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ABSTRACT
Humans have been dramatically changing the Earth’s ecosystems through
urbanization since the past century. It is crucial to characterize and understand the
heterogeneous structure of urban landscapes and their changes, and understand how these
relate to ecological and social processes. Remote sensing and Geographic Information
Systems (GIS) provide effective tools for analyzing the spatial patterns of landscapes,
and their interactions with social and ecological processes. In particular, recent
availability of high-resolution satellite and aerial imagery and advances in digital image
processing have greatly improved our ability to characterize and model urban
ecosystems.
This dissertation presents research on the development and application of new
methods and techniques for characterizing and analyzing urban landscape structure using
high-resolution remote sensing and socioeconomic data. Further, it investigates the
interactions between urban landscape structure and social and ecolo gical processes.
Specifically, the issues addressed in this text are:
(1) Development of an object-oriented approach for analyzing and characterizing
urban landscape at the parcel level using high-resolution remote sensing data:
The object-oriented classification approach proved to be effective for urban
land cover classification. The object-oriented approach using parcels as predefined patches provided a framework to spatially explicitly incorporate social
and biophysical factors for integrated research in urban ecosystems, especially
the research on relationships between household and neighborhood
characteristics and structures of urban landscapes.
(2) Modeling household lawn fertilization practices by integrating high-resolution
remote sensing and socioeconomic data: Remotely sensed lawn greenness and
lawn area data combined with household characteristics data serves as useful
predictors of household lawn fertilization practices. Particularly, a
combination of parcel lawn area, lawn greenness, and housing value is the best
predictor of household annual fertilizer nitrogen application rate, whereas a
combination of parcel lawn greenness and lot size best predicts variation in
household annual fertilizer nitrogen application rate per unit lawn area.
(3) The use of household and neighborhood characteristics in predicting lawncare
expenditures and lawn greenness on private residential lands: Indicators of
lifestyle behavior theory are the best predictors of lawn greenness and
lawncare expenditure on private residential lands.
(4) Development of an object-oriented framework for classifying and
inventorying human-dominated forest ecosystems: The patch-based, multiscale classification and inventory framework provides an effective and flexible
way of reflecting different mixes of human development and forest cover in a
hierarchical fashion for human-dominated forest ecosystems.
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Chapter I Urban Areas as Human Dominated Ecosystems: An Introduction

1. Rapid and worldwide urbanization
The rapid and worldwide urbanization of the human population is an important
component of land-transformation processes and raises great concerns about the
sustainability of cities (Andersson, 2006; Vitousek et al., 1997). Humans have
dramatically changed the ecosystems through urbanization in the past two century, which
were caused by the industrial revolution and the associated innovations in agriculture,
manufacturing, transportation, and communication(Mieszkowski and Mills, 1993;
O'Sullican, 2000; UNCHS, 2002). In 1800, only about 6% of the US population lived in
cities(O'Sullican, 2000), while about 80% of the US population lives in cities and suburbs
in 2000(U.S. Census Bureau, 2006). At the beginning of 20th century, only 16 cities had
more than 1 million inhabitants, but there were over 400 by 2000. Likewise; while there
was only one “megacity” in 1950, today there are 19(UNCHS, 2002). Currently, half of
the world’s population resides in urban areas, and this proportion is projected to increase
to 60% by 2030 (United Nations, 2002). The developed nations have more highly
urbanized populations. However, projections indicate that the largest cities, and the
largest growth in city size, will occur in developing nations. For example, it is estimated

-1-

that the urban population of China will grow by 330 million by 2025 (United Nations,
2002).
With the expansion of urban areas and residential development, more and more
croplands and forestlands are being converted for urban uses. It was estimated that the
amount of urbanized land in the US has increased 34% between 1982 and 1997, and the
amount of developed land is projected to increase from 5.2% to 9.2% by 2025 (Alig et
al., 2004). As automobiles, trucks and interstates have reduced transportation costs, and
advances in communication technology have released businesses from their dependency
on city centers, development has become increasingly diffuse and dispersed(Downs,
1999; Mieszkowski and Mills, 1993; O'Sullican, 2000). This has led to increased
fragmentation of the landscape. For instance, it was projected that the total estimated
amount of U.S. forestland subsumed by urbanization between 2000 and 2050 is about
118,300km2 , an area approximately the size of Pennsylvania (Nowak and Walton, 2005).
As suburbs have displaced large amounts of forestlands and agriculture fields with
the expansion of urban areas and residential development, there is a parallel growth in the
coverage of lawns. Much of the land cover in newly subdivided suburban lots consists of
turf grass. In fact, turf grass has become a dominant land cover type in urban areas
(Robbins and Birkenholtz, 2003).
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As urbanization will continue to be one of the major global environmental changes in
the foreseeable future (United Nations, 2002), it is crucial to characterize and understand
the structure of the urban landscape and its change, and understand how this relates to
ecological and social processes.
2. Urban Areas as Human-dominated Ecosystems
Modern urban areas are human nature coupled systems, with intricate mixes of
residential, commercial, and residual agricultural, forest, and other managed and
unmanaged vegetated areas(Band et al., 2006). No Earth’s ecosystem is free of pervasive
human influence (Vitousek et al., 1997). Particularly, urban areas are ecosystems that are
dominated directly and influenced mostly by humanity. The urban and urbanizing
landscape is a complex mosaic of human modification and built structure(Zipperer et al.,
2000). In fact, much of the heterogeneity present in cities is probably a result of different
management objectives and practices (Grimm et al., 2000).
Although the study of ecological phenomena in urban environments is not a new area
of science, the concept of urban areas as ecosystems is relatively new for the field of
ecology (Grimm et al., 2000). Historically, most ecological scientific research has
focused on systems that are considered to be wild, rural, or only modestly and transiently
affected by humans in North American (Luck and Wu, 2002). The vast majority of
ecological attention has been devoted to biological and physical systems in isolation from
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human influence, or considered humans and their activities as external perturbations to
the functioning of biophysical systems(Gragson and Grove., 2006). Recently, however,
the study of urban areas as human-dominated ecosystems has attracted great interest
(Grimm et al., 2000; Pickett et al., 1997; Pickett et al., 2001).
The concept of urban areas as human-dominated ecosystems is crucial for the study
of urban ecological systems for at least three reasons. Firstly, a human component can be
explicitly incorporated into the basic concept of the ecosystem to account for human
influence on the urban landscape (Pickett and Cadenasso, 2002). This is very important
because human societies are an important part of urban ecological systems (Grimm et al.,
2000). According to Vitousek et al. (1997, p. 494), “most aspects of the structure and
functioning of Earth’s ecosystems cannot be understood without accounting for the strong,
often dominant influence of humanity.” Therefore, conceptual frameworks that explicitly
include humans will be much more useful in environmental management than those that
exclude them(Grimm et al. 2000). Secondly, considering urban areas as ecosystems,
classical ecological approaches can be used to understand the magnitude and the control
of the fluxes of energy, matter, and species in urban areas, in turn improving our
understanding of the dynamics of urban and urbanizing ecosystems(Pickett et al., 2001;
Zipperer et al., 2000). Furthermore, as urban areas represent novel combinations of
stresses, disturbances, structures, and functions in ecological systems, understanding the
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mechanisms and dynamics of urban ecosystems can add to the understanding of
ecosystems in general (Pickett et al., 1997).
Two ecological approaches have been typically used for the study of urban
ecosystems: the classical ecosystem approach and the patch dynamic approach (Pickett et
al., 1997; Wu and Loucks, 1995; Zipperer et al., 2000). It is suggested that the dynamics
of urban ecosystems could be better understood by combining the two approaches
(Pickett et al. 1997; Zipperer et al. 2000).
The classical ecosystem approach focuses on the magnitude and control of the flows
of nutrients, toxins, wastes, and assimilated and thermal energy in urban systems (Pickett
et al., 1997; Wu and Loucks, 1995; Zipperer et al., 2000). As urban systems also contain
the dominant components of social institutions, culture and behavior, and the built
environment (Grimm et al., 2000), ecologists have recognized that the classical
ecosystem approach must incorporate a huma n component to account for human
influence on the urban landscape (Grimm et al., 2000; Grove and Burch, 1997; Pickett et
al., 1997). Recent ecological studies have highlighted the importance of explicitly
incorporating human decisions, institutions and economic systems for study of urban
ecological systems (Gragson and Grove., 2006; Grimm et al., 2000; Grove and Burch,
1997; Pickett et al., 1997). A human ecosystem model has been proposed as a framework
to link human and natural components (Pickett et al. 1997). A considerable amount of
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integrated research has subsequently focused on relationships between urban vegetation
and social factors (Grove et al., 2006a; Grove et al., 2006b; Hope et al., 2003; Martin et
al., 2004; Troy et al., Accepted)
The second approach is the spatially focused approach of patch dynamics (Pickett et
al., 1997; Wu and Loucks, 1995; Zipperer et al., 2000). Patch dynamics describes the
spatial structures, functions, and changes of spatial mosaic systems (Forman and Wilson,
1995; Wu and Loucks, 1995). A patch is defined as “a relatively homogeneous area that
differs from its surroundings”(Forman and Wilson, 1995). In a patch dynamics
framework, an urban landscape is considered a complex mosaic of patches, as a result of
both natural processes and human activities (Grimm et al., 2000). Natural sources include
the physical environment, biological agents and their interactions, whereas human drivers
include the behavior and interaction of various social units and institutions (Grimm et al.
2000, Pickett et al. 1997). This paradigm focuses on the cause, structure, and change of
spatial patterns and the processes that are affected by the spatial dynamics (Pickett et al.
1997). A very useful feature of patchiness is that it can be applied to various spatial
scales (Wu and Loucks, 1995). Another important feature of the framework is that it can
explicitly incorporate dynamics (Wu and Loucks, 1995).
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3. Advances in Remote Sensing Data and Digital Image Processing
To date, land use and land cover data used in landscape pattern analysis were
typically derived from Landsat TM data with pixel size of about 30m (Seto and Fragkias,
2005; Yu and Ng, 2007). While data at this scale enable us to derive basic land cover
classifications, particularly for historical land use and land cover data mapping, they are
insufficient for mapping fine-scale urban heterogeneity, which requires high- resolution
imagery to properly characterize.
The recent availability of high-resolution satellite and aerial multi- spectral imagery
(e.g., QuickBird, IKONOS, and Emerge, etc.) and advances in digital image processing
and classification provide new opportunities for urban land cover mapping. Particularly, a
newly developed approach, object-oriented (OO) classification provides an effective
means

for

classifying

and

analyzing

high-resolution

phenomena

in

urban

environments(Baatz and Schape, 2000; Benz et al., 2004; Blaschke and Strobl, 2001).
Firstly, an OO approach provides a more ecologically meaningful way to analyze and
characterize urban landscapes than pixel-based methods. Rather than classify individual
pixels into discrete cover types, OO classification first segments imagery into small
objects (like patches), which then serve as building blocks for subsequent classificatio n
of larger entities. Therefore, an OO approach provides a possible way to define patches,
which serve as the basic unit in urban landscape pattern analysis. More importantly, the
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multiscale segmentation approach in an OO environment allows us to extract landscape
objects at whatever scale the objects of interest are best characterized. This provides a
very useful tool for measuring and analyzing the spatial structures of urban landscapes, as
it is widely recognized that patterns and processes occur across multiple scales.
Secondly, an OO approach provides an effective way to incorporate spatial
information, by which the classification accuracy and efficiency can be greatly improved.
Finally, an OO approach provides an effective way to incorporate ancillary data to
improve the efficiency of the classification.
4. Chapter Overviews
This dissertation explores the interactions between human and natural systems in
human-dominated ecosystems. Particularly, this research focuses on the two critical
components of a human-dominated ecosystem, forests and lawns. Forest fragmentation
and lawns are products of interactions between human and natural systems, and thus
provide excellent integrators for understanding the reciprocal interactions between human
and natural systems. Specifically, this dissertation addresses the following:
1)

Development an object-oriented approach for characterizing and analyzing urban
landscape at the parcel level

2)

Modeling household lawn fertilization practices: Integrating high resolution
remote sensing and socioeconomic data
-8-

3)

Investigating the use of household and neighborhood characteristics in predicting
lawncare expenditure and lawn greenness on private residential lands

4)

Development of an object-oriented framework for classifying and inventorying
human-dominated forest ecosystems
These four issues were addressed in the following four chapters. Chapter II presents

an object-oriented approach for analyzing and characterizing urban landscape structure at
the parcel level using high-resolution digital aerial imagery and LIght Detection and
Raging (LIDAR) data. The study systematically exploited the spatial and spectral features
that can be used to differentiate 5 common urban land cover types of interest: building,
pavement, bare soil, fine textured vegetation and coarse textured vegetation, respectively.
The object-oriented classification approach proved to be effective for urban land cover
classification. The overall accuracy of the classification was 92.3%, and the overall
Kappa Statistics was 0.899. This exercise resulted in a knowledge base of rules for urban
land cover classification, which could potentially be applied to other urban areas. The
object-oriented approach using parcels as pre-defined patches provided a framework to
spatially explicitly incorporate social and biophysical factors for integrated research in
urban ecosystems, especially the research on relationships between household and
neighborhood characteristics and structures of urban landscape.
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Chapter III investigates the usage of household characteristics and lawn greenness
and lawn area derived from high-resolution remote sensing in predicting household lawn
fertilization practices. This study involves two watersheds, Glyndon and Baisman’s Run,
in Baltimore County, Maryland. Parcel lawn area and lawn greenness were derived from
high-resolution aerial imagery using an object-oriented classification approach. Four
indicators of household characteristics, including lot size, square footage of the house,
housing value, and housing age were obtained from Property View dataset. Residential
lawn care survey data, combined with remotely sensed parcel lawn area data, were used
to derive two measures of household lawn fertilization practices, household annual
fertilizer nitrogen application rate (N_yr) and household annual fertilizer nitrogen
application rate per unit lawn area (N_ha_yr). Using multiple linear regression with
multi- model inferential procedures, we found a combination of parcel lawn area, parcel
lawn greenness, and housing value is the best predictor of N_yr, whereas a combination
of parcel lawn greenness and lot size best predicts variation in N_ha_yr.
Chapter IV investigates the use of household and neighborhood characteristics in
predicting lawncare expenditure and lawn greenness on private residential lands. The
study area is the Gwynns Falls watershed, which includes portions of Baltimore City and
Baltimore County, MD. We developed a household lawncare expenditure / vegetation
index (LEVI) relating both lawncare practices (pattern) and lawn greenness (process),
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and examine how these two indices co-vary within an urban watershed. We examined the
use of indicators of population, social stratification, and lifestyle behavior, combined with
housing age, to predict variations in the two LEVI indices. We also tested the potential of
PRIZM TM market cluster data on predicting the two indices. Lawn greenness was found
to be significantly associated with lawncare expenditure, but with only a weak positive
correlation. Using multiple linear regression with multi- model inferential procedures, we
found socioeconomic status is a significant predictor for both lawncare expenditure and
lawn greenness. However, the addition of household characteristics associated with
lifestyle behavior provides better results, in all cases. It implies lifestyle behavior is a
better predictor of both indices. Including housing age generally improved the models,
suggesting the importance of the temporal dimension in predicting lawncare expenditure
and lawn greenness. PRZIM data, especially the lifestyle cluster, proved to be useful
predictors for both indices.
Chapter V focused on development of a patch-based framework for classifying and
inventorying human-dominated forest ecosystems based on level of anthropogenic
perturbation and fragmentation using high-resolution remote sensing data. It implemented
this framework in a suburban area of Baltimore County, Maryland, USA. We developed a
3-level hierarchical network of objects. At the finest scale (i.e. level 1), the classification
nomenclature describes basic land cover feature types, which are divided up into trees
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and individual features that serve to fragment forests, including houses, roads, other
pavement, cropfields, lawns and other herbaceous cover. The overall accuracy of the
classification was 91.25%, and the overall Kappa Statistic equaled 0.897. A knowledge
base of classification rules was developed, and could be easily adapted in other areas. At
level 2, forest patches were delineated, and several patch isolation and fragmentation
metrics were calculated for each of the forest patches. Forest patches were then classified
into different categories based on degree of human disturbance. At the coarse scale (i.e.,
level 3), major roads were used as the boundaries for predefined objects, which were
classified on the basis of relative composition and spatial arrangement of forests and
fragmenting features. This study provides decision makers, planners, and the public with
a new methodological framework that can be used to more precisely map and classify
forest cover. The comparisons of the estimates of forest cover from our analyses with
those from the 2001 NLCD show that aggregated figures of forest cover are misleading
and that much of what is mapped as forest is highly degraded and is more suburban than
natural in its land use.
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Chapter II An Object-oriented Approach for Analyzing and Characterizing
Urban Landscape at the Parcel Level∗
Chapter Summary
This paper presents an object-oriented approach for analyzing and characterizing the
urban landscape structure at the parcel level using high-resolution digital aerial imagery
and LIght Detection and Raging (LIDAR) data. The study area is the Gwynn’s Falls
watershed, which includes portions of Baltimore City and Baltimore County, MD. A
three- level hierarchical network of image objects was generated, and objects were
classified. At the two lower levels, objects were classified into 5 classes, building,
pavement, bare soil, fine textured vegetation and coarse textured vegetation, respectively.
The object-oriented classification approach proved to be effective for urban land cover
classification. The overall accuracy of the classification was 92.3%, and the overall
Kappa Statistics was 0.899. Land cover proportions, as well as vegetation characteristics
were then summarized by property parcel. This exercise resulted in a knowledge base of
rules for urban land cover classification, which could potentially be applied to other
urban areas.

