
ABSTRACT 

VIVEK NANDA , VISHNU MAHESH. Estimating and Modeling Structural Characteristics of 

Trees within Aerial LiDAR Data. (Under the direction of Dr. Perver Baran and Dr. Laura 

Tateosian). 

 

The transparency and shape of tree crowns in urban areas play a critical role in applications such 

as solar energy potential estimation, urban microclimate modeling, and urban landscape planning 

and architecture [1ï3]. Modeling the parameters of tree crowns necessitates high-resolution 

three-dimensional data such as LiDAR data. However, the availability of high-resolution LiDAR 

data is limited and not widely available. Therefore, modeling the crown parameters over large 

spatial extents such as an entire city is limited by data availability. However, many government 

agencies provide comparatively lower resolution Aerial LiDAR data over large spatial extents 

including urban areas [4]. These aerial LiDAR datasets offer a great potential to model the crown 

attributes of trees over large spatial extents. 

 

The research objective of this dissertation is to improve the modeling capabilities of tree crown 

attributes from widely available medium-resolution aerial LiDAR data. Research objectives 

include: (i) to model the seasonal transparency of trees from aerial LiDAR data to be applied in 

solar energy potential estimation over urban areas (ii) to model the shape of tree crowns at an 

individual tree level from aerial LiDAR data (iii) to compare the performances of Individual Tree 

Delineation algorithms on urban study areas. 

 

Existing research has extensively explored the application of aerial LiDAR data in estimating 

solar energy potential over urban sites such as building rooftops [5]. However, they have 

considered only the shadows cast by the terrain and buildings and ignore features, such as 



vegetation and their seasonal transparency variations. We need an approach to improve the solar 

energy potential estimates by modeling the seasonal transparency of tree crowns present in a 

study area. To improve the solar energy potential estimates, we modeled the transparency of tree 

crowns by computing a light penetration factor for trees from field photographs. 

 

There are numerous studies attempting various techniques for reconstructing three dimensional 

models of trees from high resolution LiDAR data [6,7]. However, they do not scale down to 

comparatively lower resolution aerial LiDAR data. We need an approach to model the 3D 

structure of real-world tree crowns from aerial LiDAR data that is not cost-prohibitive. To this 

end, I developed a deep learning model that could match individual trees in aerial LiDAR to a 

pre created library of 3D models of real-world trees created using Structure from Motion from 

field photographs. 

 

There are many studies that have developed Individual Tree Delineation (ITD) techniques from 

LiDAR data [8,9]. However, they were developed and tested for forested areas. These algorithms 

may not fare well with urban areas where these algorithms may get confounded with the 

complexities of manmade objects near trees. We therefore tested the performance of three ITD 

algorithms over two different urban settings.  
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CHAPTER 1: Introduction  

Tree crowns vary in their transparency and shape. Modeling these crown attributes require three-

dimensional dataset such as aerial LiDAR data. However, modeling capabilities of widely 

available aerial LiDAR data is limited by its comparatively low point cloud density compared to 

high-resolution LiDAR data. To improve modeling capabilities of widely available medium-

resolution aerial LiDAR, this dissertation explores the following research objectives: (i) to model 

the seasonal transparency of trees from aerial LiDAR data to be applied in solar energy potential 

estimation over urban areas (ii) to model the shape of tree crowns at an individual tree level from 

aerial LiDAR data? (iii) to compare the performances of Individual Tree Delineation algorithms 

on urban study areas. 

 

1.1 Background 

The shape and size of tree crowns varies widely across trees species and even within trees 

species. Modeling the structural attributes of real-world tree crowns plays a critical role in 

applications such as solar energy potential estimation, urban microclimate modeling, urban 

landscape modeling and architecture, and agroforestry [1ï3]. Tree crown attributes were sourced 

from field surveys before remote sensing datasets such as satellite or aerial imagery became 

widely available. With satellite and aerial imagery datasets, it became feasible to collect 

attributes of trees at a coarser scale.  

 

In the last couple of decades, LiDAR data gained popularity among the remote sensing 

community. LiDAR is an acronym that stands for Light Detection And Ranging. LiDAR data is 

a point cloud with X, Y, and Z coordinates for each point. In addition, the points may include a 
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categorization label and/or return number that provides further information about the object to 

which the point belongs. LiDAR data is typically collected using an Aerial Laser Scanner (ALS) 

or using a Terrestrial Laser Scanner (TLS). Both these platforms have their own advantages and 

limitations.  

 

ALS has the advantages of being less arduous, quicker, expandable across larger areas, and data 

collection in inaccessible locations compared to TLS. However, the resolution of the ALS point 

cloud is lower compared to TLS as the sensor is more distant from the objects being sensed. 

Technological improvements have made available ALS scanners with a greater resolution. 

However, the cost of data collection increases as resolution increases. 

 

Numerous research studies have collected ALS data for forested areas for biomass estimation, 

more precise ecological observations, and forest landscape management [10,11]. With the 

increase in their popularity, government agencies have started collecting the data of their entire 

administrative regions and started making it available to the public [4]. Even though the 

resolution of these publicly available datasets is not quite high compared to TLS scans, their 

availability in the public domain has opened up whole new possibilities in modeling the structure 

of trees in urban areas, which has traditionally received less attention.  

 

1.2 Research Gaps and Needs 

The transparency of tree crowns determine the amount of sunlight penetrating through tree 

canopies into surfaces or objects below them. Estimating the amount of sunlight falling on 

surfaces such as roads and parking lots in urban areas is essential to estimate the solar energy 
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potential of these surfaces to determine their suitability for parking and routing solar electric 

vehicles as well as conventional vehicles. There are a few tools that could estimate the solar 

energy potential over a surface from LiDAR data [12,13]. The publicly available ALS data could 

be used to find the solar energy potential over parking lots and roads using these tools. However, 

these tools do not take into account the seasonal transparency variation of tree crowns. In 

addition, these tools cannot estimate the solar energy potential directly beneath a tree crown. 

Therefore, there is a need to model the seasonal transparency of tree crowns as well as account 

for solar penetration directly beneath tree crowns while estimating solar energy potential over 

surfaces such as parking lots and roads. 

 

In applications such as solar energy potential estimation and urban landscape planning and 

architecture, three-dimensional models of trees that correspond to real-world trees are essential 

to simulate real-world environments. There are many studies that have studied reconstructing 

trees from high-resolution LiDAR data [6,7]. However high-resolution LiDAR data is not widely 

available. This limits the applicability of the 3D reconstruction approaches from high resolution 

LiDAR data to only a few study areas rather than over larger administrative regions. ALS data, 

on the other hand is more widely available. However, their resolution is not enough for 

reconstructing trees from them. There are, however, cheaper ways to create 3D models from 

trees such as Structure from motion (SfM) that are limited to few real-world trees. These cheaper 

3D models could be used as representative 3D models for trees that closely matches their shape 

within ALS data. To our knowledge, there are no studies that have explored ways to match trees 

from ALS data to 3D models from SfM for modeling trees.   
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Numerous studies have explored delineating individual trees from LiDAR data [8,14]. Almost all 

of these studies conducted their studies on forested lands. To our knowledge, there are no studies 

that have explored how Individual Tree Delineation (ITD) techniques would fare on urban study 

areas. Urban areas are complex with manmade objects such as buildings, utility poles, and power 

transmission lines near trees. Due to their proximity to trees, many points within LiDAR point 

cloud representing manmade objects often get misclassified as vegetation points. Therefore, the 

ITD algorithms may delineate parts of manmade objects as tree parts. Further, ITD algorithms 

are often initialized with seed points that are often selected based on the highest point with a 

local area. As such, the presence of tall manmade objects near trees may confound the ITD 

algorithms. Therefore, there is a need to compare the performance of ITD algorithms over urban 

study areas. 

 

1.3 Research Objective and Scope 

The research objective of this dissertation is to improve the modeling capabilities of tree crown 

attributes from widely available medium-resolution aerial LiDAR data. Research objectives 

include:  

 

(i) To model the seasonal transparency of trees from aerial LiDAR data to be applied in solar 

energy potential estimation over urban areas. 

(ii) To design a process to model 3D equivalent tree crown shapes at an individual tree level 

using a low-cost approach involving aerial LiDAR data. 

(iii) To compare the performances of Individual Tree Delineation algorithms on urban study 

sites. 
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1.5 Organization 

This dissertation consists of five chapters. The overview of each chapter is briefly described as 

follows. 

 

(1) Chapter 2 addresses research objective1. This chapter includes the modeling of 

transparency of tree crowns by computing a light penetration factor for trees from field 

photographs.  

(2) Chapter 3 addresses research objective2. This chapter develops a deep learning model to 

match individual trees present in aerial LiDAR data to a corresponding 3D model created 

from Structure from Motion applied over field captured photographs of trees. 

(3) Chapter 4 addresses research objective3. This chapter compares the performance of 

Individual Tree Delineation Algorithms applied over two different urban settings. 

(4) Chapter 5 includes key findings and key conclusions. 

(5) Appendices include supporting information for Chapters 2 to 4. 
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CHAPTER 2: GIS-Based Estimation of Seasonal Solar Energy Potential for Parking Lots 

and Roads 

 

2.1 Abstract 

The amount of sun cast on roads and parking lots determines the charging opportunities for solar 

vehicles and impacts the efficiency of conventional vehicles. Estimates of solar energy potential 

on urban surfaces to assess parking and driving conditions need to account for the shadows cast 

by surrounding trees and buildings. However, though existing GIS tools can calculate solar 

potential on surfaces that have buildings and trees, these tools do not estimate the conditions 

beneath trees and do not consider the seasonal changes in deciduous trees. We introduce a new 

approach to address these factors using pixel substitution and a light penetration factor. In this 

paper, we describe how to integrate these techniques into a workflow for computing solar 

potential estimates for parking and driving conditions. We demonstrate the methodology in an 

urban setting in North Carolina that includes a mixture of urban structures and trees. We provide 

code samples so that this workflow is easily repeatable. The solar maps produced with our 

method are a useful resource for planning solar vehicle parking and routing, and identifying 

shaded conditions for conventional vehicles. 

 

2.2 Introduction  

The declining price of Photovoltaic (PV) cells is driving the automobile industry to look towards 

solar energy as a potential alternative to fossil fuels. This is paving the way to the inception of 

Solar Electric Vehicles (SEVs) [1]. These vehicles harvest solar energy via PV cells affixed to 

their bodies and store it as electricity in batteries. A commercial SEV fueled by electricity 

produced with its solar panels is expected to be released next year [1]. These cars need direct 
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sunlight to maximize charging. Large buildings and trees in urban landscapes block solar 

radiation, reducing the potential for charging parked or traveling SEVs. Some parking lots and 

roads are more suitable than others for SEVs, depending on the form of nearby buildings and 

trees. Identifying solar energy potential of parking lots and roads within a city will help decision-

makers to plan for optimal SEV parking and movement within the city. This work presents an 

approach to model solar potential for this particular application as it considers buildings, tree 

structures, and seasonal changes for trees in an urban context.  

 

Existing research has extensively explored the estimation of solar energy potential over building 

rooftops using GIS or GIS based tools [2]ï[5]. Other studies have explored the solar energy 

potential of a topography at various scales, i.e., from a very small study area spanning a few 

square kilometers to an entire nation [6]ï[9]. These studies have used either station-based (field) 

measurements or GIS-based tools, such as the solar irradiation functionality in GRASS GIS [6]. 

Studies using station-based measures assume a flat terrain with no consideration for shadows 

cast by the terrain or objects, such as buildings or trees. The studies that use GIS-based tools 

consider only the shadows cast by the terrain and buildings and ignore features, such as 

vegetation on the surface. Neither the field-based measurements nor the GIS-based tools are 

designed to model trees (or their shadows) over a topography. Furthermore, previous studies 

have not considered the seasonal changes in deciduous tree shadows. Therefore, a system is 

needed to model tree shadows over roads and parking lots to move toward better estimates of 

solar energy potential.  
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This paper presents a new approach that takes into consideration the surface vegetation, namely 

trees, when estimating solar energy potential of city parking lots and roads. The information 

gleaned from this process can help identify desirable parking lots and roads for SEVs and find 

shadier parking for parking conventional vehicles, information that can support decisions about 

allocating SEV parking spaces. This approach to estimating solar energy potential of city parking 

lots and roads uses one technique to estimate the solar energy potential of parking lots and roads 

for summer and another technique for winter. To demonstrate our proposed methodology, we 

apply our analyses over a 9 km2 area of downtown Raleigh, NC, USA. This area contains a 

mixture of urban structures and vegetation, including both evergreen and deciduous trees. 

  

The remainder of the paper is organized as follows. Section 2 describes the data and software 

required for our approach. Section 3 presents the proposed methodology in detail. In Section 4 

we apply this approach to downtown Raleigh data. Finally, Section 5 discusses the implications 

of our approach and the scope for future work. 

 

2.3 Data and Tools 

The primary data source for this approach is LiDAR data. LiDAR data is collected with an 

airborne laser scanner system that generates a cloud of points where each point has its three-

dimensional coordinates. Along with the coordinates, each point in a LiDAR dataset is usually 

associated with a few additional attributes, such as classification and return number. The 

óclassificationô attempts to identify the type of object at that point, such as vegetation, building, 

water, and so forth. The óreturn numberô represents the number of the reflection out of multiple 

reflections of a laser pulse from which the point was recorded. The resolution and format of 
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LiDAR data varies depending on the equipment used to collect it. A resolution of 2 points/m2 

can be used for this type of solar radiation analysis, although higher resolution data will produce 

more precise results. Additional data is needed to designate the areas of interest for solar 

radiation. Our work is focusing on parking lots and roads in an urban environment, so it also 

requires data delineating key urban features (parking lots, roads, and buildings) in the format of 

shapefiles (a compound geographic file format that stores the features, such as points, lines, or 

polygons, as vector data). In addition, two types of imagery are required. One is needed for 

differentiating between deciduous and evergreen trees. This is a specialized geographic imagery 

dataset, orthorectified three-band multispectral imagery captured with an airborne sensor. The 

other imagery is needed for estimating light penetration through trees. These are photographs of 

tree crowns in the study area taken from ground level.  

 

The primary software needed for this process is the free and open source software Geographic 

Information Software (GIS) tool, GRASS GIS (tested on Release 7.6) [10]. Specifically, it 

harnesses a solar irradiance and irradiation GRASS GIS module named r.sun [6], which is 

capable of estimating the solar energy potential over each pixel of an elevation model. LAStools 

[13] may be needed to support LiDAR data preprocessing. ForestCrowns, a USGS software tool, 

can be used to measure the light penetration of deciduous trees based on the canopy photographs 

[11].  

 

2.4 Methodology 

The workflow for the proposed approach for estimating solar energy potential of city parking lots 

and roads is shown in Fig. 2.1. Given a LiDAR point cloud, a model of the terrain surface can be 
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generated. The initial steps are to compute a digital surface model (DSM) and a digital elevation 

model (DEM) to be used as input into the GRASS GIS irradiation module. A DSM represents 

the features on the earthôs surface as a raster image where each pixel value encodes the height of 

the object at that location. A DEM is similar to DSM except that it shows the height of the 

ground surface rather than any objects over it. DSM and DEM can be computed from 2 point/m2 

LiDAR data at a spatial resolution of 0.5 m. The DSM can be computed by assigning each pixel 

with the maximum height of the first returns of the LiDAR points within the pixel. The DEM can 

be computed using the minimum among the óGround,ô óRoad surface,ô and óBridge deckô 

classification categories of the LiDAR data. These elevation models can then be used as input to 

r.sun to estimate the solar energy potential over each pixel of the models. This tool is capable of 

estimating solar energy potential over individual time periods including yearly, monthly and 

daily. Even though this tool can also simulate cloudy conditions, we only focus on  

clear sky conditions. In this procedure, the ódailyô mode is used to estimate solar energy potential 

of parking lots and roads in two phases: leaf-on season and leaf-off season, referring to the 

seasonal change that occurs in deciduous vegetation. 

