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Abstract 

The i-Tree Eco model, developed by the U.S. Forest Service, is commonly used to estimate the 

value of the urban forest and the ecosystem services trees provide. The model relies on field-

based measurements to estimate ecosystem service values. However, the methods for collecting 

the field data required for the model can be extensive and costly for large areas, and data 

collection can thus be a barrier to implementing the model for many cities. This study 

investigated the use of geospatial technologies as a means to collect urban forest structure 

measurements within the City of Ottawa, Ontario. Results show that geospatial data collection 

methods can serve as a proxy for urban forest structure parameters required by i-Tree Eco. 

Valuations using the geospatial approach are shown to be less accurate than those developed 

from field-based data, but significantly less expensive. Planners must weigh the limitations of 

either approach when planning assessment projects. 
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Introduction 

As city planners and managers strive to meet their sustainability goals, they are 

increasingly emphasizing the urban forest and its functions and benefits, or services, within the 

urban ecosystem (Dwyer, Nowak, Noble, & Sisinni, 2000). Ecosystem services are defined as 

“those processes of ecosystems that support (directly or indirectly) human wellbeing (Patterson 

& Coelho, 2009, p. 1639). An increasingly common approach in urban and sustainability 

planning is to link the ecosystem services of the natural environment to the city’s long-term 

viability (Costanza et al., 1987; Farber, Costanza, & Wilson, 2002). This ecosystem service 

linkage is a critical component of urban sustainability (McPherson et al., 1997), as it improves 

“the social and economic conditions of increasingly urbanized populations while helping to 

maintain environmental quality” (Escobedo, Kroeger, & Wagner, 2011, p. 2085).  

To obtain information about the ecosystem services that urban forests and trees provide, 

city planners, policy makers, and residents commonly use the Urban Forest Effects (UFORE)/i-

Tree Eco model, developed by the U.S. Forest Service (Maco & McPherson, 2003; Nowak & 

Crane, 2002; Nowak, Crane, & Dwyer, 2002; Patterson & Coelho, 2009, p. 1643). Ecosystem 

service analyses have been completed for more than 20 cities in the United States and Canada 

and more than 50 cities around the globe (Nowak et al., 2008). These analyses have provided 

stakeholders with estimates of ecosystem service values for their respective areas (U.S. Forest 

Service, 2011b). With information about their urban forest structure and its inherent value, 

“planners can affect the city’s physical, biological, and socioeconomic environments” in order to 

meet their sustainability goals (Nowak & Dwyer, 2009, p. 25).  

While the UFORE/i-Tree Eco model provides valuable information, there are limitations 

with the method. The models require labour-intensive data collected either from a complete 
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census of a defined area (in which all trees are measured) or from a randomly selected series of 

field plots within a study area (U.S. Forest Service, 2011a). While some plot information is 

typically collected as part of a city’s forest management sampling (if a program exists), many 

required measurements are specific to UFORE/i-Tree Eco. Field data collection is costly and 

thus can be a limiting factor or barrier to the implementation of the ecosystem service valuation 

model.  

The goal of this project is to provide urban planners and urban land managers with 

improved access to ecosystem service models. The study will focus on the ecosystem services 

provided by urban forests. The objective of the research is to investigate the use of remotely 

sensed data to assist in the development of the UFORE/i-Tree Eco models and to examine 

whether geospatial models and remotely sensed data can serve as a proxy for a portion of the 

field data required to build the UFORE/i-Tree Eco models. If the data can be shown to be an 

effective substitute for of UFORE/i-Tree Eco plot data requirements, then the cost barrier to the 

valuation of ecosystem services may be removed or reduced.  

Research Question 

Can geospatial modeling and remotely-sensed data act as a substitute for in situ field 

data in the assessment of ecosystem services derived from the UFORE/i-Tree Eco model? 
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Background 

The following sections describe information needs as they relate to the assessment of 

ecosystem services as well as forest inventory methods used to collect and manage data. 

Reliable, comparable, and current information about the urban forest is crucial to managers and 

foresters to set goals and make policy decisions, and to understand and assess ecosystem services 

in particular. In recent years a more comprehensive ecosystem approach has led to data needs 

which describe the greater urban environment as well as individual trees. This need has led to the 

development of improved methods, tools and systems to help collect and compile information 

(Schipperijn, Pillmann, Tyrväinen, Mäkinen, & O’Sullivan, 2005). These methods, including 

remote sensing approaches, have been shown to meet information standards while being cost 

effective. 

Urban Forest and Structure 

Urban forests are defined as the trees, shrubs, and pervious soils located in highly altered 

and extremely complex ecosystems where humans are the main drivers of their types, amounts, 

and distribution (Dobbs, Escobedo, & Zipperer, 2011). Urban forest structure is defined as the 

amount, size, and distribution of the urban forest and the way the forest is arrayed in relation to 

other components of the built environment, such as buildings, roads, and waterways (McPherson 

et al., 1997; Ward & Johnson, 2007a).  A city’s current urban forest structure is dependent on 

many factors, both ecological (e.g., climate, soils, and weather patterns) and anthropogenic (e.g., 

previous development or historic land management) (McPherson et al., 1997). Urban forest 

structure has a significant influence on forest function (Nowak & Dwyer, 2007), which is 

responsible for many wide ranging ecosystem outputs, which in turn can result in positive, 

neutral, or negative consequences to the urban environment’s inhabitants. The net benefits, 
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services, costs, or dis-services, of the ecosystem outputs are largely dependent on the urban 

setting and the relative distribution of urban trees (Nowak & Crane, 2002; Escobedo, Kroeger, & 

Wagner, 2011).  

Benefits and Costs of the Urban Forest 

Interpretations of sustainability and the approaches to sustainable forest management 

within the urban ecosystem are wide ranging and continue to evolve (Ordóñez & Duinker, 2010). 

However, a sustainable urban forest is one that maintains biodiversity, productivity, regenerative 

capacity, vitality, and the potential to fulfill relevant ecological, economic, and social functions 

(Wiersum, 1995). If sustainability is to be a consideration in developing city plans that include 

an urban forestry plan, quantifying and understanding the benefits and costs of the urban forest is 

a necessary part of the process (Carreiro & Zipperer, 2008). There are wide ranges of potential 

costs associated with the urban forest; and, as with all ecosystems, numerous interactions must 

be understood to optimize the net benefits from urban vegetation (Nowak & Dwyer, 2007).  

The urban forest provides many benefits. A well connected, structured, and diverse urban 

forest can play a significant role in the urban ecosystem to reduce energy consumption, moderate 

urban pollution and waste, and influence the physical and mental well-being of residents 

(Konstantinos et al., 2007; Manning, 2008; Ordóñez & Duinker, 2010). These benefits can be 

grouped into three general categories: ecosystem, social, and economic (Ordóñez & Duinker, 

2010, p. 1512).  

Examples of ecosystem benefits and services provided by the urban forest are outlined in 

Table 1, but in general they include supporting and regulating ecological services such as a 

healthier environment, and provide better environmental controls and improved habitats for 

wildlife (Millennium Ecosystem Assessment, 2003). Social benefits are the human centric and 
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intangible benefits received from our natural environment. Economic benefits, at least in this 

schema, imply benefits to humans that can be valued in monetary terms.  

Table 1 
Example benefits and associated ecosystem services provided by urban forest ecosystem 
structure and functions. 
Benefit Ecosystem Service 
Economic  

Property value premiums 
Heath benefits through avoided costs 
through improved air quality and 
temperature moderation 
Infrastructure benefits though avoided 
built infrastructure costs; i.e., storm 
water networks, treatment plants, 
climate mitigation damages 

Provision of aesthetic views 
Tree shade and wind reduction, carbon (C) 
sequestration, drinking water quality, air 
quality improvements (low pollutant levels) 
Storm water reduction; soil infiltration, air 
quality improvement, attenuation of tidal 
waves and wind storms, carbon sequestration 
erosion control, soil nutrient retention 

  
Social   

Outdoor Recreation Provision of natural areas 
Residential amenities 
Aesthetic Quality  
Positive psychological effects 
Emotional or Spiritual Benefits 

Provision of aesthetic views 
 

Ecosystem   
Harbouring wildlife 
Cooling and heating 

Provision of natural areas 
Tree shading and wind protection 

Drinking water provision – avoided 
treatment and transportation costs 

Aquifer and surface water quality (nutrient and 
sediment removal) 

Improved air quality and temperature 
moderation 

 

  
Adapted from (Ordóñez & Duinker, 2010) 

A great deal of research has focused on the benefits obtained from ecosystem processes 

(Millennium Ecosystem Assessment, 2003) and specifically those related to the urban forest 

(Dwyer, Nowak, Noble, & Sisinni, 2000; Nowak & Dwyer, 2009; Nowak & Dwyer, 2007). 

Urban trees moderate temperatures during summer months by transpiring water and by absorbing 

solar radiation, thus altering the storage and exchange of heat from urban surfaces. In dense 

stands, trees can mitigate heating costs during the winter by altering wind speeds, which in turn 
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reduces heat loss from urban structures (Nowak & Dwyer, 2007). Urban forest ecosystem service 

benefits have been identified as a means to moderate or improve effects to environmental quality 

due to the urban built environment. 