∗

In Review at International Journal of Remote Sensing: W. Zhou, A. R. Troy. An Object-oriented Approach for
Analyzing and Characterizing Urban Landscape at the Parcel Level.
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1. Introduction and background
Today, about 80% of the U.S. population lives in cities and suburbs (U.S. Census
Bureau, 2006). With the expansion of urban areas and residential development, more and
more croplands and forestland are being converted to urban and buildup uses. It was
estimated that the amount of urbanized land in the US has increased 34% between 1982
and 1997, and the amount of developed land is projected to increase from 5.2% to 9.2%
by 2025 (Alig et al., 2004). The changes in land use/land cover caused by urbanization
will consequently impose great pressure on the environment, resulting in deeper social,
economic and environmental changes. To monitor and assess the ecological and social
consequences associated with the urban expansion, the structure of the urban landscape
and its change must be first quantified and understood.
Remote sensing is a primary source of data for spatial analysis of landscape
structures. Remotely sensed data have been used to map urban land cover for many
decades. Land use and land cover data derived from remotely sensed data are widely used
in landscape analysis(Luck and Wu., 2002). A considerable amount of research has been
conducted to map urban land cover using a variety of image types with different spatial
resolutions, ranging from sub- meter to 1000m (Kerber and Schutt, 1986; Shackelford and
Davis, 2003a; Stefanov et al., 2001). As the urban environment is extremely complex and
heterogeneous, with small sizes of component scene elements (e.g., buildings, roads and
- 17 -

lawns) combined with complicated spatial patterns, coarse spatial resolution imagery
(e.g., Landsat, MODIS, AVHRR) is insufficient for mapping detailed urban land cover.
For instance, a 900m2 Landsat TM pixel is greater in size than the physical dimension of
many parcels.
In order to adequately characterize the heterogeneity of urban land cover at the
parcel level, very high resolution imagery is needed. Aerial photography has long been
used to derive information of urban land cover by visual interpretation (Kienegger, 1992).
However, this conventional visual interpretation of aerial photographs is very time
consuming and expensive. The recent availability of high-resolution satellite
multispectral imagery from sensors such as IKONOS and QuickBird, as well as digital
aerial platforms, provides new opportunities for urban land cover mapping. However,
they also call for new classification methods geared towards such data (Blaschke and
Strobl, 2001).
Conventional pixel-based methods only utilizing spectral information for
classification, such as parallelepiped, minimum distance from means, and maximum
likelihood, are inadequate fo r classifying high-resolution multispectral images in urban
environments (Chen et al., 2004; Cushnie, 1987; Thomas et al., 2003). For high spatial
resolution images, an object of a given land cover type tends to be represented by pixels
of heterogeneous spectral reflectance characteristics. This is especially true for urban
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environments, due to the particularly heterogeneous nature of many urban land cover
types(Kontoes et al., 2000). For instance, at a fine resolution, a single roof, tree, or lawn
may include pixels with many different reflectance values due to differences in materials,
shading, or micro-scale site conditions.
Recent research has highlighted the importance of incorporating spatial information
in the classification of very high resolution imagery (Chen et al., 2004; Gong et al., 1992;
Shackelford and Davis, 2003). Texture analysis is one of the most widely used methods
to incorporate spatial information in classification. A typical textural method is to first
generate a texture image at an optical window size, which is then used as an additional
band to the multi-spectral bands in subsequent classification (Chen et al., 2004; Gong and
Howarth, 1990; Puissant et al., 2005). Textural methods can significantly improve
classification with very high resolution image, comparing with methods using spectral
information alone. However, in heterogeneous landscape such as urban areas, the
classification accuracy of textural analysis is still relatively low (Chen et al., 2004).
Object-oriented (OO) classification approach provides another means of integrating
spatial information for classifying high resolution remotely sensed imagery in urban
areas. In OO classification, spatial information such as texture, shape, and context can be
used both to increase the discrimination between spectrally similar urban land cover types
(Goetz et al., 2003; Shackelford and Davis, 2003), and to define objects composed of
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pixels with heterogeneous reflectance. Rather than classify individual pixels into discrete
cover types, OO classification first segments imagery into small objects, which then serve
as building blocks for subsequent classification of larger entities. Object characteristics
such as shape, spatial relations (e.g. connectivity, contiguity, distances, and direction) and
reflectance statistics, as well as spectral response, can be used in the rule base for
classification. In this way, objects with heterogeneous reflectance values, such as a tree
canopy, can still be recognized despite their heterogeneity. Object-oriented (OO) image
classification is quickly gaining acceptance among remote sensors and has recently begun
being applied to the measurement of land cover (Geneletti and Gorte, 2003; Laliberte et
al., 2004; Shackelford and Davis, 2003).
The purpose of the OO approach is to generate functionally meaningful objects
which coincide with “patches of reality” (Blaschke and Strobl, 2001). Often bona fide
landscape objects are a legacy of manmade (fiat) boundaries. Property parcels are an
example of a manmade patch (Grove et al., 2006) which influence landscape composition
and whose relationship to objects can aid in classifying them. For instance, structures,
and driveways rarely cross a parcel boundary. Parcels are appropriate units for spatially
explicit analyses of urban landscapes, as urban landscapes can be considered as a vast
mosaic of parcels with different mixes of component objects, such as pavement, trees,
shrubs and grass (Forman and Wilson, 1995; Platt, 2004). Because land management
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decisions are commonly made at the individual household level, land parcels provide
unique discrete partitions to link urban landscape structure to individual household
behaviors (Evans and Emilio, 2002). This linkage is particularly important for integrated
research in human-dominated ecosystems (Pickett et al., 1997), such as urban areas,
because the structures and processes of urban ecosystems cannot be well understood
without accounting for the strong anthropogenic influence (Vitousek et al., 1997).
This paper present s a new method to analyze and characterize the structures of urban
landscape at the parcel level, using an object-oriented approach by integrating highresolution remotely sensed data and parcel data. Parcel boundaries are used not only to
help segment objects but also as a functionally meaningful geographic unit by which to
summarize landscape composition.
2. Methods
2.1 Study area
This research focused on the Gwynns Falls watershed, a study site of the Baltimore
Ecosystem Study (BES), a long-term ecological research project (LTER) of the National
Science Foundation (www.beslter.org). The Gwynns Falls watershed is an approximately
17,150 ha catchment that lies in Baltimore City and Baltimore County, Maryland and
drains into the Chesapeake Bay (Figure 1). The Gwynns Falls watershed traverses an
urban-suburban-rural gradient from the urban core of Baltimore City, through older inner
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ring suburbs to rapidly suburbanizing areas in the middle reaches and a rural/suburban
fringe in the upper section. Land cover in the Gwynns Falls Watershed varies from highly
impervious in the lower sections to a broad mix of uses in the middle and upper
sections(Doheny, 1999). The variety of urban and suburban land cover types makes it
ideal for this study.

Figure 1. The Gwynns Falls watershed includes portions of Baltimore City and Baltimore County,
MD, USA, and drains into the Chesapeake Bay.

2.2 Data collection and preprocessing
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High-resolution color- infrared digital aerial imagery, LIDAR, and other ancillary
data were used to aid in classification. The Emerge digital aerial image data were
collected for the Gwynns Falls watershed in October of 1999. The imagery is 3-band
color- infrared, with green (510 –600nm), red (600-700nm), and near- infrared bands (800
- 900 nm). Pixel size for the imagery is 0.6m. During orthorectification the imagery was
resampled using bilinear interpolation. The imagery meets or exceeds National Mapping
Accuracy Standards for scale mapping of 1:3,000 (3- meter accuracy with 90%
confidence).
LIDAR is an active remote sensing technology operating in the visible or nearinfrared region of the electromagnetic spectrum. LIDAR instruments can be divided into
two general categories, discrete return and waveform sampling, based on the size of the
laser illumination area, or footprint. A waveform sampling system can provide sub-meter
vertical profiles but with relatively coarser horizontal resolution (10-100m), whereas
discrete-return systems record 1-5 returns per laser footprint with finer horizontal
resolution (0.25-1m) (Hudak et al., 2002). Lidar data have been widely used in urban
features extraction (Priestnall et al., 2000; Weishampel et al., 2000), forest canopy height
mapping (Hudak et al., 2002), and tree height and stand volume estimation (Nilsson,
1996). Studies have demonstrated that the accuracy of classification can be greatly
improved by integrating high resolution multispectral imagery and LIDAR data in urban
environment (Hodgson et al., 2003).
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The LIDAR data used in this study were acquired in March 2002 and were supplied
by the Center for Urban Environmental Research and Education, UMBC, Baltimore, MD.
Both the first and last vertical returns were recorded for each laser pulse, with the average
point spacing of approximately 1.3m. The returns from bare ground and nonground (e.g.,
canopy, building roofs) were separated. The point-sample elevation data were
interpolated into 1-m spatial resolution raster Digital Surface Models (DSMs) using the
Natural Neighbor interpolation method available in ArcGIS 3D Analyst

TM

. DSMs

representing the bare ground and nonground features were separately created from the
return measurements. The surface cover height model was then generated by subtracting
the ground DSM from the surface cover DSM.
Property parcel boundaries were obtained in digital format from Baltimore County
and City. These parcel boundaries, converted to digital format from cadastral maps,
appeared to have a high degree of spatial accuracy when compared with 1:3,000 scale 0.5
m aerial imagery (Troy et al., Accepted). Building footprints datasets of Baltimore
County and City of Baltimore were also used in this study. A limited assessment was
conducted to compare the building footprints to the Emerge image data. The building
footprints appeared to agree spatially with the Emerge imagery, but a considerable
number of building footprints were missing.
2.3 Classification process
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2.3.1 Image segmentation
Using eCognition software (DeFiniens Imaging, 2004), we first segmented groups of
pixels into objects (which are called “object primitives” in eCognition). A variety of
segmentation techniques have been applied to remote sensing imagery with varying
degrees of success (Baatz and Schape, 2000; Pesaresi and Benediktsson, 2001; Sarkar et
al., 2002; Tilton, 1998). Most segmentation approaches can be grouped into two classes,
namely edge-based algorithms and area-based algorithms. The most promising
segmentation algorithms are fractal approaches developed by Definiens AG in Munich
(Baatz and Schape, 2000; Blaschke and Strobl, 2001).
The image segmentation algorithm used in this study followed the fractal net
evolution approach (Baatz and Schape, 2000), which is embedded in eCognition
(DeFiniens Imaging, 2004). The segmentation algorithm is a bottom- up region merging
technique, which is initialized with each pixel in the image as a separate segment. In
subsequent steps, the smaller segments are merged into larger ones. Two smaller
segments will be allowed to merge into a larger one if the increase in heterogeneity of the
new segment compared to its component segments is less than the user-defined scale
parameter. The process stops when there are no more possible merges given the threshold
scale parameter. Both spectral and shape heterogeneity can be taken into account when
measuring heterogeneity through user-defined color and shape parameters. The user can

- 25 -

control the scale parameter to define the acceptable level of heterogeneity, with a larger
scale parameter resulting in larger objects (Benz et al., 2004).
The multiresolution segmentation approach provided in eCognition allows for
nested segmentation at different scales (DeFiniens Imaging, 2004). The user can
construct a hierarchical network of image objects by repeating the segmentation with
different scale parameters. In this hierarchy, large objects can be composed of sub-objects.
Each object is encoded with its hierarchical position, its memberships and its neighbors.
A two- level hierarchical network of objects was created first. The segmentation of
the higher level was created based on the parcel boundary layer. The segmentation of the
lowest level was conducted such that object primitives were considered to be internally
homogeneous; that is, there was only one land cover class in each object primitive.
However, a single real- world object, such as a tree, generally was comprised of several
object primitives. Both the parcel boundary layer and the building footprints data were
used as thematic layers when performing the segmentation at the lower layer. Due to the
lower resolution, the LIDAR data were not considered in the segmentation process.
However, the elevation information derived from the LIDAR was used for the
classification.
2.3.2 Fuzzy classification
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Once image s are successfully segmented, objects then can be classified by using the
fuzzy classification system embedded in eCognition (DeFiniens Imaging, 2004). Under
this approach, complex membership functions can be specified that describe
characteristics that are typical or atypical for a certain class. Object characteristics such as
spectral response, spatial relations and statistical measures can be utilized to build
membership functions for classification. Ancillary data, such as LIDAR terrain models or
GIS layers, can also be used to create rules. The more a given object displays the
characteristics associated with a given class, the more likely it is to be classified as such.
A membership value of an object derived from the membership function ranges from 0 to
1. The closer the value to 1, the higher the grade of membership of the object in the
assigned class.
In this study, 5 classes were used: 1) buildings, 2) pavement, 3) coarse textured
vegetation (trees and shrubs), 4) fine textured vegetation (herbaceous vegetation and
grasses), and 5) bare soil (Cadenasso et al., in review).The classification of the object
primitives was first performed at the lowest level (level 1). A class hierarchy was
developed, and a number of rules were created to classify each object into one of the five
classes at the most disaggregated spatial level.
As those object primitives at level 1 were merely parts of landscape entities, rather
than meaningful landscape objects, spatial relationships among landscape elements could
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not practically be used for classification at this stage. In order to make use of spatial
information, a classification-based fusion was performed to generate a new level of
objects (level 2). At this level, spatially adjacent segments classed as the same level 1
category were merged into a larger object if they belong to the same parcel. For example,
several spatially adjacent segments of grass in a parcel in level 1 would be integrated into
a larger grass object, that is, a lawn, in cases where it had been segmented into multiple
level 1 objects. Hence, classification-based fusion merged the parts of landscape entities
into more meaningful contiguous objects (e.g. building, versus building fragment).
Spatial relationships among those landscape elements were then added to refine the
classification at this level, especially for those shaded objects.
Parcels, the highest level (level 3) objects in our analysis, were attributed with the
proportions of the 5 constituent landscape elements, using the information from the subobjects in level 2. Categories by parcel can then be easily created based on any one of
those proportions or based on some combination. Encoding parcels with these
proportions allows for flexibility in analysis. For instance, if the spatial patterns of urban
residential lawn and lawn greenness are of interest, parcels can be classified on the basis
of the percent lawn cover and greenness (Zhou et al., 2006).
3. Results
3.1 A knowledge base for urban land classification
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One of the results of this project was a knowledge base of classification rules for the
5 classes (Figure 2). We briefly describe the class hierarchy and the associated features
and rules used to separate the classes here.
The class hierarchy was developed using a “top-down” approach. That is, the
classification started from very general classes which were further subdivided into more
specific classes. We first separated buildings from nonbuildings by using the information
from the thematic layer of building footprints. Then, the nonbuilding areas were
classified into shadows and nonshadows. We used a brightness measure to differentiate
shadowed objects from nonshadowed ones, defined as the channel mean value of the 3
Emerge image layers (i.e., the green, red and near- infrared band). Objects with brightness
greater than 30 were classified as nonshaded; otherwise they were classified as shadows.
The

nonshadowed

objects

were

further

subdivided

into

vegetation

and

nonvegetation by using the customized feature of Normalized Difference of Vegetation
Index (NDVI), which was derived from the red and near- infrared wavebands (Jensen,
2000). In this study, we found that an NDVI value of 0.08 was an effective threshold to
differentiate vegetation and nonvegetation. The class of vegetation was distinguished into
fine textured vegetation and coarse textured vegetation. LIDAR data were used to
differentiate these two categories. However, even without LIDAR data, coarse textured
vegetation can be well separated out from fine textured vegetation using texture features.
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Specifically, we found that the sum of the standard deviations of the three bands (green,
red and near- infrared) was a very effective means to distinguish coarse textured
vegetation from fine textured vegetation.
The nonvegetated class consisted of three subclasses, pavement, bare soil, and
buildings. We added the class of building here because there were many buildings
missing from the building footprint dataset (referred to here as ‘missing buildings’).
Missing buildings were relatively easy to distinguish from bare soil and pavement by
using the elevation information from LIDAR data. Nonvegetated objects with height
greater than 3 meters were classified as missing buildings. Separation of bare soil and
pavement proved to be hard because of the lack of effective spectral and spatial features
to distinguish between the two classes. However, using the year of housing construction
from the thematic layer of parcel boundaries, we found that bare soil and pavement could
be well separated. Specifically, objects with year of construction at or after the year the
image data was collected (i.e. 1999), were classified as bare soil.
Shaded objects were first classified into tall and short objects, based on information
from LIDAR data. The latter was further divided into shadowed fine textured vegetation
and shadowed pavement using both NDVI and spatial relations to neighboring objects.
Shadowed fine textured vegetation were those objects with an NDVI value greater than 0
or whose relative borders to fine textured vegetation were greater than 0.5. Shaded tall
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objects were classified as shaded buildings if their relative borders to buildings were
greater than 0.2; otherwise they were designed to the class of shaded coarse textured
vegetation.
3.2 Classification results
A three- level hierarchy of image objects was generated through segmentation
(Figure 3). At level 1, the lowest level of the image object hierarchy, objects were
classified into the ir most disaggregated classes, given in figure 2. Most of the object
primitives could be well distinguished by using spectral features or information provided
by LIDAR data and thematic data. However, the discrimination between the pavement
and bare soil was very difficult partly due to the nearly identical spectral signatures. We
encountered similar problems when classifying shaded object primitives.
At level 2, spatially adjacent segments assigned to the same group in level 1 were
merged to form more meaningful landscape entities. For example, a building was
represented by one polygon after several building fragments were merged (Figure 4).
Spatial information proved to be effective in distinguishing different types of shaded
areas. For instance, a landscape object in the shade of a tree with a small height value that
was largely surrounded by fine textured vegetation could be classified as shaded fine
textured vegetation.
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Figure 2. The class hierarchy, with associated features and rules used to separate the classes.
Please see the text for more details.
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The classification results at level 2 then were exported from eCognition. Classified
image objects were exported to a thematic raster layer with all the subclasses grouped
into the 5 classes of interest (Figure 3). The classification result of the 5 land cover
classes in the Gwynns Falls watershed is shown in figure 5, and the summary of the 5
classes in the watershed is listed in table 1.

