
 

 

FACULTY OF ENGINEERING AND SUSTAINABLE DEVELOPMENT 
Department of Computer and Geospatial Sciences 

P.G. Chrishan C. Fonseka 

2023 
 

Student thesis, Advanced level (Master degree, two years), 30 HE 
Geospatial information science  

Master Programme in Geospatial Information Science  
 
 

Supervisor: Nancy Joy Lim 
Co-supervisor: Andrew Mercer 

Examiner: Faramarz Nilfouroushan  
Co-examiner: Mohammad Bagherbandi 

 

Extracting dendrometric parameters of urban 
trees using remotely sensed data for quantifying 
their ecological services in Valls Hage, Sweden 



 

 
 

 



 

 
i 

Abstract 

Urban spaces have undergone notable transformations recently, emphasizing the 

integration of green areas for sustainable city development. Specifically, urban trees 

offer not just aesthetic appeal but also numerous ecological benefits. Yet, effectively 

quantifying these benefits demands intricate models. The i-Tree Eco model is 

prominent in this field, but its reliance on fieldwork for determining diameter at 

breast height and tree species is a limitation. This research introduces a methodology 

using airborne laser scanning and four-band orthophoto products from Lantmäteriet, 

focusing on Valls Hage, Gävle, Sweden. For ground-truthing, 191 trees were 

measured in the field using the total station.  Employing a raster-based watershed 

segmentation, tree canopies and treetops were delineated, showing a minor 

overestimation (2.09%) in tree detection against field data. Furthermore, a canopy 

height model was implemented to identify dendrometric parameters including tree 

height, canopy-base height, crown light exposure, canopy width and length. A linear 

regression deduced the diameter at breast height, with a 71.32% R-squared value. 

Combined with a normalized vegetation index obtained through RGB-NIR 

orthophotos, a feedforward neural network multilayer perceptron predicted the tree 

family taxonomic rank with 92.5% accuracy. Implementing these in the i-Tree Eco 

model, ecological services were quantified, and the main focus was on carbon storage, 

gross carbon sequestration and avoided runoff. By obtaining average values at various 

taxonomic levels (i.e., species, genus, family, and order level) deviations were 

observed up to 15% when comparing the field-measured values and those derived 

from airborne laser scanning data. Averaging values at the species level resulted in a 

30% change from the base value outputs. Notably, letting the i-Tree Eco model 

estimate parameters other than the diameter at breast height, species, and tree height 

led to an 80% difference from the base value in avoided runoff. Overall, I concluded 

that readily available airborne laser scanning data and orthophotos covering Valls Hage 

can be used to detect individual trees and derive dendrometric parameters at the 

family taxonomy level. Further work will merit this research by expanding the ground 

truth dataset to be used in Convolutional Neural Networks for orthophotos and 

multilayer perceptron for dendrometric parameters. A probability approach can be 

employed to enhance the accuracy of species estimation of an individual tree. This 

study highlights the potential of remote sensing data to quantify the ecological services 

of urban trees, thereby supporting urban planning and development.  

 

Key words: Dendrometry, ALS, Watershed delineation, Ecological services, CHM, 
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1 Introduction 

1.1 Background 

Urban trees play a pivotal role in enhancing the urban environment and contributing 

to the overall health and well-being of cities and their inhabitants (United States 

Digital Services [USDS], 2019). They provide a diverse range of essential ecological 

services that are integral to creating sustainable and liveable urban landscapes. These 

services encompass energy conservation, carbon dioxide sequestration, oxygen 

production, stormwater management, aesthetic enhancement, air pollution 

mitigation, noise reduction and wildlife habitat provision, among others (McCoy et 

al., 2022). Hence, the significance of urban trees in enhancing urban ecosystems and 

elevating the quality of life for urban residents cannot be overstated. 

To comprehensively understand the functioning and the ecological services of trees in 

any given environment, it is crucial to measure and quantify their physical 

characteristics accurately through the scientific field known as dendrometry. 

Dendrometry involves measuring and analysing various parameters of trees, including 

tree height, diameter, volume, biomass, and crown dimensions (Cabo et al., 2018). 

These parameters can be measured using various techniques such as field 

measurements, remote sensing, image analysis, etc. (Skovsgaard, 2004 and Cabo et 

al., 2018). Each method has its own distinct advantages and disadvantages, making 

the choice of method dependent on the specific research question, scale of analysis, 

and available resources.  

Among the most common dendrometric parameters, tree height holds a significant 

scientific relevance and is found in numerous fields in estimating important ecological 

factors like biomass, carbon sequestration, and growth rates (Ostadhashemi et al., 

2014). Similarly, tree diameter at breast height (DBH) is another important 

dendromentric parameter that is extensively employed in ecological and forestry 

applications such as estimating basal area, volume, and biomass (Pace et al.,2022). 

Tree volume and biomass are also important dendrometric parameters that provide 

critical insight into estimating the productivity and carbon sequestration potential of 

forests. These parameters can be estimated using various methods, including the 

utilization of allometric equations, biomass expansion factors, and biomass models 

(Morgenroth & Gomez, 2014). Additionally, crown dimensions, such as crown 

width, length, and crown projection area, are also important dendrometric 

parameters that play a vital role in estimating factors like canopy cover and light 

interception within forest ecosystems (Pace et al.,2022).  

Quantifying the ecological services provided by urban trees hold paramount 

importance for urban planning, policy-making, and sustainable development 
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initiatives. Accurate assessment and validation of these services enable decision-

makers to prioritize and allocate resources efficiently, ensuring the effective 

management, preservation, and enhancement of urban green spaces. Such 

assessments provide valuable insights into the multifaceted benefits conferred by 

urban trees, allowing urban planners and policymakers to make informed choices and 

develop evidence-based strategies (USDS, 2019). Hence, recognizing and utilizing 

the ecological services of urban trees are essential for building resilient and prosperous 

cities for current and future generations. 

To quantify ecological services, the i-Tree Eco model can be identified as one of the 

widely used models providing a robust framework (King and Locke, 2013). 

However, its implementation typically demands extensive fieldwork involving 

surveying and physically collecting and measuring tree variables such as tree height, 

crown diameter, crown density, leaf area, and biomass (USDS, 2019). This traditional 

approach to data collection is time-consuming, costly, labour-intensive, and 

logistically challenging, particularly when dealing with large-scale urban areas. For 

example, the i-Tree project in the United Kingdom, initiated in 2013, is still ongoing 

due to the extensive fieldwork involved. Similarly, the i-Tree project in Sweden, 

initiated by the Stockholm University of Agriculture Science (Sveriges 

lantbruksuniversitet, SLU) in 2017, had to conclude prematurely due to insufficient 

funds for the required manpower. Consequently, there is a need to explore 

alternative methods that can achieve the objectives of these kinds of studies while 

minimizing the reliance on extensive fieldwork. 

Recent advancements in remote sensing methods, such as those utilizing airborne 

laser scanning (ALS) and orthophotos, provide a promising alternative for efficiently 

acquiring data on urban tree attributes (Lines et al., 2022). ALS, commonly known 

as light detection and ranging (LiDAR), is a remote sensing technique that employs 

laser pulses to capture precise and detailed 3D measurements of the Earth’s surface, 

including vegetation. By emitting laser pulses and measuring the time taken for the 

reflected signal to return, ALS systems can create highly accurate digital elevation 

models (DEM) and point clouds, capturing the vertical structure of vegetation with 

exceptional precision (Jaskierniak et al., 2021). According to Lines et al. (2022), this 

technology enables the extraction of valuable dendrometric parameters, including 

tree height, crown dimensions, canopy volume, and vegetation density, facilitating a 

more precise and comprehensive assessment of urban tree characteristics.  On the 

other hand, multispectral orthophotos that capture data in multiple spectral bands, 

including red (R), green (G), blue (B), and infrared (IR) bands provide another 

valuable source of information for assessing urban tree characteristics (Ventura et al., 

2022). These spectral bands can offer more information about the vegetation allowing 

for visual identification of tree species, assessment of their health and condition, and 
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estimation of canopy cover and fragmentation (Guo et al., 2022). The combination 

of ALS data and multispectral orthophotos presents a powerful and synergistic 

approach for extracting dendrometric parameters and species information of urban 

trees (Degericks et al., 2018). By leveraging these remotely sensed data sources, 

researchers and practitioners can overcome the limitations of traditional field methods 

and obtain a more comprehensive and accurate information on urban tree 

characteristics at a larger scale area. 

1.2 Problem statement 

Accurate assessment and quantification of ecological services provided by urban trees 

is of utmost importance in understanding their contribution to urban ecosystems and 

sustainable development. While various models exist to estimate the ecological 

services of urban trees, many of them require extensive fieldwork to obtain accurate 

inputs. The fieldwork is time-consuming, expensive, and often impractical for large-

scale assessments. However, existing models such as the i-Tree Eco, which aims to 

quantify urban forest ecosystem services, have faced challenges in terms of the 

resources and manpower needed to collect the necessary input data. Consequently, 

there is a need to explore alternative approaches that can leverage remotely sensed 

data, such as ALS and orthophotos, to derive the required inputs for these models 

while minimizing the dependence on extensive fieldwork. 

On the other hand, the Swedish Cadastral and Land Registration Authority, 

Lantmäteriet, provides ALS data and multispectral orthophotos covering the entirety 

of Sweden. Hence, this study aims to develop an approach that optimizes the use of 

available remotely sensed data provided by Lantmäteriet in extracting required inputs 

for the i-Tree Eco to quantify the ecological services of urban trees. This approach 

can help significantly reduce the reliance on fieldwork, saving resources and time, 

while providing the information needed for decision making, urban planning, and 

more effective management of urban green spaces. 

1.3 Research question and objectives 

With a focus on quantifying ecological services using remotely sensed data (ALS data 

and multispectral orthophotos), this study will try to extract dendrometric 

parameters, and identify the species type of urban trees in Vallshage, Gävle, that can 

be used in the i-Tree Eco model to help quantify their ecological services. 

Furthermore, this study aims to further analyze the sensitivity of the i-Tree Eco 

model. The main research questions that will be addressed are the following: 
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1. How can the dendrometric parameters and the species needed to be used as 

inputs for the I-Tree Eco model be extracted from already available ALS data 

and RGB-NIR orthophotos in Sweden? 

2. How different the species and dendrometric parameters obtained from 

fieldwork for the i-Tree Eco model compared to those derived from ALS data 

covering Valls Hage, Sweden? 

3. How do the i-Tree Eco model’s outputs vary when inputs are replaced with 

ALS-derived inputs and averaged to the taxonomy ranks, species, family, 

genus, and order level? 

1.4 Significance of the study 

This study holds significant implications for urban planning, environmental 

management, and decision-making processes related to urban trees. By exploring the 

potential of ALS data and multispectral orthophotos to extract dendrometric 

parameters and species information, it can offer a more manageable and cost-effective 

approach to quantifying the ecological services of urban trees. The findings of this 

research can assist policymakers, urban planners, and researchers in better 

understanding the contribution of urban trees to the urban ecosystem, facilitating 

decision making and sustainable urban development practices. 
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2 Literature review 

Time is an invaluable resource, and maximizing efficiency is important This study 

aims to simplify the quantification of ecosystem services provided by urban forests 

using remotely sensed data, which can be obtained at a lower cost and with minimal 

labour effort. In this section, a summary of existing literature related to the subject 

matter is presented. 

2.1 Urban forests and ecological services 

An urban forest is an area that encompasses the vegetation and associated natural 

resources present in urban, suburban, and adjacent areas, irrespective of ownership 

(Moeller, 1977). Recently, Dobbs et al. (2014) broaden the definition, by considering 

including all trees, shrubs, lawns, and previous soils found in an urban area.  

Furthermore, it is considered as an integral part of green infrastructure and the 

broader urban ecosystem (Doick et al., 2016). Therefore, the concept of an urban 

forest provides a better understanding of the diverse ecological services provided by 

them, that are crucial for sustainable urban planning and development.  

Ecological services, also known as ecosystem services, refer to the benefits that 

ecosystems provide to humans and the environment (Davies et al., 2017). Here, the 

main focus is drawn to the ecological services provided by the urban forests or urban 

trees. Table 1 illustrates a categorical overview of the ecological services associated 

with urban trees. 
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Table 1. Ecological services of urban trees. 

 

 

As a result of the photosynthesis process, trees contribute to minimizing the 

greenhouse gases in the atmosphere, specifically carbon dioxide, by storing the 

excessive carbon in their biomass. As the tree grows, the biomass increases and studies 

state that approximately half of the total dry weight of the tree’s biomass is carbon 

(Nowak et al., 2008). This carbon storage capacity is therefore an important 

ecological service of trees. To calculate this carbon storage of trees, the DBH, tree 

height, and canopy size must be measured or estimated. According to McPherson et 

al. (2005), these measurements are crucial to calculating a tree’s total volume of 

timber or dry mass, which is correlated with how much carbon it can store. 

Carbon sequestration is the annual rate of trees, capturing and storing atmospheric 

carbon dioxide as tree biomass (McPherson et al., 2005). The trees’ yearly growth 

rate (change in biomass) is taken into consideration when quantifying carbon 

sequestration. It is important to note that these rates are slower in older trees and 

faster in younger trees (White, 1998). Tree death or decay is not considered in this 

context.  

Rainfall that accumulates and flows over the ground surface is known as stormwater 

runoff. Urbanized environments consist of a high percentage of impervious surfaces, 

which highly contribute to runoff. However, trees and forests play a crucial role in 

mitigating this effect by capturing and storing rainfall in the canopy. This stored water 

is released into the atmosphere through evapotranspiration (Doick et al., 2016). 
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Additionally, trees intercept rainfall by reducing both the volume and kinetic energy 

of rainfall that reaches the ground.  

Urban trees have the ability to emit volatile organic compounds, which can contribute 

to the formation of ozone gas (Chameides et al., 1988). Additionally, trees can 

intercept airborne particles, thereby, contributing to the reduction of air pollution. 

Nowak et al. (2006) state that forest canopies can reduce the mixing of air above the 

canopy and air below the canopy that leads to considerable improvement of the air 

below the canopy. The highest impact of urban trees on ozone, sulphur dioxide, and 

nitrogen dioxide is most pronounced during the in-leaf season when trees are actively 

transpiring water during the daytime. This study has used several computer-modelled 

equations to model the pollution removal potential of urban trees, carbon monoxide, 

nitrogen dioxide, ozone, particulate matter less than 10 µm and sulphur dioxide in 

55 US cities.  

Water transpiration in trees is the loss of water in them due to evaporation. This 

process is deeply coupled with the global hydrological cycle which is an essential 

process in maintaining life. Roberts (1987), in his study discusses several models to 

measure the water status and water loss due to transpiration in trees. Roberts’ study 

focuses on calculating several parameters related to water status including plant water 

status, relative water content, water potential by thermocouple psychrometry, water 

potential by pressure equilibration, water status as measured by changes in stem 

diameter, water status as reflected by changes in leaf temperature, water status as 

reflected by computer modelling of transpiration, and finally reducing transpiration 

water loss in trees. These parameters provide insights into the water dynamics within 

trees and contribute to a better understanding of their role in ecological services. 

2.2 Biomass and carbon storage estimation methods 

The quantification of biomass and carbon storage in vegetation, particularly trees, and 

forests, holds great significance. These estimation methods provide essential insights 

into the amount of organic matter and carbon sequestered within ecosystems. 

Generally, there are two main categories of methods commonly used: destructive and 

non-destructive methods (Fonseca et al., 2011). Destructive methods involve the 

complete or partial destruction of vegetation to obtain precise measurements of 

biomass and carbon content. This typically includes felling trees, collecting, and 

separating their components, such as stems, branches, and foliage, and weighing 

them. Subsequent laboratory analysis is conducted to determine the carbon content 

of the collected samples (Schettini et al., 2022). Destructive methods yield precise 

measurements, but can be demanding in terms of labour, and are typically more 

applicable to smaller sample sizes.  
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In contrast, non-destructive methods enable biomass and carbon storage estimation 

without causing permanent damage to the vegetation. These methods offer broader-

scale assessments while minimizing disruption. A commonly employed non-

destructive approach is the utilization of allometric equations. These equations 

establish mathematical relationships between easily measurable parameters such as 

tree diameter, height, or crown size, and biomass or carbon content. By applying 

these equations to field data, estimates of biomass and carbon storage can be derived. 

Another non-destructive method is remote sensing, which utilizes satellite or aerial 

imagery, LiDAR, and hyperspectral data. Remote sensing techniques capture the 

structural and spectral characteristics of vegetation, allowing large-scale assessments 

of biomass and carbon storage. By correlating remote sensing data with field 

measurements, it becomes possible to develop models that estimate biomass and 

carbon content more accurately (Schettini et al., 2022). The choice of method 

depends on the research objectives, available resources, and the scale of assessment.  

The study conducted by Ostadhashemi et al. (2014) focuses on non-destructive 

methods for estimating biomass and carbon storage of trees in northern Iran. The 

authors evaluated several approaches and models to assess their effectiveness. 

According to their findings, the Jenkins et al. (2003) model and Chojnacky and 

Jenkins (2010) model yield more accurate results for native species. The Jenkins et 

al. (2003) model provides a comprehensive set of diameter-based allometric 

regression equations for estimating total aboveground biomass for trees in the United 

States, which is a significant development in biomass estimation. This model laid the 

groundwork for the Chojnacky and Jenkins (2010) technique. They chose equations 

among around 2,500 available in a refined meta-analysis, focused especially on 

predicting biomass using just diameter measurements. This improved method 

provides precise biomass calculations for individual trees as well as specific 

components such as branches, boles, barks, or leaves, and is applicable to a wide range 

of North American tree species. On the other hand, the authors stated that the 

Intergovernmental Panel on Climate Change (IPCC) model demonstrates greater 

reliability when applied to exotic species. These observations provide valuable insights 

into the suitability of various models in estimating biomass and carbon storage in 

specific tree species within the study area.  

When estimating biomass and carbon storage in trees, several parameters are 

commonly employed. One widely used parameter is the DBH, which measures the 

trunk diameter at a standard height above the ground. The age of the trees is also 

considered as an important factor (Jithila & Prasadan, 2018). These parameters, along 

with others, have been investigated in various studies to determine the total biomass 

and carbon storage in different contexts. For instance, Jithila and Prasadan (2018) 

conducted a study in which they randomly selected 610 trees and measured their DBH 
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and age to quantify the rate of carbon sequestration. They employed allometric 

equations, such as those proposed by Udayakumar et al. (2016), MacDicken (1977) 

and Hangarge et al. (2012), and Sheikh et al. (2011), to estimate the above-ground 

biomass, below-ground biomass, and total biomass, respectively. Carbon storage was 

determined using the equation proposed by Birdsey (1992), while carbon 

sequestration was calculated using the equation from Vishnu and Satish (2016). The 

study reported a linear relationship between DBH and carbon sequestration, where 

the latter shows a logarithmic increase with the number of trees.  

Leaf area and leaf biomass are essential parameters that must be calculated to estimate 

many forest-based services such as the exchange of energy, light interception, carbon 

cycling, plant growth, forest productivity, etc. According to Das (2014), the leaf area 

and leaf biomass can be used for assessing gas exchange, ecosystem modeling, eco-

physiological studies (e.g., photosynthetic efficiency, evapotranspiration, 

atmospheric deposition, biogenic volatile organic emissions, light interception), 

examining tree growth models, and studying forest nutrient cycling. This study 

conducted in the Moulvibazar Forest Range in Bangladesh, focused on the dominant 

tree species Lagerstroemia speciosa (L.). The authors have measured leaf area, DBH, 

and tree height data in order to explore the relationship between leaf area and leaf 

biomass with DBH and tree height. They have developed 24 models between those 

parameters and found the 10th and 24th model as the best models that account for 

more than 96% variation and have lower RMSE. 

2.2.1 Allometric equations 

An allometric equation is a mathematical formula that relates one biological variable 

to another. In the context of biomass and carbon storage estimation, allometric 

equations relate measurable parameters (e.g., tree diameter, height) to the biomass 

or carbon content of trees or vegetation. These equations are developed through 

empirical studies that involve collecting field data on various tree characteristics, and 

measuring biomass or carbon content (Vorster et al., 2020). The parameters used in 

allometric equations can vary depending on the specific type of vegetation being 

studied. 