 

A. Leaf-on Season 

The solar energy potential for a study area in the leaf-on season can be estimated by calculating 

the solar irradiance for a representative summer day using the GRASS GIS tool, r.sun, and pixel 

substitution. The r.sun tool can estimate the solar energy potential in metric units, watt-hour per 

square meter per day (Wh/m2/day) for any day of the year. The output is a raster map where 

each pixel stores the energy potential at that location [6]. The tool is designed to estimate the 

direct solar radiation, diffuse solar radiation, and ground reflected solar radiation falling over a 
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unit area on any location on the earth. The solar energy potential over a unit area on the surface 

of the earth is the sum of these three components. The date of the summer solstice can be used 

for a conservative estimate of the leaf-on season conditions because vegetation greenery peaks at 

this time of the year. 

 

Fig. 1. Workflow: The process requires the following data as input: LiDAR point cloud, building 

footprints, vector files of parking lots and roads, high spatial resolution multispectral imagery and 

field photographs of deciduous trees (shown in ovals), and produces vector maps for the leaf-on 

and leaf-off seasons as output (in the bold boxes). 
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To obtain the summer solstice solar energy potential over a study area, invoke r.sun with the 

study area DSM and this date in ódailyô mode. For our application, we are interested in the 

irradiation on the ground. A limitation of the output from this module is that wherever there are 

trees, the module produces the irradiance values that the top of the trees would receive, instead of 

the ground-level solar potential, which would be largely or entirely in the shade. To correct for 

this, the pixels directly below the trees need to be identified and the value can be modified to 

reflect day-long shade coverage (the most conservative estimate). These pixels can be identified 

by finding the tree crowns, because, in a 2D raster, the tree crown pixels correspond to the pixels 

directly beneath the crown. 

  

To identify tree crowns, we assume that pixels that are above ground-level represent either 

vegetation or buildings, so that if we can rule out buildings, we are only left with differentiating 

between small vegetation (shrubs) and large vegetation (trees). We need to separate the latter two 

since vehicles are usually not able to park beneath small vegetation. We classify small vegetation 

as 2.5 m or less. Note that we are assuming that if you identify buildings and anything less than 

2.5 m from the ground, the remaining above ground points represent the location of trees. This 

assumption is not valid for all applications because there are objects taller than 2.5 m that are 

neither trees nor buildings. However, since we are only focusing on parking lots, roads, and their 

immediate vicinity, it is a reasonable assumption that most objects taller than 2.5 m are trees or 

buildings.  

 

Given these assumptions, locating a tree crown pixel can be performed using the building 

footprints of building data and a height range in the LiDAR data (to locate large vegetation). 
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Though LiDAR data may contain a classification value for each pixel to identify the type of 

object at that point ( i.e., ground, building, small, medium, or large vegetation), these values may 

have some building points classified as vegetation or the converse. Using building footprints that 

are more accurately surveyed and a LiDAR height range is a more reliable method for 

identifying tree crowns. To remove the buildings consideration, we first need to create a raster 

that encode the building locations. This can be created by intersecting the building footprint 

vector data with the DEM to select the DEM pixels that are within a building footprint. The 

corresponding DSM pixel values for these pixels can then be substituted into the DEM to obtain 

a new elevation model. We will refer to this raster as building_DEM. This elevation model 

encodes the elevation of the ground surface except within the footprints of buildings, where the 

elevation will be that of the building top. Using this DEM, a binary raster can be created to mark 

tree locations as follows:  

 

Now the pixels under trees can be updated by substituting these pixels with an all-day shade 

value. First, the value, v, of a pixel that is known to be under shade throughout the day can be 

manually identified from inspection of the high-resolution imagery. Then, since tree-mask pixels 

set to 1 correspond to pixels beneath the crown, the values of these pixels in the r.sun output can 

be set to v. The resulting raster represents the modified estimate of the solar energy potential for 

the leaf-on season. It should be noted that in an output raster from r.sun, the value of a pixel that 

was under shade all throughout the day and the minimum value within the output will be the 

same. 
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B. Leaf-off Season 

During the winter months, when deciduous trees shed their leaves, the bare branches of these 

trees allow light to penetrate to the ground much more than in leaf-on season. To get an estimate 

of the solar energy potential for parking lots and roads near these trees that takes into 

consideration this seasonal change, the percentage of sunlight penetrating through the deciduous 

tree structures needs to be calculated. To do this, first, we need to be able to differentiate 

between deciduous trees and evergreen trees, as most evergreens do not lose their leaves. 

Second, we can estimate the amount of uncounted solar potential available beneath the deciduous 

trees during leaf-off season and update our raster in the deciduous tree locations.  

To determine the locations of deciduous and evergreen trees, LiDAR data and high spatial 

resolution three-band orthorectified aerial imagery captured in winter can be used. The winter 

imagery has to be captured during the winter season so that deciduous trees in the study area 

have shed their leaves. An imagery index, Channel%, can be calculated from this imagery to 

separate evergreen from deciduous trees [12]. The Channel% of the Green band within the 

imagery is calculated as,  

Channel%g = Green/(Blue + Green + Red) 

where Green, Blue, and Red are the three color bands in the imagery. The Channel%g values of 

pixels that contains evergreen trees will have higher Channel%g value than those that contain 

deciduous trees. The threshold value, t, that separates them can be determined manually through 

visual inspection. Next, using the tree-mask raster, calculated in Section III A, the Channel%g 

values of the tree pixels can be extracted. The tree pixel values that exceed t can be considered 

evergreen tree pixels (while the remainder are deciduous). 
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Once the evergreen trees and deciduous tree locations are identified, the effect of shadows cast 

by them needs to be computed individually. To accomplish this, two separate rasters, 

deciduous_DEM and evergreen_DEM, that represent the height of deciduous trees and evergreen 

trees respectively within the DEM can be created in a process analogous to building_DEM. The 

evergreen_DEM is generated by locating the evergreen pixels in the DSM and inserting these 

values in the evergreen positions in the DEM, so that evergreen_DEM encodes the ground 

surface, except for locations evergreens are detected. The same procedure applied to deciduous 

pixels creates deciduous_DEM. The r.sun tool can then be invoked separately on these to obtain 

their individual shading. 

 

1) Solar penetration through tree crowns: The output of r.sun on the deciduous_DEM does not 

account for the penetration of light through the crowns of deciduous trees which have shed their 

leaves. A USGS tool, named ForestCrowns, can be used to address this[11]. This tool estimates 

canopy cover of trees based on input photographs of tree canopies taken from the ground. An 

example is shown in Fig. 2.2. For best results, Winn et al. (2016) recommend capturing input 

photography via a tripod-mounted vertical facing camera, standing where there are no low-

hanging branches. Photos should be taken when the sky is clear and the sun is not directly 

overhead. This software calculates the ratio of sky pixels to the total number of pixels within a 

region of interest, as a measure of canopy cover. In this application, this software can be used to 

determine the transparency of the crown of a deciduous tree by using photographs of deciduous 
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trees in the study area as inputs. The light penetration factor through the deciduous trees in the 

study area can be calculated as the mean value of the ratios obtained from a sample of 

photographs. 

 

To integrate the results from the ForestCrown process, the light penetration factor needs to be 

applied to the r.sun raster output for deciduous_DEM. However, time under the sunlight must be 

taken into account. Some areas will be under the shade of a deciduous tree for longer than others 

and these areas should not be modified for light penetration by the same magnitude. A pixelôs 

time under sunlight is proportional to the value of that pixel in the r.sun output. The difference 

between an all-day sunlit pixel (maximum pixel value) and the pixel value at any location is a 

Fig. 2.2. A tree photograph loaded into the ForestCrowns interface showing the region (in red) 

to be analyzed. 
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measure of the duration for which the pixel was under sunlight. Therefore, the pixels within the 

r.sun output of deciduous_DEM with a value less than the overall maximum pixel value should 

be recalculated. It should be noted that any two pixels within r.sun output under the same sunlit 

conditions may show fractionally different values and this difference is within 0.5% of the 

maximum value. Thus, the pixels within the r.sun output of deciduous_DEM with a value less 

than 99.5% of the overall maximum pixel value should be recalculated using the formula 

 

new_ pixel_ value = current_value + light_penetration_factor * (max ï current_value) 

 

where max is the maximum pixel value of the r.sun output of deciduous_DEM. 

 

2) Solar energy potential directly beneath trees:  The r.sun outputs of evergreen_DEM and light 

penetration adjusted deciduous_DEM are now available. Like the case of leaf-on trees, the pixel 

values directly beneath trees have to be adjusted. Unlike leaf-on season, here we have two types 

of trees: the evergreen trees (which can be treated similar to leaf-on case) and deciduous trees. In 

the case of evergreen trees, we first find the pixels that are beneath the evergreen trees using the 

evergreen tree-mask that we created earlier. Next, we replace those pixels with the value of a 

pixel that was under shade the whole day. In the case of deciduous trees, we first find out the 

pixels that are beneath the deciduous trees using the deciduous tree-mask that we created earlier. 

Next, we replace the pixel values in the modified r.sun output of deciduous_DEM with new 

values that correspond to deciduous trees by using the formula 

 

new_pixel_value = min + light_penetration_factor * (max - min) 
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where min is the minimum and max is the maximum value of r.sun output of deciduous_DEM.  

 

There are some scenarios where a treeôs shade will be engulfed by a building shade or the shade 

of a deciduous tree may overlap with the shade of an evergreen tree. In those cases, it is obvious 

that the resultant shade at a particular point will be cast by one which is blocking the sunlight the 

maximum. When the blockage of sunlight falling on a pixel increases, the solar energy potential 

over the pixel decreases. So in our case, the resultant total solar energy potential output raster is 

obtained by assigning each pixel a value which is the minimum among the three modified r.sun 

outputs.  

 

2.5 Application 

To demonstrate our approach, we apply it here to a study area in downtown Raleigh, NC (see 

Appendix A, Fig. S1), that has a mixture of urban structures and vegetation, including both 

evergreen and deciduous trees. We gathered LiDAR data, parking lot, road and building data, and 

imagery for the study area. For the LiDAR data, we used 2015 North Carolina Quality Level 2 

(QL2) LiDAR data [14] with a resolution of 2 points/m. Raleigh resides within the political 

boundaries of Wake County and for the parking lot and roads we used polygon vector data from 

Wake Countyôs open data portal [15]. Building footprints vector file for the study area was 

extracted from Microsoftôs US building footprints database. The building footprints are two-

dimensional. In other words, no height values are available within this dataset. For aerial imagery, 

we used six-inch spatial resolution, orthorectified, three-band multispectral imagery of the study 

area, which is freely available from the geographic data portal of North Carolina. As a proof of 
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concept, we captured five photographs of leaf-off deciduous tree crowns from different parking 

spots to represent deciduous trees in the study area. 

 

First, we used LAStools to remove noise from the LiDAR data. For the Leaf-on season, we ran 

r.sun using DSM created from the LiDAR data for June 21st, the date of summer solstice, to 

obtain the solar energy potential over the study area (refer Fig. 2.3.a). The solar energy potential 

associated with a pixel that was under shade all day long in our study area was found to be 1,216 

Wh/m2/day. Hence, all the pixels of the output from r.sun that represented trees were substituted 

with the value of 1,216 Wh/m2/day to obtain the final solar energy potential estimate for the leaf-

on season (refer Fig. 2.3.b). 

 

For the leaf-off season, we first created the building_DEM using LiDAR data and the Microsoft 

building footprints layer [17]. Then we computed the solar irradiance, b, of this raster by running 

r.sun with a mid-winter date, January 1. The maximum and minimum pixel values of the r.sun 

output were 3,105 Wh/m2/day and 678 Wh/m2/day, respectively. We then computed the 

Channel%g for the study area from the six-inch spatial resolution multiband imagery and found 

the threshold for evergreen trees to be 0.375. We then ran r.sun with evergreen_DEM, and 

deciduous_DEM as inputs. Following the same procedure as in the leaf-on season, the pixels 

directly beneath the trees in the output of r.sun with evergreen_DEM were substituted with the 

minimum pixel value of the same raster (678). Since the output of r.sun with deciduous_DEM 

doesnôt account for light penetration through deciduous trees, we used the deciduous tree crown 

field photographs as input in ForestCrowns software and calculated the transparency of the tree 

crowns (as shown in Fig. 2.2). The average crown transparency of the five deciduous trees was  
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       (b) 

(a) 

Fig. 2.3. Solar energy potential estimates for a Raleigh city block (r.sun calculated on the DSM): (a) 

before removing trees, and (b) after trees substituted with a 1,216 Wh/m2/day pixel value, the 

accumulated indirect irradiation of day-long summer shade in the study area. 

(a) 

(b) 
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approximately 2/3 of the analyzed photograph regions, so a value of 0.67 was used for the light 

penetration factor. This light penetration factor was applied to the r.sun output of deciduous_DEM 

as:  

 

new_pixel_value = current_pixel_value + 0.67 * (3,105 ï current_pixel_value) 

 

The shade beneath the deciduous trees were accounted for in the r.sun output for 

deciduous_DEM as 

 

new_pixel_value = 678 + 0.67 * (3,105 - 678) 

 

The resulting raster d was then merged with the other two outputs, the rasters labeled e and b in 

Fig. 2.1. While merging, it was made sure that the result has the minimum value among the 

corresponding pixels from these three rasters. 

 

The solar energy potential over our study area is obtained as two rasters, one for the leaf-on 

season (June 21) and the other for the leaf-off season (January 1). Each pixel of these rasters 

represents the total solar energy for a day in Watt-hours/m2/day. Since we are only interested in 

the solar energy falling over parking lots and roads, the pixels that belong to parking lots and 

roads were extracted from these rasters using the parking lot and road network data. The average 

of the extracted values within each parking lot and road network segments is used as the solar 

energy potential of parking lots and road network in the study area. The output for parking lots is 

shown in Fig. 2.4. With the added information about tree shade patterns, we are able to observe 
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some interesting patterns. In the summer, the solar potential is much more variable than in the 

winter, perhaps due to leaf coverage. Some parking lots which had low solar energy potential in 

the summer jumped up in ranking during winter. Left center in Fig. 2.4a, you can see parking 

lots that were in the lowest leaf-on solar class (yellow) that are ranked much higher (middle 

class) in the leaf-off season, Fig. 2.4b. Note that, though the reduced leaf cover in the winter 

allows more of the available light to pass through the trees, the values for leaf-off season (Fig. 

2.4b) are lower because the solar irradiation is lower in winter than during the summer (Fig. 

2.4a).  

 

2.6 Discussion and Conclusions 

In this work, we have presented a new approach to solar energy estimation which incorporates 

the variations in the shadows cast by trees. This method identifies tree locations and 

distinguishes between deciduous and evergreen trees so that distinct treatments can be applied to 

these tree types. Pixel substitution was introduced to account for shade directly below both types 

of trees. For deciduous trees in leaf-off season, our workflow derives a light penetration factor 

from field photographs. We derived the penetration factor from field photographs.  

 

We demonstrated our methodology in an urban setting (see Appendix A, Fig.S2) and identified 

distinct differences in favorability of parking lots within the study area for solar vehicles and 

conventional vehicles. In this study area, the contrast in favorability is greater in leaf-on season 

than leaf-off season. These observations would not be as visible without the introduction of pixel 

substitution and light penetration factors into the calculations. 
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Our methodology is easily repeatable for other urban study areas where data is available. Sample 

code for the procedure that produced this output is available on GitHub [16]. The software tools  

(a) 

Fig. 2.4. Solar energy potential of parking lots within the study area (a) for leaf-on season and (b) 

leaf-off season. 

(b) 
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used to complete the process are either free and open-source (GRASS GIS) or free 

(ForestCrowns). Further, we have provided open source sample code that can be customized for 

new study areas. The output rasters where each pixel represents the solar energy potential over it 

was extracted and later visualized using vector files of parking lots and road network of the study 

area. This will help the decision makers to make informed decisions for optimal parking and 

movement of SEVs in the area. Information such as this can be made available to applications 

that can inform SEV users to make optimal parking decisions and monitor estimated charge. 

 

Though we used existing data for buildings, roads, and parking lots to demonstrate our 

methodology, machine learning algorithms can be used to generate these datasets from aerial 

imagery. Object recognition also has implications for extending our methodology. Trees vary in 

size, shape, leaf area, leaf density, branch density, branch thickness. An exciting direction for 

future work includes harnessing deep learning to determine the species of trees in the study area 

so that we can introduce customized tree models into our workflow and derive multiple 

penetration factors. 
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CHAPTER 3: Classification of tree forms in aerial LiDAR point clouds using CNN for 3D 

tree modeling 

 

3.1 Abstract 

Three-dimensional models of trees that correspond to the real-world forms of the trees on the 

ground are used in urban planning, solar power estimation, and other disciplines. Previous 

studies have focused on generating 3D tree models from high-density point cloud data such as 

Terrestrial Laser Scanning (TLS) data, which is expensive and limited to small spatial extents. 