Level 1

Level 2

Level 3
Figure 3. A three-level of hierarchical network of image objects, and the classification results of the
5 classes.
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Table 1. Summarization of the 5 land cover types in Gwynns Falls watershed.

Class name

Buildings CV

FV

Pavement

Bare soil

Proportion (%)

11.6

28.1

24.1

1.9

34.3

Figure 4. A building was consisted of multiple segments before the classification-based fusion;
whereas a building was represented by one polygon after several building fragments were merged.

At level 3, parcels were classified based on the proportional composition of the five
landscape elements. As the five landscape elements can vary independently, parcels can
be classified according to any one of the five components or combination of them,
according to the specific needs. For instance, they can be classified based on the
percentages of vegetation (Figure 6), if the research focuses on how households manage
their vegetation and the factors affecting their management (Troy et al., Accepted).
Alternatively, if the research focuses on how impervious surfaces contribute to water
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quality, parcels can be classified according to the percentage of impervious surface
(Figure 6). Furthermore, other information derived from the original image layers can be
used in classifying parcels. For example, residential lawns can be classified by parcel
according to their greenness, using a vegetation index such as NDVI (Figure 7) (Zhou et
al., 2006).
The classified parcels were exported in vector format as polygons with an attached
attribute list, resulting in a database at the parcel level. The attributes included the
percentages of the five land cover types, as well as vegetation characteristics, such as
lawn greenness and tree canopy height.
3.3 Accuracy assessment
An accuracy assessment of the classification results was performed using reference
data created from visual interpretation of the Emerge image data. The accuracy
assessment was carried out on the classification results for the 5 classes. A stratified
random sampling method was used to generate the random points in the software of
Erdas Imagine

TM

(version 8.7) (Congalton, 1991). A total number of 350 random points

were sampled, with at least 50 random points for each class (Goodchild et al., 1994). The
overall accuracy of the classification was 92.3%, and the overall Kappa Statistics equaled
0.899. The confusion matrix of the accuracy assessment is listed in table 2, with user’s
and producer’s accuracy for each class calculated. The producer’s accuracy for each class
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is calculated by dividing the matrix’s column marginal totals by the number of cases
correctly allocated to the class, which measures omission error. The user’s accuracy is
measured based on the matrix’s row marginal totals, which measures commission error
(Foody, 2002). The conditional Kappa for each category, and the overall Kappa statistic
are listed in table 3 (Smits et al., 1999).
Table 2. Error matrix of the five classes, with calculated producer and user accuracy

Reference data

Row

User Acc.
(%)

Classified data
Building

CV

FV

Pavement

Bare soil

Total

Building

51

2

4

4

0

61

CV

0

84

0

2

0

86

FV

0

3

75

1

0

79

Pavement

2

0

4

68

0

74

Bare soil

1

0

1

3

45

50

54

89

84

77

45

94.4

94.4

89.3

88.3

100

Column Total
Producer Acc. (%)
Overall accuracy:

92.3%

Table 3. Conditional Kappa for each Category, and the overall Kappa statistic

Class Name
Building
CV
FV
Pavement
Bare soil
Overall Kappa Statistic

Kappa
0.806
0.969
0.933
0.896
0.863
0.899
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83.6
97.7
94.9
91.9
90

Figure 5. The classification result of the 5 land cover classes in the Gwynns Falls watershed.
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Figure 6. Parcels were classified based on the percentages of five textured vegetation (left), and
classified according to the percentages of impervious surface (right).

uFigure 7. The classification of parcels based on percent lawn cover and lawn greenness (adapted
from Zhou et al., 2006)

- 38 -

4. Discussion
The OO classification approach presented in this paper proved to be very effective
for classifying urban land cover from high-resolution multispectral imagery. Because the
cover classes employed in this study are commonly found in urban areas, the knowledge
base of classification rules developed for this study could potentially be applied to other
urban areas. Moreover, the class hierarchy developed in this study is very flexible. More
classes can be added either directly or by subdividing the classes existing in the current
hierarchy; more classification rules can be created and added to the knowledge base to
improve the classification, with the future availability of improved knowledge and new
data, for instance.
In heterogeneous areas such as urban landscapes, conventional pixel-based
classification approaches have very limited applications because of the very similar
spectral characteristics among different land cover types (e.g., building and pavement),
and high spectral variation within the same land cover type (Cushnie, 1987). As
demonstrated in this study, OO classification provided a better means of classifying this
type of imagery. On one hand, grouping pixels to objects decreases the variance within
the same land cover type by averaging the pixels within the objects, which prevents the
significant “salt and pepper effect” in pixel-based classification(Lalibertea et al., 2004).
On the other hand, as we are dealing with ‘meaningful’ objects, instead of pixels, we are
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able to employ spatial relations, object features, and expert knowledge to the
classification. The object-oriented approach is similar to visual interpretation of highresolution images, but has the advantage of minimal human interaction (Lalibertea et al.,
2004). Furthermore, the multiscale segmentation approach in an object-oriented
environment allows us to extract landscape objects at whatever scale the objects of
interest are best characterized (Baatz & Schape, 2000). This provides a very useful tool
for measuring and analyzing the spatial structures of urban landscape, as it is widely
recognized that patterns and processes occur across multiple scales (Forman and Godron,
1986).
Image segmentation can result in “mixed-object” effects (i.e., grouping pixels from
different classes into one object), which can decrease the classification accuracy(Wang et
al., 2004). We found that most of the misclassifications happened at the boundaries of
different land cover types, where “mixed-objects” were mostly generated. Although
segmenting the image at a finer scale may reduce the effect of “mixed-objects”, we still
found “mixed-objects” even when images were segmented at a very fine scale. Therefore,
it might be worthwhile to investigate how other segmentation algorithms perform along
the boundaries of different land cover classes. Moreover, other approaches, such as
textural and contextual methods, can also be used to incorporate spatial information in
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classification. A comparison of those various methods could provide valuable insights for
appropriate approach selection.
The OO approach provides a convenient way to incorporate ancillary data for
classification, which sometimes can greatly improve the classification of certain classes.
For instance, the use of LIDAR data in this study was very helpful for the separation of
buildings and pavements, which otherwise would be very difficult to differentiate.
LIDAR data also made the separation of coarse textured vegetation and fine textured
vegetation relatively easy by using the height information. Other ancillary data could
serve to create even more precise categories. For instance, the use of vector zoning and
assessor’s data could help discriminate commercial from residential buildings.
Although ancillary data can be used to aid in classification, we should be cautious
about its quality. This is because the classification accuracy is partly dependent on the
quality of the ancillary data. For example, the commission error of the class “building”
was relatively large, as shown in the confusion matrix (table 2), which was partly caused
by the quality of the LIDAR data used in this study. When checking those misclassified
areas during the accuracy assessment process, we found that most of the
misclassifications happened at the boundaries between buildings and other land cover
types. This is likely because the natural neighbor method used to interpolate the LIDAR
sampling points tended to create a smooth surface, which frequently characterize bare
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ground (Goovaerts, 1997) but not manmade features. The DSMs created from such
interpolation method did not correctly represent the sharp change in height associated
with building edges, leading to the probable overestimation of building area for the
classification. Other interpolation approaches, such as ordinary Kriging (OK), might be
more appropriate for generation of DSMs from LIDAR sampling points for nonground
features (e.g., buildings). The different spatial resolutions between the LIDAR data (1
meter) and the Emerge data (0.6 meters) might also partly account for those
misclassifications, although the LIDAR data were resampled to the same resolution as the
Emerge data.
Manmade boundaries were found to be very useful in creating more meaningful
objects. As demonstrated in this study, parcels, as socially defined patches (Grove et al.,
2006), can be conveniently incorporated in OO classification by using as the highestlevel objects. Because most landscape management decisions are made for private parcels
at the household level (Evans et al., 2002), parcels are appropriate spatial units for the
research on examining effects of household behaviors on urban landscapes.
Parcels not only help in classification and segmentation but also provide a
convenient and effective way to summarize biophysical and social factors by a common
geographic unit, allowing for analysis of relationships between the two. Biophysical
information, such as tree canopy coverage and height and parcel lawn greenness can be
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easily derived from classified sub-objects. Social data, such as home value, structural
attributes, land use type, and housing age can be joined from ancillary datasets by parcel
identifier. Parcels can then be used as the observational unit to ask questions that improve
our understanding of the determinant of private land vegetation cover, type, and
management. This is highly desirable because integrated research is required to advance
our understanding of the patterns and processes of urban ecosystems (Pickett et al.,
1997).
Other pre-defined boundaries may also be equally as useful, depending on the
application and scale of analysis. These boundaries may be ecologically (e.g.,
watersheds), or socially (e.g., U.S. Bureau Census block groups) defined patches. For
instance, using block groups as the spatial unit of analysis might more appropriate than
the parcel for research on impact of landowner decisions on the spatial patterns of
contiguous forest patches that span over many parcels. Use of block groups would also
allow for consideration of Census variables that are collected at that level.
However, pre-defined boundaries are not always available, and not necessarily
ecologically function meaningful. Some boundaries are defined arbitrarily or just for
convenience. In such cases, quantitative heuristics and semantic rules might be used to
aggregate image segments into meaningful objects, according to specific applications.
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Chapter III Modeling Residential Lawn Fertilization Practices: Integrating High
Resolution Remote Sensing with Socioeconomic Data∗

Chapter Summary
This paper investigates how remotely sensed lawn characteristics, such as parcel
lawn area and parcel lawn greenness, combined with household characteristics, can be
used to predict household lawn fertilization practices on private residential lands. This
study involves two watersheds, Glyndon and Baisman’s Run, in Baltimore County,
Maryland. Parcel lawn area and lawn greenness were derived from high-resolution aerial
imagery using an object-oriented classification approach. Four indicators of household
characteristics, including lot size, square footage of the house, housing value, and
housing age were obtained from a property database. Residential lawn care survey data
combined with remotely sensed parcel lawn area data were used to estimate two
measures of household lawn fertilization practices, household annual fertilizer nitrogen
application rate (N_yr) and household annual fertilizer nitrogen application rate per unit
lawn area (N_ha_yr). Using multiple regression with multi- model inferential procedures,
we found that a combination of parcel lawn area and parcel lawn greenness best predicts
N_yr, whereas a combination of parcel lawn greenness and lot size best predicts variation
in N_ha_yr.
∗
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1. Introduction
With the expansion of urban areas and residential development, turf grass has
become a dominant land cover type in urban areas (Robbins and Birkenholtz, 2003). It
has been estimated that there are 10 to 16 million hectares of lawn in the continental
United States, an area larger than that of some major US crops like barley, cotton and rice
(Milesi et al., 2005; Robbins and Birkenholtz, 2003). On the one hand, urban residential
lawns provide a variety of important benefits, such as aesthetic amenities (Jenkins, 1994),
carbon sequestration (Bandaranayake et al., 2003), and mitigation of urban heat island
effects (Spronken-Smith, 2000). On the other hand, residential lawns may contribute
significantly to water quality impairment through the application of lawn chemicals and
fertilizers (Robbins and Birkenholtz, 2003; Robbins et al., 2001).
The impacts of lawn fertilizers as non-point pollutant sources on water quality have
become increasing concerns in recent years (Law et al., 2004; Overmyer et al., 2005;
Schueler, 1995a; Schue ler, 1995b; Schueler, 1995a; Swann, 1999). Before understanding
how urban residential lawns and lawn fertilizer applications affect water quality, it is
crucial to estimate the amount of fertilizer applied to urban watersheds from residential
lawn care practices, and understand how household characteristics affect the rate of lawn
fertilization application. Household surveys of lawn care practices are a valuable tool
towards this end, but their effectiveness is limited by their relatively high costs (Law et
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al., 2004; Swann, 1999). This problem, however, may be solved by modeling household
lawn fertilization practices using household characteristics and remote sensing data,
which can provide spatially distributed information over large watershed areas.
Remote sensing has a tremendous advantage in predicting lawn care practices, as it
can explicitly reveal spatial patterns of lawn fertilization over a large geographic area in a
recurrent and consistent way. With the recent availability of high-resolution satellite and
aerial imagery (e.g., QuickBird, IKONOS, and Emerge, etc.) and advances in digital
image processing, detailed lawn information at the household level, such as parcel lawn
greenness and lawn area can be obtained for a large extent of study area in a costeffective way (Zhou and Troy, in review; Zhou et al., 2006). Lawn greenness is likely to
be affected by households’ lawn care practices such as fertilizer application rates, and
thus can reflect the differences in lawn fertilizer application rates. Moreover, household
lawn fertilizer application rate may vary with parcel lawn area. We hypothesize that
parcel lawn greenness and lawn area obtained from remotely sensed data would correlate
with differences in household fertilizer application rates.
Lawns have long been considered as status symbols, reflecting the different types of
neighborhoods to which people belong (Jenkins, 1994). For this reason, lawn
management choices, such as fertilization and watering, may vary greatly among
landowners(Grove et al., 2006; Law et al., 2004). Researchers have found that nitrogen
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fertilizer application rates are related to socioeconomic factors such as income and
education (Osmond and Hardy, 2004; Robbins et al., 2001), and housing value, as well as
housing age (Law et al., 2004). Therefore, we hypothesize that household characteristics,
such as housing age, property value, lot size and square footage of the house, would
correlate with and predict variation in household fertilization practices. More importantly,
we hypothesize that a combination of remotely sensed lawn indices and household
characteristics provides a better prediction of household lawn fertilization practices than
either would provide on their own.
The objectives of this study are to: 1) examine how remotely sensed lawn indices,
such as lawn greenness and area predict variation in household lawn fertilization
practices; 2) examine the relationship between household characteristics and lawn
fertilization practices, and 3) investigate the usefulness of lawn indices and household
characteristics in predicting household lawn fertilization practices.
2. Methods
2.1 Study areas
This study involves two watersheds, Glyndon and Baisman’s Run, in Baltimore
County, Maryland, USA (Fig 1). Both are part of the Baltimore Ecosystem Study (BES)
monitoring network within the Gwynns Falls and Gunpowder watersheds. BES is a Long
Term Ecological Research (LTER) of the National Science Foundation. The Glyndon
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watershed is a headwater catchment of the Gwynns Falls watershed, with an area of about
0.8 km2 and is characterized by predominantly residential land use, with a mix of other
urban and open space. It has experienced rapid suburbanization in recent years as
agricultural and forested lands have been developed.
Baisman’s Run is a part of the Gunpowder watershed, with an area of approximately
3.81 km2 . It is a forest dominated suburban area, characterized by low density, large lot
development on septic systems in the upper third of the watershed (Law et al., 2004).
2.2 Data collection and preprocessing
2.2.1 Geospatial data
Geospatial data used in this study include high-resolution color- infrared digital
aerial imagery, LIght Detection And Ranging (LIDAR) data, and parcel boundaries. The
digital aerial imagery from Emerge Inc. was collected on October 15, 1999. The imagery
is 3-band color-infrared, with green (510–600nm), red (600-700nm), and near- infrared
bands (800-900 nm). Pixel size for the imagery is about 0.6m. The LIDAR data used in
this study were acquired in March 2002, with an average point spacing of approximately
1.3m. A surface cover height model with 1- m spatial resolution was derived from the
LIDAR data, which was used to help differentiate between trees and herbaceous
vegetation (Zhou and Troy, in review).
Property parcel boundaries used in this study were obtained in digital format from
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Baltimore County, as current of 2003. We created a new GIS layer by extracting those
parcels where lawn fertilizer application data were available.