However, urban forests can also have real or perceived negative impacts within the urban 

environment (Table 2). Negative effects from urban forests are more often categorized and 

quantified by their direct impact on city inhabitants and resources. Complicating matters when 

accounting for net benefit or cost of a particular function are the difficulties in accounting for a 

myriad of potential variables: for example, when one accounts for all energy inputs to an urban 

tree, including active pruning, watering, leaf removal, and tree removal and disposal, trees can be 

net CO2 emitters over their life cycle. Furthermore, as with ecosystem services or benefits, the 

degree of negative impact or dis-services from urban forests often accrues differently between 

individuals or communities (Zhang, Ricketts, Kremen, Carney, & Swinton, 2007; Agbenyega, 

Burgess, Cook, & Morris, 2009; Escobedo, Kroeger, & Wagner, 2011, p. 2081). For example, 

tree pollen affects individuals differently based on allergen sensitivity and observed aesthetic 

value or impact. 
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Table 2 

Examples of costs and associated ecosystem disservices of urban forests. 

Cost Ecosystem Dis-service 

Economic Pruning, planting, replacement, removal, transplants, pest and disease 
control, irrigation (from individuals and larger city programs) 

 Increased humidity – decreased human comfort 

 Foregone land use opportunities 

 Blocked sunlight – increased energy use 

Social  Allergenic pollen and urushiol 

 Refuge for vector-spread diseases: Lyme disease, West Nile 
encephalitis, dengue fever, rabies 

 Fear of crime, safety hazards from tree fall 

Ecosystem Water quantity and quality – fertilizer and pesticide runoff 

 Air pollution emissions from maintenance activities – carbon and 
methane from decomposition, air pollutants 

 Volatile organic compound and secondary aerosol emissions 

 Displacement of native species and/or introduction of invasive 
species 

Adapted from (Escobedo, Kroeger, & Wagner, 2011). 

Urban Forest Inventory Methods and Technologies 

Geographic Information System (GIS) software allows users to manage and analyze large 

amounts of data linked by geographic location. The software can be used to map and integrate 

multiple urban data sources, including remotely sensed data, and has resulted in more efficient 

and in-depth analyses of the urban environment. GISs are capable of assessing spatial patterns 

and distributions of urban forest characteristics and developing models used to assist in 

management decisions. For example, spatial overlays of current and planned development 

together with environmental maps can help planners identify locations for new plantings that 

enhance social and ecological benefits and identify opportunities for linking isolated forest 

components to provide greater ecological and social connectivity (Carreiro & Zipperer, 2008).  
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Urban planners, foresters, and managers rely on information about various aspects of 

urban forest resources. Management of urban forest occurs at the city-scale, where the 

complexity of the urban forest ecosystem is most evident (Conway & Urbani, 2007). Decisions 

to inventory urban forest characteristics such as size, location, species, and vegetation condition 

will vary based on the management goals, technical acumen, and financial resources available to 

a city. Different methods, tools and systems to help collect, compile, and use information about 

the urban forest have developed according to differing management goals and resources. Global 

Positioning Systems (GPS) and GIS have been critical to collecting data and maintaining 

information about the urban forest and individual trees. GPS is a satellite-based location system 

used to compute geographic positions. GIS has proven to be useful, if not critical, in the storage 

and on-demand access and visualization of data (for example, in-situ measurements of trees and 

their characteristics) and the development of information (analysis, calculations, extrapolation of 

data) to inform the decision making process (Schipperijn, Pillmann, Tyrväinen, Mäkinen, & 

O’Sullivan, 2005). 

Field data collection has been an approach used by many urban forest programs as a 

systematic and accurate means of gathering data. However, the limitations of cost and efficiency 

have led to demands for newer approaches to measuring the urban environment (Ward & 

Johnson, 2007b). As urban forest managers have broadened their management focus from street 

or municipally owned trees to an urban ecosystem approach, geospatial technologies have been 

used to fulfill an increasing need for more current and extensive information about urban natural 

resources (McPherson et al., 1997). Information gathering technologies such as remotely sensed 

data via satellite or aircraft are collected in many cities as part of ongoing mapping programs; 

cities routinely collect remotely sensed data for base and cadastral mapping and infrastructure 
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planning, as well as environmental planning (Jensen, Hodgson, Tullis, & Raber, 2005).  

Remotely sensed data is a cost effective, financially feasible, and repeatable method of data 

capture and has been shown to be a viable method to assess a city’s vegetation resources 

(Carreiro & Zipperer, 2008).  

Ground-based data. Individual tree surveys comprise the vast majority of data related to 

urban trees (Schipperijn, Pillmann, Tyrväinen, Mäkinen, & O’Sullivan, 2005). Ground surveys 

conducted by field teams have been the traditional method of capture for data related to large-

scale, in the mapping sense, data requirements. Field data recording is aided by means of 

standardized field sheets or hand-held computers and GPS (Ward & Johnson, 2007a). 

Advantages of ground surveys are that direct measurements collected by knowledgeable 

surveyors can be made of an individual tree’s characteristics, such as species, height, size, health, 

and condition. Ground-based methods are limited to small areas, as they are expensive and 

usually labour and time intensive (Myeong, Nowak, & Duggin, 2006). The majority of urban 

forest programs focus on ground-based inventories that are street tree-based, as regional 

governments are disproportionately biased towards the management of public trees (Conway & 

Urbani, 2007). But in recent years this focus has expanded to include information on the entire 

urban ecosystem, including more current and extensive information about natural resources 

necessary to a management perspective (McPherson et al., 1997; Ward & Johnson, 2007a).  

Remote sensing. Remote sensing is a method of obtaining information about an object, 

area, or phenomenon through the analysis of data acquired by a sensor that is not in contact with 

the target under investigation (Lillesand, Kiefer, & Chipman, 2008). Data are collected by 

sensors, which are categorized as either passive or active. Passive sensors measure either 

reflected or emitted electromagnetic (EM) energy from a target, such as reflected sunlight or 
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thermal energy. Active sensors provide their own illumination source and measure EM data, 

which are in turn reflected back and recorded, such as ranging stages from a Radio Detection and 

Ranging (RADAR) system, or light pulse returns from a Light Detection and Ranging (LIDAR) 

system (Lillesand, Kiefer, & Chipman, 2008). Photo interpretation of aerial photographs has long 

been used by foresters to supplement ground-based data. Newer digital technologies have 

allowed for improved, repeatable, and objective methods to monitor urban forest, particularly at 

smaller scales, such as neighbourhood or city levels (Myeong, Nowak, & Duggin, 2006).  

High spatial resolution imagery is particularly well suited for urban applications because 

the spatial scale allows for more detailed mapping of individual features as compared to 

moderate spatial resolution imagery (Jensen, Hodgson, Tullis, & Raber, 2005). Digital image 

analysis has served to assess information about urban trees and about the larger urban ecosystem; 

for example, high spatial resolution digital imagery has been used to delineate and categorize 

urban cover types (Myeong, Nowak, Hopkins, & Brock, 2001) and urban forest species 

(Ruiliang, 2011), tree health and mortality indicators (Xiao & McPherson, 2005), urban climate 

monitoring (Sobrino, Oltra-Carrio, Sapria, Bianchi, & Paganini, 2012), changes over time of 

carbon storage from urban trees (Myeong, Nowak, & Duggin, 2006), and mapping of impervious 

surfaces and the built environment (Jensen, Hodgson, Tullis, & Raber, 2005).   

High spectral and spatial resolution sensors have been shown to be viable data sources for 

identification of individual trees and species and for health assessment (Xiao, Ustin, & 

McPherson, 2004; Xiao & McPherson, 2005; Voss & Sugumaran, 2008; Pu, 2011). However, 

the development of highly accurate maps in urban settings becomes a problem because of 

complex spatial assemblages of disparate patches of land cover types. “Urban areas are a variety 

of many tree types (e.g. species and dimensions), land uses, and man-made structures, each of 
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which has different spectral characteristics” (Xiao, Ustin, & McPherson, 2004, p. 5635). Unlike 

trees in rural forests, which tend to form continuous canopies of few species, trees in urban 

settings are often single trees or heterogeneous groups. The influence of background items such 

as ground features and shadow and the heterogeneous and highly varied urban environment 

makes identifying and characterizing urban trees by remote sensing difficult.  
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LIDAR. Passive remote sensing systems are capable of collecting data over large areas 

but are limited to collecting information from urban forest canopies and lack the ability to record 

vertical structure.  Two-dimensional optical images are capable of estimating

parameters like tree height, above ground biomass, 

aggregate stands and are limited when estimating similar variables for individual trees 

& Wynne, 2012; Wulder, 1998). LIDAR systems are capable of collecting vertical structure data 

of individual trees and as such can be used to collect parameters such as tree height and crown 

diameter. LIDAR instruments sample at rates great

accurate (± 15 cm vertical and ± 50 cm horizontal accuracies in general), georeferenced, 

dimensional representations of target features (

 

Figure 1. Schematic of an airborne laser scanning system

Airborne LIDAR systems used to map urban environments are multiple return systems 

that capture many returns per pulse
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Passive remote sensing systems are capable of collecting data over large areas 

but are limited to collecting information from urban forest canopies and lack the ability to record 

dimensional optical images are capable of estimating forest biophysical 

parameters like tree height, above ground biomass, and leaf area index, but generally do so for 

aggregate stands and are limited when estimating similar variables for individual trees 

. LIDAR systems are capable of collecting vertical structure data 

of individual trees and as such can be used to collect parameters such as tree height and crown 

diameter. LIDAR instruments sample at rates greater than 150 kilohertz and generate highly 

accurate (± 15 cm vertical and ± 50 cm horizontal accuracies in general), georeferenced, 

dimensional representations of target features (Figure 1) (NOAA, 2012).  

 

. Schematic of an airborne laser scanning system (FUSION Manual, 2012)

Airborne LIDAR systems used to map urban environments are multiple return systems 

capture many returns per pulse, as shown in Figure 2 (NOAA, 2012).  LIDAR
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Passive remote sensing systems are capable of collecting data over large areas 

but are limited to collecting information from urban forest canopies and lack the ability to record 

forest biophysical 

leaf area index, but generally do so for 

aggregate stands and are limited when estimating similar variables for individual trees (Shrestha 

. LIDAR systems are capable of collecting vertical structure data 

of individual trees and as such can be used to collect parameters such as tree height and crown 

er than 150 kilohertz and generate highly 

accurate (± 15 cm vertical and ± 50 cm horizontal accuracies in general), georeferenced, three-

(FUSION Manual, 2012). 

