ABSTRACT
VIVEK NANDA , VISHNU MAHESH. Estimating andModelingStructuralCharacteristics of
Trees withinAerial LIDAR Data (Under the directionf Dr. Perver Baran and Dr. Laura
Tateosiai
The transparency and shape of tree crowngban areas play a critical role in applications such
as solar energy potential estimation, urban microclimate modeling, and urban landscape planning
and architecture [13]. Modeling the parameters of tree crowns necessitatesraggiution
threedimensiamal data such as LiDAR data. However, the availability of figgolution 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. Howewaes, 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 mediunesolution aerial LIDAR data. Research objectives
include: (i) to model the seasonal transparency of trees from aédiaR 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 urbarusly 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 busl@ing 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 egepotential 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 frm high resolution LIDAR data [6,7]. However, they do not scale down to
comparatively lower resolution aerial LIiDAR data. We need an approach to model the 3D
structure of realvorld treecrownsfrom aerial LIDAR data that is not ceptohibitive. To this

end, | developed a deep learning model that could match individual trees in aerial LIDAR to a
pre created library of 3D models of reabrld trees created using Structure from Motion from

field photographs.

There are many studies that have developed Ingafidiree 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 objectear 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 LiDddéta. 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 LiDARthis 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 indinadualel 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 +@afld tree crowns plays a critical role in
applications such as solar energy potential estimation, urban mmsdelimodeling, urban
landscape modeling and architecture, and agroforedt8y.[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 agery 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. LiD&R id

a point cloud with X, Y, and Z coordinates for each point. In addition, the points may include a



categorization label and/or return number that provides further information about the object to
which the point belongs. LIDAR data is typically colledtusing 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
collectionin 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 greatetioasol

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 [10,1tjeWith
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 qugtie tompared 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 ofée 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



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]. Tindiply 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 isate 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, thredimensional models of trees that correspond towerld trees are essential

to simulate realvorld ervironments. There are many studies that have studied reconstructing
trees from higkresolution LIiDAR data [6,7]. Howevdrigh-resolutiornLiDAR data is not widely
available. This limits the applicability of the 3D reconstruction approaches from high resolut
LiDAR data to only a few study areas rather than over larger administrative regions. ALS data,
on the other hand is more widely availabt®wever their resolution is not enough for
reconstructing trees from them. There are, however, cheaper wagate 8D models from

trees such as Structure from motion (SfM) that are limited to fewwedt trees. These cheaper
3D models could be used as representative 3D models for trees that olasehedheir shape
within ALS data. To our knowledge, thereeano studies that have explored ways to match trees

from ALS data to 3D models from SfM for modeling trees.



Numerous studies have explored delineating individual trees from LiDAR data [8,14]. Almost all
of these studies conducted their studies on fetHands. 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 withnmadebjects such as buildings, utility poles, and power
transmission liesneartrees. Due to theproximity to trees, many points within LIDAR point

cloud representing manmade objects often get misclassified as vegetationTgwnetore the

ITD algorithms may delineate parts of manmade objects as tree parts. Further, ITD algorithms
are often initialized wih 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
algorithmsThereforethere 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 mediunesolution aerial LIDAR data. Research objectives

include:

(i) To madel the seasonal transparency of trees from aerial LIDAR data to be applied in solar
energy potential estimation over urban areas.

(i) To design a process to model 3D equivalent tree crown shapes at an individual tree level
using a lowcost approach inveing aerial LiDAR data.

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

sites.



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

follows.

(1) Chapter 2 addresses research objectivel. 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 deeg readel 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 pedaimanc
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 parkindy@mving 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 tres 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 workfloanigruting 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 répele. 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 liutomobile 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 (SEV$]]. 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



sunight 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 be#édings 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 partar 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 tofit}i [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 nat[6h [9]. These studies have used either stabiased (field)
measurements or Glisased tools, such as the solar irradiation functionality in GRAS$6EIS
Studies using statiehased measures assume a flat terrain with no consideration for shadows
cast by the terrain or objects, such as buildings or trees. The studies that dses€iSools
consider only the shadows cast by the terraihlauildings and ignore features, such as
vegetation on the surface. Neither the fielsed measurements nor the Btsed tools are
designed to model trees (or their shadows) over a topography. Furthermore, previous studies
have not considered the seaalothanges 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 gegftegion, 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 vehglenformation 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 summerand another technique for winter. To demonstrate our proposed methodology, we
apply our analyses over a 9 karea 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. Se2timscribes the data and software
required for our approach. Secti8presents the proposed methodology in detail. In Sedtion
we apply this approach to downtown Raleigh data. Finally, Sebtthecusses 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 ablengo@t 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

0cl assificationd a ofobgeatptthat pding suchchevedetation; buildimgg t y p
water, and so forth. The o6return number 6 repr

reflections of a laser pulse from which the point was recorded. The resolution and format of
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LiDAR datavaries 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 anat@sest 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 fotriat 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, ortbrectified threeband 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 softwar@eeded 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
capalbe 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 balsec¢@nopy 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.1. Given a LiDAR point cloud, a model of the terrain surface can be

12



generated. Tdinitial 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 earthoés surfacteleightad r ast
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%oint/m
LiDAR data at a spatial resolution of 0.5 m. The DSM barcomputed 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 O6Grou
classification categories of the LIDARath. These elevation models can then be used as input to
r.sunto 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
of parking lots and roads in two phases: {eafseason and leafff seasonreferring to the

seasonal change that occurs in deciduous vegetation.

A. Leafon Season

The solar energy potential for a study area in the é@aseason 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 energynpakin metric units, wathour 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, diffse solar radiation, and ground reflected solar radiation falling over a
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invoke r.sun invoke r.sun invoke r.sun invoke r.sun Compute
on on on on penetration
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Vector map of daily average solar Vector map of daily average solar
energy potential over parking lots energy potential over parking lots
& road network for summer & road network for winter

Fig. 1.Workflow: The process requires the following data as input: LiDAR point cloud, build
footprints, vector files of parking lots and roads, high spatial resolution multispectral image
field photographs of deciduous trees (showwvals), and produces vector maps for the-teaf

and leafoff seasons as output (in the bold boxes).

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 soidiceaszd

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

this time of the year.
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To obtain the summexolstice solar energy potential over a study area, invoke r.sun with the
study area DSM and this date in 6dailyd mode.
irradiation on the ground. A limitation of the output from this module is that wherever dhe

trees, the module produces the irradiance values that the top of the trees would receive, instead of
the grounedlevel solar potential, which would be largely or entirely in the shade. To correct for
this, the pixels directly below the trees neetvéadentified and the value can be modified to

reflect daylong 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 bereath the crown.

To identify tree crowns, we assume that pixels that are above gleweldepresent either

vegetation or buildings, so that if we can rule out buildings, we are only left with differentiating
between small vegetation (shrubs) and lamegetation (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 mfrom 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 focusimpgudang 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 dta 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), thaes wady

tree-mesk = 1, if (DSM — (building DEM))=>2.5m

{ 0, otherwise

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 considerati@nfirst 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 foretbe 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 vill 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 withday shade

value. First, the value, v, of a pixel thatknown to be under shade throughout the day can be
manually identified from inspection of the higlhsolution imagery. Then, since treeask pixels

set to 1 correspond to pixels beneath the crown, the values of these pixels in the r.sun output can
be seto v. The resulting raster represents the modified estimate of the solar energy potential for
the leafton 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 watlie the output will be the

same.
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B. Leafoff 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 iroleaéason. To get an estimate
of the sola 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 difflerémtiate
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 leabff season and update our rasterta tleciduous tree locations.
To determine the locations of deciduous and evergreen trees, LIDAR data and high spatial
resolution threéband orthorectified aerial imagery captured in winter can be used. The winter
imagery has to be captured during the efrgeason 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 tfé2% The Channel% of the Green band within the
imagery is calculated as,

Channel%g= Green/(Bluet Green+ Red)
where Green, Blue, and Red are theéhcolor bands in the imagery. TGaannel%gvalues of
pixels that contains evergreen trees will have higtennel%gvalue than those that contain
deciduous trees. The threshold value, t, that separates them can be determined manually through
visual insgction. Next, using theree-maskraster, calculated in Section Il A, ti@hannel%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_DEMdevergreen_DEMthat represent the height of deciduoussrand evergreen

trees respectively within the DEM can be created in a process analognukliog DEM The
evergreen_DEMSs generated by locating the evergreen pixels in the DSM and inserting these
values in the evergreen positions in the DEM, so ¢hatgreen_DEMencodes the ground

surface, except for locations evergreens are detected. The same procedure applied to deciduous
pixels createsleciduous_ DEMTher.suntool can then be invoked separately on these to obtain

their individual shading.