A

C

B

Figure 1. The Glyndon and Baisman’s Run watersheds, located in Baltimore County, MD, USA.
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2.2.2 Lawn fertilizer application data
Data on household lawn fertilization practices were obtained from a household
survey data collected in 2001 (Law et al., 2004). This survey was designed to estimate
household fertilizer application rates and water use practices for lawns in the two
watersheds. Data were generated at the household level by a door-to-door survey. The
two watersheds were partitioned into 10 subdivisions, with 6 in Glyndon and 4 in
Baisman’s Run. Nine of the subdivisions were single- family detached homes and one
was a townhouse development. For each subdivision, 10 residential, homeowneroccupied households were randomly selected to participate in the survey. 73 of
homeowners responded to the survey, among whom 43 reported fertilizing their lawns.
Most of the identified lawns were single- family detached homes (n=39), with only 4
observations from townhouses. Further details about the survey data can be found in Law
et al. (2004).
In this study, two indicators of household lawn fertilization practices were derived
from the survey data, and used in later statistical analyses:
1)

N_yr: estimated household annual application rate of nitrogen (Kg/yr). N_yr was
calculated for each of the 43 individual lawns from the survey data on the type and
amount of fertilizer product, and the frequency of application, which was obtained
through self- reporting (Law et al., 2004).
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2)

N_ha_yr: household annual application rate of nitrogen per unit lawn area
(Kg/ha/yr). N_ha_yr was measured by dividing household annual N application
rate by parcel lawn area, which was derived from remotely sensed imagery and
parcel data.
A large range of application rates was found for both N_yr and N_ha_yr in the

survey. A summary of the application rates is presented in table 1.
Table 1: Descriptive statistics of fertilizer N application rates.

Variables
N_yr
(kg/yr)
N_ha_yr
(kg/ha/yr)

N

Minimum

Maximum

Range

Mean

Std. Dev.

43

0.40

211.29

210.89

23.61

37.91

43

10.51

369.68

359.17

97.57

88.28

2.2.3 Socio-economic data
For household characteristic measures we used data from the Maryland Property
View dataset (Assessments and Transaction database). Specifically, four indicators of
household and property characteristics were used in this study: 1) lot size (lotsize), 2)
square footage of the house (strct_sqft), 3) housing value (tax assessed market value of
the house) (housevalue), and 4) housing age (houseage).
2.2.4 Measuring parcel lawn greenness and lawn area
An object-oriented approach was used to measure the residential lawn greenness and
lawn area at the parcel level (Baatz and Schape, 2000; Benz et al., 2004; Blaschke and
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Strobl, 2001; DeFiniens Imaging, 2004). Further details of these methods are documented
in Zhou et al. (2006) and Zhou and Troy (in review). We created a two- level hierarchical
network of objects. In the lower level, we separated lawns from other land cover types; in
the upper level, we summarized lawn greenness and lawn area by parcel.
We first segmented the image at a very fine scale, where object primitives were
considered to be internally homogeneous; that is, there was only one land cover class in
each object primitive. However, a single real- world object, such as a lawn, generally was
comprised of several object primitives due to spectral differences in different parts of
each lawn. The segmentation of the image at the parcel level (the upper level) was
created based on the thematic layer, i.e., the parcel boundary layer. Once the
segmentations were done, a knowledge base of rules was created to perform the
classification at the lower level to separate lawn primitives (i.e., segments of a lawn)
from other land covers. Lawn primitives were differentiated as shaded and unshaded
lawns. Other land covers classes included buildings, pavement, coarse vegetation (trees
and shrubs) and bare soil (Zhou & Troy, in review). A classification-based segmentation
was then performed to merge the spatially adjacent lawn segments in each parcel into a
larger object, that is, a lawn.
Lawn greenness and lawn area were summarized by parcel at the upper level. As
lawn greenness information was blurred by shading for those shaded lawn areas, we
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measured parcel lawn greenness by only using unshaded portions of a lawn. But when
calculating lawn area for each parcel, both the shaded and unshaded portions of a lawn
were included. Moreover, we assumed in a residential parcel, the ground under tree
canopy that cannot be sensed directly by remote sensing was covered by grass, and thus
were also counted as parcel lawn area. In other words, the coverage area of tree canopy
was also included in the total parcel lawn area. A comparison between the values of
parcel lawn areas obtained from remotely sensed data with those measured during the
survey indicated the validity of our assumption. Parcels were exported in vector format as
polygons with attached attributes of lawn greenness and lawn area, which were used in
later statistical analyses.
The “Normalized Difference of Vegetation Index” (NDVI), which has been widely
adopted and applied to estimate vegetation productivity(Ricotta et al., 1999), vegetation
biomass(Liang et al., 2005), and pasture growth rate(Hill et al., 2004), was used to
measure lawn greenness in this study. A considerable amount of research has
demonstrated that NDVI is sufficiently stable to permit meaningful comparisons of
seasonal and inter-annual changes in vegetation growth and activity because the ratioing
of NDVI reduces many forms of multiplicative noises present in multiple bands of
multiple-date imagery (DeFries et al., 1999; Jensen, 2000).
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In a lawn, a typical healthy green grass blade reflects substantial amounts of nearinfrared (ranging from 700-1200nm) energy while absorbing much of the incident red
wavelength energy for photosynthesis (Jensen, 2000). NDVI, which is derived from
reflectance in the red and near- infrared wavebands, provides a standardized method of
comparing vegetation greenness between remotely sensed images. The formula of NDVI
is given by:
NDVI =

NIR − RED
NIR + RED

(1)

where NIR is the reflectance (or radiance) in the near- infrared waveband, and RED is that
of the red waveband. NDVI value ranges from -1 to 1, but typically between 0.1 and 0.7
for vegetation. Higher index values are associated with higher levels of healthy
vegetation cover, and higher possible density of vegetation (Jensen, 2000).
Specifically, we used mean, standard deviation and range of lawn NDVI as
indicators of parcel lawn greenness. We used mean NDVI to measure the level of lawn
greenness, while the standard deviation and range of NDVI as measures of the
homogeneity of lawn greenness. Each of the 43 identified parcels was assigned a mean,
standard deviation, and range of NDVI, as well as the total area of lawn. Figure 2 shows
parcel lawns extracted from high-resolution imagery and cla ssified by lawn greenness
measured by mean NDVI.
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Figure 2. Parcel lawns are extracted from high-resolution imagery, and classified by lawn
greenness measured by mean NDVI.

2.3 Statistical analyses
We used multiple linear regression to determine which combination of variables best
predicts variance in each of the two lawn fertilization indicators, measured at the parcel
level: 1) logarithmically transformed household annual N application rates (logN_yr), and
2) logarithmically transformed household average N application rates (logN_ha_yr).
Response variables were log transformed because a Q-Q plot for each of the two
untransformed indicators (i.e., N_yr and N_ha_yr) revealed a departure from normality.

- 60 -

Explanatory variables included parcel lawn area, lawn greenness and household
characteristics. A bivariate scatter plot also suggested that the relationship between
logN_yr and lawn area might be better described by an exponential function rather than a
linear one, as shown in figure 3. Table 2 lists the description, mean and standard
deviation for each variable.
We first examined how lawn area and lawn greenness, and household characteristics
could be used to predict lawn fertilization practices, respectively. We then investigated
whether a combination of lawn area, lawn greenness, and household characteristics could
yield better predictions.
We used multi- model inferential procedures (Burnham and Anderson, 2002) to
determine which of those variables, or some combinations best explain the variation in
each of the two response variables. This procedure, which is based on minimization of
Akaike’s Information Criterion (Akaike, 1973; Akaike, 1978), chooses the “best” out of a
series of models by finding the model strikes the best balance between model fit and
model parsimony. More specifically, it selects the model that best explains the data with
the fewest parameters. In this study, we used the adjusted AIC considering the relatively
small ratio of the number of observations to the free parameters (Burnham and Anderson,
2002; Wagenmakers and Farrell, 2004). We also calculated the Akaike Weight for each
model, or the probability of a given model being the best one among a number of
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candidate models. Akaike Weights are especially useful when the difference of AIC
values between two models is small (Burnham and Anderson, 2002; Wagenmakers and
Farrell, 2004). Separate comparisons were run for each response variable.

Table 2: Description and statistics of each variable.

Variables
logN_yr*
logN_ha_yr*
LA**(m2 )
logLA **
NDVI_mean**
lotsize**(m2 )
strct_sqft**(m2 )
housevalue**($)
houseage**(yr)

Description
Logarithmically transformed household annual
application rate of nitrogen
Logarithmically transformed household annual
application rate of nitrogen per unit lawn area
Parcel lawn area
Logarithmically transformed parcel lawn area
Mean of lawn NDVI
Lot size of the property
Square footage of the house (Building
footprint)
Tax assessed market value of the house
Built year of the house

Mean

Std. Dev.

2.23

1.42

4.20

0.92

3785.53
7.24
0.332
4494.68

4589
1.62
0.056
5093.16

194.68

49.42

231692
19.88

98631
22.76

*: Dependent variables. **: Independent variables.

3. Results
Eight models were developed and compared for each response variable, yielding 16
models (Table 3&4). We present the model parameters for all the predictors, as well as
the significance levels. We also provide the R-square value, AIC value, and Akaike
weight for each model. For all models within each model group (i.e., the same response
variable), we rank each model on the basis of its AIC value. The results are listed in table
3 & 4.
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Fertilization application rate
(logN_yr)

A
Lawn Area (LA)
Fertilization application rate (logN_yr)

B
Log transformed Lawn Area
(logLA)

Figure 3. The bivariate scatter plot suggests that the relationship between logarithmically
transformed annual N fertilizer application rate (logN_yr) and lawn area might be better described
by an exponential function rather than a linear one (Panel A). Panel B shows a linear relationship
between logN_yr and the log transformed lawn area (logLA).
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In the model group for annual N application rates, FA3 is the best model (Table 3),
in which approximately 72% o f variation in annual N application rates was explained
jointly by logarithmically transformed lawn area (LogLA), and lawn greenness
(NDVI_mean), with the most variation explained by LogLA. Both LogLA and
NDVI_mean were significant at the 99% confidence level, with positive coefficients.
LogLA is the most significant variable in predicting logN_yr, accounting for about
68% of the variation (model FA1). The model with LogLA alone (FA1) was better than
any of the other models without LogLA (e.g. FA2, FA5), suggesting the importance of
that variable in predicting annual N application rates.
NDVI_mean was not significantly correlated with logN_yr in the absence of other
variables (model FA2). However, when controlling for the effect of parcel lawn area
(logLA), there was a significantly positive relationship between NDVI_mean and logN_yr
(model FA3). The Akaike weights show model FA3 is clearly superior to model FA1,
suggesting the importance of NDVI_mean in predicting logN_yr.
Among the four indicators of household characteristics, only strct_sqft and
housevalue significantly explained variation in logN_yr, when controlling for the effects
of the other three household characteristic variables (model FA4). The Akaike weights
show no difference between model FA4, the one using all four indicators of household
characteristics, and its simplified model, FA5, with only the two significant variables (i.e.
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strct_sqft and housevalue) as predictors. The combination of the two variables (i.e.,
strct_sqft and housevalue) could explain about 58% of variation in logN_yr (model FA5).
When accounting for the effects of lawn area and lawn greenness, however, no household
characteristics significantly explained the variation in logN_yr at the 95% significance
level (model FA6, FA7, FA8).
For the models with logN_ha_yr as response variable (Table 4), FH8 is the best
model, explaining about 40% of variance in logN_ha_yr by a combination of
NDVI_mean and lotsize. However, the probability of FH8 being the best model is only
47% relative to 26% for the second best model (FH7), and to 21% for the third best
(FH3), according to the Akaike weights. Therefore, while FH8 is clearly one of the three
best models, AIC provides only relatively weak support for it being the best relative to
FH7 and FH3. At the same time, the probability of FH7 being the best model is almost
the same as that of FH3.
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Table 3: Summary results for linear regression models predicting household annual N application
rates.

- 66 -

Table 4: Summary results for linear regression models predicting household annual average N
application rates
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Both LA and NDVI_mean were significantly correlated with logN_ha_yr. Among
the household variables, lotsize was the only one that significantly correlated with
logN_ha_yr when controlling the effects of other variables of household characteristics
(see model FH4). The AIC score of model (FH5), using lotsize alone, was very close to
that of model (FH4) with all the four indicators of household characteristics in predicting
logN_ha_yr.
Housing age did not significantly explain the variation in household fertilization
practices, when accounting for the effects of several other variables. However, when
plotting out the data of housing age and the logarithmically transformed annual average
N application rates (figure 4), a linear relationship was clearly shown between those two
variables, where the housing age was less than 50 years. In fact, a significantly negative
relationship was found between housing age and logarithmically transformed annual
average N application rates (R2 = 0.23; p = 0.0018; N = 40), when only using data with
housing age less than 50 years. When controlling for the effects of the other variables
used in this study, but only using the observations with housing age less than 50 years,
we found that housing age did not significantly explain variation in annual N application
rates (i.e., logN_yr). However, housing age was a very useful predictor for annual
average N application rates (i.e., logN_ha_yr). The combination of housing age and lawn
greenness best predicts annual average N application rates (R2 = 0.36, p= 0.0004). Figure
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4 also shows there might be a negative linear relationship between housing age and
logarithmically transformed annual average N application rates where housing age was
greater than 50 years, but with only 3 observations.