However, there has been limited exploration of inexpensive solutions to model trees over large 

spatial extents. The goal of this study is to use widely available discrete return Airborne Laser 

Scanning (ALS) data along with field-captured tree photographs and Google Street View (GSV) 

images to develop 3D equivalents of trees over larger spatial extents. To this end, we designed a 

process to assign representative 3D models for individual trees in discrete return ALS point 

clouds. This study demonstrates the use of a Convolutional Neural Network (CNN) model and 

3D models generated with Structure from Motion (SfM) for the realistic modeling of deciduous 

non-overlapping trees from discrete return ALS data. We classified and labeled the crown shapes 

of deciduous trees in a study area into four classes based on GSV images of trees. We delineated 

and segmented non-overlapping deciduous trees from ALS data and reduced them to 2D images 

using voxel point counts. Next, we trained a CNN architecture to match the 2D images to the 

corresponding classes observed from GSV images. For each class, we created a representative 

3D tree model using field-captured circumnavigational photos of trees and SfM. To demonstrate 

3D visualization using the 3D tree models, we created a 3D visualization of the trees surrounding 

a parking lot. The trained CNN model from this study can be used to classify non-overlapping 
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deciduous trees from discrete return ALS data and subsequently visualize near-realistic 3D tree 

models of trees. 

 

3.2 Introduction 

 

Three-dimensional models of trees are used for visualizing trees in 3D scenes in urban landscape 

planning and architecture [1,2], solar transmittance of urban trees for estimating solar irradiance 

over urban surfaces [3], tree shade analysis in agroforestry [4], ecological simulations [5], and 

urban micro-climate modeling [6]. The level of detail of the 3D tree models in these applications 

varies across applications, with many requiring accurate tree forms. Applications such as 

estimating solar energy potential typically prioritize structural accuracy relative to the real-world 

trees on the ground in the study area [7]. In solar energy potential estimation, the shadowing 

effects of leaf-on trees can be modeled easily by using solid blocks to represent their outer 

boundary structure, as this provides a good approximation of their shadowing effects. However, 

simulating the effects of sunlight penetrating the structure of trees that have lost their leaves in 

winter months, i.e., leaf-off trees, requires detailed 3D tree models that represent the tree branch 

structures. 

 

Approaches for modeling 3D trees have come out of research in computer graphics, remote 

sensing, and image processing. Computer graphics techniques can generate 3D tree models with 

detailed branch structure using rule-based techniques such as L-systems [8]. However, these 

techniques are not designed to build models that are reconstructions of specific real-world trees 

on the ground. In contrast, remote sensing and image processing techniques aim for 

reconstructing real-world objects using the point clouds they generate. Light Detection and 

Ranging (LiDAR) is a remote sensing technology that has been used to approach this problem 
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[9]. By scanning objects on the Earthôs surface via terrestrial or aerial scanners, LiDAR 

generates 3D point clouds that can be used for modeling trees.  

 

Many studies have focused on recreating 3D models of trees from LiDAR point cloud datasets 

[10ï12]. A high-quality tree model, including its branch structure, can be created from a dense 

3D point cloud. Terrestrial Laser Scanning (TLS) point clouds are typically much higher density 

than Aerial Laser Scanning (ALS) point clouds. Therefore, researchers have employed TLS data 

to generate 3D models of trees and other objects, such as buildings, bridges, and other landscape 

features [7,12]. Though the high resolution of TLS data is ideal for generating very detailed 3D 

models, the laborious and expensive TLS scanning process means that this data is not widely 

available. ALS data, on the other hand, is broadly available for many regions, typically free 

online for public use, and provides coverage over large extents, including terrains that are 

difficult to traverse by land [13]. However, the point cloud density of most ALS data available 

today is not high enough to generate realistic 3D models directly. The aerial-based LiDAR 

pulses rarely pass through the dense canopy of leafy trees, resulting in a poor representation of 

the three-dimensional structure of their branches. However, LiDAR pulses penetrate much more 

of a leafless treeôs canopy, allowing for an improved 3D interpretation that may not be good 

enough for high-quality modeling, but can provide adequate information about the tree branch 

structure to infer the crown shape. 

 

Another technique that can be used to generate high-density point clouds for modeling individual 

trees comes from the fields of computer vision and image processing, and does not involve 

scanners. The Structure from Motion (SfM) algorithm can create a point cloud of an object from 
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a set of photographs of the object, taken from different angles [14]. Using SfM, 3D point clouds 

of trees have been created from circumnavigational photographs of the trees [15]. Though less 

dense than TLS point clouds, the SfM point clouds can be sufficiently dense for recreating much 

better tree models than ALSpoint clouds can provide. Yet, in contrast to TLS data, no expensive 

sensors are needed to collect the data. Even a good quality cell phone camera can capture 

photographs to create a reasonably dense point cloud. 

 

Though both TLS and SfM are good techniques for constructing 3D tree models, in practice, 

SfM, like TLS, is not scalable over large study areas due to the manual photograph capture 

process required to collect input for SfM. In this study, we present a process to combine the 

strengths of ALS and SfM to obtain the near-realistic 3D models of non-overlapping deciduous 

trees. 

 

The objective of this study is to design a process to use deep learning, along with GIS data, 

including LiDAR data and Google Street View images, to choose 3D tree models for inclusion in 

3D scenes, such that the models closely resemble the corresponding real-world trees. We 

segmented deciduous non-overlapping tree point clouds from ALS data and labeled Google 

Street View (GSV) images of the trees based on the shape of their crown. We then trained a 

Convolutional Neural Network (CNN) model using the 3D-to-2D transformed images of 

individual tree point clouds and corresponding labels from labeled GSV images of the trees to 

assign a crown shape class label to each tree point cloud. We evaluated the classification 

accuracy of the CNN model using a 5-fold cross-validation. Additionally, we calculated and 

compared the accuracies of the CNN model with the various combinations of crown shape 
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classes. To visualize the outputs of CNN in 3D, we used SfM to create tree models to represent 

each tree shape and constructed a 3D visualization of the trees in a parking lot, using the CNN-

assigned labels to select the 3D tree models.  

 

3.3. Related work 

Various methods have been used to model the attributes of real-world trees. Some focus on 

defining the crown extent of individual trees for various applications. Others have explored ways 

to use Convolutional Neural Networks to estimate forest attributes. Still others have focused on 

ways to build 3D models of individual trees. Here we discuss relevant studies on segmenting 

individual trees, using CNN models to measure tree and forest attributes, and generating three-

dimensional tree models. 

 

3.3.1 Individual tree segmentation 

The two main approaches to segmenting individual trees from point cloud data use cloud 

segmentation and Canopy Height Model (CHM) segmentation [16]. In point cloud based studies, 

the segmentation techniques are applied directly over the 3D point cloud [17,18]. For example, 

Lu et al., (2014) developed an algorithm to segment individual trees in a deciduous forest based 

on the intensity and topological relationship of points within aerial LiDAR data. Kandare et al., 

2016 evaluated the performance of a point cloud-based 3D delineation method against different 

point cloud densities by thinning high-resolution aerial LiDAR point clouds. They concluded 

that the accuracy of individual tree crown delineation is proportional to the point density of the 

LiDAR point cloud. However, the ALS point cloud data that is widely available over large 

spatial extents do not have a very high point cloud density. As such, point cloud-based 
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techniques may not perform well for segmenting trees within our ALS data, which is 

comparatively lower resolution. Therefore, we opted not to build tree models directly from point 

clouds.  

 

Unlike point cloud-based studies, CHM-based methods rely on a Canopy Height Model derived 

from LiDAR point cloud rather than working on the point cloud itself. A CHM can be created 

from a point cloud irrespective of its density. Koch et al., (2006) delineated individual trees using 

CHM derived from small-footprint LiDAR data with treetops detected by a local maximum 

filter. Aubry-Kientz et al. (2019) conducted a comparative assessment of three different CHM-

based segmentation methods over tropical tree forest canopies. The algorithms that they used 

were itcSegment [21], Profiler [22], and SEGMA [23]. However, none of these techniques were 

able to delineate overlapping trees with 100% accuracy. Since the outermost crown points of 

trees define their shape, and our study employs a CNN model whose training and testing 

involves classifying trees based on their crown shape, the crown delineations need to be as 

accurate as possible. Therefore, in this study, we focus on non-overlapping trees and we adopted 

the 2D convex hull approach based on a CHM, as used in the itcSegment algorithm [21] to 

delineate non-overlapping trees. 

 

3.3.2 Use of CNN models in tree-based studies 

CNN models are deep learning models that can be used for automating image analysis tasks, 

such as image classification, object detection, and image segmentation [24]. Though CNN 

models are often applied to these traditional computer vision tasks, many studies have used CNN 

models to measure tree and forest attributes. For example, Ayrey and Hayes (2018) employed 
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several contemporary CNN architectures to interpret aerial LiDAR point clouds for the 

estimation of forest attributes such as biomass, tree count, and the percent of needleleaf trees. 

The LiDAR data was voxelized and later converted into 3D matrices such that each value of the 

matrix represents the number of points occupying the 3D space of the corresponding voxel. The 

CNN architectures were slightly modified to accommodate 3D matrices as input instead of a 2D 

matrix data such as images. We also employ voxelization but did not convert the LiDAR data 

into a 3D matrix, as the point cloud density of our data is not high enough to capture the features 

of trees at an individual scale. Hamraz et al. (2019) used CNN models over 2D images derived 

from high-resolution aerial LiDAR data to classify deciduous or coniferous trees. They created 

2D images from 3D point clouds using a top-down view as well as using a vertical plane slicing 

the trunk of each tree. Since we are interested in tree crown shapes, in our study, we create 2D 

images from 3D point clouds on a vertical plane, perpendicular to the ground. Windrim and 

Bryson (2020) used a 2D-CNN model as well as a 3D-CNN model over high-resolution Aerial 

LiDAR data belonging to two commercial pine plantations having a resolution of 300 - 700 

points per m2. While the 2D-CNN, more specifically an R-CNN object detector, was used to 

detect bounding boxes of trees in a 2D raster image, the 3D-CNN model was used to segment 

stem points. The input to the 2D CNN was a 2D raster obtained from the 3D data using 

voxelization. The authors tested two 2D raster representations for tree detection. The first 2D 

raster representation mapped the vertical density of points to a color ramp and the second 

representation used a three-channel image mapping vertical density, maximum height, and 

average returns to the RGB values. The authors obtained slightly better results with the first 

representation. Like this approach, our study uses a single parameter, but we used grayscale 

rather than a color ramp, because mapping a single band dataset to a color ramp maps each pixel 
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value from the dataset to three channels (red, green, and blue), which increases the number of 

hyperparameters in the CNN model. This might affect the accuracy of the model particularly 

when the training input dataset is small. While using a 3D CNN model eliminates the 

requirement to reduce a 3D point cloud to 2D, 3D CNN models may not function well on 

medium or low-density point clouds due to a lack of points in the interior and lower parts of the 

tree crown.  

 

3.3.3 Approaches for Generating 3D models of trees 

The approaches to generate 3D models of trees fall into two broad categories: computer graphics 

approaches and data-driven reconstruction approaches (e.g., photographs or scanned points) [28]. 

Table 1 summarizes the strengths and weaknesses of these approaches for modeling trees. 

Computer graphics approaches typically use either rule-based procedural modeling or interactive 

modeling techniques. While rule-based procedural modeling, such as L-systems [29] can 

approximate a tree structure, they are not designed to reconstruct models of specific real-world 

trees on the ground. Interactive modeling techniques need user input to identify the crown and 

branching structures [30]. Data-driven approaches are the contemporary techniques in which 3D 

point clouds of trees are used to reconstruct 3D models of trees [11]. The three prominent data-

driven approaches for obtaining a 3D point cloud of real-world objects such as trees are manual 

electromagnetic digitizing, laser scanning techniques, and photogrammetric method [10]. Manual 

electromagnetic digitizing uses an electromagnetic pointer device to measure the spatial 

coordinates of the points on the surface of trees, so it requires physical contact with each tree 

[31]. The other two approaches are contactless. Laser scanned data, such as Terrestrial LiDAR 

data and Aerial LiDAR data, have been extensively used in 3D reconstruction of trees [32ï34]. 
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Bournez et al. (2017) created an algorithm named TreeArchitecture for constructing tree models 

from tree point clouds and compared its performance against two other algorithms, namely 

Simple Tree [35] and PlantScan3D [36]. They found that PlantScan3D works best for detecting 

most branches of the trees, while SimpleTree performed better for tree wood volume 

determination.  

 

While reconstructing tree models from high-density point clouds can yield good 3D models, 

collecting dense point clouds is expensive due to equipment and collection costs. In 

photogrammetric methods, 3D point clouds of trees are obtained from 2D photos through image 

matching [14]. Bayati et al. (2021) reconstructed 3D models of deciduous trees using SfM from 

field-captured photographs using a handheld camera. In the study, the authors used 

circumnavigational photographs and the Agisoft PhotoScan Professional [38] software to 

compute tree metrics and reconstruct the 3D models of deciduous trees. The authors described 

the SfM technique to be simple to implement and more maneuverable than tripod-mounted 

scanners. Though SfM produces somewhat less accurate results than the costlier TLS approach, 

the results are sufficiently accurate. Due to these practical considerations and its high-quality 

output, we have adopted the SfM technique for tree model creation. 
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Table 3.1: Strengths and weaknesses of computer graphics and data-driven approaches for 

modeling trees. 

  

 Modeling technology Strength Weakness 

C
o
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p
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a

c
h

e
s

 

Rule-based algorithms (i) Fast and algorithmic 

modeling of trees. 

(ii) Interior branches are 

modeled with the same quality 

as outer branches. 

(iii) No data collection 

involved. 

 

(i) Approximation of tree 

structure rather than 

modeling real trees on the 

ground.  

Interactive modeling (i) Algorithmic modeling of 

trees with customizable user 

inputs or interactions. 

(ii) More realistic 3D models 

than rule-based algorithms.  

(i) User inputs are not 

scalable across large spatial 

extents with a large number 

of trees. 

D
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p
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Manual Electromagnetic 

Digitizing 

(i) High accuracy tree data 

points. 

(i) Laborious data collection. 

(ii) Scalability is limited 

(infeasible for large trees). 

L
a

s
e

r 
S

c
a

n
n

in
g 

Terrestrial Laser 

Scanning (TLS) 

(i) Generates high-density 

point cloud. 

(ii) Good penetration of laser 

into interior branches. 

(i) Limited spatial extent. 

(ii) Expensive equipment. 

(iii) Data collection is time-

consuming and requires 

equipment expertise. 

Aerial LiDAR 

Scanning (ALS) 

(i) Available over large spatial 

extents. 

(ii) Widely publicly available 

at no cost. 

(i) Medium or low point 

density. 

(ii) Limited laser penetration 

for interior branches. 

Photogrammetric 

method - Structure from 

Motion (SfM) 

(i) Generates high-density 

point clouds. 

(ii) Cost limited to software 

license and camera or cell 

phone (and optionally a 

UAV). 

(i) Limited spatial extent. 

(ii) Sparse points for interior 

and upper branches due to 

occlusion and distance from 

the camera (respectively).  

(iii) Data collection and 

model generation is time-

consuming. 
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3.4 Method 

This study develops a new process for assigning realistic tree models to point cloud data of real-

world trees to emulate real-world conditions. Our approach involves using a CNN model to label 

2D transformed images that correspond to the ALS point-clouds of trees. The labels represent 

tree types based on their crown shape. The labels are used to assign 3D tree models to the 

corresponding tree position. The overall process involves three main steps: (a) Preparing CNN 

Input Data, (b) Developing a CNN Model, and (c) Tree Visualization using CNN Output, as 

described below. 