1) Sola penetration through tree crown$he 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 addrEkH tfikis tool estimates

canopy cover of trees based on input photographs of tree canopies taken from the ground. An
example is shown ini§. 2.2. For best results, Winn et al. (2016) recommend capturing input
photography via a tripethounted 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
ovethead. 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 traesihy photographs of deciduous
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Fig. 2.2. A tree photograph loaded into the ForestCrowns interface showing the region (i

to be analyzed.
trees in the study area as inputs. The light penetration factor through the deciduous trees in the
study areaan 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 aidesittee for longer than others
and these areas should not be modified for
time under sunlight is proportional to the value of that pixel in the r.sun output. The difference

between an altlay sunlit pixé (maximum pixel value) and the pixel value at any location is a
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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
berecalculated. 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 decidu2iEls 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 * (imexrrent_value)

where max is the maximum pixel value of the r.sutput of deciduous_DEM.

2) Solar energy potential directly beneath treéghe r.sun outputs of evergreen_DEM and light
penetration adjusted deciduous_DEM are now available. Like the case-ohl&aks, the pixel
values directly beneath trees havééoadjusted. Unlike leadn season, here we have two types
of trees: the evergreen trees (which can be treated similar tolezdse) and deciduous trees. In
the case of evergreen trees, we first find the pixels that are beneath the evergreen tréles using
evergreen treenask 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 desitheemask 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 * (manin)
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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 treebds shade
of a deciduous tree may overlap with the shade of an evergreen tieesdncases, 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. Sodur 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 adeavitown Raleigh, NGsee

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 LiDARta, 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
Wa k e Co u n tata posta[1&]pBriitdingdfootprints vector file for the study area was
extracted from Microsoftds US building footopr
dimensional. In other words, no height values are available within this dataset. Fanzsgealy,

we used sixnch spatial resolution, orthorectified, thrband 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 ofdefifdeciduous 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 thedreakason, we ran

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

obtain the solar energy potential over the stadga (refefig. 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 pixebf 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 (refdfig. 2.3.b).

For the leafoff season, we first created thailding_ DEM using LIDAR data and the Microsoft
building footprints layef17]. Then we computed the solar irradiance, b, of this raster by running
r.sun with a miewinter date, January 1. The maximum and minimum pixel values of the r.sun
output were 3,108Vh/m2/day and 678 Wh/m2/day, respectively. We then computed the
Channel%g for the study area from the-gigh spatial resolution multiband imagery and found

the threshold for evergreen trees to be 0.375. We then ran r.sun with evergreen_DEM, and
deciduos_DEM as inputs. Following the same procedure as in theoleakason, the pixels

directly beneath the tre@s 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.suneditiubus DEM
doesndt account for | ight penetration through
field photographs as input in ForestCrowns software and calculated the transparency of the tree

crowns (as shown iRig. 2.2). The average crownansparency of the five deciduous trees was
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Fig. 2.3. Solar energy potential estimates for a Raleigh city block (r.sun calculated on the DSI
before removing trees, and (b) after trees substituted with a 1,2163¥hinpixelvalue, the

accumulated indirect irradiation of ddgng summer shade in the study area.

23



approximately 2/3 of the analyzed photograph regions, so a value of 0.67 was used for the light
penetration factoihis light penetration factor was applied to the r.sun output of deciduous_ DEM

as:

new_pixel_value = current_pixel_value + 0.67 * (3,10&urrent_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 * (3,10%78)

The resulting raster d was then merged with the other two outputs, the ralsédesl 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 fordhe leaf

seasn (June 21) and the other for the le#f season (January 1). Each pixel of these rasters
represents the total solar energy for a day in Watirs/m2/day. Since we are only interested in

the solar energy falling over parking lots and roads, the pikaltshelong 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 lotsnd road network in the study area. The output for parking lots is

shown inFig. 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 llean in t
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 inZE#R, you can see parking

lots that were in the lowest leah solar class (yellow) thateranked much higher (middle

class) in the leabff season, Fig2.4b. Note that, though the reduced leaf cover in the winter
allows more of the available light to pass through the trees, the values foffflsabson (Fig.

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

24a).

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 metleodifiks 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 treasleafoff 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 se(deg Appendix A, Fig.S2)nd 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-onisaison
than leafoff season. Thesabservations would not be as visible witih¢he 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
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Fig. 2.4. Solar energy potential of parking lots within the study area (a) fordeaeason and (b)

leaf-off season.
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used to complete the process are either free andspewte(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 usingtgetiles 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 infornSEV 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 determing#ues 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 aerialLiDAR point clouds using CNN for 3D

tree modeling

3.1 Abstract

Threedimensional models of trees that correspond to thewedd forms of the trees on the
ground are used in urban planning, solar power estimation, and other disciplines. Previous
studieshave focused on generating 3D tree models from-Hegisity 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 solutionsdelrtrees over large
spatial extents. The goal of this study is to use widely available discrete return Airborne Laser
Scanning (ALS) data along with fielchptured tree photographs and Google Street View (GSV)
images to develop 3D equivalents of treesrdagger 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 generatealith Structure from Motion (SfM) for the realistic modeling of deciduous
non-overlapping trees from discrete return ALS data. We classified and labelebtreshapes

of deciduous trees in a study area into four classes based on GSV images of tredmaédted

and segmented newverlapping 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 eachvatasigated a representative

3D tree model using fieldaptured 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 modebm this study can be used to classify rawerlapping
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deciduous trees from discrete return ALS data and subsequently visualizealéesic 3D tree

models of trees.

3.2 Introduction

Threedimensional models of trees are usedvisualizing 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 mcro-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 accuedayive to the reaorld

trees on the ground in the study area [7]. In solar energy potential estimation, the shadowing
effects of leafon trees can be modeled easily by using solid blocks to represent their outer
boundary structure, as this provides adj@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., leabff 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 rddased techniques suchlasystems [8]. However, these
techniques are not designed to build models that are reconstructions of speciionddlees

on the ground. In contrast, remote sensing and image processing techniques aim for
reconstructing realvorld objects using thegint 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 Earthoés surf a

generates 3D point cloudsathcan be used for modeling trees.

Many studies have focused on recreating 3D models of trees from LIiDAR point cloud datasets
[10i 12]. A high-quality tree model, including its branch structure, can be created from a dense

3D point cloud. Terrestrial Las&canning (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 foy meions, 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 istad 3D models directly. The aertabsed LiDAR

pulses rarely pass through the dense canopy of leafy trees, resulting in a poor representation of
the threedimensional structure of their branches. However, LIDAR pulses penetrate much more
ofaleaflessee6s canopy, allowing for an i mproved 3
enough for highguality modeling, but can provide adequate information about the tree branch

structure to infer therownshape.

Another technique that can be used to genergtedensity 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 ttie 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 regraath

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.

Thoughboth 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 procamsbine the
strengths of ALS and SfM to obtain the neaalistic 3D models of neoverlapping 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 imagt choose 3D tree models for inclusionin
3D scenes, such that the models closely resemble the correspondingneaiees. We
segmented deciduous norerlapping tree point clouds from ALS data and labeled Google
Street View (GSV) images of the tsebased on the shape of theiown We then trained a
Convolutional Neural Network (CNN) model using the-822D transformed images of

individual tree point clouds and corresponding labels from labeled GSV images of the trees to
assign arownshape claslabel to each tree point cloud. We evaluated the classification
accuracy of the CNN model using ddd crossvalidation. Additionally, we calculated and

compared the accuracies of the CNN model with the various combinationswafshape
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classes. Toigualize 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, usingthe CNN

assigned labels to select the 3D tree models.