Besides, predicting the DBH of trees using allometric equations is a common practice 

in forestry and ecological research. Allometric equations relate various tree 

characteristics to DBH, allowing for non-destructive and efficient estimation of DBH, 

which is an essential parameter for assessing tree growth, volume, and biomass. These 

equations are particularly useful when direct measurements of DBH are not feasible 

or when studying large tree populations.  The development of allometric equations 

for DBH prediction involves collecting data from a sample of trees where DBH and 

other tree characteristics (e.g. height, crown diameter, species) are measured. The 
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data are then used to build a statistical model that establishes a relationship between 

the predictor variables (e.g. height, crown diameter) and the response variable 

(DBH). Various regression techniques, such as multiple linear regression or nonlinear 

regression, can be employed depending on the complexity of the relationship. 

Equation 1 illustrates a simplified example of allometric equation using a simple linear 

regression, to predict the DBH based on tree height.  

𝐷𝐵𝐻 =  𝛽0 + 𝛽1 × 𝐻  [1] 

Where, H represents tree height in meters (i.e. the predictor variable), β0, and β1 

are coefficients that the regression model estimates to establish the relationship 

between DBH and H. Various research studies have developed different allometric 

equations tailored for specific tree species and different forest ecosystems, including 

urban trees. For instance, allometric equations were developed for urban street tree 

species in the study of Yoon et al. (2013). In another study conducted by Nowak et 

al. (2013) to assess the contribution of urban forests to climate change, a set of 

allometric equations was employed. The study included urban trees from 28 cities 

and 6 states across the United States.  

Nowak (1996) presents a logarithmic regression model to predict the leaf area and 

leaf biomass from crown parameters. The study was conducted in Chicago, Illinois on 

54 deciduous open grown park trees. This study claims that the relationship between 

the leaf surface area and leaf biomass with the tree crown parameters is more reliable 

than their relationship with DBH. 

Negash et al. (2013) have done a study to develop and assess allometric equations that 

can be used to estimate the aboveground biomass of Coffea arabica plants cultivated 

within the indigenous agroforestry system. Their developed parameterized square 

power equation has confirmed the importance of parameterization of allometric 

equations with site-specific data when possible. 

2.3 i-Tree Eco model 

i-Tree Eco is a model developed by the United States Department of Agriculture 

Forest Service primarily focused on urban forests 

(http://www.itreetools.org/eco/). The i-Tree Eco is part of the i-Tree suite, 

especially focusing on quantifying a variety of ecosystem services provided by urban 

trees whilst providing valuable insights into their structure and composition (Doick 

et al., 2016). By utilizing standardized inputs, the model generates a range of outputs 

related to species or strata, offering insights into the ecosystem services provided by 

urban trees. The outputs generated by the i-Tree Eco model are diverse and 

comprehensive. These outputs of the model also procure future management of urban 

trees in relevance to protection and maintenance aspects. One of the main advantages 
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of using the i-Tree Eco model is its ability to integrate multiple parameters and 

generate all the outputs within a single software suite (Nowak, 2008). In comparison 

to other approaches, where each parameter must be calculated individually, this 

model can provide an efficient process for assessing and evaluating urban forest 

benefits.  

The model involves using several equations to calculate various aspects of carbon 

storage and environmental impact related to urban trees. The carbon storage (in kg) 

is calculated based on the biomass of the trees (in kg) and the carbon content in their 

tissues. The equation for carbon storage is illustrated by equation 2 (Chow and Rolfe, 

1989). The total amount of organic matter (in terms of weight) contained within a 

tree is referred to as its biomass. This comprises the roots, trunk or stem, branches, 

leaves or needles, and even the fruits or seeds. It is essentially a measurement of how 

much a tree weighs minus its water content. The biomass of a tree is estimated based 

on its tree diameter (DBH) and tree height. The carbon content fraction represents 

the proportion of carbon in the tree's biomass, which is typically assumed to be around 

50% or 0.5.  

𝐶𝑎𝑟𝑏𝑜𝑛 𝑆𝑡𝑜𝑟𝑎𝑔𝑒 =  𝐵𝑖𝑜𝑚𝑎𝑠𝑠 ×  𝐶𝑎𝑟𝑏𝑜𝑛 𝐶𝑜𝑛𝑡𝑒𝑛𝑡 𝐹𝑟𝑎𝑐𝑡𝑖𝑜𝑛  [2] 

Gross carbon sequestration represents the total amount of carbon dioxide (CO2) 

absorbed and sequestered by urban trees through photosynthesis during a specific time 

period (e.g. annually). Equation 3 is the general mathematical expression for gross 

carbon sequestration (Mohammadi et al., 2017). Here, the Net Primary Productivity 

(NPP) is the difference between the amount of carbon dioxide absorbed through 

photosynthesis and the amount released through respiration. It represents the net 

carbon gain by the trees. The carbon fraction is the proportion of carbon in the organic 

matter produced during photosynthesis, which is estimated to be around 50% (0.5). 

𝐺𝑟𝑜𝑠𝑠 𝐶𝑎𝑟𝑏𝑜𝑛 𝑆𝑒𝑞𝑢𝑒𝑠𝑡𝑟𝑎𝑡𝑖𝑜𝑛 =  𝑁𝑃𝑃 ×  𝐶𝑎𝑟𝑏𝑜𝑛 𝐹𝑟𝑎𝑐𝑡𝑖𝑜𝑛 [3] 

Avoided runoff represents the reduction in stormwater runoff attributed to the 

presence of trees (equation 4). Here, the precipitation (in mm) is the total amount of 

rainfall during a specific time period and interception (in mm) is the portion of rainfall 

that is intercepted and retained by the tree canopy, reducing the amount of water 

reaching the ground. All values of this equation should be in millimetres (Hirabayashi, 

2013). 

𝐴𝑣𝑜𝑖𝑑𝑒𝑑 𝑅𝑢𝑛𝑜𝑓𝑓 =  𝑃𝑟𝑒𝑐𝑖𝑝𝑖𝑡𝑎𝑡𝑖𝑜𝑛 −  𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡𝑖𝑜𝑛 –  𝑅𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛 [4] 

Below Table 2 illustrates the required inputs for the i-Tree Eco model when 

quantifying those ecological services.  
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Table 2. Essential inputs for the selected ecological services. 

 

Numerous earlier studies have utilized the i-Tree Eco model to assess the benefits 

provided by urban trees in different contexts. In the study by Nowak et al. (2013), 

the researchers utilized the i-Tree Eco model to estimate carbon storage and 

sequestration by trees in urban and community areas across the United States. It 

demonstrated the effectiveness of the model in assessing and quantifying the carbon 

storage and sequestration capabilities of urban forests. Bodnaruk et al. (2020) 

employed the i-Tree Eco model to assess the ecosystem services provided by different 

types of urban green spaces. In the study conducted by Derkzen et al. (2015), the 

researchers utilized the i-Tree Eco model as part of their assessment of urban 

ecosystem services in Rotterdam, Netherlands, which was aimed to quantify and 

evaluate the ecosystem services provided by urban green spaces in the city. These 

studies witness the i-Tree Eco model’s versatility and significance in comprehensively 

assessing and quantifying the wide-ranging benefits of urban trees. 

2.4 Remote sensing for forest inventories 

Forest inventories are assessments of forest resources that can provide valuable 

information about the structure, composition, and health of forest ecosystems. These 

inventories consist of both direct and indirect attributes, which are key components 

of the data collected through remote sensing and field surveys. Tree height, DBH, 

canopy cover, leaf area index, and species identification are direct attributes, and 

above-ground biomass, carbon storage, volume of tree components, and biomass 

allocation are indirect attributes of forest inventories (Lister et al., 2020). Remote 

sensing has emerged as a valuable tool for conducting forest inventories, offering the 

potential to gather wide-ranging information on important attributes such as biomass, 

stem volume, and biodiversity with required accuracies. Remote sensing 

technologies, such as aerial and satellite imagery, LiDAR, and hyperspectral sensors, 

enable the collection of data at regional or even global scales (Knoke et al., 2021).  

Several studies have also explored the applicability of remote-sensing technologies 

including terrestrial laser scanning (TLS) in forest assessments (Wiman and Larsson, 

2023). The study by Lister et al. (2020) aimed to enhance the efficiency of national 

forest inventories by integrating remote sensing data, emphasizing the significance of 

Ecosystem Service  Inputs needed for the i-Tree Eco 

Carbon storage  Species, DBH, total height, land use, crown width, crown  
height, % crown missing  

Gross carbon sequestration  Species, DBH, total height, land use, CLE, crown health  

Avoided run-off  % Tree cover, species, total height, crown base height,  
crown width, % crown missing  
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effective forest management for human well-being and ecosystem health. In the study 

of Liang et al. (2016), they evaluate the applicability of TLS in forest inventories 

highlighting the limitations of conventional methods and the advantages of the TLS in 

measuring parameters like stem volume and biomass components. The integration of 

various technologies such as Remote Sensing, Airborne Photogrammetry, LiDAR, 

Geographic Information systems (GIS), Global Positioning Systems (GPS), and 

conventional geodetic techniques for data acquisition, processing, analysis, and 

management was discussed by Cristea and Jocea, (2015). Their study demonstrates 

the applicability and potential capabilities of using TLS and GIS technologies in forest 

assessments. Despite the advancement in TLS technology, it discusses the 

disadvantages of TLS, particularly the lack of automation in data processing and the 

high cost of equipment. Krooks et al. (2014) used quantitative structure modeling 

and terrestrial laser scanning to produce detailed information on branch-level metrics 

in Trees. This study has found that the branch size distribution is similar for trees of 

different heights in similar conditions, and that tree height can be used to estimate 

branch size distribution in areas with similar growing conditions and topology.  

Furthermore, Tiede et al. (2005) provide a method to extract and delineate single 

trees from small-footprint, high-intensity laser scanning point data in a GIS 

environment. The authors have developed a local maxima algorithm to identify 

treetops and then have developed a region-growing algorithm to delineate the 

respective tree crowns. By comparing with field surveys, the results indicate 72.2% 

of tree detection for dominant trees and 51% for overall tree detection. Overall, 

remote sensing technologies have been identified as essential tools in forest 

inventories, providing efficient and accurate means to assess forest attributes and 

monitor changes over time. 

2.4.1 LiDAR and airborne laser scanning methods 

LiDAR stands for light detection and ranging where it uses the technique of calculating 

distances based on the time taken for the return of emitted light or pulse using the 

speed of electromagnetic radiation (GISGeography, 2023). This technique is widely 

used in various applications including forestry. Three main methods exist, ground 

based (TLS), air based (ALS), and satellite based (spaceborne). For this study only 

airborne and terrestrial methods will be discussed. The main advantage of LiDAR, 

especially airborne and terrestrial LiDAR, is its capability to penetrate through 

vegetation. Unlike other remote sensing techniques, LiDAR can effectively capture 

data from the top of the canopy to the ground level (Zolkos et al., 2013). This ability 

allows LiDAR to provide detailed information about the vertical structure of forests, 

including the height and density of trees, which is essential for forest assessments.  
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Airborne laser scanning can effectively be used to extract biophysical variables and for 

updating forest inventories on a national scale (Pascual et al., 2018). The main two 

approaches are the single tree method and the area-based method. The single-tree 

method provides more detailed information on individual trees, allowing for precise 

assessments of tree-level characteristics. On the other hand, the area-based method is 

more efficient for large-scale assessments, providing estimates of stand-level 

attributes across extensive forested regions (Maltamo et al., 2014). However, 

measured data are usually stored as point clouds consisting of 3D coordinates of laser 

return locations. Studies on ALS have shown that laser pulse penetration into the 

canopy causes an underestimation of 0.5 m – 2.0 m, depending on the tree species, 

canopy shape and structure (Woodget et al., 2007). ALS can minimize time, 

manpower, and cost, making it an attractive option for forest assessments (Pascual et 

al., 2018). Hence, despite the limitations, ALS is proven to be a valuable tool for 

forest inventory and management. 

2.4.2 Analysis of ALS data for urban forest ecological services 

ALS data provides a wealth of information that enables researchers and urban planners 

to quantify and model the ecological services of urban forests effectively. Some of the 

key parameters that can be extracted from ALS data and are relevant to model 

ecological services include individual tree and crown, sub-canopy forest structure, 

tree health, tree diameter and tree height, leaf area index, tree size distribution, tree 

species classification, above-ground biomass, and basal area and stand volume. Their 

applicability in studies will be described in the below paragraphs. 

2.4.2.1 Individual tree and crown 

Identifying each tree and its crown is a fundamental process that must be performed 

initially on a LiDAR data set to progress further in deriving other parameters of a tree 

in addition to its use in ecological services models. The exact identification and 

delineation of tree canopy borders in natural environments is required for the 

segmentation of individual tree crowns (ITCs). This operation can be accomplished 

using a variety of methods, including watershed segmentation, the valley-following 

algorithm (Gougeon, 1995), local maximum algorithm (Wulder et al., 2000), seed 

region growth algorithm (Fan et al., 2005), edge detection algorithm (Zhao et al., 

2023), cluster analysis (Kaartinen et al., 2012), etc. Among them, the watershed 

segmentation is widely used, especially when working with remote sensing data 

(Chen et al., 2006; Schardt et al., 2002). By strategically placing markers within the 

watershed algorithm, each tree crown is regarded as a separate segment during the 

segmentation process. In order to make ITC identification easier, watershed 

segmentation can help distinguish between tree canopies and background (Hanapi et 
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al., 2019). The approach enables the identification of canopy boundaries by utilizing 

canopy height models (CHMs) (Wu et al., 2019). 

Watershed segmentation, however, has certain drawbacks, one of which is its 

propensity for over-segmentation because of noise and data abnormalities (Hanapi et 

al., 2019; Ma et al., 2022). This emphasizes how crucial high-quality data is to 

guarantee accurate segmentation. The effectiveness of this method for ITC detection 

has been used in numerous investigations. For accurate ITC segmentation using 

LiDAR data, Yang et al. (2020) suggested a unique approach that combines the 

watershed algorithm and 3D spatial distribution analysis. The method relies on the 

identification of tree crowns based on their convexity and the highest point, followed 

by segmentation based on watersheds and 3D refinement. 

Similarly, Wu et al. (2019) evaluated various segmentation techniques while focusing 

on estimating canopy cover using UAV-based LiDAR data. Approaches based on 

individual tree segmentation, CHM, and statistical models were investigated. The 

point cloud segmentation method, ITC segmentation, and watershed techniques were 

shown to be the most accurate. To monitor the state of the forest, Dous and Farah 

(2010) conducted a study to extract individual trees using CHM. For ITC 

segmentation and local maximum function of individual tree detection, they 

employed a watershed algorithm there. A marker-controlled segmentation technique 

that confines the watershed algorithm to a set of markers, in this case, treetops, 

increased the accuracy of this method. Three different window widths were tested, 

and the findings obtained showed that the number of trees had R-squared values of 

0.84, 0.76, and 0.78. With an overall RMSE of 3.4% and a correlation coefficient of 

0.88, the study concluded that the approaches were reasonably accurate when 

compared to actual data. 

The study by Jaskierniak et al. (2021) presents an individual tree crown delineation 

algorithm, which uses a bottom-up approach. This algorithm has been tested on a 

LiDAR data set with a mean point density of 1,485 points per meter with 39 flight 

sites over a mixed species eucalypt forest, along with 2,790 field measurements. They 

have used kernel densities to stratify various understory vegetation profiles and 

watershed clustering procedures on point density measures for overstorey vegetation. 

Afterwards, a principal component analysis was done to merge the sliced clusters into 

trunks, branches, and canopy clumps. Finally, a voxel connectivity procedure had 

been performed to cluster the biomass segments into overstory trees. According to 

the authors the individual tree and crown delineation algorithm has a mean F score of 

0.91 and an 85% true positive tree representation with respect to the field 

measurements. 
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Another study by Sačkov et al. (2019) presents a comparison of two tree detection 

methods: the multisource based method executed in reFelx software, and the raster-

based method implemented in OPALS software used to estimate forest stand and 

ecological variables from airborne LiDAR data in central European forests. It 

compared the estimated variables from the ALS data against four stands of ground 

reference data, each covering an area of 7.5 ha and within an overall area of 64 ha. 

The authors have derived the individual tree location and height using the raster 

method, tree species group into broadleaves and conifers using a combination of the 

canopy height model and the intensity raster having a pixel size of 1 m, tree diameter 

using nonlinear regression models, tree volume, forest stand and ecological variables. 

The study concludes that both software methods showed an overall performance rate 

between 52% to 64% compared to field collected data, with statistical significance 

(p-value < 0.05).  

In addition, Hu et al. (2014) have developed a framework that makes use of the finely 

detailed vertical structures found in high-density LiDAR data to improve the 

delineation of individual tree crowns. Finding treetops for marker-controlled 

watershed segmentation was the major goal of the multi-scale ITC delineation, which 

was constructed on a number of main processes. A tree crown was thought to 

resemble a half-ellipsoid or cone shape when viewed through a CHM. Two plots were 

chosen for the study from the study region. 74% of the mixed wood treetops in Plot 

1 and 72% of the deciduous trees in Plot 2 were accurately defined when the findings 

were compared to a manually segmented CHM. These findings imply that the 

approach yields satisfactory results, particularly when compared with manual 

interpretation.   

2.4.2.2 Sub-canopy forest structure 

The sub-canopy structure is a key parameter that can be derived from ALS data in 

forest inventory studies. It refers to the detailed and three-dimensional arrangement 

of vegetation components and features within lower layers of the forest, beneath the 

main canopy layer (Goodwin and Coops, 2016).  In the study of Jarron at el. (2020), 

the researchers used ALS data to estimate a subcanopy forest of 48,000 ha dominated 

by coniferous trees in Canada. The ALS point density was 23 per square meter. The 

authors have distinguished the sub-canopy from the main canopy using the Lorey’s 

mean height (i.e., a metric used in forestry and ecology to estimate the average height 

of trees within a stand or vegetation layer) as a threshold where the value below 70% 

was considered as sub-canopy. For calibration, 28 ground plots had been used with 

stepwise regression for predicting height, structure and cover based metrics. The R-

squared values in cross-validating tree volume, basal area and number of sub-canopy 

trees are 0.88, 0.68 and 0.55, respectively.   
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2.4.2.3 Tree health 

In quantifying the ecological services of urban forests, tree health plays an important 

role. A dead or sick tree may not provide the required benefit and can lead to false 

statistics if identified as healthy. Due to unfavorable conditions, healthy trees may 

become unhealthy and continuous monitoring must be performed on them for more 

accurate estimations. ALS technology provides detailed information about the vertical 

structure and health of individual trees within a forest stand. The study by Degericks 

at el. (2018) presents a workflow to monitor the defoliation and discoloration of 

broadleaved trees. This study is based on a combination of hyperspectral imagery and 

LiDAR data. The authors have first delineated the trees using object-based tree 

detection and segmentation algorithms upon the LiDAR data. The average accuracy 

is 91%. They have then used partial least squares regression models to estimate the 

chlorophyll content and the leaf area index of trees using the average canopy spectrum 

with R-squared values of 0.77 and 0.66, respectively. The study further suggests the 

laser penetration metrics from the LiDAR data to be used for leaf area index 

calculations. In conclusion, the authors claim that in comparison to detecting healthy 

and unhealthy trees using remotely sensed data with the visual assessment, results 

proven to be 93% and 71% accurate respectively. 

2.4.2.4 Tree diameter and tree height 

ALS technology provides high-resolution point cloud data, which enables the 

measurement of individual tree attributes, such as DBH and tree height. The tree 

diameter at breast height is a fundamental parameter for the i-Tree Eco model and 

the tree height data improves overall accuracy and the reliability of the i-Tree Eco 

outputs. The study by Corte at el. (2020) provides an automated approach for 

measuring individual tree DBH and height using a UAV-lidar system called GatorEye. 

In this study, a total of 63 trees were used as ground truth data with their DBH, heigh 

and position measure in the field. The correlation coefficients between field 

measurements and their corresponding LiDAR derived parameters are 0.77 and 0.91 

and RMSE are 3.46 cm and 1.51 cm for DBH and tree height. These findings highlight 

the effectiveness and usability of this technique in deriving the tree DBH and height. 

