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ABSTRACT OF THE THESIS 

 

Tree Census Collection Methodology  

& Urban Forest Accuracy and Modeling 

 

by 

 

Lorna Zoe Kabachnik 

 

Master of Arts in Geography, 

University of California, Los Angeles, 2019 

Professor Glen MacDonald, Chair 

 

Tree Census data is used to quantify forest ecosystem health and services. Current urban forest 

methodologies lack a comprehensive approach to integrating 2D and 3D in-situ tree census data 

with 2D and 3D products. This research proposes the Kabachnik Tree Census Model (KTCM), 

which adds new tree census collection parameters, and a new methodology for processing open 

source imagery. The KTCM can work with existing data collection platforms like i-Tree. The 

accuracy of TCC products, a USDA Forest Service (USDAFS) Quickbird derived TCC product, 

and an open source Google Earth screen capture TCC product, and the TCC KTCM ground truth 

are analyzed using an error matrix. A regression analysis is used to understand correlations 
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between DBH, height, and volumetric estimates from the KTCM. The results show that the 

KTCM is a valuable ground truth model and that vegetation shadow, complex multi-story 

canopy, multi-colored canopy, seasonality, tree growth, and temporal resolutions, pose the 

greatest errors in correctly assessing tree canopy cover and biomass estimates with high 

resolution sub-meter imagery. 
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1 Introduction   

Geospatial data sets are produced by governments and the private and non-profit sectors 

to model, monitor, calibrate, and monetize forests in urban centers around the world using 

traditional, high-tech, and open-source data collection. The current methods for modeling forests 

is outlined by the United States Department of Agriculture (USDA) through the Forest Health 

Monitoring Program (McRoberts et al. 2005). The most common tree census models collect tree 

location, diameter at breast height (DBH), tree height, and tree species (USDAFS i-Tree, 2017, 

New York City Department of Parks and Recreation, 2015), which is insufficient to ground truth 

urban total canopy cover and above ground biomass. Structure is critical to modeling, 

particularly the dimension of the crown, the more you measure of the structure of a tree, the 

better the i-tree model becomes (Nowak, 2018). This research advances tree census methodology 

in urban settings through better modeling and more precise data collection and integration.  The 

accuracy of TCC and AGB models can be ground truthed with the Kabachnik Tree Census 

Model (KTCM), an in-situ data derived model (see Figure 1). There is a need for in-situ data sets 

and methodologies that can ground truth and calibrate high resolution satellite imagery, LiDAR 

data (see Figure 2), and other remotely sensed products and models (Kohler and Huth, 2010). 

Figure 1 Visual Representation of KTCM

 
Kabachnik Model              Allometric Scaling Models use DBH and Tree Height   
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Figure 2 KTCM AGB Application for LiDAR Ground Verification  

  
 

Cities and governments around the world are seeking best practices in forest management 

to stabilize climate, mitigate natural disasters, protect human health and to bolster the long term 

biological security of our, water, soil, food, and habitat (Pincetl, 2010; C. Dobbs et al, 2011; 

Plowright, 2016; M Jonsson et al 2019; L Vargas et al, 2019; Arantes and Mauad 2019). The 

established forests being lost around urbanizing areas are those most needed to provide clean 

water and air, recreation, and other ecosystem services to growing human populations (NCSSF, 

2008). Many governments cannot afford to utilize GIS and Remote Sensing methodologies for 

ecosystem management due to a variety of reasons, including cost, infrastructure, lack of skilled 

analysts, and political instability (Mennecke and West, 2001; Jha and Chowdary 2007; Macauley 

and Richardson 2011; Makanga et al 2016; Aggarwal 2018). The economic drivers advancing 

urban forestry are carbon sequestration and trading, heat island reduction, pollution mitigation, 

habitat conservation, biodiversity management, public health concerns, and the management of 

water, air, and soil.  

  Height bin in meters   Complex Signature   
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Preserving urban forest biodiversity and ecosystem health mitigates the effects of habitat 

loss due to climate change, invasive landscapes, intensive agricultural, urban desertification, and 

other multi-use mandates. Given the magnitude of past climate change and projected future 

change, we need an integrated twenty-first century public-policy framework for U.S. forests 

(NCSSF, 2008). Increasing levels of carbon dioxide and other greenhouse gases (GHG) in the 

atmosphere are of growing concern globally and locally, and urban forests have a role to play in 

the fight against climate change (California Climate Action Registry, 2008). Forests have been 

particularly affected by the accidental and intentional redistribution of organisms and must be 

ranked among the most significant of human impacts on Earth’s ecosystems (NCSSF, 2008). 

Forest modeling accuracy has a direct impact on forestry policies that set baselines for both the 

monetization and conservation of ecosystems.  We depend on and manage forests for a variety of 

values and benefits that ultimately derive from forest biodiversity (AA Alvey 2006; NCSSF, 

2008).  In urban ecosystems, landscape formation and vegetation distribution are managed and 

modeled through a variety of means, few of which are focused on the long-term impacts of 

vegetation cohesion and ecosystem function. Landscape architects, facilities maintenance 

workers, homeowner’s associations, gardeners, transportation authorities, and business coalitions 

often take the lead in planning what type of vegetation and species are planted, (McKinnney et 

al. 2006; Groffman et al. 2017), and there is a lack of support, guidance, and training for these 

workers who are tasked with implementing ‘sustainability best practices’ (Støre-Valen and Buser 

2019) to manage this new infrastructure. This urban infrastructure has been dubbed a biogenic 

infrastructure, the living infrastructure of an urban environment (Pincetl, 2008). Incorporating 

in-situ data collection that can calibrate geospatial data and maps for vegetation management is 

the way biogenic infrastructure is included into master plans for cities and urban counties and is 

the future of urban forestry.      

https://scholar.google.com/citations?user=mXP997gAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=4u6dDsAAAAAJ&hl=en&oi=sra


4 

 

1.1 Literature Review   

The USDA Forest Service began its collaborative urban forest research unit in 1978 

(USDA Forest Service, 2008). In the United States, based on photo-interpretation, tree cover in 

urban areas of the conterminous United States is estimated at 35.1 percent (20.9 million ac) and 

requires careful planning and management to maintain and enhance urban forest benefits 

(Nowak et al 2010). The term “urban forest” has offered cities around the world an innovative 

approach to analyzing and managing urban landscapes (McBride and Jacobs, 1976) a need that 

had been overlooked prior to the creation of the term. Sustainable forest management began 

evolving internationally during the 1970s and 1980s and was formally recognized at the 1992 

United Nations Earth Summit in Rio de Janeiro and its subsequent regional protocols (NCSSF, 

2008). Urban forestry is generally defined as the art, science, and technology of 

managing trees and forest resources in and around urban community ecosystems for the 

physiological, sociological, economic, and aesthetic benefits trees provide society (Konijnendijk 

et al 2006). Sustainable forestry is defined as the set of policies and management practices that 

will ensure that current and future generations enjoy the full variety of forest values, services, 

and products (NCSSF, 2008).  

Current urban forest research focuses on forest amenities such as linking canopy cover to 

infrastructure amenities like property prices (Tyrvainen and Miettinen, 2000), heat island effect, 

surface temperature, biomass, and the normalized difference vegetation index or NDVI (Weng, 

2001; Yue et al., 2007; Lo, 1997), carbon storage using remote sensing (Myeong et al., 2005), 

land use and green space (Nowak et al., 1996), and Strategic Urban Forests Assessment (SUFA) 

using high resolution IKONOS imagery (Galvin et al., 2006). Accuracy assessment methods are 

being piloted through adaptive management by means of incremental improvements in the 

accuracy of biomass equations in both wildland and urban forestry contexts (Robards, 2008). For 
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example, the city of Vancouver’s Urban Tree Canopy study is based on LiDAR and high 

resolution infrared (2m resolution) data to produce a baseline canopy data set for Clark County 

(Kaler and Ray, 2005), perhaps the best urban forest management model in use. This is 

extraordinary as most municipalities and governments cannot afford LiDAR datasets.  

Even though there is more urban forest data than ever before, the need for data is ongoing 

and costly, because urban forests are an ever changing type of multi-resource (NCSSF, 2008). 