 

3.4.1 Preparing CNN Input Data 

Our process uses ALS data and GSV images of trees to assign realistic 3D models of trees to 

individual point clouds of the non-overlapping deciduous trees in the area being modeled. The 

ALS point clouds and the GSV images are used in concert to create a training sample for the 

deep learning model (see Fig. 3.1). The GSV images are visually inspected to assign a class label 

to trees based on the shape of their crown. These class labels form the ólabelsô of the óimage-

labelô pairs that are used to train our CNN model. Street-side non-overlapping trees are more 

abundant in urban areas than rural areas due to the street density and structured planting of trees. 

Charlotte, North Carolina, a southeastern US city, has the highest resolution LIDAR data 

available in North Carolina for the study years. We selected a 20,000 ft2 (~6.1 km2) urban area 

in Charlotte (See Appendix B, Fig. S3) and obtained 2016-2017 leaf-off season discrete return 

aerial LiDAR point cloud data for this area from an online public repository [39]. The LiDAR 

data was collected with an airplane-mounted Geiger-mode sensor with a resolution of around 8 
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pulses/m2.This dataset differs from linear-mode ALS data in the sense that there is no flight line 

associated with it  

 

 

Fig. 3.1. The process for creating the training and testing dataset for the CNN model. The 

process requires LiDAR data and Google Street View images as input (black ovals). The double-

boxed steps are labeled with their section numbers. In some portions of the workflow (gray 

arrows), the LiDAR-derived polygons are used to filter the GSV images and vice versa. The data 

is processed with the ultimate goal (blue oval) of labeling LiDAR-derived 2D images with tree 

crown shape names for use in the CNN model.  
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because it was acquired using multi-angle illumination [40]. The LiDAR point cloud was 

classified by the data-distributing agency beforehand such that each point in the point cloud has a 

corresponding class designation, such as building, road, vegetation, etc.  

 

To use deep learning to assign labels to images, the model needs image-label pairs as training 

and testing data. The óimagesô for the image-label pairs are 2D images of individual trees 

obtained by reducing 3D point cloud data to 2D images. While images of individual trees can be 

created from the 3D point cloud of a tree by a 3D-to-2D transformation, these 2D images, 

produced from relatively low-resolution LiDAR data that largely does not penetrate tree canopy, 

are not suitable for determining class labels through visual inspections as they may not 

accurately depict the crownôs shape. Instead, we can visually inspect a real-world photograph 

(e.g., GSV image) of a tree to assign a label to the 3D-to-2D transformed image. Described 

below are our methods for delineating the tree crown boundaries, collecting GSV images, 

removing unwanted delineated crown boundaries and GSV images depending on each otherôs 

proximity, and reducing the 3D tree point clouds to 2D images.  

 

3.4.1.1 Crown delineation of non-overlapping trees 

To segment the LiDAR point cloud data into point-clouds representing individual trees, we need 

to determine the crown boundaries of individual trees from a top-down view. In other words, we 

need to automate the process of looking at an aerial view map and drawing a boundary around 

each tree crown. We tested both Inverse Watershed Segmentation (IWS) and 2D convex hull 

delineation to automate this process. IWS uses a Canopy Height Model (CHM) derived from 

ALS data to delineate individual trees [41]. Given a Digital Elevation Model (DEM) raster, the 
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watershed algorithm delineates the ridgelines of each watershed by simulating the flow of water 

on the surface. By inverting the CHM and providing it as the input to the watershed algorithm, 

the ridgelines now correspond to the tree crown boundaries where the depressions represent tree 

crowns. Manual inspection of the results indicated that many crown polygons delineated with the 

approach either produced multiple polygons over one tree crown or created polygons that 

encompassed the crown of other trees or parts of other tree crowns. The 2D convex hull 

approach as presented in the itcSegment algorithm creates a polygon with the shortest perimeter 

along the outer vertices of the tree crown [21]. In our case, the results were unsatisfactory for 

trees that overlapped. However, the approach yielded satisfactory results for delineating non-

overlapping trees. Therefore we chose to use the 2D convex hull approach and focus on non-

overlapping trees. The details of the steps involved in the crown delineation process are 

described below. 

Creating a Canopy Height Model. A Digital Elevation Model (DEM) and a Digital Surface 

Model (DSM) of an area are required to produce the Canopy Height Model (CHM) raster of the 

area. By binning the points classified as "Ground" and "Roads" in our LiDAR data into 1 ft2 

pixels, we created a DEM with a resolution of 1 ft2 (see Fig. S4, Appendix B). We assigned the 

height of the lowest point in each bin to each pixel in the DEM. To fill in the pixels with no 

points, we employed linear interpolation over adjacent pixels. Similarly, we created a 1 ft2 

resolution DSM of the study area by binning points classified as "low vegetation," "medium 

vegetation," and "high vegetation" (see Fig. S5, Appendix B). We chose the pixel values of the 

DSM to be the maximum height among the points in each bin. No interpolation was employed to 

fill the pixels with no data. Instead, we assigned these pixels with the corresponding pixel values 
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of the DEM. We built the CHM raster afterward by subtracting the DEM's pixel values from the 

DSM (see Fig. S6, Appendix B). 

Creating polygons representing tree crowns. The CHM raster produced in the preceding step 

includes pixels representing understory vegetation. To remove the understory vegetation from 

the CHM raster, we used a threshold of 2.5 ft. We reclassified the CHM raster as a binary raster, 

assigning zero to height values less than the threshold and one to rest. Next, we transformed the 

reclassified raster to polygon vector files. The polygons generated in this manner accurately 

approximated the outline of the top-down view crown boundaries for non-overlapping trees. 

However, interior gaps, like those shown in Fig. 3.2(b), sometimes appeared due to gaps in the 

crown or absence of LiDAR points. To address this issue, we constructed convex hulls of the 

existing polygons. This process generated 41,755 polygons (see Fig. S7, Appendix B). The 

crown polygon of a single tree after the convex hull process is illustrated in Fig. 3.2(c). The 

convex hulling process also created many polygons that did not represent individual non-

overlapping trees. We removed them using the techniques described in subsection 3.1.4. 

 

3.4.1.2. Collecting GSV images 

Training and testing our CNN model requires óimage-labelô pairs as training and testing data. 

While the 3D-to-2D transformed images of individual trees will serve as the óimagesô for the 

training and testing datasets, real-world images of trees are necessary to identify their 

corresponding ólabelsô based on the shape of their crown. Due to the extensive coverage of GSV 

images and their free availability with API access, they are a good source of street-side tree 

images (see Fig. S8, Appendix B). Numerous studies have used GSV images to classify a target 

object. For example, Kotowska et al. (2021) [42] used GSV images to track invasive alien 
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Fig. 3.2. Illustrating the process of creating a polygon representing a tree crown: (a) A basemap 

showing a deciduous non-overlapping tree, with its shadow cast towards the upper right (b) tree 

polygon with gaps indicated by red arrows, (c) tree polygon with gaps removed through convex 

hulling. Aerial image source: NC OneMap, 2019. 

 

plant species along roads. Alhasoun and Gonzalez (2019) [43] used GSV imagery to classify 

urban streets into three classes to train a CNN model. We used the Google Street View API [44] 

and a third-party tool [45] to obtain the 360-degree equirectangular panorama GSV images from 

the study area. Due to the limited number of leaf-off season GSV images available for any 

particular year, we downloaded GSV images belonging to multiple years. We downloaded a total 

of 4,393 equirectangular panorama GSV images and their locations from the study area 

belonging to the leaf-off seasons from 2016 to 2020 (see Fig. S9, Appendix B). Each of these 

panoramic images had a resolution of 16,384 x 8,192 pixels.  

 

The image acquisition locations of many GSV images that we downloaded were not near any of 

the 41,755 polygons that we delineated earlier. Those GSV images were removed from further 

consideration. To eliminate the GSV images, we computed a buffer of 20 m radius around GSV 
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locations, creating 4,393 buffer polygons. The GSV images whose buffer contained the centroid 

of at least one of the 41,755 polygons were selected for further analysis while the rest were 

removed. A total of 3,108 GSV images were selected for further consideration by this process 

(see Fig. S10, Appendix B). 

 

3.4.1.3 Selecting crown boundary polygons near GSV image locations 

The crown delineation process discussed in Section 3.1.1 produced 41,755 polygons. However, 

GSV did not capture images near many of the trees represented by these polygons. For our 

labeling procedure, visual inspection of a GSV image, we needed to use only the tree polygons 

with nearby GSV images. Therefore, the tree polygons without corresponding GSV image 

needed to be removed from further consideration. We used the following procedure to discard 

these polygons. 

Since the location of the trees within a GSV image is not directly available, we needed to use the 

image capture location provided by the Google Street View API, i.e., the location from which the 

GSV was taken, which is usually a road. To find those trees that are close enough to the camera 

to be clearly visible in a GSV image, we used the same technique as we used in Section 3.1.2 for 

the removal of unwanted GSV images. We computed a buffer of 20 m radius around the 3,108 

GSV locations, generating 3,108 buffer polygons. We then selected only those crown polygons 

whose centroid lay within the GSV buffer polygons, yielding 2,916 polygons for further analysis 

(see Fig. S11, Appendix B). 

 

3.4.1.4 Removing non-tree and multi-tree polygons  

In the remaining 2,916 polygons, we observed two types of problematic polygons, ónon-tree 
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polygonsô and ómulti-tree polygonsô. Non-tree polygons were created because ALS points 

returned by manmade objects such as electricity poles and light poles were misclassified as 

vegetation in the ALS data. Multi-tree polygons represented multiple trees enclosed in single 

polygons due to their interleaving branches causing the CHM raster algorithm to group these 

together. Both types of problematic polygons had to be removed. 

To remove the non-tree polygons, we used a NDVI raster of the study area from a leaf-on 

season. First, we created the NDVI raster of the study area having a resolution of 1 m x 1 m from 

the NAIP imagery for the year 2016 [46]. Next, we computed the median NDVI value of pixels 

within each polygon and deleted those polygons with a median value less than or equal to zero. 

We chose a median value rather than a mean value because the presence of a few pixels having a 

very low NDVI value within small polygons could significantly reduce the mean NDVI value of 

the polygons, effectively putting them below the threshold for removal. We set the threshold to 

be a conservative value of zero so that no polygons having significant vegetation would be 

removed. 

 

We removed the multi-tree polygons with a four-step process. First, we excluded those polygons 

having an unrealistically large area to be considered as a single-tree crown, by removing 

polygons larger than 10,000 ft2. Next, we computed the minimum bounding rectangle of the 

polygons and removed those polygons with a length-to-breadth ratio greater than two. This is 

based on the observation that a polygon spanning two neighboring overlapping trees is typically 

elongated. Fig. 3.3 shows a multi-tree example in red. We chose a conservative threshold of two 

for the length-to-breadth ratio to avoid eliminating any non-overlapping individual tree. Further, 

we removed any polygons that had unrealistically large lengths or breadths (greater than 168 ft) 
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for their minimum bounding rectangle. We chose 168 ft as the threshold for length and breadth 

corresponding to the maximum width of a 2D image that can be  

input to our CNN model. Finally, we inspected the GSV images near the remaining polygons to 

remove the unwanted polygons. This yielded a total of 455 polygons that represent crowns of 

individual non-overlapping trees, while the rest were removed from further analysis (see Fig. 

S12, Appendix B). These polygons, stored in 2D vector files, are used in the upcoming steps to 

slice the point cloud. 

Fig. 3.3. Tree crown boundary polygons (yellow and red) generated by the convex hull 

operation. In some cases, a polygon grouped multiple trees with overlapping crowns, as shown 

here in red. Aerial image source: NC OneMap, 2019. 

 

3.4.1.5 Segmenting individual trees in aerial LiDAR  

We used the 455 crown boundaries of non-overlapping trees, to extract the point cloud data 

representing 455 non-overlapping deciduous trees in the study area from the ALS data into 

distinct files, one for each tree, as illustrated in Fig. 3.4. We segmented the point cloud data 
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using the lasclip tool from LASTools software toolset [47]. The lasclip tool segmented the point 

cloud by extruding the 2D polygons vertically (see Fig. S13, Appendix B). We extracted 455 

individual point clouds, each representing a tree, saved as 455 distinct LAS files. 

 

Fig. 3.4. Segmenting trees from Airborne Laser Scanning (ALS) data using crown boundary 

polygons. The image on the left shows tree crown polygons extruded along the height of the 

corresponding trees. 

 

3.4.1.6 Reducing 3D point cloud to 2D images 

To transform the point cloud data of each tree into 2D images, we voxelized the point clouds in 

three-dimensional cubical bins with a resolution of 0.25 ft x 0.25 ft x 0.25 ft. We then created a 

2D grayscale image with a resolution of 0.25 ft x 0.25 ft, representing a side-view in a vertical 

plane, as shown in Fig. 3.5. We constructed each grayscale image by scaling the RGB pixel 

values based on the sum of the LiDAR point counts in voxels along the axis perpendicular to the 

image plane along an arbitrarily selected viewing direction. The standard image size for deep 

learning model input is 224 x 224 pixels. We used image dimensions of 672 x 672 pixels, since 

our largest tree image was 550 wide and 672 is the smallest multiple of 224 greater than 550. 
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Fig. 3.5. Schematic of voxelizing the Airborne Laser Scanning (ALS) point clouds of a tree and 

creating a 2D grayscale image based on the sum of points in the voxels along an axis. 

 

3.4.1.7 Classifying and labeling trees in Google Street View images 

The 3D-to-2D transformed images form the óimagesô in the óimage-label pairsô used for training 

and testing the CNN. The labels corresponding to these images are dependent on the shape of the 

tree crown as observed in a GSV image. A study of the visual quality of leaf-on trees in three 

cities in Turkey derived nine tree forms based on tree crown outline shapes [48]. However, not 

all of these tree forms can be extended to leaf-off tree forms as the patterns of growth of 

branches make the shapes of the trees more irregular than leaf-on tree forms. We observed that 

the trees in the study area predominantly belonged to three classes, namely óFan/Roundô, óTall 

Ovalô, and óIrregularô (see Fig. 3.6). Although [48]) identify óFanô and óRoundô to be two distinct 

classes, we found that there were only subtle differences in real-world examples of these classes, 

hence challenging to visually differentiate related trees. Therefore we combined the two classes 

into one class named ñFan/Roundò. In this study óTall Ovalô refers to trees that have a height-to-

width ratio greater than or equal to two. While [48] had a class named óOvalô instead of óTall 
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Ovalô, it did not have a mathematical definition of the shape and therefore making it difficult to 

distinguish 'Oval' from 'Fan/Round.' We labeled this class óTall Ovalô because of the significant 

difference between the height and width of the trees in this class.  

 

Fig. 3.6. Organizing trees in Google Street View images into four classes. 

 

 

There are usually multiple GSV images near a tree location (see Fig. 3.7). Not all of them might 

have an unobstructed, distortion-free, and background noise-free clear view of the tree of 

interest. For the 455 delineated individual non-overlapping tree polygons (see section 3.1.4), the 

GSV images containing the tree were visually inspected, and the one that best pictured the tree 

was labeled into one of the three well-defined classes or the óOtherô class, which represented all 

other tree crown shapes (see Fig. 3.6). The remaining GSV images were removed from further 

analysis. We classified a total of 455 GSV images corresponding to the 455 tree crown polygons. 
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We labeled the GSV images corresponding to the 455 polygons into 227 óFan/Roundô trees, 85 

óTall Ovalô trees, 31 óIrregularô trees, and 112 óOtherô (see Fig. S14, Appendix B). 

Fig. 3.7. A tree crown boundary (yellow) and its centroid (red x), denoting an approximate tree 

location, and locations of Google Street View images captured near the tree. Aerial image 

source: NC OneMap, 2019. 

 

3.4.1.8. Pairing 2D images with labels and selecting a uniform sample  

The classification and labeling process described in the previous section (section 3.1.7) yielded 

455 classified GSV images. However, the training and testing input of our CNN consists of 

óimage-labelô pairs where the images are not GSV images but rather the 3D-to-2D transformed 

images representing individual trees. As there were 455 3D-to-2D transformed tree images, and 

455 labeled GSV images corresponding to each tree, we assigned the labels of GSV images to 

the corresponding 3D-to-2D transformed tree image generating 455 óimage-labelô pairs for 

training and testing our CNN.  

Within the 455 image-label pairs, the availability of image-label pairs representing the óIrregularô 

class was low (only 31 trees). Therefore, to ensure a homogenous training dataset for our CNN 
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model, from the 455 image-label pairs, we randomly selected a subset of 181 image-label pairs 

consisting of 50 'Fan/Roundô trees, 50 'Tall Oval trees, 31 'Irregularô trees, and 50 óOtherô (see 

Fig. S15, Appendix B). 