2.4.2.5 Leaf area index (LAI) 

LAI is another important parameter that can be derived from ALS data. It is a key 

biophysical variable that quantifies the total area of leaves per unit ground area in a 

forest or vegetation canopy. The study by Wang et al. (2020) reviews the capabilities 

of LiDAR technology in estimating the LAI, validating and other impact factors 

regarding the LAI. The authors state that LAI is mainly estimated from the methods 

correlation between the gap fraction (laser penetration matrices from LiDAR) and the 

contact frequency and from regression models developed using biophysical 
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parameters of trees such as canopy height and foliage density estimated from LiDAR. 

The authors further state that in such cases usually field data is collected through 

destructive sampling for validation purposes. Liang et al. (2016), investigated the 

assessment of LAI in boreal forests utilizing both ALS and TLS techniques and then 

compared LAI values estimated from both ALS and TLS data. The findings revealed 

that ALS data yielded highly precise LAI estimates, demonstrating a strong correlation 

coefficient of 0.89 when compared to the measurements taken in the field. 

2.4.2.6 Tree size distribution 

Forest systems are always threatened by development projects, global changes, and 

other threats hence the changes must be monitored rapidly. Remote sensing 

techniques such as LiDAR technologies have made it possible to detect such changes 

on a global scale. Identifying tree size distributions over time is one way of quantifying 

forest changes. The utilization of ALS data allows for the extraction of tree size 

distribution within forest areas. Taubert at el. (2021) utilized the vertical LIDAR 

profile (not a point cloud) to estimate the tree size distribution, which provides 

information about the number and size of trees within different size classes. The study 

uses a tree-leaf matrix to calculate this and fit it to the observed leaf area density 

profile using the LiDAR data. The study has been performed on rain forests of Panama 

for spatial scales ranging from 0.004 ha to 50 ha. Results indicate that a higher 

accuracy is obtained for scales over 1 ha with a RMSE of 77.6 trees per hectare. Basal 

area estimations prove to be accurate at one hectare scale and have a RMSE of 4.7 

trees per hectare and a bias of 0.8 square meters per hectare but are not accurate for 

smaller scales. 

2.4.2.7 Tree species classification 

LiDAR technology has enabled capturing trees in three-dimensional point clouds 

increasing the capability of object extraction and identification with an improved 

accuracy than passive remote sensing techniques. This process involves analyzing the 

characteristics of the ALS point cloud, such as the intensity, height, shape, and number 

of returns, to classify individual trees into specific species categories. The study by 

Michałowska et al. (2021) reviews various studies which have LiDAR scanned data to 

determine tree species on several tree types. In total, 44 publications have been 

reviewed in this study. Based on the evaluation, the authors state that the tree 

parameters extracted from the full waveform of the LiDAR data have led to the 

highest overall accuracy. Regarding machine learning algorithms to identify species, 

the authors conclude that the random forest and support vector machine classifiers 

provide the best results in discriminating tree species. 
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2.4.2.8 Above ground biomass (AGB) 

In quantifying the ecosystem services of trees, AGB is a major parameter that must be 

estimated first. AGB refers to the total weight of living vegetation above the ground 

surface and is an important metric for quantifying carbon storage and understanding 

forest ecosystem dynamics. The study by Saarela et al. (2020) presents a hierarchical 

model-based inference approach for estimating AGB and associated uncertainties in 

central Sweden. This study area covered a vast region of 5,005 km2 and the model 

generated high-resolution AGB maps with pixel values ranging from 9 to 447 mg/ha. 

The study found that the RMSE values for the AGB maps ranged from 10 and 162 

mg/ha. Further, the authors identified that 75% of the mean square error in the maps 

is because of the uncertainties from the tree-level models. It has been found that the 

relative uncertainty is considerably high when the predicted quantity is small. Hence, 

careful consideration of such uncertainties is essential in interpreting and utilizing the 

AGB maps for forest management and carbon accounting purposes.  

In the study by Billenberg (2023), AGB of two different tree species was calculated 

using TLS in Valls Hage, Gävle, and the findings were compared with actual field 

measurements. The SimpleForest tool in the Computree software was used to analyse 

the data from TLS, and the Quantitative Structure Model (QSM) and Wood Density 

were used to determine AGB. With an RMSE of 154 kg (0.997%) to 189 kg 

(0.990%), the comparison of the TLS-derived AGB estimates and the field validation 

revealed nearly perfect agreement. TLS shows promise for reliable AGB estimation 

despite data processing constraints and offers opportunity for improving future 

allometric models.  

Lin (2023) has used the random forest approach in her study to estimate aboveground 

biomass (AGB) in Southern Sweden using Google Earth Engine (GEE) and data from 

Sentinel-1, Sentinel-2, and LiDAR. Model 1 looked at AGB changes from 2016 to 

2021, whereas Model 2 focused on Hultsfred municipality and emphasized canopy 

height. Combining SAR polarization, multispectral bands, and vegetation indices 

improved AGB estimate, with certain spectral bands and radar backscatter values 

being most important. The resulting R-squared of Model 1 ranged from 0.33 to 0.74, 

with the greatest -squared of 0.91 achieved in the group where all variables were used 

with the canopy height in Model 2. The study demonstrates the value of combining 

various remote sensing data sources for monitoring. 

2.4.2.9 Basal area and stand volume.  

Basa area refers to the cross-sectional area of a tree stem at breast height, usually 

expressed in square meters per hectare. Stand volume, on the other hand, is the total 

volume of wood in a forest stand, typically measured in m3/ha. To estimate wood 

and biomass quantities in a forest sample, basal area, and stand volume must be 
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determined first. They play an important role in forest management. The study by 

Zhao et al. (2020) provides a method to automatically segment forest stands. They 

have chosen Qilian Mountains in China as their study area. The Bysh method has been 

used to extract the forest parameters at the stand level. Their results indicate that the 

limited region growing method based on the gradient best suits the particular study 

area. The R squared value for mean height is 0.744 (RMSE 5.24%), for average 

diameter at breast height is 0.720 (RMSE 28.57%), for the basal area is 0.562 (RMSE 

19.93%), and for stand volume is 0.696 (RMSE 17.66%). 

2.4.3 Sampling design for ground truth data collection 

Generally, ALS-based data collection approaches for forest or tree inventory aim to 

reduce time and cost compared to traditional methods.  However, it is not practical 

to conduct ground truthing for the entire population due to logistic constraints. 

Therefore, sample plots must be generated to represent the tree attributes that will 

be extracted by the ALS model accurately and scientifically (Koprivica 2017). The 

estimations made from the samples can be extrapolated to the entire population. 

In defining the population, choosing the sampling frame, plot configuration and 

sampling design are the most important steps. The sampling frame points out all 

probable sample units, sampling design explains how a subset of sample units are 

selected which best represent the population, and plot configuration describes 

attributes such as size, shape, and components of the field map. Fixed area plots are 

recommended for this project as no tree attributes is focused, but a variety of 

attributes are to be collected with ancillary data. Fixed-area plots favor this situation. 

The two main sampling designs are subjective sampling and probability sampling. In 

subjective sampling, the professional opinion is considered when selecting sample 

units, whilst in probability sampling objective methods are implemented depending 

on the probabilities of choosing entities from a population (McRoberts et al., 2002). 

In systematic sampling, fixed grids with regular grids are assigned as pots. This will 

increase the average distance between plots leading to decreased spatial correlation 

between measurements and improving the statistical efficiency (Hayes, 2022). This 

approach is suggested for inexperienced decision makers in sampling.  

2.4.3.1 Stratified sampling 

Stratified sampling is a sampling technique commonly used in research and surveying 

to improve the accuracy and representativeness of the sample when the population 

exhibits variability or heterogeneity. In this method, the population is first divided 

into non-overlapping subgroups called strata based on certain characteristics or 

attributes shared by the elements within each stratum. These characteristics can be 

geographic location, land cover type, forest type, age class, or any other relevant 

criteria. The key steps in stratified sampling are defining strata, sample size allocation, 
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random sampling with strata, and estimation and aggregation (Schreuder et al., 

1993). According to Köhl & Magnussen (2016), this method favors avoiding bias 

based on the estimator. Overall, this approach provides a statistically robust and 

effective method for conducting forest inventories and other sampling-based studies. 

The study by McRoberts et al. (2002) used landcover classification maps to design 

strata in differentiating aggregated forests and non-forest classes.  

The sample size is another important factor that must be considered if the size is 

inadequate the uncertainty may increase and if it is oversize the cost and time may 

increase. Maltamo et al. (2011) evaluated different plot selection techniques for 

training forest inventories derived from ALS data. The authors employed four plot 

selection strategies for a total of 201 plots, including random selection, random 

selection within pre-stratification according to forest type, systematic selection of 

plots from south to north based on geographical location, and selection of plots based 

on properties of the ALS data. The results indicated that the accuracy decreased when 

the number of training plots was reduced. The researchers also stated that the 

systematic selection of plots for training data performed well even with fewer than 

100 plots. However, they concluded that their results were not conclusive, 

highlighting the need for further research in this area. 

On the other hand, Næsset (2004) in his study utilized 116 georeferenced field sample 

plots to estimate various parameters such as mean tree height, dominant height, mean 

diameter, stem number, basal area, and timber volume in a forest area. The plot 

distribution was conducted using a systematic approach with regular grid cells each 

having a size of 232.9 m2. These 116 plots were divided into three predefined strata 

based on their age class and site quality. The study revealed that the precision of the 

estimations was degraded when the plots within a stratum were dominated by a 

combination of deciduous and coniferous trees, as well as when there were 

combinations of coniferous and deciduous trees inside stands. This finding emphasizes 

the significance of proper stratification to maintain precision in forest inventory 

assessments. By carefully designing strata to ensure a more homogeneous distribution 

of tree species and forest types, the accuracy and reliability of the estimations can be 

improved. Koprivica (2017) provided a detailed explanation of how stratified 

sampling can be used in forest inventories and its advantage over other sampling 

methods. The efficiency of using systematic stratified sampling is compared against 

the systematic simple sampling method. Eleven stands of beech-high forests were used 

as the test bed. The findings of the study suggest that when the inventory units of a 

forest inventory are larger than a stand, stratified systematic sampling, where the 

sample plots are allocated proportionally, should be practiced. Additionally, the 

author emphasizes that systematic samples generally yield better estimations 

compared to random sampling. 
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Furthermore, Ramezan et al. (2019) conducted a study to evaluate sampling and 

cross-validation techniques for machine learning classifications. They examined 

various sampling methods, including simple random, proportional stratified random, 

disproportional stratified random, and deliberative sampling. The results indicated 

that the highest classification accuracy was achieved with stratified-statistical-based 

sampling methods, where random samples were combined with stratification 

strategies. These approaches enhance the accuracy and reliability of machine learning 

classifications, making them a valuable tool in forest inventory assessments. Overall, 

stratified sampling has proven to be a valuable and effective technique in forest 

inventories. 

2.4.4 Tree species detection using machine learning 

Tree species detection using machine learning has emerged as a transformative field 

that bridges the domains of computer science and environmental sciences. With an 

increasing need for efficient and reliable methods of species identification, this 

research area presents a significant opportunity to revolutionize traditional ecological 

practices. The integration of machine learning algorithms and remote sensing 

technologies has enabled researchers to harness large-scale datasets comprising 

satellite imagery, aerial photographs, LiDAR data, and UAV-based surveys. These 

diverse data sources offer valuable spectral, spatial, and textural information, enabling 

the development of sophisticated models capable of distinguishing tree species with 

high accuracy and precision (Cetin and Yastikli, 2022). Through the automation of 

species identification, this approach holds immense potential in advancing biodiversity 

conservation efforts, facilitating evidence-based forest management, and contributing 

to a deeper understanding of ecological dynamics. Moreover, the continuous 

advancements in machine learning techniques, including deep learning models and 

ensemble methods, offer a plethora of possibilities to enhance the performance and 

scalability of tree species detection systems (Seidel et al., 2021). As researchers 

endeavor to refine and validate these models, addressing challenges related to data 

quality, class imbalance, and transferability across geographic regions remains a key 

focus. Marrs and Ni-Meister (2019) conducted a study to accurately classify tree 

species by combining LiDAR and hyperspectral data with machine learning 

techniques.  

In the context of tree species detection, multi-layer perception (MLP) plays a 

significant role, especially when dealing with structured data. MLP is a type of 

artificial neural network that is commonly used for modeling and predicting outcomes 

in tabular data, where the input features are structured in a table format with rows 

and columns. Unlike other neural network architectures, such as convolutional neural 

networks (CNNs) or recurrent neural networks (RNNs) MLP does not assume any 
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specific probability density functions for the input data. Guo et al. (2022) have done 

an individual tree species classification based on CNNs and remote sensing images. In 

the study of Magalhaes et al. (2022), they developed a tree growth app to model 

individual tree growth using RNNs. Likewise, there are various literature regarding 

forestry related studies using different machine learning techniques. Among them, 

researchers have successfully used MLP in combination with remote sensing and field-

collected attributes to classify tree species (Sumsion et al., 2019; Chen et al., 2021). 

By feeding relevant features to the hidden layers of the MLP, the model can learn 

complex patterns and associations among attributes to discriminate different tree 

species. The flexibility of MLP allows researchers to customize the architecture by 

adjusting the number of hidden layers and neurons to suit the complexity of the 

problem at hand. 

One advantage of MLP is its transparency and interpretability. Unlike deep learning 

models, MLP provides insights into the learned representations and feature 

importance, which can aid ecologists in understanding the decision-making process of 

the model and validating the relevance of certain attributes in tree species 

identification. In MLP, various activation functions and loss functions are utilized to 

enable the model to learn and make predictions effectively (Sumsion et al., 2019). 

Among them, the Hyperbolic Tangent (equation 5) activation function prevents 

vanishing gradient issues, capturing complex data patterns (Sumayli, 2022). For 

multi-class classification, Softmax (equation 6) ensures proper probability 

distribution, aiding accurate class assignments. Cross-entropy (equation 7) loss 

measures prediction accuracy, driving model optimization (Bodhwani et al.,2019). 

Combining these functions, MLP becomes a powerful tool for tasks like image 

recognition and natural language processing. 

𝑡𝑎𝑛ℎ(𝑥)  =  (𝑒𝑥  − 𝑒−𝑥) / ( 𝑒𝑥 +  𝑒−𝑥) [5] 

Where, x is the input value to the activation function and e is the base of the natural 

logarithm, approximately equal to 2.71828. 

𝜎(𝑧)𝑖 =
𝑒𝑧𝑖

∑ 𝑒
𝑧𝑗𝐾

𝑗=1

    [6] 

Where, σ is softmax, 𝑧 is input vector, K is number of classes in the multi-class 

classifier, 𝑒𝑧𝑖  is standard exponential function for the input vector and 𝑒𝑧𝑗 is standard 

exponential function for the output vector. 

𝐿(𝑦 ̂, 𝑦) =  −∑(𝑦𝑖 ∗ 𝑙𝑜𝑔 ((𝑦𝑖̂) ))  [7] 

Where, ŷᵢ represents the predicted probability for class i, and 𝑦ᵢ is the true label for 

class i, which is 1 for the correct class and 0 for all other classes. 
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Apart from these functions, there are various functions used in the MLP model such 

as sigmoid (logistic) function (Yilmaz and Poli, 2022), rectified linear unit (ReLU) 

(Jahan et al., 2023), Leaky ReLU (Lakhdari and Saeed, 2022), Exponential linear unit 

(Kim et al., 2020), etc. The goals of the study and the characteristics of the available 

dataset will determine which activation function is chosen. Making the appropriate 

decision can improve the model's capacity to recognize patterns and make predictions. 
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3 Methodology 

This chapter describes the geographic coverage of the study, the data and software 

used, and in detail the study workflow. The overall workflow followed in this study 

was developed based on the review in Chapter 2 and an abstract illustration of that is 

indicated in Figure 1. The process started with the field measurements, and then 

individual tree detection, crown delineation, deriving dendrometric parameters, a 

validation part and finally a sensitivity analysis. 

 

Figure 1. The flowchart of the research methodology. 
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3.1 Study area 

The study area is Valls Hage, a beautiful forest botanical park covering approximately 

10 ha, situated in the city of Gävle, Sweden (see Figure 2). The location is 

approximately 60.6777° N, 17.1115° E. This picturesque area boasts an impressive 

diversity of over 200 different tree species including aspen (Populus tremula) and 

birch (Betula bendula), making it a fascinating location for ecological studies 

(Gunnarsson & Lorentzon, 2017). For the specific research area, we focused on 

randomly selected four circular plots of Valls Hage. 

Figure 2. A map of the study area visualized in true color composition using RGB NIR orthophotos produced by 

Lantmäteriet. 

3.2 Data and software 

Several types of data were utilized for this study, along with specific software tools 

for analyzing and processing. The whole data set of the study was extracted in two 

ways as described in earlier chapters: field data and ALS data. Field measured data 

encompassing various dendrometric parameters such as tree heights, DBH played an 

important role in gathering on-site information about the trees in the study area. 

These field-measured data provided ground truth data that served as a reference for 

validating and calibrating the remotely sensed data. The materials used for field data 

collection included a GS14 GNSS receiver, a Leica FlexLine TS09 instrument, and a 

tape measure to obtain the required physical measurements.   
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In addition to field measured data, ALS data from Lantmäteriet were utilized to 

capture detailed information about tree height, canopy volume, and spatial 

arrangement of urban trees. Furthermore, RGB NIR multispectral orthophotos (with 

red [R], Blue [B], green [G], and infrared [IR] bands) acquired from Lantmäteriet were 

also used in this study. The orthophotos offered crucial visual information aiding in 

tree species identification. Table 3 illustrates a clear description of these data. 

Table 3. Remote sensing data source used in the study. 

 

There was various software used to process and analyze the collected data. ArcGIS 

ArcMap version 10.7 (reference) and QGIS Desktop version 3.18.1 (2021) were 

employed for geospatial analysis and map production. To process the ALS data, 

LAStools version 1.3 (2021), which is an extension for QGIS software was utilized. 

For statistical analysis, Minitab version 19 (2021) was employed. This software 

package provided the necessary tools for data analysis, hypothesis testing, and 

correlation analysis. The SPSS-IBM Statistics version 24 (2021) was used to predict 

the species type of trees utilizing its neural network multilayer perceptron. 

3.3 Field work 

Field work played a crucial role in this study as it aimed to provide essential ground 

truth data for validation and calibration of the collected information. The fieldwork 

of the study was carried out over four days (08 March 2021, 23 March 2021, 06 April 

2021, and 08 April 2021). Firstly, four circular plots were randomly selected within 

the study area, each with an approximate radius of 25 meters (see Figure 3, the plots 

were named as 1, 2, 3, and 4). The decision to use circular plots was influenced by 

the findings of Paudel et al., (2019), which suggested that circular plots offer the most 

reliable and accurate results in similar studies. 

Data 

Date/Year of 

the 

acquisition 

Spatial 

resolution 
Format Source 

ALS 01.03.2018 0.5-1 point/m2 .laz Swedish National Survey,  

Lantmäteriet 

Orthophotos 17.05.2019 0.16 m geotiff Swedish National Survey,  

Lantmäteriet 
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Figure 3. The field measured trees inside four plots of the study area. 

Four main plot centers were selected for the survey zone based on their intervisibility 

with at least two control sites and their ability to cover at least 50 trees in their direct 

line of sight. The GNSS-RTK technique, as described by HMK (2021), was employed, 

with corrections obtained from SWEPOS (Stoew et al., 2001) to determine the 

precise locations of the plot centers.  A Leica GS14 GNSS receiver was employed for 

this task.  To ensure precise observations, data recording was done when the 3D 

accuracy was within a threshold of 1 cm and each observation was carefully carried 

out during a 15-minute period. This approach proved to be effective in avoiding the 

need for a traverse in establishing the control network and subsequent adjustment 

computations. The station coordinates obtained through SWEPOS corrections were 

considered sufficiently accurate to meet the requirements of this study. 

To gather vital data for input requirements, locations of trees were measured using 

the Leica TS15 total station. The total station was set up on each of these plot centers 

after the coordinates for each were determined by GNSS-RTK method. The total 

station established over a know point using another known point as a backlight point. 