Citizen science is a low cost, high coordination, tool to collect data and is defined as a process 

by which volunteer members of the public, who commonly lack advanced training in science, 

engage in scientific activities (e.g., data collection) that might otherwise be beyond the reach of 

professional researchers or practitioners (Gharaibeh et al, 2019). California is piloting a cross 

sector, citizen science approach to urban forest management. The Climate Action Reserve Urban 

Forest Project Protocol is the non-profit arm that supports the public sector California Cap and 

Trade program to incentivize the private sector to offset their greenhouse gas emissions (CAR 

2014; CARB 2019). This cross-sector market effort is one of the most extensive to manage 

forest ecosystem services and provide guidance to quantify and verify GHG reductions from tree 

planting, maintenance, and/or improved management activities implemented to permanently 

increase carbon storage through trees. (CAR 2014). This protocol does not address native versus 

non-native species (biodiversity) and is primarily concerned with quantifying biomass and 

carbon which incentivizes the management of one biogeochemical cycle and certain species over 

ecosystem function –which is typical in afforested cities. In cities that are historically forested 

biodiversity can stabilize or increase, depending on the carbon capture potential of native 

species. Demands for certain values and benefits can conflict rather than complement each other, 

while others can be accommodated simultaneously with appropriate management (NCSSF, 

2008). It is critical that we create policies and incentives that also foster biodiversity while 
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managing for markets that provide greater economic incentives like the carbon and urban 

agriculture markets.  

Urban forest revitalization projects target lands in varying states of land use purgatory.   

Empty fields, right-of-way lands (under power lines), unused institutional land, parkways, 

medians, and land that covers submerged waterways—are all examples of lands that suffer from 

urban desertification.  I define ‘urban desertification’ as regions that are lacking in forest and or 

vegetation, do not harbor seed banks, have low NDVI, heat island effect, high reflectance, low 

native species richness, and poor biogenic infrastructure; and “the degradation of land in arid 

areas due to either human activities or climate variation” (ESA, 2004).  High density cities are 

especially susceptible to heat island effect because buildings, roads, and other impervious 

surfaces have higher solar radiation absorption and greater thermal capacity and conductivity, so 

that heat is stored during the day and released by night (Weng, 2001). These lands are vulnerable 

to degradation and have been historically difficult to manage. In some regions it is more cost 

effective to upgrade these lands now that they can be quantified and monetized by converting 

them to biogenic infrastructure that provide ecosystem services. The California Climate Action 

Registry’s (California Registry) Urban Forest Project Reporting Protocol provides guidance to 

report greenhouse gas (GHG) emission reductions associated with a planned set of tree planting 

and maintenance activities to permanently increase carbon storage in trees (California Climate 

Action Registry, 2008). Policy incentives like the one run by the California Registry --coupled 

with a renewed focus on biodiversity baselines and accurate integrated data management like the 

one being used in Vancouver --could mitigate urban desertification and enable our urban forests 

to flourish. 

The responsibility now lies in assuring that what we sense remotely is in fact giving us an 

accurate ecological picture of what is happening on the ground. With the founding of Google 
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Earth, satellite imagery has become more accessible, easier to shop for, and affordable for forest 

management, with prices per tile having dropped from thousands to hundreds of USD within a 

decade, however custom passes are still expensive.  This shift is reflected in the plethora of urban 

programs across the world dedicated to food security, permaculture, and energy and water 

conservation through an urban forest and vegetation management high tech data-driven 

approach. In Los Angeles, it is estimated that over the next 35 years, the 1-million-tree planting 

project will have created a $7.5 million-dollar carbon market by removing 1.02 million tons of 

carbon from the atmosphere (McPherson, 2008). Another impressive example is the work 

accomplished through the Aga Kahn Development Network where the group has successfully 

planted 100 million trees over 25 years across Asia and Africa (AKDN, 2011). These new 

methodologies and data sets are now accepted by city governments (departments, legislation, 

data management and monitoring, etc.) to identify and remediate nodes of urban desertification 

and expand urban forests. The importance of this work is the cornerstone of national and 

international climate mitigation strategies and security.    

1.2 Research Question   

The key question this research seeks to answer is: Can in-situ urban tree census methodologies 

be updated to verify high resolution remote sensing products in a repeatable and cost effective 

way?   

a. What is the best way to model trees for satellite verification in two- and three 

dimensions?   

b. How can we best integrate geographic technology and methodology to empower local 

governance of biogenic infrastructure?   

I chose these questions because quantifying carbon sequestered in trees using high resolution 

satellite imagery and LiDAR has proven to be the most accurate way to assess urban forests 
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(Kaler and Ray, 2005). The predominant way to manage urban forests is still predicated on tree 

height and diameter at breast height (DBH), a methodology developed a century ago and is used 

as the foundation for all other metrics of forest ecosystem service’s  (CAR 2014, Nowak et al 

2003). The focus of this research is to figure out if there is a better way to integrate high tech 

methods and analysis with current standard practices. 

1.3 Hypothesis   

High resolution imagery is now available at sub-meter resolution for commercial and 

government use and can provide detailed information on tree canopy extent with minimal error. I 

hypothesized that any image that was derived from a high-resolution satellite --even an open 

source screen capture-- should be able to be geo-processed and measure canopy with at least 

85% accuracy and provide a proxy for the tree’s biomass and for calibrating other urban forest 

data sets that are georectified to the study site. I propose three hypotheses:     

1. Remote sensing data products (an open source Google Earth Quickbird screen capture, 

and a Quickbird USDA Forest Service classification product) will provide at least 85% 

accuracy in measuring urban canopy cover.    

2. There should be no significant difference between the two data products (one open 

source, one government standard).   

3. Tree census measurements can aid in quantifying tree biomass and verifying remotely 

sensed data products.    

1.4 Study Area   

   The Mediterranean Southern California climate is known for its rare and endemic flora.  

The geology and geomorphology of Southern California plays a major role in the distribution 

of habitat types. When the Sierra Nevada Mountain Range formed, “… total annual rainfall to 

the east of the Sierra Nevada eliminated the forest climate and replaced it with a scrubland or 
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grassland climate” (Ornduff, 1974). The Mediterranean climate is a product of the regions 

mixture of orographic, oceanic, and arid terrain. This means that the forest in Los Angeles 

County is human made and is considered a region that has been afforested.   

Since the arrival of humans to the region, the landscape has undergone ecological 

transformations all of which have altered the distribution and abundance of California’s native 

flora. Los Angeles County is dominated by a highly urbanized environment and is located within 

a biodiversity hotspot. This ecosystem has been degraded by a myriad of assaults from humans, 

introduced animal species, and aggressive foreign plant species.  Los Angeles has been 1° hotter 

every decade for the past 60 years (Voigt, 2004).  Throughout Los Angeles, what used to be 

oakland and open expanses of prairie have now been replaced by a multitude of European and 

tropical exotic species. 

Southern California has been continuously populated since people first traveled over the 

land bridge connecting Asia and North America. Today, Los Angeles County (4060 sq. mi) is 

home to approximately 10.1 million people (US Census Bureau, 2016). The first large human 

settlements began in the late eighteenth century around the Spanish missions which introduced 

citrus, olives, grapes, and ranching, all of which have left a lasting impact still visible today 

(Grigg, 1974). Modeled after the Spanish ranching lifestyle, the California mission system 

established the modern day agricultural system of the state. When the Spanish colonized the 

region, so did their plants. The first weeds known to arrive in California have been “fossilized” 

in adobe bricks (Ornduff, 1974). California’s plant history and the legacy we still live with is 

perhaps the most striking evidence of how important our land use and vegetation management 

policies are on a society. This research aims to provide a strategy that will serve the next two 

hundred years of inhabitants by outlining how to use the best data available to manage our lands 

and forests.  Map 1 shows Los Angeles County with the 2020 and 2050 U.S. Census Urban land 
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layers overlaid with the TCC for the City of Los Angeles provided by the U.S.D.A. Forest 

Service (McPherson, 2008); the two study sites are located within the TCC layer.  