LogN_ha_yr

Housing age
Figure 4. The scatter plot of the logarithmically transformed annual N fertilizer application rate per
lawn area unit (logN_ha_yr) and housing age. A linear relationship is shown between those two
variables, where the housing age was less than 50 years (R2 = 0.23; p = 0.0018; N = 40). The plot also
indicates there might be a negative linear relationship between those two variables where housing
age was greater than 50 years, but with only 3 observations.
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4. Discussions
4.1 Theoretical implications
The results from our analyses suggest that remotely sensed biophysical indices (i.e.,
lawn area and lawn greenness), combined with household characteristics, can be used to
effectively predict household lawn fertilization practices. A combination of lawn area and
lawn greenness is the best combination at predicting household annual N application
rates, whereas variation in household annual average N application rates is best explained
jointly by lawn greenness and lot size.
Lawn area is the most significant predictor of household annual N application rates.
A power law relationship (i.e. y = αx β ), rather than a linear one, was found between lawn
area and annual N application rates. That is, there was a linear relationship between
logarithmically transformed lawn area and logarithmically transformed annual N
application rates. The power of 0.725 (i.e., the coefficient of logLA, in model FA1), less
than 1, indicates that landowners with bigger lawns would apply larger total amounts of
N fertilizers to their lawns, but with less per unit lawn area. This was also indicated in the
significantly negative relationship between lawn area (LA) and average N application
rates (FH1, table 4).
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Lawn greenness is another useful predictor of household annual N application rates.
Our analyses indicated that adding the lawn greenness variable yielded better results in
predicting N application rates than when using lawn area alone (FA3 and FA8). Both
parameters of NDVI_mean in the best (FA8) and second best model (FA3) indicated a
significantly positive relationship between lawn greenness and annual N application
rates, when controlling the effect of lawn area.
Household characteristics are useful predictors of household annual N application
rates. Among the household characteristics, housing value was the most significant one
in predicting household annual N application rates. The positive relationship indicates
that higher N application rates are associated with houses of higher property values
(model FA4). However, housing value was no longer significantly correlated with
household annual N application rates, when controlling the effect of lawn area (model
FA8). This implies that the reason why landowners with higher property values tend to
apply more fertilizers may be because they tend to have bigger lawns. In fact, there is no
significant relationship between housing value and annual average N application rates
(model FH4).
For household annual average N application rate, lawn greenness is the most
significant predictor and was the only variable that significantly explained the variation in
annual average N application rates in all three of the models with high Akaike weights
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(i.e., FH8, FH7 and FH3). The relationship between lawn greenness and annual average
N application rates was nonlinear. Lawn greenness alone could only reflect about 20% of
variation in average N application rates. This may be partly because lawn greenness
measured by NDVI is influenced by several environmental factors other than fertilization
practices, such as soil type, lawn watering, and climate. To be able to capture more
variation in annual average N application rates, more factors should be included. For
instance, our analyses show that including the variable of lot size (FH8) or lawn area
(FH3) could yield better results. In this study, we didn’t include one of the very important
ecological variables, that is, soil type, because currently no soils data for the study areas
are available at the appropriate scale. Future research will examine how lawn greenness
can be used to predict lawn fertilization practices by controlling for the effect of soils.
Lot size is the only indicator of household characteristics that significantly explained
the variation in average N application rates (model FH4). However, the negative
relationship is relatively weak. A previous study using the same survey data found that
there was no significant relationship between lot size and average N fertilizer application
rates, although this was at the subdivision level (Law et al., 2004). The possible reasons
for this inconsistency are worth being further explored.
Previous research at the subdivision level has found a negative linear relationship
between median housing age and annual average N application rates (Law et al., 2004).
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Our analyses at the household level indicate there is a nonlinear relationship between
housing age and average N application rates. A negative linear relationship was found
between housing age and logarithmically transformed average N application rates, when
the housing age is less than 50 years. This result is consistent with that of previous
research (Law et al., 2004) that landowners of recent constructions tend to apply higher
rates of N fertilizers to help establish lawns due to the poor soil quality. For housing age
greater than 50 years, there were only 3 observations, thus more observations should be
included before appropriate statistical inference can be made.
In this study, we tested three indicators to measure parcel lawn greenness, the mean,
standard deviation, and range of NDVI, respectively, among which we found the first to
be most useful predictor of household fertilization practices. As empirically derived
NDVI data can be influenced by soil backgrounds and atmospheric conditions (Huete and
Liu, 1994; Qi et al., 1995), it might be worthwhile to investigate the capacity of NDVI to
predict lawn greenness and household fertilization practices over a larger extent in a
multi- temporal way. Moreover, there are other remotely sensed vegetation indices that
can also be used to measure lawn greenness, which we did not apply in this study.
However, a comparison of the capacities of various vegetation indices would be valuable
for appropriate index selection.
The object-oriented classification approach provided a convenient and useful
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method for fine scale measurements of parcel lawn area and lawn greenness. The
methods used in this study show promise for measuring spatial patterns of lawns and
lawn greenness over large urban watersheds, in turn for measuring lawn fertilization
practices using high-resolution aerial and satellite imagery.
4.2 Management implications
Our analyses show that household fertilization practices can be effectively predicted
by remotely sensed lawn indices and household characteristics. This has significant
implications for urban watershed managers and modelers. Firstly, our results indicated
that parcel lawn area was a very important predictor of household N application rates.
Including other indicators, such as lawn greenness and housing value, further improved
our predictions of N fertilizer application rates. Secondly, models developed in this study
could potentially be used to predict nitrogen loads from residential lawn management
over large urban watersheds using high- resolution aerial and satellite imagery and
property data. This will allow for great advances in nonpoint source assessment and
modeling for urbanized watersheds. Finally, this study provides a blueprint methodology
for characterizing parcel level vegetation and the spatial patterns of household lawn
fertilization practices. This could prove to be very valuable for watershed managers in
designing and targeting campaigns for local outreach in pollution reduction efforts.
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Chapter IV An Ecology of Prestige and Residential Lawn Greenness and the
Development of a Lawncare Expenditure Vegetation Index (LEVI) ∗
Chapter Summary
This paper investigates the use of household and neighborhood characteristics in
predicting lawncare expenditure and lawn greenness on private residential lands. The study
area is the Gwynns Falls watershed, which includes portions of Baltimore City and Baltimore
County, MD. We developed a household lawncare expenditure / vegetation index (LEVI)
relating both lawncare practices (pattern) and lawn greenness (process), and examine how
these two indices co-vary within an urban watershed. We examined the use of indicators of
population, social stratification, and lifestyle behavior, combined with housing age, to predict
variations in the two LEVI indices. We also tested the potential of PRIZMTM market cluster
data on predicting the two indices. Lawn greenness was found to be significantly associated
with lawncare expenditure, but with only a weak positive correlation. Using multiple linear
regression with multi-model inferential procedures, we found socioeconomic status is a
significant predictor for both lawncare expenditure and lawn greenness. However, the
addition of household characteristics associated with lifestyle be havior provides better
results, in all cases. It implies lifestyle behavior is a better predictor of both indices. Including
housing age generally improved the models, suggesting the importance of the temporal
∗
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dimension in predicting lawncare expenditure and lawn greenness. PRZIM data, especially
the lifestyle cluster, proved to be useful predictors for both indices.

1. Introduction
The lawn is a typically American landscape feature, which can be found throughout
the country (Jenkins, 1994). With the expans ion of urban areas and residential
development, turf grass has become a dominant land cover type in urban areas (Robbins
and Birkenholtz, 2003). It has been estimated that there are 10 to 16 million hectares of
lawn in the continental United States, an area larger than that of some major US crops
like barley, cotton and rice (Milesi et al., 2005; Robbins and Birkenholtz, 2003). On one
hand, urban residential lawns provide a variety of important benefits. For example, lawns
contribute to the mitigation of urban heat island effect (Spronken-Smith et al., 2000),
carbon sequestration (Bandaranayake et al., 2003), and enhanced infiltration and
attenuation of stormwater runoff compared to bare soil or impervious surfaces(Brabec et
al., 2002), as well as, of course, aesthetic amenities (Jenkins, 1994). On the other hand,
residential lawns may contribute significantly to water quality impairment through the
use of lawn chemicals and overfertilization (Robbins and Birkenholtz, 2003) , to air
quality because of the emissions by lawn mowers (Priest et al., 2000), and greatly
increase the water consumption (Milesi et al., 2005; Robbins and Birkenholtz, 2003).
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A number of studies have been conducted to investigate the contributions of highinput, monocultural lawns to environment quality, especially to water quality, with
increasing concerns of urban lawns as non-point pollutant sources(Barth, 1995; Law et
al., 2004; Overmyer et al., 2005). However, very limited information is available on
urban lawn care practices, especially how lifestyle and household characteristics
influence lawn care practices(Law et al., 2004; Osmond and Hardy, 2004). Though a few
studies have shown that the use of lawn care inputs, especially chemicals, is positively
associated with income and education(Osmond and Hardy, 2004; Robbins et al., 2002),
housing value, and age of development (Law et al., 2004; Osmond and Hardy, 2004),
studies of how households manage their lawns and the factors affecting their
management, are still largely lacking (Robbins et al., 2001). This knowledge can play an
important role, for example, in understanding the contributions of residential lawns to
non-point source pollution and in designing and targeting campaigns for local outreach in
pollution reduction efforts.

Three social theories of household behavior and vegetation dynamics
Three social theories of household behavior – population density, social
stratification, and lifestyle behavior -- have been proposed to explain variations of lawn
greenness, and lawn care practices on private residential lands. Social science research
has focused on theoretical explanations that consider population density (see Agarwal et
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al. (2002)) for a comprehensive review in terms of land use/landcover models) or social
stratification (Burch, 1976; Choldin, 1984; Grove, 1996; Logan and Molotch, 1987) or
lifestyle behaviors (Grove et al., 2006a; Grove et al., 2006b; Troy et al., Accepted) as the
primary drivers of the distribution of vegetation in urban ecological systems.
A considerable amount of research has been conducted to relate social
characteristics to urban vegetation. Many of these studies have focused on the
relationship between population density, or social stratification and the distributions of
vegetation in urban ecological systems. Iverson and Cook (Iverson and Cook, 2000 )
found that tree cover in Chicago, IL was negatively correlated with population density.
Researchers have found that socioeconomic status to be an important predictor of plant
species composition (Whitney and Adams, 1980), diversity (Hope et al., 2003), and
richness (Martin et al., 2004). Socioeconomic status has also been found to be
significantly associated with vegetation distribution on private lands and public rights-ofway (Grove et al., 2006b), and potential space for vegetation planting on private lands
(Troy et al., Accepted) in urban ecosystems.
Most recently, a number of studies have been conducted to examine the power of
lifestyle behavior to predict urban vegetation cover (Grove et al., 2006b), urban
vegetation structure (Grove et al., 2006a) and potential for greening (Troy et al.,
Accepted). Although analyses using socioeconomic status yielded significant results,
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lifestyle behavior was found to be the best predictor of vegetation cover/structure on
private lands (Grove et al., 2006a; Grove et al., 2006b). Including additional household
characteristics associated with lifestyle behavior provided better results for vegetation
cover, than using socioeconomic status alone (Grove et al., 2006b). Troy et al. (Accepted)
found that social stratification was a useful predictor of plantable area, but lifestyle
behavior was a better predictor of the vegetation cover that is realized.
The linkage between lifestyle behavior and urban vegetation can be theoretically
explained by the social theory: lifestyle behaviors and an ecology of prestige (Grove et
al., 2004; Grove et al., 2006b; Troy et al., Accepted). Social differentiation among urban
neighborhoods frequently becomes manifest in terms of lifestyle choices that households
make and how those choices change over time (Grove et al., 2006b). “An ecology of
prestige” refers to the phenomenon in which household patterns of consumption and
expenditure on environmentally relevant goods and services are motivated by group
identity and perceptions of social status associated with different lifestyles (Grove and
Burch, 2002; Grove et al., 2004; Grove et al., 2006b; Law et al., 2004; Troy et al.,
Accepted). In this case, a household’s land management decisions are influenced by its
desire to uphold the prestige of its community and outwardly express its membership in a
given lifestyle group (Grove et al., 2006b).
A critical dimension that may be missing from each of these social theories is a
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temporal component. A number of studies have shown that age of housing is significantly
associated with plant species composition (Whitney and Adams, 1980), diversity (Hope
et al., 2003), and abundance (Martin et al., 2004). Moreover, researchers have found that
age of housing is an important predictor for lawn fertilizer application levels (Law et al.,
2004), vegetation distribution (Grove et al., 2006b), and patterns of vegetation and
potentials for greening (Troy et al., Accepted). Therefore, the combination of lifestyle
indicators and housing age might be able to improve the capacity to predict the variations
of the lawn greenness and lawn care practices on private residential lands.
Questions and hypotheses
As lawns have long been considered as status symbols, reflecting the different types
of neighborhoods to which people belong (Jenkins, 1994), we hypothesize that lifestyle
factors, other than socioeconomic status, such as family size and life stage, and housing
characteristics, can potentially play a critical role in determining how households manage
their lawns, in turn affecting lawn properties such as lawn greenness. Researchers have
found that social stratification and lifestyle behavior affect biophysical patterns, such as
vegetation cover (Grove et al., 2006b; Troy et al., Accepted) and vegetation structure
(Grove et al., 2006a). In this paper, we proposed a household lawncare expenditure /
vegetation index (LEVI) relating both lawncare practices (pattern) and lawn greenness
(process), and examined how these two indices relate to household and neighborhood
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characteristics. We also investigated how these two indices co-vary within an urban
watershed. This study is among the first to investigate the associations between social
patterns (population density, social stratification, and lifestyle behavior) and biophysical
processes (lawn greenness).
We consider lawncare expenditure as an important indicator for lawn care practices
for two reasons: 1) lawncare expenditures on environmentally relevant goods and
services are potentially motivated by conceptions of identity, prestige, and status; and 2)
expenditures on lawn supplies can potentially be used to predict lawn fertilizer
application rates. We measure lawn greenness by a vegetation index derived from
remotely sensed data, the Normalized Difference Vegetation Index (NDVI), which has
been widely adopted and applied to estimate vegetation productivity (Ricotta et al.,
1999), vegetation biomass (Liang et al., 2005), and grass growth rate (Hill et al., 2004).
The predictors that we examine include indicators of population, social stratification,
lifestyle behavior, and housing age, which were derived from US Census data. We also
examine the potential of Claritas Inc.’s PRIZM T M (Potential Rating Index for Zipcode
Markets) categorization system to provide indicators of population, social stratification
and lifestyle behavior for use in predicting the two proposed indices.
Specifically, in this study, we ask: 1) “What is the relative significance of population
density, social stratification, and lifestyle behavior theories, as well as housing age, to
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the distribution of lawncare expenditure and lawn greenness on private lands?” and 2)
“How does lawn greenness co-vary with lawncare expenditure?” We propose the
following hypotheses:
H1 : Lawn greenness: Lifestyle behavior and housing age are most significant in
predicting the distribution of lawn greenness on private residential lands.
H2 : Lawncare expenditure: Lifestyle behavior and housing age are most significant
in predicting the distribution of lawncare expenditure on private residential lands.
H3 : Lawncare Expenditure / Vegetation Index (LEVI): There is a significant positive
association between lawncare expenditure and vegetation index (NDVI), as lawn
greenness appears to be primarily a function of the inputs applied to lawn.
2. Methods
2.1 Site Description
This research focused on the Gwynns Falls watershed, a study site of the Baltimore
Ecosystem Study (BES), a long-term ecological research project (LTER) of the National
Science Foundation (www.beslter.org). The Gwynns Falls watershed is an approximately
171.5 km2 catchment that lies in Baltimore City and Baltimore County, Maryland and
drains into the Chesapeake Bay (Figure 1). It traverses an urban-suburban-rural gradient
from the urban core of Baltimore City, through older inner ring suburbs to rapidly
suburbanizing areas in the middle reaches and a rural/suburban fringe in the upper section.
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Land cover in the Gwynns Falls watershed varies from highly impervious in the lower
sections to a broad mix of uses in the middle and upper sections (Doheny, 1999). The
percentage of residential land use in the Gwynns Falls watershed was about 38%, and
residential lawn coverage was approximately 27.1% in 1999.
The total population in the watershed was about 348,000 in 2000, with population
density of 2029 persons/km2 . Total population and population density varied between
sub-watersheds with the lower sub-watersheds of the Gwynns Falls being the most
densely populated. The socioeconomic characteristics of residents vary greatly in the
Gwynns Falls watershed. For instance, the average median household income in the
upper sections was $52,378, but only $25,217 in the lower sub-watersheds in 2000.
2.2 Data Collection and Preprocessing
2.2.1 Block Group boundaries
A GIS data layer of census Block Groups was created for the Gwynns Falls
watershed by clipping the Geographic Data Technology’s (GDT) Dynamap® Census
data to the Gwynns Falls watershed boundary. The Gwynns Falls watershed boundary
was obtained from the 1:24,000 scale hydrologic data from the United States Geological
Survey (USGS). The GDT Census boundaries were used instead of the US Census
Bureau and Claritas boundaries because of their higher positional accuracy when
compared with 1:12,000 scale IKONOS imagery (Troy et al., Accepted). The Block
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Group data did not have the same geographic extent as the Gwynns Falls watershed
boundary, with Block Groups extending across the watershed boundary. We retained
those Block Groups being mainly (>=50%) within the watershed. We also eliminated
those “sliver” polygons by dropping the Block Groups with areas less than 50,000 m2 ,
which finally resulted in a total of 302 Block Groups in the Gwynns Falls watershed. This
Block Group boundary layer served as the common boundary for all geospatial
operations.