Airborne LIDAR systems used to map urban environments are multiple return systems 

LIDAR estimation of 
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tree parameters, such as canopy height or 

foliage or stems, as these make up 

(Shrestha & Wynne, 2012). 

Figure 2. 

 Despite a growing body of 

individual trees, forest parameter 

stand-level groups or communities of trees,

example, it might be used to estimate canopy fuels or timber management 

2010). As Shreshtha & Wynne (2012) suggest, 

distributional height metrics (e.g., mean, range, skewness, percentiles

biophysical parameters, are rare at the individual tree level

for individual trees in urban landscapes

OTTAWA’S URBAN FOREST   

parameters, such as canopy height or diameter, is directly influenced by the 

these make up the majority of tree components intercepting laser pulses 

 

. LIDAR multiple return system (NOAA, 2012)

a growing body of research on the use of LIDAR for data collection on 

ameter measurement studies using LIDAR are typically 

groups or communities of trees, and for estimations in non-urban environments; for 

to estimate canopy fuels or timber management (Erdody & Moskal, 

As Shreshtha & Wynne (2012) suggest, “Studies which exploit the relationships between 

distributional height metrics (e.g., mean, range, skewness, percentiles, etc.) and forest 

at the individual tree level and there are few to no related studies 

for individual trees in urban landscapes” (p. 486), despite the growing number of
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 amount of 

cepting laser pulses 

. 

on the use of LIDAR for data collection on 

LIDAR are typically focused on 

urban environments; for 

(Erdody & Moskal, 

the relationships between 

.) and forest 

there are few to no related studies 

of urban 
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jurisdictions collecting LIDAR data in support of city-wide information requirements (Jensen, 

Hodgson, Tullis, & Raber, 2005).  

While rare, there are examples of studies that have used LIDAR to capture tree structure 

information. Estimates of forest structure components from LIDAR have been shown to be 

successful (Kane et al., 2010; van Leeuwen & Nieuwenhuis, 2010).  For example, using methods 

that in part informed procedures implemented in this study, Shrestha & Wynne (2012) developed 

prediction models to estimate crown height, area, diameter at breast height, and above ground 

biomass for two thousand individual trees in Oklahoma, USA. Jones (2011) demonstrated that 

LIDAR data in conjunction with field inventory data adequately described 88% of a 

community’s street trees. Jones (2011) went on to use the data to calculate ecosystem service 

values using the Street Tree Resource Assessment Tool (STRATUM), a subset suit of models 

within i-Tree Eco. 

Benefit Cost Assessments of Urban Trees 

In general, benefits of urban forests are not fully incorporated into urban planning or 

green space management issues (Escobedo, Kroeger, & Wagner, 2011; Nowak & Dwyer, 2007; 

Schipperijn, Pillmann, Tyrväinen, Mäkinen, & O’Sullivan, 2005).  A common perspective is that 

trees are desirable within the urban environment; however, articulating benefits from a 

management perspective compared to the ability to account for management costs or dis-services 

is difficult. The complexity of interactions between the urban forest and the urban environment 

as a whole makes it difficult to predict the influence of trees on the urban environment, as it 

requires the incorporation of a greater scope of information into management options (Nowak & 

Dwyer, 2007). For example, the location of trees with respect to other components of the urban 

environment can make a substantial difference in the value of the benefits provided by the trees. 
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In addition to forest structure, the value of the ecosystem outputs from urban trees is dependent 

on the relative importance of urban trees to the people within the urban environment, as 

ecosystem services and dis-services are valued based on a human quality of life perspective 

(Escobedo, Kroeger, & Wagner, 2011). 

Research has been conducted to determine the value of the urban forest. Hedonic Pricing 

(HP) methods have been used to estimate economic values for ecosystem urban trees with 

respect to housing prices. Tyrväinen, (1997) examined the amenity value of urban woodlots and 

their effect on apartment sales in Joensuu in North Carelia, Finland. Hedonic models were 

designed to explain purchase prices. Based on sales data for 1006 apartments, his results 

indicated that urban forests benefits were reflected in the property prices. The same study also 

noted that the effect of urban woodlots on apartment price deceased as a function of distance 

from the woodlot. Payton, Lindsey, Wilson, Ottensmann, & Man (2008) used vegetation indices 

from satellite imagery as a measure of the urban forest to develop spatial hedonic housing price 

models for the Indianapolis/Marion County area. GIS models indicated that healthy vegetation 

around a property had a positive and significant effect on housing price.   

Contingent valuation (CV) studies have also been as used to assess values of the urban 

forest.  CV analysis estimates the willingness of people to pay a for service or non-market good, 

such as recreational values or aesthetic values of urban trees. Again in Joensuu, Finland, 

Tyrväinen (1998) studied residents’ willingness to pay for small forest parks and urban wooded 

recreation areas as a measure of these areas’ influence on the quality of the urban environment. 

The study results indicated that most residents were willing to pay for the use of the wooded 

recreation area and that the data could be used in support of continued management and 

maintenance of forested areas within the urban environment. Similar studies of urban residents’ 
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willingness to pay for urban forests conducted in other jurisdictions echo these results, for 

example by Lorenzo et al. (2000) in Mandeville, Louisiana, United States, and  Jim and Chen 

(2006) in Guangzhou, China.  

HP studies analyse actual behaviour and preferences by estimating consumer and 

producer surplus using a market good, typically housing prices. HP studies are based on market 

prices or what is termed “revealed willingness to pay.” This is in contrast to CV studies, which 

analyse stated behaviour and preferences in hypothetical situations of non-market goods, or what 

is termed “stated willingness to pay” (King & Mazzotta, 2000). CV studies are based upon 

surveys designed around scenarios in which participants are asked to make trade-offs between 

goods in order to estimate value. HP studies are considered to contain less bias than CV studies, 

given that value estimates are derived from actual stated preferences from market data as 

opposed to survey respondents who do not bear the consequences of stated preference or 

behaviour (Brander & Koetse, 2011). HP methods are limited, however, given the small number 

of ecosystem outputs that can be measured using market values. CV studies, then, can be applied 

to estimate market and non-market values for environmental outputs (Brander & Koetse, 2011).  

In lieu of market or survey data, the UFORE/i-Tree Eco method relies on direct 

measurements of urban forest structure to estimate forest functions and values of selected 

ecosystem functions or services and associated monetary benefits of trees in and near cities 

(Escobedo, Kroeger, & Wagner, 2011). For large areas, the model uses a stratified sampling 

procedure to measure urban forest structure attributes such as species types, number of trees, and 

size distribution to estimate secondary attributes such as leaf area and tree and leaf biomass 

(Nowak et al., 2008). These forest measurements are incorporated with local environmental data 

and either market, substitute, or replacement cost variables to estimate values of a select number 
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of ecosystem outputs, namely urban forest structural value, air pollution removal, carbon 

sequestration, and building energy effects (Nowak et al., 2008). For example, users input local 

energy market prices to estimate costs of mitigated energy use or a cost per metric ton of stored 

or sequestered carbon. Where market prices are not available, substitute or replacement costs 

such as pollutant externality values can be used: that is, the amount it would otherwise abate a 

unit of a particular pollutant.  However, the use of market rate to value ecosystem benefits is the 

most reliable valuation method, given that the rate is a true measure of people’s willingness to 

pay for a particular ecosystem benefit (King & Mazzotta, 2000).  Replacement or substitute costs 

are less reliable, as each method assumes that if people incur costs to replace functions from 

ecosystem services, then those services must be worth at least what people paid to replace them. 

Replacement or substitute cost methods do not consider social preferences for ecosystem 

services or individuals’ behaviour in the absence of those services, and as such are not a true 

measure of willingness to pay (King & Mazzotta, 2000).  



 

OTTAWA’S URBAN FOREST   24 

Methods 

The approach employed in this study relies on the extraction of plot-level information for 

the i-Tree Eco analysis from geospatial data for a subset of the city of Ottawa, Ontario. A 

LIDAR data set collected in the spring of 2006 served as the base layer from which a stratified i-

Tree Eco project was developed. Tree structure parameters were estimated using LIDAR data for 

geospatial pseudoplots. Land use and land cover variables and built infrastructure parameters 

were derived using additional spatial layers on hand from the City of Ottawa. The pseudoplots 

were processed in line with the processes and directions outlined by the i-Tree Eco manual to 

develop benefit values for ecological outputs from the urban forest.  

Study Area 

A 50 ha area of the City of Ottawa served as the study area for this project. The area 

encompassed the urban core and portions of the suburban periphery. The extent of the study area 

is outlined in Figure 3. The objective of this study was to assess the viability of geospatial data 

sets to supplement field assessed variables required for the i-Tree Eco model. The study area was 

selected because it contains a wide variety of urban densities, tree canopy covers, and land use 

types within its boundary and because the required baseline data to assess urban trees were 

available.  
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Figure 3. Extent of study area within the City of Ottawa. Centered on the city's downtown 

core, the area was selected based on data availability of LIDAR and reference tree 

inventory and includes an array of land use types.  