 

3.4.2 Developing a CNN model 

To predict the class of non-overlapping individual trees in ALS data, we designed, trained, and 

tested a CNN model that takes an individual tree as input in the form of a 3D-to-2D transformed 

image and outputs a class name corresponding to the crown shape of the input tree image. We 

explored four combinations of CNN models and input datasets before finalizing the CNN 

architecture and the type of input dataset used in the study. The CNN models included two 

popular CNN models, DenseNet and Xception [24]. We provided inputs to these models in the 

form of either 2D grayscale images or RGB images of top-down view or side view of individual 

trees, but our results were unsatisfactory. The RGB images were created using more than one 

feature, such as vertical density and vertical point count of the voxelized point cloud data of a 

tree. We observed that 2D images representing side views of trees could be a better training input 

for our CNN model than top-down views of trees because the structural differences between 

different classes of trees are more evident in the side view. The processes involved in the 

architecture of the CNN model and the training and testing of the model are described in detail 

below. 

3.4.2.1 CNN Model architecture 

The CNN model to classify the 2D images representing individual non-overlapping deciduous 

trees into multiple distinct classes is composed of seven layers that are stacked sequentially as 

illustrated in Fig. 3.8. There are two 2D Convolution layers, two Max pooling layers, one Flatten 



    

55 

layer, one Dense layer, and one Softmax layer. The inputs to the model are images with 

dimensions 672 x 672 x 1 pixels. Both 2D Convolution layers have filters with a kernel size of 3 

x 3 x 1, with the first Convolution layer having 32 filters while the second one has 16. Each layer 

of Max-pooling had a kernel of size 2 with a stride length of 2. The Flatten layer was the fifth 

layer in the sequence after the Convolution layers and Max pooling layers. The Dense layer 

followed the Flatten layer with 8 nodes followed by the Softmax layer, which was also the output 

layer. The CNN architecture was implemented using the Keras library in Tensorflow [49]. 

 

 

Fig. 3.8. The CNN model architecture. The output is a label for each input image. The labels 

belong to 3 or 4 classes depending on the number of classes used for training the model. 

 

 

3.4.2.2 Training and Testing the CNN model 

We first trained and tested the CNN architecture with four output classes (see Fig. 3.9). For this, 

our original training and testing dataset consisted of 2D images corresponding to 50 'Fan/Roundô 

trees, 50 'Tall Ovalô trees, 31 'Irregularô trees, and 50 óOtherô trees. However, multiple 2D 
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images had to be generated per tree as the input training dataset was small. We used two 

techniques to expand the number of 2D images corresponding to each tree to augment the 

training input dataset. First, instead of using just one image per tree, we created two 2D images 

per tree by using point counts from voxelized images in the XZ plane as well as the YZ plane, as 

shown in Fig. 3.10. Both images of the same tree are considered to belong to the same class. 

Second, to augment the training and testing dataset further, we applied a horizontal flip to the 

training input data to again double the training data size. This flipping technique is easy to 

implement and has been proven to be useful in other image classification tasks (Shorten and 

Khoshgoftaar, 2019). Altogether, we created four 2D images from each tree. However, it should 

be noted that no horizontally flipped images were included in any testing dataset. Thus, 

for example, an ñ80%-20%ò split of 50 óFan/Otherô trees amounted to 160 images for training 

and 20 images for testing. 

 

We trained and tested five combinations. We first combined all four output categories. Then to 

further analyze the performance of the CNN architecture, we ran four additional tests with three 

classes at a time. The triplet combinations were óFan/Round-Tall Oval-Irregularô, óFan/Round-

Tall Oval-Otherô, óFan/Round-Irregular-Otherô, and óTall Oval-Irregular-Other.ô 
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Fig. 3.9. The four classes of tree crown shape used for training and testing the CNN model. 

 

 

 

 

Fig. 3.10. Using the voxelized Airborne Laser Scanning (ALS) data of a tree to create two 2D 

grayscale images, one in XZ plane and the other in YZ plane. 
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We evaluated the classification accuracy of the CNN model for these class combinations through 

k-fold cross-validation. Though there is, as yet, no established criterion for selecting the value of 

k, we chose a k value of 5 following related work that supports the use of k = 10 or k = 5 [51]. 

While, in 10-fold cross-validation, the dataset is split 90%--10% for training and testing, in 5-

fold cross-validation, the dataset is split 80%--20%, respectively. Since we have a small number 

of trees in each class (with the smallest count at 31 for the óIrregularô class), having a larger 

sample for testing (0.2*31 = 6 versus 0.1*31 = 3, in the case of óIrregularô) increases the 

reliability of the testing method. 

 

3.4.3 Tree Visualization using CNN Output 

The CNN model that we developed could be used to classify non-overlapping deciduous trees 

present in the ALS data of an area based on their crown shape. The output classes of the CNN 

model could be later used to assign the corresponding 3D model of a tree for 3D visualization. 

To do this we need 3D models of trees corresponding to the crown shapes of trees present in the 

ALS data. The techniques for creating representative 3D models of trees and the corresponding 

3D models for trees in ALS data are described below. 

 

3.4.3.1. Creating 3D models from field photographs 

Our trained CNN model outputs a class label corresponding to each 2D tree image input. If each 

class has a representative 3D model, the location of the trees and their class label can be used to 

link the tree locations to their corresponding representative 3D models for 3D visualization. In 

this study, we generated 3D models for the three classes of deciduous trees by employing 

Structure from Motion (SfM) over field photographs of trees. The process of creating a 3D 
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model using field photographs involves two stages: obtaining circumnavigational photographs of 

trees and creating 3D models. 

 

Obtaining circumnavigational photographs of trees. We collected circumnavigational 

photographs of six individual trees, two trees belonging to each of the three classes, during the 

months of January and February of the year 2020 to produce the representative 3D model for 

each tree class. Despite the fact that we only require the circumnavigational photographs of one 

tree per class, we collected the photographs of two trees per class so we could select the best 3D 

model from each pair. We chose those trees that did not have any immediate surrounding 

vegetation so that we could photograph them from a distance allowing a single tree to fill the 

entire picture frame (see Fig. S16, Appendix B). To photograph an entire tree in a single picture, 

photographs of shorter trees were taken from a closer distance (approximately 8 m) than those of 

taller ones (approximately 15 m). To ensure that even small twigs were included in the resultant 

point cloud data, we captured circumnavigational photographs of each tree with subsequent shots 

approximately two feet apart (see Fig. 3.11). Taller trees had more photographs compared to 

shorter trees because taller trees had to be photographed from a larger distance compared to 

shorter trees. For example, we photographed the final three trees representing óFan/Roundô, óTall 

Ovalô, and 'Irregular' classes 200 times, 54 times, and 84 times respectively. We used a 

smartphone camera (Google Pixel 3a) with a resolution of 12 Megapixels and a focal length of 4 

mm. The positional accuracy and density of the SfM point cloud are dependent on a range of 

characteristics, including GPS coordinate accuracy of photographs, ambient illumination 

conditions, surface reflectivity, and the movement of scanned objects [52]. Insufficient 

illumination, highly reflecting surfaces, and moving objects, such as waving tree branches, all 
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contribute to a reduction in the point cloud density [14]. Therefore, we endeavored to take our 

photographs in cloudless skies with no wind or breeze. 

Fig. 3.11. Collecting circumnavigational photographs (left) and a reconstructed 3D model of a 

tree (right). The number of photographs and distance of the camera from the tree depend on the 

height of the tree. 

 

Creating 3D models. Following the acquisition of circumnavigational photographs of trees, we 

constructed 3D models of trees in OBJ file format using the SfM technique. The SfM was carried 

out using Agisoft Metashape Professional, a commercial software package [38]. This software 

package generates 3D point clouds before building 3D models using its native surface 

reconstruction algorithm (see Fig. S17, Appendix B). Within the software, the photographs are 

initially aligned before a point cloud is created. The accuracy of the point cloud is dependent on 

the precision with which the photographs are aligned. We encountered many alignment issues 

with numerous photographs of a tree not aligning with the rest of the photographs. We tried to 

overcome the alignment issue by using markers. This reduced the alignment issues to an extent 
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but did not resolve them. We, therefore, used only those circumnavigational photographs of trees 

whose photographs aligned properly. Since we needed only one 3D model for each tree class, we 

picked the three trees with the best point cloud quality out of the six trees whose 

circumnavigational photos were captured, one for each class. 

 

The SfM produces a large number of unwanted points within the 3D point cloud that represents 

neighboring objects near a tree. These points were manually removed to obtain an accurate 3D 

point cloud of trees and subsequently, the 3D model. We created three 3D tree models, one for 

each of the three classes óFan/Roundô, óTall Ovalô, and óIrregularô. 

 

3.4.3.2. Visualizing real-world trees in 3D 

The output of our trained CNN model are class labels, representing the treeôs crown shape, 

corresponding to the input 3D-to-2D transformed image representing a tree. The model is 

capable of producing output for any number of trees belonging to the ALS data of any given 

region. In other words, the CNN model that we trained could produce output for ALS data of 

areas ranging from small spatial extents to large spatial extents. The output from the CNN, along 

with the representative 3D tree models we had created, could be used to create a near-realistic 

3D visualization of trees present in any ALS data.  

 

To demonstrate this, we used our process to assign crown shapes to the trees surrounding a 

parking lot in our study area and we rendered the scene with our tree models. We restricted the 

3D visualization to a small site so that the details would be clearly visible. We selected the site 

such that the trees were not included in the CNN model's input training or testing dataset. Using 
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the process we have developed, we found the crown boundary of the 13 trees, created 2D images 

of the trees through voxelization. Since we had developed 3D tree models to represent the three 

crown shapes, óFan/roundô, óTall Ovalô, and óIrregular', we used the pre-trained CNN model with 

output categories for these three classes. Assuming the centroid of the tree crown as the tree 

location, we rendered a 3D scene of the parking lot with 3D models of trees corresponding to 

their class [53] with the height of the 3D tree models scaled proportionally to their real height, 

obtained from the CHM that we generated in Section 3.4.1.1. 

 

3.5. Results  

3.5.1 CNN Training 

The mean accuracy of the 5-fold cross-validation accuracy of the CNN model with four output 

classes including óFan/Roundô, óTall Ovalô, óIrregularô, and óOtherô was 63.05%.  

 

The results for the same CNN architecture trained with our triplet combinations ( óFan/Round-

Tall Oval-Irregularô, óFan/Round-Tall Oval-Otherô, óFan/Round-Irregular-Otherô, óTall Oval-

Irregular-Other) are shown in Fig. 3.12. The model with output class combination óFan/Round-

Tall Oval-Irregularô had the highest accuracy of 83.46% while the class combination 

óFan/Round-Irregular-Otherô had the lowest accuracy of 57.69%. The confusion matrices of the 

best model among the 5-folds for all output category combinations are shown in Fig. 3.13. 

Overall,  the óFan/Roundô and óTall Ovalô categories are classified with a higher precision than 

the óIrregularô and óOtherô categories. 
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Fig. 3.12. Accuracies of the CNN model by tree crown shape class combinations.  
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Fig. 3.13. Confusion matrices of the best models among the 5-fold cross validations for all 

output category combinations. 

 

 

3.5.2 3D Tree models from Structure from Motion 

The three 3D tree models we selected from running SfM on circumnavigational field 

photographs are shown in Fig. 3.14. These models represent the three tree classes óFan/Roundô, 

óTall Ovalô, and óIrregularô. 
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Fig. 3.14. 3D models of trees reconstructed from circumnavigational photographs captured with 

a cell phone using the Agisoft implementation of Structure from Motion. 

 

3.5.3 3D Visualization  

The 3D visualization of trees in a Charlotte parking lot is shown in Fig. 3.15. We identified the 

class of the trees in the parking lot using the CNN model with the output class combination 

óFan/Round-Tall Oval-Irregularô. There were a total of 13 trees within the parking lot, containing 

5 óFan/Roundô trees and 8 óTall Ovalô trees. Out of the 13 trees, the CNN model was able to 

predict 12 of them correctly, producing a 92.31% prediction accuracy. Except for one 

óFan/Roundô tree, which was incorrectly predicted as óTall Ovalô, the CNN model predicted the 

remaining tree classes correctly. 
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Fig. 3.15. Input LiDAR data (top) and the corresponding scene with 3D tree models rendered in 

situ on a plane draped with aerial imagery (bottom). Aerial image source: NC OneMap, 2019. 
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3.6. Discussion  

The training of the CNN architecture used in this study was performed by classifying the 

individual tree point clouds into four classes, namely óFan/Roundô, óTall Ovalô, óIrregularô, and 

óOtherô, using Google Street View (GSV) images. The CNN architecture performed best 

(83.46% mean accuracy) on the 5-fold cross-validation test with three output classes that 

included óFan/roundô, óTall Ovalô, and óIrregularô classes. The accuracy of the CNN 

architectureôs output worsened for all the class combinations when we included the óOtherô class 

in the classification. This might be because óOtherô is a highly heterogeneous class lacking 

uniformity within the class as it includes trees having various crown shapes that we did not focus 

on. 

 

We observed that relying on GSV images for training data generation may restrict the number of 

output categories of our CNN model. While more than four classes of crown shapes may be 

observed in our study area, the vast majority of street-side trees in GSV images were restricted to 

'Fan/Round' or 'Tall Oval' shapes. In other words, the number of crown shape classes for our 

CNN model was limited by the tree shapes available within the GSV images of our study area. 

Along with the number of classes, the number of training samples for each class was also limited 

by the availability of GSV images for each class.  

 

Additionally, we note that increasing the number of classes could reduce the quality of the 

training dataset. As the number of output classes increases, the distinction between the classes 

becomes more subtle, making it difficult to classify a tree into one class or the other and 
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diminishing the quality of the training dataset. Therefore the number of output classes that our 

CNN model can have for an acceptable accuracy is limited. 

 

While creating 2D images from ALS data, we ensured that we did not choose a feature based on 

intensity values or return number of the point cloud data because the data that we used were 

collected using a Geiger mode sensor, which collects the data in a circular fashion rather than a 

linear fashion. When the data is collected in a circular fashion, a LiDAR pointôs intensity value 

or return number may not reflect the right information regarding the location of the point with 

respect to other points, such as whether the point is towards the interior of a tree or towards the 

surface. Therefore using them as a feature in the traditional sense of a linear scanner may not 

yield accurate results. We also noted that while it is intuitive to think of creating an RGB image 

by combining three grayscale images of the same tree from different viewing angles, the 

accuracy of CNN models trained on such RGB images could be lower than those trained with 

grayscale images. This is because, no matter how uniform the tree may seem, the images of the 

same tree from different angles, may not have the same shape at the pixel level. Therefore the 

pixels of these images are unlikely to perfectly align within a composite three-band RGB image. 

Such composite images with non-aligned pixels are different from regular RGB images that 

popular CNN models are designed to work with and hence may not yield good results.  

 

The SfM technique has some limitations when creating 3D models of trees using photographs 

taken from the ground. It is difficult to create 3D models of large trees when photographs are 

taken from the ground as the tree tops are far away from the camera. In those cases, employing a 

UAV to capture tree photographs [54] could produce good quality 3D models through SfM. The 
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SfM technique generates a dense point cloud containing a considerable amount of noise points 

(Carrivick et al., 2016) that have to be manually removed. Noise can be significantly decreased 

with the use of a higher-resolution camera (Mosbrucker et al., 2017). The process we presented 

in this study is not limited to visualizing tree models created using SfM. While the 3D models 

obtained using SfM is a low-cost approach, the process we presented could use any other 

realistic models obtained through more expensive means, such as 3D models obtained from TLS 

data. While the methodologies and techniques for reconstructing trees from very high-resolution 

data, such as TLS data produce good results [55], the data collection is laborious and expensive.  

 

This study only targeted non-overlapping trees. Though there is currently no technique to 

delineate crown boundaries of overlapping trees from ALS data with great precision, 

improvements in this process would help to generate larger training datasets to support 

classifying a wider variety of tree shapes and testing alternative CNN architectures.  