3.3. Related work

Various metlads have been used to model the attributes ofwedd trees. Some focus on

defining thecrown extent of individual trees for various applications. Others have explored ways
to use Convolutional Neural Networks to estimate forest attributes. Still dtheesfocused 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 segnentation

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 poudt [d7,18]. 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 performanceagboint cloudbased 3D delineation method against different
point cloud densities by thinning higlesolution aerial LIDAR point clouds. They concluded

that the accuracy of individual treeowndelineation 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, pointbdsad
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technigues 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 cloudbased studies, CHMased methods rely on a Canopy Height Model derived
from LiDAR point cloud rather than working on the point datself. A CHM can be created

from a point cloud irrespective of its density. Koch et al., (2006) delineated individual trees using
CHM derived from smatfootprint LIDAR data with treetops detected by a local maximum

filter. Aubry-Kientz et al. (2019) awducted 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 delinete overlapping trees with 100% accuracy. Since the outeronosh points of

trees define their shape, and our study employs a CNN model whose training and testing
involves classifying trees based on thmiownshape, therowndelineations need to be as
accurate as possible. Therefore, in this study, we focus coventapping trees and we adopted
the 2D convex hull approach based on a CHM, as used in the itcSegment algorithm [21] to

delineate noroverlapping trees.

3.3.2 Use of CNN models in trebasedstudies

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; 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 LIiDAR point clouds for the
estimation of forest attributes such as biomass, ¢oeint, and the percent of needleleaf trees.
The LIiDAR 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 werglightly 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 capturduhesfea

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-tdgwn view as well sausing a vertical plane slicing

the trunk of each tree. Since we are interested inci@enshapes, 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 2DNN model asvell as a 3SBCNN model over highresolution Aerial

LiDAR data belonging to two commercial pine plantations having a resolution of Z0D

points per m2. While the 2NN, more specifically an #&NN object detector, was used to

detect bounding boxes afees in a 2D raster image, the-8DIN 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 repesentation mapped the vertical density of points to a color ramp and the second
representation used a threleannel image mapping vertical density, maximum height, and
average returns to the RGB values. The authors obtained slightly better results Wit the
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, aeyl blhich 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,CNN models may not function well on

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

treecrown

3.3.3 Approaches for Generating 3D models of trees

The approaches to generate 3D models of trees faltwi broad categories: computer graphics
approaches and dathiven reconstruction approaches (e.g., photographs or scanned points) [28].
Table 1 summarizes the strengths and weaknesses of these approaches for modeling trees.
Computer graphics approachgpically use either rukdased procedural modeling or interactive
modeling techniques. While rulgased procedural modeling, such asyistems [29] can
approximate a tree structure, they are not designed to reconstruct models of speeifarical
treeson the ground. Interactive modeling techniques need user input to identify the crown and
branching structures [30]. Datiriven approaches are the contemporary techniques in which 3D
point clouds of trees are used to reconstruct 3D models of trees [ElfhiEe prominent data
driven approaches for obtaining a 3D point cloud of-meailld objects such as trees are manual
electromagnetic digitizing, laser scanning techniques, and photogrammetric method [10]. Manual
electromagnetic digitizing uses an eleatiagnetic 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 IDAR data, have been extensively used in 3D reconstruction of tree3432
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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 algoritinmesy na

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 frdmgh-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 a{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 metrecand reconstruct the 3D models of deciduous trees. The authors described
the SfM technique to be simple to implement and more maneuverable thanrtrquoded

scanners. Though SfM produces somewhat less accurate results than the costlier TLS approach,
theresults are sufficiently accurate. Due to these practical considerations and 4tpialdi

output, we have adopted the SfM technique for tree model creation.
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Table 3.1: Strengths and weaknesses of computer graphics andide¢a approaches for

modeling trees.

Modeling technology

Strength

Weakness

Computer graphics approaches

Rule-based algorithms

(i) Fast and algorithmic
modeling of trees.

(ii) Interior branches are
modeled with the same quali
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 usel
inputs or interactions.

(ii) More realistic 3D models
than rulebased algorithms.

(i) User inputs are not
scalable across large spatid
extents with a large numbel
of trees.

Datadriven reconstruction approaches

Manual Electromagneti
Digitizing

(i) High accuracy tree data
points.

(i) Laborious data collection
(i) Scalability is limited
(infeasible for large trees).

Terrestrial Laser
ScanningTLS)

(i) Generates higllensity
point cloud.

(i) Good penetration of lasej
into interior branches.

(i) Limited spatial extent.
(if) Expensive equipment.
(iii) Data collection is time
consuming and requires
equipment expertise.

Aerial LIDAR
Scanning (ALS)

Laser Scanning

(i) Available over large spatie
extents.

(i) Widely publicly available
at no cost.

(i) Medium or low point
density.

(i) Limited laser penetratiol
for interior branches.

Photogrammetric
method- Structure from
Motion (SfM)

(i) Generates higllensity
point clouds.

(i) Cost limited to software
license and camera or cell
phone (and optionally a
UAV).

(i) Limited spatial extent.
(if) Sparse points for interio
and upper branches due to
occlusion and distance fron
the camera (respgeely).
(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 realorld conditions. Our pproach involves using a CNN model to label

2D transformed images that correspond to the ALS pdouds of trees. The labels represent

tree types based on therownshape. The labels are used to assign 3D tree models to the
corresponding tree positiomhe 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.

3.4.1Preparing CNN Input Data

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

individual point clouds of the neaverlapping 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 FR&j1). The GSV images are visually inspected to assign a class label

to trees based on the shape of theewn These c¢cl ass | abels -form th
| abel 6 pairs that ar e u-sicedondverlappimgareesarcomore CNN m
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 selectedd®@0t2 (~6.1 km2) urban area

in Charlotte(See Appendix B, Fig. S3nd obtained 2018017 leafoff season discrete return

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

data was collected with an airplanewunted Geigetrmode sensor with a resolution of around 8
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pulses/m2.This dataset differs from lineapde ALS data in the sense that there is no flight line

associated with it

LiDAR data 4,393 GSV images

3.4.1.1 Crown delineation of non-overlapping Compute a buffer of20m .radlus around
t GSV image locations
rees
| Compute polygon centroids 4,393 buffer polygons
41,755 crown poundary polygons v
3,108 GSV image locations Select GSV images whose buffer contains at least
one polygon centroid

3.4.1.3 Select crown boundary polygons near
GSV image locations

3,108 GSV jmages
2,916 crown boundary polygons

v

3.4.1.4 Remove non-tree and multi-tree Visual inspection . R
. . . Remove GSV images not containing individual non-
polygons by visually inspecting nearby GSV : :
images overlapping deciduous trees

455 crown| boundary polygons

|| 3.4.1.5 Segment individual trees in aerial LIDAR || 455 GSV fmages
455 painicloud files
3.4.1.7 Label images based on tree crown shape as
|| 3.4.1.6 Reduce 3D point cloud to 2D images || ‘Fan/Round’, ‘Tall Oval’, ‘Irregular’, or ‘Other’
455 2D|images 455 IabeledFSV images

3.4.1.8 Pair each 2D image with a label from
corresponding GSV image label

455 labeled|2D images

A

| Select a uniform sample of each tree category |

181 image-label pairs

Fig. 3.1 The process for creating the training and testing dataset for thex@sl. 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 LiDARderived polygons are used to filter the\Gighages and vice versa. The data
Is processed with the ultimate goal (blue oval) of labeling LiBddRived 2D images with tree
crownshape names for use in the CNN model.
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because it was acquired using muatigle illumination [40]. The LIDAR pointloud was
classified by the datdistributing 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 needdatnelgaairs as training

and testing dat a. -abetpaiésiarm2Dgreaged of individuat ttees i ma g e
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 treedb@D-to-2D transformation, these 2D images,

produced from relatively lowesolution LIDAR data that largely does not penetrate tree canopy,

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

accurately depicttherownd s s hape. Il nst ead, wwrdplotograph sual |y
(e.g., GSV image) of a tree to assign a label to th¢d3ED transformed image. Described

below are our methods for delineating the tte@vnboundaries, collecting GSV images,

removing unwanted delineatedownb oundari es and GSV i mages depe

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

3.4.1.1 Gowndelineation of noroverlapping trees

To segment the LiDAR point cloud data into peahbuds repres#ing individual trees, we need

to determine therownboundaries of individual trees from a tdpwn view. In other words, we
need to automate the process of looking at an aerial view map and drawing a boundary around
each treerown We tested both Invee 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

43



watershed algorithm dieeates 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 toceewnboundaries where the depressions regmetree
crowns Manual inspection of the results indicated that menayvn polygons delineated with the
approach either produced multiple polygons over onedr@&nor created polygons that
encompassed tlerownof other trees or parts of other tre@wns The 2D convex hull

approach as presented in the itcSegment algorithm creates a polygon with the shortest perimeter
along the outer vertices of the tre@wn[21]. In our case, the results were unsatisfactory for
trees that overlapped. However, th@agach 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 irctbendelineation process are

described below.

