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Abstract

This study explores the combined application of remote sensing, spatial metrics and spatial modeling to the analysis and modeling of

urban growth in Santa Barbara, California. The investigation is based on a 72-year time series data set compiled from interpreted historical

aerial photography and from IKONOS satellite imagery. Spatial metrics were used both specifically to assess the impact of urban

development in four administrative districts, and generally to analyze the spatial and temporal dynamics of urban growth. The metrics

quantify the temporal and spatial properties of urban development, and show definitively the impacts of growth constraints imposed on

expansion by topography and by local planning efforts. The SLEUTH urban growth and land use change model was calibrated using the

multi-temporal data sets for the entire study region. The calibrated model allowed us to fill gaps in the discontinuous historical time series of

urban spatial extent, since maps and images were available only for selected years between 1930 and 2001. The model also allowed a spatial

forecast of urban growth to the year 2030. The spatial metrics provided a detailed description of the accuracy of the model’s historical

simulations that applied also to forecasts of future development. The results illustrate the utility of modeling in explaining the amount and

spatial pattern of urban growth. Even using modeling, however, the forecasting of urban development remains problematic and could benefit

from further research on spatial metrics and their incorporation into the model calibration process. The combined approach using remote

sensing, spatial metrics and urban modeling is powerful, and may prove a productive new direction for the improved understanding,

representation and modeling of the spatiotemporal forms due to the process of urbanization.
D 2003 Elsevier Inc. All rights reserved.
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1. Introduction

New approaches to the planning and management of

urban regions, such as sustainable development and smart

growth, will depend upon improvements in our knowledge

of the causes, chronology, and impacts of the process of

urbanization and its driving forces (Klostermann, 1999;

Longley & Mesev, 2000). Given the long research tradition

in the fields of urban geography and urban modeling (Batty,

1989; Knox, 1994), new sources of spatial data and inno-

vative techniques offer the potential to significantly improve

the analysis, understanding, representation and modeling of

urban dynamics. The combination of new data and methods

will be able to support far more informed decision-making
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for city planners, economists, ecologists and resource man-

agers. Dynamic spatial urban models provide an improved

ability to assess future growth and to create planning

scenarios, allowing us to explore the impacts of decisions

that follow different urban planning and management pol-

icies (Kaiser, Godschalk, & Chapin, 1995; Klostermann,

1999). After a checkered past, there is currently a resurgence

in urban modeling, primarily because the new methods and

data have made computer-based models functional and

useful tools for urban planning. This growth has been driven

by two major factors: improved representation and modeling

of urban dynamics; and increased richness of information in

the form of multiple spatial data sets and tools for their

processing (e.g. Geographic Information Systems, Clarke,

Parks, & Crane, 2002). Yet, the application and performance

of the models is still limited by the quality and scope of the

data needed for their parameterization, calibration and

validation. Urban modeling also still suffers from a lack

of knowledge and understanding of the physical and socio-
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economic drivers that contribute to the pattern and dynamics

of urban areas (Banister, Watson, & Wood, 1997; Batty &

Howes, 2001; Longley & Mesev, 2000).

Remote sensing techniques have already shown their

value in mapping urban areas, and as data sources for the

analysis and modeling of urban growth and land use change

(Batty & Howes, 2001; Clarke et al., 2002; Donnay,

Barnsley, & Longley, 2001; Herold, Menz, & Clarke,

2001; Jensen & Cowen, 1999). Remote sensing provides

spatially consistent data sets that cover large areas with both

high spatial detail and high temporal frequency. Dating back

to 1960, remote sensing can also provide consistent histor-

ical time series data. Batty and Howes (2001) emphasized

the importance of remote sensing as a ‘‘unique view’’ of the

spatial and temporal dynamics of the processes of urban

growth and land use change. Nevertheless, few studies have

focused on the integration of remote sensing data into urban

planning and management applications. To date, remote

sensing research has focused on technical issues in data

assembly and on physical image classification (Longley,

Barnsley, & Donnay, 2001; Yeh & Li, 2001) rather than on

the use of the mapped by-products in the spatiotemporal

analysis of urban regions.

Critical in the description, analysis, and modeling of

urban form and its changes are spatial metrics. These simple

quantitative indices can be used to objectively quantify the

structure and pattern of an urban environment by computing

them directly from thematic maps. Adopted from landscape

ecology where they are termed landscape metrics (Gustaf-

son, 1998; O’Neill et al., 1988), recent studies have

employed spatial metrics in urban landscapes. These studies

demonstrate that spatial metrics offer improved description

and representation of heterogeneous urban areas and that

they can provide a link between the physical landscape

structure and urban form, functionality and process (Barns-

ley & Barr, 1997; Geoghegan, Wainger, & Bockstael, 1997;

Parker, Evans, & Meretsky, 2001). Furthermore, spatial

metrics have been used for detailed analyses of the spatio-

temporal patterns of urban change, and in the interpretation,

assessment and verification of urban models (Alberti &

Waddell, 2000; Goldstein, Candau, & Clarke, 2003; Herold,

Clarke, & Scepan, 2002).

This study investigated the value of the combination of

spatial modeling, remote sensing, and analysis with spatial

metrics for the Santa Barbara, California urban region

between 1930 and 2030. The historical analysis was based

on remote sensing observations from archived air photos

and IKONOS satellite data. The remote sensing-derived

data layers were used in parameterization and calibration

of the SLEUTH urban growth model (Clarke & Gaydos,

1998). The SLEUTH model was used to predict Santa

Barbara’s urban growth from 2001 to 2030, and to recreate

missing historical time periods in the evolution of Santa

Barbara’s urban extent since 1930. A set of spatial metrics

was used in a detailed analysis of the growth patterns

mapped from the remote sensing data and were extended
to interpret and analyze the model’s forecasted growth in the

area up to 2030.

In Section 2, we further introduce and discuss the issues

of remote sensing, spatial metrics and their applications in

the analysis and modeling of urban dynamics. Section 3

presents the study area, including facts about the regional

historical urban growth, as well as details of the processing

of the geospatial data employed. The remote sensing data

analysis necessitates a detailed discussion of the issues

related to discriminating between urban and rural areas.

This section also includes the specifics of the SLEUTH

model and describes in detail the spatial metrics used for

this study. The results are described in Sections 4 and 5.

Section 4 begins with an interpretation of the spatial growth

pattern and presents a contextual history of Santa Barbara’s

growth, followed by an analysis of the corresponding

spatial metrics. Section 5 presents the SLEUTH modeling

results. We interpret the ‘‘back-cast’’ historical urban

growth, where we used SLEUTH to spatiotemporally inter-

polate the shape of urban Santa Barbara from the unevenly

spaced chronology of the historical data (see Goldstein et

al., 2003). This process is a way of assessing the validity of

SLEUTH as an urban growth model. Next, we interpret and

analyze the spatial pattern of Santa Barbara’s future growth

reflected in the spatial metrics as applied to forecasts to the

year 2030. This analysis is presented at the subregional,

rather than the global level in order to clearly identify the

mechanisms of urban change at the spatial scale of the

modeling.
2. Remote sensing, spatial metrics and measuring urban

growth

Cities reflect economic, environmental, technological,

and social processes in their change, yet all are in turn

profoundly driven by the evolving urban spatial structure

itself. Research in the understanding, representation and

modeling of the complex urban system has a long tradition

in geographic research and planning (Alberti & Waddell,

2000; Batty, 1989, 1994). However, accurate and opera-

tional modeling of urban growth and land use change still

presents us with some major challenges. Predominant

among these are data availability and the need for improved

methods and theory in modeling urban dynamics (Irwin &

Geoghegan, 2001; Longley & Mesev, 2000; Wegener,

1994). In general, the application, performance, and outputs

of urban growth models depend strongly on the quality and

type of the data available for parameterization, calibration

and validation (Batty & Howes, 2001; Longley & Mesev,

2000). As land use change models incorporate both human

and natural systems, the requirements placed on the data are

fairly complex, ranging from environmental and ecological

parameters to socioeconomic information, and detailed land

use and land cover data with known spatial and temporal

accuracy (Clarke et al., 2002; Herold et al., 2001). Important
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data sources are the decennial census or other housing data

that are routinely collected by governments, and by plan-

ning agencies (Fagan, Meir, Carroll, & Wo, 2001; Fores-

man, Pickett, & Zipperer, 1997; Wegener, 1994). However,

there are problems associated with spatial social data; they

do not have a uniform global availability—they are fre-

quently unavailable for developing nations; spatial social

data may be classified or available only through private or

restricted government sources; they can have poor temporal

accuracy and consistency, and they often contain the wrong

thematic representations for objective urban analysis.

