) for most of the dominant species.  
 
In Figure 16, all three-square boxes (As in CS1, CS2, and CS3) are showing moderate (i.e., 
Pink, Orange, Yellow, and Blue colored zones) to a higher quantity of CS for each of the 
species (As in TC1, TC2, and TC3). These three zones were zoomed-in considering those 
plots having comparatively dense canopies, as the WV3 image was ac-quired in early 
spring, most of the plots were with lighter crowns or leaves. 
 
For the mapping outcome validation, the results (Table 7) show that the field estimation 
and QGIS computed CS values have apparent variations in few cases. These kinds of 
differences between the field estimated, and the computed values were quite natural in the 
case of this study. The field data were collected in the summer of 2019, while the WV3 
image was acquired in the earlier spring of 2017. QGIS computation was done based on the 
NDVI (WV3 data) extracted values where most of the trees were leafless or less green.  
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Table 7. The results obtained during the validation of the estimated CS in the validation plots. 
 

 
 
 
     
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
As a result, in the case of few plots, NDVI values were quite lower which certainly showed 
lower CS values during the mapping. Besides, the year gap between the field data (2019) 

Plot 

ID 

Tree species Mean CS (Field 

estimation) Kg/plot 

CS in QGIS 

estimation (kg/plot) 

Difference 

(Field & 

QGIS) 

1 Acer spp. 689.49 426.0 263.49 

2 Acer spp. 930.91 397.8 533.11 

3 Acer spp. 224.04 285.0 60.96 

4 Aesculus 

hippocastanum 

216.95 581.1 364.15 

5 Tilia spp. 302.25 158.2 144.05 

6 Acer spp. 534.17 355.5 178.67 

7 Tilia spp. 277.49 411.9 134.41 

8 Acer spp. 188.18 31.3 156.88 

9 Acer spp. 332.73 242.8 89.93 

10 Tilia spp. 626.63 341.4 285.23 

11 Tilia spp. 277.97 538.8 260.83 

12 Tilia spp. 64.13 214.6 150.47 

13 Acer spp. 698.78 397.8 300.98 

14 Aesculus 

hippocastanum 

641.46 341.4 300.06 

15 Tilia spp. 112.44 271.0 158.56 

16 Acer spp. 466.16 341.4 124.76 

17 Tilia spp. 97.31 45.4 51.91 

18 Acer spp. 121.50 369.6 248.10 

19 Aesculus 

hippocastanum 

577.99 609.3 31.31 

20 Acer spp. 316.80 200.5 116.30 
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and the WV3 data (2017) also had a significant impact on the CS mapping outcomes. 
Because trees in urban areas usually go through the management practices (i.e., Trimming, 
pruning, etc.) [218], which is also responsible for the larger variations among the field and 
QGIS computed values (Table 7). For instance, out of the 20 validation plots, only three 
plots (Plot no. 4, 11, and 18) are showing noticeably more CS/plot than those of the field 
estimations. Trees in those plots are assumed to be a subject of trimming and or other 
management practices, which does explain the reasons for having lower AGB or CS/plot in 
2019 than those of 2017 for those three plots. A regression analysis had been done to 
understand the significance of the mapping approach. It was quite noticeable that in most 
cases where the tree canopies were comparatively evident, even in the early spring season, 
the percentage of agreement (Figure 17) was more than 80% (R2=0.83). Except for a few 
cases, this CS mapping approach could be applied in the case of CS mapping even in the 
case of a complex urban environment. 
 
 
 
 

 
 
Figure 17: Linear correlation between field estimations and QGIS computations of CS/plot during 
the validation of  CS mapping in Brussels. 
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4.1.3 (c) CS mapping in Brussels with LiDAR data 
 

 
Figure 18. The mapping of the computed CS (QGIS-CHM) for the dominant species in the streets of 
Brussels utilizing the LiDAR data. 
 
Figure 18  shows that the computed CS map in QGIS was quite relevant also in the case of 
LiDAR data for all the identified dominant species (TC1, TC2, and TC3 in figure 18). Even 
the LiDAR data was from 2015, each of the three dominant species had shown evident 
outcomes in CS mapping (CS1, CS2, and CS3 in figure 18) based on the field data of 2019. 
As the LiDAR data (From summer 2015) and field data were acquired in summer, the AGB 
productions per plots were so significant to predict the CS during the mapping based on the 
CHM- derived variables in QGIS. 