Creating a Canopy Height ModeA 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 ritata ft2

pixels, we created a DEM with a resolution of 1([@2e Fig. S4, Appendix BWe 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 adjacexelp. Similarly, we created a 1 ft2
resolution DSM of the study area by binning points classified as "low vegetation,” "medium
vegetation,” and "high vegetatiofsee Fig. S5, Appendix B)We chose the pixel values of the
DSM to be the maximum height angthe 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 treowns 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\fe 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
approximatedhe outline of the toglown viewcrownboundaries for nowverlapping trees.
However, interior gaps, like those shown in B@(b), sometimes appeared due to gaps in the
crownor absence of LiDAR points. To address this issue, we constructed converfhihié

existing polygons. This process generated 41,755 poly@eesFig. S7, Appendix BYhe
crownpolygon of a single tree after the convex hull process is illustrated i3 B{g). The

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

overlapping trees. We removed them using the techniques described in surb3€cy.

3.4.1.2. Collecting GSV images

Training and testing ocluab&INN maides a®quiaesi D
Whilethe3Dto-2 D transformed i mages of individual tr
training and testing datase realworld images of trees are necessary to identify their
corresponding 61l abel sswnbDastetde extensive toeeragelofaGse¢ o f
images and their free availability with APl access, they are a good source ofsiieetee

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

object. For example&otowska et al. (2021) [42] used GSV images to track invasive alien
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Fig. 3.2. lllustrating the process of creating a polygon representingezitosavnt (a) A basemap
showing a deciduous navverlapping 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, 201

plant speciealong 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 thirdparty tool [45] to obtain the 360egree equirectangulpanorama GSV images from

the study area. Due to the limited number of letifseason 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 imagektheir locations from the study area

belonging to the leabff seasons from 2016 to 202€ee Fig. S9, Appendix Blach of these

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

The image acquisition locations of many GSV images that wekdaded 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 €TBSV 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, Appeiix B).

3.4.1.3 Selectingrownboundary polygons near GSV image locations

Thecrowndelineation 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 followinglprede 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 udlyaa 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 onlydtmsepolygons

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 notree and multitree polygons

In the remaining 2,916 polygons, we -tebserved
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pol ygons o6t maed P olutrgeipalygdns weld areated because ALS points
returned by manmade objestgch as electricity poles and light poles were misclassified as
vegetation in the ALS data. Multree polygons represented multiple trees enclosed in single
polygons due to their interleaving branches causing the CHM raster algorithm to group these
togetler. Both types of problematic polygons had to be removed.

To remove the nottree polygons, we used a NDVI raster of the study area from -@iheaf

season. First, we created the NDVI raster of the study area having a resolutionof 1 m x 1 m from
the NAIP imaery 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 ofeds&anping 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 polygonmgaignificant vegetation would be

removed.

We removed the muHiree polygons with a foustep process. First, we excluded those polygons
having an unrealistically large area to be considered as a-4reglerown, by removing

polygons larger than 1000 ft2. Next, we computed the minimum bounding rectangle of the
polygons and removed those polygons with a lengthreadth ratio greater than two. This is

based on the observation that a polygon spanning two neighboring overlapping trees is typically
elongated. Fig3.3 shows a multiree example in red. We chose a conservative threshold of two
for the lengthto-breadth ratio to avoid eliminating any rorerlapping individual tree. Further,

we removed any polygons that had unrealistically large lengtheeadths (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 renesemsof
individual nonoverlapping trees, while the rest were removed from &urémalysigsee 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.Treecrownboundary polygons (yellow and red) generated by the convex hull
operation. In some cases, aygn grouped multiple trees with overlappicrgwns as shown

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

3.4.1.5 Segmenting individual trees in aerial LIDAR
We used the 458rownboundaries of noioverlapping trees, to extract the point cloudadat
representing 455 neoverlapping deciduous trees in the study area from the ALS data into

distinct files, one for each tree, as illustrated in Bid. We segmented the point cloud data
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using the lasclip tool from LASTools software toolset [47]. Thellpgool segmented the point
cloud by extruding the 2D polygons vertica{see Fig. S13, Appendix ByVe extracted 455

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

4 A: i

Fig. 3.4.Segmenting trees from Airborne Lastranning (ALS) data usimyownboundary
polygons. The image on the left shows tceawn 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 2Bges, we voxelized the point clouds in
threedimensional 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 «igian a vertical

plane, as shown ini¢r. 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 sieegor d
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 ScanniyS) 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

The3Dto-2 D transformed i mages f-labelpati hes 66iumaegled ®ri
and testing the CNN. The labels corresponding to these images are dependent on the shape of the
treecrownas observed in a GSV image. A study of the visual quality ofdedfees in three

cities in Turkey derived nine tree foenbased on treerownoutline shapes [48]. However, not

all of these tree forms can be extended to-t#afree forms as the patterns of growth of

branches make the shapes of the trees more irregular thaonléafe forms. We observed that
thetreesin he study area predominantly belonged to
Oval 6, and 6136rnneg Al arh®d u(gshed 4RBi]J]g. i denti fy O6Fan
classes, we found that there were only subtle differences wwvaedd examples of these classes,

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

i nto one class named AFan/ Roundo. Il n ttoi s stu

width ratio greater than or equaltowo . Whi | e [ 48] had a cl ass nan
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Oval 6, it did not have a mat hemati cal definit
di stinguish "Oval' from 'Fan/ Round.' We | abel

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

Google Street View

/ images of leafless trees \
/ \

|mE. il

Fan/Round Tall Oval Irregular

Fig. 3.6.0rganizing trees in Google Street View images into four classes.

There are usually multiple GSV images near a tree location (se8.FigNot all of them might

have an unobstructed, distortitree, and background noifeee clear view of the tree of

interest. For the 455 delineated individual rowerlapping tree pghons (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 thethreewdlle f i ned cl asses or the 00t her (
other treecrownshapes (seeid: 3.6). The remaining GSV images were removed from further

analysis. We classified a total of 455 GSV images corresponding to the 455anagpolygons.
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We | abeled the GSV i mages corresponding to th

0Taval ® trees, 31 61 rr ésgedig.&5L40AppendxB)s, and 112

Fig. 3.7.A treecrownboundary (yellow) and its centroid (red x), denoting an approximate tree
location, and locations of Google Street View images captured near the tre¢irAaga

source: NC OneMap, 20109.

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 @sting input of our CNN consists of

Ol mhgdel 6 pairs where the | magete-2Ddransformenlt GSV
images representing individual trees. As there were 45863D transformed tree images, and

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

the corresponding3iio-2 D transf or med tr ee ilnmeabgeel & epnaeirrast ifn
training and testing our CNN.

Within the 455 imagédabel pairs, the availability ofimagabel pairsrepresnt i ng t he o1 rr

class was low (only 31 trees). Therefore, to ensure a homogenous training dataset for our CNN
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model, from the 455 imagiabel pairs, we randomly selected a subset of 181 irfetypd pairs
consisting of 50 'Gwal Rtorumad, t3 ke e'sl, r 5@l ITar 8

Fig. S15, Appendix B)

3.4.2 Developing a CNN model

To predict the class of nesverlapping individual trees in ALS data, we designed, trained, and
tested a CNN model that takes an individual treenpstiin the form of a 3Bo0-2D transformed
image and outputs a class name corresponding toramershape of the input tree image. We
explored four combinations of CNN models and input datasets before finalizing the CNN
architecture and the type of inpdéitaset 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 ofdoywn view or side view of individual
trees, but our rests 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 tadbaittgrinput

for our CNN model than tedown 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 tesifrige model are described in detail
below.