Research has explored using remote sensing in concert with

other sources of data in modeling urban land use change

(Acevedo, Foresman, & Buchanan, 1996; Clarke, Hoppen,

& Gaydos, 1996; Meaille & Wald, 1990; Wu, 1998). These

investigations exploit the fact that remote sensing can

provide synoptic views with high detail and high temporal

frequency. Remote sensing products can be used to map

major urban features, land cover types, detailed land use or

urban infrastructure, from which can be derived secondary

socioeconomic parameters and the invisible elements of

urban infrastructure (Jensen & Cowen, 1999; Usher, 2000).

Remote sensing also contributes to a better representation of

the spatial heterogeneity of cities, a counter tendency to

the limitations of models that tend to reduce geographic

space to the single dimension of distance, thereby hiding

important spatial patterns in land use and landscape

features (Irwin & Geoghegan, 2001). The combination of

remote sensing with urban modeling has been mentioned

as a priority for future exploration and evaluation (Batty &

Howes, 2001; Clarke et al., 2002; Longley & Mesev,

2000; Longley et al., 2001). Furthermore, empirical studies

have substantiated the use of both spatial metrics and

remote sensing in urban modeling (Alberti & Waddell,

2000; Herold et al., 2001; Parker et al., 2001). These

combinations are also the approach used for this study of

Santa Barbara.

As landscape metrics, spatial metrics are already com-

monly used to quantify the shape and pattern of quasi-

natural vegetation in natural landscapes (Gustafson, 1998;

Hargis, Bissonette, & David, 1998; McGarigal, Cushman,

Neel, & Ene, 2002; O’Neill et al., 1988). Landscape metrics

were developed in the late 1980s and incorporated measures

from both information theory and fractal geometry (Man-

delbrot, 1983; Shannon & Weaver, 1964) based on a

categorical, patch-based representation of a landscape.

Patches are defined as homogenous regions for a specific

landscape property of interest, such as ‘‘industrial land’’,

‘‘parks’’ or ‘‘high-density residential zone’’. There is no

inherent spatial scale to a patch nor is there an inherent level

of classification, such as an Anderson level (Anderson,

Hardy, Roach, & Witmer, 1976). The landscape-perspective

assumes abrupt transitions between individual patches that

result in distinct edges, as opposed to a continuous ‘‘field’’

perspective (Gustafson, 1998). Patches are therefore max-

imally externally and minimally internally variable. Land-
scape metrics are used to quantify the spatial heterogeneity

of the individual patches, all patches sharing a common

class, and the landscape as a collection of patches. The

metrics can be spatially non-explicit such as scalars, but still

represent important spatial properties. Spatially explicit

metrics can be computed as patch-based indices (e.g. size,

shape, edge length, patch density, fractal dimension) or as

pixel-based indices (e.g. contagion, lacunarity) computed

for all pixels in a patch (Gustafson, 1998).

Given this background in landscape ecology, the ap-

proaches and assumptions might be more generally

described as ‘‘spatial metrics’’ to other fields of research

and across different kind of environments, specifically urban

areas. In general, spatial metrics can be defined as quanti-

tative and aggregate measurements derived from digital

analysis of thematic-categorical maps showing spatial het-

erogeneity at a specific scale and resolution. This definition

emphasizes the quantitative and aggregated nature of the

metrics, since they provide global summary descriptors of

the individual measured or mapped features of the landscape

(patches, patch classes, or the whole map). Furthermore, it

has to be considered that the metrics always represent the

spatial heterogeneity at a specific spatial scale, determined

by the spatial resolution, the extent of spatial domain, the

thematic definition of the map categories, and at a given

point in time. When applied to multi-scale or multi-temporal

data sets, spatial metrics can be used to analyze and describe

change in the degree of spatial heterogeneity (Dunn, Sharpe,

Guntensbergen, Stearns, & Yang, 1991; Wu, Jelinski, Luck,

& Tueller, 2000). Based on the work of O’Neill et al.

(1988), sets of different metrics have been developed,

modified and tested (Hargis et al., 1998; Li & Reynolds,

1993; McGarigal et al., 2002; Ritters et al., 1995). Many of

these quantitative measures are implemented in the public

domain statistical package FRAGSTATS (McGarigal et al.,

2002), described below.

Very recently there has been an interest in applying

spatial metrics to the analysis of the urban environment.

Parker et al. (2001) summarized the utility of spatial metrics

for urban socioeconomic applications, urban models, rural

models and integrated models. Previous work has empha-

sized the use of spatial metrics to describe structure and

pattern in an urban landscape and to link economic pro-

cesses with patterns of land use. Parker et al. (2001)

investigated theoretical urban land use patterns, and con-

cluded that the composition and pattern reflected in spatial

metrics are critical, independent and sufficient components

of Economic Geography. Spatial metrics can be used as an

improved representation of spatial urban characteristics and

lead to enhanced interpretation of modeling results. Alberti

and Waddell (2000) proposed specific spatial metrics for

models of urban land use and land cover that incorporate

human and ecological processes. Their framework allows

for improved representations of both the heterogeneous

characteristics of urban areas and of the impacts of urban

development on the surrounding environment.
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Geoghegan et al. (1997) explored landscape metrics in

modeling land and housing values. The nature and pattern of

land uses surrounding a parcel have an influence on the

price, implying: ‘‘. . .that people care very much about the

patterns of landscapes around them and consequently

requires construction of intuitive landscape metrics to

describe such relationships. . .’’ termed urban landscape

composition (Geoghegan et al., 1997). Barnsley and Barr

(1997) explored graph theory for the mapping and repre-

sentation of urban land use structures. Graph theory is based

on spatial primitives like location, areas and their spatial

topological relationships (e.g. adjacency, distance, orienta-

tion and containment). Barnsley and Barr (1997) imple-

mented and applied a framework called XRAG to described

graph relations and characteristics of urban land cover

objects (‘‘graphtown’’) that were based on digital vector

data sets (Barnsley & Barr, 1997). Later they extended their

work to include remote sensing data (Barr & Barnsley,

2000). They considered remote sensing an important source

of data for spatial metric analysis as it describes the spatial

heterogeneity of landscapes.
3. Data processing, modeling, and analysis of the study

area

3.1. Historical growth in the study area

The study area comprises the greater Santa Barbara urban

area, composed of the urban and exurban communities of

Carpinteria, Goleta, Summerland, Montecito and the City of

Santa Barbara (Fig. 1). The study area lies along the Pa-

cific Coast of California, from 119j25Vto 120j West and

34j25Vto 34j30VNorth, comprising a region of approx-

imately 45,000 ha. Development in this region is con-

stricted to the lowland area between the Pacific Ocean (to

the South) and the Santa Ynez Mountains (to the North).