Map 1 2020, 2050 Urban Land Use Projection and Los Angeles City TCC 

 

 

 

 

   

 

 

 

 

 

 

2  Background   

2.1 Field Measurement and High-Resolution Imagery   

Each year new remote sensing and geospatial products and platforms are developed 

across spectral, temporal, and spatial resolutions. Conversely, there are very few new methods 

for calibrating the accuracy of these products to in-situ collected data. New methodologies and 

tree models are needed to calibrate sub-meter data sets, which at times are used as ground truth 

layers because of their sub-meter resolution. Remote sensing and geographic information 

systems can aid greatly in classifying land types; however, in overly complex environments these 

technologies cannot replace field data (Estes et al., 2008).  The 3D ground truth tree models that 

do exist are primarily for one type of tree structure and are not easily repeatable. The KTCM is a 

repeatable geometric model that can be adapted to a variety of tree forms and be used to calibrate 
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allometric models since it is not based on allometry –but rather on actual three-dimensional tree 

data derived from the KTCM. Figure 3 is an example of a three-dimensional model developed 

using photogrammetric remote sensing products. These first models show the progression of tree 

modeling for biomass and Co2 capture estimates (see Table 1 and Graph 1) which are limiting in 

that there are many tree canopy shapes and these focus on only one shape. Figure 4 shows the 

variation in canopy structure for two types of species. While tree growth is predictable in native 

habitats, urban and non-native environments compound stressors that can restrict or enhance 

their development making traditional allometric equations less reliable predictors of height and 

biomass. It has been established that geometric models for detection of single trees can be used 

together with statistical models for estimation of forest variables, see Figure 5 (Holmgren et al., 

2003). The challenges to urban forestry to incrementally improve the accuracy of biomass 

equations are essentially the same as for wildland forestry (Robards, 2008). With existing 

models, urban forest amenities can be quantified to aid in more effective management of other 

resources (Climate Change Registry, 2008; McPherson, 2009).   

Figure 1 Sheng Model for Conifer Volume in m2   

 

 

 

  

(Sheng, 2001)   
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Table 1 Forest Biomass Calculations 

  
(Robards, 2008) 

 

Graph 1 Biomass to CO2 consumption examples 

    

                                                    

(Robards, 2008)   

Figure 4 Tree Canopy Crown Form   

   
(USDAFS, 2010)   
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Figure 5 Holmgren Tree Model 

 

 

 

 

 

                                       

 

 

 

 

 

 

(Holmgren et al, 2003) 

 

2.2 Urban Forestry Data Avalanche and Open-Source Data   

Google Inc. and the Environmental Systems Research Institute (ESRI) have undoubtedly 

been at the forefront of this geospatial shift through their open source mapping platforms. Space 

programs have joined in by increasing their open source imagery databases. Data is cheaper than 

ever to collect, store, and analyze. Satellites, drones, and embedded sensors have increased data 

collection across all sectors. The challenge now is to create systems to standardize and integrate 

different types of data. One such study analyzed fifty-eight cities in the United States with a 

minimum population density of 386 people per square kilometer using five traditional methods 



14 

 

of quantifying canopy cover: aerial photographs, crown cover scale, transect method, dot 

method, and the scanning method (Nowak et al., 1996).  Another method focused on ground-

truth methodology and statistical analysis of the data to assess species richness, tree density, 

biomass structure and basal area by land use (Sudha and Ravindranath 2000). These case studies 

show the variety of analysis that can be extracted from traditional tree census data. Standardizing 

tree census methodology enables the data over time to be more useful in assessing temporal 

changes in vegetation cover by providing insight into historic and cultural management practices. 

The general trend of urban forest research is focused on data integration, product accuracy, 

repeatability, and approach in studying ecosystems. As we move to institutionalize the use of 

managing our biogenic infrastructure remotely, there is a need to increase ground verification 

strategies through these various open source citizen science and institutional data collection 

programs. The combination of different data sources represents a core of novel information 

services that can provide governments with tools for identifying the main pressures on the 

environment (ESA, 2004).    

In Los Angeles, non-profit organizations like Tree People, the Santa Monica Bay 

Restoration Commission, and Heal the Bay are at the forefront of pioneering open source, 

citizen science based data collection and monitoring programs that feed back into governmental 

biogenic management interfaces. In McPherson (2008, 2011), it was Tree People staff that 

provided the in-situ data collected at 55 sites around the county. Citizen science monitoring 

programs and open source mapping platforms enable the collection of all kinds of data to be 

collected and collectively used to manage our urban lands. The problem with this new trend is 

that there is little standardization of this data across sectors making it difficult to use for long 

term studies of forest health.   
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2.3 Technology and the Political Ecology of Urban Forests   

The complex relationship between urban forests and high-density populations can now be 

spatially and digitally quantified. The biogenic infrastructure of cities has been the last to 

become fully integrated into the networked society. Like data on the health of our water 

resources, tree census data is collected by the government, academics, community groups, social 

justice organizations, and environmental organizations. Furthermore, urban forest citizen science 

programs fundamentally deepen our knowledge of the political ecology of urban forests by 

creating a more intimate, high-tech, and politicized framework for interaction between 

communities and urban forests. In the City of Los Angeles, citizen monitoring of the urban forest 

has provided the baselines for the monetization of a variety of ecosystem services including: 

energy conservation, air quality, carbon dioxide capture, runoff mitigation, aesthetics, and others 

(McPherson, 2008); unfortunately some regions are still prioritized over others.  

The need for urban populations to be educated on ecosystem management and ecosystem 

services is greater than ever and the support and creation of community based programs and 

products aimed at building and managing networks of biogenic infrastructure in highly urbanized 

environments is long overdue. The platform used by the USDAFS, i-tree is a great effort that has 

gone global. i-tree has become one of the premier urban forest platforms to open-source high 

resolution data sets and products to the public and citizen monitoring groups (i-tree, 2019). 

Access to technology and funding for county level coordination is still a problem–even in urban 

centers like Los Angeles and New York. In the developing world, access to technology is stark 

and the demand for low cost, low tech, open source, monitoring efforts are sought after. The 

KTCM is a quick, cost-effective, repeatable, and open source methodology that can be used by 

anyone including underserved communities and developing countries that many times cannot 

afford analysts and imagery but are often negotiating forest ecosystem services with corporations 
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or foreign entities which can afford sophisticated products. Field data collection methodologies 

can empower global communities, educate citizenry, create green jobs, and improve the 

management and integrity of urban forests across all socio-economic places to mitigate health 

and economic disparities.    

3 Methodology   

   The focus of the methodology for this study was to create a toolset for data integration for 

in-situ measurements, satellite imagery, LiDAR, and standard government datasets. The KTCM 

is based on a new shape where a hybrid four quadrant ellipsoid provides an estimate of canopy 

area that is created solely from ground verified data that can assess the accuracy of remotely 

sensed TCC classification estimates. The data used for this research is from open-source data 

resources (Google, USGS, USDAFS, NASA LPDAAC, and EROS Data Center, USDA Forest 

Service) except for the McPherson USDAFS TCC high resolution classification. 

3.1 Field Methodology   

Both site 1 and 2 were selected to represent common urban vegetation landscapes. Site 1 

is a semi-forested park with multi-story overlapping canopy, concrete, and lawn; while Site 2 is a 

cemetery with a typical tree lined street with little to no overlapping canopy and lawn. Each site 

is one hectare (100 m x 100 m) with plot coordinates retrieved using Google Earth and then 

verified with handheld equipment in-situ. Site 1 is located on the University of California, Los 

Angeles campus in the Franklin D. Murphy Sculpture Garden and Site 2 is located at the Los 

Angeles National Cemetery, both in Westwood, California. It took 2-5 minutes to survey each 

tree specimen with the use of a high-quality laser range finder and DBH tape. Using a laser range 

finder cuts the time in half and provides more precise measurements.   

   The USDA Forest Service measures canopy cross width in two cardinal directional 

planes where the longest spread and cross spread occur (Nowak et al, 2003), the KTCM takes 
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measurements in four directional planes using the trunk as the center point. The KTCM takes 

these added measurements to produce more accurate estimates of actual canopy cover with a 

simple geometric model. Every tree with a diameter at breast height (DBH) greater than 2.5 cm 

were logged and sixteen tree parameters taken, eight of which are geometric. The geometric 

measurements are used to ground verify tree topology. The measurements outlined in Table 2 are 

a combination of the standard field measurements taken currently by the Forest Service for tree 

census studies as well as eight new geometric measurements for the KTCM. 