Spatial Data 

A LIDAR data set collected in 2006 serves as the base layer for the project and serves as 

the basis for the majority of the measurements required of the ECO model. The City of Ottawa 

collects and maintains data for street trees within the urban boundary. The tree inventory was a 

minimum requirement in order to make assumptions regarding species dominance and variation 

and to develop models from spatial data, such as training data for regression models or classifiers 

to exploit geospatial data.  
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Additional spatial data available from the City of Ottawa included a building footprint 

layer, land use layer, and land cover layer derived from 2008 aerial imagery; these data are 

typical of many city GIS information data sets. While not absolutely required for analysis, the 

layers were used for analysis within the study, as they were suitable as a means to collect plot 

data parameters in an efficient manner; e.g., building footprints can be collected from LIDAR 

data using classification routines but at the cost of extra processing time and effort.  

The LIDAR dataset used for this study served as the base layer to which all other layers 

were registered. LIDAR data were normalized for slope using a ground model created from the 

all returns dataset using FUSION software (McGaughey, 2007). Normalized heights reflect an 

object’s height above the ground instead of the objects height above sea level or geoid height as 

normally recorded by LIDAR systems. Ground points were classified and extracted from the 

LIDAR point cloud using the GroundFilter tool and converted to a rasterized digital terrain 

model (DTM), a surface model with trees, buildings, and other objects removed, as shown in 

Figure 4. This DTM was used to normalize above ground heights for the remaining points within 

the point cloud. Nonground points were further classified using the LASTOOLS (Isenburg, 

2012), a lightweight set of downloadable LIDAR processing tools, and categorised into a 

building class and three vegetation classes (based on height discriminators) consistent with 

ASPRS LAS 1.3 specification standards. An example of a point cloud is shown in Figure 5. 
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Figure 4. LIDAR digital terrain model

Figure 5. Example of LIDAR

vegetation (green) are summarized 
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digital terrain model. 

LIDAR point cloud within plot (#170). Points classified as tree 

are summarized within a delineated crown. 
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. Points classified as tree 
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Measurement of sample attributes  

Plots. Plot-based assessments within the i-Tree Eco model are based upon series of 

randomly generated field plots within a study area. Ideal sampling schemes for field-based 

assessment projects target a collection goal of 150 to 200 field plots with an area of 0.04 ha. An 

assessment of various sampling schemes by the i-Tree Eco authors found that gains in model 

accuracy were substantial when the number of plots exceeded 150 within a given study area, 

with standard error estimates decreasing from 55% using 10 plots to an estimated 15% (Nowak, 

Walton, Stevens, Crane, & Hoehn, 2008, p. 389); relative gains were observed to decrease 

substantially when exceeding 200 plots with an estimated standard error of 12%.  

The target plot number and size are based on considerations of the level of accuracy of 

the benefit assessment and the level of effort required to collect in situ field measurements. An 

increase in either plot count or plot area equates to real increases in effort by field teams and to 

project costs. Field-based projects must balance relative gains in model precision against the real 

cost of collection. Within the geospatial-modeling context, similar considerations are made with 

respect to relative accuracy of the model; however, the marginal cost of an additional plot is 

minimal. For this study a target of 250 0.1 ha plots was collected in order to realize gains in 

model precision while still limiting data processing and analysis efforts.  

The pseudoplot locations were selected using the methods outlined within the i-Tree Eco 

manual (U.S. Forest Service, 2011a, pp. 57-81). The procedure consisted of creating a randomly 

generated GIS file of 250 points to determine the plot locations within the study area and then 

buffering the points by a distance of 17.84 m to delineate the plot area. A diagram of the plot 

locations is shown in Figure 6. Attributes of the plots are either descriptive measures of the 

plot—address, plot contact, reference objects for relative measurements—or field measures of 
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land use and cover types within each plot. Descriptive variables for each pseudoplot were 

automatically generated using GIS tools with ArcGIS V.10 and the plot centre used as the 

reference object for buildings and trees within each plot. 

 

Figure 6. Location of plots within the Ottawa study area.  250 randomly generated points 

within the study area were created using ArcGIS and buffered by 17.84 m to create the 

required 0.10 ha plots.  

 Land use types and relative percentages were determined first by translating the City of 

Ottawa’s land use GIS layer to reflect the predefined land use types used by the ECO model and 

then calculating the percentage area of each cover type within each plot. Relative area percentage 

estimates of tree, shrub, and plantable space cover types were derived using a raster land cover 

classification based on 2008 imagery. The original classification categorized the study area into 

five cover types: impervious surface, water, bare soil, tree canopy, non-woody vegetation, and 
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grassland. Vegetation cover types were reclassified using the classified LIDAR information, as 

shown in Figure 7. The ECO manual suggests that grass/shrub/tree class divisions should use an 

approach with a height threshold of less than 0.30 m to define herbaceous cover regardless of 

species type and a diameter at breast height (DBH) threshold of 0.125 m and greater to define 

differentiated shrub and tree cover. However, assessing such DBH thresholds is not practical 

when automatically classifying LIDAR data, and as a result vegetation classes were categorized 

strictly by height.  Areas of tree cover greater than 2 m were classified as tree canopy; areas of 

tree vegetation greater than 0.30 m and less than 2 m were classified as shrub; and remaining 

areas were classified as grasses.  A building class was included where the building footprint layer 

coincided with impervious classified pixels.  Error! Reference source not found.Error! 

Reference source not found. outlines the measured variables, descriptions, and geospatial 

model used to quantify each variable using the hybridized land cover. 
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Table 3 
Plot variables and descriptors for the i-Tree Eco model. Descriptions from i-Tree Eco manual v5.0 
(2012). 
Variable Description Model Assessment 
Actual land 
use 

As determined by field crew from a 
standard list of land uses  

Plot summary using translated city land use GIS 
layer.  

 Proportion of land uses identified by 
field crew to nearest 1% within the 
plot 

Percentage fractions of required land uses based 
on land cover summary for each plot. 

Tree cover 
% 

Percent of plot area covered by tree 
canopies estimated to nearest 5% 

Summary of plot using tree canopy based on 
classified LIDAR data using height greater than or 
equal to 2.0 m. 

Shrub 
cover % 

Percent of plot area covered by shrub 
canopies estimated to nearest 5% 

Summary of plot using tree canopy based on 
classified LIDAR data using height greater than 
0.3 m and less than 2.0 m.  

Plantable 
space % 

Percent of plot that is plantable for 
trees (i.e., plantable soil space not 
filled with tree canopies) and tree 
planting would not be restricted as a 
result of land use (footpath, baseball 
field, and so on); to nearest 5% 

Summary of plot using tree canopy based on land 
cover summary for each plot. 

% Ground 
cover 

Used to estimate the amount and 
distribution of various ground cover 
types. Total individual covers must 
equal  
100% 

Summary of plot using tree canopy based on land 
cover summary for each plot. 
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Figure 7. Modified land cover based on existing classified land cover using 2008 imagery 

and incorporated tree and shrub division using LIDAR height measurements. 

 

Trees. Tree attributes required for the i-Tree Eco model describe structural characteristics 

of a given tree and its relative site conditions. Required attributes are described in Table 4.  
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Table 4  
Tree attributes and descriptions required for the i-Tree Eco model and summary of geospatial 
approach. Descriptions from i-Tree Eco manual v4.0 (2011). 
Variable Description Model Assessment 
Tree species Species code from standard list of 

trees & shrubs 
Species not classified. Separation of conifer and 
deciduous species groups though intensity of 
LIDAR point cloud within delineated crown 
polygon.  

Land use Specifies the actual land use, as 
recorded in general plot data, in 
which the tree is located  

Intersection of trunk location (based on centroid of 
delineated crown polygon) and translated city land 
use GIS layer. 

DBH Diameter at breast height (in/cm) 
for all recorded trees. DBH 2-6 
are used for recording multi stem 
trees 

Multivariate regression of FUSION cloud metrics 
predictors using street trees as reference. 

Total height Height to top of tree (ft/m) Maximum height statistic of tree classified points 
from LIDAR point cloud within delineated crown 
polygon.  

Live top 
height 

Height to live top of canopy. Used 
in cases where total tree height 
may be void of canopy due to 
dieback (ft/m) 

Assessed as identical to total height. 

Crown base Height to base of live crown 
(ft/m) 

Minimum height statistic of tree classified points 
from LIDAR point cloud within delineated crown 
polygon. 

Crown width Recorded by (2) measurements N-
S (north - south) & E-W (east - 
west) widths (ft/m) 

Short and long axis measurements of minimum 
bounding rectangle of delineated crown polygon. 

Percent 
canopy 
missing 

Percent of the crown volume that 
is not occupied by leaves 

Not assessed. Presumed 0.  

Dieback Percent crown dieback to nearest 
5% 

Not assessed. Presumed 0. 

Crown light 
exposure 

Number of sides of the tree 
receiving sunlight from above; 
used to estimate competition and 
growth rates  

Based on directional proximity and height of 
nearby trees or buildings. Relative height of a tree 
and obstructions and the obstructions’ direction 
were assessed if distance was less than 5 m. 

Building 
Distance 

(S1) in ft/m and space buildings 
conditioned residential direction 
(D1) in degrees to measure for 
trees at least 6.1 m (20 ft) tall and 
within 18.3 m (60 ft) of structures 
(3) stories or less in height. 

Assessed using trunk location (based on centroid of 
delineated crown polygon) and building GIS layer. 
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Tree identification. There are few available tree identification algorithms capable of 

identifying individual trees from remotely sensed imagery (Shrestha & Wynne, 2012). 