Santa Barbara has a long history of human settlement,

dating back to the Chumash Native Americans. Agriculture

and ranching first appeared with the arrival of Catholic

Missionaries in the early 1800s. California statehood, agri-
Fig. 1. Mosaic of seven individual IKONOS images (channels 4/3/2, acquired in

urban area mapped from the data (in yellow) and the administrative boundaries o
culture, and later the discovery of asphalt and petroleum

reserves, triggered the growth of downtown Santa Barbara

and the subsidiary urban centers of Goleta and Carpinteria,

all connected by railroad, highways and shipping routes.

The reputation of the favorable Mediterranean climate

attracted the early movie and tourist industries at the

beginning of the 20th century. World War I brought com-

mercial development focused in Santa Barbara and special-

izing in airplane and vehicle construction for the war effort.

During and after World War II, Goleta grew as a subsidiary

urban center beginning with the airport in the 1940s,

followed by suburban residential community and commer-

cial development especially in the 1960s and 1970s centered

on the aerospace industry and the university. This growth

replaced long-standing citrus and avocado orchards with

residences. The economic growth was accompanied by an

increase in population, driving dramatic urban expansion

and land use change in the area. Fig. 2 shows the population

growth in the city of Santa Barbara and Santa Barbara

County that incorporates the urban areas of Carpinteria,

Goleta and Summerland. The campus of the University of

California, Santa Barbara was moved in 1958 to the Goleta

area near the airport and induced further growth in the area

(Sweeney, Corbett, & Hochart, 2001). In the year 2002, the

urban area of Goleta became incorporated as the City of

Goleta.
Spring 2001) of the Santa Barbara urban area shown with the extent of the

f the urban subareas (in blue).
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The 1974 ‘‘The Impacts of Growth’’ general plan for Santa

Barbara introduced the concept of a population capacity,

though the idea did not spread beyond the city limits. Urban

growth in the study area from the 1970s onward changed due

to a variety of factors, but dominated by the fact that

population and economic growth faced limited water avail-

ability, exacerbated by the drought in the late 1980s. The

environmental movement in the area, born after the 1969 oil

spill in the Santa Barbara Channel, led to constraints on

development along the South Coast. The anti-growth plan-

ning philosophy resulted in more restricted and planned

urban expansion, especially in the 1980s and 1990s.

The unincorporated coastal community of Summerland is

adjacent to the affluent community of Montecito. Summer-

land is comprised of high income, low-density residences

that developed due to the proximity of the Santa Barbara

downtown area, the nucleus of the whole urban agglomer-

ation. Some areas, especially along the coast, represent

high-density residential and tourism-oriented facilities with

few agricultural uses. Carpinteria (incorporated in 1965) is

mainly comprised of medium and high-density residential

land and a significant amount of agriculture. The Carpinteria

area is under significant pressure for development in the

future due to the increasing urban pressure from Santa

Barbara and Summerland, and the shortage of coastal land

for development.

3.2. Remote sensing data analysis

The processing and analysis of the remote sensing

imagery focused on the derivation of the extent of built-up

areas. Image interpretation and classification required a clear

definition of what is considered an urban area versus a rural

area. In general, an urbanized area is characterized by built-
Fig. 3. Urban extent of the Santa Barbara/Goleta region as represented in different

used in this study.
up land including the central city and its immediate suburbs

with a specified population possessing a specific socio-

economic relationship with the surroundings (Knox, 1994;

Weber, 2001). Spatially speaking, the demarcation between

urban and rural areas on the edges of cities may not be

distinct. The U.S. Bureau of the Census quantitatively

defines urban areas based on population, the land area and

population density, as well as their spatial arrangement. The

discrimination of urban areas is resolved at the census block

or block group level (U.S. Census Bureau, 2001). One

major problem in delineating urban areas from Census data

is the fact that most cities have grown beyond their legal

political boundaries, leading to poorly defined city edges

(Hartshorn, 1992). A second common approach in delineat-

ing urban areas from rural areas is by using remote sensing

techniques (Weber, 2001). Just as for administrative data,

the discrimination of the urban extent from remote sensing

data is problematic and requires careful attention to method-

ology.

The problem of discriminating urban versus rural areas is

highlighted in Fig. 3, which presents the various delinea-

tions of Santa Barbara’s urban extent from different data

sources. These include census data, the Digital Chart of the

World (DCW) and remote sensing products from the De-

fense Meteorological Satellite Program (nighttime-acquired

images), Landsat Thematic Mapper (TM) (National Land

Cover database) and the urban extent from air photo

analysis as used in this study. The exaggeration of urban

areas by the low resolution DMSP is visible, as is the

significant under-representation of the urban areas for the

DCW and the IGBP Global Land Cover data set. These

urban limits were derived from the Defense Mapping

Agency’s Operational Navigation Charts generated in the

1950s and 1970s. The urban area in the National Land
data sets compared to a mapping product from visual air photo interpretation
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Cover Database (NLCD) is mapped from Landsat TM data

and includes the areas that appear ‘‘built up’’ at a 30-m pixel

resolution. The NLCD data set is a typical remote sensing

data product based on pixel-by-pixel digital classification

which captures individual build up structures instead of the

general bounding polygon of urban land use. The urbanized

areas from the census of 1990 (in green) delineate urban

extent fairly well, given the scale of the data set. However,

the air photos illustrates that a significant portion of Santa

Barbara has already grown beyond its legal, political, and

census boundaries (Hartshorn, 1992) as indicated by the

NLCD and the air photo-derived data sets. Accordingly, the

census data set shows significant limitations for detailed

analysis and modeling of spatial and temporal urban growth

patterns on the citywide or regional scale. The indications of

Fig. 3 justify the use of remote sensing, and air photos in

particular, as useful sources of data for urban growth

studies.

The air photo data set (Fig. 3) was derived by visual

image interpretation to delineate the boundary between the

connected built up urban environment and the surrounding

rural land. Weber (2001) showed that it is important to

develop a precise and clear definition of urban land use and

land cover categories when delineating urban and rural areas

from remote sensing. Weber also advocated consideration of

the morphology of urban areas as the most objective and

easily obtained criterion (e.g. from visual image interpreta-

tions) for defining contiguous built up areas. For Santa

Barbara, the visual image interpretation was implemented

by mapping the historical urban development from aerial

photography based on the Anderson-level II land cover

classification system (Anderson et al., 1976). The urban

extent was derived from reclassification of these detailed

Anderson level II classifications into a binary urban/non-

urban map. We considered all land use types involving built

structures as part of the urban environment. This can, at

times, include a park if, for example, the park has a large

covered structure. Roads that occur within the urban context

are in essence urban. Therefore, roads that were within a set

boundary of urban land use classes were subsumed into

urban extent or determined rural otherwise. The derived

binary maps form the basis for the further analysis of urban

growth pattern and for modeling with SLEUTH.

For the study area, air photos from the following years

were obtained: 1929, 1943, 1954, 1967, 1976, 1986, and

1998. The air photos used before 1986 were panchromatic,

the others were color-infrared with scales ranging from

1:65,000 to 1:130,000. The air photos were scanned, geo-

rectified and merged to produce image mosaics. Visual image

interpretations were made by on-screen digitizing and

resulted in individual vector data layers for every year that

were transformed into a raster format with 30 m spatial. A

more detailed description of the processing and classification

of the air photos can be found in Clarke and Gaydos (1998).