Table 2 ATCM Measurements 

  Sixteen Tree Attributes Measured     

Lat / Long*   Family   Tree height*^   North Canopy*^   

# Stems*    Genus species*   Crown base*^   East Canopy*^   

Native    Invasive   DBH*^   South Canopy*^   

Deciduous     Evergreen   Ground*^   West Canopy*^   

*  Parameter taken in the field, ^ Geometric measurement  
   

    

The geometric parameters were taken using a laser range finder and the DBH by hand 1.3 

m from the ground using a traditional DBH tape. North, South, East, West canopy extents were 

taken at the cardinal directions by standing at the edge of the canopy and laser pulsing the trunk 

of the tree to find the specified directions canopy extent. The Tree tip and Crown base were 

taken using the laser range finder, which triangulated the height by using the user's location, the 

Ground (point G) and the Tree Height (point A) or Crown base point (See Figure 6). 
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Figure 6 ATCM Geometric Measurements  

 

  

Figure 6: The geometric measurement outlined in Figure 2.2 defines the variables for Figures 2.3-2.10.  

3.2 Kabachnik Tree Census Model (KTCM)   

The KTCM breaks a tree into basic geometric shapes: quadrilateral, triangle, cone, 

cylinder, and ellipsoid. With the KTCM generated data set any tree can be modeled in a two-

dimensional and three-dimensional form thereby offering an entirely new approach in ground 

verification methodology that is potentially applicable for all remote sensing products. With the 

eight geometric tree parameters, a three-dimensional ground verification dataset can be modeled 

to test the accuracy of Light Detection And Ranging (LiDAR) products and other topology 

products. The KTCM improves the accuracy of current canopy cover analysis methods by 

breaking the canopy into four quadrants that model and quantify the uneven nature of a lopsided 
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canopy form. In urban environments this is especially useful because many trees are restricted by 

pruning, power lines, buildings, other trees, signs, vehicle shearing, aesthetics, habitat, and other 

urban factors. Trees are irregular in shape and are difficult to model. Most tree stems are not 

perfectly vertical but instead lean or twist in one or multiple directions. Urban tree canopies are 

also highly unpredictable in their growth patterns and shape as there are biological and 

mechanical influences that can stunt and retard their growth or maximize their growth because of 

the artificial nature of urban landscapes (i.e. sprinklers in arid cities, buildings creating 

permanent shade, and incompatible nutrient, water, and solar regimes). 

The variables collected from the field can be used to estimate the canopy area, canopy 

volume, and stem volume. The geometric measurements outlined in Figure 6 define the variables 

for the KTCM used in modeling a tree (See Figures 8-14). The suite of ellipsoid shapes in 2D 

and 3D are new geometric shapes and are used to create the KTCM. Figure 7 shows how the 

Kabachnik’s Ellipse is calculated to reflect an irregular rounded tree-like canopy shape that is 

built from four ellipses from ground-verified data. The center of the top diagram in Figure 7 

represents the trunk and the four points are the extent of the canopy at each cardinal direction. 

The four diagrams at the bottom of Figure 7 show the four ellipses that are created by each 

quadrant of the quadrilateral. Since convex quadrilaterals cannot be circumscribed by a circle nor 

an ellipse, four ellipses using the arms of each quadrant are used to create a canopy shape using 

the data collected from the field (See Figure 9). 
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Figure 7 Kabachnik Ellipse Quadrants 
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Figure 7:  The ATCM is based on the Kabachnik Ellipse. The four diagrams at the bottom show the four ellipses that 
are created by each quadrant of the quadrilateral.  

 

Figure 8 Canopy Area from Kabachnik-Varignon Quadrilateral m2 
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Figure 8: The polygon that is created from connecting the four canopy extents and is the low canopy cover estimate.  
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Figure 9 Canopy Area from Kabachnik Ellipse m2 
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Figure 9:  Each quadrant has two arms and an ellipse is drawn using these two arms. This is done for each quadrant 

and then the four unique ellipses are quartered. The four unique ellipse quadrants are then pieced together to form a 

unique ellipsoid like shape that serves as a high canopy cover estimate.  

 

Figure 10 Canopy Volume from Kabachnik Ellipsoid m3 
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Figure 10: This is the two-dimensional ellipsoid shape that is integrated using basic geometry into a three-

dimensional form. The four ellipsoid slices from different ellipses are joined into one spheroid like shape. The shape 

is seamless and smooth, because the arms of each quadrant are shared where the joints quadrant sections meet. 
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Figure 11 Canopy Volume from Kabachnik Ellipsoid Cone m3 
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Figure 11: This shape again has four unique conical quadrants based on the Kabachnik Ellipsoid. This shape will be 

helpful in modeling conifers more accurately. 
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Figure 12 Canopy Volume from Kabachnik Ellipsoid Funnel m3 
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Figure 12: The funnel shape provides yet another regularly seen canopy shape. These trees usually are multi-

stemmed or have a more temperate tree structure. The shape is created by modifying the conical form. 
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Figure 13 Canopy Volume from Kabachnik Ellipsoid Cylinder m3 
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Figure 2.9: The Kabachnik Cylinder is created using the same method as with the other three-dimensional shapes. 

This shape is useful for trees like the Italian Cyprus or for street trees that are manicured. 

 

Figure 14 Stem Volume in m3 

 

 

               
 

 
Stem Volume in m3  = 

π((. 5)(D)(.01))2(C) 

 
Figure 14: This figure shows the formula for converting the field measurements of the stem into a three-dimensional 
form. This is especially useful for multi-stem trees that are often not surveyed.  
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The extent of a canopy can vary greatly as you walk around the trunk of a tree. Taking 

four points at each cardinal direction provides a replicable way to measure and model tree 

canopy. When the four end points of the canopy directions are connected a convex quadrilateral 

is formed. The canopy area can then be calculated by splitting the quadrilateral into two triangles 

and solving for area. Tree canopies viewed from space are roundish in appearance, thus the 

quadrilateral shape provides a low conservative estimate of canopy cover in relation to the 

remote sensing classification (See Figure 8), while the Kabachnik’s Ellipse (See Figure 9) 

provides a high canopy cover estimate. The Kabachnik Ellipse assigns each quadrant its proper 

directional name, Northeast, Eastsouth, Southwest, and Westnorth (See Figure 7). The canopy 

extent measurement and DBH are calculated together for the extent of each canopy direction.    

The KTCM quadrilateral is a distinct type of Varignon Quadrilateral (See Figure 15).  

This quadrilateral was discovered in 1731 by a French Jesuit priest by the name of Pierre 

Varignon, who wrote a theorem now called Varignon’s Theorem (See Figure 15), which states 

that if the midpoints of said quadrilateral were to become connected then the resulting 

quadrilateral shape would be a parallelogram. It is important to note that Varignon’s theorem is 

focused on explaining the geometric phenomenon of all convex quadrilaterals, while the convex 

quadrilaterals in the KTCM have an additional characteristic: when lines connect the opposite 

corners of the convex quadrilateral, the lines intersect at a perpendicular angle. This means that 

all Kabachnik-Varignon Quadrilaterals, according to Varignon's theorem, will always create not 

just parallelograms but rectangles due to the perpendicular lines the quadrilateral is formed from 

(see Figure 15). 
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Figure 15 Varignon Theorem & Kabachnik-Varignon Theorem Visual Proofs  

                      

Figure 15: The Varignon quadrilateral, on the left, with non-perpendicular intersecting lines always creates a 

parallelogram when you connect the midpoints. First published in 1731. The Kabachnik-Varignon quadrilateral, on 

the right, has perpendicular intersecting lines when you connect the points and always creates a rectangle when you 

connect the midpoints. 

 

The quadrilaterals in the KTCM have perpendicular intersecting lines because the arms of 

each tree are taken at a cardinal direction. Varignon’s theorem is the only research that is directly 

associated with convex quadrilaterals.  The two- and three-dimensional ellipsoid shapes 

presented here that are based on the convex Varignon quadrilateral are new geometric figures 

that were created, formulated, and drawn by the author and have been vetted as such by the 

UCLA Mathematics Department.   