 

While we have demonstrated the 3D visualization of trees over a small area, our process is 

equally applicable to visualizing trees over large spatial extents as well. The models generated 

from SfM are very high resolution. To add more models to a larger scene, particularly for 

interactive applications, some mesh simplification would be needed to accommodate graphics 

card limitations [56].    

 

We only classified trees according to the shape of their crowns, without taking their size into 

consideration. As a result, trees ranging in height from very small to extremely tall were grouped 

together. This might have increased the heterogeneity of each class in the training data, making it 
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more challenging for the CNN architecture to generalize tree characteristics. To reduce 

heterogeneity, each group could be further subdivided into various classes based on its size, such 

as small, medium, and tall. This would, of course, necessitate larger training datasets to 

accommodate the increased number of classes. 

 

A strength of the CNN model we developed for this study is that it can be used directly over 

other discrete return ALS datasets to classify trees into the four classes included in the study. It is 

also possible to use the same CNN architecture for more than four classes, although doing so 

would require expanding the training dataset with the new classes and retraining the model with 

the updated training dataset. Similarly, our CNN architecture can be applied over any study area 

by retraining the architecture with the study area-specific trees. This study focused on the 

realistic modeling of trees for applications in research areas that would need near-realistic 3D 

models of trees, such as shadow analysis in solar energy potential applications. However, our 

tree shape classification could also be used for applications where only semi-realistic models are 

needed by using tree models developed with computer graphics techniques rather than SfM 

models, to produce semi-realistic 3D visualizations with trees. 

 

3.7 Conclusion  

In this study, we designed a process for selecting 3D tree models corresponding to individual 

non-overlapping trees in Airborne Laser Scanning (ALS) data. This process harnesses multiple 

data sources, including Google Street View images, and a CNN architecture. We demonstrated 

how this process could be used to visualize a 3D scene featuring 3D tree models. While this 

study uses only three shapes of 3D tree models, with a larger training set, the process could 
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support a larger number of tree models. The CNN architecture that we developed could be used 

with ALS data of any study area, with the same number or with more output categories given 

retraining with the study area-specific trees. This study demonstrated a low-cost process for 

creating and selecting tree models to appear within 3D visualizations of real-world sites using 

deep learning, ALS data, and Google Street View images. This 3D tree model selection process 

has applications in ecology, agroforestry, and urban landscape and architecture, for improving 

solar potential estimation that takes into account the percentage of solar radiation that penetrates 

through leaf-off trees. 
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CHAPTER 4: Comparing performance of algorithms for delineating trees within aerial 

LiDAR data in urban street-side settings 

 

4.1 Abstract 

Delineating individual tree point clouds in Aerial Laser Scanned data (ALS) data is vital in many 

applications including solar shading analysis, forestry, agroforestry, and urban landscape 

planning and architecture. Several algorithms for Individual Tree Delineation (ITD) have been 

developed. However, these algorithms have primarily been tested on forested areas. There has 

been less focus on delineating trees in urban areas. Urban street-side trees are often located near 

buildings and other manmade objects (e.g., utility poles or power lines) that ITD algorithms may 

delineate as tree parts. In this study, I compare the performance of three widely cited and 

publicly available ITD algorithms implemented within the R package ólidRô in two urban sites 

with leafless street-side trees near manmade objects. I chose a range of viable parameter values 

for each algorithm and iterated through a discrete set of parameter values for a total of 1,000 

iterations for each of our algorithms, with 1,000 different parameter combinations. Using GIS 

tools, I implemented four evaluation metrics: Median Jaccard Index, Median Dice coefficient, 

Oversegmentation factor, and Delineation factor. I computed each of these metrics for each 

iteration of each algorithm for classified and unclassified discrete return ALS data of the two 

urban study sites. Our results show that the urban complexities of the study sites affect the 

performance of the three algorithms. 

4.2. Introduction 

Many applications in solar energy potential estimation, urban microclimate modeling, forestry, 

and agroforestry rely on delineating individual trees within real-world study areas [1 - 5]. 
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Remotely sensed datasets, such as aerial imagery and LiDAR datasets, can act as data sources for 

quantifying the tree attributes by delineating the individual trees [6]. Many studies have 

developed algorithms for delineating individual trees from LiDAR point clouds for clouds with 

point density ranging from low to very high [7 - 8]. Approaches for segmenting individual trees 

from point clouds can be broadly divided into Canopy Height Model (CHM) segmentation 

approaches and point cloud segmentation approaches [8]. 

 

In CHM-based studies, the 3D point cloud is converted into a CHM, which is a 2D raster. The 

CHM-based algorithms typically create tree top points as an initial step towards the delineation 

process. For example, Koch et al, (2006) [9] created tree-top points using a local maximum filter 

to delineate individual tree crowns from small-footprint LiDAR data. Trees are typically 

delineated from the tree-top points using region-growing methods [10 - 11]. Point cloud-based 

approaches, on the other hand, do not convert the point cloud to a 2D raster. Instead, the 

algorithms directly use the 3D point cloud as their input [12]. The accuracy of point cloud 

approaches relies heavily on the point cloud density. 

 

CHM- and point cloud-based algorithms are generally designed to delineate individual trees in 

forest settings and testing has largely been performed in these contexts [12 - 15].  Less is known 

about how these algorithms fare in urban settings for delineating street-side trees. Though the 

lower density of canopies in urban settings may help with delineating trees, there are many 

factors that could affect the accuracy of individual tree delineations in urban settings, where trees 

are often in close proximity to man-made objects. The objects, such as buildings, light poles, 

sign boards, power transmission lines, and tall vehicles, may confound tree delineation. Since 
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these objects are tall, they could be mistaken for tree tops by the algorithm, thereby affecting the 

steps of the algorithm, delineating either more number of trees or failing to delineate some of the 

trees. However, if the classification of points present in the input ALS data were faultless, the 

points representing manmade objects could be easily removed which would leave behind points 

representing only vegetation. However, in reality, point cloud classification is never faultless. A 

lot of man-made objects or a part of man-made objects often get classified as vegetation. The 

misclassifications would be more prominent in ALS data captured in leafless tree conditions 

where the trees would let more laser pulses penetrate through them to nearby objects, 

confounding the point cloud classification. 

 

The presence of buildings near trees is one of the most common factors that affect ITD in urban 

settings compared to forests. The presence of buildings makes it harder to delineate the trees. 

This is mainly because misclassified building points that are classified as vegetation usually get 

delineated as tree parts. The accuracy of ITD is further dependent on the height of trees in close 

proximity to buildings. If the trees are relatively taller than the nearby building, they may 

overhang onto the building rooftop. This leads to more misclassified building points especially if 

the gap between the rooftop and the overhanging canopyôs bottom is small. One of the common 

approaches to remove building cloud points is to use building footprint datasets [16]. However, it 

is worth noting that the building boundaries within these datasets are not perfectly accurate. 

While they may represent the shape of a building well, the building boundary may not align 

perfectly with the boundary of the corresponding building in the ALS point cloud. Therefore 

removing the ALS points overlapping building footprints would exclude points representing 
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some of the edges and facades of buildings. These left over building points could severely affect 

a tree delineation process. 

 

The presence of buildings or other manmade objects in close proximity to trees also presents 

challenges to the algorithms. For example, some region-growing algorithms create an initial seed 

point around a predetermined circular radius [13]. The seed points are typically the tallest points 

within the circular radius. If the seed point falls on a tall light pole near a tree or on the edge of a 

tall building adjacent to a short tree, the algorithm may fail to locate a tree crown region within 

the circular radius, hence missing out the tree. Some other algorithms use an adaptive threshold 

for tree crown width based on tree height. However, in urban areas, it is common to see planted 

trees that are short but wide or tall and narrow. In addition to stationary manmade objects, tall 

trucks or other large vehicles that are parked near trees or plying on the streets during the time of 

LiDAR data acquisition could affect the ITD delineation process. Therefore these algorithms 

may not perform well in urban settings.  

 

In this study, I examine the performance of three Individual tree delineation algorithms for 

delineating leafless street-side trees over two small urban study sites. The algorithms are publicly 

available from the software package library lidR [17]. I apply these algorithms, traditionally used 

for ITD in forests, over two urban study sites with trees adjacent to manmade objects. One of the 

study sites consists of street-side trees near buildings while the other consists of trees near utility 

poles, power lines, and a building. The performances of the algorithms are examined over 1000 

different parameter value combinations of each algorithm over each study site. The process of 

creating the performance evaluation metrics is automated and the code is made publicly available 
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online for reproducibility. The objectives of this study are (1) to examine the performances of 

three ITD algorithms from package ólidRô when applied over two urban study areas with 

different compositions of trees and man-made objects, (2) to examine the performance of ITD 

algorithms in urban study areas under various parameter combinations, and (3) to automate the 

process of creating the performance evaluation metric of the ITD algorithms and share the code 

in the public domain for reproducibility and use in other applications [18]. 

 

4.3. Method 

This study examines the performance of three ITD algorithms over two ALS data types 

of two urban sites. The three algorithms used in this study are Li2012, Dalponte2016, and 

Silva2016 from the R library package ólidRô. I applied each of these algorithms on the classified 

and unclassified ALS point cloud data or the CHM derived from them of two urban study sites 

(see Fig. 4.1). Each of the three algorithms has a few parameters that could impact the accuracy 

of the delineations. I selected three significant parameters of each algorithm and used various 

value combinations of these parameters while applying them over the classified and unclassified 

ALS point cloud data or corresponding CHM of the two study sites. For each algorithm, I used 

10 different values for each of the three parameters, resulting in 1,000 parameter value 

combinations per algorithm. I examined the performance of these iterations using four evaluation 

metrics. The evaluation metrics included Intersection over Union (IoU) or Jaccard index, Dice 

coefficient, Oversegmentation factor, and Delineation factor. The description of algorithms, 

evaluation metrics, the urban study sites, and testing the parameter combinations are described in 

detail in the following subsections. 
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Fig. 4.1. Process for testing 1000 parameter value combinations for each Individual Tree 

Delineation algorithm over the classified and unclassified point clouds of two study sites. 

 

4.3.1 Data 

4.3.1.1 ALS data 

The two urban sites for this study are located in Charlotte, North Carolina, a southeastern US 

city. I collected the leaf-off season discrete return ALS data of the sites for 2016-2017 from a 

publicly accessible online repository [19]. The ALS data of these sites were collected with an 

airplane-mounted Geiger-mode sensor with a resolution of around 8 pulses/m2. The LiDAR point 

cloud was classified by the data-distributing agency beforehand such that each point in the point 

cloud has a corresponding class designation, such as building, road, vegetation, etc. 
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4.3.1.2 Aerial Imagery 

Manually delineating tree crowns may benefit from using supplementary data in addition to ALS 

data. Therefore, I used high-resolution aerial imagery from the 2015 leaf-off season having a 

resolution of 6 inches as supplementary data for the manual delineation of tree crowns. 

 

4.3.1.3 Google Street View images 

In this study, I use Google Street View (GSV) images as an auxiliary reference data for manual 

delineation of the crown boundary of trees. I collected the GSV images present in the study sites 

for the 2016-2017 leaf-off season using Google Street View API [20] and a third-party tool [21]. 

The collected images were equirectangular panorama GSV images that had a resolution of 

16,384 x 8,192 pixels. 

 

4.3.2 Sites 

In this study I apply three ITD algorithms over data corresponding to two urban sites. The urban 

sites are located in Charlotte, North Carolina, a southeastern US city. These sites consist of trees 

in close proximity to buildings and other manmade objects, such as utility poles and power 

transmission lines. Since the objective of this study is to examine the performance of algorithms 

over different urban settings, I chose two study sites, one with trees in close proximity to 

buildings and another site with trees in close proximity to utility poles and power transmission 

lines. The details of the two study sites and related data are described below. 

 

4.3.2.1 Site 1: Trees in close proximity to buildings 

To examine the performance of the ITD algorithms over trees in close proximity to buildings, I  
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chose a small study area consisting of 12 street side trees with varying heights in close proximity 

to buildings (see Fig. 4.2). There were no overlapping between any two trees. The height of the  

 

Fig. 4.2. Site 1. (a) Aerial imagery of Site 1 with one green point marking each tree trunk. (b) 

ALS point cloud with points classified as vegetation in green and points classified as buildings in 

brown. (c) CHM derived from unclassified ALS data of the site. 

 

trees ranged from 17.5 ft to 50 ft. The height of the building points ranged from 34 ft - 43 ft. 

From Fig. 4.2 (b), one can observe that the edge points of buildings are mostly classified as 

vegetation. It should be noted that the misclassified points are not limited to the rooftop edge, but 

they extend downward along the building facades as well (see Fig S18, Appendix C). 

 

 

(a) (b) 

(c) 
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4.3.2.2 Site 2: Manmade objects near trees 

In urban areas, there are numerous man-made structures and artifacts, and trees may be planted 

relatively close to them. I chose a small area consisting of 14 trees with a few trees near power 

transmission lines and utility poles (see Fig. S19, Appendix C). The site also includes three trees 

that are in close proximity to buildings. The height of the trees ranged from 14 ft to 52.5 ft. The 

power transmission lines were approximately 32 ft high. It can be observed that in the ALS data, 

many of the power transmission line points have been classified as vegetation points (see Fig. 

4.3). The site also consists of three trees that are in close proximity to buildings. The height of 

the trees ranged 

Fig. 4.3. Site 2. (a) Aerial imagery of Site 2 with one green point marking each tree trunk. (b) 

ALS point cloud with points classified as vegetation in green and points classified as building in 

brown. (c) CHM derived from unclassified ALS data of the site. 

(a) 

(c) 

(b) 
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from 14 ft to 52.5 ft. The power transmission lines were approximately 32 ft high. It can be 

observed that many power transmission line points have been classified as vegetation points. 

 

4.3.3. Algorithms 

Many studies have proposed ITD techniques, but implementations of these approaches are not 

always shared publicly. In this study, I used three algorithms that are publicly available in the R 

library package ólidRô. The algorithms included one point-cloud-based algorithm, Li2012, and 

two CHM-based algorithms, Dalponte2016 and Silva2016. Since the package ólidRô is a point-

cloud oriented package, the outputs of the algorithms are the input point cloud data with an 

additional classification label ótreeIDô appended to each point. The trees could be exported as 

individual files using the ótreeIDô label. Therefore, to extract the output as vector files for 

evaluation metric generation, I constructed 2D concave hulls for each individual tree point cloud 

and exported them as vector files. The algorithms are described in the subsections below. 

 

4.3.3.1 Algorithm 1: Li2012 

The Li2012 algorithm is a tree delineation algorithm based on Li et. al., (2012) implemented in 

the lidR package [12]. This point-cloud-based algorithm can be run with ALS data as input. The 

algorithm segments trees sequentially from tallest to the shortest based on a region-growing 

approach. The algorithm starts by selecting the topmost point in the point cloud and growing a 

region by including nearby points based on an adaptive threshold. The adaptive threshold is set 

to one among two parameter values depending on the height of the tree. If the tree is greater than 

a fixed height threshold, it is assigned the smaller value among the two thresholds and vice versa. 
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After the points belonging to a tree are identified, those points are removed from the input point 

cloud and the algorithm iterates until no more points are left within the input point cloud. The 

definition of the most important parameters of all the three algorithms are provided in Table S1 

(see Appendix C). 

 

4.3.3.2 Algorithm 2: Dalponte2016 

Dalponte2016 is a CHM-based tree segmentation algorithm based on Dalponte et.al., (2016) 

implemented in the LidR package [10]. Unlike Li2012, the inputs to this algorithm consist of a 

CHM and tree-top points. This is also a region-growing algorithm with the tree top points 

functioning as the seed points. The tree top points are calculated using a local maximum filter 

with a predefined radius. The algorithm grows a region around the seed points based on two 

threshold values, known as growing thresholds. A pixel near a seed point is added to a tree 

region if the height of the pixel is greater than the seed point height multiplied by one of the 

growing thresholds. The lidR package uses the óth_seedô parameter to denote this threshold. 

Similarly, a pixel near a seed point also has to satisfy the threshold criteria that the height of the 

pixel should be greater than the current mean height of the tree region multiplied by the other 

growing threshold value. The lidR package uses óth_crô to denote this parameter. Both growing 

thresholds have a value between 0 and 1.  Another implementation of this algorithm is available 

in the package itcSegment [22]. 