Figure 1. The Gwynns Falls watershed includes portions of Baltimore City and Baltimore
County, MD, USA, and drains into the Chesapeake Bay.
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2.2.2 Parcel boundaries
Property parcel boundaries were obtained in digital format from Baltimore County
and City. These parcel boundaries, converted to digital format from cadastral maps,
appeared to have a high degree of spatial accuracy when compared with 1:3,000 scale 0.5
m aerial imagery (Troy et al., Accepted). As the parcel boundaries were two separated
datasets for Baltimore County and City, the two layers were first clipped to the Block
Group layer for the Gwynns Falls watershed. The two clipped layers were then unioned
to generate a new layer of parcel boundaries for the whole watershed. As we were only
interested in private residential lawns, we selected out parcels with land use types of: 1)
residential dwelling, 2) residential commercial dwelling, 3) townhouse, and 4) residential
condominium.
2.2.3 Lawncare expenditure data
Lawncare expenditure data for each Block Group were obtained from the Claritas
2003 PRIZM database (http://www.claritas.com). Data for five indicator variables were
used, including total household lawncare expenditure and its four broken down
components. The total lawncare expenditure was disaggregated into expenditures on: 1)
lawncare services, 2) lawn supplies, 3) repair/rental of lawn mowing equipment, and 4)
yard machinery. Annual values for the five variables of lawncare expenditures were
assigned for each Block Group.
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2.2.4 Lawn greenness data
Lawn greenness was measured using NDVI, which can be derived from remote
sensing imagery. In a lawn, a typical healthy green grass leaf reflects substantial amounts
of near- infrared (ranging from 700-1200nm) energy while absorbing much of the incident
red wavelength energy for photosynthesis(Jensen, 2000). NDVI, which is derived from
reflectance in the red and near- infrared wavebands, provides a standardized method of
comparing vegetation greenness between remotely sensed images. The formula of NDVI
is given by:
NDVI =

NIR − RED
NIR + RED

(1)

where NIR is the reflectance (or radiance) in the near- infrared waveband, and RED is that
of the red waveband. NDVI value ranges from -1 to 1, but typically between 0.1 and 0.7
for vegetation (Jensen, 2000). Higher index values are associated with higher levels of
healthy vegetation cover, and higher possible density of vegetation.
NDVI is a suitable vegetation index for measuring lawn greenness for several
reasons. First, NDVI has been widely used to estimate vegetation growth, activity and
productivity. Second, the ratioing of NDVI reduces many forms of multiplicative noise
(illumination differences, cloud shadows, atmospheric attenuation, certain topographic
variations) present in multiple bands of multiple-date imagery (Jensen, 2000), allowing
meaningful comparisons of seasonal and inter-annual changes in vegetation growth and
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activity (DeFries et al., 1999). Third, NDVI can be easily obtained from remotely sensed
imagery, which can be gathered for a large area in a cost-effective way. Hence, it can
provide a useful index for studies carried out on large areas.
Until recently vegetation data have typically been derived from coarse resolution
data, such as Landsat Thematic Mapper (TM) satellite imagery with pixel size of 30m.
However, spatially coarse remote sensing imagery sources, such as Landsat, MODIS,
AVHRR, are insufficient for mapping the small size and complex pattern of urban lawns
at the parcel level. For instance, a single pixel of the Landsat TM data covers an area of
900m2 , which is greater than the physical dimension of many parcels. Fortunately, with
the recent availability of high-resolution satellite and aerial imagery (e.g., QuickBird,
IKONOS, and Emerge, etc.) and advances in digital image processing, detailed lawn
information at the parcel level can be obtained. A newly developed approach called
object-oriented classification provides an effective way for the extraction of urban lawns
from high-resolution imagery at the parcel level (Baatz and Schape, 2000; Shackelford
and Davis, 2003; Zhou and Troy, in review). It also provides a convenient and useful
method to measure urban parcel lawn greenness (Zhou et al., 2006).
In this study, NDVI data were obtained from the Emerge color- infrared aerial
imagery acquired in October 1999, with pixel size of about 0.6m. Lawn greenness was
first calculated at the parcel level and then summarized at the Block Group level.
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Specifically, we calculated the mean and standard deviation of NDVI at the parcel level
and the Block Group level to measure lawn greenness. A thematic layer was used as a
mask to limit the summarization on the private residential lawns.
This thematic layer was derived from the land cover data for the Gwynns Falls
watershed (Zhou and Troy, Submitted). This was done by running a raster calculation on
the land cover data, using the private parcel boundaries as a mask. The land cover data
for the Gwynns Falls watershed were derived from the same Emerge color- infrared aerial
imagery as used for NDVI calculation. Five land cover classes were included in the
dataset: fine textured vegetation (grass & herbs), coarse textured vegetation (trees &
shrubs), building, pavement, and bare soil. The overall accuracy of the classification was
92.3%. As for the class of fine texture vegetation, the user’s accuracy was 94.9%,
whereas the producer’s accuracy was 89.3% (Zhou and Troy, Submitted).
As no lawn greenness information was available from those shaded lawn areas, we
eliminated the effects of those possibly shaded lawns by excluding those pixels with
brightness less than 40, when performing the summarization. Consequently, each of the
302 Block Groups was assigned a mean and standard deviation of NDVI.
2.2.5 Socioeconomic and lifestyle behavior data
The Geolytics Census 2000 attribute database (Geolytics, 2000) were used to derive
indicators of population, socioeconomic status, household characteristics, and ethnicity at
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the Census Block Group level. The values of the indicators were appended to each Block
Group. The indicators were:
1) Population:
popD: population density, the number of people per km2 .
2) Socioeconomic status:
income: median household income;
p_bach: education attainment, the percentage of people 25 years and over with
at least a college degree.
3) Household characteristics:
h_value: median value of owner-occupied house;
hh_size: median household family size;
p_marriage: percentage of those 15 and over who are married;
p_withchild: percentage of households that have children under 18 years old;
p_h_owner: percentage of dwellings that are owner-occupied.
4) Ethnicity:
p_white: percentage of the population who are “white”.
2.2.6 Median housing age
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Median house age for each Block Group was obtained from the Geolytics Census
2000 attribute database (Geolytics, 2000) and each Block Group was assigned a median
house age value.
2.2.7 PRIZM TM categorization system
The PRIZM categorization system was used to measure the population density,
social stratification, and lifestyle behavior at the Block Group level. Recent research has
found that the PRIZM categorization system is a useful predictor of perennial landscape
vegetation (Martin et al., 2004), vegetation cover on private land and public rights-ofway (PROW) (Grove et al., 2006b), and plantable area and vegetation cover (Troy et al.,
Accepted).
The PRIZM categorization system has been developed by demographers and
sociologists for market research (Weiss 1988; Weiss 2000; Holbrook, 2001; Grove et al.
Forthcoming). Claritas uses factor analysis of U.S. Census and marketing data to
categorize urban, suburban, and rural neighborhoods (Claritas, 1999; Lang et al., 1997).
The six primary factors used by Claritas to define these categories include social rank
(e.g. income, employment and educational attainment), household composition (e.g. life
stage, family structure), mobility (e.g. length of residence), ethnicity (e.g. race, foreign
versus U.S. born), urbanization (e.g. population, housing density), and housing (e.g.
owner and renter status, home values, housing age) (Claritas, 1999; Lang et al., 1997).
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PRIZM 5, 15, and 62, the three levels of aggregation, correspond to population
density, social stratification and lifestyle behavior, respectively. The five classes of
PRIZM 5 categorize neighborhoods by the degree of urbanization. The five clusters are
disaggregated into 15 classes by incorporating socioeconomic status. The 62 PRIZM
classes reflect the neighborhood lifestyle by combining urbanization and socioeconomic
status with lifestyle components including household composition, mobility, ethnicity,
and housing characteristics (Claritas 1999).
The PRIZM category for each Block Group was obtained from the Claritas 2003
database (http://www.claritas.com). Each Block Group in the Gwynns Falls watershed
was assigned a unique PRIZM category. In our data set, not all PRIZM classes are
present; PRIZM 5, 15, and 62, have 4, 9, and 26 classes represented, respectively.
2.3 Statistical analyses
We used multiple linear regressions to determine which combination of variables
best predicts variance in each of six response variables, all averaged by Block Group: 1)
expenditure on lawncare services; 2) expenditure on lawn supplies; 3) expenditure on
repair/rental of lawn mowing equipment; 4) expenditure on yard machinery; 5) total
lawncare expenditure; and 6) lawn greenness. Seven models were compared for each
response variable, yielding 42 models (Table 1-6). Those seven models have a given
dependent variable as a function of: 1) median housing age; 2) population density; 3)
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population density + housing age; 4) socioeconomic status; 5) socioeconomic status +
housing age; 6) lifestyle behavior characteristics; and 7) lifestyle behavior characteristics
+ housing age. We used median household income and the percent of people 25 years
and over with at least a bachelor degree as measures of neighborhood socioeconomic
status. Other than population density and socioeconomic status, six variables of
household characteristics and ethnicity were used to measure lifestyle behaviors, as stated
in the data section. Housing age is specified as a quadratic term (HA+HA2 ) because
previous research has shown that housing age and vegetation likely have a nonlinear
relationship (Grove et al., 2006b; Troy et al., Accepted).
Additional analyses were performed to examine the potential of the PRIZM
categorizations on predicting lawncare expenditures and lawn greenness. Thirty-six
additional regressions were performed and compared to determine which combinations of
PRIZM categorization (5, 15, or 62 categories) and median house age best predict
variation in each of those six response variables (Table 1-6). In the study area, PRIZM 5,
PRIZM 15, and PRIZM 62 have only 4, 9, and 26 levels represented, respectively. As
there was only one observation for the class 4 in PRIZM 5 categorization system, we
eliminated this class in our analyses.
A series of linear regressions were also performed to determine how lawn greenness
was related to lawncare expenditures.
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We used multi- model inferential procedures (Burnham and Anderson, 2002) to
determine which of those variables, or some combinations best explain the variation in
each of the six response variables. This procedure is based on minimization of Akaike’s
Information Criterion (Akaike, 1973). Specifically, the “best” model is the one with the
smallest AIC value amongst a set of candidate models. In this study, we used the adjusted
AIC considering the relatively small ratio of the number of observations to the free
parameters (Burnham and Anderson, 2002; Wagenmakers and Farrell, 2004). We also
calculated the Akaike Weight, the probability of a given model being the best one among
a number of candidate models. Akaike Weights are especially useful when the difference
of AIC values between two models is small(Burnham and Anderson, 2002;
Wagenmakers and Farrell, 2004). For each of the six response variables, multi- model
comparisons are conducted to yield one “best” model amongst the 13 candidate models.
In an attempt to simplify the “best” model, we examine the significance of the
coefficients and run a regression on only those predictors with significant effects. We
then compare this simplified model with the “best” model to obtain the final “best”
model. We also performed multi- model comparisons separately among PRIZM models to
examine the relative significance of PRIZM 5, 15, or 62 on predicting lawncare
expenditure and lawn greenness.
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3. Results
We present the model parameters for all the continuous predictors, as well as the
significance levels. Similar results for individual PRIZM levels are not given in the
interests of space. AIC value and Akaike weight was given for each model, including
PRIZM models. For all models within each model group (i.e., the same response
variable), we rank each model on the basis of its AIC value. We also provide the Rsquare value for each model. The results are listed in table 1-6.
Lawn greenness measured by remotely sensed vegetation index (i.e., NDVI) is
significantly associated with the total lawncare expenditure. But only a relatively weak
positive correlation is found between the two variables (r =0.24; p< .01). Lawn greenness
is also significantly correlated to lawncare expenditures broken down by lawncare service
(r =0.17; p< .01), supplies (r =0.30; p< .01), repair/rentals (r =0.22; p< .01), and yard
machinery (r = 0.26; p< .01). Figure 2 indicates a linear relationship between lawn
greenness and lawncare expenditures on supplies in the absence of the other predictors.
In the model group for lawn greenness, VI8 is the best (table 1), in which 33% of
variation in lawn greenness was explained jointly by population density, mean family
size, median housing value, the percent of owner-occupied house and housing age, with
the most variation explained by median housing value. In the model group using PRIZM
categorizations as predictors, VIp4 (PRIZM5 + housing age) is the best model. However,
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this does not necessarily mean that population density is a better predictor of lawn
greenness than socioeconomic status or lifestyle behavior, as the model VI8 containing
lifestyle factors was clearly superior to VIp4. Rather, it suggests that the loss of
parsimony introduced by social stratification or lifestyle behavior outweighs their
contributions to explanatory power.

Lawn greenness
(NDVI)
Household expenditure on lawncare supplies ($ per
Figure 2. The scatter plot of household expenditure on lawncare supplies on lawn greenness, which
indicate a linear relationship between these two variables.
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Table 1: Summary results for linear regression models predicting Lawn greenness
Table 1: Summary results for linear regression models predicting Lawn greenness
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For the models with total lawncare expenditure as response variable (table 2), the
best model is LET8, the simplified model using only those variables with significant
effects in the second “best” model, LET6 (lifestyle behavior). The coefficients of the four
predictors, income, p_bach, h_value, and p_h_owner are all positive and significant at the
99% confidence level. About 75% of variance in total lawncare expenditure was
explained jointly by the four explanatory variables (R2 = 0.754). When the six models
using PRIZM categorizations are compared for total lawncare expenditure (LETp1LETp6), LETp6, the most complex model (PRIZM 62 + housing age), is the best one.
Table 3-6 show the results when total lawncare expenditure is broken down by the
four categories of expenditures: lawncare service, lawncare supplies, equipment
repair/rental, and yard machinery. For all of the four model groups, the simplified models
(LS8, LU8, LR8, and YM8) are the best. The results indicate that these models are very
effective in predicting the lawncare expenditure components. For instance, 84% of
variation in expenditures on yard machinery was explained in model YM8, with the most
significant variable being p_h_owner, the percentage of owner-occupied house (see table
6). Each of these models is derived from the second “best” model in the group by
dropping those insignificant variables at the 95% confidence level. P_bach, h_value and
p_h_owner are significant predictors for all of the four models.

Other significant

predictors include income (LU8, YM8), p_withchild (LR8), hh_size (YM8), and housing
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age (LU8, LR8).

The models, LS6 (lifestyle behavior), LU7 (lifestyle behavior +

housing age), LR7 (lifestyle behavior + housing age), and YM6 (lifestyle behavior), are
the second “best” models for the four categories of lawncare expenditure. This suggests
the importance of lifestyle behavior in explaining lawncare expenditures relative to
population density and socioeconomic status. In the model group for each of the four
categories of lawncare expenditure using PRIZM categorizations, the model using
PRIZM 62 and housing age as predictors, is the best. When comparing PRIZM models
with those using continuous variables as predictors in the same model group, the model
with cont inuous socioeconomic variables generally is better than the best PRIZM model
(e.g., LET5 VS LETp6; see table 2). This does not mean the socioeconomic status alone
is better than lifestyle behavior in predicting lawncare expenditures. Rather it may imply
the more explanatory power of continuous variables than categories (PRIZM system).
The significance tests on the coefficients show that all housing age coefficients are
significant for all lawn greenness models where they appear, most at the 99%
significance level. Including housing age, both the linear and quadratic terms,
significantly improved these models. The results also show that both the untransformed
term and the squared term are significant at the 95% confidence level for most but not all
of the lawncare expenditures models. In all cases that the effect of housing age is
significant, the coefficient on the untransformed variable is positive, ranging between
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0.00157 and 2.498, while the squared term is negative, ranging between -0.0366 and 1.0E-5. This suggests a parabolic relationship between housing age and lawn greenness,
and lawncare expenditures. The fitted curve shows that total lawncare expenditure first
increases and then decreases in a parabolic fashion as housing age increases, with a
maximum between 35 and 45 years (Figure 3).

Total Lawncare expenditure ($Per year)
Median housing age (year)
Figure 3. A parabolic relationship between annual household total lawncare expenditure and
median housing age.
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Table 2: Summary results for linear regression models predicting total lawncare expenditure
Table 2: Summary results for linear regression models predicting total lawncare expenditure
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Table 3: Summary results for linear regression models predicting expenditure on lawncare service
Table 3: Summary results for linear regression models predicting expenditure on lawncare service.
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Table 4: Summary results for general linear models predicting expenditure on lawncare supplies
Table 4: Summary results for general linear models predicting expenditure on lawncare supplies.
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Table 5: Summary results for general linear models predicting expenditure on equipment
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Table 5: Summary results for general linear models predicting expenditure on equipment repair/rental

Table 6: Summary results for linear regression models predicting expenditure on yard machinery.
Table 6: Summary results for linear regression models predicting expenditure on yard machinery.
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4. Discussions
4.1 Theoretic Implications
The results from our analyses suggest the validity of our hypotheses. Lifestyle
behavior, combined with housing age, was the best predictor of lawncare greenness and
lawncare expenditures on private residential lands. Lawn greenness is significantly
correlated with total lawncare expenditure, as well as total lawncare expenditure broken
down by expenditures on lawncare services, supplies, equipment repair/rental, and yard
machinery. However, those relationships were relatively weak. One possible reason is
that other lawn care practices such as lawn irrigation, and biophysical factors other than
lawn care practices, such as soil type or elevation influences the lawn greenness. The
capacity of lawncare expenditures in predicting lawn greenness should be further
explored.
In all cases, lifestyle behavior was the best predictor of lawn greenness and lawncare
expenditures. This suggests that household land management decisions such as lawncare
expenditures, and in turn lawn greenness, influenced by a household’s desire to assert its
membership in a given lifestyle group and to uphold the prestige of the household’s
neighborhood, could be best explained by household’s lifestyle characteristics (Grove et
al., 2004; Grove et al., 2006b). Although lifestyle behavior indicators proved to be very
useful for predicting variation of lawn greenness, the relatively low R-squared value
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(0.33) of the best model (VI8) indicated that models using lifestyle behavior alone were
incomplete social-ecological models for lawn greenness. To be able to capture more
variation of lawn greenness, other ecological indicators, such as soil types should be
included.
Among the lifestyle factors, we found that the percent of owner-occupied house
(p_h_owner) was the most significant one in predicting lawncare expenditures. The
positive relationship implies that higher lawncare expenditures would be associated with
owner-occupied houses. For lawn greenness, surprisingly, the coefficient of p_h_owner
was significantly negative, suggesting a negative effect of house owner-occupation on
lawn greenness. The possible reason for this unexpected result should be further
explored.
Median house value (h_value) is another significant predictor in all the “best”
models. The positive coefficients on h_value indicate that higher lawncare expenditures
and greener lawns would be expected in homes with higher market values. Other lifestyle
indicator variables, such as hh_size (model VI8, YM8), p_marriage and p_withchild
(model LR8), are important predictors of lawncare expenditure and lawn greenness.
Results show that socioeconomic status (income, education) is an important
predictor of lawncare expenditure and lawn greenness on private residential lands. For
each of the six response variables, model using socioeconomic status yielded significant