The positions of each tree were then precisely determined by measuring them with a 

prism pole. Throughout the field work the accuracies were maintained according to 

the HMK standards. 

1 
2 

3 

4 
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In addition, as described by Magarik et al. (2020), the circumference measurements 

of each tree were recorded in meters using a tape measure from a standardized height 

above the ground (i.e., 1.3 m). Then it was divided by pi (3.1415) to obtain DBH. 

Tree heights were obtained in meters by using the trigonometric method (Van et al., 

2010) and employing non-prism (reflector less) observation type (Mohammed, 

2021). Here, the distances from the highest to the lowest point of each individual tree 

within each plot were measured with an accuracy of 2 mm + 2 ppm (Leica 

geosystems, 2015).  

In this study, to accurately determine the species of the measured trees, a systematic 

approach was taken by capturing photographs of the tree barks. These photographs 

were then cross-referenced with the extensive database provided by Pl@ntNet, 

which is accessible at https://identify.plantnet.org/. This database utilizes a RESTful 

JSON-based application programming interface that can determine tree species. The 

system employs a convolution neural network, which applies the SoftMax algorithm 

to generate classification match scores for the input images (August et al., 2020). The 

species list and corresponding images with classification match scores are presented 

as output, with the highest scores indicating the closest match to the input photograph 

(see Figure 4). This step was crucial as tree species identification is a fundamental 

input required by the i-Tree Eco model. Given the unavailability of professionals with 

expertise in tree identification for this field work, the Pl@ntNet database and 

algorithm were utilized to identify the tree species. 
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Figure 4. Tree species identification through Pl@ntNeT app. 

3.4 Individual crown delineation and tree detection 

The process of individual crown delineation and tree detection from the LiDAR data 

involved several steps. To begin with the process, the ALS data underwent an 

examination using the LASinfor tool within LAStools plugin within the QGIS 

platform, and a metadata description of the data was obtained (Karna et al., 2020). 

Subsequently, that file was cross-checked with the metadata file provided by 

Lantmäteriet to ensure the absence of any discrepancies or differences.    

Next, the ALS data was clipped to the study area of interest. To ensure the quality of 

the point cloud data, a visual inspection was performed to detect any potential noise 

points. Then the clipped point cloud underwent noise removal (De Petris et al., 2020) 

and overlapping tile removal (Pelc-Mieczkowska et al., 2018) using the built-in 

algorithms of LAStools in QGIS. By removing noise points, the elevation models were 

less susceptible to distortions caused by erroneous data, resulting in a more precise 

representation of the terrain. Rectifying flight misalignment further contributed to 

improving the accuracy of the elevation model, as it minimized the potential errors 

caused by misregistered data between flight lines. Additionally, the built-in pit-free 

algorithm in LAStools was employed to prevent the creation of unnecessary voids 

after interpolation (Khosravipour et al., 2013). After implementing these techniques, 
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the ALS data was used to generate the digital surface models (DSM) and digital terrain 

models (DTM). 

 

Figure 5. Canopy base height model derived from ALS technique in the study area. 

The DSM was produced by extracting the first return of the LiDAR point cloud 

(Sharma et al., 2021). This DSM represented the surface closest to the LiDAR pulse 

transponder and had a spatial resolution of 0.1 m. Similarly, the DTM was created by 

extracting the last return of the LiDAR point cloud, representing the ground surface 

(Sharma et al., 2021). Both DSM and DTM were generated using the LAStools in 

QGIS. The canopy height model (CHM) was then derived by subtracting the DTM 

from the DSM (Mielcarek et al.,2018) (see Figure 5). Negative CHM values were 

filtered out as tree heights cannot be negative. 

To further refine the CHM, a mean filter (Tanhuanpää et al., 2016) of 10 m radius 

was applied in QGIS to reduce height variation and minimize speckle-like noise. A 

Gaussian filter (Zhan et al., 2011) with a standard deviation of 5, and a search radius 

of 10 m was further applied to the filtered CHM to help smooth the variation and to 

filter out additional noise. Its rotational symmetry was particularly advantageous for 
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enhancing tree crown separation based on crown shape, given the prevalence of 

coniferous tree species. 

Individual tree crowns (ITCs) were delineated from the refined CHM using the 

watershed segmentation algorithm provided in the SAGA toolbox (Goldbergs et al., 

2018). This raster-based technique utilized local maxima of the CHM as seeds for tree 

locations, with the bounding areas of these seeds considered as tree canopies 

(Jaskierniak et al., 2021). The reason for using this raster-based technique was that in 

comparison with other methods this is quite fast, computationally less heavy and 

provides acceptable results for most cases.  

Once the segmentation process provided detailed tree canopies, the next step 

involved filtering out trees that did not meet the specified criteria for this study. Based 

on the defined criteria for trees in the existing literature, as well as the field-collected 

data on the most prevalent tree species, trees with heights of less than 4 m, and trees 

with crown diameter with a size smaller than 1 m were removed from further analysis 

(Gschwantner et al., 2009). By conducting this filtering step after segmentation, the 

study ensured that all heights from the CHM were initially considered for canopy 

extraction, allowing for a more complete representation of the forested area. 

Otherwise, it may negatively affect the CHM if this filtering is done before the 

segmentation since the model will understand that there is no tree. Thus, trees that 

matched the criteria were retained, while the rest were removed and not included in 

the analysis.   

Thereafter, the delineated ITCs underwent a smoothing process using the PAEK 

(Polynomial Approximation with Exponential Kernel) algorithm provided in ArcMap 

(Malabanan et al., 2016). The application of PAEK technique offered several 

advantages over other smoothing methods. Firstly, it preserves the original shape and 

structure of the tree crowns during the smoothing process by avoiding excessive 

smoothing that could potentially lead to the loss of important details in crown 

delineation. Secondly, it effectively filters out noise and outliers in the ALS data, 

resulting in cleaner and more reliable crown delineation. Lastly, by incorporating 

spatial weighting through the exponential kernel, it leverages the local context to 

produce smoother and more natural-looking crown boundaries. 

After the smoothing process, the tree crowns were then combined with the field-

measured tree location file (point file) using the spatial join tool in ArcMap. Since the 

field-measured trees lacked physically measured tree crowns, this process allowed us 

to integrate the smoothed ALS-generated crowns with the field-measured trees, 

providing each tree with its own canopy dimensions. Then, the minimum bounding 

boxes were generated to determine the maximum width and length of each tree’s 

canopy. This provides valuable information about the overall extent of the tree 
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crowns. Additionally, the square root of the crown area was calculated to estimate 

the width and length of the canopy in the North-South and East-West direction. These 

dimensions were essential inputs required by the i-Tree Eco model. 

3.5 Deriving dendrometric parameters 

In this study, the focus was primarily on deriving tree parameters from ALS data, The 

methods employed for generating these three dendrometric parameters are detailed 

and described in the following paragraphs. 

3.5.1 Tree heights 

The refined CHM, which was described in Section 3.4, was used to obtain tree 

heights. Values from the CHM, matching the location of the field measured trees were 

extracted, and used as ALS derived tree heights in the later steps. The derived CHM 

was in a raster format, while the field-measured trees were stored in a point layer.  

3.5.2 DBH estimation 

DBH is one of the fundamental inputs for the i-Tree Eco model. In this study, DBHs 

were estimated for trees that derived from ALS data using a linear regression model 

(equation 8). This decision was taken because the available ALS data was not dense 

enough to model the DBH. To identify the most suitable regression model for DBH 

estimation, several models were evaluated including linear, cubic, and quadratic using 

crown diameters and tree heights (field measured tree heights and/or CHM derived 

tree heights). Here, average values for these parameters were aggregated based on the 

taxonomical order, specifically species, genus, family, and order level and then tested 

each parameter with different regression models individually. Then checked how each 

parameter fits with the linear, cubic, and quadratic regression models. The primary 

objective was to determine the model with the highest R-squared value, indicating 

the best fit. After the analysis, it was found that the linear regression model, using 

average values from the family taxonomy rank for tree DBHs and CHM tree heights, 

demonstrated statistical acceptability with an impressive R-squared value of 71.32% 

(see Figure 6). 
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Figure 6. The scatter plot between average DBH and average CHM derived tree height. The red line indicates 
the best fitted line between the two variables. 

𝐴𝑣𝑔 𝐷𝐵𝐻 =  (1.476 𝑥 𝐴𝑣𝑔 𝑇𝐻)  +  10.97 [8] 

Where, Avg DBH is the DBH value that is averaged based on the family taxonomy 

and Avg TH is the tree height derived from CHM value that is averaged based on the 

family taxonomy. 

Additionally, the validity of the assumption that the residuals conform a normal 

distribution was ensured by conducting a normality test, resulting in a p-value of 0.15 

(where the confidence level was 95%). With the linear regression model displaying 

the highest R-squared value compared to other combinations, established this 

relationship (equation 08) was employed to predict the DBH of all LiDAR-derived 

trees within the study area. To ensure the accuracy of the predictions, any tree CHM 

heights that fell outside the minimum and maximum height range specified in the 

model (Cimburova et al., 2020) were excluded from the analysis. This step was 

essential as predictions will only be limited to interpolation rather than extrapolation. 

3.5.3 Crown light exposure (CLE) 

The crown light exposure (CLE) is one of the input parameters for the i-Tree Eco 

model. It was determined by considering the individual tree height and the distance 

to the nearest tree from the respective tree as they are the main two contributing 

factors for CLE. Firstly, the tree heights of the whole data set were inspected and the 

minimal and the maximal tree heights throughout the whole sample were identified. 

Then the difference between those minimum and the maximum tree height was 

linearly stretched between 1 and 100 and each tree was assigned a new normalized 

value proportional to its height. Secondly, the distances between each tree to its 
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closest tree were listed out and ordered from minimal to maximal. Then the 

difference between the minimum and maximum was linearly stretched between 1 and 

100 and each tree was assigned a new normalized value. Subsequently, these two 

newly assigned values (tree height and distance to the nearest tree) were added 

together and interpolated between 1 and 5 proportionally (Osada 2012).   

3.5.4 Canopy base height (CBH) 

The canopy base height was calculated using a DEM derived from the third return of 

the ALS data (Holmgren et al., 2004). The CBH was then generated by subtracting 

the DEM derived from the third return from the DSM (from the first return) for 

crown base heights (CBH). This method was chosen because the second return came 

up with many negative values after the DEM from the third return was reduced. 

DEMs derived from returns four, five, and six, were too sparse. Hence the difference 

was almost equal to the tree heights.  

3.6 Species identification 

In order to predict the species through machine learning, several field measured 

parameters and ALS derived parameters were used in MLP. The Normalized 

Vegetation Index (NDVI) is calculated for each tree location using the RGB and NIR 

orthophoto product with a resolution of 0.16 m provided by Lantmateriet (see 

Appendix C). This index is commonly used to assess vegetation health and density, 

calculated based on the contrast between visible red and near-infrared light reflected 

by vegetation (equation 9). Then the required data for the task was prepared by 

arranging a table including variables, tree height, DBH, height to crown base, crown 

area and NDVI for both datasets where the species is known, and the species is 

unknown (ALS derived trees). 

𝑁𝐷𝑉𝐼 =  (𝑁𝐼𝑅 −  𝑅𝑒𝑑) / (𝑁𝐼𝑅 +  𝑅𝑒𝑑) [9] 

The collected variables and tree information were used as inputs for a neural network 

model called Multilayer Perceptron (MLP) implemented in the SPSS IBM software. 

The MLP model was trained to predict the tree species based on the provided inputs. 

MLP was chosen over other types of neural networks (such as convolutional neural 

networks and recurrent neural networks) because it performs better on tabular 

datasets and does not assume underlying probability density functions. The process 

was repeated separately to predict tree genus, family, and order in each run. Among 

the predicted tree attributes, the family-level prediction yielded better results. 

Therefore, the MLP model was primarily used to predict the family of ALS-derived 

trees. Here an assumption was made that the whole data set belongs to only the two 

most common families Betulaceae (Birch) and Pinaceae (Pine). This was done since 

the trees belonging to other families were too small in number and the MLP couldn’t 
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predict any outputs for them. Table 4 illustrates the network information of species 

prediction. 

Table 4. Network information of MLP model. 

3.7 Validation of extracted parameters with field data 

The validation part was carried out in three distinct stages. Firstly, the tree heights 

derived from ALS data were compared with the tree heights measured in the field.  

This step allowed us to assess the accuracy and reliability of the ALS-derived tree 

heights. Initially, a Kolmogorov-Smirnova test (Corrao et al., 2022) was conducted 

to check the difference between the two tree height datasets following a normal 

distribution. This test was essential as the paired t-test relies on the assumption that 

the difference between the paired observations adheres to a normal distribution, 

ensuring the robustness of the validation process. To validate this comparison, a 

paired t-test was performed to determine if the field measured tree heights could be 

effectively replaced with the CHM heights (Mielcarek et al., 2018).  

Secondly, a comparison between the number of trees detected through the ALS data 

and the number of trees measured in the field was made for each plot individually. 

This was done through ArcMap using a visual inspection (see Figure 7). This was 

continued for all four plots individually. This comparison aimed to verify the 

capability of individual tree detection from the ALS data, ensuring that the technology 

effectively identified trees within the study area. 

 

 

Network Information 

Input Layer Covariates 1 NDVI 

2 CBH 

3 Tree height_From_CHM 

4 Crown_Area 

5 DBH (cm) 

Number of Units excluding the bias unit 5 

Rescaling Method for Covariates Standardized 

Hidden Layer(s) Number of Hidden Layers 1 

Number of Units in Hidden Layer 1a 3 

Activation Function Hyperbolic tangent 

Output Layer Dependent Variables 1 Code 

Number of Units 2 

Activation Function Softmax 

Error Function Cross-entropy 
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Figure 7. ALS derived trees and field measured trees in plot 1. 

Lastly, the results of the species detection performed through machine learning were 

compared with the field records. The process was delivered a summary report and 

based on that this validation was done. This crucial step enabled us to evaluate the 

accuracy of the machine learning algorithm in correctly identifying tree species, 

providing valuable insights into the effectiveness of our methodology. See case 

processing summary. 

3.8 i-Tree Eco modelling 

The utilization of the i-Tree Eco model requires specific inputs to be provided for 

analysis. These inputs include tree locations in the WGS84 coordinate system, tree 

heights in meters, DBH in centimeters, the number of crowns, tree species, crown 

area, crown length in both East-West and North-South directions, crown light 
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exposure, tree height to live top, canopy base height, percentage of crown missing, 

distance to the nearest building, and the horizontal angle to the nearest building. 

Additionally, the land use of the area of interest must be specified. Once these inputs 

are fed into the model, it yields a range of valuable outputs, including carbon storage, 

annual carbon sequestration, hydrology effects, oxygen production, volatile organic 

compounds (VOC) emissions, ultraviolet (UV) effects, allergy indexes, transpiration, 

evaporation, water intercepted, and avoided runoff. For the purposes of this study, 

our main focus will be on the i-Tree Eco results related to carbon storage, gross 

carbon sequestration, and avoided runoff. 

3.9 i-Tree Eco modelling sensitivity analysis 

A sensitivity analysis was conducted to observe how the outputs of the i-Tree Eco 

model changed when the input values derived from ALS are altered. This was 

performed to determine the feasibility of utilizing published average values in place of 

field measurements as inputs for the i-Tree Eco model. One of the fundamental inputs 

for the i-Tree Eco model is the DBH. There are various published documents and 

other sources where average DBH of trees in species, genus, family, or order level 

are available (Kubiske, 2013; Kindermann et al., 2018; Roberge, 2022 & 

Monumental trees, 2023). Hence, based on this sensitivity analysis, we can comment 

on the direct usability of available data for determining ecosystem services through i-

Tree Eco model instead of costly and time-consuming field work. Mainly, 26 

scenarios were used in this purpose, and they can be further categorized into eight. 

They are clearly illustrated by the following table (see Table 5). Here one assumption 

was made that all the trees were in perfect health hence no tree dies back with 0% of 

crown missing. 

For scenario 1 (reference values), all raw inputs were used without any alteration (i.e. 

field measured tree locations in latitude and longitude format belonging to WGS1984 

coordinate system; tree height from the CHM in meters; canopy base height (CBH) 

from the third return of the LiDAR point cloud in meters; field measured DBH (cm); 

species determined from Pl@ntNet; and, ranked CLE). The obtained values for three 

ecological services (Carbon Storage(ton); Gross Carbon Sequestration (ton/yr); and, 

avoided runoff (m3/yr) were used to compare the values obtained by rest of the 26 

different scenarios. 

Table 5. Scenarios employed in the sensitivity analysis.  

Category 
Scenario 

Number 
Scenario Description 

1 II Species-wise DBH values were averaged and used as 

inputs.  
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Here, all the inputs for the i-

Tree Eco were same as the 

inputs used to generate the 

reference values except for the 

DBH. DBHs were replaced 

according to four different 

scenarios. 

III Genus-wise DBH values were averaged and used as 

inputs. 

IV Familywise DBH values were averaged and used as 

inputs. 

V Order-wise DBH values were averaged and used as 

inputs. 

2 

Here, the DBH input for the i-

Tree Eco were same as the 

input used to generate the 

reference values whilst all the 

other inputs were averaged 

according to four different 

scenarios. 

VI Species-wise canopy width, length, tree height, and 

CBH values were averaged individually and used as 

inputs. 

VII Genus-wise canopy width, length, tree height, and 

CBH values were averaged individually and used as 

inputs. 

VIII Family-wise canopy width, length, tree height, and 

CBH values were averaged individually and used as 

inputs. 

IX Order-wise canopy width, length, tree height, and 

CBH values were averaged individually and used as 

inputs. 

3  

Here, all the inputs for the i-

Tree Eco were averaged 

according to four different 

scenarios. 

X Species-wise DBH, canopy width, length, tree 

height, and CBH were averaged individually and 

used as inputs. 

XI Genus-wise DBH, canopy width, length, tree 

height, and CBH were averaged individually and 

used as inputs. 

XII Family-wise DBH, canopy width, length, tree 

height, and CBH were averaged individually and 

used as inputs. 

XIII Order-wise DBH, canopy width, length, tree 

height, and CBH were averaged individually and 

used as inputs. 

4 

Here all the inputs for the i-

Tree Eco were same as the 

inputs used to generate the 

reference values excepts for 

the tree species. Species were 

replaced according to four 

different scenarios.  

XIV Each tree's species name was replaced with the most 

common species name within its respective Genus. 

XV Each tree's species name was replaced with the most 

common species name within its respective Family. 

XVI Each tree's species name was replaced with the most 

common species name within its respective Order. 
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5 

Here, all the inputs for the i-

Tree Eco were same as the 

inputs used to generate the 

reference values excepts for 

the tree heights. Field 

measured tree heights were 

used and replaced according to 

four different scenarios. 

Canopy dimensions and CBH 

were not used for i-Tree Eco 

inputs. 

XVII The field-measured tree heights were used.  

XVIII Species-wise field-measured tree heights were 

averaged and used as inputs.  

XIX Genus-wise field-measured tree heights were 

averaged and used as inputs.  

XX Family-wise field-measured tree heights were 

averaged and used as inputs.  

XXI Order-wise field-measured tree heights were 

averaged and used as inputs.  

6 

Here, the original parameters 

were re generated using 

average CHM tree height 

value according to four 

different scenarios. Canopy 

dimensions and CBH were not 

used for i-Tree Eco inputs. 

XXII Species-wise CHM-derived tree heights were 

averaged and used as inputs. 

XXIII Genus-wise CHM-derived tree heights were 

averaged and used as inputs. 

XXIV Family-wise CHM-derived tree heights were 

averaged and used as inputs. 

XXV Order-wise CHM-derived tree heights were 

averaged and used as inputs. 

XXVI The CHM-derived tree heights were used.  

7 

This is the most important 

scenario, as the results are 

generated from the input tree 

species predicted from the 

MLP and all the other 

parameters are estimated from 

the ALS data. 