3.3 Remote Sensing & GIS Methodology   

   Two high resolution data products were used in this study. The first was a .HDF product 

based on a Quickbird Total Canopy Cover (TCC) supervised classification created and provided 

by McPherson (2008) from the USDA Pacific Southwest Research Station. The second was a 

Google Earth screen capture. The screen captures are saved as a tiff file at 70 dpi. This image is 

essentially a screen capture of a Quickbird scene that has a resolution of 0.6m, however because 

of zooming in, the true resolution at the time of the capture can only be estimated. A subset of 
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the spatial resolutions of each data product can be seen in Map 2 and Map 3. All imagery used 

by Google Earth can be identified by source within the Google Earth interface. 

Map 2 Image Pixel Processing   

Quickbird .HDF product (USDAFS) with Google Earth Screen Capture overlaid 

   

Post Processing   

Quickbird .HDF (left), Google Earth Screen Capture (middle), both images overlaid (right)  

   

Map 3 Pixel Close up of Site 1 Google Screen Capture Processed product vs Quickbird .HDF 

Product   

   
 Google Earth          Quickbird   

 

The Google Earth data used in this study was derived from a screen capture of a google 

earth image zoomed all the way in. The Google Earth screen capture does not hold any spectral 
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information and the quality does degrade slightly with pixel processing and pixel reassignment in 

ArcMap. The screen capture’s original false RGB color composite is used as a proxy for spectral 

reflectance in this research. The screen capture first had to be georectified using ground control 

points taken from Google Earth as well as clipped to match the 1-hectare plot size. The imagery 

has sub meter spatial resolution and so it is more accurate to use easily identifiable control 

points, such as pavement corners and static features from Google Earth than from a geographical 

positioning system (GPS) unit.    

After georectification, the Google Earth screen capture raster image was resampled in 

ArcGIS by row and column in addition to making each pixel a perfect square. A supervised 

classification using maximum likelihood statistical estimation was performed on both images 

where canopy, concrete, grass, and shade where specified as regions of interest. These categories 

were modeled after the McPherson (2008) classes used in the USDAFS product. An error matrix 

(see Figure 16) was created from each product by site to test the accuracy of the Google Earth 

Capture classification against the McPherson (2008) Quickbird HDF product classification. The 

error matrix methodology used was developed specifically for change detection in classification 

schemes (Jensen, 2005). The TCC estimates for both products were then ground verified using 

the KTCM.   
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Figure 16 Error Matrix Equations   

 
(Jenson, 2006) 

 

4 Results   

The results of the field data collected and analyzed from Site 1 and Site 2 using the field 

methodology created are visualized and summarized.  The raw data and images used to create 

these results can be found in the Appendix.   

4.1 KTCM   

   The classification and error matrix maps (see Map 4 and Map 5) are the visual aid for the 

following results. At Site 1 the low estimate for tree canopy cover derived from the Kabachnik-
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Varignon quadrilateral was 4323.9 m2 and the high estimate derived from the Kabachnik Ellipse 

was 7307.5 m2. Google estimated canopy cover was 6345 m2 and the McPherson product 

estimate was 8273 m2. The error matrix identified that the overlay of Google and McPherson 

TCC estimate was 4842 m2. For Site 1, the high estimate for the Kabachnik Ellipse 

underestimated the McPherson TCC by 966 m2, and overestimated the Google TCC by 962m2. 

The error matrix of both products TCC estimate fell between the KTCM’s low and high 

estimate.    

   The Google classification and the McPherson classification gave different estimates for 

TCC because of two main reasons: multi-story canopy and shadow classification error. There 

were high shadow and impervious surface classification errors in the McPherson data set.  The 

Google classification also had some shadow error, but far less than the McPherson. The 

McPherson classification was created for the entire City of Los Angeles using a few dozen in-

situ verification sites. The Google Earth classification which was done manually for a 

significantly smaller study area was the most accurate classification of TCC because of the 

difference in scale of the study area and the attention to the classification of a smaller study area.  

The McPherson TCC estimate of canopy cover had an over estimation error of approximately 

1,928 m2. The Google Earth screen capture had lower TCC than the KTCM because in-situ data 

calculates each tree canopy and the image cannot because of the overlap of multistory canopy 

when viewed and quantified from above, hence giving a greater TCC. Some image classification 

errors are due to the images being captured at different times in the same season on different 

years, though both were taken near seasonal canopy peak. You can see these errors and examples 

of inter-annual variance, shadow, complex canopy, and multi-story canopy in the following 

maps (See Map 6, Map 7, and Map 8, Map 9). 
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Map 4 Site 1 Matrix Series   

   

  

    

Map 1, Google   
Legend: Green=Tree, Aquamarine =Irrigated Grass,   
Blue=Impervious Surface, Yellow=Dry Grass/Other  

Map 2, McPherson   
Legend: Green=Tree, Blue =Irrigated Grass,   
Grey=Impervious Surface, Red=Dry Grass/Other  

Visual Error Matrix of Map 1 & 2   
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Map 5 Site 2 Matrix Series   

       

Map 1, Google    

Legend: Dark Green=Tree, Light Green=Irrigated   

Grass, Grey=Impervious Surface, Blue=Dry   

Grass/Other   

Map 2, McPherson    

Legend: Dark Green=Tree, Light Green=Irrigated   

Grass   

Visual Error Matrix of Map 1 & 2   
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Map 6 Deciduous Inter-annual Variance in Canopy Verification & Airborne Open source 

Imagery  

 

Map 6: In this photgrammetric product, error from shadow is easily seen in addition to the skewed perspective 

because the image was taken off nadir. These images were not used as TCC products for this study, but do show 

extreme inter-annual vegetation in canopy color and density.   
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Map 7 Shadow Error in Canopy Classification at Site 1 

   

 

   
 

 

 

 

 

 

 

 

 

 

 

 

 



35 

 

Map 8 Biodiversity & Multi-Story Error in Classification    

    

   

   For Site 2, the low estimate for canopy cover derived from the quadrilateral was 3,535 m2 

and the high estimate derived from the Kabachnik Ellipse was 6,140 m2. Google estimated 

canopy cover to be 3,468 m2 and the McPherson product estimate was 3484 m2. Site 2 sheds 

more insight into the potential accuracy of the Kabachnik Ellipse shapes since there is zero 

multistory canopy area. The canopy area closely matched the KTCM low canopy estimate. The 

high estimate for the Kabachnik Ellipse over estimated canopy cover by 2,672m2 for the Google 

classification and 2,656m2 for the McPherson classification. The McPherson Canopy Cover 



36 

 

prediction was only 16m2 greater than the Google classification. When there is no crown 

competition like at Site 2, open grown trees will grow faster than trees in closed canopies 

(Nowak, 2015). Some of the variation in estimates could be from the growth of the canopy from 

when the images were taken versus when the ground survey occurred a few years later.    

4.2 Error Matrix Accuracy Analysis   

   The four classes used for this study were created by McPherson (2008): Tree (tree and 

shrub), Grass, (green grass and ground cover), Dry Grass/Bare Soil (dry grass and bare soil), and 

Impervious Surface (includes impervious pavement). It is first necessary to provide the 

classification accuracy of the USDA Forest Service product according to McPherson since this 

dataset is foundational to the analysis in this paper.   

Overall classification accuracy was 88.6 percent based on the pixel-by-pixel 

comparison. The accuracy for classifying existing Total Canopy Cover TCC 

was 74.3 percent. Not surprisingly, TCC was most often misclassified as 

irrigated grass (13 percent) and vice versa (17 percent). In the parcel-scale 

analysis, impervious surface was underestimated by 3.5 percent and TCC was 

overestimated by 5.0 percent. Factors that affected mapping accuracy included 

the treatment of the shadowed area and minimum mapping units during 

digitizing (McPherson, 2008).   