- 109 -

results. For instance, 62% of variation in total lawncare expenditure was explained by
socioeconomic factors, with the significant factor being median household income
(model LET4, table 2). Median household income (income) was significant in all the
models where only socioeconomic status (with/without housing age) was included.
Surprisingly, education attainment (p_bach) was insignificant in all of those models
except the one with lawn greenness as response variable (see tables). A possible reason is
that income and education attainment are highly correlated (r = 0.72; p< .01).
Interestingly, when lifestyle factors were added to the models, education attainment
became significant in explaining each of the six response variables, whereas income was
no longer significant in predicting expenditures on lawncare services and equipment
repair/rental. In all cases where the effects of income and education were significant, the
coefficients were positive, suggesting that a higher lawncare expenditures and lawn
greenness would be associated with higher socioeconomic status, given the different
lifestyle behaviors.
However, socioeconomic status is not adequate for predicting lawncare expenditure
and lawn greenness. Our analyses indicate that including additional household
characteristics associated with lifestyle behavior provide better results for all cases. These
findings are consistent with our previous studies on vegetation distribution and space
available for vegetation planting (Grove et al., 2006b; Troy et al., Accepted).
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Population density is inadequate for predicting lawncare expenditure and lawn
greenness. Population density is not significantly associated with lawncare expenditure,
when adjusting effects of lifestyle behavior. Although the negative coefficient on
population density was significant in the best model for lawn greenness (VI8), models
(VI8, VI7) including variables associated with lifestyle behavior were clearly superior to
those only containing population density, whether with housing age (VI3) or not (VI2).
The results show that PRIZM categorization systems are useful predictors of lawn
greenness and lawncare expenditure. When comparing the six PRIZM models for total
lawncare expenditure and its four components, the most complex model, PRIZM 62
(lifestyle cluster) and housing age, is the best. It suggests lifestyle behavior is a better
predictor of lawncare expenditure than socioecono mic status (PRIZM 15) and population
density (PRIZM 5). The results are consistent with the analyses where continuous social
variables were used.
Housing age proved to be an important predictor of lawncare expenditure and lawn
greenness, as both the linear and squared term were significant in most of the models that
include those terms. The results indicate that there is a parabolic relationship between
housing age and lawncare expenditure, as well as lawn greenness. This parabolic
relationship has also been found between housing age and vegetation distribution (Grove
et al., 2006b), and space for planting(Troy et al., Accepted). One possible reason for less
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expenditure on older neighborhood might be that older housing stock tends to have
smaller lot size and larger lot coverage, thus less room for lawn (Troy et al., Accepted).
4.2 Management implications
The results from this research have significant implications for urban natural
resource managers. Urban lawns provide a variety of important ecological benefits such
as the mitigation of urban heat island effects (Spronken-Smith et al. 2000) and carbon
sequestration (Bandaranayake et al. 2003). Urban lawns may also incur ecological costs
such as nitrogen and phosphorous runoff. Our research results demonstrate that
household lifestyle behavior is an important predictor of lawn greenness and lawncare
expenditure. This connection between lifestyle and lawn care practices suggests that a
comprehensive environmental education program that targets different types and
intensities of lawncare practices associated with varying household lifestyles may be
more effective than a traditional one-type-fits-all outreach campaign (Grove et al. 2006b).
For instance, the content of an environmental marketing campaign’s message to
maximize ecological benefits and minimize ecological costs of lawns may have to vary
according to differences among neighborhoods’ sense of prestige, identity, and status.
The pathways for communicating may vary as well, depending upon the most effective
forms of mass- media by which to reach different lifestyle groups. Marketing firms do
this already for various commercial products and brands including the lawncare-chemical
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industry, which markets its products by using consumer profiles of lifestyle groups
(Robbins and Sharp. 2003, Troy et al. Accepted).
Our findings suggest novel opportunities for urban watershed modelers. Total
lawncare expenditure, as well as its four components, can be effectively predicted by
social variables that are widely available and readily used from the US Census. Using
these Census data in a spatial context, it may be possible to build an urban hydroecological-social model with estimates of lawn fertilizer application rates based upon the
relationships between application and expenditures, and between expenditures and
household lifestyle characteristics derived from Census data. These spatial estimates of
fertilizer application rates at the household or block group level may significantly
enhance non-point source modeling of urbanized and urbanizing watersheds.
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Chapter V Development of an Object-oriented Framework for Classifying and
Inventorying Human-dominated Forest Ecosystems

Chapter Summary
This paper presents the development of a framework for classifying and
inventorying Eastern US forestland based on level of anthropogenic disturbance and
fragmentation using high-resolution remote sensing data and a multi- scale object-oriented
classification system. It implemented the framework in an object-oriented image analysis
program, eCognitionT M, using a suburban area in Baltimore County, MD, USA as a case
study. We developed a 3-level hierarchical network of objects. The patch-based, multiscale classification and inventory framework provides an effective and flexible way of
reflecting different mixes of human development and forest cover in a hierarchical
fashion for human-dominated forest ecosystems. At the finest scale (level 1), the
classification nomenclature describes basic land cover feature types, which are divided up
into trees and individual features that serve to fragment forests, including houses, roads,
other pavement, cropfields, lawns and other herbaceous cover. The overall accuracy of
the classification was 91.25%, and the overall Kappa Statistic equaled 0.897. A
knowledge base of classification rules was developed, and could be easily adapted in
other areas. At level 2, forest patches were delineated, and several patch isolation and
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fragmentation metrics were calculated for each of the forest patches. Forest patches were
then classified into different categories based on degree of human disturbance. At the
coarse scale (i.e., level 3), major roads were used as the boundaries for predefined
objects, which were classified on the basis of relative composition and spatial
arrangement of forests and fragmenting features. This study provides decision makers,
planners, and the public with a new methodological framework that can be used to more
precisely classify and inventory forest cover. The comparisons of the estimates of forest
cover from our analyses with those from the 2001 NLCD show that aggregated figures of
forest cover are misleading and that much of what is mapped as forest is highly degraded
and is more suburban than natural in its land use.
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1. Introduction
In the Eastern US, forest cover increased nearly 50% to over 70 million acres in the
last century, with the greatest increases in Vermont, Massachusetts and Pennsylvania, as
farms, once covering most of the land, have been abandoned and replaced with a mix of
forest and development (Irland, 1999). However, as urban development has become
increasingly diffuse and dispersed, forest cover is increasingly fragmented into smaller
and less connected patches. Because of this, aggregate figures of forest cover are
somewhat misleading in that they do not reflect the highly fragmented conditions of the
forest matrix.
Forest fragmentation is the process by which larger, contiguous forestlands are
broken into smaller, more isolated fragments or islands, as a result of both natural
processes and human land use activities (Fahrig, 2003; McGarigal and McComb, 1995;
Vogelmann, 1995). Human induced forest fragmentation and loss may lead to the
impairment of the forest ecosystem’s ability to provide healthy and diverse habitat
(Fahrig, 2003; Reed et al., 1996; Tinker et al., 1998), and to protect water flow and
quality (Brabec et al., 2002; Coats and Miller, 1981). The number of hectares classified
as “forest” does not tell us how much of that is intact enough to provide critical
ecological functions, such as habitat and hydrologic regulation, and how much is
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disturbed, or how disturbed it is. Doing so requires analyzing the amount and intensity of
fragmentation at various scales.
Current land use/cover classifications of forest are inadequate in providing
information about forest fragmentation and disturbance. For instance, the Anderson
System, one of the most commonly used systems of land use/cover classification,
classifies forest into four different levels of detail related to composition (Anderson et al.,
1976). However, it does not provide information on forest structure or human
disturbance, since the forest category is mutually exclusive of man- made features at the
highest level. Other commonly used classification schemes, such as the Food and
Agriculture Organization’s (FAO) global land cover classification (Di Gregorio and
Jansen, 2000) and the European Nature Information System(Davies and Moss, 1999)
suffer from similar problems.
Remotely sensed data and Geographic Information Systems (GIS) have been widely
used to characterize and assess the degree of forest fragmentation (Fuller, 2001; Jha et al.,
2005; Vogelmann, 1995; Wade et al., 2003). Whereas numerous studies have been
conducted to calculate aggregate figures of the degree of forest fragmentation in a
landscape (Fuller, 2001; Jha et al., 2005; Vogelmann, 1995; Wickham et al., 2000), few
studies have inventoried and mapped out the different categories of forestlands on the
basis of the degree of fragmentation (Civco et al., 2002; Riitters et al., 2004; Wade et al.,
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2003). Those that did were conducted using remotely sensed data with low (Wade et al.,
2003) to medium resolution remotely sensed data (Civco et al., 2002).
These coarse resolution analyses might miss a great deal of fragmentation because
features that fragment the landscape (e.g. small roads or driveways) are often smaller
than the pixel size. To be able to detect those small fragmenting features, higher
resolution data are needed. However, the approach used to calculate forest fragmentation
in these studies using “moving window” algorithms is not appropriate for measuring
forest fragmentation at a fine scale (i.e., small grain size). The “moving window”
algorithm suffers from several problems in its ability to measure forest fragmentation
when high-resolution imagery is used. Firstly, it is almost impossible to find an
appropriate window size to measure forest fragmentation because with high resolution
data, an object of a given type (e.g. a tree), might have any number of pixels comprising
it with heterogeneous reflectance values. Second ly, and stemming from the limitations of
the first, the calculation of forest fragmentation is very computationally intensive.
Finally, results are highly sensitive to the size of the moving window used, yet sizes are
generally chosen arbitrarily.
Other approaches have been used for measuring forest fragmentation. In particular,
Fragstats (McGarigal and Marks, 2002) has been used by hundreds of studies to quantify
fragmentation (Penhollow and Stauffer, 2000; Roseberry and Sudkamp, 1998). Fragstats

- 122 -

can generate a large number of metrics describing the level of fragmentation or contiguity
in a landscape, such as patch density, patch cohesion index, contiguity index,
isolation/proximity index, etc. However, it is neither an imagery classification program
nor is it designed for inventory purposes. The fragmentation metrics must be derived
from previously classified raster data. Because it is entirely raster-based, it is unable to
recognize patches as objects and hence metrics apply to an arbitrary area, rather than to a
patch. While these metrics can tell to what degree the forest is fragmented relative to a
given location, they are inappropriate for inventorying the degree of fragmentation over
large extents. Furthermore, its measures of fragmentation are only as good as the
underlying land cover data.
A new system is needed to describe, catalogue and map forest condition in the
Eastern United States so that researchers and policy makers alike can understand the
complex mix of development and vegetation that now characterize this part of the
country.
Object-oriented (OO) image classification, as described in detail in the dissertation
for chapter II, provides a better means of classifying and inventorying forest landscape in
a more functionally meaningful way than traditio nal pixel-based classifiers. Firstly, an
OO approach provides a more ecologically meaningful way to analyze and characterize
human-dominated forest ecosystems than pixel-based methods. An OO approach
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provides a possible way to define fine scale patches, which serve as the basic unit in
landscape pattern analysis. More importantly, the multiscale segmentation approach in an
OO environment allows us to extract landscape objects at whatever scale the objects of
interest are best characterized (Baatz and Schape, 2000; Benz et al., 2004; Blaschke and
Strobl, 2001), in turn allowing for a scale-dependent nested hierarchy of objects. This
provides a very useful tool for measuring and analyzing the spatial structures of
landscapes, as it is widely recognized that patterns and processes occur across multiple
scales (Turner, 2005; Wu and Levin, 1997). Secondly, an OO approach provides an
effective way to incorporate spatial information, by which the classification accuracy and
efficiency can be greatly improved (Benz et al., 2004; Wang et al., 2004; Zhou and Troy,
in review). Finally, an OO approach provides an effective way to incorporate ancillary
data to improve the efficiency of the classification.
This study aims to develop an OO framework typology for classifying and
inventorying human-dominated forest ecosystems. This classification has the flexibility
to reflect heterogeneous mixes of human development and forest cover in a hierarchical
fashion. At fine scales, the classification nomenclature defines objects as either forest
stands or the individual features that fragment them, including houses, roads, other
pavement, cropfields, lawns and other herbaceous cover, with each fragmenting feature
type being given a score for its severity. At coarse scales (i.e. large polygons), the
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classification nomenclature describes patch types containing a relatively homogeneous
mix of forest and “fragmenting features.”
2. Methods
2.1 Study Site
This study site is a suburban area (Northwest corner: 390 29'35?N, 760 44'30?W;
Southeast corner: 390 26'38?N, 760 40'9?W) in Baltimore County, Maryland, USA, with an
area of about 40km2 (Figure 1). Land cover/land use of this area is dominated by forest
cover, combined with a broad mix of other land cover/land use such as suburban or
exurban development and agriculture. Forest cover is unevenly distributed throughout the
landscape in a highly fragmented pattern that reflects current and past land use and
development.
2.2 Data collection and preprocessing
Data used in this study include high-resolution color- infrared digital aerial imagery,
road layers, property parcel boundaries and building footprints data. The digital aerial
imagery from Emerge Inc. was collected on October 15, 1999. The imagery is 3-band
color- infrared, with green (510–600nm), red (600-700nm), and near- infrared bands (800900 nm). Pixel size for the imagery is about 0.6m. The imagery was orthorectified by
using a blinear interpolation resampling method, and meets or exceeds National Mapping
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Accuracy Standards for scale mapping of 1:3,000 (3- meter accuracy with 90%
confidence).
Road layers were obtained from the Geographic Data Technology’s (GDT)
Dynamap/Transportation data (version 6.1), which were clipped into the extent of the
study area. The original polyline features were converted into polygon features. The
polygon feature layer was edited to eliminate those “sliver” polygons, and served as
predefined meaningful boundaries as summary units or patches at coarse scales, which
was discussed in detail later in this paper.
Property parcel boundaries were obtained in digital format from Baltimore County.
These parcel boundaries appeared to have a high degree of spatial accuracy when
compared with 1:3,000 scale 0.5 m aerial imagery (Troy et al., Accepted). Building
footprints datasets of Baltimore County were obtained and clipped to the extent of the
study area. A limited assessment was conducted to compare the building footprints to the
Emerge image data. The building footprints appeared to agree spatially with the Emerge
imagery, but with a small proportion of building footprints missing in the study area.
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A

B
Figure 1. The study area: a forest-dominated suburban area in Baltimore County, Maryland, USA.
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2.3 Development of a 3-level hierarchical classification system
We developed a 3- level hierarchical classification system. In the lowest level (level
1), we separated trees from individual “fragmenting features”. At level 2, forest patches
(i.e., groups of forested pixels) were delineated and separated from “fragmenting
features”. A variety of patch metrics were calculated, and the forest patches were then
classified into different categories based on the associated degree of human disturbance.
Boundaries for level 3 objects were defined based on major roads. The objects at this
level were classified based on the relative composition and spatial arrangement of forest
and its fragmenting features, or the degree of forest fragmentation.
We implemented this framework in eCognitionT M software version 5, an OO
imagery analysis program (Definiens Imaging, 2006). We first created the 3 levels of
nested objects by using the fractal net evolution approach embedded in eCognitionT M,
and then performed the classification at the 3 levels separately.
2.3.1 Level 1: Classification at tree-level
We first segmented the image into object primitives, which became the building
blocks for subsequent classifications following the methodology discussed in more detail
in Zhou and Troy (in review). The segmentation was conducted at a very fine scale
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yielding “pure” objects where there was only one land cover class in each object
primitive.
At level 1, seven land cover classes were used: trees, buildings, roads, other
pavement, lawns, cropfields, and other herbaceous vegetation. Objects at this level were
classified into the most disaggregated classes, given in figure 2. A class hierarchy and its
associated knowledge base of classification rules were developed by adapting the
knowledge base created by Zhou and Troy (in review). Here, we briefly describe the class
hierarchy, its associated features and rules, and the classification processes.
We first separated buildings from nonbuildings by using the information from the
thematic layer of building footprints. Then, the nonbuilding areas were classified into
shadows and nonshadows using brightness.
The nonshadowed objects were further subdivided into vegetation and nonvegetation
by using the customized feature of Normalized Difference of Vegetation Index (NDVI),
which was derived from the red and near- infrared wavebands (Jensen, 2000). The class of
vegetation was distinguished into herbaceous vegetation and trees. We used the standard
deviation of the near- infrared band to distinguish trees from herbaceous vegetation.
Herbaceous vegetation was further classified into lawns, agriculture and other herbaceous
areas, using land use information obtained from the property parcel boundaries layer. The
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nonvegetated class consisted of subclasses for roads and other pavement, which were also
distinguished using thematic information from the property parcel boundaries layer.
Shaded objects were first classified into shaded vegetation and shaded nonvegetation
by combining NDVI and spatial relations to neighboring objects. Shaded objects were
classified to shaded nonvegetation if their NDVI values were less than 0, and relative
borders to nonvegetation greater than 0.2, and otherwise as shaded vegetation. Shaded
vegetation objects were classified as shaded trees if their relative borders to trees were
greater than 0.6, otherwise as shaded herbaceous vegetation, which were further
subdivided into shaded lawns, shaded cropfields, and shaded other herbs. Shaded
nonvegetation objects were separated to shaded roads and shaded other pavement.
2.3.2 Level 2: Classification at forest patches level
Objects at level 2 were generated by dissolving common boundaries between
spatially adjacent segments classified as the same level 1 category. This was done by
performing a classification-based fusion on classified level 1 object primitives.
Consequently, several spatially adjacent segments of a tree in level 1 would be integrated
into a tree object, in turn, continuous tree objects being merging into a larger forest patch
object. Here, a forest patch was defined as continuous tree stands with an area larger than
1 acre, based on the definition from the Forest Inventory and Analysis (FIA) program of
the USDA Forest Service.
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Figure 2. The class hierarchy, with associated features used to separate the classes. Please see the
text for more details.
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A variety of patch metrics were then calculated for each of the forest patches
(McGarigal and Marks, 2002). These metrics included: 1) size, the size of the forest
patch, 2) PAR, perimeter to area ratio, 3) shape index, 4) fractal dimension index, 5)
edges, the relative borders of the forest patch to different fragmentation features, 6)
NN_D, proximity to developed land use, and 7) NN_F, proximity to the other forest
patches. The size and shape of the forest patch are useful measures of the degree of
fragmentation because the habitat value of forest is a function of the size and spatial
arrangement of patches (Forman and Godron, 1986; Mcintyre, 1995). While the
proximity, or the distance to the next-nearest patch is the most common measures of
patch isolation(Delin and Andr´en, 1999; Fahrig, 2003; Hargis et al., 1998). Human
disturbance on forest patches can be measured using any one of the patch metrics or a
combination of the patch metrics, according to different applications. Shape indices have
been widely used as measures of habit fragmentation (Fahrig, 2003; Hargis et al., 1998).
Mathematically, a shape index is the edge length of a patch divided by four times the
square root of its area (McGarigal and Marks, 2002), as given by the follo wing equation:
SI =