XXVII ALS derived trees with MLP predicted species 

 

After generating the ecological services according to the above 26 scenarios, they 

were compared based on respective reference values obtained from scenario 1. 
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4 Results 

This chapter presents the results obtained through the methodology from the 

individual tree detection using the ALS data to the i-Tree Eco modelling. Then the 

findings of the sensitivity analysis are also reported. The comparison between the 

results obtained from remote sensing methods and the field data are included under 

the validation part.  

4.1 Crown delineation and tree detection 

The first result of the ALS data was obtained from the step of individual tree detection 

and crown delineation. The ALS derived trees were obtained in the whole study area 

first and then they were extracted to each plot individually to continue with the 

further steps (see Figure 8). 

 

 

 

 

 

 

 

 

Figure 8. Left side (a) shows the crown belongs to the whole study area and right side (b) shows the crowns 
belong to individual plots. 

4.2 Extraction of dendrometric parameters 

To serve as the inputs for the i-Tree Eco model, tree heights, DBH, CLE, CBH, and 

other crown parameters were extracted from both field data and ALS data. Table D1 

(Appendix D) illustrates the input parameters derived from field data while Table D2 

(Appendix D) illustrates the input parameters derived from ALS data. In Table D2 

(Appendix D), the MLP prediction column illustrates the family level species 

prediction results where 1 represents Betulaceae (birch) and 2 represents Pinaceae 

(pine). Since the i-Tree Eco model does not allow to enter family names, the 

predicted results of family names were replaced with the respective most common 

species. Then they were assigned to each tree carefully. Despite the parameters shown 

in these two tables, which are required to calculate the carbon storage, gross carbon 

sequestration and avoided runoff, there were other mandatory inputs as well. They 

are as height to live top, percent missing, distance and angle to the nearest building, 
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and land use. For this study the height to live top was assumed same as the tree height 

and the percent missing was taken as zero. Normally, the height to live top means the 

Distance and angle to the nearest building for each tree was calculated using ArcMap. 

As these parameters are not used in estimating the ecological services discussed in this 

study, they will not be further explained. Species identification using machine 

learning. 

As described under the methodology, the species prediction was done according to 

the assumption: the whole dataset belongs to only the two most common families 

Betulaceae and Pinaceae. Table 6 illustrates the case processing summary of the tree 

prediction through the MLP technique for the whole dataset. Before the test, there 

were 154 ALS-derived trees in total. The neural network has automatically divided 

the whole dataset into two samples as training and testing, with percentages of 74% 

and 26% respectively. 

Table 6. Case processing summary of MLP model. 

Case Processing Summary 

 N Percent 

Sample Training 114 74.0% 

Testing 40 26.0% 

Valid 154 100.0% 

 

Based on the model summary (see Table 7), the training sample obtained 12.3% of 

incorrect predictions while the testing sample obtained 7.5% of incorrect predictions. 

The obtained cross entropy error for the training sample and the testing sample were 

34.186 and 7.795 respectively. Cross entropy error indicates the overall dissimilarity 

between the predicted probabilities and the true class labels in the multi-class 

classification task. A lower cross-entropy value signifies better model performance, 

as it implies that the model's predictions are closer to the ground truth (Jarabo-

Amores, 2013). Usually the cross-entropy value ranges from 0 to infinity and the 

minimum cross entropy error depends on the specific problem, dataset, and number 

of classes.   

Table 8 shows the importance of the independent variables on the tree prediction. 

Based on this table, the most important variable in the MLP was the CBH (0.344 / 

34.4%), while the least important was the DBH (0.135/ 13.5%). 
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Table 7. Model summary of MLP model. 

Model Summary 

Training 

Cross Entropy Error 34.186 

Percent Incorrect Predictions 12.3% 

Stopping Rule Used 1 consecutive step(s) with no decrease in errora 

Training Time 0:00:00.02 

Testing 
Cross Entropy Error 7.795 

Percent Incorrect Predictions 7.5% 

 

Table 8. Independent variable importance in MLP model. 

Variable Importance 
Normalized 

Importance 

CBH 0.344 100.0% 

Crown Area 0.192 55.7% 

NDVI  0.176 51.2% 

Tree_Height_From_CHM 0.153 44.4% 

DBH (cm) 0.135 39.2% 

 

4.3 Validation of tree heights, tree count, and tree 

species prediction 

The validation part was conducted in three steps and the respective results will be 

displayed and described in detail under the subheadings below. 

4.3.1 Field measured heights vs CHM derived heights 

Firstly, a scatter plot was obtained between the field measured tree heights and CHM 

derived tree heights. The scatter plot in Figure 9 indicates a positive relationship 

between CHM derived tree heights (X) and measured tree heights (Y). The R-squared 

value of 0.202 suggests that 20.2% of the variability in Y can be explained by X.  

Hence, this does not indicate a better fit since the R-squared is lower than 50%. 
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Figure 9. The scatter plot of field measured tree height vs ALS derived tree heights. The red line indicates the 

best fitted line between the two variables. 

Then a paired T-test was performed between field derived tree heights and ALS 

derived tree heights to check whether the field measured tree heights can be replaced 

with ALS derived tree heights. A total number of 191 trees were used for this test. 

The null hypothesis was set as there is no significant difference between field 

measured tree heights and ALS-derived tree heights. According to the results, the 

obtained p-value is 0.000 which is less than the significance interval (0.05) indicating 

a significant difference in the field measured tree heights and the CHM derived tree 

heights. On the other hand, the negative and large T-value (-15.74) confirms the 

rejection of the null hypothesis. 

4.3.2 Field measure tree count vs ALS derived tree count 

In this study, a side-by-side comparison was conducted between tree counts obtained 

using two different methods. Table 9 presents the results of this comparison. 

Specifically, within Plot 3, the ALS data method was able to accurately derive the tree 

count, achieving a 100% match with the field measured trees. However, the results 

were little varied in other plots. In plot 2, the ALS derived count exceeded the field 

measured tree counts (126.09%), while both plot 1 and plot 4 experienced a slight 

reduction in the ALS derived tree counts compared to the field measurements. For 

these two latter plots, the ALS derived accuracy were 90.91% and 93.88% 

respectively. Overall, there is a 2.09% over estimation of ALS-derived trees 

compared to filed measured trees.  
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Table 9. Field measured tree count vs ALS derived tree count for four plots shown in figure 3. 

4.3.3 Field measured tree species vs predicted species 

This comparison is derived from one of the final results of tree prediction conducted 

through a machine learning process using the MLP model. Through the model 

autonomously cross-checked the prediction results of both training and testing 

samples with the respective field-observed species, and validation was performed 

based on that. Table 10 illustrates the prediction accuracies of the model. 

Table 10. Tree family prediction accuracies. 

 

 

 

 

 

 

 

 

The training sample consisted of 27 Betulaceae trees and 87 Pinaceae trees. The MLP 

correctly identified 20 Betulaceae trees but misclassified 7 as Pinaceae. Additionally, 

80 Pinaceae trees were accurately predicted, with 7 misclassified as Betulaceae. 

Consequently, the prediction accuracies for Betulaceae and Pinaceae within the 

training sample were 74.1% and 92%, respectively. 

Moving to the testing sample, which comprised 10 Betulaceae trees and 30 Pinaceae 

trees, the trained model was applied. The MLP accurately classified 8 Betulaceae trees 

but erred in predicting 2 Betulaceae trees as Pinaceae. Moreover, 29 Pinaceae trees 

were correctly identified, with only 1 misclassified as Betulaceae. Therefore, the 

prediction accuracies for Betulaceae and Pinaceae within the testing sample stood at 

80% and 96.7%, respectively. 

This examination sheds light on the efficacy of the MLP algorithm in differentiating 

between Betulaceae and Pinaceae trees, highlighting the precise and systematic 

approach taken in predicting tree species based on the provided samples. 

Plot Number 
Filed measured 

trees 
ALS derived trees Percentage % 

1 33 30 90.91 

2 48 58 126.09 

3 61 61 100.00 

4 49 46 93.88 

Sample Observed 
Predicted 

Betulaceae Pinaceae Percent Correct 

Training 
Betulaceae 20 7 74.1% 

Pinaceae 7 80 92.0% 

Testing 
Betulaceae 8 2 80.0% 

Pinaceae 1 29 96.7% 
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4.4 i-Tree Eco modelling 

 In this step, the i-Tree eco model was employed to calculate the reference values 

(scenario 1) for various ecological services, using the original input parameters 

without any modifications. It must be noted that, these resulting reference values 

from the i-Tree Eco also comes with uncertainties. For carbon storage, the relative 

standard error is 17.7% in urban areas, for carbon sequestration, the relative standard 

error is 19.9% in urban areas (i-Tree tools, 2006), and the uncertainty in avoided 

runoff depends on the weather precipitation data (i-Tree Eco user’s manual, 2017).  

While the model provided a wide array of ecological services, our focus was narrowed 

to three specific ones. These were carefully selected to align with the purpose of the 

study and are detailed in Table 11. These outputs from the i-Tree Eco model are 

specific to the time when the field data were measured and the ALS and orthophotos 

were captured. Results from more recently acquired inputs for the i-Tree Eco can be 

different. According to the table, the total carbon storage capacity within all four plots 

was found to be 63.19 tons. This value represents the accumulated carbon within tree 

biomass, illustrating the integral role of the vegetation in trapping and containing 

carbon dioxide from the atmosphere. Next, the gross carbon sequestration was 

obtained as 1.4 tons on an annual basis. Finally, the model estimated an avoided runoff 

of 71.27 cubic meters per year. These findings provide a quantifiable measure of the 

ecological services rendered by the study area (four circular plots), underscoring the 

multifaceted environmental benefits provided by the urban trees. These results may 

serve as an essential reference for the sensitivity analysis of this study. 

Table 11. Ecological services derived via i-Tree Eco modelling. 

Ecological service Amount 

Carbon Storage (ton) 63.19 

Gross Carbon Sequestration (ton/yr) 1.41 

Avoided runoff (m^3/yr) 71.27 

4.5 i-Tree Eco model sensitivity analysis 

The last part of the study was the sensitivity analysis. For this purpose, 26 scenarios 

(Section 3.9, Table 5) were applied to the i-Tree Eco model. The ecological services 

obtained through those scenarios were cross-checked with the reference values 

(scenario 1) scenario wise. The comparison is shown in Table 12 below. Here, the 

differences were obtained by reducing the scenario values from the respective 

reference values. A positive percentage in the difference means that the value of the 

scenario is less than the reference, while a negative percentage means the value of the 

scenario is greater than the reference. Based on Table 12 and Figure 10, the maximum 
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deviation compared to the reference values can be seen in avoided runoff (more than 

81%) for scenarios from XXII to XXVI. A significant deviation can also be observed 

in gross carbon sequestration and avoided runoff (around 30% and around 20%, 

respectively) for scenarios from XVII to XXI.   

Table 12. Results obtained through sensitivity analysis. 

Scenarios from 

Table 5 

Carbon 

Storage 

(ton) 

Gross Carbon 

Sequestration 

(ton/yr) 

Avoided runoff 

(m3/yr) 

Reference Values 

(Scenario I) 
63.19 1.41 71.27 

Scenario II 57.19 1.44 70.65 

Difference  6 -0.03 0.62 

Percentage % 9.50 -2.13 0.87 

Scenario III 54.8 1.48 70.3 

Difference  8.39 -0.07 0.97 

Percentage % 13.28 -4.96 1.36 

Scenario IV 55.27 1.45 70.08 

Difference  7.92 -0.04 1.19 

Percentage % 12.53 -2.84 1.67 

Scenario V 54.22 1.49 70.26 

Difference  8.97 -0.08 1.01 

Percentage % 14.20 -5.67 1.42 

Scenario VI 63.31 1.5 69.97 

Difference  -0.12 -0.09 1.3 

Percentage % -0.19 -6.38 1.82 

Scenario VII 63.26 1.53 70.02 

Difference  -0.07 -0.12 1.25 

Percentage % -0.11 -8.51 1.75 

Scenario VIII 63.53 1.55 70.26 

Difference  -0.34 -0.14 1.01 

Percentage % -0.54 -9.93 1.42 
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Scenario IX 63.58 1.62 70.71 

Difference  -0.39 -0.21 0.56 

Percentage % -0.62 -14.89 0.79 

Scenario X 57.22 1.47 70.39 

Difference  5.97 -0.06 0.88 

Percentage % 9.45 -4.26 1.23 

Scenario XI 54.81 1.52 70.54 

Difference  8.38 -0.11 0.73 

Percentage % 13.26 -7.80 1.02 

Scenario XII 55.5 1.52 70.55 

Difference 7.69 -0.11 0.72 

Percentage % 12.17 -7.80 1.01 

Scenario XIII 54.51 1.59 71.23 

Difference  8.68 -0.18 0.04 

Percentage % 13.74 -12.77 0.06 

Scenario XIV 67.74 1.73 69.84 

Difference  -4.55 -0.32 1.43 

Percentage % -7.20 -22.70 2.01 

Scenario XV 70.16 1.81 70.76 

Difference  -6.97 -0.4 0.51 

Percentage % -11.03 -28.37 0.72 

Scenario XVI 73.31 1.79 70.89 

Difference  -10.12 -0.38 0.38 

Percentage % -16.02 -26.95 0.53 

Scenario XVII 62.82 1.97 107.29 

Difference  0.37 -0.56 -36.02 

Percentage % 0.59 -39.72 -50.54 

Scenario XVIII 62.88 2.2 107.83 

Difference  0.31 -0.79 -36.56 

Percentage % 0.49 -56.03 -51.30 
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Furthermore, Figure 10 provides a graphical representation of the changes across 

different scenarios, displaying the percentage variations in comparison of their 

respective reference values. This visualization offers an overview of the relative shifts 

in values and helps to identify the most suitable scenarios. 

Scenario XIX 62.76 2.21 108.05 

Difference  0.43 -0.80 -36.78 

Percentage % 0.68 -56.74 -51.61 

Scenario XX 62.69 2.22 107.95 

Difference  0.5 -0.81 -36.68 

Percentage % 0.79 -57.45 -51.47 

Scenario XXI 62.74 2.28 107.88 

Difference  0.45 -0.87 -36.61 

Percentage % 0.71 -61.70 -51.37 

Scenario XXII 64.04 1.5 129.43 

Difference  -0.85 -0.09 -58.16 

Percentage % -1.35 -6.38 -81.61 

Scenario XXIII 63.98 1.53 129.49 

Difference  -0.79 -0.12 -58.22 

Percentage % -1.25 -8.51 -81.69 

Scenario XXIV 64.25 1.55 129.54 

Difference  -1.06 -0.14 -58.27 

Percentage % -1.68 -9.93 -81.76 

Scenario XXV 64.29 1.62 129.55 

Difference  -1.1 -0.21 -58.28 

Percentage % -1.74 -14.89 -81.77 

Scenario XXVI 63.92 1.41 129.46 

Difference  -0.73 0 -58.19 

Percentage % -1.16 0.00 -81.65 

Scenario XXVII 59.53 1.72 65.16 

Difference  3.66 -0.31 6.11 

Percentage % 5.79 -21.99 8.57 
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Figure 10. Visualization of the percentage difference with the reference values in each scenario.
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5 Discussion 

5.1 Field work 

Using GNSS equipment can always be challenging under tree canopies due to multiple 

bounces of the satellite signals. In the field work phase of this study, control point 

establishment for plot centres was successfully conducted and the orientation of the 

total station was possible to achieve the required 3D accuracy. After completing the 

measurements in each plot, a backsight was measured again to ensure that the accuracy 

was preserved. Consistent results were observed in all four plots, with the coordinates 

remaining unchanged from the start of the survey.  

In total 192 trees were measured in the field and the most common species were 

Betula pendula Roth (29 trees), Pinus resinosa Aiton (25 trees), Pinus sylvestris L. 

(24 trees), and Pinus ponderosa Douglas ex C. Lawson (23 trees), where other species 

count were less than 12 trees. The species in this study were identified using 

photographs collected in the field, analyzed through the Pl@ntNet app. Therefore, 

the accuracy of species detection is inherently tied to the strength and 

comprehensiveness of this app’s existing database. This reliance on technology 

introduces the possibility of incorrect identification of species, as the app's accuracy 

may vary based on its available data for northern European tree species. While the 

ideal approach would have been to seek the expertise of a botanist specialized in the 

identification of northern European tree species, such an expert was unfortunately 

not available at the time of the study. Therefore, it is important to recognize the 

potential limitations in species identification resulting from this reliance on the 

Pl@ntNet app. Future studies in this area may benefit from collaboration with 

botanical experts to ensure more accurate and reliable identification. 

When measuring tree locations, the prism was held at the closest point to the total 

station touching the tree bark. This is not the exact location of the tree. One 

suggestion could be to add a correction by adding the radius of the tree bark assuming 

that it is taking a circular shape. 

One specific challenge was the use of the non-prism measurement option for 

measuring tree heights with an uncertainty of a 2 mm + 2 ppm. The dynamic 

movement of treetops, due to wind, made it exceptionally difficult to accurately 

measure their top. A more convenient and perhaps accurate method would have 

involved measuring the angle to the treetop using the total station, then applying 

simple trigonometry to calculate the tree height. This approach would leverage the 

known coordinates of the tree bottom and the instrument station, potentially offering 

a more stable and precise measurement. 
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5.2 Individual tree crown delineation and tree detection 

When performing watershed delineation, noise in the CHM can create spurious peaks 

or valleys that interfere with the delineation process, leading to over-segmentation or 

misidentification of tree centers. In this study, the main reason for applying Gaussian 

and median filters to the CHM prior to the delineation is to help prevent the algorithm 

from detecting false peaks. To prevent from over or under segmentation of trees, the 

algorithm was run several times for the same CHM to tune the threshold values of the 

algorithm. 

In Figure 5 (CHM), though the minimum value of the raster should be zero, it goes 

down to -0.41 m. For ideal conditions, the difference between the raster datasets 

created from the first and last returns of the ALS data should represent the canopy 

height, with the first return representing the top of the canopy and the last return 

representing the ground surface. However, negative values can occur in practice due 

to several potential reasons such as noise and outliers, multiple returns within the 

canopy before reaching the ground, which can lead to incorrect identification of true 

ground return, ground surface complexity such as when the ground is highly 

undulated or covered with understory vegetation, data processing errors such as 

filtering or classification, instrument calibration errors, etc. (Duan et al., 2015; Douss 

and Farah, 2010). 

Smoothing the CHM may result in the disappearance of small crowns in proximity to 

larger crowns. Therefore, utilizing an adaptive or localized filter (Lisiewicz et al., 

2022) could be a more suitable approach.  A better approach would have been to use 

an adaptive filter (Jaafar et al., 2018) as adaptive filleters can adjust to variable canopy 

structures, preserve edge information by adjusting to the local variance of the data, 

handling data gaps locally etc. 

When working with raster data for canopy height model delineation, the edge effect 

is a common problem, which can be clearly seen in Figure 8(a). Due to abrupt 

cropping, the canopy shape looks quite unnatural in Figure 8(b). At the boundaries of 

the study area are where the ALS dataset was cut off. Due to inconsistencies and 

artificial edges, artifacts were generated in the CHM. Also, at the boundaries, some 

tree crowns were cut through the middle. Hence, the resulting CHM contains only 

portions of those tree crowns which may contribute to misinterpretation of tree 

heights and locations. A solution to this issue could have been the extension of the 

CHM delineation area beyond the boundaries of the actual study area by a certain 

buffer distance. The analysis can then be performed within this extended area, and 

thereafter, the results can be clipped based on the original study area (Picos et al., 

2020). This can help alleviate boundary artifacts and ensure that the trees on the edges 

are fully captured. Furthermore, the results from the CHM delineated canopies could 
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have been validated with auxiliary data such as high-resolution imagery or field data. 

But in this study, the tree dimensions were not measured in the field. 

When the trees are clustered very close to each other the watershed delineation 

technique tends to merge the tree canopies as a single canopy, though in reality 

multiple treetops exist. This is also true for multiple crowns, which may be delineated 

though only a single tree exists. This mainly happened in this study for deciduous trees 

as there are multiple local maxima. As a solution to these issues, post-processing 

techniques can be applied to merge or split delineated areas based on size, shape, or 

other characteristics (Wang et al., 2011). Using ancillary data, such as spectral or 

textural information, might also aid in resolving complex canopy structures 

(OZDARICI-OK and OK, 2023). The understory canopy cannot be delineated using 

this technique unless the ALS point cloud is sliced, and individual voxels are assessed. 