3.4.2.1 CNN Model architecture

The CNN model to classify the 2D images representing individualowenlapping deciduous
trees into multiple distinct classes is composed of seven layers that are stacked dggaentia

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

. . I .
_., —
3X1
168X 168X 16 8X 1

or
336 X 336X 32 336X 336)( 16 Denselayer , 4

Softmax layer/

Max Pooling Outputlayer

872X 672X 32 Convolutlon

. . \—V—/ Number of Filters = 16 Kemglr?ézee 22 X2
Convolution Max F_’oo_llng Kernel §|ze 3X3
) Kernel size=2 X2 Stride =1
Number of Filters = 32 Stride = 2 Padding = 451584X1
Kernelsize=3 X3 adding = same Flatten layer/
Stride =1 Fully connected
Padding = same layer

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 ti@NN architecture with four output classes (see Big). For this,
our original training and testing dataset con

trees, 50 " Tal/l Oval 6 trees, 31 '"IlrrRrkegul ar o6 t
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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 treeeatedtwo 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 testiagaslet 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, 209). 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 exampl2® %oars pi8Q@%of 50 O6Fan/ Ot her d gtrees

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

a

classes atatime. Ther i pl et combi nat-TalbOvall weegulo&ad/ Robad

TallOvatOt her 6, driequladfORM @em @& , a Arcegul@dFO4d lhle r OWa |
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CNN model

Fan/Round Tall Oval Irregular Other

Fig. 3.9.The four classes of treawownshape used for training and testing the CNN model.

<_ ___________
<_ ___________
A TE
P <_ ___________
// B —
&y <. ___________

Fig. 3.1Q 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 accuratyh® CNN model for these class combinations through

k-fold crossvalidation. 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 16fold crossvalidation, the dataset is split 96950% for training and testing, in 5

fold crossvalidation, the dataset is split 88980%, respectively. Since we have a small number

of trees in each class (wiegh|l ahé <smhalslsést haou
sample for testing (0.2*31 = 6 versus 0.1*31

reliability of the testing method.

3.4.3 Tree Visualization using CNN Output

The CNN model that we developed could be used toi€yassn-overlapping deciduous trees
present in the ALS data of an area based on thewnshape. 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 modelstoées corresponding to tlkeownshapes 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 phgtaphs

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 repnéstve 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 inves two stages: obtaining circumnavigational photographs of

trees and creating 3D models.

Obtaining circumnavigational photographs of tre®ge collected circumnavigational

photographs of six individual trees, two trees belonging to each of the thsseglduring 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 ofttees 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 framéseeFig. 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 includedésutiant

point cloud data, we captured circumnavigational photographs of each tree with subsequent shots
approximately two feet apart (see F8jlL1). Taller trees had more photographs compared to

shorter trees because taller trees had to be photogr&pned larger distance compared to
shorter trees. For example, we photographed t
Oval 6, and "lrregul ar' classes 200 times, 54
smartphone camera (Google Pixa) 3vith 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, suiace reflectivity, and the movement of scanned objects [52]. Insufficient

illumination, highlyreflecting 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 endeavdede tour

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 Metashagerofessional, a commercial software package [38]. This software
package generates 3D point clouds before building 3D models using its native surface
reconstruction algorithnisee Fig. S17, Appendix BWithin 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 phdtsgkp 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 eg&ahly 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 theod® 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 threealcll aBvselsd 6 Famd Roolurnrdedg u loalr 6 .

3.4.3.2. Visualizing reaorld trees in 3D

The output of our trained CNN mochenishaper e cl| ass
corresponding to the input 3f@-2D transformed image representing a tree. The model is

capale 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 foatpube CNN, along

with the representative 3D tree models we had created, could be used to createalistiar

3D visualization of trees present in any ALS data.

To demonstrate this, we used our process to assaym 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 wenet included in the CNN model's input training or testing dataset. Using
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the process we have developed, we foundtbenboundary of the 13 trees, created 2D images

of the trees through voxelization. Since we had developed 3D tree models to repredesethe

cromns hapes, OFan/roundd6, o6Tal | -tr@nedCNOl modalmith 61 r r ¢
output categories for these three classes. Assuming the centroid of tbetweas the tree

location, we rendered a 3D scene of the parking lot witim®dels 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 theféld crossvalidation accuracy of the CNN model with four output

classes including 6Fan/ Roundbé, oTall Oval 6, 6

The results for the same CNN architecture tra
Tall Ovaklrregd ar 6, O-Fadl OvalOa lhred 6, drieguladORMemd , -6 Tal | O
IrregularOther) are showninFigl 2. The model with output <cl as
TallOvakl r r egul ar 6 had the highest accuracy of 83
0 F KouhdlrregularOt her 6 had the | owest accuracy of 57
best model among thefblds for all output category combinations are shown in Bits3.

Overall, the O6Fan/ Roundd and 0 herprécisiahnhan 6 c a't

the O6lrregulard and 60Otherd categories.
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Fan/Round,
Tall Oval,
Irregular,
Other

Fan/Round,
Tall Oval, 83.46%
Irregular

63.05 %

Fan/Round, .
Tall Oval, 77.00 %
Other

Fan/Round,
Irregular, 57.69%
Other

Tall Oval,
Irregular, 71.91%
Other

Accuracy (%)

Fig. 3.12.Accuracies of the CNN model by treeownshape class combinations.
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Fig. 3.13.Confusion matrices of the best models among thadcross 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

photograph&ar € shown in Fig. 3.14. These model s rep

oTal | Oval 6, and O6lrregul ar 6.
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Fan/Round Tall Oval Irregular

Fig. 3.14.3D models of trees reconstructed from circumnavigational photographs captured with

a cell phone using the Agisoft implementatmfrStructure from Motion.

3.5.3 3D Visualization

The 3D visualization of trees in a Charlotte parking lot is shown inF1§. We identified the

class of the trees in the parking lot using the CNN model with the output class combination
60Fan/-RalOwald r r egul ar 6. There were a total of 13
5 6Fan/ Round6 trees and 8 oO0Tall Ovald trees.
predict 12 of them correctly, producing a 92.31% prediction accuracy. Exceptdo

6Fan/ Roundé tree, which was incorrectly predi

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 dragewith 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

I ndi vi dual tree point c¢clouds into four <cl asse
60t her 6, using Google Street Vperomnedb&HV) | mage
(83.46% mean accuracy) on théddd crossvalidation test with three output classes that
included 6Fan/round6, 6Tall Ovalé, and 6lrreg
architectureds out put worsemwedifhmed valld the ®&IO
i n the classification. This might be because
uniformity within the class as it includes trees having varmoesvnshapes 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 classe®whshapes may be

observed in our study area, the vast majority of stsakd trees in GSV¥mages were restricted to
'Fan/Round' or 'Tall Oval' shapes. In other words, the numb=owin 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 numditraining 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 incredmedistinction 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 aqutable 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 sensorichitollects the data in a circular fashion rather than a

|l i near fashion. When the data is collected in
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 intuiiivihink 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 mattar 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-bHanee RGB image.

Such compositemages with noraligned 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 fom 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 Iswttteugh 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 highetesolution camera (Masucker 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 lowost approach, the process we presented could use any other
realistic models obtaingtirough more expensive means, such as 3D models obtained from TLS
data. While the methodologies and techniques for reconstructing trees from vergs$ogition

data, such as TLS data produce good results [55], the data collection is laborious anidexpens

This study only targeted nesverlapping trees. Though there is currently no technique to
delineatecrownboundaries of overlapping trees from ALS data with great precision,
improvements in this process would help to generate larger training datasefpport

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 ¢xt@smwell. 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 classied trees according to the shape of tleeawns 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 classrairingtdata, 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, olucee, 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 foseslagcluded 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. Sianly, our CNN architecture can be applied over any study area
by retraining the architecture with the study aspacific trees. This study focused on the

realistic modeling of trees for applications in research areas that would neeealéstic 3D

mockls of trees, such as shadow analysis in solar energy potential applications. However, our
tree shape classification could also be used for applications where onlyesdisiiic models are
needed by using tree models developed with computer graphicsqieetimather than SfM

models, to produce semealistic 3D visualizations with trees.