Air photos are the only high spatial resolution remote

sensing data source for mapping the historical growth of the
area. However, the recent availability of data from high-

resolution spaceborne remote sensors offers even more

detailed mapping of urban areas. Accordingly, an image

mosaic of seven IKONOS images acquired in Spring 2001

was used to derive an additional layer of urban extent. The

processing was similar to that of the air photo interpretation,

including co-registration and visual image analysis to derive

the urban extent for 2001 (Fig. 1). Considering the rapid

urbanization during the 20th century and the availability of a

long historical record of remote sensing data, Santa Barbara

is a data-rich area to study the dynamics of spatial and

temporal urban growth patterns.

3.3. Application of the SLEUTH urban growth model

The SLEUTH urban growth model is a cellular autom-

aton-based model. The cellular automaton is a rule-based

algorithm that has been long employed in computer science

to explore social and physical phenomena (Wolfram, 2002).

SLEUTH employs four growth rules and five parameters to

control the influence of the rules on urban spread. Cellular

automata have recently been used in several urban growth

models (Clarke & Gaydos, 1998; Couclelis, 1997). Com-

plete documentation on SLEUTH is maintained at the

project website (Gigalopolis, 2001).

In addition to the historical urban extent layers, the

SLEUTH model requires other geographical layers includ-

ing topographic slope (obtained from a 30 m USGS DEM),

road networks (rasterized from the US Census 2000 TIGER

roads database), and an exclusion layer that indicates where

urban growth cannot occur. The exclusion layer includes

lakes, ocean, parks and natural preserves, extracted from the

Santa Barbara County tax assessors parcel map.

The implementation of SLEUTH is a three-step process:

data organization, calibration, and forecasting. Data organ-

ization entails creating a complete data set of all the

necessary spatial data layers, usually within a GIS. The

process of model calibration is to tune the five SLEUTH

parameters that determine how the various growth rules can

best represent the historical urban growth for a specific area.

These growth rules simulate the dynamics of road-influ-

enced growth, outward spread and infilling, new settlements

established without respect to existing urban infrastructure,

and the resistance to development of sloping topography.

The calibration of SLEUTH has been researched extensively

(Candau, 2000; Clarke et al., 1996; Gigalopolis, 2001; Silva

& Clarke, 2002). A secondary product of the SLEUTH

calibration process are probabilistic historical urban annual

layers, which are produced when the calibration is run with

Monte Carlo iterations, often called the ‘‘back-cast’’ urban

layers. The back-cast urban layers are in essence spatiotem-

poral interpretations of urban extent between instantiations

of the known historical data (Goldstein et al., 2003). When

calibration is complete, the ‘‘real’’ remote sensing data

layers are preserved and incorporated into the interpolated

urban extent. The calibration and prediction modes of
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SLEUTH are executed using the maximum number of

Monte Carlo iterations feasible.

The prediction mode of the SLEUTHmodel uses the best-

fit growth rule parameters from the calibration to begin the

process of ‘‘growing’’ urban settlements, starting at the most

recent urban data layer. The resulting forecast of future urban

growth is a probabilistic map of each grid cell being urban-

ized at some future date, assuming the same unique ‘‘urban

growth signature’’ is still in effect as it was in the past, while

allowing some system feedbacks termed self-modification.

For both the back-cast and projected urban layers, a proba-

bility over 90% (given 100 Monte Carlo simulations) was

used to consider a grid cell as likely to become urbanized. The

final results of the model application are annual layers of

urban extent for the historical time frame (1929–2001) and

for projected future urban growth (2002–2030). These can

also be used to generate animation sequences.

3.4. Derivation of spatial metrics

Different representations of space have led to a variety of

spatial metrics for the description of spatial structure and

pattern. For each application they have to be selected,

interpreted, analyzed, and evaluated according to the con-

text of the study, given the thematic classification and the

inherent processes of change (Gustafson, 1998). The basis

of the spatial metric calculation is a thematic map represent-

ing a landscape comprised of spatial patches categorized in

different patch classes. In this study, the landscape hetero-

geneity (i.e. the patch categories) is represented in two
Table 1

Spatial metrics used in this study, after McGarigal et al. (2002)

Metric Description/calculation scheme

CA—Class area CA equals the sum of the areas (

patches, divided by 10,000 (to con

that is, total urban area in the lands

NP—Number of patches NP equals the number of urban

landscape.

ED—Edge density ED equals the sum of the lengths

segments involving the urban patch

the total landscape area (m2), mult

(to convert to hectares).

LPI—Largest patch index LPI equals the area (m2) of the lar

corresponding patch type divided

covered by urban (m2), multiplied b

to a percentage).

MNN—Euclidian mean

nearest neighbor distance

MNN equals the distance (m) mea

urban patches to the nearest neighbo

based on shortest edge-to-edge di

center to cell center.

AWMPFD—Area weighted

mean patch fractal dimension

Area weighted mean value of the f

values of all urban patches, the fract

patch equals two times the loga

perimeter (m) divided by the logarit

(m2); the perimeter is adjusted to cor

bias in perimeter.

CONTAG—Contagion CONTAG measures the overall prob

of a patch type is adjacent to cells o
classes: urban and nonurban as mapped from the air photos

(the nonurban extent in the analysis consists only of land

that can be urbanized; it excludes the ocean, for example).

The study area was subdivided based on the administrative

boundaries into four urban subareas (Santa Barbara, Sum-

merland, Goleta and Carpinteria) to further analyze and

compare the specific growth pattern across space.

FRAGSTATS, a public domain spatial metrics program,

was developed in the mid-1990s and has been continuously

improved since (McGarigal et al., 2002). FRAGSTATS

version 3.1 provides a large variety of metrics. Table 1

describes the subset of available metrics used in this

research. The contagion index describes the heterogeneity

of a landscape by the probabilities that a pixel of patch class

i is adjacent to another patch class k (Eq. (1)).

CONTAG ¼ 1þ

Xm
i¼1

Xm
k¼1

ðPiÞ gikXm
k¼1

gik

0
BBB@

1
CCCA
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66664

3
77775� ln ðPiÞ gikXm
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gik

0
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1
CCCA

2
66664

3
77775

2lnðmÞ

2
666666666666664

3
777777777777775

� ð100Þ
ð1Þ

m—Number of patch types (classes), P(i)—proportion of

the landscape occupied by patch type (class) i, g(ik)—
Units Range

m2) of all urban

vert to hectares);

cape.

Hectares CA>0, no limit

patches in the None NPz 1, no limit

(m) of all edge

type, divided by

iplied by 10,000

Meters

per hectare

EDz 0, no limit

gest patch of the

by total area

y 100 (to convert

Percent 0 < LPIV 100

n value over all

ring urban patch,

stance from cell

Meters MNN>0, no limit

ractal dimension

al dimension of a

rithm of patch

hm of patch area

rect for the raster

None 1VAWMPFDV 2

ability that a cell

f the same type.

Percent 0 <CONTAGV 100
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number of adjacencies (joins) between pixels of classes i

and k.

The contagion index measures to what extent landscapes

are aggregated or clumped (O’Neill et al., 1988). Land-
Fig. 4. Urban growth of the Santa Barbara urban area 1930–2
scapes consisting of patches of relatively large, contiguous

landscape classes are described by a high contagion index.

If a landscape is dominated by a relatively greater number of

small or highly fragmented patches, the contagion index is
030 shown with spatial distribution of local contagion.
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low. In the context of this study, if the urbanized areas

represent one large compact blob the contagion will be high.

The more heterogeneous the urbanized area becomes, e.g.

resulting from higher fragmentation or more individual

urban units, the lower the contagion index.

The fractal dimension describes the complexity and the

fragmentation of a patch by a perimeter–area proportion.

Fractal dimension values range between 1 and 2. Low

values are derived when a patch has a compact rectangular

form with a relatively small perimeter relative to the area. If

the patches are more complex and fragmented, the perimeter

increases and yields a higher fractal dimension. The fractal

dimension can be applied as a derived metric called area

weighted mean patch fractal dimension (AWMPFD, Eq.