 

4.3.3.3 Algorithm 3: Silva2016 

Similar to Dalponte2016, Silva2016 is also a CHM-based delineation algorithm implemented in 

the lidR package [11]. This is an algorithm based on seed points and Voronoi tessellation. The 
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seed points are calculated using a local maximum filter with a predefined threshold. The 

algorithm has two threshold parameters, one representing the maximum crown diameter around 

the seed point given as a fraction of the seed pointôs height and the other an elevation threshold 

for excluding points that fall below the threshold. The elevation threshold is multiplied with the 

seed point height to obtain a value to exclude points below that value. The lidR package uses 

ómax_cr_factorô and óexclusionô as the parameters of the algorithm, respectively. Another 

implementation of this algorithm with the same name is available in the package órLiDARô [23]. 

However, the execution speed of the algorithm is higher in the ólidRô package compared to 

órLiDARô[11]. 

 

4.3.4 Individual tree delineation process 

While the Li2012 algorithm can directly accept a point cloud as its input, the input to the 

algorithms Dalponte2016 and Silva2016 are CHMs. To examine the performance of these 

algorithms, first, they need to be iteratively applied over the same input with varied parameter 

values. The following subsections describe the process of creating CHMs and iteratively looping 

through the parameters of the algorithms to delineate individual trees in the study sites. 

 

4.3.4.1 Creating Canopy Height Models 

The algorithms Dalponte2016 and Silva 2016 are CHM-based algorithms that require a 

CHM raster as their input data. I created a total of four CHM rasters with a resolution of 1 ft x 1 

ft for the two study sites using their ALS data. While two of the CHM rasters were created using 

unclassified ALS data, the other two were created using classified ALS data. A CHM is created 

by subtracting a Digital Elevation Model (DEM) from a Digital Surface Model (DSM). To create 
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the DEM, I binned the points classified as ñGroundò and ñRoadsò in our ALS data into cells of 1 

ft x 1 ft to create the two DEM rasters of the two sites. I assigned each pixel of the raster with the 

minimum height value of points in each cell. Linear interpolation was employed to fill the pixels 

with no data points.  

 

While I created only two DEMs, I created a total of four DSMs for the two sites. Two of them 

were created using classified ALS data, while the other two were created using unclassified ALS 

data of the study sites. Similar to the DEM, I created the DSMs by binning points into 1 ft x 1 ft 

cells. For the two DSMs that used unclassified data, the DSM raster was created by assigning the 

maximum height value of the point within a bin irrespective of its classification category. 

However, for the two DSMs that used classified data, the pixels were assigned the maximum 

value of only those points that belonged to the categories ólow vegetationô, ómedium vegetationô, 

and óhigh vegetationô. I created the four CHM rasters afterward by subtracting these DEM pixel 

values from the DSMs. 

 

4.3.4.2 Iterative tree delineation 

The algorithms Li2012, Dalponte2016, and Silva2016 each have different parameters that affect 

the accuracy of individual tree delineation. The list of the most important parameters for each 

algorithm is shown in Appendix C Table S1. The three most important parameters were chosen 

based on the sensitivity of the results to the parameters. In this study, to test the performance of 

the three algorithms, I iteratively delineated individual trees by modifying the values of the three 

selected parameters for each algorithm (see Table 1). I initially limited the parameter range of 

values to a small window and tested five distinct values of each parameter for each algorithm. 
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This yielded 125 (5 x 5 x 5) parameter value combinations for each algorithm (see Appendix C, 

Table S2). While the parameter value ranges were sufficient to consider the typical parameter 

values, extreme values were not included in this test. Therefore, I expanded the range of values 

for each parameter and tested 10 distinct values within the wider range for each of the three 

parameters for each algorithm This yielded 1,000 (10 x 10 x 10) parameter value combinations 

for each algorithm. The minimum value, maximum value, and increment used for each parameter 

are given in Table 2. There were a total of 1,000 parameter value combinations for each 

algorithm applied over the classified and unclassified input data of the two study sites. I 

measured the Median IoU, Median Dice coefficient, Oversegmentation factor, and Delineation 

factor for each of these parameter value combinations. 

 

4.3.5 Evaluation metrics 

To compare the performances of the different iterations of the algorithms on classified and 

unclassified point clouds with different parameter values across Site 1 and Site 2, I used two 

well-known metrics, Intersection over Union (IoU) or Jaccard Index and Dice coefficient [3]. In 

addition, I calculated two additional metrics, namely Oversegmentation factor and Delineation 

factor to take into account the over-segmentation and creation of undesired polygons. 

 

4.3.5.1 IoU Metric or Jaccard Index: 

The Intersection over Union (IoU) metric is used to evaluate the accuracy of the delineated 

polygons [3]. It is defined as the ratio of the intersection between the delineated polygon and the 

ground truth polygon divided by the combined area of both polygons.  

IoU metric = (A ž B) / (AB᷾) 
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where A and B represent the area of two overlapping polygons such that A is a ground truth 

polygon and B is an algorithmically delineated polygon. The IoU metric ranges from 0  

(no overlap) to 1 (perfect overlap). 

 

Table 4.1. The parameters used in the iterative process to delineate individual trees applying the 

three algorithms Li2012, Dalponte2016, and Silva2016. 

 

 

 

 

Li2012 

dt1: Threshold number 1ðdefault value. (parameter1) 

dt2: Threshold number 2ðdefault value. 

   Zu:  Height threshold determining whether threshold 1 or 2 is used. 

Dalponte2016 

r_lmf: Radius of local maximum filter 

th_seed: Growing threshold 1ðdefault value. 

   th_cr: Growing threshold 2ðdefault value. 

Silva2016 

r_lmf: Radius of local maximum filter 

max_cr_factor: Maximum crown diameter, given as proportion of tree height 

exclusion: Minimum height threshold: Pixels below the tree height times this 

factor are removed  



    

97 

Table 4.2. The minimum value, maximum value, and increments for the parameters of the three 

algorithms used for the 1,000 iterations of tree crown delineation. 

 Parameter 1 Parameter 2 Parameter 3 

  mi

n 

max step  min max step  min max step 

Li  

2012 

dt1 3 21 2 dt2 8 26 2 Zu  10 55 5 

Dalponte

2016 

r_lm

f 

5 32 3 th_cr   0.05 0.50 0.05 th_ 

seed 

0.05 0.50 0.05 

Silva 

2016 

r_lm

f 

5 32 3 max_ 

cr_ 

factor 

0.2 0.98 0.08 exclusi

on  

0.1 0.55 0.05 

 

4.3.5.2 Dice coefficient: 

The Dice similarity coefficient or Dice coefficient is a metric used to evaluate the spatial overlap 

of two regions [24]. The value of the Dice coefficient varies from 0 to 1. A value of 0 indicates 

no spatial overlap, while a value of 1 indicates complete spatial overlap. The coefficient is 

calculated by the following formula, 

Dice coefficient = 2* (A ž B) / (A+B) 

where A represents the area of a ground truth polygon and B represents the area of the 

corresponding algorithm-generated polygon. the area of two overlapping polygons. 

 

4.3.5.3 Oversegmentation factor: 

To quantify the number of polygons delineated by the algorithms for each manually-delineated 

tree polygon in a study site, I define an additional metric called the Oversegmentation factor. The 

value of this metric typically varies from 0 to 1. This metric produces a value of 1 if the total 
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number of algorithm-delineated tree polygons overlapping manually-delineated-trees polygons in 

a study site is equal to the manually-delineated number of trees in the site. The metric value is 

closer to 0 when there are multiple algorithm-delineated polygons overlapping each manually-

delineated tree polygon in the study site. 

Oversegmentation factor = n_A / n_B 

where n_A is the number of manually-delineated tree polygons and n_B is the number of 

algorithm-delineated tree polygons that overlap manually-delineated polygons. 

 

It should be noted that this metric assumes that the algorithms are tested with rational and 

judicious values, and therefore do not create drastically under-segmented polygons over the 

study site. This is because the value of the metric may be above 1 if there are fewer algorithm-

delineated polygons than the number of manually-delineated trees present in the site. 

 

4.3.5.4 Delineation factor: 

I defined a metric called the Delineation factor to quantify the number of undesired polygons 

(i.e., delineated polygons for trees not present in the study site) that are delineated by an 

algorithm in a study site. The value of this metric typically varies from 0 to 1.  

Delineation factor = n_A / n_C 

where n_A represents the number of manually-delineated tree polygons and n_C represents the 

number of algorithm-delineated tree polygons. This metric produces a value of 1 if the total 

number of algorithm-delineated polygons from the study site equals the number of manually-

delineated tree polygons in the study site. The metric produces a value closer to 0 if there are too 
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many undesired algorithm-delineated polygons within a study site compared to the manually-

delineated number of trees. 

 

Similar to the Oversegmentation factor, this metric also assumes that the algorithms are tested 

over rational and judicious values as the metric value may be above 1 if there are fewer 

algorithm-delineated polygons over a study site than the number of manually-delineated tree 

polygons present in the site. 

 

4.3.6 Performance evaluation metric generation 

The outputs of the iterations using various parameter combinations discussed in the previous 

section (section 4.3.4) are polygon vector files. It is not possible to visually look at those 

polygons and quantify the accuracy of the outputs. The following subsections describe the 

processes involved in quantifying the accuracy of the outputs of the various algorithm iterations. 

 

4.3.6.1 Manual delineation of tree polygons 

To assess the performance of the algorithms, they need to be evaluated against reference data. 

The reference data for ITD algorithms should be polygons representing tree crown boundaries 

from a top-down view. However, I did not have any field-collected reference data except the 

ALS data of the study sites and GSV images from the study sites belonging to the ALS data 

collection time period. I therefore manually digitized the crown boundaries of all the trees 

present in the study sites. The tree boundaries were digitized over the CHM rasters created using 

unclassified ALS data. In this process, the 3D lidar data and the high-resolution aerial imagery 

were used as a guide to make decisions for the areas of the tree crown that seemed to overhang 
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over nearby buildings. I also used GSV images to make informed decisions for delineating the 

tree crown boundaries. 

 

4.3.6.2 Computing evaluation metrics 

The initial step in creating the evaluation metrics is to find the overlap between the algorithm-

delineated tree crown polygons and manually-delineated polygons. This could be implemented 

by a spatial intersection in any GIS platform. With the overlapping regions computed, the IoU 

metric could be computed. However, if there are multiple algorithm-delineated tree crown 

polygons overlapping manually-delineated tree crown polygons, there would be multiple 

overlapping regions. In such cases, the polygon with the largest overlap is used for the metric 

computations. The Dice coefficient is computed in a similar manner as that to IoU as both of 

these metrics consider overlapping regions and polygon areas for computing the metric. The 

computation of the Oversegmentation factor and Delineation factor is straightforward as defined 

by their corresponding equations (see Section 2.5). The pseudocode for computing the evaluation 

metrics in a GIS platform is provided in Fig. 4.4. 

 

4.4. Results 

4.4.1 Iteration results 

The parameter values and results from the initial analysis of 125 iterations are shown in 

Appendix C (Table S2, Figure S20, Figure S21). The following discusses the results for the 1000 

iterations. In figures 4.5,4.6, 4.7, and 4.8, parameter_1 changes every 100 iterations, parameter_2 

changes every 10 iterations and parameter_3 changes every 1 iteration. From figures 4.5, 4.6, 

4.7, and 4.8, it can be easily observed that the Median IoU and Median Dice coefficient are 
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better in the outputs obtained using the classified point cloud input data compared to the results 

using the unclassified point cloud input data for both Site 1 and Site 2. 

Create a shapefile for manually delineated polygons  
Create field ómanual_areaô and calculate the area 
Create field ómanual_idô and make it a key field. 
FOR each algorithm 

FOR each value of parameter 1 
         FOR each value of parameter 2 
                   FOR each value of parameter 3 
 Merge algorithm output polygons into one shapefile 
 Create field óArea_algm_outputô and calculate the area 
 Create field ómerge_id_algmNameô and make it a key field. 

 

 Intersect ómanually delineatedô file with ómergedô file 
 Create field óIntersect_Areaô and calculate the area 
 Create field óintersect_id_algmNameô and make it a key field. 

 

 Create a spatial dataframe from the intersected file and name it intersect_sdf  

Find the rows with the maximum óIntersect_Areaô corresponding to each 
ómerge_id_algmNameô. 

 Remove the other rows and name this dataframe as new_sdf. 
Create a new field ñIoUò for new_sdf 
Calculate the field  ñIoUò  =Intersect_Area / (óArea_algm_outputô  + 
manual_area- Intersect_Area) 

Calculate the field  ñDice coefficientò =  2 * Intersect_Area / 
(óArea_algm_outputô  + manual_area) 
Create a spatial dataframe from the manually delineated file and name if 
manual_sdf 
Calculate the field ñoversegmentation_factorò = number of rows of manual_sdf 
/ number of rows of new_sdf  

Create a spatial dataframe for Merged file and name it merged_sdf   
Calculate the field ñdelineation_factorò = number of rows of manual_sdf / 
number of rows of merged_sdf /  

 Write the results as a shapefile. 
         ENDFOR 
ENDFOR  

ENDFOR 
ENDFOR 

Fig. 4.4. Pseudocode for computing the evaluation metrics. 

The algorithm Dalponte2016 produces higher Median IoU for mid-range values of parameter_1 

(11 ft <=  r_lmf <= 24 ft) (iterations 300 - 700) for both sites with classified and unclassified 

point cloud inputs. The parameter_3 (th_seed) produces better Median IoU for mid-range values 

(0.2 <= th_seed <= 0.4) for both sites with classified and unclassified inputs. For the majority of 
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the iterations, parameter_2 (th_cr) did not have a noticeable impact on any of the evaluation 

metrics calculated for the outputs with both classified and unclassified inputs for both sites. 

 

Similar to Dalponte2016, the algorithm Silva2016 performed better for mid-range values of 

parameter_1 (11 ft <  r_lmf < 24 ft) (iterations 350 - 650) for both classified and unclassified 

inputs for both sites. Unlike Dalponte2016, the Median IoU and Median Dice coefficient were 

better for higher values of paramter_2 (max_cr_factor) within the iterations 350 - 650 for Site 2. 

Unlike Dalponte 2016, the Median IoU and Dice coefficient were sensitive to parameter_3. The 

algorithm yielded better Median IoU and Median Dice coefficient around the mid-range value of 

parameter_3 (exclusion ~ 0.3) for Site 2. However, parameter_3 was not so sensitive in Site 1 

with better Median IoU yielded by mid-range values (0.2 <= exclusion <= 0.4). It can be 

observed that under-segmentation produced by Silva 2016 is more pronounced for lower values 

of parameter_2 (max_cr_factor) when the value of parameter_1 (r_lmf) is high in Site 2 for both 

classified and unclassified input data. 

 

4.4.1 Site 1 

Each of the 1,000 iteration outputs of the three algorithms produced vector files representing tree 

crown delineated polygons. The parameter value combinations that had the maximum Median 

IoU also had the maximum Median Dice coefficient for both classified and unclassified input 

data. The parameters that had the maximum Median IoU, as well as the maximum Median Dice 

coefficient, are shown in Table 4.3 and Table 4.4. The individual tree crown delineation outputs 

of the algorithms corresponding to the parameter combinations shown in Tables 4.3 and 4.4 are 

presented in Figure 4.9. 
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Fig. 4.5: The Median IoU and Median Dice coefficient for the 1,000 outputs obtained from the 

algorithms Li2012, Dalponte2016, and Silva2016 with different parameter value combinations 

applied over classified point cloud or CHM derived from them for the two study sites. 

Classified point cloud data  

Site 2 

Site 1 

Site 1 

Site 2 
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Fig. 4.6: The Oversegmentation factor and Delineation factor for the 1,000 outputs of the 

algorithms Li2012, Dalponte2016, and Silva2016 with different parameter value combinations 

applied over classified point cloud or CHM derived from them for the two study sites. 

Site 1 

Site 1 

Site 2 

Site 2 

Classified point cloud data  
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Fig. 4.7: The Median IoU and Median Dice coefficient for the 1,000 outputs of the algorithms 

Li2012, Dalponte2016, and Silva2016 with different parameter value combinations applied over 

unclassified point cloud or CHM derived from them for the two study sites. 