Algorithms available in LIDAR processing tools available for use within this study, LASTools 

and Fusion, provide acceptable results when classifying forest canopies but are not capable of 

detecting individual crowns. Other LIDAR software packages are potentially capable of similar 

functions: for example, Jones (2011) relied on LIDAR Analyst, a set of tools provided as an 

ArcGIS extension, but at substantial cost. FUSION is a set of free tools developed by the United 

States Forestry Service that focuses on forestry applications of LIDAR, while LASTools is freely 

available, general in scope, and restricted by file size to unsubscribed users. Inconsistencies and 

errors arise from automated crown delineating algorithms due to overlapping crowns with nearby 

trees or buildings. As a result tree crowns were manually identified using the rasterized DTM in 

conjunction with aerial imagery. Crown boundaries were first manually delineated using a 

simplified polygon, as shown in Figure 8, and then refined by computing the planimetric convex 

hull around the LIDAR points for each tree in ArcGIS (Shrestha & Wynne, 2012).  
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Figure 8. Plot boundary and delineated crown boundary (Plot #170).  Crown boundary 

extent is based on a convex hull polygon which encapsulates all tree 

from the point cloud based on an initial general extent identified through visual 

interpretation. 

 

Tree structure. Structure attributes for each tree identified within the pseudoplots were 

assessed using measurements of the convex hull po

LIDAR point cloud contained within each tree polygon. Crown width estimates were generated 

for each tree by calculating the semi

height and crown base measurements were generated by means of the CloudMetrics tool in 

FUSION. The CloudMetrics tool calculates a series of statistical parameters that describe a 

LIDAR point cloud file (Erdody & Moskal, 2010)
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. Plot boundary and delineated crown boundary (Plot #170).  Crown boundary 

extent is based on a convex hull polygon which encapsulates all tree classified points 

from the point cloud based on an initial general extent identified through visual 

Structure attributes for each tree identified within the pseudoplots were 

assessed using measurements of the convex hull polygon or from measurements derived from the 

LIDAR point cloud contained within each tree polygon. Crown width estimates were generated 

for each tree by calculating the semi-major and semi-minor axis for each tree polygon. Crown 

ements were generated by means of the CloudMetrics tool in 

FUSION. The CloudMetrics tool calculates a series of statistical parameters that describe a 

(Erdody & Moskal, 2010). Tree-classified LIDAR points within each 
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. Plot boundary and delineated crown boundary (Plot #170).  Crown boundary 

classified points 

from the point cloud based on an initial general extent identified through visual 

Structure attributes for each tree identified within the pseudoplots were 

lygon or from measurements derived from the 

LIDAR point cloud contained within each tree polygon. Crown width estimates were generated 

minor axis for each tree polygon. Crown 

ements were generated by means of the CloudMetrics tool in 

FUSION. The CloudMetrics tool calculates a series of statistical parameters that describe a 

LIDAR points within each 
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tree polygon classified were extracted using the PolyClip FUSION tool and normalized by 

subtracting the DEM of the area from the elevation of LIDAR return. The maximum height of 

the point cloud was used to estimate total and live top heights, while the first percentile heights 

were used to estimate crown base.  

Linear regression models were used in this study to predict the DBH of the pseudoplot 

trees using the street tree database as a reference (Figure 9). Street trees measured within ± 2 

years of the LIDAR collection were segregated from the data base and crowns were delineated to 

generate reference data.  Predictor variables were generated using the CloudMetrics as assessed 

for correlation to the dependent DBH variable. Linear regression models were used to derive 

separate predictor equations for deciduous species and conifer species.   
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Figure 9. Available street tree inventory within the City

inventory trees have been measured f

located within the study area boundary. 

 

While studies have shown that species separation using 

multispectral data can be successful

study was not of sufficient spectral quality 

extract species data. Species identification for each sampled tree was not 

stratification of trees as either conifer or deciduous species groups was achievable using intensity 

information from the LIDAR data. 

associated with each return and is a measure of the peak amp

reflected back from a target. Intensity values vary depending on the flying height, atmospheric 
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Available street tree inventory within the City of Ottawa. Over 

inventory trees have been measured from within the Ottawa boundary, with 

located within the study area boundary.  

While studies have shown that species separation using LIDAR and high resolution 

multispectral data can be successful (Kim, 2008; Ruiliang, 2011), the available imagery 

not of sufficient spectral quality to conduct the level of data processing

pecies identification for each sampled tree was not practical

either conifer or deciduous species groups was achievable using intensity 

data. LIDAR intensity is a measure of the return signal strength 

associated with each return and is a measure of the peak amplitude of return pulses as they are 

. Intensity values vary depending on the flying height, atmospheric 
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Over 42,000 

rom within the Ottawa boundary, with 12,965 

and high resolution 

available imagery for the 

conduct the level of data processing required to 

practical, but a 

either conifer or deciduous species groups was achievable using intensity 

intensity is a measure of the return signal strength 

litude of return pulses as they are 

. Intensity values vary depending on the flying height, atmospheric 
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conditions, directional reflectance properties, reflectivity of the target, and the laser settings 

(Baltsavias, 1999; Kim, 2008). Simple thresholding of the LIDAR intensity information served 

to segregate conifer species from deciduous using the street tree inventory as a reference. Tree 

crowns for a subset of the street tree were identified in a similar manner as the pseudotrees 

within the plot locations. The crown boundaries were used to summarize intensity values for 

trees within the coincident LIDAR point cloud. The FUSION CloudMetrics tool, in addition to 

computing statistical measures of height values, computed similar metrics for intensity 

information. Divisional values of mean intensity grey levels greater than 22 and less than 81 

were used to differentiate the two groups, as shown in Figure 10.  A more complicated 

classification and regression tree approach to classification tree models was also tested to 

estimate statistical significance between the two species groups; however, the results were not 

more accurate compared to the simple threshold technique.  To improve the resultant accuracy of 

the classification, trees whose intensity values were close to the threshold values were visually 

inspected to ensure an appropriate classification.  
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Figure 10. Scatterplot of intensity metrics to predict deciduous vs. coniferous trees. Mean 

intensity grey levels greater than 22 and

accuracy of 83% based on known street tree reference data. 

 

The ECO model relies on species information to adjust for differences in structure, 

biomass, etc. and is not structured to account for generalised 

such as conifer or deciduous. As a result indicative species for each tree category 

in order to generate estimates of ecosystem

inventory from within the study are

assessed to determine each indicator species. A summary of the 12

study area is detailed in Table 5. Maple
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. Scatterplot of intensity metrics to predict deciduous vs. coniferous trees. Mean 

intensity grey levels greater than 22 and less than 81 predicted tree groups with

accuracy of 83% based on known street tree reference data.  

The ECO model relies on species information to adjust for differences in structure, 

biomass, etc. and is not structured to account for generalised categories or groupings

conifer or deciduous. As a result indicative species for each tree category 

of ecosystem services and were defined using the street tree 

inventory from within the study area. Relative frequencies of species within each group were

assessed to determine each indicator species. A summary of the 12,965 street trees within the 

5. Maple species are the most frequently occurring deciduous 
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. Scatterplot of intensity metrics to predict deciduous vs. coniferous trees. Mean 

groups with an 

The ECO model relies on species information to adjust for differences in structure, 

or groupings of species 

conifer or deciduous. As a result indicative species for each tree category were selected 

using the street tree 

frequencies of species within each group were 

965 street trees within the 

are the most frequently occurring deciduous 
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street tree and account for 43% of the group’s species within the study area. Spruce species are 

the most frequently occurring coniferous tree and account for 70% of the group’s species. The 

dominance of maple and spruce species makes the selection of each as indicative species within 

the i-Tree Eco model feasible.  

 

Table 5 

Street tree inventory distribution by tree category from within study area.  

Deciduous* Coniferous** 

Species Group Distribution (%) Species Distribution (%) 

Maple spp.  48.5 White Spruce 36.1 

  Norway  19.2 Colorado Spruce 25.2 

  Sugar  13.9 Red Pine 11.3 

  Red  8.1 White Pine 11.3 

  Silver 3.5 Norway Spruce 4.4 

  Other 3.8 Scotch Pine 3. 5 

Ash spp. 14.9 Austrian Pine 3.0 

Basswood spp. 8.5 Spruce spp. 1.2 

Other (32 spp. types) 28.1 Other (3 spp. Types) 4.0 

* 11836 trees or 91.3% of the measured street trees 
** 1129 trees or 8.7% of the measured street trees 

 

Compensatory value. Compensatory value with the ECO model is based on the 

replacement cost of a similar tree that is based on appraisal values from financial settlements as a 

result of litigation or insurance claims (UFORE Methods). The base model is a function of trunk 

area (as a function of DBH), species, condition and location. Minimum replacement value is 

$150 and increases as a function of trunk area and species.  Where possible, species replacement 
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and scaling costs are based on the region being assessed (i.e. for the state or province), with 

nearby regions used where no regional data is available. Values are further refined using land use 

factors specific to the tree’s location; i.e. greater replacement values for golf courses, parklands, 

and institutional land uses when compared to transportation, agriculture or wetland land uses.  

Net air quality. ECO quantifies the hourly amount of pollution removed by the urban 

forest and associated percent improvement in air quality throughout a year. The model was used 

to estimate dry deposition of air pollution (i.e., pollution removal during non-precipitation 

periods) of trees and shrubs (Nowak et al., 2008). Hourly deposition velocities for NO2, ozone 

(O3), and SO2, CO, and particulate matter less than 10 microns (PM10) are calculated using 

methods described in Hirabayashi, Kroll, & Nowak (2012) to estimate resistances based on field, 

pollution concentration, and meteorological data (Jones, 2011).  Changes in volatile organic 

compounds (VOCs), a group of organic chemicals that vaporize easily and can lead to the 

formation of O3 and CO, were calculated as offsets to net air quality (Nowak et al., 2008). 

Monetary value is calculated as a function using median externality values for the United States 

for each pollutant and is based on Murray et al. (1994). 