(2)).

AWMPFD ¼
Xm
i¼1

Xn
j¼1

2lnð0:25 pijÞ
ln aij

� �
aij

A

� �� �
ð2Þ

m—Number of patch types (classes), n—number of patches

of a class, p(ij)—perimeter of patch ij, a(ij)—area of patch

ij, A—total landscape area.

AWMPFD averages the fractal dimensions of all patches

by weighting larger land cover patches. This improves the

measure of class patch fragmentation because the structure

of smaller patches is often determined more by image pixel

size than by characteristics of natural or manmade features

found in the landscape (Milne, 1991).

The other more simple metrics shown in Table 1 repre-

sent widely used indices measuring the spatial composition

and configuration of urban land in the study area. A more

detailed description including the specific mathematical

equations of all of the metrics can be found in McGarigal

et al. (2002). The largest patch index (LPI) metric was

slightly modified from the original FRAGSTATS calcula-

tion. It describes the percentage of the total urban land

represented in the largest urban blob, not in relation to the

size of the whole landscape as implemented in FRAG-

STATS. The number of patches (NP) metric quantifies the

number of individual urban areas. The edge density (ED) is

a measure of the total length of the edge of the urban

patches, in other words, the length of the urban boundary

divided by the total landscape area. The mean nearest

neighbor (MNN) distance represents the average minimum

distance between the individual urban blobs. Hence, it is a

measure of the open space between urbanized areas. The

selection of the metrics was based on their value in

representing specific landscape characteristics as already

explored in previous research on urban areas (Alberti &

Waddell, 2000; Herold et al., 2002; Parker et al., 2001).

The spatial metrics were computed individually for each

of the four urban subareas and for every year between 1929

and 2030, including the remote sensing-based mapped

urban extents, the back-casted historical results and the

forecasted future growth. Furthermore, we computed the

contagion metric for the whole study area without separa-
tion into subareas. The processing used a circular-moving

window (100-m radius) and assigned the contagion value

calculated for the specific circle area to the central pixel.

The output represents a spatial distribution of the selected

metric and was included in the visualization and investiga-

tion of spatial urban growth dynamics (Fig. 4).
4. Analysis of spatial and temporal urban growth

pattern

Fig. 4 shows the historical and projected growth pattern

of the Santa Barbara urban region in 20-year increments for

the urban subareas spatially presented with the local con-

tagion metric (in 100-m radius). Areas with low contagion

indicate a low probability that the adjacent pixels of any grid

cell are from the same class (e.g. urbanized). The green

areas in Fig. 4 represent fragmented and heterogeneous

areas in terms of the urban/nonurban interface, that is, a

low contagion highlights areas at the urban fringe. By 1930,

the historical urban centers of downtown Santa Barbara City

and Summerland had been established. By 1950, some

extension of existing urban cores and the allocation of

new development units is indicated in all subareas of the

study region. The airport in Goleta and the surrounding

supporting industrial neighborhood have been developed

before 1950. The contagion map of 1970 shows significant

expansion of the urbanized areas. Some of the growth is

related to the extension of the urban cores (in yellow), but

most of the new development in the area indicates a low

contagion (in green). This can be related to the suburban

sprawl in the 1960s that resulted in fragmented sprawl. Due

to increased commercial and residential development in the

late 1960s, sprawl infill is visible in all urban subareas,

especially in the Goleta region between the airport and

downtown Santa Barbara. Carpinteria, Summerland and

Santa Barbara all show sprawl. By 1990, most of the sprawl

areas developed into compact urban patches via increased

infill of vacant land between the urban patches built in the

1970s. Larger areas with fragmented urban structure can be

found in 1990 in the eastern part of Summerland. In central

Goleta, urbanization between the airport and downtown

Santa Barbara is still in progress.

The output of the model forecasting the regions of urban

growth indicates a significant amount of growth from 2000

to 2030, including the allocation of new developments in

Goleta and Carpinteria and the occupation of large tracts of

vacant land. Downtown Santa Barbara is predicted to be

nearly completely urbanized by 2030 and the few patches

remaining in the subarea represent land that is not available

for development, such as high slopes and parks. Summer-

land also shows a high degree of projected urbanization by

2010 and 2030. Some areas in the east of the Summerland

subarea will still have low contagion. Urbanization in this

subarea was limited due to steeper topography and the fact

that most of this development is comprised of medium and
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high-income housing. Since these areas are usually com-

prised of large lots and single-family homes, the projected

urbanization tends to be highly fragmented with many

complex urban edges. While Carpinteria grew the least of

all the other subareas, this subarea will be under high

development pressure in the near future, according to the

forecast urbanization of both downtown Santa Barbara and

Summerland. By 2010 and 2030, predictions indicate that

Goleta will become a compact urban patch.

Analysis of the contagion maps in Fig. 4 demonstrates the

importance of including spatial metrics in urban growth

research. The contagion is derived from binary maps

(urban/nonurban) and provides an additional level of infor-

mation about the influence of expansion of the urban area on

the landscape. For example, areas of low contagion represent

areas of diffuse urban sprawl. In terms of future development

they also indicate regions that are potential ‘‘hot spots’’ for

future urban development and the evolution of compact urban

cores. The ‘‘hot spots’’, closer to the urban cores of the

subareas, have a much greater probability of being urbanized.

Fig. 5 presents diagrams of temporal growth signatures

of six different spatial metrics. The metrics shown were

calculated using FRAGSTATS for the urban extent of the

different subareas derived from the remote sensing obser-

vations for 1929, 1943, 1954, 1967, 1976, 1986, 1998 and
Fig. 5. Temporal urban growth signatures of spatial metrics for the subareas deriv

secondary y-axis. The original metric values of the total urban area—CA—were d

represent units of 10 ha instead of hectares, see also Table 1.)
2001. They represent the ‘‘real measurements’’ of urban

extent used to calibrate the SLEUTH model.

The Santa Barbara subarea grew outward from its histor-

ical downtown core. The ‘‘class area’’ (CA) metric for this

area shows an urban expansion of approximately 3000 ha of

urban land between 1929 and 2001, with the highest growth

rate from the mid-1950s to the mid-1980s. The number of

urban patches slightly increased by 1967, in concert with an

increase in the fractal dimension. This illustrates Santa

Barbara’s diffuse sprawling development and the frag-

mented growth of the existing urban area. This trend is

confirmed by the edge density measures for this subarea.

After the rush of sprawl in the 1960s and 1970s, the NP,

AWMPFD and the ED metrics (see Table 1 for definitions)

all decline, indicating that continued growth was focused on

the regions in between the sprawled and fragmented urban

areas and connected the areas of diffuse growth to the urban

core (see also Fig. 4). As evidenced by the peak in mean

nearest neighbor distance (MNN), by 1986 individual urban

patches closed in on each other, becoming more connected

with the central urban core. In 2001, the Santa Barbara

subarea is nearly completely urbanized and is highly struc-

turally compact. The vacant land left for future development

is limited and located on the steep slopes of the foothills of

the Santa Ynez Mountains. A first indication of those effects
ed from the remote sensing data. (Note: the AWMPFD metric refers to the

ivided by 10 to fit them to the scale of the y-axis, hence the absolute values
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is the decreased growth in the Santa Barbara subarea in the

late 20th century.

The urbanized region of the Summerland subarea grew

about 2000 ha in the historical time frame; the largest

amount of urban growth occurring between 1954–1967

and 1976–1986 (Fig. 5). The urban growth was related to

residential development due to the proximity to the Santa

Barbara downtown area. The largest patch index (LPI) in the

1930s and 1940s was the lowest for all subareas reflecting

the fact that Summerland had no urban core and ‘‘relied on’’

downtown Santa Barbara as its functional urban center. The

urban area was comprised of individual patches with large

distances in between, as is evidenced by the MNN metric.