For the CS mapping validation, the validation plots were the same ones as earlier in the 
case of WV3 image data. The outcomes of the validation plots did not show that much 
difference between the field estimated and QGIS computed values (Table 8). Only a few 
plots were showing higher differences in the quantity of computed CS which was assumed 
to be a result of tree crown management practices (i.e., Trimming, pruning, etc.) [218]. 



 36 

     Table 8. The results obtained during the estimation of CS in the validation plots. 
 
 
 

Plot 

ID 

Tree species Mean CS (Field 

estimation) Kg/plot 

CS in QGIS 

estimation (kg/plot) 

Difference 

(Field & 

QGIS) 

1 Acer spp. 689.49 761.3 71.81 

2 Acer spp. 930.91 548.6 382.31 

3 Acer spp. 224.04 343.5 119.46 

4 Aesculus 

hippocastanum 
216.95 188.5 28.45 

5 Tilia spp. 302.25 356 53.75 

6 Acer spp. 534.17 675 140.83 

7 Tilia spp. 277.49 283.3 5.81 

8 Acer spp. 188.18 230.9 42.72 

9 Acer spp. 332.73 670.3 337.57 

10 Tilia spp. 626.63 790.2 163.57 

11 Tilia spp. 277.97 462.6 184.63 

12 Tilia spp. 64.13 57.6 6.53 

13 Acer spp. 698.78 696.9 1.88 

14 Aesculus 

hippocastanum 
641.46 179 462.46 

15 Tilia spp. 112.44 200.2 87.76 

16 Acer spp. 466.16 464.5 1.66 

17 Tilia spp. 97.31 188.3 90.99 

18 Acer spp. 121.5 93.9 27.6 

19 Aesculus 

hippocastanum 
577.99 599.4 21.41 

20 Acer spp. 316.8 283.8 33 
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For instance, out of all 20 plots, only 2 plots (Plots no. 2 and 14) were showing noticeable 
variations between the field and QGIS estimations (Table 8). While in all other plots, trees 
were showing lower differences in the case of the total atmospheric CS considering the on-
plot calibrated values. 

 

A regression analysis was done to understand the relevance of the applied CS mapping 
approach. It was noticed that the R2 was significantly higher (84 %) excluding ‘Plot 2’ and 
‘Plot 14’ (Figure 19). In the case of ‘Plot 2’ and ‘Plot 14’, the difference between the two 
estimations is found to be quite higher than those of the others. As earlier, the data 
acquisition period (2015 and 2019) and the certain tree crown management practices (i.e., 
Trimming, pruning, etc.) [218] have also been found responsible to have such kind of larger 
variations. As a result of regular crown trimming practices, the trees even with a wider 
trunk, in the case of those two plots trees were showing smaller crowns in CHM during the 
CS computation in QGIS. That is why ‘Plot 2’, and ‘Plot 14’ were showing lower CS 
values than those of the field estimations (Table 8).   

 

 
 
 
Figure 19: Linear correlation between field estimation and QGIS computation of CS/plot during the 
validation. 
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4.2. Discussion 
 
4.2.1. Tree classifications in urban areas 
 
The OBIA approach applied in this study has been applied as an efficient technique in the 
case of the tree species classification especially for urban areas like Sassuolo [58] and 
Brussels. The Overall Accuracy (OA) of the thematic mapping was 78%  [58] and 71% for 
both cities respectively (Table 4 and Table 5). For the different classes of species, in 
Sassuolo the accuracy level varies from higher (89% for the Platanus spp.) to the lower 
(57% for the Tilia platyphyllos) and so as in Brussels, the higher one was for the Acer spp. 

(89%) and the lower was for the Aesculus hippocastanum (64%). Usually, the selection of 
training samples during the NN algorithm has a huge impact on the accuracy of the 
classification[219]. The quantity of the selected samples must be adequate to allow the 
algorithm to distinguish among the various classes. Ad hoc samples were chosen for the 
dominant species in both cases of Brussels and Sassuolo. The spectral characteristics of the 
different species of trees did show some common traits of spectral response which were too 
difficult to be differentiated. That is why, the classification features such as NDVI, PCA, 
and GLCM had been included in the feature space to obtain a classification with better 
results[25]. Consequently, the OA was more than 70% in both cases which were also 
significant to go further with the CS mapping. 
  