5.3 Extraction of dendrometric parameters 

5.3.1 Tree heights 

When compared to the field measured tree heights, the ALS derived tree heights have 

considerable differences. The results given by the scatter plot (see Figure 9) and the 

paired T-test done between the filed measured tree heights and the ALS derived tree 

heights also confirmed this difference. The major reason for this difference is due to 

the technical error made in the fieldwork which was described in section 5.1. Besides, 

there can be several other reasons for this issue such as accuracy of measurements, 

tree structure and leaf density, ground surface errors, and differences in measurement 

protocols. This last reason can be due to how field measurements define tree height, 

which is the vertical distance to the highest live branch, whereas ALS might measure 

to the highest point regardless of whether it is a live branch or not.  

When extracting tree heights from the delineated crowns (in the case of field 

measured tree locations and ALS data derived trees), there can always be a deviation, 

as seeds from watershed delineation technique are based on local maximum points of 

the CHM whilst in field measurements the tree trunk location is measured. One of 

the reasons, for applying smoothing and filtering to the CHM before identifying the 

maximum point is to reduce the effect of noise and the insufficient resolution in the 

CHM that can cause the maximum height point to be misplaced, especially if the 

difference in height within the crown is subtle (ALS point density was 0.5-1.0 

point/m2). In practice, some tree crowns have multiple peaks and branches that reach 

similar heights, leading to ambiguity in defining the maximum height point. 

Inaccuracies in the delineated crowns due to over or under segmentation can lead to 

the effect that the maximum height point within the delineated area may not 

correspond to the true center of the tree crown.   



 

 
54 

5.3.2 DBH estimation 

When attempting to estimate DBH directly from ALS data, there were some 

challenges due to the low point density of the data. This is a common obstacle in the 

field, given the limitations in the resolution of ALS data, particularly in environments 

characterized by dense forest cover. In an effort to overcome this issue, the focus was 

turned to allometric linear regression models with the aim of establishing relationships 

between different dendrometric parameters on a species-specific level. 

Unfortunately, this approach failed to yield substantial correlations. Addressing this 

lack of species-level correlations, an alternative strategy was introduced, i.e. to 

consider the dendrometric parameters at the level of tree families. Here, the 

parameters were averaged by family, and subsequently, a relationship between DBH 

and CM derived tree heights can be uncovered. It is important to note that 

relationships derived in this way are likely to be more consistent within a tree family 

than between distinct species. However, such relationships may be specific to the 

particular ecological conditions and tree species under scrutiny. 

The subsequent statistics from the scatter plot provided confidence in this family-

based model. With an R-squared value of 71.3%, it can be inferred that the model 

can explain over 70% of the variability in DBH, based on the CHM derived tree 

height. The closely related adjusted R-squared value, at 68.5%, validates this finding 

and affirms the validity of tree height as a useful predictor within our model. The 

standard error of estimate, captured by an S value of 6.3686, indicates that the 

model’s predicted DBH values deviated from the actual values by this amount on 

average.  Whilst these statistics suggest that the model is robust, it is better to exercise 

caution when interpreting these results. Given that the model is based on averaged 

values grouped by tree families, it may not yield equally accurate predictions for 

individual trees.  

Moreover, inaccuracies inherent to the ALS derived tree heights could introduce 

further errors in the DBH estimates.  A drawback of using linear regression allometric 

equations to predict the DBH is that trees with heights outside the range of the values 

to generate the model must be excluded. The reason is the predictions are limited to 

interpolation and cannot extrapolate beyond the available data range (Bruce and 

Bruce, 2017).  

5.3.3 CLE calculation 

The calculation of CLE was based on two significant contributing factors: the 

individual tree height and the distance to the nearest neighboring tree. In order to 

make these measures commensurable and to provide a consistent base for analysis, a 

linear normalization technique was adopted to stretch both values between 1 and 100. 

This method has certain advantages: it is relatively straightforward, and it aligns well 
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with the understanding that both tree height and proximity to neighboring trees can 

impact a tree’s access to sunlight, a primary determinant of CLE. However, by 

linearly stretching both factors, we assume that their impacts on light exposure are 

equivalent and linearly related. In nature, this may not be the case. On the other hand, 

due to the sparse nature of the ALS point cloud, errors can occur in this 

approximation. Specifically, the third return may or may not have hit the bottom-

most branch of a particular tree, leading to potential inaccuracies in the data 

interpretation. The method used to derive the CLE in this study was not validated 

since no ground truth data was collected regarding the CLE. 

5.3.4 CBH calculation 

In this study, the third return was utilized to calculate the height to the canopy base, 

or the Crown Base Height (CBH). This choice was determined due to a couple of key 

considerations. Firstly, the selection of the third return helped avoid the issue of 

negative values encountered when using the second return, which is crucial to ensure 

the validity of the data for subsequent analysis.  

Secondly, the choice of the third return over later returns (like the 4th, 5th, and 6th) 

was likely based on the trade-off between capturing the desired information and 

maintaining a sufficient point density. As the return number increases, the point 

density tends to decrease, since not all laser pulses will have that many interactions 

before reaching the ground. In forested areas, the third return often provides a 

reasonable balance by representing points beneath the top of the canopy but not so 

low that the point density becomes too sparse for reliable analysis (Popescu et al., 

2011; Sumnall et al., 2012). Hence the third return was used for the CBH derivation.   

Additionally, later returns might increasingly represent the understory vegetation or 

ground surface rather than the main tree canopy, which could potentially introduce 

more inaccuracies into the derived CBH. Lastly, considering the insufficiency of the 

ALS point cloud density for voxel-based methods, using the third return for the DEM 

generation is a practical choice that allows for a reasonable approximation of the CBH. 

However, there were no field measured data that were gathered that can validate the 

CBH derived using the method applied in this study. 

5.4 Species identification 

The approach employed for species prediction using MLP neural networks 

incorporated multiple aspects of tree information, derived from both field collected 

and ALS data. A range of variables, including tree height, DBH, CBH, crown area, 

and NDVI, provided a comprehensive set of inputs to predict tree species. It was 

found out that only by predicting the family can the results be acceptable. For this 

study, only two families were predicted by the model, which is Betulacea and 
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Pinaceas. Hence, the data were trained again by using only these two families, with 

the assumption that the study area consists only of these two. A major reason for this 

is the training samples being too small as in most cases at least 5000 samples must be 

taken in each tree species for an artificial neural network to provide reliable results 

(Walde et al., 2004). In this study, only 154 tree samples were used.  

When using NDVI as an input, there can be several potential challenges such as 

saturation where NDVI values become saturated in areas with high vegetation density, 

lighting, and atmospheric conditions such as sunlight angle, cloud cover, and 

atmospheric particles. At this stage, since the locations of the treetops were already 

determined negative NDVI values were not removed but were taken to support the 

decision as negative values also existed on the locations of field measured trees as well. 

This is due to the poor quality of the orthophoto as it was clearly visible to the naked 

eye that a section of the orthophoto was too brownish, and the branches of trees were 

visible. This can be because of merging two datasets acquired in two seasons or non-

green vegetation such as dead trees and branches that can affect the accuracy of the 

NDVI values. The orthophoto used in this study was taken in late spring. Hence some 

of the deciduous trees may not have started to regain their leaves. Suggestions to avoid 

these drawbacks could have been to use an enhanced vegetation index, integrating 

other spectral indices or other types that can differentiate non-green vegetation.  

The MLP model was trained on a sizable portion of the data (74%), which is a good 

practice as it allows the model to learn from many examples and better generalize its 

prediction capability to unseen data. But it only left 26% for testing. While this might 

have helped achieve a lower error rate, it could also potentially lead to overfitting, 

where the model is too finely tuned to the training data and may perform poorly on 

unseen data. According to López et al. (2022), a more balanced train-test split or 

employing cross-validation techniques, which rotate the dataset used for training and 

testing, could be used to address this issue.  

However, the model demonstrated relatively high accuracy, with only 12.3% 

incorrect predictions for the training set and an even better performance on the 

testing set with 7.5% incorrect predictions. The neural network used here is 

comprised of an input layer, one hidden layer, and an output layer. The choice of a 

hyperbolic tangent activation function in the hidden layer is suitable for its range of 

outputs (-1 to 1), which can lead to more efficient learning during backpropagation. 

Additionally, the softmax function in the output layer is an excellent choice for multi-

class classification problems (Alzubaidi et al., 2021), which is the case here with tree 

family prediction.  

The use of cross-entropy error as the metric for model performance is appropriate 

for classification tasks. Lower cross-entropy values indicate that the model’s predicted 
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probabilities are closer to the true class labels, hence better performance. The cross-

entropy error values for the training and testing sets were quite low (34.186% and 

7.795%, respectively), further indicating the model’s robust performance. 

According to the estimated importance of each predictor variable on the model’s 

output, CBH emerged as the most critical variable, contributing 100%. Other 

significant contributors were NDVI (51.2%), Crown area (55.7%), CHM derived 

tree heights (44.4%), and DBH (39.2%). This information is vital, not only for 

interpreting our model’s decision-making but also for guiding future research through 

feature selection.   

Lastly, the model may not work well in other regions with different climates, soil 

types, or tree species. The model is, in essence, a product of the environment from 

which the data was gathered. This could be improved by training the model on data 

collected from different geographic regions, environments, and tree species. 

5.5 i-Tree Eco model sensitivity testing with field 

acquired and remotely sensed data estimated inputs 

According to analysis presented in Table 12 and Figure 10, scenarios II to V show a 

relatively higher percentage of change in carbon storage compared to the reference 

values, but the change remains within 15%. Similarly, scenario VI to IX indicates the 

highest change percentage in gross carbon sequestration, but it does not exceed 15% 

change as well.  Moving on to scenarios X to XIII, the most significant change is 

observed in carbon storage, reaching 13.74%, while the smallest change is in avoided 

runoff, which shows 0.06% variation at the family level. Further, scenarios XIV to 

XVI demonstrate that gross carbon sequestration exhibits the highest percentage of 

change, amounting to 28.37. This is nearly twice the values obtained with average 

DBH scenarios, suggesting that the i-Tree eco model is more sensitive to species 

rather than DBH.  

In the i-Tree eco model, there is an option to provide inputs with fewer inputs and 

let the model estimate the other parameters such as canopy dimensions and CBH. In 

scenarios XVII to XXI gross carbon sequestration and avoided runoff indicate 

deviations around 55% from the reference values. For scenarios XXII to XXVI, the 

highest errors are found in avoided runoff, indicating approximately 81% difference, 

emphasizing the importance of providing accurate tree structure parameters as inputs 

rather than letting the model estimate them. This is because the avoided runoff is 

influenced by how much water is intercepted by the tree’s canopy and transpiration 

which is directly related to canopy dimensions and CLE. However, the change 

percentages in carbon storage and gross carbon sequestration remain relatively small 

and do not exceed 15%. This is due to both carbon storage and gross carbon 
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sequestration primarily depending on the amount of biomass present in the tree. The 

amount of biomass present in the tree is mostly governed by the diameter at breast 

height (DBH) and species of the tree. The DBH and species of a tree can be good 

predictors of its age and, thus, its carbon content. Given this, the model may still 

produce reasonably accurate predictions for carbon metrics even with few inputs, as 

long as the DBH and species information are available.  

In scenario XXVII, gross carbon sequestration shows the highest relative change 

percentage of 21.99%, while carbon storage and avoided runoff have a change of 

5.79% and 8.57%, respectively. These findings demonstrate the suitability of the 

methodology employed. Importantly, there is no specific threshold to determine 

whether a change above a certain percentage is favorable or unfavorable, as the 

appropriateness of the model’s performance depends on the nature of the project and 

its specific requirements. 

5.6 Future aspects 

In reflecting on this research, several areas for future exploration and improvements 

can be illustrated. A fundamental area requiring further examination involves the 

collection of ground truth data for canopy characteristics, such as crown length and 

width, as well as the CBH. The reliability of artificial neural network predictions 

could be enhanced by enlarging the ground truth data sample size (Sumayli, 2022). 

This study highlighted the limitation of small sample sizes for species prediction and 

DBH estimation via allometric equations, marking the need for a more substantial 

dataset. 

Additionally, this research overlooked a critical parameter: the age of the trees, which 

could be included in future studies. The tree age could potentially offer a more 

nuanced understanding of urban forests and the ecological services they provide 

(Jonsson et al., 2020). Furthermore, carbon estimation in this study was confined to 

above-ground elements, leaving room for below-ground carbon estimation to provide 

a more comprehensive picture (Kho and Jepsen, 2015). In terms of spatial 

considerations, the study did not address understory vegetation, which is another 

component that future research could explore. 

Multiple tree crown delineation techniques could be tested beyond watershed 

segmentation, such as seeded region growing, valley-following, edge detection, 

morphological reconstruction, and template matching methods. These alternative 

methods could offer valuable insights depending on the specific conditions of the 

terrain and tree canopy. As for the available ALS point cloud, it was quite sparse in 

this study. It is recommended to use a personal drone to collect data to match with a 

good resolution. According to Yoshii et al. (2022), other data collection methods like 
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full waveform and photon counting techniques could enhance the quality of remote 

sensing data in future studies. 

Future research should also consider integrating additional vegetation indices like 

ratio vegetation index (RVI), green chlorophyll index (cIgreen), and enhanced 

vegetation index (EVI) into the species prediction process alongside MLP ANN 

(Glenn et al., 2008). Moreover, the exploration of alternative machine learning 

models, such as convolution neural networks (CNN), support vector machine, 

random forest, and gradient boosting machines, may yield improved species 

determination outcomes. 
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6 Conclusions 

Urban trees offer significant benefits to the urban environment, providing a suite of 

services often referred to as ecological services. Quantifying these services is crucial, 

providing valuable insights for urban planning and environmental conservation 

efforts. However, this process typically requires substantial field work, which can be 

time-consuming and resource intensive.  

In response to this challenge, this study has explored the potential of remotely sensed 

data such as ALS and RGB-NIR orthophotos as a viable alternative source of 

dendrometric parameters and species identification for urban trees in Sweden. It has 

made significant strides towards addressing three primary research questions 

concerning the feasibility of replacing field-gathers inputs for the i-Tree Eco model 

with remotely sensed data in Sweden, extraction techniques for these inputs, and the 

implications of averaging the i-Tree Eco model’s outputs to various taxonomy levels. 

The key findings will be described in the following paragraphs. 

In assessing the viability of replacing field-gathered dendrometric parameters and 

species data for the i-Tree Eco model with remotely sensed data, this research 

demonstrated that such an approach is indeed feasible. The parameters for tree 

location, diameter at breast height (DBH), canopy base height (CBH), crown light 

exposure (CLE), and species, up to the family taxonomy level, can be extracted from 

readily available airborne laser scanning (ALS) and orthophoto data provided by 

Lantmäteriet. The DBH estimation, derived from field-collected data, showed a 

promising performance with an R-squared value of 71.3% up to the family taxonomy 

level. In addition, the species prediction using orthophotos also achieved 

commendable results, with an overall correct identification of 87.7% during the 

training phase and 92.5% during the testing phase, again at the family taxonomy level. 

These results underscore the potential for remote sensing data to effectively 

contribute to the determination of species and dendrometric parameters in the 

Swedish urban tree landscape. 

Nevertheless, we also encountered challenges and limitations. The correlation 

between field-measured tree heights and ALS-derived tree heights was weaker than 

anticipated, underscoring the need for caution when substituting field measurements 

with remotely sensed data. The Multilayer Perceptron (MLP) model used for tree 

species prediction demonstrated a certain level of misclassification, highlighting the 

need for continued refinement and exploration of machine learning models for this 

application.  

Diving deep into the i-Tree Eco model's adaptability to inputs, it was revealed that 

while integrating ALS-derived inputs and averaging them to different taxonomy ranks 
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is plausible, there's variability in accuracy. A significant observation was that 

predictions at the family level emerged as the most reliable. However, when the 

model was entrusted with estimating tree structure parameters based solely on species 

and DBH, there were marked deviations, especially in services like carbon storage, 

gross carbon sequestration, and avoided runoff. 

In conclusion, while this study has laid a potential for the use of remotely sensed data 

in urban tree management, future research is needed to refine these methodologies 

and expand our findings. This work could include improving the methods used to 

derive dendrometric parameters from remotely sensed data and enhancing the 

machine learning models for tree species prediction. Ultimately, the goal is to develop 

more effective and scalable practices for managing urban forestry and its ecological 

services to enrich our urban environments avoiding time-consuming and expensive 

practices. 
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Appendix A. Species, genus, family, and order of 

field measured trees 

Table A1. Species, genus, family, and order of field measured trees 

Species 

Number 

of trees 

per 

species 

Genus Family Order 

Acer saccharinum L. 1 Acer Sapindaceae Sapindales 

Alnus glutinosa (L.) 

Gaertn. 1 Alnus 

Betulaceae 

Fagales 

Betula pendula Roth 29 
Betula 

Betula pubescens Ehrh.  6 

Carya 

illinoinensis (Wangenh.) 

K.Koch 1 Carya Juglandaceae 

Cedrus libani A.Rich.  1 Cedrus Pinaceae Pinales 

Celtis laevigata Willd. 1 Celtis Cannabaceae Rosales 

Fraxinus americana L. 2 Fraxinus Oleaceae Lamiales 

Gleditsia triacanthos L.  1 Gleditsia Fabaceae Fabales 

Koelreuteria 

paniculata Laxm. 1 Koelreuteria Sapindaceae Sapindales 

Larix decidua Mill.  12 Larix Pinaceae Pinales 

Nothofagus 

alpina (Poepp. & Endl.) 

Oerst 3 Nothofagus 
Nothofagacea

e 
Fagales 

Nothofagus 

obliqua (Mirb.) Oerst. 1 

Pinus banksiana Lamb. 1 

Pinus Pinaceae Pinales 
Pinus halepensis Mill. 1 

Pinus pinaster Aiton  7 

Pinus pinea L.  7 
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Pinus ponderosa Douglas 

ex C.Lawson 23 

Pinus resinosa Aiton  25 

Pinus strobus L. 10 

Pinus sylvestris L. 24 

Populus alba L. 4 

Populus Salicaceae 
Malpighiale

s 

Populus tremula L.  1 

Populus 

tremuloides Michx. 1 

Prunus avium (L.) L. 6 

Prunus 
Rosaceae Rosales 

Prunus dulcis (Mill.) 

D.A.Webb 1 

Prunus serotina Ehrh. 2 

Prunus serrulata Lindl. 1 

Pinaceae Pinales Pseudotsuga menziesii 

(Mirb.) Franco  5 Pseudotsuga 

Quercus 

castaneifolia C.A.Mey. 1 

Quercus Fagaceae Fagales 

Quercus 

pubescens Willd. 1 

Quercus robur L. 1 

Quercus rubra L. 1 

Quercus suber L. 2 

Sterculia africana (Lour.) 

Fiori 1 Sterculia Malvaceae Malvales 

Ulmus americana L. 1 Ulmus Ulmaceae Rosales 

Ulmus pumila L. 1 Ulmaceae Rosales Rosids 

Vachellia 

gerrardii (Benth.) P.J.H. 

Hurter 1 Acacia Fabaceae Fabales 
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Appendix B. Results from MLP model 

 

Figure B1. Hidden layer activation function and output layer function of MLP model. 
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 Table B1. Parameter estimate of MPL model 

 

 

 

Predictor 

Predicted 

Hidden Layer 1 Output Layer 

H(1:1) H(1:2) H(1:3) [Code=1] [Code=2] 

Input Layer (Bias) .904 1.694 .237   

NDVI -.476 .863 .655   

Canopy_Base_Height_From

_Third_Return 

1.027 .298 -.625 
  

Tree_Height_From_CHM -.423 .910 .624   

Crown_Area -.833 .652 -1.087   

DBHcm -.477 .525 -.276   

Hidden Layer 1 (Bias)    -.280 -.491 

H(1:1)    -1.336 1.664 

H(1:2)    -.980 1.791 

H(1:3)    1.528 -1.303 
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Appendix C. NDVI map 

 

Figure C1. NDVI map of the study area. 
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Appendix D. Inputs for i-Tree Eco model 

Table D1. Inputs for i-Tree Eco model that derived from field data. 