Carbon storage and sequestration. Net CO2 reductions are calculated based on avoided 

emissions from energy use and as a result of carbon being directly sequestered and released 

through tree growth, removal, and maintenance (Jones, 2011). Biomass for each measured tree 

was calculated using allometric equations for deciduous and coniferous species, and was 

adjusted for site conditions (Nowak et al., 2008).  

Growth rates for trees are similarly adjusted based on land use, with lower rates applied 

to types that tend to contain denser tree stands (parkland, cemetery, vacant lands) and higher 

rated applied to types which tend to contain more open growing conditions. Tree height is 
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adjusted based on species-specific growth models. Tree mortality, which leads to the eventual 

release of stored C, are based on estimates of annual mortality rates by condition class and are 

adjusted by land use to account for varying decomposition rates. The amount of carbon 

sequestered due to tree growth was reduced by the amount lost due to tree mortality to estimate 

the net carbon sequestration rate. A market value of CDN$19 per metric ton was used to value 

carbon storage and sequestration based the posted offset rate from the Pacific Carbon Trust 

(www.pacificcarbontrust.com), a Province of British Columbia carbon offset scheme which 

offers offsets of CO2. 

Energy conservation. i-Tree Eco estimates the effects of trees on building energy use 

and consequent emissions of carbon from power plants (using a region specific electricity 

emissions factor). The percentage of energy generated by fossil fuel will vary emissions from 

reduced energy use. Trees shade buildings in the summer and reduce the demand for active 

cooling while intercepting wind and moderating demand for heating during winter months 

(Simpson, McPherson, & Kollin, 1999). I-Tree Eco implements the model employed by 

Simpson, McPherson, & Kollin (1999) and factors tree size, distance, direction to proximate 

building, and tree type (conifer or deciduous) to estimate avoided carbon. Estimates are adjusted 

based on tree cover within the study area to reduce the net effect per tree in areas of dense 

canopy. Tree condition, an assessment of the relative structure of similar trees, also serves to 

moderate energy effects, with net benefits being reduced with poor tree health.   
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Results 

Accepted Measurements 

Many of the required variables were successfully assessed using remotely sensed 

alternatives or existing GIS layers from the city. Distance and direction measurements between 

objects such as trees or buildings using ArcGIS are considered to be adequate based on the 

precision requirements of the i-Tree Eco model and the spatial accuracy of the GIS layers used to 

derive the measurements, as are land use and land cover estimates at the plot level. Land cover 

data from the city were translated to reflect i-Tree Eco categories without cover classes 

overlapping or confusion based on class descriptions. Land cover information classified from 

2008 aerial imagery was assessed by the vendor as exceeding an 85% overall map accuracy and 

was sufficient to separate cover fractions within plots. 

Interpreted Measurements 

DBH. The results of the regression indicated that the predictors explained 65% and 67% 

of the variance for deciduous and coniferous trees, respectively. Detailed results are presented in 

Table 6. Unexplained variance is in part due to the difficulty in accounting for species within the 

two forest categories as well as the differences in site and growing conditions within the urban 

forest environment. Furthermore, the significance of the model may be further overestimated 

given the reliance on discrete street trees used to inform the model. The street trees with field 

DBH measurements were correctly matched with tree crowns identified within the LIDAR 

dataset. The street tree data set was limited to include only trees for which measurements could 

be confidently linked to crown polygons. Street trees were removed from the model if identified 

trunk locations could not be located within identified crown polygons due to spatial error 
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between the LIDAR and street tree GIS layer. Streets trees with multiple trunks within a crown 

polygon were also removed.  

Table 6 

Multiple regression predicting DBH for deciduous (N=455) and coniferous (N = 79) 
pseudotrees. 
Predictor B stat B SE 

Deciduous* 

Tree Height 1.37 0.21 

Crown Area 0.26 0.01 

Conifer** 

Tree Height 1.78 0.34 
Crown Width 2.75 1.63 
Crown Height 1.28 1.42 
Crown Area -0.14 0.09 
* R2 = 0.65 ** R2 = 0.67. p <.05. 

 

i-Tree Eco Model Results 

The urban forest within the study area is comprised of an estimated 123,000 trees with a 

structural value of CDN$542 million. Forest density is approximately 24.3 trees per ha with a 

canopy cover estimated at 21.3 %. Deciduous species are estimated to comprise 89% of the tree 

type within the urban forest. Net carbon sequestration per year in the urban forest is about 1,550 

metric tons. Carbon storage from assessed urban trees is estimated at 69,400 metric tons 

(CND$1.3 million). A summary of estimates for structural values is presented in Table 7.  

Yearly functional values from mitigated carbon sequestration, energy costs, and pollution 

removal are estimated to be $1.1 million per year. The gross sequestration of assessed trees is 

approximately 1,790 metric tons of carbon per year with an associated value of $33,600. 

Reduced energy costs from residential buildings is worth CDN$791,000 and $19,000 results 
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from mitigated carbon from fossil-fuel based power plants (a reduction of 1,030 metric tons of 

carbon emissions) (Table 8). Thirty two metric tons of removed air pollution would be valued at 

$252,000 as illustrated in Figure 11 (Nowak et al., 2008).  

Table 7. 

Total Estimates for trees by species group. 

 Deciduous Coniferous Total 

 Value S.E. Value S.E. Value S.E. 

Number of 
trees  

110,091 7,744 13,659 2,006 123,750 7,880 

Carbon 
(mT) 

63,898 6,094 6,031 1,001 69,930 6,183 

Gross Seq 
(mT/yr) 

1,656 120 149 24 1,806 123 

Net Seq 
(mT/yr) 

1,439 103 127 20 1,567 105 

Leaf Area 
(km2) 

26.8 2.2 6.9 1.2 33.6 2.5 

Leaf 
Biomass 
(mT) 

1,505 123 664 112 2,170 164 

Value (Can 
$M) 

454.12 40.25 92.74 14.76 546.86 43.37 
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Table 8 
Annual energy savings due to trees near residential building
residential energy expenditure during heating and cooling seasons.
Units Heating

MBtu 
MWH 
Carbon Avoided (mT) 

MBtu** 570,063
MWH** 
Carbon Avoided* 
Total 627,647
*Carbon avoided value is calculated based on $19 per metric ton. 
**Energy saving value is calculated 
 

Figure 11. Calculated pollution removal by month based on 2007 data. Annual value is 

estimated at $252 thousand from 32 metric tons of removed air pollution. 

removal value is calculated based on the prices of $1

monoxide), $8,266 per metric ton (

$2,024 per metric ton (sulfur dioxide), 

than 2.5 microns). 
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trees near residential buildings and annual savings (
residential energy expenditure during heating and cooling seasons. 

Heating Cooling 
Energy Savings 

54,528 n/a 
461 2,125 
908 135 

Expenditure Savings ($) 
570,063 n/a 
40,568 187,000 
17,016 2,530 

627,647 189,530 
*Carbon avoided value is calculated based on $19 per metric ton.  
**Energy saving value is calculated based on the prices of $88 per MWH and $10.45 per MBtu.

 

Calculated pollution removal by month based on 2007 data. Annual value is 

estimated at $252 thousand from 32 metric tons of removed air pollution. 

emoval value is calculated based on the prices of $1,174 per metric ton (carbon 

266 per metric ton (ozone), $8,266 per metric ton (nitrogen dioxide), 

024 per metric ton (sulfur dioxide), and $5,518 per metric ton (particulate matter less 
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nnual savings (CDN) in 

Total 

54,528 
2,586 
1,043 

570,063 
227,568 
19,546 

817,177 

based on the prices of $88 per MWH and $10.45 per MBtu. 

Calculated pollution removal by month based on 2007 data. Annual value is 

estimated at $252 thousand from 32 metric tons of removed air pollution. Pollution 

174 per metric ton (carbon 

266 per metric ton (nitrogen dioxide), 

518 per metric ton (particulate matter less 
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Examination of Methods  

Ideally, the geospatial methods used in this study to develop the underlying information 

required of the i-Tree Eco model would be compared against a field-based approach using 

identical plot locations assessed within the same time period as the LIDAR collection. In this 

way, direct assessments of model results for each output could be made. However, this approach 

is not feasible given the constraints of the study area. An assessment of the viability of the results 

must be compared against existing information or simulated model outputs. To illustrate the 

success and limitations of the methods utilized in this study, two assessment approaches were 

utilized. Tree parameter measurements are compared to the street tree database, and field 

measurements collected for 10 pseudoplots and model outputs from i-Tree Eco are assessed 

using sensitivity analysis.  

Field measurements were collected during the summer of 2012 for 10 pseudoplots in 

order to make comparisons of land use and tree structure parameters. Sites were selected for 

distribution of land use type, tree density, and accessibility. Measurements were consistent with 

procedures and methods outlined by the i-Tree Eco manual and collected with the assistance of 

forestry staff from the City of Ottawa. Crown height, base, and width were collected using a 

laser range finder. GPS locations were collected using a hand held Garmin ETREX HCx with a 

nominal accuracy of ± 3 m. Plot centres were determined using reference object measured from 

reference objects visible on aerial imagery.  

Sensitivity Analysis 

Sensitivity analysis, a method applied across many disciplines, is used to quantify 

impacts to model output values from changes in model input values, which informs model users 

of the relative significance of errors or variations in input parameters (Loucks, Van Beek, 
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Stedinger, Dijkman, & Villars, 2005). The type of analysis employed within this study is termed 

a simple or deterministic approach and relies on varying one parameter of a model while 

maintaining all others constant in order to quantify influence. Input ranges can vary based upon 

differences between the minimum and maximum values, such as the 5th and 95th percentiles of a 

parameter’s distribution (Loucks, Van Beek, Stedinger, Dijkman, & Villars, 2005).  

A limitation of the methodology used was the inability to determine species or to estimate 

the condition of individual trees and to a lesser extent, the ability to directly measure DBH. 