In the case of the urban areas i.e., in Sassuolo and Brussels like all other European cities, 
there are numerous species of trees, historic gardens, the vegetation of various types. For 
instance, in Brussels, the Overall Accuracy (OA) of the species classification was around 
71% considering all the identified urban tree species (Table 5). The classification accuracy 
could be improved (Around 90%) by applying the data fusion (i.e., LiDAR and 
hyperspectral ) approach or estimating OA considering the general urban land cover 
classification [138–144]. But for this study, the OA was illustrated only for the dominant 
trees instead of considering the other land cover classes like roads, grasslands, and 
pavements. Because the main goal of the classification was to identify only the dominant 
tree species for further CS mapping in QGIS. Unfortunately, studies on urban tree species 
or genera-based classification (only with multispectral data) with better accuracy (more 
than 70%) are hardly available, unless the study area is quite smaller (i.e.,[145–147]. 
Recently, Fang et al [148] have done the tree genera-based classification (From WV3 data) 
with an OA of 62 to 74% for a larger urban area in Washington D.C., USA. Considering a 
study area covering almost 49 km², this study in Brussels also could be an acceptable 
example of approving the efficacy of the OBIA approach. However, the spectral 
characteristics of the different species did make it quite challenging to distinguish due to 
their unique phenological ages or conditions [138,150]. In some cases, misinterpretations of 
desired classes had been identified, which did also recognize the “mixed pixel issues” 
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where some pixels were not solely covered by one homogeneous class [138,151]. 
Consequently, with an OA of 71%, this study does show that the WV3 data could be more 
convenient especially in urban areas, as the WV3 image has an increased level of 
radiometric, geometric, and spatial (8 bands) resolution leading to classify urban trees at the 
species level [138,152]. 
 
The OBIA approach did distinguish trees from other types of vegetation, yet to differentiate 
many diversified species could hardly be possible. The common spectral characteristics of 
many species will make it harder to have a classification with higher accuracy. It is 
therefore imperative to identify dominant species to reduce errors in classification and to 
effectively focus on the tree species with higher density in the area. 
 
 
4.2.2. CS mapping approach: comparative analysis  
 
The methodology implied in this study will have significant impacts on CS calculation[220] 
and mapping for the dominant species in city areas. The mapping approach in the case of 
both cities was found to be far convincing than that of the existing traditional approaches. 
The traditional biomass assessment methods are mostly based on field measurements which 
are not so convenient or practical to conduct over large areas considering a broad-scale 
assessment [70,221]. The results in Sassuolo show that the computed CS values were valid 
and reasonable for almost all the plots except a few cases [58] (Table 6). Considering the 
dominant species, the CS mapping outcomes were also quite feasible in Brussels where the 
assessment was highly influenced by the seasonal variations between the data sources 
(Field and WV3 data). However, in both cases, there were no such factors or issues which 
could not be sorted out to improve the mapping outcomes. For instance, it is evident that in 
Brussels, the CS mapping outcomes could have been far valid and significant considering 
the data sources with similar acquisition periods. In this case, the CS computation utilizing 
the LiDAR data could be a good example, since there were not that many variations with 
the field estimations (Table 8). Yet in all cases, there were other noticeable issues like the 
narrow or too wide and/or small overlapped crowns, trimmed crowns, and so on. These 
issues are obvious to be considered precisely for any of the urban landscapes [69,106,107] 
which are heterogeneous in space, structurally, and functionally [109,222–224]. But the 
proposed RS-based methodology will be implied as more essential and applicable in the 
case of monitoring and mapping vegetations and their ES than that of the traditional ones.  
 