Unclassified point cloud data 

Site 1 

Site 1 

Site 2 

Site 2 
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Fig. 4.8. The Oversegmentation factor and Delineation factor for the 1,000 iterations of the 

algorithms Li2012, Dalponte2016, and Silva2016 with different parameter value combinations 

applied over unclassified point cloud or CHM derived from them for the two study sites. 

Unclassified point cloud data 

Site 1 

Site 2 

Site 1 

Site 2 
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Table 4.3. The parameter value ranges for the most important parameters of the three algorithms 

that produce the maximum Median IoU and maximum Median Dice coefficient for the classified 

input data for Site 1. 

 Parameter 1 Parameter 2 Parameter 3 

Li2012 dt1 = 3 ft - 21 ft dt1 = 3 ft - 21 ft dt1 = 3 ft - 21 ft 

Dalponte2016 dt2 = 8 ft dt2 = 8 ft dt2 = 8 ft 

Silva2016 Zu = 10 ft - 55 ft Zu = 10 ft - 55 ft Zu = 10 ft - 55 ft 

 

 

Table 4.4. The parameter value ranges for the most important parameters of the three algorithms 

that produce the maximum Median IoU and maximum Median Dice coefficient for the three 

algorithms for the unclassified input data for Site 1. 

 Parameter 1 Parameter 2 Parameter 3 

Li2012 dt1 =  3 ft - 21 ft dt1 =  3 ft - 21 ft dt1 =  3 ft - 21 ft 

Dalponte2016 dt2 = 8 ft dt2 = 8 ft dt2 = 8 ft 

Silva2016 Zu = 10 ft - 55 ft Zu = 10 ft - 55 ft Zu = 10 ft - 55 ft 
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Fig. 4.9. Algorithm-delineated tree crown polygons for classified and unclassified input data 

resulting in maximum Median IoU and maximum Median Dice coefficient for Site 1. (a) Manual 

delineation, (b) Li2012 algorithm output, (c) Dalponte2016 algorithm output, (d) Silva2016 

algorithm output. The green points represent the centroids of manually-delineated tree crown 

polygons. 

Classified point cloud data Unclassified point cloud data 

(a) 

(b) 

(c) 

(d) 
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4.4.2 Site 2 

Similar to Site 1, each of the 1,000 iteration outputs of the three algorithms produced vector files 

representing tree crown delineated polygons. The optimal parameter combinations for outputs 

from both classified and unclassified input data are shown in Table 4.5 and Table 4.6. The 

individual tree crown delineation outputs of the algorithms corresponding to the parameter 

combinations shown in Tables 4.5 and 4.6 are presented in Figure 4.10. 

 

Table 4.5. The parameter values and ranges of the three algorithms for the classified input data 

for Site 2. 

 Parameter 1 Parameter 2 Parameter 3 

Li2012 dt1 = 3 ft - 21 ft dt1 = 3 ft - 21 ft dt1 = 3 ft - 21 ft 

Dalponte2016 dt2 = 8 ft dt2 = 8 ft dt2 = 8 ft 

Silva2016 Zu = 10 ft - 55 ft Zu = 10 ft - 55 ft Zu = 10 ft - 55 ft 

 

 

Table 4.6. The parameter values and ranges of the three algorithms for the unclassified input 

data for Site 2. 

 Parameter 1 Parameter 2 Parameter 3 

Li2012 dt1 = 3 ft - 21 ft dt1 = 3 ft - 21 ft dt1 = 3 ft - 21 ft 

Dalponte2016 dt2 = 8 ft dt2 = 8 ft dt2 = 8 ft 

Silva2016 Zu = 10 ft - 55 ft Zu = 10 ft - 55 ft Zu = 10 ft - 55 ft 

 

 

From Fig. 4.10 (c), it can be observed that two trees are not delineated by Dalponte2016. These 

two trees are located very near to power transmission lines and a building. It is also observed that  
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Fig. 4.10. Algorithm-delineated tree crown polygons for classified and unclassified input data 

resulting in maximum Median IoU and maximum Median Dice coefficient for Site 2 . (a) 

Manual delineation, (b) Li2012 algorithm output, (c) Dalponte2016 algorithm output, (d) 

Silva2016 algorithm output. The green points represent the centroids of manually delineated tree 

polygons. 

Unclassified point cloud 
data

Classified point cloud 

(a) 

(b) 

(c) 

(d) 
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the trees are relatively shorter compared to the power lines and buildings. The tree near the 

power lines had a maximum height of 16.3 ft, while the transmission lines were at 35 ft, and the 

tree near the building had a maximum height of 17.6 ft but the building was 53 ft tall. This is 

because both algorithms, Dalponte2016 and Silva2016, use a thresholding value to decide the 

inclusion of neighboring pixels into the tree crown region when the region belonging to a tree 

crown is grown from the treetop. A neighboring pixel is added to the current tree crown region if 

its height is greater than the current mean height of the crown region. If, by accident, the treetops 

are identified to be on power transmission lines or building tops, the neighboring shorter trees 

have no chance of making it over the threshold value. Hence, they may not get delineated. 

Similar is the case with the Silva2016 algorithm, which has missed a tree (Fig. 4.10 (d)). 

 

4.5. Discussion 

I applied the three ITD algorithms, Li2012, Dalponte2016, and Silva2016, over the classified and 

unclassified ALS data or CHM derived from them with 1,000 different parameter value 

combinations of each algorithm for two study sites. The parameter values were chosen to include 

and extend beyond the typical value range for each of these parameters. I observed that the 

values of parameters could significantly impact the individual tree crown delineation results of 

the algorithms. Of the three algorithms, Silva2016 was found to be comparatively more sensitive 

to all three of its parameters compared to the other two algorithms in both study sites, as well as 

both classified and unclassified CHM of input data. Li2012 was the least sensitive with 

parameter_1 (dt1) resulting in no change in the evaluation metrics. 

From the evaluation metrics and visual observation, I observed that the algorithms were not 

performing well on trees near manmade objects on both classified and unclassified input data. 
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While the classification of points in an input point cloud could help in delineation, the presence 

of misclassified points bordering a tree crown affects the accuracy of the delineation. The 

presence of misclassified points may contort the delineated tree crown polygons or may even 

lead to missing the trees as a whole.  

Higher values of Median IoU can be observed for both Dalponte2016 and Silva2016 in the mid-

region of the plots for both study sites, as well as both classified and unclassified CHM of input 

data. This region corresponds to mid-range values of parameter_1 (r_lmf) of both Dalponte2016 

and Silva2016. This observation indicates that these algorithms are sensitive to the parameter_1 

(r_lmf). The parameter_1 (r_lmf), local maximum filter, is a function to find the topmost point 

across a circular area with a radius defined by the parameter value. A typical expansion of these 

algorithms is to apply a custom function to define r_lmf depending on the height of a tree. 

Creating a custom function based on the height of a tree to find treetops might not be very 

relevant as there are many vertically and horizontally heterogeneous trees in urban areas. That is, 

a custom function that assumes a larger crown diameter for a larger tree, or vice-versa, may not 

perform well in vertical and horizontal heterogeneous conditions where there are trees of varying 

heights and crown diameters. 

The two commonly used evaluation metrics that I employed cannot be used as only accuracy 

evaluation metrics. A higher Median IoU or Median Dice coefficient doesnôt mean that an 

algorithm is performing well. This is because the algorithm might have missed some trees during 

the delineation process, thereby reducing the number of intersecting polygons and in turn 

affecting the IoU metric and Dice coefficient. The Oversegmentation factor or Dice coefficient 

could exceed above the value of 1, indicating an under-segmentation. Therefore a value that 

floats around a value justbelow 1 might be indicating a few under-segmentation problems and 
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therefore could not be trusted as a measure of accuracy. The Delineation factor, similar to the 

Oversegmentation factor could exceed the value of 1 indicating under-segmentations. However, 

if the study area is large and if there are a large number of undesired polygons, the value will 

stay below 1 even if there is considerable under-segmentation within the area.  

 

It is challenging to measure the accuracy of a delineation process. This is primarily because of 

two reasons, lack of reference data and lack of a metric that could measure all aspects of the 

accuracy of delineated polygons. In this study, I created our own reference data by manually 

delineating tree crown polygons. However, for larger study areas and overlapping trees, this 

might be a difficult task. I had to limit study areas to sites containing mostly non-overlapping 

trees so I can create accurate reference data. While there are many metrics in the object detection 

and segmentation literature that could measure shape correspondence [3], there is still a lack of a 

single metric that could measure spatial correspondence of polygons alongside under-

segmentation or over-segmentation evaluation. There exists a need for developing a standard 

evaluation metric as well as a need for a benchmark dataset belonging to urban contexts, such as 

street-side trees to evaluate the performance of various tree crown delineation algorithms. 

 

4.6. Conclusion 

In this study I examined the performance of three Individual Tree Delineation (ITD) algorithms 

for delineating leafless non-overlapping street-side tree crowns over two small urban study sites. 

The algorithms used were Li2012, Dalponte 2016, and Silva2016 available in the R library 

package lidR. I applied the algorithms over classified and unclassified ALS point cloud data or 

the CHMs derived from them. I iterated the algorithms with 1,000 parameter value combinations 
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for the three parameters for each of the algorithms for both study sites. I also calculated four 

evaluation metrics to examine the performance of the algorithms. I found that the ITD algorithms 

did not perform well on urban street-side trees due to the presence of man-made objects, such as 

buildings, utility poles, and power transmission lines in close proximity to trees. The code 

developed for the iteration process and evaluation metrics is made available for free in the public 

domain so that others may build on this work to advance the tree crown delineation process.  
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CHAPTER 5: Conclusions 

The research objectives of this work addressed several of the practical challenges involved in 

automatically deriving characteristics of trees from widely available low-cost data in the form of 

medium-density point clouds. Below, I remark on a few key points for each of the three research 

objectives I introduced in Chapter 1. Then, I conclude with a discussion about the implications 

for both research and practice. 

 

Objective 1: Model the seasonal transparency of trees from aerial LiDAR data to be applied in 

solar energy potential estimation over urban areas. This objective was achieved by developing a 

new approach for solar energy potential estimation over parking lots and roads of an urban study 

area while taking into account the seasonal changes of deciduous trees. For deciduous trees, the 

seasonal transparency was modeled by calculating a Light Penetration Factor (LPF) from the 

field photographs of leafless trees. The LPF was then multiplied with the pixel values 

representing solar potential corresponding to each tree to obtain the solar energy potential for the 

winter season. The modeling was useful in identifying desirable parking lots and roads for Solar 

Electric Vehicles (SEV) and conventional vehicles. 

 

Objective 2: Design a process to model 3D equivalent tree crown shapes at an individual tree 

level using a low-cost approach involving aerial LiDAR data. To address this, I designed a 

process that uses deep learning, along with GIS data, including aerial LiDAR data and Google 

Street View images to choose 3D models corresponding to each tree from a group of pre-made 

3D models. The 3D models were created using Structure from Motion applied over 

circumnavigational field photographs of trees captured using a cell phone camera. This study 
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demonstrated modeling tree crown shapes through a low-cost approach using deep learning, 

aerial LiDAR data, Google Street View images, and images of trees captured using a cell phone 

camera. While this study used only 3D models for three tree crown shapes, the study could be 

expanded to a larger number of tree shapes. 

 

Objective 3: Compare the performances of Individual Tree Delineation algorithms for 

delineating urban street-side trees. The objective was achieved by comparing the performance of 

three Individual Tree Delineation (ITD) algorithms, namely Li2012, Dalponte2016, and 

Silva2016 from the R library package ólidRô, over two urban study sites. All the algorithms were 

executed with 1,000 different parameter value combinations on the classified and unclassified 

aerial LiDAR point cloud data of the study sites or the CHMs derived from them. It was 

observed that none of the algorithms performed well in delineating urban street-side trees. 

Among the three algorithms, Silva2016 was found to be more sensitive to its three parameters 

compared to the other algorithms.   

 

5.1 Research Implications 

The quantification of spatial and temporal variations of solar energy potential is essential for a 

variety of disciplines. For example, quantifying the fraction of solar irradiation reaching the 

ground or water surfaces through vegetation is needed to study the ecological process, 

microclimate, and behavior of individual organisms and microorganisms. Another example 

includes urban microclimatic modeling where the amount of solar radiation penetrating urban 

tree crowns determines the amount of heat absorbed by urban impervious surfaces, and the heat 

which is radiated back into the atmosphere. In sustainable urban design, the quantification of 
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solar energy potential penetrating through tree crowns supports the estimation of building energy 

demands and temporal solar energy potential over building rooftops and facades.  

 

The techniques discussed in Chapter 2 for estimating the seasonal solar energy potential are not 

limited to parking lots and roads, instead, they could be used to quantify the temporal variations 

of solar energy potential in studies related to the disciplines mentioned above. The techniques 

could help to provide a more accurate estimation of solar potential in areas with nearby 

deciduous trees.    

 

The CNN model trained in Chapter 3 for classifying leafless trees in aerial LiDAR data into four 

categories based on tree crown shape can be reused in other research studies to classify trees 

based on the same types of three crown shapes. The CNN model can also be expanded to classify 

a larger number and different tree crown shapes by retraining it with corresponding 3D to 2D 

transformed images of trees.  

 

Some applications requiring a finer scale analysis, such as urban microclimate modeling, will 

benefit from modeling tree crown characteristics at an individual tree level. To better account for 

delineation anomalies in urban contexts, future research should take into account the problems 

described in Chapter 4, which examined the use of three individual tree delineation algorithms 

over point clouds of urban study sites.   

 

5.2 Implications for practice 

Chapter 2 focused on developing a process to create estimates of solar potential to identify  
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optimal parking lots and road surfaces for charging solar cars. However, the process could also 

be used to locate ideal locations for rooftop photovoltaic cells in areas where trees are taller than 

rooftops. An interesting application using the process developed in this study would be to 

identify shade conditions over public walkways during any time of the day of any season of the 

year. Additionally, the process discussed in this study along with meteorological data may help 

identify shaded and unshaded areas to provide information for people concerned about sun 

exposure that causes skin damage that can lead to skin cancer.  

 

The workflow developed in Chapter 3 is a low-cost approach for modeling the shape of tree 

crowns in urban areas. The low-cost approach is ideal for many applications as the acquisition of 

very high-resolution point cloud data of tree crowns is very expensive. The CNN-based crown 

shape modeling discussed in this study could be also used in conjunction with pre-created 

libraries of 3D tree models available in popular GIS platforms to create semi-realistic 

visualizations of real-world scenes. The 3D models generated in this study could also be used 

within software tools for a more realistic shadow analysis and solar energy potential over urban 

surfaces. 

 

Understanding the delineation anomalies that occur when applying individual tree delineation 

algorithms, as described in Chapter 4, can help users anticipate the strengths and weaknesses of 

these algorithms. With additional work, study areas may be partitioned such that the algorithms 

that perform best in a certain type of urban setting may be selected for a partitioned region, rather 

than a single algorithm being applied to the entire study area. In addition, the exploration of 

optimal parameter value combinations, as explored in Chapter 4, can help users select the 
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algorithm and parameter settings that perform best, considering the needs for a particular 

application. Understanding the delineation anomalies is essential for developing urban tree 

inventories for applications such as utility transmission line routing. In these applications, it is 

crucial to estimate an exact tree count and crown boundary for planning and maintaining the 

utility transmission lines.      

 

The techniques and processes discussed in this research are not limited to small study areas but 

could be applied over large spatial extents depending on data availability. The data used and the 

code developed for Chapters 2 - 4 are available in public repositories [1ï3] so that others may 

build on this work to advance capabilities in other practical applications.  
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Appendix A: Supplementary materials for Chapter 2 

 

Fig. S1. Study area: 3 km x 3k m in downtown Raleigh, North Carolina  

 

Fig. S2. Daily solar energy potential over parking lots in the study area for December 23 
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Appendix B: Supplementary materials for Chapter 3 

 

 

Appendix B includes the supplementary materials for Chapter 3 with the images arranged 

according to their section headings.  

 

3.4.1 Preparing CNN Input Data 

 

Fig. S3. Aerial view of the 20,000 ft2 study area in Charlotte, North Carolina, USA. 
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3.4.1.1 Canopy delineation of non-overlapping trees 

 

 

Fig. S4.  Digital Elevation Model (DEM) of the study area. 
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Fig. S5. Digital Surface Model (DSM) of the study area. 
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Fig. S6. Canopy Height Model (CHM) of the study area 
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