   The overall classification accuracy for the Tree class for the McPherson Quickbird 

product was 76.3% (Table 3) for Site 1 and 64.3% for Site 2 (Table 4). At both sites, the highest 

classification error occurred with tree canopy being mistaken for Irrigated Grass, 19% for Site 1, 

and 35% for Site 2 tree. Conversely, Irrigated grass was misclassified as Tree, 37% in Site 1 and 

12% in Site 2. However, in Site 1, there was an 81% misclassification of dry grass and other as 

Tree, and about 42% of Impervious surface was misclassified as tree.   
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   For the Tree class, Site 1 had a Producer’s Accuracy and Omission Error of 41% and a 

User’s Accuracy and Commission Error of 24%. It had a Khat of 26% and an Overall Accuracy 

of 55% which is a measure of agreement between the two classifications. McPherson mostly 

misclassified Irrigated Grass and Dry Grass as tree canopy. The Google product mostly 

misclassified trees as irrigated grass. For the tree class, Site 2 had a Producer’s Accuracy and 

Omission Error of 36% and a User’s Accuracy and Commission error of 36%. It had a Khat of 

34% and an Overall Accuracy of 62%. McPherson mostly misclassified Irrigated Grass and 

Impervious surface as trees. The Google product mostly misclassified trees as irrigated grass. 
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Table 3 Site 1 Canopy Accuracy by Imagery Product 

 

 

 

 

 

 

 

 

 

  USDAFS, McPherson, 2008 
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PERCENT 

Impervious Tree 

Irrigated 

Grass 

Dry 

Grass/Other 

Impervious 19.8% 41.5% 36.8% 1.9% 

Tree 3.9% 76.3% 19.0% 0.8% 

Irrigated Grass 1.6% 37.1% 60.2% 1.0% 

Dry Grass/Other 11.1% 80.5% 7.1% 1.3% 

 

Two-Dimensional Comparison 
McPherson Canopy Area Total: 22983 x .6m x.6m = 8273 m2 

Google Canopy Area Total: 17627 x .6m x .6m = 6345 m2 

McPherson/Google Canopy Area (both classified canopy): 13450 x .6m x .6m = 4842 m2 

ATCM Canopy Area Low: 4323.9 m2 

ATCM Canopy Area High: 7307.5 m2 

 

USDAFS Producer's Accuracy Omission Error 

Impervious 851/2285 37% 63% 

Tree 13450/22983 59% 41% 

Irrigated Grass 5528/10853 51% 49% 

Dry Grass/Other 70/383 18% 82% 

 

 

 

Khat 26% 

Overall Accuracy 55% 

 

 USDAFS, McPherson, 2008 
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PIXEL 
Impervious Tree 

Irrigated 

Grass 

Dry 

Grass/Other 

Google 

Total 

Impervious 851 1788 1587 82 4308 

Tree 686 13450 3356 135 17627 

Irrigated Grass 148 3409 5528 96 9181 

Dry 

Grass/Other 600 4336 382 70 5388 

USDAFS Total 2285 22983 10853 383 36504 

Google User's Accuracy 

Commission 

Error 

Impervious 851/4308 20% 80% 

Tree 13450/17627 76% 24% 

Irrigated Grass 5528/9181 60% 40% 

Dry Grass/Other 70/5388 1% 99% 
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Table 4 Site 2 Canopy Accuracy by Imagery Product  

  

 

 

 

 

 

 

 

 

 

  USDAFS, McPherson, 2008 
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PERCENT 

Impervious Tree 

Irrigated 

Grass 

Dry 

Grass/Other 

Impervious 0.6% 53.1% 45.8% 0.4% 

Tree 0.4% 64.3% 35.0% 0.3% 

Irrigated 

Grass 

0.1% 12.0% 87.5% 0.3% 

Dry 

Grass/Other 

0.2% 18.3% 80.7% 0.8% 

 

Two Dimensional Comparisons 
McPherson Canopy Area Total: 9680 x .6m x.6m = 3484 m2 

Google Canopy Area Total: 9634 x .6m x .6m = 3468 m2 

McPherson/Google Canopy Area (both classified canopy): 6190 x .6m x .6m = 2228 m2 

ATCM Canopy Area Low: 3535 m2 

ATCM Canopy Area High: 6140 m2 

 

USDAFS Producer's Accuracy Omission Error 

Impervious 13/83 16% 84% 

Tree 6190/9680 64% 36% 

Irrigated Grass 11863/19513 61% 39% 

Dry Grass/Other 32/113 28% 72% 

 

Google User's Accuracy Commission Error 

Impervious 13/2096 1% 99% 

Tree 6190/9634 64% 36% 

Irrigated Grass 11863/13551 88% 12% 

Dry Grass/Other 32/4108 1% 99% 

 

Khat 34% 

Overall Accuracy 62% 

 USDAFS, McPherson, 2008 

G
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PIXEL 
Impervious Tree 

Irrigated 

Grass 

Dry 

Grass/Other 

Google 

Total 

Impervious 13 1114 961 8 2096 

Tree 42 6190 3372 30 9634 

Irrigated Grass 19 1626 11863 43 13551 

Dray 

Grass/Other 9 750 3317 32 4108 

USDAFS Total 83 9680 19513 113 29389 
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5. Discussion   

The age of managing our forests and plants remotely has arrived. A Google earth screen 

capture TCC product verified the McPherson USDA Forest Service TCC classification with 76% 

accuracy at Site 1 and with 99% accuracy at Site 2. This means that it is possible to take a screen 

capture of a high-resolution satellite image and process it to government standards of accuracy to 

measure canopy cover for typical tree lined streets in urban environments anywhere in the world. 

The KTCM gave TCC estimates that were comparable to the TCC estimates from both 

McPherson and Google. I think the lack of a stronger correlation with the KTCM ground truth 

with the two products (Google and McPherson) were from canopy overlap accounted for in the 

ground truth, and because the ground truth data was taken a few years after the images were 

taken and the tree canopy grew. At site 1, the joint Google/McPherson TCC derived from the 

error matrix was in between the KTCM low and high TCC estimate. At site two the joint Google 

McPherson TCC derived from the error matrix was lower than both satellite products estimates 

alone and both the high and low estimate of the KTCM. The two satellite image TCC’s were 

almost the same which I attribute to the images having been taken within a short period of time 

from each other and the KTCM’s higher TCC estimate being taken a few years later –so in short 

temporal errors. To get a better calibration, the satellite images and the KTCM ground 

measurement would have to be taken within the same year and season, if not week or day. 

Current tree census data can be updated to verify high resolution remote sensing products 

without adding to the cost of the census. While the KTCM added 8 knew geometric 

measurements, the whole time to survey a tree remained about the same (2-5 min depending on 

size of tree) because of the use of the laser range finder. Real-time urban forestry is now possible 

with handheld surveying technology that can track and map many variables (temperature, built in 
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LiDAR in the iPhone 8, rainfall, etc.). The KTCM modifies the USDA Forest Service tree 

census data model by adding 8 geometric parameters thereby creating the potential for national 

datasets that could calibrate both two- and three-dimensional imagery as well as new datasets 

from handhelds. Allometric modeling, the current calibration for canopy volume, is useful for 

natural environments where species profiles are created and where the profile is less stochastic 

because the specimens are in their ideal habitat. Variations in growth profiles between tree 

species can vary greatly, which means that greater attention and modeling at the species level is 

needed from in-situ data sets (see Graph 2).   

Graph 2 2D Kabachnik-Varignon Low Canopy Cover Estimate   

      

Graph 2: DBH has a stronger relationship with the Kabachnik-Varignon shape which represents a low canopy area 

estimate than height. This may be because there are many families and species of trees plotted here that have 

different growth patterns. It also indicate that DBH is a stronger variable to assess canopy than height.   

   

 

 

 

 

 

 

 

 

 

 

 



42 

 

Graph 3 2D Kabachnik Ellipse High Canopy Cover Estimate   

      

Graph 3: DBH and the Kabachnik Ellipse (canopy area) has a much stronger relationship with DBH across species 

than it does with tree height.   

   

Graph 4 2D Kabachnik Ellipsoid Canopy Volume Estimate   

      

Graph 4: DBH and the Kabachnik Ellipsoid (high estimate for canopy cover are correlated more closely than DBH 

and Height in Graph 5. This is significant since normally it is DBH and height that are used for allometric equations. 