Summerland also had a fairly compact shape indicated by

the lowest fractal dimension (AWMPFD) of all subareas

during that time. Over time, few new urban patches were

allocated (NP), whereas the present individual urban areas

evidently grew together, according to the increasing largest

patch index and the decreasing mean nearest neighbor

distance. The LPI metric shows that by 2001 urban growth

had largely ceased, and nearly all of the urban area was a

part of the main urban patch. The fractal dimension and the

edge density both increased over the last 70 years. Their rise

in the 1960s and 1970s can be related to diffuse urban

sprawl during that time.

The further increase of urban sprawl in the 1980s and

1990s, not observed in other areas, is a result of the unique

characteristics of the Summerland subarea. The area to the

east and north of Summerland (see Fig. 4) has hilly top-

ography and high-income, low-density residential housing.

These settings generally result in selective spatial growth of

individual units in large parcels producing a more frag-

mented urban/rural interface that is clearly visible in the

metrics.

The Goleta area in 1929 was comprised of a rural

landscape with some minor, but increasing, development

until the mid-1950s. This is shown by an increased number

of patches, and a decreased largest patch index (Figs. 4 and

5). The mid-1950s began a period of intensive urbanization

with the addition of about 5000 ha of urban area by 2001.

The increased fractal dimension, edge density and the peak

in the number of patches in 1967 indicate the sprawl and

‘‘leapfrog-style’’ urban development (see also Fig. 4). The

number of patches decreased by 1976, as the individual

development cores grew together to form larger but more

fragmented patches, as shown by the fractal dimension and

the edge density. In 1986 this process continued, further

urbanizing the space in between the individual and frag-

mented patches while both the AWMPFD and the ED

metrics declined. The mean nearest neighbor distance

increased significantly over this time period, representing

the aggregation of spatially closer patches, resulting in a

larger overall nearest neighbor distance between individual

patches.

Between 1986 and 1998, the number of patches again

increased as a result of the further allocation of development
units sprawled further west of the subarea, although the

central Goleta area became a more compact urban core (Fig.

4). The edge density and the fractal dimension metrics

confirm this trend. The ED metric increases as new indi-

vidual urbanized developments create more edges, hence a

longer urban boundary. Also, the fractal dimension of urban

areas decreases as new developments are less fragmented

and the growing Goleta urban core became increasingly

compact.

Compared to the other subareas, Carpinteria shows the

least historical urban growth (Figs. 4 and 5). In 1929, the

area had a small urban core with a few pockets of

surrounding urbanization. The growth of urban extent in

the Carpinteria subarea increased between 1967 and 1976

as shown by the change in class area (CA). The allocation

of urban land included both the development of new

individual urban units (shown by increasing NP and ED)

and growth of the historical urban core (represented by

increased LPI). A second major period of rapid urban

growth is shown between 1986 and 1998, evidently from

the development of new urban patches as the number of

patches increased significantly while the largest patch index

decreased.

The more intense urban growth of Carpinteria in the last

part of the 20th century may be the result of the increasing

development pressure, most likely as overflow from the

Santa Barbara urban core. As the urban core of Santa

Barbara aged, little vacant land remained available, causing

a major increase in the cost of housing. In this context,

Carpinteria became more attractive for urban development,

partially driven by the proximity to the Santa Barbara area.

During this time, Carpinteria shows an increased growth in

the 1990s, whereas the other subareas show a decrease in

their growth rates (see CA metric).

In summary, the temporal pattern in urban development

of the different subareas shows some similar general trends.

Most subareas show a period of intensive growth and urban

sprawl in the 1960s and 1970s that resulted initially in a

fragmented urban landscape characterized by ‘‘leapfrog’’

development and sprawl. In the 1980s, spatial complexity

declined as most of the urban areas grew more compact

through infilling, developing the vacant land between the

sprawling urban patches. Another significant phase of the

allocation of new units was between 1986 and 1998,

generating a spatially less fragmented landscape than the

sprawl of the 1960s and 1970s. This different era of growth

is attributable to the limited amount of vacant land in some

parts of the study area and to increased planning and

management activities that attempted to curtail sprawl in

the region. This trend is also observed for other urban areas

in the State of California. The related growth patterns have

been described as the ‘‘dense-onion’’ in contrast to the

‘‘leapfrog’’ development of urban sprawl. The ‘‘onion-

model’’ describes the growth of cities as successive alloca-

tion of new layer development around existing urban

centers. Given this pattern of development, it has been
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postulated that California has won the battle against urban

sprawl (Landis, 2001 quoted in Chatman, Schweitzer, &

Freilich, 2001). In general, this trend can be confirmed by

this study.

Despite some similar overall trends, the spatial and

temporal growth of the greater Santa Barbara region also

shows obvious differences that are well represented by the

spatial metrics. The downtown Santa Barbara subarea rep-

resents urban development around a historical downtown

core, characterized by growth of the urban center and

limited availability of vacant land, especially in the late

20th century. Summerland’s development shows how prox-

imity to the Santa Barbara urban core can trigger the

expansion of residential urban land use. In this region,

urban growth is clearly constrained by areas of high top-

ography and increasingly by the limited availability of

vacant land. The growth limitations in both areas (Santa

Barbara and Summerland) have, to some extent, determined

the growth pattern observed in the 1990s. The urbanization

of Goleta exhibits a typical urban sprawl pattern in the

1960s and 1970s with residential and commercial develop-

ment filling in vacant land, starting with the areas closest to

the Santa Barbara urban core. Urban growth in Goleta in the

1990s was more constrained by planning and management

efforts and resulted in a less fragmented and more compact

urban area. The fact that the city of Goleta was incorporated

in 2002, and has quickly adopted a ‘‘no growth’’ attitude,

may determine that most future growth will be due to infill,

a trend already in evidence. The subarea of Carpinteria was

least affected by the sprawl in the 1960s and showed high

growth rates in the 1970s and the 1990s. Due to the

limitations of growth in the rest of the region, Goleta and

Carpinteria will be under high pressure to be centers of

future urban expansion.

Both Goleta and Carpinteria currently show similar

growth patterns for the late 20th century that may evolve

in the coming years. The spatial structure of future urban-

ization of subareas may match that of the contemporary

downtown Santa Barbara subarea. This will include a largest

patch index of nearly 100%, a low number of urban patches

(as all urbanization will be one large blob), fragmentation

and edge density indices representing specific area charac-

teristics, e.g. growth constraints like topography or agricul-

tural land use structures as found in the Summerland area.
5. Interpretation and evaluation of the model results

The investigations thus far have been primary focused on

the analysis of historical remote sensing derived data sets of

urban extent. This section presents an interpretation and

evaluation of SLEUTH output—the modeled annual urban

extent for the historical spatiotemporal interpolation and the

forecasted future urban development. Fig. 6 shows the

temporal signatures for six different spatial metrics and

the four urban subareas. The calibration years are deter-
mined by the availability of historical remote sensing data

(1929, 1943, 1954, 1967, 1976, 1986, 1998, 2001). The

jumps or significant differences in the metric graphs refer to

variations between modeled results and remote sensing

historical data sets, which represents the model performance

for every calibration year. Due to the uncertainty associated

with temporal modeling, the early years of calibration, made

from the oldest, and most uncertain data, are expected to

show the most deviation from the raw historical data.

Because of this, the model evaluation will not focus on

the early years of the region (1930s to 1950s) and instead

will focus on the more recent and forecast 30-year time

period, from the 1960s to 2030. It should be noted that the

model was applied for the whole area as SLEUTH simulates

the regional growth of the entire urban area, but here we

focused on the smaller scale of our four subareas for the

metric analysis.