Species information was used as a discriminator for relative compensatory values between trees, 

biomass, carbon storage and sequestration, and pollution mitigation.  Tree condition is assessed 

in the field as the percentage of dieback or dead limbs within the crown and limits compensatory 

value and carbon storage and sequestration. As previously noted, DBH is used as an estimate of 

tree size for compensatory value and carbon storage and sequestration. Figure 12 outlines the 

impact to i-Tree Eco model results by means of a deterministic sensitivity analysis by examining 

changes to tree condition, missing percentage, and DBH through varying each value at a time. 

Spider plots display changes in estimates for annual benefit, pollution removal, compensatory 

value, stored C, sequestered C, and leaf biomass. A simulated complete survey was developed 

and processed by the i-Tree Eco model to estimate values for individual trees. Crown parameters, 

condition and missing crown, are adjusted in 5% intervals from a zero baseline value. DBH is 

adjusted 5 cm increments from an estimated median value of 50 cm. Crown volume and site 

parameters remained constant for all trees. Of the three tested variables, tree condition has the 

least influence on resultant estimates from the i-Tree Eco model. Compensatory value and ability 

to sequester carbon reduces as a function of tree health. Variables assessed as a function of 

crown volume are adjusted using the missing canopy value with a reduction in value equal to the 



 

OTTAWA’S URBAN FOREST 

percentage of missing canopy. Changes in DBH result in the greatest degree of change in 

Eco estimates which are influenced by tree size.

Figure 12. Deterministic sensitivity analysis.
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ntage of missing canopy. Changes in DBH result in the greatest degree of change in 

estimates which are influenced by tree size. 
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The relative magnitude of ecosystem values estimated by i-Tree Eco is influenced by 

species. Figure 13 illustrates the changes in response for the five major species groups identified 

within the study area—ash, maple, basswood, spruce, and pine—with respect to the dominant 

input variable for each i-Tree Eco parameter or estimated benefit. In each case, the initial value 

for each curve is species specific and increases at a rate determined by the interactions between 

the tree structural values.  
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Figure 13. Influence of species information on estimated benefit values.
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The impact from a lack of species information is lessened by discriminating between 

major deciduous and coniferous species groups. For example, pollution removal rates are higher 

for coniferous trees given the presence of leaf area year round and subsequent larger surface area 

available to intercept particulate matter (Figure 13) (Nowak and Dwyer, 2007). To process the 

model, indicative species were selected as representative of each species group based on their 

predominance within the study area. This approach, while expedient, does not represent median 

values for all trees within each group. Different species provide varying levels of benefits, and 

the degree to which each species differs will vary based on the benefit assessed. Maple species, 

for example, store and sequester greater amounts of carbon relative to ash and basswood species 

yet are assessed at a lower compensatory value (Figure 13).  

The impact from the lack of species data can be quantified within the study using the 

frequency distribution of street trees to weight relative magnitude differences between species 

groups (Table 9). The total cumulative difference can be applied to each tree group as an 

estimate of relative error as a result of selecting indicative species to represent each group. It 

should be noted that even within genera, i.e. maple. (Acer spp). or pine. (Pinus spp), there are 

still large variations between individual species, e.g. between Silver Maple (Acer saccharinum) 

and Manitoba Maple (Acer negundo). While grouped as maples, differences in growth rates, 

average leaf biomass and total biomass for adult trees result in significantly different model 

results when identified as separate species. The selection of maple spp. as an indicative species 

resulted in underestimated compensatory and annual benefit values and overestimated values of 

all other remaining assessed benefits.  There are significant differences in benefit outputs 

between pine and spruce species, as illustrated in Figure 13; however, the impact within the case 

study is lessened given the predominance of spruce in the study area.    
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Table 9 
Estimated weighted i-Tree Eco percentage error by species. Frequency distribution is used to 
weight the difference of estimated benefit values based on relative difference from each indicative 
species group: maple spp. for deciduous and spruce spp. for coniferous groups, respectively.  

 Deciduous Species Coniferous  
Species 

 maple 
spp. 

ash spp. Bass-
wood 
spp 

other cumm. 
var. 

spruce 
spp. 

pine 
spp. 

Frequency (%) 48 15 9 28*  70 26 

Compensatory Value ($) - 0.03 0.03 0.05 0.11 - -0.06 

Stored Carbon (kg) - -0.03 -0.03 -0.05 -0.11 - -0.11 

Gross Carbon Seq. (kg) - -0.02 -0.03 -0.04 -0.10 - -0.09 

Leaf Biomass (kg) - 0.01 -0.03 -0.01 -0.03 - -0.09 

PPM Removed (g) - 0.01 -0.03 -0.01 -0.03 - -0.09 

Ann.  Benefit Value ($) - -0.01 0.04 0.02 0.05 - -0.16 

* Mean estimate values were used to estimate the remaining unknown trees.  
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Crown volume. The i-Tree E

crown base, crown diameter (using two measurements of width, east

canopy voids (percentage canopy missing and crown dieback) as a means to estimate crown 

volume, as shown in Figure 14.  

Figure 14. Illustrations of several example canopy conditions (i

Crown volume is used in conjunction with 

Index and above ground biomass (UFORE Methods, 2012). Individual trees identified both from 

LIDAR and field plots show agreement with absolute measurements varying between 8% and 

13% between LIDAR volumes and field measured

sets comprise a fraction of the total trees in the 10 field plots

the total canopy volume measured. In areas where trees were densely 

grouped and counted as single trees
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Tree Eco model requires field measurements of crown height, 

crown base, crown diameter (using two measurements of width, east-west and north

canopy voids (percentage canopy missing and crown dieback) as a means to estimate crown 

 

. Illustrations of several example canopy conditions (i-Tree Eco

Crown volume is used in conjunction with species-specific equations to estimate Leaf Area 

Index and above ground biomass (UFORE Methods, 2012). Individual trees identified both from 

LIDAR and field plots show agreement with absolute measurements varying between 8% and 

13% between LIDAR volumes and field measured volumes. Specific trees identified in both data 

sets comprise a fraction of the total trees in the 10 field plots, however, and do not account for 

the total canopy volume measured. In areas where trees were densely spaced, several stems were 

ed as single trees; thus a direct comparison of all trees measured is
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possible. Plot level aggregate canopy comparisons of crown volume estimates derived from 

LIDAR and field data collected during the summer of 2012 show a general agreement with 

absolute differences ranging between 9% and 48% between LIDAR assessed volumes and field 

measurements, shown in Figure 15

Figure 15. Comparison of aggregate canopy volumes between LIDAR assessed 

pseudoplots and field based measur

(right) in both pseudoplot and field assessments. 

 

Variances between estimates can be attributed in part

field measurements (canopy growth, pruning and management,

variation in measurement methodologies, 

measurement envelope of tree crowns between LIDAR and field parameters. Crown base 

measurements for individual trees were systematically higher for LIDAR assessed trees when 

compared to field measurements. Differenc
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possible. Plot level aggregate canopy comparisons of crown volume estimates derived from 

LIDAR and field data collected during the summer of 2012 show a general agreement with 

solute differences ranging between 9% and 48% between LIDAR assessed volumes and field 

Figure 15. 

. Comparison of aggregate canopy volumes between LIDAR assessed 

plots and field based measurements of the same area (left) and number of trees 

plot and field assessments.  

Variances between estimates can be attributed in part to the time difference between LIDAR and 

field measurements (canopy growth, pruning and management, etc.), inherent random errors or 

variation in measurement methodologies, and specifically observed differences in the 

measurement envelope of tree crowns between LIDAR and field parameters. Crown base 

measurements for individual trees were systematically higher for LIDAR assessed trees when 

compared to field measurements. Differences in base heights are attributed to the definition of 
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crown base for field assessments, the lowest live limb, and the assessment metric used from the 

LIDAR point cloud, the first percentile height. Single limbs that extended below the bulk canopy 

were used to determine crown base for field trees. The definition typically required the inclusion 

of a missing canopy estimate to account for the void area between the lowest limb and bulk 

canopy area. Single limbs were less likely to be captured or included into a classified point cloud 

when assessing canopy volume using LIDAR and resulted in observed higher canopy base 

estimates. Similar differences were observed for crown width measurements where single limbs 

which extended beyond the canopy were included in the measurement envelope, which required 

missing canopy estimates to account for canopy voids. As a result, LIDAR canopy envelopes 

tended to be smaller when compared to field measurement; however, the difference was 

mitigated when voids were removed from field assessed canopy volumes. In one instance, plot 

#144, two additional trees were included in the pseudoplot based on an interpreted truck location 

using a centroid assessed from the crown polygon. Each tree was located at the edge of the plot 

radius. Field measurements of the trunk locations were outside of the plot boundary and not 

measured while in the field. 

Given comparisons between LIDAR and field assessed methods it is each likely that 

crown volumes are being adequately measured for most trees. Outlier trees using the LIDAR 

assessment methodology would be young saplings or heavily pruned trees with few branches to 

cause a return and would result in underestimated crown volume. Trees with large voids within 

the mid to low crown would result in overestimated volumes. Given the infrequent occurrence of 

these types of trees within the urban forest, it is expected that aggregate leaf biomass or leaf area 

estimates based on all trees would not be significantly affected. Tree density estimates (number 

of trees/ha) are also not expected to differ greatly within the study area given the lack of large 
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wood lots. While the methods used in the study overestimated the number of trees per plot, 

overall the number is not likely to be significantly different from field methods. Had the study 

area included peri-urban or city fringe areas with a greater number of woodlots or forested areas, 

tree density estimates would become unreliable given the difficulty of discerning closely grouped 

trees. Carbon storage and sequestration totals would be underestimated as the stem component of 

the total biomass equation and would result in lower total biomass and benefit totals with respect 

to carbon related to ecosystem outputs.  