ID 
Tree 
height 

DBH 
(cm) 

Number 
of 
Crowns 

Species 
Crown 
area 

CLE 

Tree 
height 
from 
CHM 

CBH Lat Lon 

1 13.25 33.12 1 Prunus dulcis (Mill.) D.A.Webb 29.37 2 22.38 2.44 60.67696 17.10944 

2 25.96 59.24 1 Fraxinus americana L. 50.39 5 21.54 5.00 60.67677 17.10955 

3 5.66 20.70 2 Fraxinus americana L. 62.13 2 9.77 2.05 60.67671 17.10942 

4 14.94 24.84 1 Populus tremuloides Michx. 18.68 3 18.73 2.75 60.67694 17.10962 

5 8.43 47.45 3 Ulmus americana L. 70.68 2 13.93 6.00 60.67846 17.11413 

6 4.65 19.43 1 Cedrus libani A.Rich.  6.19 2 15.57 8.30 60.67688 17.10807 

7 13.91 65.92 1 Quercus castaneifolia C.A.Mey. 27.01 3 30.33 2.93 60.67672 17.10958 

8 12.33 65.29 3 Pinus pinaster Aiton  59.24 3 14.75 6.99 60.67678 17.10787 

9 14.54 65.61 1 Pinus pinaster Aiton 141.16 4 16.73 13.52 60.67689 17.10756 

10 10.48 48.73 1 Pinus pinaster Aiton 68.54 2 16.87 2.02 60.67698 17.10889 

11 13.04 22.93 1 Pinus pinaster Aiton 19.83 3 17.13 14.47 60.6777 17.11022 

12 13.19 28.66 1 Pinus pinaster Aiton 8.10 3 20.70 17.48 60.67774 17.11026 

13 15.14 41.40 1 Pinus pinaster Aiton 17.26 4 24.40 22.43 60.6777 17.10997 

14 18.24 38.22 2 Pinus pinaster Aiton 33.38 4 20.02 5.00 60.67781 17.11017 

15 13.54 37.26 1 Quercus suber L. 7.73 2 20.18 2.05 60.67682 17.10939 

16 26.81 35.99 1 Quercus suber L. 7.73 4 20.11 4.33 60.67683 17.10941 

17 14.44 12.42 1 Pseudotsuga menziesii (Mirb.) Franco  33.31 3 22.91 7.31 60.67684 17.10795 

18 15.61 27.07 1 Pseudotsuga menziesii (Mirb.) Franco 31.75 3 17.13 5.06 60.67679 17.10766 

19 15.03 35.67 1 Pseudotsuga menziesii (Mirb.) Franco 13.55 3 19.84 15.40 60.67681 17.10762 
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20 10.48 29.94 1 Pseudotsuga menziesii (Mirb.) Franco 13.55 2 17.30 13.27 60.67683 17.10763 

21 16.06 42.68 1 Pseudotsuga menziesii (Mirb.) Franco 94.53 4 18.66 3.71 60.67694 17.10902 

22 9.95 41.40 1 Quercus pubescens Willd. 61.68 2 22.33 1.68 60.67681 17.10926 

23 9.41 62.10 7 Alnus glutinosa (L.) Gaertn. 66.05 3 12.48 1.90 60.67823 17.11391 

24 8.48 19.75 2 Populus tremula L.  32.18 2 9.29 1.69 60.67663 17.10758 

25 12.49 21.02 1 Larix decidua Mill.  33.31 3 24.50 6.43 60.67685 17.10797 

26 15.71 31.85 1 Larix decidua Mill.  35.29 4 20.52 15.87 60.6768 17.108 

27 9.22 12.74 1 Larix decidua Mill.  31.14 3 11.20 4.81 60.67667 17.10787 

28 12.19 33.12 1 Larix decidua Mill 48.96 3 16.03 5.57 60.67829 17.11392 

29 12.61 39.49 1 Larix decidua Mill. 35.31 3 23.52 12.57 60.67756 17.10973 

30 13.71 29.62 1 Larix decidua Mill. 67.95 3 20.20 16.45 60.67772 17.11028 

31 17.35 35.35 1 Larix decidua Mill. 17.09 4 9.28 15.83 60.67771 17.11013 

32 8.98 32.48 1 Larix decidua Mill. 15.58 2 22.14 6.98 60.67769 17.11006 

33 20.67 33.12 1 Larix decidua Mill. 17.26 5 22.09 8.87 60.67771 17.11003 

34 8.47 46.18 2 Larix decidua Mill. 28.36 2 22.91 16.21 60.67776 17.11008 

35 18.73 37.58 1 Larix decidua Mill. 62.70 4 20.51 6.29 60.6778 17.11011 

36 10.82 31.21 1 Larix decidua Mill. 26.00 2 16.33 3.83 60.67831 17.11366 

37 10.91 38.22 1 Betula pendula Roth 31.14 3 19.86 3.51 60.67669 17.10779 

38 4.46 11.46 1 Betula pendula Roth 31.14 2 4.52 0.73 60.67669 17.10769 

39 19.61 92.04 2 Betula pendula Roth  238.81 4 25.46 21.00 60.67851 17.11333 

40 15.12 32.48 1 Betula pendula Roth 38.30 3 21.75 5.91 60.67679 17.1074 

41 16.88 35.35 1 Betula pendula Roth 38.30 4 22.69 17.32 60.6768 17.10744 

42 22.18 47.13 1 Betula pendula Roth 83.67 4 23.41 4.40 60.67683 17.10885 

43 20.68 42.36 1 Betula pendula Roth 51.21 4 23.26 4.03 60.67687 17.10891 

44 8.65 32.80 1 Betula pendula Roth 45.40 3 13.04 1.56 60.67697 17.1092 

45 15.27 29.62 1 Betula pendula Roth 22.22 2 13.88 2.49 60.67698 17.10925 
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46 18.49 36.94 1 Betula pendula Roth 60.68 3 22.48 3.12 60.67704 17.10938 

47 16.48 43.63 1 Betula pendula Roth 48.81 3 25.64 2.77 60.67702 17.1094 

48 16.32 27.71 1 Betula pendula Roth 15.84 3 23.64 2.78 60.67706 17.10951 

49 22.21 38.85 1 Betula pendula Roth 63.10 4 21.18 3.79 60.67707 17.10956 

50 15.84 28.34 1 Betula pendula Roth 10.89 3 24.40 2.86 60.67706 17.10961 

51 17.57 28.34 1 Betula pendula Roth 8.97 3 22.96 2.98 60.67697 17.10957 

52 21.92 27.39 1 Betula pendula Roth 8.97 4 26.92 3.70 60.67699 17.1096 

53 24.73 30.57 1 Betula pendula Roth 13.88 4 25.69 4.19 60.67701 17.10959 

54 18.22 29.94 1 Betula pendula Roth 18.68 3 27.08 3.19 60.67694 17.10953 

55 9.94 32.80 1 Betula pendula Roth 20.80 2 25.81 1.68 60.6769 17.10951 

56 12.03 42.36 1 Betula pendula Roth 21.95 2 22.82 2.13 60.67684 17.10929 

57 17.11 42.04 1 Betula pendula Roth 26.35 3 23.62 2.91 60.67681 17.1093 

58 14.39 44.27 1 Betula pendula Roth 45.10 3 21.03 2.61 60.67683 17.10921 

59 17.24 38.22 1 Betula pendula Roth 21.62 3 23.51 3.00 60.67681 17.10903 

60 10.67 35.35 2 Betula pendula Roth 23.63 3 21.38 4.67 60.67747 17.11015 

61 9.39 30.57 1 Betula pendula Roth 24.09 2 20.33 1.32 60.67746 17.1102 

62 10.54 39.17 3 Betula pendula Roth 7.65 3 22.23 5.40 60.67745 17.11025 

63 12.15 32.17 1 Betula pendula Roth 23.53 3 8.13 0.05 60.67739 17.1103 

64 18.24 37.90 1 Betula pendula Roth 23.51 4 22.80 2.41 60.67741 17.11025 

65 14.37 23.25 1 Betula pendula Roth 27.72 4 13.97 9.63 60.6776 17.11029 

66 20.67 41.08 1 Koelreuteria paniculata Laxm. 20.80 4 28.44 3.54 60.67692 17.1095 

67 17.84 35.99 1 Vachellia gerrardii (Benth.) P.J.H. Hurter 68.80 4 20.15 3.90 60.67752 17.11033 

68 11.97 17.52 1 Pinus banksiana Lamb. 35.71 3 8.08 1.29 60.67766 17.11046 

69 14.53 36.62 1 Prunus serrulata Lindl. 6.87 3 21.25 6.47 60.6775 17.11026 

70 12.48 32.80 2 Prunus serrulata Lindl. 23.32 3 21.54 15.04 60.67751 17.11021 

71 13.78 75.16 2 Pinus halepensis Mill. 136.73 5 18.94 13.27 60.67757 17.1101 
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72 20.84 37.58 1 Prunus avium (L.) L. 52.94 4 23.43 4.04 60.67685 17.10899 

73 14.36 29.94 1 Prunus avium (L.) L. 35.31 3 13.56 1.57 60.67755 17.11031 

74 12.45 30.57 1 Prunus avium (L.) L. 38.89 3 20.69 14.11 60.67743 17.11029 

75 8.96 36.62 1 Prunus avium (L.) L. 22.49 2 20.22 4.05 60.67743 17.11017 

76 6.38 36.94 1 Prunus avium (L.) L. 36.44 2 19.19 3.37 60.67745 17.11012 

77 6.83 37.90 1 Prunus avium (L.) L. 33.97 2 23.47 15.04 60.67741 17.11014 

78 8.59 28.98 1 Carya illinoinensis (Wangenh.) K.Koch 9.89 1 11.20 1.46 60.67678 17.10914 

79 13.11 76.43 4 Quercus rubra L. 27.95 3 27.81 3.07 60.6769 17.10973 

80 10.65 41.40 4 Nothofagus obliqua (Mirb.) Oerst. 43.14 3 12.21 2.52 60.67671 17.10919 

81 27.72 70.70 2 Quercus robur L. 17.19 5 29.20 4.98 60.67685 17.1096 

82 10.61 79.30 3 Pinus ponderosa Douglas ex C.Lawson 137.63 2 14.12 8.74 60.67701 17.10756 

83 10.69 29.62 1 Pinus ponderosa Douglas ex C.Lawson 27.53 2 16.46 11.39 60.67678 17.10774 

84 12.30 28.66 1 Pinus ponderosa Douglas ex C.Lawson 18.55 3 17.58 9.95 60.67767 17.11009 

85 9.23 29.30 1 Pinus ponderosa Douglas ex C.Lawson 18.29 2 21.10 18.64 60.67769 17.11016 

86 7.82 36.31 1 Pinus ponderosa Douglas ex C.Lawson 18.41 2 20.63 3.68 60.67777 17.11022 

87 11.00 34.08 1 Pinus ponderosa Douglas ex C.Lawson 32.62 3 21.66 4.81 60.67779 17.1102 

88 15.43 29.94 1 Pinus ponderosa Douglas ex C.Lawson 62.70 4 18.66 13.74 60.67777 17.11014 

89 7.78 32.17 1 Pinus ponderosa Douglas ex C.Lawson 8.51 2 22.08 1.10 60.67774 17.11 

90 15.02 39.81 1 Pinus ponderosa Douglas ex C.Lawson 36.72 4 22.65 20.00 60.67772 17.10995 

91 16.65 47.77 1 Pinus ponderosa Douglas ex C.Lawson 48.98 4 23.30 16.71 60.67775 17.10992 

92 17.04 29.62 1 Pinus ponderosa Douglas ex C.Lawson 24.05 4 20.83 14.56 60.67776 17.10998 

93 10.51 50.00 1 Pinus ponderosa Douglas ex C.Lawson 67.41 2 18.32 13.21 60.6786 17.11378 

94 17.96 39.49 1 Pinus ponderosa Douglas ex C.Lawson 18.90 4 20.92 8.79 60.67859 17.11393 

95 6.07 37.90 1 Pinus ponderosa Douglas ex C.Lawson 17.53 1 21.23 15.44 60.67859 17.11383 

96 11.05 41.08 1 Pinus ponderosa Douglas ex C.Lawson 34.04 2 20.76 17.20 60.67853 17.11393 

97 14.60 24.20 1 Pinus ponderosa Douglas ex C.Lawson 7.56 3 20.27 8.43 60.67854 17.11388 
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98 7.38 30.25 1 Pinus ponderosa Douglas ex C.Lawson 25.28 1 18.27 17.32 60.67849 17.11392 

99 11.92 36.62 1 Pinus ponderosa Douglas ex C.Lawson 47.23 2 17.27 9.67 60.67835 17.11367 

100 14.74 35.03 1 Pinus ponderosa Douglas ex C.Lawson 39.60 3 17.51 15.46 60.67829 17.11363 

101 12.47 42.04 1 Pinus ponderosa Douglas ex C.Lawson 34.80 3 20.49 18.37 60.67829 17.11343 

102 14.57 30.57 1 Pinus ponderosa Douglas ex C.Lawson 14.24 3 19.67 17.50 60.67834 17.11343 

103 18.39 58.92 1 Pinus ponderosa Douglas ex C.Lawson 68.87 4 19.68 6.55 60.67836 17.11342 

104 14.37 40.13 1 Pinus ponderosa Douglas ex C.Lawson 50.57 3 21.13 18.12 60.67829 17.11338 

105 14.39 24.84 1 Nothofagus alpina (Poepp. & Endl.) Oerst 21.62 2 18.32 2.46 60.67679 17.109 

106 7.97 12.42 1 Nothofagus alpina (Poepp. & Endl.) Oerst. 22.22 1 13.26 1.13 60.67697 17.10928 

107 7.20 18.79 1 Nothofagus alpina (Poepp. & Endl.) Oerst. 22.22 1 10.53 1.00 60.67697 17.1093 

108 10.66 33.76 1 Pinus resinosa Aiton  29.34 3 19.85 13.69 60.6783 17.11329 

109 11.07 24.20 1 Pinus resinosa Aiton  48.56 2 19.43 17.18 60.67832 17.11327 

110 14.01 35.67 1 Pinus resinosa Aiton  20.65 3 18.65 2.41 60.67835 17.11325 

111 15.95 19.11 1 Pinus resinosa Aiton 26.07 3 15.54 11.12 60.67679 17.10776 

112 14.20 35.03 1 Pinus resinosa Aiton 26.04 3 19.11 15.84 60.67765 17.11003 

113 17.04 31.85 1 Pinus resinosa Aiton 40.50 4 21.64 9.00 60.67768 17.10974 

114 17.03 36.31 1 Pinus resinosa Aiton 34.79 4 23.78 19.64 60.67765 17.10969 

115 12.42 24.84 1 Pinus resinosa Aiton 29.18 3 17.35 12.46 60.67778 17.11036 

116 7.92 12.10 1 Pinus resinosa Aiton 29.18 2 9.56 3.78 60.6778 17.1104 

117 13.81 33.12 1 Pinus resinosa Aiton 18.90 3 21.63 1.44 60.6786 17.11389 

118 18.02 38.22 1 Pinus resinosa Aiton 18.90 4 20.06 5.34 60.67861 17.11392 

119 17.09 29.94 1 Pinus resinosa Aiton 9.72 4 19.43 10.59 60.67855 17.11384 

120 9.64 32.17 1 Pinus resinosa Aiton 19.89 2 19.94 12.09 60.67855 17.11393 

121 10.57 39.81 1 Pinus resinosa Aiton 51.58 2 23.19 18.42 60.67846 17.11383 

122 9.36 38.54 1 Pinus resinosa Aiton 25.28 2 22.67 17.09 60.67848 17.11388 

123 13.03 36.62 1 Pinus resinosa Aiton 51.58 3 18.83 15.15 60.67842 17.11383 
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124 9.91 41.08 1 Pinus resinosa Aiton 33.34 2 16.94 10.98 60.67836 17.11392 

125 12.25 34.39 1 Pinus resinosa Aiton 22.28 2 17.57 2.62 60.67835 17.11388 

126 13.09 32.17 1 Pinus resinosa Aiton 19.39 3 17.98 3.56 60.67835 17.11379 

127 9.93 33.44 1 Pinus resinosa Aiton 53.78 3 17.17 11.90 60.67827 17.11383 

128 7.69 33.44 1 Pinus resinosa Aiton 23.01 1 17.77 4.24 60.67833 17.11369 

129 14.64 36.31 1 Pinus resinosa Aiton 39.60 3 19.04 14.96 60.67829 17.11354 

130 17.34 27.07 1 Pinus resinosa Aiton 22.35 4 19.37 15.17 60.67831 17.11353 

131 15.38 33.44 1 Pinus resinosa Aiton 39.03 3 19.69 16.70 60.67833 17.11356 

132 15.45 32.48 1 Pinus resinosa Aiton 23.12 3 19.13 5.51 60.67834 17.11351 

133 10.10 13.69 1 Prunus serotina Ehrh. 45.84 3 11.16 0.03 60.67773 17.11046 

134 11.74 26.11 1 Prunus serotina Ehrh. 14.24 2 19.29 14.49 60.67831 17.11341 

135 10.75 31.53 1 Pinus sylvestris L. 35.31 3 21.74 19.16 60.67758 17.10979 

136 14.81 33.12 1 Pinus sylvestris L. 17.26 4 20.40 15.02 60.67768 17.11 

137 16.21 27.71 1 Pinus sylvestris L. 55.47 4 20.99 15.64 60.67763 17.10987 

138 14.65 34.08 1 Pinus sylvestris L. 20.21 4 24.07 21.22 60.67762 17.10981 

139 15.38 28.66 1 Pinus sylvestris L. 17.63 4 23.38 19.92 60.6776 17.10976 

140 9.91 33.44 1 Pinus sylvestris L. 32.72 2 23.39 19.07 60.67757 17.10965 

141 11.12 29.62 1 Pinus sylvestris L. 9.77 3 21.93 15.58 60.67763 17.10973 

142 14.55 25.16 1 Pinus sylvestris L. 7.52 4 20.68 17.55 60.67765 17.10978 

143 17.49 33.44 1 Pinus sylvestris L. 47.63 4 21.83 17.48 60.67766 17.10984 

144 17.13 27.07 1 Pinus sylvestris L. 28.36 4 19.78 5.96 60.67773 17.11009 

145 4.37 14.65 1 Pinus sylvestris L. 19.05 1 7.94 5.09 60.67776 17.11043 

146 4.03 11.46 1 Pinus sylvestris L. 3.59 1 5.78 2.69 60.67765 17.11051 

147 8.42 13.06 1 Pinus sylvestris L. 35.71 2 7.49 3.73 60.67764 17.11047 

148 13.92 45.86 1 Pinus sylvestris L. 80.48 3 19.63 1.31 60.67861 17.11383 

149 15.26 37.58 1 Pinus sylvestris L. 41.19 3 18.56 16.24 60.67854 17.11378 
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150 16.42 24.84 1 Pinus sylvestris L. 7.90 3 20.10 17.64 60.67853 17.11383 

151 13.94 49.68 1 Pinus sylvestris L. 89.67 3 21.88 12.74 60.67847 17.11378 

152 18.42 30.57 1 Pinus sylvestris L. 25.28 4 21.61 3.93 60.67846 17.11392 

153 16.10 33.76 1 Pinus sylvestris L. 25.20 3 17.27 13.50 60.67842 17.11392 

154 8.64 32.48 1 Pinus sylvestris L. 25.20 2 19.57 16.39 60.67841 17.11388 

155 11.08 35.67 1 Pinus sylvestris L. 20.04 2 18.57 12.33 60.6784 17.11383 

156 10.50 35.03 1 Pinus sylvestris L. 18.59 2 18.08 8.01 60.67836 17.11383 

157 14.96 29.94 1 Pinus sylvestris L. 15.64 3 19.22 9.22 60.67829 17.1135 

158 5.63 30.57 1 Pinus sylvestris L. 98.39 3 17.20 13.50 60.6775 17.10998 

159 18.02 52.23 1 Ulmus pumila L. 49.31 3 27.52 3.07 60.67689 17.10947 

160 6.12 31.00 2 Populus alba L. 29.67 1 19.96 18.37 60.67669 17.10739 

161 10.09 54.78 1 Populus alba L. 105.45 3 23.35 11.14 60.67676 17.10749 

162 11.66 24.52 1 Populus alba L. 38.30 2 21.17 11.92 60.6768 17.10738 

163 15.91 23.57 1 Populus alba L. 17.19 3 15.98 2.89 60.67702 17.10954 

164 22.02 57.32 1 Acer saccharinum L. 17.19 4 13.16 4.00 60.67683 17.10966 

165 8.85 17.83 1 Celtis laevigata Willd. 9.89 2 9.61 1.50 60.67676 17.10914 

166 4.45 17.20 1 Gleditsia triacanthos L.  30.88 1 18.48 11.35 60.6768 17.10813 

167 8.90 23.57 1 Sterculia africana (Lour.) Fiori 51.21 2 6.56 2.09 60.67688 17.1088 