e
4* A

(1)

where A is the area of a patch, and e is its length, which is defined as the sum of
edges of the patch that are shared with other patches. Typically, the edges shared by a
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patch with other patches are treated similarly. In other words, this method does not
account for the difference of the disturbance of different fragmenting features, for
instance, when calculating the degree of human disturbance on forestlands.
In this study, we developed a modified shape index to account for the possible
different impacts of fragmenting features on forest patches. Each type of edge between
forest patches and different types of fragmenting features was assigned a contrast weight.
The contrast weights were given by considering the potential impacts of the fragmenting
features on forestlands. Table 1 lists the different weight for each of the 6 fragmenting
features. The total contrast-weighted edge length of a patch was then defined as the sum
of edges times their associated weights, as given in the following formula:
N

eW = ∑ ei * Wi

(2)

i =1

where e W is the total weighted edge length, ei is the edge length of a forest patch to the i
type of fragmenting feature, N is the total number of types of fragmenting features, and
Wi is the weight assigned to the i type of fragmenting feature.
Table 1. Weights for different fragmenting features
Class name

Roads

Buildings

Pavement

Lawns

Cropfields

Other herbs

Trees

Weights

7

6

5

4

3

2

1
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The modified shape index was then calculated as a measure of the degree of human
disturbance for each of the forest patches. The more a patch is disturbed, the more fractal
it appears, in turn the higher its shape index (Hargis et al., 1998; McGarigal and Marks,
2002; Schumaker, 1996). Forest patches then were classified into five different categories
based on the degree of human disturbance, using a natural break method. They were: 1)
Extremely disturbed forest patch; 2) highly disturbed forest patch; 3) moderately
disturbed forest patch; 4) slightly disturbed forest patch; and 5) undisturbed forest patch.
2.3.3 Level 3: Classification at landscape level
The segmentation of the level 3 was created based on the boundaries derived from
major road layers. Major roads were used to bound summary units for three reasons.
Firstly, roads are pervasive in forested ecosystems in the continental United
States(Riitters et al., 2004). Second, they are a major contributor to forest fragmentation
because they represent significant discontinuities that divide forestlands into smaller
patches and convert interior habitat into edge habitat (Riitters and Wickham, 2003).
Third, roads and highways have adverse impacts on wildlife and wildlife habitats,
including direct loss of habitat, reduction of effective habitat near roads, and direct
mortality (Forman and Sperling, 2003).
The objects in this level were classified based on the degree of forest fragmentation,
which were calculated using two different approaches. The first calculated the levels of
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forest fragmentation based on the relative composition of forests and their fragmenting
agents. Under this method, the “fragmentation features” were classified into a series of
categories representing their severity as agents of fragmentation, and given different
weights. We assigned the same weights as listed in Table 1 to the 6 fragmenting agents
by considering the different impacts of the fragmenting features on forestlands. For
instance, major roads would severely functionally impair a forested landscape because
they require large areas of contiguous impervious surface and they are associated with
heavy traffic(Reed et al., 1996; Riitters et al., 2004; Tinker et al., 1998). On the other
hand, while lawns and farm fields are fragmenting features, they would likely result in
less functional impairment to a surrounding forest matrix because they are more pervious
and more accessible and crossable by wildlife. The degree of forest fragmentation was
calculated by the following equation:
FI = 1 −

pF
N

pF + ∑ pi * Wi

(3)

i =1

where FI is a forest fragmentation index, measuring the degree of fragmentation, pF is the
percentage of forestland, pi is the percentage of the area covered by fragmenting features
of type i, N is the total number of types of fragmenting features, and Wi is the weight
given to the i type of fragmenting feature. The value of FI ranges between 0 and 1, with
larger value means higher degree of fragmentation.
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Under the other approach, the degree of fragmentation was measured based on the
relative proportions of the five types of forest patches, as classified at level 2.
Specifically, the level of fragmentation for each object was determined by that of its
largest forest patch(Wickham et al., 1999).
3. Results
3.1 Tree level classification
Figure 3 shows the classification result of the 7 land cover classes in the study area,
summarized in table 2. The classification results at this level show that the study area had
a relatively high coverage of tree canopy (about 65.5%), with a mix of residential land
use, agriculture and open space. The tree canopy cover measured from high- resolution
imagery in this study is higher than that obtained from the 2001 National Land Cover
Dataset (NLCD) (about 51.2%) and the 2001 NLCD tree canopy dataset (about 48.4%),
which were derived from Landsat TM or ETM+ data with spatial resolution of 30 m
(Homer et al., 2004).
An accuracy assessment of the classification results was performed based on the
methodology outlined by Zhou and Troy (in review). A total number of 400 random
points were sampled, with at least 50 random points for each class. The overall accuracy
of the classification was 91.25%, and the overall Kappa Statistic equaled 0.897. The
confusion matrix of the accuracy assessment is listed in table 3, with user’s and
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producer’s accuracy for each class calculated. Table 4 lists the overall Kappa statistic and
the conditional Kappa statistic for each class.

Figure 3. The classification results of trees and 6 types of “fragmenting features”.
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Table 2. Summarization of the 7 land cover types in the study area.
Class name

Buildings

Roads

Pavement

Cropfields

Lawns

Other herbs

Trees

Proportion (%)

1.7

3.9

2.8

7.5

16.7

1.9

65.5

Table 3 Error matrix of the five classes, with producer and user accuracy.

Classified

Reference data

data

Building

Roads

Pavement Cropfields

Building

46

0

1

Roads

0

50

Pavement

7

Cropfields

User Acc.
Lawns

Other herbs

Trees

(%)

0

1

0

2

92

0

0

0

0

1

98.04

3

38

0

0

3

0

74.51

0

0

0

53

0

0

0

100

Lawns

1

0

1

0

51

0

6

86.44

Other herbs

0

0

1

0

5

43

1

86

Trees

0

0

0

0

1

1

84

97.67

Producer Acc. (%)

85.19

94.34

92.68

100

87.93

91.49

89.36

Overall accuracy: 91.25%

Table 4 Conditional Kappa for each Category, and the overall Kappa statistic.
Class name

Buildings

Roads

Pavement

Cropfields

Lawns

Other herbs

Trees

Kappa

0.908

0.977

0.716

1

0.841

0.841

0.970

Overall Kappa Statistics: 0.897
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3.2 Patch level Classification
At level 2, forest patches were delineated, and the level of human disturbance on
each of the forest patches was measured. Figure 4 shows the map where forest patches
were categorized into 5 classes based on the degree of human disturbance. Table 5 lists
the proportions of the 5 classes of forest patches, broken down by disturbance level. The
results indicate that although the study area had a high forest cover (63.2%), most of the
forest patches were highly disturbed. More than 70% of the forest patches were classified
as highly or extremely disturbed and only a very small proportion of the forest patches
were undisturbed (4.8%) or slightly disturbed (3.3%).
Table 6 lists the proportions and areas of the estimated forestlands, broken down by
disturbance class, as well as the total coverage and acreage of forestlands in the study
area. The coverage and area of forestland estimated from the 2001 NLCD were also listed
in this table. The comparisons of the estimates of forest cover from our analysis with
those from the 2001 NLCD indicated that for our study area: 1) the 2001 NLCD
underestimates the total coverage of forestlands (51.2% vs. 63.2%); and 2) most of what
NLCD classifies as forest is in highly disturbed and fragmented patches. For instance,
while the 2001 NLCD shows that the estimated area of forestlands in the study area is
nearly 17.4 km2 (about 51.2% of the study area), our analyses indicate that only 5.7 km2
(about 16.9% of the study area) of forestland are in the “moderately disturbed” category
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or better, the remaining amount being classified as “extremely” or “highly” disturbed.
Several fragmentation/isolation related patch metrics were calculated for each of the
forest patches. Forest patches were exported in vector format as polygons with those
patch metrics as attached attributes, resulting in a forest patch database. Other attributes
included levels of human disturbance, and classification of the patches.
Table 5. The proportions of the 5 classes of forest patches (based on area), broken down by the
disturbance level.
Disturbance Level

Low

Slight

Moderate

High

Extreme

Proportion (%)

4.8

3.3

18.7

40.1

33.1

Total forest coverage: 63.2%
Table 6. Summarization of the 5 categories of forest patches based on the degrees of human
disturbance in the study area. The table lists the proportions and areas of the 5 classes of forest
patches, as well as the total coverage and acreage of forestlands in the study area. The coverage and
area of forestland estimated from the 2001 NLCD data were also listed in this table.

Class Name

Proportion (%)

Area (km2 )

Undisturbed

3.0

1.032

Slightly disturbed

2.1

0.698

Moderately disturbed

11.8

4.027

Highly disturbed

25.4

8.646

Extremely disturbed

20.9

7.136

Total

63.2

21.539

NLCD

51.2

17.395
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Figure 4. Forest patches were classified into 5 classes based on levels of human disturbance.

3.3 Landscape level Classification
At level 3, polygons derived from road layers served as object boundaries.
Consequently, objects at this level were dominated by forestlands, with a mix of other
“fragmenting features” (Figure 5, panel A). The coverage of the total tree canopy and
proportions of fragmenting features were summarized for each of the objects. Figure 5
(Panel B) shows the objects were classified based on the coverage of tree canopy.
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The degree of forest fragmentation was calculated for each of the objects, which
were then classified into 5 categories based on the levels of forest fragmentation. Figure 5
(Panel C) shows the classification results where the levels of fragmentation were
calculated based on the relative proportions of forest and its fragmenting agents (i.e., the
value of FI). (Panel C) shows the classification results where the levels of fragmentation
were calculated based on the relative proportions of forest and its fragmenting agents
(i.e., the value of FI). Figure 5 (Panel D) shows each of the objects was classified
according to the level of human disturbance on its largest forest patch. While figure 5
(Panel B) shows that most of the objects at this level were highly forest dominated, the
forestlands were disturbed at varied levels, with most being highly fragmented (Figure 5,
Panel C and D).
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A

B

C

D

Figure 5. Classification results at the landscape level. Panel A: Polygons derived from major road
layers served as objects at this level; Panel B: objects were classified according to percentage of
forestland; Panel C: objects were classified based on the values of fragmentation index; Panel D:
each of the objects was classified according to the level of human disturbance on its largest forest
patch.
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4. Discussions and conclusions
This paper presents the development of a framework for classifying and
inventorying Eastern US forestland based on level of anthropogenic disturbance and
fragmentation using high-resolution remote sensing data and multi-scale OO
classification system. It implemented the framework in an OO image analysis program,
eCognitionT M, using a suburban area in Baltimore County, MD as a case study. The
patch-based, multi-scale classification and inventory framework presented here provides
an effective and flexible way of reflecting different mixes of human development and
forest cover in a hierarchical fashion for human-dominated forest ecosystems.
At fine scales, trees were effectively separated from fragmenting features. In this
paper, we only had six types of fragmenting features. However, more classes can be
added either directly or by subdividing the existing classes in the current hierarchy. For
instance, roads could have several subclasses, such as highway, major roads, and
driveways. New classes, such as industrial and commercial sites could be added.
Furthermore, as an OO approach provides a convenient way to incorporate ancillary data,
new data can be easily incorporated into the framework to obtain further information if
needed. For instance, Light Detection And Ranging (LIDAR) data could be used to not
only help differentiate trees and herbaceous vegetation (Zhou and Troy, in review), but
also estimate tree height and stand volume (Nilsson, 1996). Other tree-level conditions,
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such as tree species (Key et al., 2001), tree health (Xiao and McPherson, 2005), can also
be estimated from remote sensing imagery.
At the patch level, we delineated forest patche s, and classified them into different
categories based on levels of anthropogenic perturbation. In this paper, we provided one
possible way to measure the degree of human disturbance on forest patches, using the
human disturbance shape index. It should be noted the metrics we identified and the
methods we used to calculate the degree of human disturbance were partly for illustration
purposes. In particular, the weights were for fragmenting features were chosen somewhat
arbitrarily. A preliminary sensitivity analysis indicated that the results were sensitive to
the ranks of the weights given to different fragmenting agents, but fairly insensitive to the
specific values of weights. The usefulness of this shape index should be further explored.
However, the framework provides the flexibility of assigning different weights to
fragmenting features, according to specific applications. Moreover, other patch metrics
and approaches can be used to calculate the degree of human disturbance on forest
patches according to specific application needs. Furthermore, more metrics other than
those discussed in this paper can be calculated for human disturbance measurements.
At coarse scales, we considered major roads as hard boundaries of forestland, and
used road-derived polygons as predefined objects to examine the degree of forest
fragmentation. Other pre-defined boundaries may also be equally as useful, depending on
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the application and scale of analysis. These boundaries may be ecologically (e.g.,
watersheds), or socially (e.g., U.S. Bureau Census block groups) defined patches, or
Forest Inventory Analysis (FIA) Primary Sampling Units (PSU) and field plots
(Czaplewski, 1999). However, pre-defined boundaries are not always available, and not
necessarily ecologically function meaningful. Some boundaries are defined arbitrarily or
just for convenience. In such cases, quantitative heuristics and semantic rules might be
used to aggregate image segments into meaningful objects, according to specific
applications.
The fragmentation index (FI) proposed in this study accounted for the possible
different impacts of fragmenting agents by weighting fragmenting features differently.
However, the weights were given somewhat arbitrarily. The usefulness of the index
should be further investiga ted. Furthermore, it suffers from the fact that, it does not
account for the spatial pattern and distribution of fragmenting features within the
landscape. That is, it makes no distinction between a landscape where all fragmenting
features are clustered ve rsus one where they are evenly distributed throughout the forest.
Combining the fragmentation index with other configuration indices, such as contagion,
connectivity and edge density, might alleviate this problem(Gustafson, 1998; Hargis et
al., 1998; Schumaker, 1996; With, 1999; With et al., 1997).
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The OO classification approach provides a unique alternative to grid-based methods
for the analysis and inventory of human-dominated forest ecosystems. High- resolution
data are highly desirable for assessing human-dominated forest ecosystem in that small
fragmenting features are undetectable from low or medium resolution imagery. An OO
classification proved to be effective in differentiating trees and fragmenting agents at a
fine scale. While fine-scale fragmentation may involve features that are too small to
perceive at coarser scales, such features are still big enough to significantly affect many
ecological functions, such as habitat quality and water regulation. Hence, it is critical that
mapping of forest patches be able to account for features at this scale.
This study provides decision makers, planners, and the public with alternative
assessments about the state of forest cover in heterogeneous environments. It also
provides a new methodological framework that agencies can use to more precisely
classify and inventory forests using high-resolution remote sensing imagery. As forest
inventory estimates used by planners and policy makers are commonly based on coarserscale data, particularly, NLCD, the comparisons of the estimates of forest cover from our
analyses with those from the 2001 NLCD have very important management implications.
Particularly, it shows that pixel-based classification systems such as NLCD fail to
account for variations in the level of disturbance of forestland and, because of this, such
systems may yield misleading indicators of the amount of forest the can reliably provide

- 147 -

ecological functions, such as habitat and hydrologic regulation.

For those agencies

without resources to classify high- resolution imagery, therefore, it suggests commonly
used measures of forest cover should be adjusted to account for disturbance and
fragmentation in mixed urban and forested environments.
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