The specimens from this study are from many tree families from around the world. In this instance, it appears DBH 

is a more stable predictor for these two representative plots of urban forest.   
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Graph 5 DBH and Height Correlation   

   

   

Graph 5: Diameter at Breast Height (DBH) and Height are correlated most when the tree is small. The correlation 

starts to diverge when the trees get taller. This makes sense since DBH is only going to increase vastly with certain 

species that are known to have larger stems.  It looks like there is a point where DBH clumps together with height 

between 13 and 23 meters tall.   

   

Graph 6 2D and 3D Correlation   

   

   

      
Graph 6: It is expected that all these scatter plots are highly correlated as they are derived from the Kabachnik 

shapes.    
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5.1 Limitations   

The error of a geopositioning system (GPS) is greater than high spatial resolution (sub 

meter pixel) imagery. These high spatial resolution images are used as ground truth for lower 

spatial resolution products all the time. This means that analysts are relying heavily on photo 

interpretation to verify their images and features on the Earth. High resolution imagery is costly 

and takes a lot more time to process because tile coverage is smaller and extensive tile mosaicing 

is required. There is no substitute for in-situ data as errors can still occur in satellite image 

processing and classification. For TCC image analysis in-situ data would be collected during the 

same season as the image was taken to eliminate inter-annual variance and canopy change and 

growth. Deciduous canopy can also have significantly varied signatures due to inter-annual 

canopy variance because of canopy density and color changes from flowers or deciduous color 

change (see Map 6 and D7), so ideally two images of a site would be ground truthed around the 

solstices: a winter scene around mid-December and a summer scene around mid-July. In this 

study, two different geospatial products were compared, which were both taken at peak foliage 

on different days which contributed to error in the matrix analysis. The error would have been 

less if the supervised classifications compared were of the same image and if the in-situ data 

were also collected at the same time.   

5.2 Applications   

Some background errors like soil and shadow make characterizing trees by remote 

sensing even more difficult (McPherson, 2008). Reducing noise from 2D systematic errors like 

these is easy when topography generated from 3D products can identify a shadow. When LiDAR 

cannot be used or is cost prohibitive, the KTCM could aid in giving a comparative volumetric 

estimate. Future research could further model the KTCM equations in 3D mapping to automate 

ground truthing images and aid in eliminating traditional two-dimensional issues such as shadow 
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and other spectral classification errors. Additionally, as modeled in Figures 1 and 2, the KTCM 

could help to assess the accuracy and calibrate canopy volume estimates from LiDAR and other 

three-dimensional data in urban and natural environments.   

   Multi-story canopy is very difficult to analyze using satellite imagery, so it is important 

to recognize the limitations associated with using Total Canopy Cover (TCC) as a metric, 

because TCC is two-dimensional, only indicating the spread of canopy across land surfaces 

(McPherson, 2008) which cannot account for canopy that overlaps and may be relevant and 

provide ecosystem services at different times of the year. There is currently no methodology to 

account for this. The KTCM provides a data set that can help to adjust for this error in TCC 

estimates. In a 2005 Vancouver urban tree study, two types of remotely sensed techniques were 

used to map canopy cover with a 92.7% accuracy, LiDAR and infrared photography. The 

LiDAR data was analyzed to identify above surface features and the infrared data was analyzed 

to identify vegetation areas (Kaler & Ray, 2005). The KTCM could help to identify other 

parameters that are used as proxies for estimates like biomass, leaf area index, and carbon 

storage. This is because LiDAR cloud point density can be quantified as points that exist within 

the canopy as determined by the KTCM in-situ data set and points external to the actual canopy. 

The KTCM could be used to estimate canopy density and in general calibrate biomass models 

derived from LiDAR, at the moment with a total estimate, but with further research as an 

integrated layer per georectified tree. A major limitation for this study is that a LiDAR pass was 

not attained for the plot sites and so the application could not be tested with the two study areas. 

Graph 7 shows that the majority of biomass for hard and soft woods are aboveground which 

confirms the importance of ABG estimates. Currently, DBH values are used in biomass 

equations to estimate carbon storage (USDAFS UFPRP, 2008). The KTCM has not been tested 
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against 3D remotely sensed data, but still provides an estimate of canopy volume and the 

biomass of a tree’s trunk and canopy based on the in-situ data. 

Graph 7 Jenkins Above Ground Proportions for Tree Biomass   

   

(Jenkins et al, 2003)   

The Kabachnik-Varignon Quadrilateral model could potentially have applications in 

astrophysics where remote sensing and spectral classification is again a primary tool for 

identifying phenomena in space. Having a method that can identify the change in shape and 

change in orbit by quadrant would be new. The Kabachnik-Varignon Quadrilateral can allow for 

a systematic cardinal direction approach to tracking changes in astrophysical phenomenon with 

irregular elliptical like shapes captured through remote sensed imagery and processed in a 

similar way to satellite imagery.   

6 Conclusion   

As we brace for accelerated climate change in the next few decades, it will be important 

to be able to manage our biogenic infrastructure in a more comprehensive way that affords us 
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real time adaptation strategies. No forest can provide all of these values and benefits in the same 

place at the same time (NCSSF, 2008), and thus it will be up to forest managers to refine the best 

practices for all urban forest uses by employing the best technology and modeling available. The 

standards for baseline ground truth data collection has to be updated, and KTCM offers a 

comprehensive approach to do that. High resolution imagery is currently used as the digital 

ground truth for the verification for all remotely sensed products. Google earth has built a 

monopoly on high resolution imagery and open source philosophy. The implications for poorer 

countries and NGOs to use open source imagery and methods to track forests around the world 

could help to bring many hectares of land into a standardized management framework that just a 

decade ago would have been impossible. For this reason, it is useful to know the accuracy and 

limitations of Google high resolution screen captures as a tool for the remote sensing analysis of 

urban forests.    

Since more and more sectors are deferring to Google as the industry leader in 

geovisualization and user accessibility and user ability, it is highly likely that in the future tiles of 

different types will be downloadable from Google –if not in their original file format, then by 

screen capture. Federal contracting records reviewed by Consumer Watchdog show that the FBI 

has spent more than $600,000 on Google Earth since 2007 while The Drug Enforcement   

Administration has spent more than $67,000 (AP Wire, 2010), all for monitoring purposes.   We 

need policies that enable landscape-level forest planning and management coordination across 

ownership types together with incentives for private landowners to practice sustainable forestry 

and conserve native plants and animals (NCSSF, 2008). The U.S. Department of Forest 

Service’s Center for Urban Forest Research is leading the way on cooperative urban forest data 

collection and the City of Vancouver on data integration for urban forest management. Two of 

the challenges identified nationally is the declining education of forestry professionals who can 
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integrate and apply knowledge across various disciplines and a decline in capacity in many areas 

of forestry research that is essential to meet future sustainability challenges (NCSSF, 2008). The 

Forest Service Data used in this study was ground verified by Tree People staff, a well-known 

Los Angeles non-profit founded by citizen forester Andy Lipkis, that has piloted a highly 

acclaimed and successful citizen forester program. It is these types of public/ private/ non-profit 

models of cooperation that have been the most successful in managing our biogenic resources in 

highly urbanized settings.    

   The Street Tree Resource Analysis Tool for Urban Forest Managers (STRATUM) i-Tree 

is a software suite that aids in field data collection and processing that is currently being 

implemented across the country to aid in the quantification of urban tree amenities. i-Tree promotes 

itself as a tool for assessing and managing community forests (i-Tree, 2009). The canopy area 

feature is derived from freely available national land cover data maps (i-Tree, 2009). It is a great 

field tool that tracks a lot of valuable information, but there is no method for 3D ground truth data 

to assess the accuracy of the land cover data maps. i-tree has a subset of users in certain ‘census 

block groups’ that are using metrics derived from high resolution (1 square meter) land cover 

datasets developed by the EnviroAtlas team using aerial photography, LIDAR data, and 2D ground 

truth data and statistical equations (Pickard, 2015, i-tree, 2019). The measurements outlined in 

Table 2 can easily be added to the i-Tree data collection platform at little to no cost and would 

provide scientists and professionals with 3D ground truth data to calibrate remotely sensed models 

like the one used for i-tree biomass estimates.   