3.7 Conclusion

In this study, we designed a process for selecting 3D tree models corresponding to individual
nonoverlapping trees in Airborne Laser Scanning (ALS) dalhas 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 tramlels, 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 he study areapecific trees. This study demonstrated a-tmst process for

creating and selecting tree models to appear within 3D visualizations efodal sites using

deep learning, ALS data, and Google Street View images. This 3D tree model sgbectiess

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 leafoff 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 Indigldiree 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. Urbanstted¢tees are often located near
buildings and other manmadébjects (e.g., utility poles or power lines) that ITD algorithms may
delineate as tree parts. In this study, | compare the performance of three widely cited and
publicly available I TD algorithms i mpl emented
with leafless streeside trees near manmade objects. | 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 peeter combinations. Using GIS

tools, I implemented four evaluation metrics: Median Jaccard Index, Median Dice coefficient,
Oversegmentation factor, and Delineation factor. | computed each of these metrics for each
iteration of each algorithm for classifiethd 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 estim@atiarban microclimate modeling, forestry,

and agroforestry rely on delineating individual trees within-veailld study areafl - 5].
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Remotely sensed datasets, such as aerial imagery and LiDAR datasets, can act as data sources for
quantifying the tree atibutes by delineating the individual trej€d. Many studies have

developed algorithms for delineating individual trees from LiDAR point clouds for clouds with

point density ranging from low to very high {B]. 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 algorithmgypically create tree top points as an initial step towards the delineation
processkFor example, Koch et al, (2006) [9] created ttep points using a local maximum filter

to delineate individual tree crowns from smedbtprint LIDAR data. Trees are tigally

delineated from the trep points using regiegrowing methods [16 11]. Point clougbased
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 [TBg accuracy of point cloud

approaches relies heavily on the point cloud density.

CHM- and point clouebased algorithms are generally designed to delineate individual trees in
forest settings and testing has largely been performed in these contexib]12ess is known
about how these algorithms fare in urban settings for delineating-stdeetrees. Though the
lower density of canopies in urban settings may help with delineating trees, there are many
factors that could affect the accuracy of indival tree delineations in urban settings, where trees
are often in close proximity to mamade 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 object 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 thetiAp& 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 manmade objects or a past manmade 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 gint 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 misclassifibdilding 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 overhangi
approaches to remove building cloud points is to use buildirtgfiod datasetglL6]. 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 th@xesponding 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 delipation process.

The presence of buildings or other manmade objects in close proximity to trees also presents
challenges to the algorithms. For example, some regiowing algorithms create an initial seed

point around a predetermined circular radil3]. 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 additatdtionary 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 udin settings.

In this study, | examine the performance of three Individual tree delineation algorithms for
delineating leafless strestde trees over two small urban study sites. The algorithms are publicly
available from the software package libranRid 7]. | 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 stresitle 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 theseodde publicly available
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online for reproducibility. The objectives of this study are (1) to examine the performances of
three | TD algorithms from package Ol i dR&d when
different compositions of trees and rarade bjects, (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 domairior reproducibility and use in other applicatidas].

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
Silva2016fran t he R | i brary package 61l i dR6. I appl i e
and unclassified ALS point cloud data or the CHM derived from them of two urban study sites
(see Fig4.1). Each of the three algorithms has a few parameters that copdattitine accuracy
of the delineations. | 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 béttwo study sites. For each algorithm, | used
10 different values for each of the three parameters, resulting in 1,000 parameter value
combinations per algorithm. | examined the performance of these iterations using four evaluation
metrics. The evaluatiometrics included Intersection over Union (loU) 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 dvedigscri

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 ALSdata

The two urban sites for this study are located in Charlotte, North Carolina, a southeastern US
city. | collected the leabff season discrete return ALS data of the sites for 2 from a
publicly accessible online repository [19he ALS data othese sites were collected with an
airplanemounted Geigemode sensor with a resolution of around 8 pulsésTire LiDAR point
cloud was classified by the datlstributing agency beforehand such that each point in the point

cloud has a corresponding stadesignation, 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, | used higlsolution aerial imagery from the 20Eaf-off season having a

resolution of 6 inches as supplementary data for the manual delineation of tree crowns.

4.3.13 Google Street View images

In this study, | use Google Street View (GSV) images as an auxiliary reference data for manual
delineation 6the crown boundary of trees. | collected the GSV images present in the study sites
for the 20162017 leafoff season using Google Street View API [20] and a tpiady tool [21].

The collected images were equirectangular panorama GSV images thaelkatution of

16,384 x 8,192 pixels.

4.3.2 Sites

In this study | 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 closeproximity 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, | chose two study sites, one with treessi @toximity 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 exanine the performance of the ITD algorithms over trees in close proximity to buildings, |
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chose a small study area consisting of 12 street side trees with varying heights in close proximity

to buildings (see Figt.2). There were no overlapping between &ang trees. The height of the

M L [ N ol el o |l s N e

: |
- =R A A B .
s i = =Y

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 vegetationin 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 33 ft.
From Fig.4.2 (b),one can observe that the edge points of buildings are mostly classified as
vegetaion. It should be noted that the misclassified points are not limited to the rooftop edge, but

they extend downward along the building facades as(aed Fig S18, Appendix C)
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4.3.2.2 Site 2: Manmade objects near trees

In urbanareas, there are numerous rmade structures and artifacts, and trees may be planted
relatively close to them. | chose a small area consisting of 14 trees with a few trees near power
transmission lines and utility polésee Fig. S19, Appendix Cyhe sie 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 transmissitine points have been classified as vegetation p¢ges Fig.

4.3). The site also consists of three trees dhatin 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 markimth 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.
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from 14 ft to 52.5 ft. The power transmission lines were approxim&gfy 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 thigudy, | used three algorithms that are publicly available in the R

| i brary package Ol i dRO& . -clohdbasadalgaithm, ti2z0th?sand ncl| ud
twoCHM-based al gorithms, Dal pont e2016 and- Sil va?Z
cloud oriented package, the outputs of the algorithms are the input point cloud data with an
additional classification | abel 0treel D6 appe
i ndi vidual files using the dputragvectobfitesforabel . Th
evaluation metric generation, | 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 algrithm is a tree delineation algorithm based on Li et. al., (2012) implemented in
the lidR package [12]This pointcloud-based algorithm can be run with ALS data as input. The
algorithm segments trees sequentially from tallest to the shortest baseegioregrowing

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 ohdigdt 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 andhe 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 &HM-based tree segmentation algorithm based on Dalponte et.al., (2016)
implemented in the LidR package [1Qnlike Li2012, the inputs to this algorithm consist of a

CHM and treetop points. This is also a regigrowing 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 segdgadded 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 | i dR package uses the
Similarly, a pixel near a seed point als® ha 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 | i dR package wuse
threshdds have a value between 0 and 1. Another implementation of this algorithm is available

in the package itcSegmej22].

4.3.3.3 Algorithm 3: Silva2016

Similar to Dalponte2016, Silva2016 is also a CHislsed delineation algorithm implemented in

the lidR p&kage [11].This is an algorithm based on seed points and Voronoi tessellation. The

92



seed points are calculated using a local maximum filter with a predefined threshold. The

algorithm has two threshold parameters, one representing the maximum crown denmater

the seed point given as a fraction of the see
for excluding points that fall below the threshold. The elevation threshold is multiplied with the

seed point height to obtain a value to excludetsobelow that value. The lidR package uses
O6max_cr _factoré and O6exclusiond as the par ame
I mpl ement ation of this algorithm with [28he sam
However, the executionspte of t he al gori thm i s higher in t

6rLi DARG[ 11] .

4.34 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 areM&dTo 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 parameteds the algorithms to delineate individual trees in the study sites.