To date, it is a critical need to develop a high-resolution map of tree biomass within the 
context of carbon monitoring over terrestrial ecosystems to assess ecosystem response to 
climate change [225–230], which clearly increases the utilization of the RS-based 
technologies for the last few decades. For instance, LiDAR data are widely being used to 
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complete high-resolution surveys of vegetation structure over forested areas and cities 
[47,231–234], and to estimate biomass and carbon storage in urban vegetation 
[47,85,235,236] because of its improved accuracy. Even though it is believed that the 
application of RS is quite expensive in vegetation mapping, Jones et al. (2010) [99,237] 
found automated methods from combined hyperspectral and LiDAR data (approximately 6 
USD per ha) to be competitive against traditional aerial photograph interpretation 
(approximately 12 USD per ha) in terms of accuracy and cost for a study area in South-
western Canada. However, the availability of LiDAR data is not always cost-effective, 
especially for developing countries. For those cases where LiDAR data is hardly available, 
high-resolution image data could be a solution for the city policymakers. For instance, 
studies show that high-resolution commercial data ((Rapid Eye, IKONOS, Geo-eye) are 
available with an approximate cost of 1–14 € per km2 which is still more affordable than 
the LiDAR data (62–240 € per km2) [238,239]. So, it could be a better initiative to employ 
other data sources like WV3 data instead of LiDAR where it is not possible to integrate or 
to have an available LiDAR da source.  
 
Considering these facts, this doctoral research has been conducted to identify the best 
outcomes in each case (LiDAR and WV3 image data) and to understand the result 
discrepancies among the in the similar study area. It is far clear that the mapping outcomes 
utilizing LiDAR data were much impressive (Table 8) than that of the WV3 data. But still, 
the regression analysis was showing a significant level of acceptance (Figure 17) also for 
the WV3 image outcomes in Brussels. Except for only a few plots (3 plots of 20), the 
percentage of the applicability of the approach was 45% which is certainly not that lower in 
the case of trees in a complex city environment. On the other hand, the percentage of 
LiDAR data outcomes except only two plots was more than 80% (Figure 19). But 
considering the cost-efficiency and the research perspectives, WV3 image data would be 
more feasible for those developing countries where LiDAR data acquisition is hardly being 
possible.  
 
Moreover, city planners and managers usually plan to rely on few urban tree attributes i.e. 
Urban forest structure, green cover, species composition and diversity, available planting 
spaces, and tree condition to make short- and long-term decisions about the urban forest 
resource [57]. But at the same time, the costs associated with the data collection and 
monitoring (Like RS application) have to be compensated by a reduction of field 
measurement expenses or by an increase in management efficiency that leads to increased 
income based on improved decision making [99]. That is why the utilization and 
application of the advanced RS technology depend on the purpose, economic feasibility, 
and the prospects of the resulted outcomes.   
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Herein, the proposed methodology will not only show a practical way to understand the 
contribution of different species in atmospheric CS, but it will also be a way out for the city 
policymakers especially- 

 
• to introduce and to understand the applicability of a cost-efficient and convenient 

RS-based approach in the case of urban tree species and their potential CS mapping;   
         • the estimation of the total benefaction of the individual dominant tree species 
considering the prediction of the total carbon sequestration; 

• understanding the consequences of ensuring adequate plant spacings during the 
planning of the urban green areas; 

 • Moreover, identification of the more efficient dominant species considering their 
roles in urban ecology to utilize the available urban space more noteworthy. 
 
 Yet further studies should be done with more sample plots during the field sampling and 
validation. The CS mapping largely depends on the accuracy of the tree classification, 
which could be challenging in the case of densely vegetated urban areas. That is why here 
only the dominant species were taken into consideration. This study was done to understand 
the perspectives and opportunities of the applied methodology. It would be interesting to 
find out the CS mapping efficiency in the case of the larger city areas comparing other data 
sources (i.e. Sentinel, Landsat) with a vast quantity of diversified tree species.  