6.1 Urban Carbon Market   

   The carbon market (atmospheric capture and biomass capture) is one of the major drivers 

of the application of geospatial intelligence technology (USDAFS UFPRP, 2008). Predicting 

future trends in urban forest structure, function, and management needs, requires a richer data set 
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than TCC alone provides (McPherson, 2008). It may not be economically feasible to monitor 

every urban tree each year today, this should be a goal. Proper incentivized markets start with 

proper field methods. The carbon market is founded on faulty baselines that can and should be 

upgraded to reflect the best in show technology –otherwise the point of the market becomes 

detrimental to the reason it was implemented—to reduce carbon in our atmosphere. 

6.2 Future research   

   The tree model created and tested here is primarily geared for biogeographers and field 

ecologists who want to be able to collaborate with remote sensing researchers in a more 

meaningful way. Most of the work done now is focused on advancing the technology behind 

remote sensing products and not the synergy of ground methodologies with remote sensing 

products. In recent years there have been efforts to refocus on the integration of data. Examples 

of this type of integrated urban forest research are: a study on destructive and non-destructive 

above and below ground sampling (Robards, 2008), LiDAR integration work by the City of 

Milwaukee to manage Ash tree pest destruction (Sivyer, 2009), and the landmark report by the 

City of Vancouver that piloted the integrated use of LiDAR data to quantify the cities TCC 

(Kaler & Ray, 2005). The Environmental Systems Research Institute (ESRI) has hosted 

workshops on bridging the gap between Remote Sensing and GIS for science applications, and 

the University of Colorado has an Institute dedicated to Integrated Remote and In Situ Sensing 

(IRISS) that launched in 2014 in response to President Obama’s nationwide call to action for 

companies, research universities, foundations, and philanthropists to seek solutions to the 

pressing problems facing our world today (IRISS, 2017). Programs like these address the serious 

impacts resulting from the poor accuracy of results not calibrated with in-situ data.  

   Future research would focus on further testing the KTCM against other urban forest 

estimates of TCC and biomass in both 2D and 3D. The major weakness in urban forest data 
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management is that the ground parameters being used to verify the accuracy of the two- and 

three-dimensional estimates include only DBH and or tree height. Measuring crown parameters 

is important, the more you measure of the tree’s structure, the better the model becomes (Nowak, 

2015). The results of the research in this thesis challenges the focus of urban forest management 

back to the ground data and recommends that we calibrate technology and baselines to what is 

in-situ.   

  6 Appendix 

Table 5 Site 1 Trees 
 

Total Trees (66 single stem, 34 multi-stem) 100 

Basal Area m2 25.5 

Native Tree specimens 18 

Deciduous 176 

Evergreen 15 

Stems (defined by DBH at 1.3m) 191 

 
Table E1: This table gives a breakdown of the number of trees, the basal area of Site 1 and how many trees are 

deciduous, evergreen and which have multiple stems. 

 

Table 6 Site 2 Trees 

 

Total Trees (17 single stem) 17 

Basal Area m2 15.9 

Native Tree specimens 0 

Deciduous 0 

Evergreen 17 

Stems (defined by DBH at 1.3m) 17 

 
Table E2: This table gives a breakdown of the number of trees, the basal area of Site21 and how many trees are 

deciduous, evergreen and which have multiple stems. 
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Table 7 Site 1 Physiological Tree Index 
D = Deciduous 

E= Evergreen 

N= Native 

NN= Not Native 

R= Riparian 

City of Los Angeles 

91= Street Tree 1991 (Meyerhoff, 1991) 

07= Street Tree 2007 (City of Los Angeles, 2007) 

917= Street Tree 1991 & 2007 

 

Family Genus species Characteristics Origin/Range 

Apocynaceae Carissa macrocarpa D, NN Northern South Africa 

Aquifoliaceae Ilex aquifolium L. D, NN SW Europe, NW Africa, SW Asia 

Altingiaceae Liquidamba styraciflua r D, NN, 91,07 Eastern U.S. 

Betulaceae Alnus rhombifolia D, N, 07, R California to Oregon 

Bignoniaceae Jacaranda mimosifolia D, NN, 91,07 Brazil 

Fabaceae Erythrina caffra D, NN, 07 South Africa 

Laurelaceae Cocculus laurifolius D, NN Japan and China 

Magnoliaceae Magnolia ×soulangiana D, NN, 91 China 

Moraceae Ficus benjamina D, NN, 07 SE Asia, Philippines 

Moraceae Ficus carica D, NN Mediterranean 

Myrtaceae Corymbia maculata D, NN Australia 

Pinaceae Pinus canariensis E, NN, 91,07 Canary Islands 

Pittosporaceae Pittosporum undulatum D, NN, 91,07 Australia 

Platanaceae Platanus racemosa D, N, 07, R Los Angeles 

Podocarpaceae Podocarpus gracilior E, NN,07 East Africa 

Taxodiaceae Sequoia sempervirons E, N, 07 California 

Theaceae Camellia sasanqua D, 07 China and Japan 

 

Table 8 Site 2 Physiological Tree Index 

 
D = Deciduous 

E= Evergreen 

N= Native 

NN= Not Native 

R= Riparian 

City of Los Angeles 

91= Street Tree 1991 (Meyerhoff, 1991) 

07= Street Tree 2007 (City of Los Angeles, 2007) 

917= Street Tree 1991 & 2007 

 
Family Genus Characteristics Origin/Range 

Moraceae Ficus natida E, NN, 91 India 

Pinaceae Pinus pinea E, NN Mediterranean 

Table E4: Table E4 and E5 use the same key. These tables are a complete listing of all tree species found at both 

sites. The table provides the origin/range, weather it is native to California, and if it has ever been designated a 

street tree.  

 

Table 9 Site 1 Canopy Area Ellipse, Quadrilateral, and Quadrant in m2 

 Ellipse Quadrilateral NE Ellipse ES Ellipse SW Ellipse WN Ellipse 

SUM 7307.5 4323.9 1747.7 1911.6 1888.5 1759.7 

STDEV 66.3 39.7 173.4 189.3 186.9 174.4 

MEAN 73.1 43.2 17.5 19.1 18.9 17.6 

Table E5: This table outlines the area in meters squared by ellipse, quadrilateral, and quadrant direction for Site 1. 
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Table 10 Site 1 Canopy Height & Extent in m (DBH is in cm) 

 

Tree 

Height 

Stem 

Height DBH N Canopy E Canopy S Canopy W Canopy 

STDEV 9.7 2.4 25.3 3.4 2.9 2.9 3.2 

MEAN 13.8 2.9 33.0 3.9 4.3 4.2 4.2 

Table E6: This table gives average tree and stem height as well as DBH, and canopy directional extent. 

 

Table 11 Site 2 Canopy Area Ellipse, Quadrilateral, and Quadrant in m2 

 Ellipse Quadrilateral NE Ellipse ES Ellipse SW Ellipse WN Ellipse 

SUM 6140.3 3535.9 1554.6 1549.2 1530.6 1510.1 

STDEV 878.2 504.6 218.0 220.8 223.5 216.3 

MEAN 472.3 272.0 119.6 119.2 117.7 116.2 

 

Table 12 Site 2 Canopy Height & Extent in m (DBH is in cm) 

 

Tree 

Height 

Stem 

Height DBH N Canopy E Canopy S Canopy W Canopy 

STDEV 3.4 0.5 40.2 2.2 2.4 1.8 1.8 

MEAN 15.5 3.5 102.2 6.9 7.3 7.2 7.4 
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Table 13 Table Raw Field Data 

Table Key 

Southern California Native, SCN 

Not Native, NN 

Evergreen, E 

Deciduous, D 
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The Sequoia sempervirons is the only tree in the survey from either plot that had the conical shape usually 

associated with the pinaceae family. Therefore, this table has both the tree model calculated for both Kabachnik’s 

Ellipsoid and Kabachnik’s Ellipsoid Cone. The difference in the model for canopy volume speaks to how important 

tree architecture is in quantifying canopy volume.  
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