The first metric in Fig. 6, class area (CA), shows an

increased expansion of urban land with the largest amount

of growth in Goleta. Overall, the SLEUTH model gives a

good representation of total developed area, with a tendency

to under-predict urban growth. The underestimation of

historical urban extent was most notable during periods of

increased urban growth rates near 1967 and 1986. Fig. 6

also shows that the further the calibration progresses in time

towards the present, the more sophisticated the modeling of

the growth area becomes. Under-prediction is most likely

due to the selection of only the highest probability Monte

Carlo probabilities for inclusion as urban in the layers.

The modeled and measured jumps in the CA metric are

the highest for the Goleta area. This partly represents the

fact that the model was applied to the whole area and the

growth rates varied between different subareas. Considering

the immense expansion of the urban area in the 1960s and

1970s, and the limitations on future growth imposed by the

scarcity of vacant land and the planning activities, further

urbanization of Goleta will not reach the same high rates of

expansion. Future expansion shows the most growth in

Goleta and Carpinteria as these areas have the most vacant

land.

Contagion, a measure of landscape complexity and frag-

mentation, shows the decreasing heterogeneity for the sub-

areas, except for the Santa Barbara subarea. Since the late

1970s Santa Barbara’s urban structure was increasingly

urbanized and compact, reflected by the increasing conta-

gion. Summerland developed to a highly urbanized area in

the late 20th century and the model furthers this trend of

increasing contagion for future development by 2030. How-

ever, Summerland still has the highest landscape heteroge-

neity of all the areas due to growth constraints caused by

rugged topography. Goleta and Carpinteria show a decreas-

ing trend, even for future development, as those areas have

remaining vacant land and will support growth via new

developments and the extension of existing urban cores.

The largest differences in contagion between the mod-

eled and measured urban spatial structure are shown for



Fig. 6. Temporal urban growth signatures of spatial metrics derived from the SLEUTH model results; the model calibration years are 1929, 1943, 1954, 1967,

1976, 1986, 1998 and 2001.
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1967, as the urban landscape became spatially more com-

plex due to suburban sprawl. The difference in contagion is

highest for areas that show the most sprawl. The model

tends to predict urban growth as being too compact, as

evident by the higher values of contagion in the modeled

results, although this may be a combined function of the

choice of probability level of urbanization (90%) and the

large number of Monte Carlo runs used. In summary, the

model performance, in terms of overall landscape complex-

ity, can be evaluated as good. There is a general trend to

underestimate the spatial growth and complexity; the growth

in most parts is too compact.

The simulation of the spatial urban growth pattern

appears to generate believable fractal dimension metrics

for the urban patches. All of the subareas show a similar

high fractal dimension for 1967, the time of urban sprawl in

the area. Since 1976 the fractal dimension values decline

increasingly for all of the subareas except for Summerland,

where the growth is increasingly constrained by the top-

ography. A related significant difference for the 1986

calibration year is shown for this subarea. Within the rest
of the modeling results the fractal dimension of the urban

area is well represented and shows no major difference

between modeled and measured data.

The largest patch index (LPI) is a measure that represents

the separation of the urban landscape into smaller individual

patches versus a dominant urban core, so it is consistently

high for the Santa Barbara subarea (Fig. 6). The strong

increase of the LPI in the 1960s and 1970s for Summerland,

Carpinteria and Goleta are captured well by the model.

SLEUTH accurately represented the spatial growth of the

urban core and the increasing connection of individual

urban patches to the central urban area. Some significant

jumps are related to when large individual urban patches

join onto the main urban core over time. Fig. 6 also

indicates some major jumps for Carpinteria and Goleta for

the modeled urban structure in 1998. The drop in LPI is a

function of the allocation and growth of new individual

urban patches in 1998 (previously discussed in Section 4).

These artifacts reflect a problem in using the SLEUTH

model for forecasting urban growth processes in the areas

that are also shown in the number of patches (NP).
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SLEUTH exhibits problems when capturing the allocation

of new individual urban patches as part of the urban

expansion. Accordingly, significant jumps in the NP metric

can be found for 1967 in all areas, the time of the rise in

suburban sprawl, and later for Summerland, Goleta and

Carpinteria in 1986 and for Carpinteria and Goleta in 1998.

All of the subareas show an increase in the number of

patches that are not well modeled by SLEUTH. One reason

for that is the theoretical approach applied for the growth

modeling using cellular automata. The allocation of new

growth strongly depends on the characteristics or level of

urbanization of the local neighborhood of a grid cell. If the

neighbors of a grid cell are already urbanized there is an

increased likelihood for the specific cell to get urbanized. It

appears that for Santa Barbara, urban growth has a tendency

to expand existing urban areas, rather than establish new

individual urban developments. This tendency was pro-

moted by the fact that little land remains for urbanization,

decreasing the likelihood of new urban centers.

The mean nearest neighbor distance (MNN) provides

detailed information about this issue, describing the problem

as a measure of distance, or open space, between the

individual urban areas. For most of the calibration layers

with a significant increase of the number of patches (e.g.

1967 and 1998) there is also a large jump in the MNN

metrics. This indicates that SLEUTH did not always intro-

duce new urban pixels accurately, nor did it predict the

location of those pixels with a high degree of accuracy.

These problems are again partly related to the threshold

used in the allocation of new growth. Monte Carlo simu-

lation runs (90 of 100) for each pixel have to confirm the

urbanization of the cell, requiring perhaps too high a thresh-

old for initiating new spreading centers. The 90% threshold

obviously works well for the growth urban cores, but might

be to high to allow the development of new individual

urbanization cells. Another general trend is that the model-

ing results tend to overestimate the mean nearest neighbor

distance for the back-cast annual snapshots. This is a

function of the compact neighborhood-dependent growth

that frequently connects adjacent urban patches, forming

larger urbanized areas and increasing the mean nearest

neighbor distance, respectively.

The modeled future trends in the evolution of the urban

system in the Santa Barbara region indicate the largest

amount of growth in the Goleta and Carpinteria area shown

by the CA metric in Figs. 4 and 6. Both regions offer

available areas of vacant land. Besides the growth around

the urban center, a fair amount of urban expansion in the

Goleta region is related to individual urban satellite cores

towards the west along the coastline. This trend is reflected

in the decreasing largest patch index (LPI) and the highest

number of urban patches (NP) of all subareas in 2030. The

forecasted growth in Carpinteria is more focused on the

extension of the urban core and the increasing connection of

recent individual urban patches already close to the center.

This trend is shown in the increasing LPI and MNN metrics,
and the decreasing number of patches. The growth signa-

tures indicate no significant future sprawl in the area, which

is expected given the recent developments and efforts in

urban planning and management. The jumps in forecasted

urban development (in MNN and LPI metric) can be

interpreted as specific metric artifacts. Both the MNN and

LPI metric are very sensitive to spatial connection or spatial

aggregation of individual urban patches to the urban core.

Santa Barbara’s forecasted growth shows a significant

increase in the largest patch index and a decreased mean

nearest neighbor distance.

The spatial and temporal metric signatures of contempo-

rary Santa Barbara and Summerland have reached a plateau

as the urbanization processes is nearly completed. These

stable spatial signatures represent a compact urban environ-

ment with specific spatial heterogeneities that reflect the

different growth constraints. Those are related to nondeve-

lopable land due to administrative and natural factors, e.g.

parks, preserved agriculture or high slopes. Such factors

affect the metrics for Summerland due to its more frag-

mented landscape. Carpinteria and Goleta do not show

indications of stable urban signatures, as both regions still

contain vacant land.