  
However, the proper understanding of the urban tree species contributions in atmospheric 
carbon sequestration and storage is one of the most pertinent issues for urban green 
planning and management[240,241]. This mapping approach could be utilized as a tool to 
recommend the followings: (Table 9) 
 

- Successful implementation of an RS-based mapping approach especially in urban 
areas largely depends on the accuracy of the tree species classification and so the 
quality of the available data sources; 

- In the case of an efficient species-based contribution in atmospheric CS, WV3 
image data could be a far better and possible solution where the LiDAR data is too 
inconvenient to employ; 

- Especially for the developing countries, to manage and monitor the street and park 
trees and eventually to estimate the total AGB for the prediction of atmospheric 
carbon stock (CS), WV3 image data could be a convenient way out for the city 
authority; 

- Moreover, Rs-based (Tree species and their ES) mapping is always the most 
reliable and comparatively better way either in the case of utilizing the available 
LiDAR data or a less expensive multiresolution WV3 image data which also 
influences the sole purpose of mapping. 
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       Table 9: An overview of the doctoral research including the outcomes and recommendations 

Approach Application Recommendation 

-Tree species classification 

and 

mapping; 

-CS estimation and mapping; 

-Comparative discussion 

- Showing the applicability 

based on cost-efficiency and 

convenience; 

- The benefaction of the 

dominant tree species 

considering the prediction of 

the total CS; 

-AGB estimation and 

mapping for larger areas 

-Dependence of RS approach 

and mapping on classification 

accuracy and the quality of 

the available data sources; 

-WV3 image data would be 

more cost-effective and 

convenient than the LiDAR 

data; 

-A way out for the 

developing countries 

 
 

A convenient mapping method is a prerequisite not only for the tree CS prediction, but also 
to understand the roles of the dominant tree species to improve the urban environment 
considering other ecological benefits. The CS mapping considered in this study could be 
quite convincing also for the larger city areas, where it is still a big challenge to come up 
with a map without visiting and marking each tree manually. That is why the mapping 
effort utilized here will surely introduce an efficient way to initiate proper urban green 
management and tree plantation systems considering an improved urban atmosphere for the 
city dwellers. 
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Chapter 5. 

 

Concluding Remarks 
 
 
Efficient urban forest and green space management demand adequate data [57,74] where 
tree inventories are crucial for establishing a strong basis for strategic urban green planning. 
While CS mapping is time-consuming and tangled with the traditional tree by tree method, 
this study will ensure a strong baseline to go forward with the tree species classification and 
CS mapping in urban areas. This study will certainly be recognized considering the 
prospects of the applied approach based on an efficient (OBIA) classification method for 
the urban tree species mapping. For instance, the WV3 image with 8 bands (i.e. Coastal 
band, yellow band, red edge, and NIR2 band) is found to be far suited in the case both of 
the cities than the traditional four-band ones (usually blue band, green band, red band, and 
NIR band). Given the estimation of the accuracy level, urban tree species classification 
outcomes hugely depend on the positions, crown structures, and spectral attributes of the 
trees. Overlooking those facts, the overall accuracy for the dominant tree species 
classification for both cities was more than 70%. Also, the CS map reveals that the tree 
stands levels, species distribution (i.e. in Sassuolo), and temporal variations of the data 
acquisition period might have a significant influence on the total atmospheric CS for each 
species in urban areas. Except for a few cases, the proposed methodology would be an 
adequate solution considering an efficient CS mapping for the dominant urban tree species. 
This doctoral study was designed to understand and explore the feasibility of the proposed 
CS mapping approach. It could be an efficient way out for the policymakers in the case of 
tree species as well as the probable ES mapping in urban areas over the traditional methods. 
Especially for the developing countries or where the application of LiDAR data is not that 
cost-effective, this mapping approach will show the alters with WV3 image data. And so, 
this study outcomes will assist the researchers and city planners to employ and implement 
the advanced ways of CS mapping for the typical urban areas against the unavoidable 
impacts of climate change. 
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Appendix A. 

 

Abbreviations 

 
AGB = Above Ground Biomass 
 
AM = Agisoft Metashape 
 
CCCI = Canopy Content Chlorophyll Index 
 
CHM = Crown Height Model 
 
CS = Carbon Stock 
 
DBH = Diameter at Breast Height 
 
ES = Ecosystem Services 
 
GLCM = Grey Level Co-occurrence Matrix  
 
NDRE = Normalized Difference Red Edge index 
 
NDVI = Normalized Difference Vegetation Index 
 
OBIA = Object-Based Image Analysis 
 
OA = Overall Accuracy 
 
PCA = Principal Component Analysis 
 
RS = Remote Sensing 
 
SfM = Structure-form-Motion 
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