4.34.1 Creating Canopy Height Models

The algorithms Dalponte2016 and Silva 2016 are G#ided algorithms that require a
CHM raster as their input data. | 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 CHMerasvere 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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t he DEM, Il binned trhhasndi mtnd dilRosadisfoi e v adur i G
ft x 1 ft to create the two DEM rasters of the two sites. | 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 | created only two DEMSs, | 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 DEMréated 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 thewo DSMs that used classified data, the pixels were assigned the maximum
value of only those points that bel onged to t
and O6high vegetationo. | created t IDEMgdixelur CHM

values from the DSMSs.

4.34.2 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 parametersHor ea
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 individua¢trby modifying the values of the three
selected parameters for each algoritts®e Table 1).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) 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, | expanded the ramgesof va
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 iner¢mnsed 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. |
measured the Median IoU, Median Dice coefficjgdwversegmentation 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 differeparameter values across Site 1 and Site 2, | used two
well-known metrics, Intersection over Union (loU) or Jaccard Index and Dice coefficieit [3].
addition, | calculated two additional metrics, namely Oversegmentation factor and Delineation

factor to Bke into account the ovsegmentation and creation of undesired polygons.

4.35.1 loU Metric or Jaccard Index:

The Intersection over Union (loU) metric is used to evaluate the accuracy of the delineated
polygong3]. It is defined as the ratio of the arsection between the delineated polygon and the
ground truth polygon divided by the combined area of both polygons.

loU metric "B (A 2z B) [ (A
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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 ism@malgorithmically delineated polygoithe loU metric ranges from O

(no overlap) to 1 (perfect overlap).

Table 4.1 The parameters used in the iterative process to delineditédual trees applying the

three algorithms Li2012, Dalponte2016, and Silva2016.

Li2012
dtl: Threshold numberd default value. (parameterl)
dt2: Threshold number@ default value.

Zu: Height threshold determining whether threshold 1 or 2 is used.

Dalponte2016
r_Imf: Radius of local maximum filter
th_seed:Growing threshold & default value.

th_cr: Growing threshold @ default value.

Silva2016
r_Imf: 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
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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.

Parametr 1 Parameter 2 Parameter 3

mi | max | step min | max | step min | max | step

n
Li dtl1 |3 |21 |2 dt2 8 26 |2 Zu 10 |55 |5
2012
Dalponte|r Im |5 |32 |3 th_cr | 0.05]/0.50 | 0.05| th_ 0.05]0.50 | 0.05
2016 f seed
Silva rim(5 (32 |3 max_ | 0.2 |0.98 | 0.08| exclusi| 0.1 |0.55|0.05
2016 f cr_ on

factor

4.35.2 Dice coefficient:
The Dice similarity coefficient or Dice coefficientis 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 O indicates
no spatial overlap, while a value of 1 indicates competgial overlap. The coefficient is
calculated by the following formula,

Dice coefficient = 2* (A 2z B) [/
where A represents the area of a ground truth polygon and B represents the area of the

corresponding algorithrgenerated polygon. the area obtewverlapping polygons.

4.35.3 Oversegmentation factor:
To quantify the number of polygons delineated by the algorithms for each madabfigated
tree polygon in a study site, | define an additional metric called the Oversegmentation factor. The

valueof this metric typically varies from 0 to 1. This metric produces a value of 1 if the total
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number of algorithrdelineated tree polygons overlapping manuddyineateetrees polygonsin
a study site is equal to the manuadlglineated number of treestime site. The metric value is
closer to 0 when there are multiple algoritii@lineated polygons overlapping each manually
delineated tree polygon in the study site.

Oversegmentation factor=n_A/n_B
where n_A is the number afianuallydelineated tree polygons and n_B is the number of

algorithmdelineated tree polygons that overlap manudijineated polygons.

It should be noted that this metric assumes that the algorithms are tested with rational and
judicious values, and thefore do not create drastically ungsrgmented 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 manudéliineated trees present in the site.

4.35.4 Delineation factor:
| 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 thigtmc typically varies from 0 to 1.

Delineation factor=n_A/n_C
where n_A represents the number of manud#iineated tree polygons and n_C represents the
number of algorithrrdelineated tree polygonghis metric produces a value of 1 if the total
number of algorithmdelineated polygons from the study site equals the number of manually

delineated tree polygons in the study site. The metric produces a value closer to O if there are too
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many undesired algorithhdelineated polygons within a study site quaned to the manualy

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
algorithmdelineategpolygons over a study site than the number of mamgslineated tree

polygons present in the site.

4.3.6Performance evaluation metric generation

The outputs of the iterations using various parameter combinations discussed in the previous
section (sectiod.3.4 are polygon vector filedt is not possible to visually look at those
polygons and quantify the accuracy of the outputs. The followingesions 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 redtaence d
The reference data for ITD algorithms should be polygons representing tree crown boundaries
from a topdown view. However, | did not have any fietdllected reference data except the

ALS data of the study sites and GSV images from the study sitesgbed) to the ALS data

collection time period. | 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 processg 8D lidar data and the higlesolution 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. | also used GSV images to make informed decisions for delineating the

tree crown bandaries.

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 manudijineated polygons. This could be implemented

by a spatial intersgion in any GIS platform. With the overlapping regions computed, the loU
metric could be computed. However, if there are multiple algoridletimeated tree crown

polygons overlapping manualijelineated tree crown polygons, there would be multiple
overlaping 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 loU as both of
these metrics consider overlapping regions and polygon areas for competimgtric. 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 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 4.5,8, 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 loU and Median Dice coeffieient ar
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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
Createfieldb manual _aread and cal cul ate the area
Create field 6manual _iddé and make it a key fie
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 O06Area_algm_outputd and

Create field O6merge_id_al gmNamed an
I ntersect démanually delineatedd fil
Create field 6l ntersect_ Areabd and c
Create field oO0intersect_id_al gmName

Create a spatial dataframe from the intersected file and name it intersect_sdf
Find the rows with the maxi mum 061 nt
Omerge_i d_al gmNamed.
Remove the other rows and name this dataframe as new_sdf.
Create a new field AloUo for new_sd
Calculate the field il otJlont er sect Area [ +( 6 Ar eaq
manual_area- Intersect_Area)
Calculate the field i Di ¢ e c¢ o0 e R flitetsece Aréad =
(6Ar ea_al grmamwal arpa)t 6
Create a spatial dataframe from the manually delineated file and name if
manual_sdf
Calcul ate the field Aoversegmentat.
/ number of rows of new_sdf
Create a spatial dataframe for Merged file and name it merged_sdf
Calcul ate the field Adelineation_f a
number of rows of merged_sdf /
Write the results as a shapefile.
ENDFOR
ENDFOR
ENDFOR
ENDFOR

Fig. 4.4 Pseudocode for computing teealuation metrics.

The algorithm Dalponte2016 produces higher Median loU forramde values of parameter_1
(11 ft <= r_Imf <= 24 ft) (iterations 300700) for both sites with classified and unclassified
point cloud inputs. The parameter_3 (th_seed) produces better Medidor mid-range values

(0.2 <=th_seed <= 0.4) for both sites with classified and unclassified inputs. For the majority of

101



the iterations, parameter_2 (th_cr) did not have a noticeable impact on any of the evaluation

metrics calculated for the outputstivboth classified and unclassified inputs for both sites.