Diameter at breast height. Within the i-Tree Eco model, structural and compensatory 

values and carbon storage and sequestration values are directly influenced by DBH 

measurements. Trunk area (calculated using DBH) is a determining factor for compensatory 

value and used in conjunction with species, relative health, and location information to determine 

estimated values. Trunk area is also used in conjunction with leaf biomass estimates to account 

for the stem portion of a tree’s total mass. The stratified inventory approach was used to 

extrapolate tree sizes for the study area as a whole and to subsequently calculate stored and 

sequestered carbon and replacement values for all trees.  
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Figure 16. DBH distribution for the study area as estimated using pseudoplots derived 

from regression models compared to measured street trees within the study area.  

DBH estimates were generated using regression models using 534 street trees (455 

deciduous species and 79 coniferous species) as representative samples of trunk size. When 

compared to the size distribution histogram of the 12

resultant DBH size distribution estimate from the 

statistically different when assessed using the Kolmogorov

difference between the cumulative distributions, D, is 0.1429 with a corresponding 

some degree agreement is to be expected between each data set

measured street trees was used to estimate DBH for each tree ident

similarities in the two distributions indicate that within the context of the 
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. DBH distribution for the study area as estimated using pseudoplots derived 

models compared to measured street trees within the study area.  

DBH estimates were generated using regression models using 534 street trees (455 

deciduous species and 79 coniferous species) as representative samples of trunk size. When 

ze distribution histogram of the 12,965 street trees within the study area, the 

resultant DBH size distribution estimate from the i-Tree Eco model, shown in Figure 16,

statistically different when assessed using the Kolmogorov-Smirnov test; the maxi

difference between the cumulative distributions, D, is 0.1429 with a corresponding 

some degree agreement is to be expected between each data set, given that a sample of the 

measured street trees was used to estimate DBH for each tree identified within a pseudoplot. The 

similarities in the two distributions indicate that within the context of the i-Tree E
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estimates for the compensatory values and stored and sequestered carbon are less likely to 

significantly vary from estimates using field measurements of DBH.  
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Discussion 

The implications and possibilities of the method are discussed with respect to benefits 

and costs of data collection and the viability of the limited i-Tree Eco results, when compared to 

those obtained from field measurements, with respect to management decisions.  

Cost of Collection 

It is estimated that a two-person team conducting field work over a 14-week summer 

period can complete assessments of 200 i-Tree Eco field plots (Nowak, Walton, Stevens, Crane, 

& Hoehn, 2008). Assuming a five-day work week of eight hours, total hours to complete the 

assessment is estimated to require 1120 person hours. In comparison, and assuming adequate 

geospatial data including LIDAR is available, a qualified geospatial analyst could complete the 

pseudoplot data collection process in three weeks. Adding a second analyst for support and 

quality monitoring, the data gathering phase could be completed in 260 person hours. Holding all 

other costs equal, such as transportation and field equipment costs for field crews or software and 

hardware requirements required for geospatial analysis or hourly costs for each person, there are 

obvious cost reductions when applying a geospatial approach, with a benefit to cost ratio of 47:1. 

If as discussed, the loss of model accuracies using the approach is deemed acceptable by its 

users, my research question, can geospatial modeling and remotely-sensed data act as a 

substitute for in situ field data in the assessment of ecosystem services derived from the 

UFORE/i-Tree Eco model?, can be answered affirmatively.  

Additionally, if an improved species map could be integrated into the process, the trade-

offs could be further minimized.  It should be noted that the costs of additional gains in model 

sensitivity using a geospatial approach can be substantial if new data is required for assessment 
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or the expertise required to complete the analysis is not readily available.  At some juncture, 

costs could exceed the initial field collection threshold.  

Management Implications  

Perhaps the greatest lost opportunity using the geospatial method is in the ability to 

capture information about species distribution for the urban forest. The field stratified inventory 

approach implemented within i-Tree Eco offers a means to accurately detect and quantify urban 

forest structure and function. The structural information provided is designed to aid in 

management and to estimate ecosystem functions. The street tree inventory used within this 

study allowed for assumptions regarding species and age (by means of DBH and crown 

estimates), yet street tree inventories are not wholly representative of all urban trees.  While in 

general the structural estimates generated using the geospatial approach have been shown as 

acceptable substitutes, the most accurate and compressive results are derived using field 

methods. Urban planners and foresters require a wide array of information, which includes but is 

not exclusive to information about the ecosystem services, the urban forest, and its resources in 

order to develop policies and inform their decision making process (Schipperijn, Pillmann, 

Tyrväinen, & O’Sullivan, 2005). The geospatial approach does not include a detailed summary 

of forest species or their relative frequency of occurrence within the study area.  

Urban forest structural information is used as the basis for value, yet for many i-Tree Eco 

outputs the estimation error is unknown and is estimated to be larger than sampling error (Nowak 

et al., 2008).  Carbon storage and sequestration and pollution removal estimates rely on statistical 

inferences from standardized biomass equations. Building energy effects do not account for the 

ranges of construction type. Energy effects also include for avoided emissions from power 

generation where they may not be present, i.e. from hydroelectric or nuclear sources. This is to 
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say the estimation methodologies used within the ECO model are based on assumptions that if 

altered or refined may considerably alter model outputs well beyond an impact from an increased 

sampling error from the geospatial approach. The incorporation of ecosystem function and 

services into management must be weighed against considerations of model confidence.  

From a planning and management perspective, the implications as to the degree of error 

inherent to the i-Tree Eco model or to the additional error introduced from the alternative 

geospatial approach are likely to be less significant than the decision to revise management goals 

to address urban sustainability. Within the context of using urban forests to mitigate pollution 

and enhance environmental quality, Escobedo, Kroeger, and Wagner (2011, p. 2085) emphasize 

the need for “citizens to be informed as to the trade-offs and consequences of their decisions on 

the structure of the urban forest.” This need is equally relevant from an urban sustainability 

perspective. While the i-Tree Eco model has various limitations – which are compounded using 

the geospatial approach – it is currently one of the most accurate means to assess urban forest 

ecosystem function and value.  Assessment results from the i-Tree Eco model can be invaluable 

in providing context with respect to the benefits of the urban forest while illustrating trade-offs 

and consequences of decisions.  

Future Considerations 

While trees can provide many benefits, not all the benefits are provided or even present 

for a given area within a city (Nowak & Dwyer, 2009, p. 25). UFORE/i-Tree Eco valuations of 

ecosystem services are generalized to the city scale, a limitation that inhibits a planner’s ability 

to make management decisions at smaller scales (neighbourhood, street, and landowner) or apply 

context to the services being considered. In general, areas with greater canopy densities and/or 

those that have been subject to fewer alterations as a result of impacts from development or 
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active management provide more services (Escobedo, Kroeger, & Wagner, 2011). Forest blocks 

or woodlots, for example, have been shown to be more effective in mitigating local air quality 

compared to individual or small clusters of trees (Cavanagh, Zawar-Reza, & Wilson, 2009). 

Trees planted in highly urbanized areas typically require greater management resources while 

providing fewer services than individual trees in other, less urbanized, areas of a city (Escobedo, 

Kroeger, & Wagner, 2011).  Stratification is an option when initiating an i-Tree Eco project and 

first selecting field plots but is dependent on a priori information about the study area in order to 

stratify the area in a meaningful manner, such as by neighbourhood, management unit, public or 

private lands, or pest risk zone. The integration of spatial approaches, which illustrate the relative 

differences between areas, can be of great value as a means of exploratory analysis, to focus 

limited management resources, or to alter management regimes. Myeong, Nowak, & Duggin 

(2006) illustrated the utility of mapping carbon storage using remotely sensed data as a means of 

function assessment and monitoring over time. Similar approaches are feasible using LIDAR-

based estimates of biomass. For example, energy effects could be estimated using baseline 

information regarding costs from i-Tree Eco, but spatially mapped using 

distance/height/direction models in a GIS or forest fragmentation analysis within the area of 

interest could be integrated to better account for and illustrate air quality gains from larger 

woodlots or forest blocks. In short, spatial layers reflecting site context may be incorporated into 

models to refine estimate results and confidence levels.   

Assessments of ecosystem services can be used to demonstrate the magnitude of benefits 

versus costs for urban forestry initiatives. Integrated within a GIS, the estimates can provide a 

visual aid as to where management could concentrate its efforts and aid in educating stakeholders 

on the importance of maintaining urban forests to provide valuable benefits.  
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Conclusion 

The goal of this study was to provide urban planners and urban land managers with 

improved access to the UFORE/i-Tree Eco ecosystem service model through the use of 

geospatial modelling and remotely sensed data as proxies for field collected data required by the 

model. Using costs of data collection as a measure of success, the study’s goal was met with a 

cost savings of 47:1 for the data collection phase of an i-Tree Eco project when compared to 

traditional field methods. Goals were partially met when comparing data quality given the 

precision trade-offs between geospatial and field data-derived model results. Data gaps within 

this case study related to the lack of species information using the geospatial approach, which 

limited the output of the i-Tree Eco model and resulted in a larger error rate for model results.  

While the i-Tree Eco model information based on this case study was reduced, the 

approach does not in my opinion inhibit the application of results for planning or management 

decisions. For many cities, including the city of Ottawa, assessments of urban forest structure 

and ecosystem services have not been completed and represent an information gap within their 

current forest inventory. Financial pressures, limited resources, and changing priorities will 

continue to keep many cities from engaging in detailed field-based assessments of their urban 

ecosystems. The approach described within this study can serve to fill this information void in a 

cost effective manner.  
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