168 12.43 53.82 1 Pinus pinea L.  30.88 3 20.54 13.51 60.67681 17.10811 

169 13.50 47.77 1 Pinus pinea L.  40.11 4 21.22 5.36 60.67671 17.108 

170 18.39 33.44 1 Pinus pinea L. 33.25 4 21.59 18.86 60.67754 17.10968 

171 16.37 30.57 1 Pinus pinea L. 55.47 4 18.51 11.10 60.67761 17.1099 

172 19.67 72.61 2 Pinus pinea L. 67.95 5 21.51 5.32 60.67767 17.11026 

173 10.32 79.30 2 Pinus pinea L. 61.03 3 12.46 0.67 60.67841 17.11407 

174 17.26 89.49 1 Pinus pinea L. 73.90 5 18.46 12.10 60.6786 17.11408 

175 16.00 53.50 1 Pinus strobus L. 32.18 4 16.94 12.30 60.67665 17.10754 
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176 11.69 31.85 1 Pinus strobus L.  72.13 4 12.32 1.32 60.67688 17.10779 

177 17.60 43.95 1 Pinus strobus L 28.60 4 18.78 13.93 60.67666 17.10744 

178 11.43 70.38 1 Pinus strobus L. 29.67 2 21.00 13.65 60.67671 17.1074 

179 11.30 30.89 1 Pinus strobus L. 50.34 3 15.51 12.20 60.67698 17.10793 

180 11.76 33.12 1 Pinus strobus L. 31.97 3 16.41 11.85 60.67698 17.10798 

181 10.44 31.21 1 Pinus strobus L. 31.75 2 19.70 16.67 60.67682 17.10772 

182 13.01 30.57 1 Pinus strobus L. 31.75 3 19.44 16.14 60.67681 17.1077 

183 10.63 49.36 1 Pinus strobus L. 60.05 2 17.31 2.04 60.67695 17.10886 

184 10.97 33.12 1 Pinus strobus L. 19.83 3 22.00 9.43 60.67773 17.11019 

185 22.24 28.66 1 Betula pubescens Ehrh.  25.70 5 21.62 16.99 60.67683 17.10788 

186 17.89 26.43 1 Betula pubescens Ehrh. 5.23 3 22.52 3.13 60.67698 17.10948 

187 12.52 31.85 1 Betula pubescens Ehrh. 8.97 2 5.56 2.11 60.67697 17.10952 

188 23.10 34.39 1 Betula pubescens Ehrh. 15.96 4 26.57 4.15 60.67697 17.10966 

189 15.22 34.39 1 Betula pubescens Ehrh. 66.05 3 22.06 2.60 60.67678 17.10904 

190 10.74 13.06 1 Betula pubescens Ehrh. 37.97 4 8.42 1.89 60.67756 17.11052 

191 21.50 31.53 2 Betula pubescens Ehrh. 26.82 4 9.67 3.78 60.67695 17.10923 
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Table D2. Inputs for i-Tree Eco model that derived from ALS data. 

 CHM 
height 

CBH 
Crown 
Area 

NDVI DBH 
MLP 
predi
ction 

CLE Lat Lon 

0 20.17 14.080 28.602 0.2357 40.741 2 4 60.67666 17.10746 

1 20.02 14.540 64.359 0.1333 40.520 2 4 60.67667 17.10756 

2 17.73 1.160 27.221 0.2159 37.139 1 3 60.67669 17.10796 

3 23.59 17.100 93.408 0.1433 45.789 2 5 60.6767 17.1078 

4 21.08 17.010 59.341 0.1580 42.084 2 4 60.67671 17.10741 

5 21.88 8.110 40.107 0.1445 43.265 2 4 60.67671 17.10801 

6 22.13 12.300 11.226 0.2561 43.634 2 4 60.67675 17.10745 

7 16.73 11.940 27.528 0.1878 35.663 2 2 60.67678 17.10774 

8 18.85 14.750 59.241 0.1829 38.793 2 3 60.67674 17.10791 

9 20.30 15.510 35.288 0.1963 40.933 2 3 60.6768 17.108 

10 26.73 21.520 105.449 0.2557 50.423 2 5 60.67677 17.10752 

11 18.46 15.320 26.072 0.1404 38.217 2 3 60.67679 17.1078 

12 22.63 18.840 25.701 0.2364 44.372 2 4 60.67682 17.10789 

13 23.50 0.590 21.750 0.2007 45.656 1 4 60.67683 17.10798 

14 20.08 16.460 27.106 0.1772 40.608 2 3 60.67681 17.10764 

15 22.93 20.140 61.759 0.1018 44.815 2 4 60.67682 17.10812 

16 19.55 13.070 15.119 0.1264 39.826 2 2 60.67682 17.10765 

17 20.13 16.080 63.501 0.2635 40.682 2 3 60.67682 17.10772 

18 25.37 16.310 114.899 0.2676 48.416 2 5 60.6768 17.10745 

19 11.46 0.510 9.310 0.0785 27.885 2 2 60.67685 17.10745 

20 15.56 10.920 6.190 0.1574 33.937 2 3 60.67687 17.10808 

21 21.50 15.130 33.645 0.2132 42.704 2 3 60.67685 17.1079 

22 25.29 4.060 66.612 0.1400 48.298 1 4 60.67686 17.10797 

23 16.79 13.240 141.157 0.1619 35.752 2 3 60.6769 17.10757 

24 13.19 1.000 72.134 0.0296 30.438 2 2 60.6769 17.10779 

25 15.10 11.750 50.343 0.1915 33.258 2 2 60.67697 17.10794 

26 16.75 9.740 25.077 0.0890 35.693 2 2 60.67699 17.10771 

27 16.33 11.920 31.971 0.1886 35.073 2 2 60.67698 17.10798 

28 18.05 10.700 42.682 0.0925 37.612 2 2 60.677 17.10767 

29 14.98 5.870 137.629 0.1463 33.080 2 3 60.67701 17.10753 

30 23.19 2.160 62.134 0.1231 45.198 2 4 60.67671 17.10951 

31 12.59 4.750 43.140 0.0409 29.553 2 2 60.67671 17.10919 

32 22.16 5.330 66.051 0.2065 43.678 1 3 60.67678 17.10904 

33 12.73 2.570 19.787 0.2316 29.759 1 2 60.67678 17.10916 

34 16.97 3.020 50.387 0.1094 36.018 2 3 60.67674 17.10942 

35 26.05 17.110 50.387 0.0843 49.420 2 4 60.67678 17.1095 

36 25.83 20.480 9.990 0.0394 49.095 2 4 60.67679 17.10955 

37 23.18 12.990 26.354 0.2644 45.184 2 3 60.67681 17.1093 

38 22.84 0.000 9.821 0.0642 44.682 1 4 60.67681 17.10948 

39 21.09 15.270 22.155 0.1228 42.099 2 3 60.67681 17.10938 

40 23.80 21.030 43.245 0.1589 46.099 2 4 60.6768 17.10904 

41 22.94 17.060 61.676 0.2940 44.829 2 3 60.67681 17.10926 
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42 27.39 16.770 5.136 0.0101 51.398 2 4 60.67683 17.10956 

43 27.31 20.790 10.065 0.0181 51.280 2 4 60.67683 17.10954 

44 22.65 19.900 17.816 0.2827 44.401 2 4 60.67684 17.10885 

45 21.63 15.860 15.463 0.0316 42.896 2 3 60.67683 17.10939 

46 26.07 10.920 15.989 0.0126 49.449 2 5 60.67684 17.10968 

47 23.84 7.910 21.949 0.1172 46.158 2 4 60.67683 17.1093 

48 20.07 18.070 3.570 0.0071 40.593 2 3 60.67687 17.10969 

49 23.97 15.800 3.668 0.0169 46.350 2 4 60.67687 17.10972 

50 26.38 17.660 18.587 0.0169 49.907 2 4 60.67684 17.10949 

51 23.15 14.850 45.104 0.1894 45.139 2 4 60.67684 17.10917 

52 23.70 22.000 52.943 0.2012 45.951 2 4 60.67685 17.109 

53 26.88 20.880 29.495 0.0629 50.645 2 5 60.67688 17.10945 

54 19.48 13.140 11.288 0.1266 39.722 2 2 60.67688 17.10922 

55 19.54 12.220 24.972 0.1948 39.811 2 2 60.67688 17.10922 

56 23.77 18.420 102.418 0.2831 46.055 2 4 60.67687 17.10892 

57 26.87 16.720 16.368 0.0065 50.630 2 4 60.67689 17.10967 

58 9.03 0.310 5.988 0.2710 24.298 1 1 60.67694 17.10932 

59 11.94 2.400 20.590 0.0755 28.593 2 1 60.67693 17.10913 

60 12.64 4.530 26.825 0.0984 29.627 2 1 60.67695 17.1092 

61 17.49 13.900 60.048 0.2618 36.785 2 3 60.67694 17.10887 

62 25.26 16.600 29.372 0.1945 48.254 2 4 60.67696 17.10941 

63 24.52 20.280 5.232 0.2651 47.162 2 4 60.67698 17.10948 

64 26.55 20.790 15.956 0.2557 50.158 2 4 60.67698 17.10965 

65 21.94 12.940 9.064 0.2298 43.353 2 3 60.67699 17.10945 

66 26.84 16.230 26.902 0.2804 50.586 2 4 60.67699 17.10961 

67 16.83 14.650 45.402 0.2224 35.811 2 2 60.67698 17.10918 

68 20.13 15.270 94.525 0.2281 40.682 2 4 60.67694 17.109 

69 17.31 14.590 68.542 0.0870 36.520 2 3 60.67698 17.10889 

70 16.95 10.230 66.668 0.1999 35.988 2 2 60.67699 17.10923 

71 24.13 13.230 17.192 0.2708 46.586 2 4 60.67704 17.1095 

72 26.51 3.690 13.876 0.2829 50.099 1 5 60.67702 17.10959 

73 25.73 19.830 48.808 0.2169 48.947 2 4 60.67703 17.1094 

74 24.55 4.660 15.835 0.2762 47.206 1 4 60.67707 17.10952 

75 25.43 16.500 10.894 0.2661 48.505 2 4 60.67706 17.10961 

76 26.41 19.840 60.681 0.2028 49.951 2 4 60.67705 17.10938 

77 26.72 23.120 63.099 0.2728 50.409 2 4 60.67708 17.10956 

78 23.65 15.820 33.971 0.1432 45.877 2 4 60.67741 17.11014 

79 23.03 0.510 23.526 0.1318 44.962 1 4 60.67739 17.11032 

80 23.95 7.630 23.515 0.1557 46.320 2 4 60.67741 17.11026 

81 26.33 19.330 22.491 0.1858 49.833 2 5 60.67744 17.11018 

82 22.48 3.630 7.646 0.0492 44.150 1 4 60.67745 17.11025 

83 23.55 19.480 38.891 0.1732 45.730 2 4 60.67744 17.11031 

84 23.70 18.960 36.442 0.1575 45.951 2 4 60.67745 17.11009 

85 22.36 0.930 15.128 0.2021 43.973 1 3 60.67747 17.11029 

86 23.25 12.020 23.632 0.1807 45.287 2 4 60.67748 17.11013 

87 22.15 0.000 24.087 0.1849 43.663 1 3 60.67748 17.11019 
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88 22.32 11.340 6.871 0.1198 43.914 2 3 60.6775 17.11027 

89 20.33 5.940 17.070 0.1167 40.977 2 3 60.67751 17.11032 

90 21.47 18.060 33.249 0.1707 42.660 2 3 60.67755 17.10968 

91 17.09 13.450 98.389 0.1527 36.195 2 4 60.6775 17.10997 

92 19.88 11.500 11.444 0.1108 40.313 2 3 60.67752 17.11026 

93 21.03 15.860 23.322 0.1166 42.010 2 3 60.67752 17.11021 

94 23.48 19.450 70.630 0.1546 45.626 2 4 60.67756 17.10975 

95 20.85 3.780 68.798 0.1448 41.745 2 3 60.67753 17.11035 

96 19.25 4.620 35.315 0.1097 39.383 2 3 60.67757 17.1103 

97 23.24 20.230 32.722 0.1685 45.272 2 4 60.67757 17.10965 

98 8.79 3.690 37.968 0.1891 23.944 2 2 60.67757 17.11052 

99 23.38 17.510 17.631 0.1724 45.479 2 4 60.6776 17.10977 

100 19.22 10.070 136.728 0.1466 39.339 2 4 60.67758 17.1101 

101 14.28 3.350 27.725 0.0888 32.047 2 2 60.67761 17.1103 

102 23.68 21.170 20.215 0.1679 45.922 2 4 60.67762 17.10981 

103 22.19 16.590 9.766 0.1627 43.722 2 3 60.67763 17.10974 

104 21.05 14.320 55.472 0.1637 42.040 2 3 60.67763 17.10987 

105 19.20 16.060 26.039 0.2006 39.309 2 3 60.67765 17.11003 

106 21.65 14.720 7.517 0.1869 42.925 2 3 60.67765 17.10979 

107 18.85 12.500 18.553 0.1989 38.793 2 3 60.67767 17.11011 

108 8.22 0.620 35.707 0.1514 23.103 2 2 60.67766 17.11046 

109 24.22 21.250 34.791 0.2130 46.719 2 4 60.67766 17.1097 

110 20.84 18.650 18.291 0.1396 41.730 2 3 60.67769 17.11016 

111 21.90 0.270 15.580 0.1552 43.294 1 3 60.67769 17.11007 

112 21.83 17.930 47.626 0.1158 43.191 2 3 60.67766 17.10984 

113 22.10 12.460 40.501 0.1801 43.590 2 4 60.67768 17.10974 

114 24.15 22.080 51.790 0.1767 46.615 2 4 60.6777 17.10998 

115 24.14 21.660 36.718 0.1636 46.601 2 4 60.67773 17.10994 

116 21.86 14.060 17.085 0.1518 43.235 2 3 60.67772 17.11016 

117 22.08 4.940 19.830 0.1315 43.560 2 3 60.67773 17.1102 

118 22.08 6.170 8.514 0.1841 43.560 2 3 60.67774 17.11001 

119 23.90 18.490 135.903 0.0481 46.246 2 5 60.67769 17.11029 

120 20.86 14.850 8.098 0.1135 41.759 2 3 60.67774 17.11024 

121 20.61 3.040 18.413 0.1311 41.390 2 3 60.67777 17.11023 

122 23.41 16.520 28.362 0.1780 45.523 2 4 60.67776 17.11008 

123 21.23 15.290 24.046 0.2095 42.305 2 3 60.67777 17.10998 

124 23.45 19.120 48.980 0.1964 45.582 2 4 60.67775 17.10992 

125 21.82 15.370 32.619 0.1578 43.176 2 3 60.67779 17.11021 

126 17.25 12.050 29.181 0.0079 36.431 2 3 60.67778 17.11036 

127 21.53 10.750 62.698 0.2148 42.748 2 4 60.6778 17.1101 

128 20.99 10.690 33.384 0.1091 41.951 2 3 60.67782 17.11018 

129 13.23 6.730 66.051 0.2736 30.497 2 2 60.67822 17.11388 

130 20.42 16.780 79.197 0.1791 41.110 2 3 60.67829 17.11357 

131 19.10 9.290 15.645 0.2042 39.162 2 3 60.67829 17.11351 

132 20.59 15.720 34.801 0.1824 41.361 2 3 60.67829 17.11343 

133 17.43 12.330 53.782 0.2657 36.697 2 3 60.67827 17.11382 
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134 22.30 18.650 48.559 0.2394 43.885 2 3 60.67831 17.11325 

135 16.05 10.200 48.959 0.1395 34.660 2 3 60.6783 17.11393 

136 17.02 7.190 25.997 0.1573 36.092 2 2 60.67831 17.11368 

137 21.01 18.310 22.347 0.1924 41.981 2 3 60.67831 17.11354 

138 21.21 17.840 50.572 0.2221 42.276 2 3 60.67829 17.11337 

139 20.71 17.920 29.342 0.2266 41.538 2 3 60.6783 17.1133 

140 20.43 16.230 28.489 0.2340 41.125 2 3 60.67832 17.11343 

141 17.38 5.360 22.278 0.2173 36.623 2 2 60.67835 17.11389 

142 17.94 3.450 23.015 0.1866 37.449 2 2 60.67833 17.1137 

143 20.73 1.080 20.646 0.1760 41.567 1 3 60.67835 17.11327 

144 18.15 10.400 19.389 0.2436 37.759 2 2 60.67835 17.1138 

145 18.15 12.030 18.588 0.2424 37.759 2 2 60.67836 17.11383 

146 17.16 9.420 33.335 0.1658 36.298 2 2 60.67836 17.11393 

147 20.03 11.570 39.418 0.2148 40.534 2 3 60.67837 17.11326 

148 20.78 1.050 23.116 0.1991 41.641 1 3 60.67834 17.11353 

149 19.66 16.880 39.029 0.1969 39.988 2 3 60.67833 17.11355 

150 17.56 14.310 47.232 0.2126 36.889 2 2 60.67835 17.11367 

151 18.95 10.810 68.866 0.2203 38.940 2 3 60.67837 17.11342 

152 19.55 11.880 20.037 0.2317 39.826 2 3 60.6784 17.11381 

153 19.87 17.650 50.398 0.2172 40.298 2 3 60.67841 17.11388 

154 14.03 5.310 61.034 0.2976 31.678 1 3 60.6784 17.11411 

155 23.15 14.960 51.582 0.2163 45.139 2 4 60.67846 17.11383 

156 22.94 18.440 75.836 0.1929 44.829 2 4 60.67848 17.11389 

157 22.53 20.290 89.674 0.2385 44.224 2 4 60.67848 17.11378 

158 14.86 3.270 70.683 0.1675 32.903 2 3 60.67848 17.11414 

159 19.51 15.140 7.903 0.2278 39.767 2 3 60.67853 17.11385 

160 21.09 12.660 34.038 0.0925 42.099 2 3 60.67852 17.11393 

161 20.11 8.260 7.556 0.1378 40.652 2 3 60.67854 17.11388 

162 20.25 10.930 9.717 0.2488 40.859 2 3 60.67855 17.11383 

163 19.15 16.490 41.192 0.2384 39.235 2 3 60.67854 17.11378 

164 20.40 18.370 19.886 0.1676 41.080 2 3 60.67855 17.11394 

165 13.61 4.550 39.635 0.2378 31.058 2 1 60.67854 17.11411 

166 12.28 2.040 3.459 0.2980 29.095 1 1 60.67856 17.11409 

167 26.37 18.420 238.808 0.2659 49.892 2 5 60.6785 17.11336 

168 26.11 22.120 93.500 0.2599 49.508 2 4 60.67852 17.11332 

169 21.18 16.980 17.527 0.2698 42.232 2 3 60.67859 17.11384 

170 19.59 15.290 73.902 0.1469 39.885 2 3 60.67861 17.1141 

171 22.15 2.140 56.696 0.1778 43.663 1 3 60.67861 17.11388 

172 20.24 14.830 67.411 0.2316 40.844 2 3 60.67861 17.11378 

173 20.79 12.880 35.948 0.1239 41.656 2 3 60.67862 17.11393 

174 21.84 0.010 80.485 0.2320 43.206 1 3 60.67862 17.11384 

 