Similar to Dalponte2016, the algorithm Silva2016 performed better foramnde values of
parameter_1 (11 ft < r_Imf < 24 ft) (iterations 35860) for both classified and unclassified

inputs r both sites. Unlike Dalponte2016, the Median loU and Median Dice coefficient were
better for higher values of paramter_2 (max_cr_factor) within the iterations@8Dfor Site 2.
Unlike Dalponte 2016, the Median loU and Dice coefficient were sengdiparameter_3. The
algorithm yielded better Median loU and Median Dice coefficient around theanige value of
parameter_3 (exclusion ~ 0.3) for Site 2. However, parameter_3 was not so sensitive in Site 1
with better Median loU yielded by michnge vales (0.2 <= exclusion <= 0.4). It can be

observed that undesegmentation produced by Silva 2016 is more pronounced for lower values
of parameter_2 (max_cr_factor) when the value of parameter_1 (r_Imf) is high in Site 2 for both

classified and unclassifiadput 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
loU also had the maximum Median Dice coeint for both classified and unclassified input

data. The parameters that had the maximum Median loU, 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 cwesponding to the parameter combinations shown in Tables 4.3 and 4.4 are

presented in Figure 4.9.
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Fig. 45: The Median loU and Median Dice coefficient for the 1,000 outputs obtained from the
algorithms Li2012, Dalponte2016, and Silva2016 wiiffierent parameter value combinations

applied over classified point cloud or CHM derived from them for the two study sites.
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Classified point cloud data
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Fig. 4.6: The Oversegmentatn factor and Delineation factorrféhe 1,000 outputs of the
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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.
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Unclassified point cloud data Li2012
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Fig. 4.7: The Median loU 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.
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Unclassified point cloud data
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Fig. 48. The Oversegmentatn factor and Delineation factor for the 1,000 iterations of the

algorithms Li2012, Dalponte2016, aBilva2016 with different parameter value combinations

applied over unclassified point cloud or CHM derived from them for the two study sites.
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Table 43. The parameter value ranges for the most important parameters bfébeatgorithms

that produce the maximum Median loU and maximum Median Dice coefficient for the classified

input data for Site 1.

Parameter 1

Parameter 2

Parameter 3

Li2012 dtl = 3 ft- 21 ft dtl = 3 ft- 21 ft dtl = 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 44. The parameter value ranges for the most important parameters of the three algorithms

that produce the maximum Median loU andximum Median Dice coefficient for the three

algorithms for the unclassified input data for Site 1.

Parameter 1

Parameter 2

Parameter 3

Li2012 dtl = 3 ft- 21 ft dtl = 3 ft- 21 ft dtl = 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

107



g = A
TSRS PENOASE

Classified pomt cloud data

Fig. 4.9. Algorithm-delineated tree crown polygons fr C|aSSIerd andlassified input data
resulting in maximum Median loU 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 #@roids of manualhdelineated tree crown

polygons.
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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 fts outpu
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 45. The parameter values and ranges of the three algorithms for the classified input data

for Site 2.
Parameter 1 Parameter 2 Parameter 3
Li2012 dtl =3 ft- 21 ft dtl =3 ft- 21 ft dtl =3 ft- 21 ft
Dalponte2016 | dt2 = 8 ft dt2 =8 ft dt2 = 8ft
Silva2016 Zu = 10 ft- 55 ft Zu =10 ft- 55 ft Zu = 10 ft- 55 ft

Table 46. The parameter values and ranges of the three algorithms for the unclassified input

data for Site 2.

Parameter 1

Parameter 2

Parameter 3

Li2012 dtl = 3 ft- 21 ft dtl =3 ft- 21 ft dtl = 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 loU and maximum Median Dice coefficient for Site 2 . (a)

Manual delineation, (b) Li201&lgorithm output, (c) Dalponte2016 algorithm output, (d)

Silva2016 algorithm output. The green points represent the centroids of manually delineated tree

polygons.
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the trees are relatively shorter compared to the power lines and buildings. The tree near th
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, useshtiding 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 tharcent 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

| applied the three ITD algorithms, Li2012, Dalponte2016, and Silva2016, over the classified and
unclassified ALS data or CHM derived from themlwit,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. | observed that the
values of parameters could sigedntly 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,aas well
both classified and unclassified CHM of input data. Li2012 was the least sensitive with
parameter_1 (dtl) resulting in no change in the evaluation metrics.

From the evaluation metrics and visual observation, | observed that the algorithms were not

perfaming 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 accuofatye 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 loU can be observed for both Dalponte2016 and Silva2016 in the mid
region ofthe plots for both study sites, as well as both classified and unclassified CHM of input
data. This region corresponds to anahge values of parameter_1 (r_Imf) of both Dalponte2016
and Silva2016. This observation indicates that these algorithms argw&ettsthe parameter_1
(r_Imf). The parameter_1 (r_Imf), 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 furmi to define r_Imf 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 dinction that assumes a larger crown diameter for a larger tree, erergs, 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 metribattl employed cannot be used as only accuracy
evaluation metrics. A higher Median |l oU or Me
algorithm is performing well. This is because the algorithm might have missed some trees during
the delineation procesthereby reducing the number of intersecting polygons and in turn

affecting the loU metric and Dice coefficient. The Oversegmentation factor or Dice coefficient
could exceed above the value of 1, indicating an usdgmentation. Therefore a value that

floats around a value justbelow 1 might be indicating a few usdgmentation 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 indicating1sed@entations. 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 urskgmentation within the area.

It is challenging to measure the accuracy dehlneation 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, | created our own reference data by manually
delineating treerown polygons. However, for larger study areas and overlapping trees, this

might be a difficult task. | had to limit study areas to sites containing mosthpwemapping

trees so | can create accurate reference data. While there are many metricbjecthégetection

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 ovesegmentation evaluation. There ¢gia need for developing a standard
evaluation metric as well as a need for a benchmark dataset belonging to urban contexts, such as

streetside trees to evaluate the performance of various tree crown delineation algorithms.

4.6. Conclusion

In this studyl examined the performance of three Individual Tree Delineation (ITD) algorithms
for delineating leafless neoverlapping streeside tree crowns over two small urban study sites.
The algorithms used were Li2012, Dalponte 2016, and Silva2016 available Rltbrary

package lidR. | applied the algorithms over classified and unclassified ALS point cloud data or

the CHMs derived from them. | iterated the algorithms with 1,000 parameter value combinations
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for the three parameters for each of the algorithondéth study sites. | also calculated four
evaluation metrics to examine the performance of the algorithms. | found that the ITD algorithms
did not perform well on urban streside trees due to the presence of maade 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 dehneadess.
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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 availabledost data in the form of
mediumdensity point clouds. Below, | remark on a few key points for each of the three research
objectives I introduced in Chapter 1. Then, | 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 parkingrdtsoads 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. TtF 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 Vehcles (SEV) and conventional vehicles.

Objective 2: Design a process to model 3D equivalent tree crown shapes at an individual tree
level using a lowcost approach involving aerial LIiDAR data. To address this, | designed a
process that uses deep learnimlgng with GIS data, including aerial LIDAR data and Google
Street View images to choose 3D models corresponding to each tree from a groumatipre

3D models. The 3D models were created using Structure from Motion applied over

circumnavigational fielpphotographs of trees captured using a cell phone camera. This study

120



demonstrated modeling tree crown shapes through @dstvapproach using deep learning,
aerial LIDAR data, Google Street View images, and images of trees captured using a cell phone
camen. 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 urbastreetside trees. The objective was achieved by comparing the performance of
three Individual Tree Delineation (ITD) algorithms, namely Li2012, Dalponte2016, and
Silva2016 from the R | ibrary package O¢ra dRO,
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 delineatingn stbeetside 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 potenéissential 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 amcroorganisms. 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 atsphere. 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 dcussed 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.alle 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 LIiDAR data into four
categories based on tree crositape 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

trarsformed 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 certs, 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 develog 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 treesatbdall
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 altigmeteorological 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 lowst approach for modal the shape of tree

crowns in urban areas. The laest approach is ideal for many applications as the acquisition of
very highresolution point cloud data of tree crowns is very expensive. The l@id¢Nd crown
shape modeling discussed in this study cddldilso used in conjunction with pceeated

libraries of 3D tree models available in popular GIS platforms to creatersafistic

visualizations of reaorld scenes. The 3D models generated in this study could also be used
within software tools for anore 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 strengtieslamesses 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 thire study area. In addition, the exploration of

optimal parameter value combinations, as explored in Chapter 4, can help users select the

123



algorithm and parameter settings that perform best, considering the needs for a particular
application. Understamag 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 magnttaénin

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 Gipters 2 4 are available in public repositoried Bl 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
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Appendix B: Supplementary materials for Chapter 3

Appendix B includes the supplementary materials for Chapter 3 with the iraegeged
according to their section headings.

3.4.1 Preparing CNN Input Data

Fig. S3 Aerial view of the 20,000 ftstudy area in Charlotte, North Carolina, USA.
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3.4.1.1Canopy delineation of noroverlapping trees
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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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