With the recent change of administrative boundaries

(incorporation of the city of Goleta in February 2002) or

the implementation of an urban growth boundary (as dis-

cussed by local planning agencies) and with increased

interest in coastal land preservation, the context of vacant

land will change, and the related amount of urbanization in

those regions. For example, the city of Goleta will be

independent of the unincorporated rural regions to the west,

and this difference may change the growth trajectory of the

entire subarea (see Fig. 4). Related issues will be to inves-

tigate the influences of planning decisions (e.g. implementa-

tion of an urban growth boundary) on urban growth

trajectories and the efficacy of spatial metrics in discerning

the differences between the different possible futures for

Santa Barbara. Despite indications of the specific problems

shown in Fig. 6, the analysis and interpretation of the

SLEUTH results have shown good model performance.

The calibration process should minimize the jumps or sig-

nificant differences between modeled and measured data.

The SLEUTH model uses just a few simple metrics (the total

area growth, the number of individual urban patches and the

edge length) as calibration metrics. This study suggests

further exploration and integration of different spatial metrics

specifically useful in representing characteristics of spatial

urban growth. SLEUTH’s brute force calibration process is

amenable to the direct integration of new metrics. The

specific metrics applied and investigated in this study and

previous research implies that a set of distinct ‘‘urban

metrics’’ could be developed that indeed reflects urban

process and form. Given such a set as a calibration target,

the model calibration can include a more sophisticated

reduction of the differences between modeled and measured

data, and so simulate growth characteristics closer to the
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observed historical data. We suggest that to derive metrics for

every one of the individual Monte Carlo iterations and to use

the set of metrics to select individual and not probabilistic

model results could add to model performance.

The largest differences between measured and modeled

data appear for calibration years represent significantly

different urbanization pattern as for the previous mapped

time steps (Fig. 6). An example is 1967 when, with the

first appearance of a sprawl pattern in the area, there are

obvious differences between modeled and measured data.

These discrepancies are especially shown in the number of

new individual urban patches and by too compact spatial

growth pattern. Again, this problem is related to the

previously discussed 90% threshold. It also indicates the

strong dependency of the urban modeling results on the

historical back-casting, i.e. the model produces less accu-

rate results if the forecast urbanization patterns show

significant changes in comparison to the historical calibra-

tion time frame. In that context, spatial metrics are good

indicators of this problem, and can constrain or guide

forecast spatial growth toward specific metric signatures.

The metric signatures could be defined from knowledge of

observed historical growth patterns in other cities. They

might also represent a future-planning goal that reflects an

intended spatial urban landscape composition and config-

uration, an example being the case in smart growth

planning. The work presented here provides some initial

ideas on the issue and these questions should be addressed

in related future research activities.
6. Conclusions

The combined and integrated application of remote

sensing, spatial metrics, and urban growth models repre-

sents an innovative approach for the study of spatiotemporal

urban growth patterns. Such an approach can be used to

supplement the available tools for urban planning. Consid-

ering the availability of historical data sources (air photos)

and data from new high-resolution sensor systems like

IKONOS, the combined approach presented in this study

has demonstrated the capabilities for improving the knowl-

edge, understanding, and modeling of urban dynamics.

This paper has presented a detailed analysis of 100 years

of spatial growth pattern analysis for four urban subareas of

the greater Santa Barbara urban region incorporating seven

different spatial metrics. Different metrics represent specific

spatial and temporal dynamics of urban growth. The total

growth in area is shown by the class area (CA) metric. The

fractal dimension, the contagion index, and the edge density

measure the shape of urban regions. The fragmentation of

the urban blobs affects the fractal dimension. The edge

density also reflects the patch fragmentation but also

depends on the number of individual blobs and their total

area. The contagion index is an overall measure of the

landscape heterogeneity, and provides a subtle character-
ization of the spatial arrangement of vacant/undeveloped

and urban land. The number of patches and the largest patch

index provide information on the spatial disaggregation of

the urban areas into individual urban blobs. The number of

individual urban patches increases during the expansion of

urban land in undeveloped areas. If the urban area grows

spatially more aggregated around an existing urban core, the

largest patch index increases. The mean nearest neighbor

distance measures the open space between the individual

urban blobs or patches and decreases if they grow together,

respectively.

All metrics have shown their sensitivity to the overall

urban growth pattern in the study area. Urban sprawl (in the

1960s and 1970s) is reflected by an increase in the fractal

dimension, the edge density, and the number of patches and

also by a decrease in the largest patch index and the

contagion. The subarea metric signatures also illustrate

how topography and planning can constrain the spread of

urban growth. They show a different pattern of more

compact growth around existing urban cores that can be

related to the ‘‘dense-onion’’ model rather than the ‘‘leap-

frog’’ development of urban sprawl. Given that definitions

of sprawl are far from unanimous, this measure of spatial

sprawl may even help refine our understanding of this

phenomenon.

The analysis has also highlighted some problems asso-

ciated with the use of the metrics. The absolute values of

metrics are dependent upon the spatial resolution and the

extent of the study area, as well as the level of detail in the

landscape classification. A change in the extent, the spatial

resolution or the thematic definition of the patch classes

will significantly change the metrics and limits the ease of

relating the results of one urban region to another, espe-

cially for quantitative comparison. Some examples of this

spatial and classification sensitively have been highlighted

in the paper. The fractal dimension, the mean nearest

neighbor distance and the largest patch index, for example,

have shown a sensitivity to the spatial aggregation of

urban patches, i.e. if two individual urban blobs spatially

grow together the metrics reflect a strong response due to

this event. Another problem with spatial metrics is their

aggregated nature as summary descriptors of landscape

heterogeneity. The averaging of metrics over an entire

study area may lead to incorrect interpretations of the

causal dynamics in the region, e.g. changes reflected in

the metrics can usually not be related to specific locations

or at least not without more detailed analysis on the patch

level or visual spatial interpretation. A solution to this

problem is to break the study area into smaller individual

landscapes and regionalize the metric analysis to an

appropriate scale of analysis. In this study, we used the

administrative boundaries of the urban areas as a basis for

regionalization. For more detailed analysis of urban spatial

properties it might be useful to explore other regionaliza-

tion approaches using census boundaries, school districts

or areas of homogenous land use delineated using remote
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sensing (Herold et al., 2002). Temporal variations in the

spatial metrics may result from the aggregated or cumu-

lative effects of different causative processes. It may be

impossible to relate the metric changes to a specific

process because of the empirical nature of the approach.

Most traditional studies followed the deductive view by

studying processes that result in specific structures (from

process to structure). The remote sensing/spatial metric

analyzes spatial changes over time resulting from specific

processes (from structure to process). This perspective

incorporates ‘‘real world’’ remote sensing based measure-

ments of urban dynamics rather than generalized consid-

eration, as is commonly used in traditional theories and

models of urban spatial structure and change. Clearly,

further work needs to define an appropriate set of generic

urban metrics and a method for the selection of the most

suitable spatial scale.

Given the results shown in this study, we believe that

spatial metrics are an important tool for the analysis of

remote sensing derived mapping products in an urban

environment. They provide an additional rich level of

quantitative information about the structure and pattern of

the urban landscape, and they effectively capture the chang-

ing dynamics of urban growth. Using spatial metrics is

advantageous for the analysis of urban growth because they

offer a comprehensive method for the description of proc-

ess, the comparison between cities, and comparison with

theory.

In terms of modeling, the comparison of measured

(from remote sensing) and modeled (from the SLEUTH

model) urban expansion with spatial metrics clearly

reflects the multivariate facets of SLEUTH model perform-

ance. The analysis suggests that the amount and distribu-

tion of urban patches are represented well, while the

forecasting of the amount and location of new develop-

ments needs to be improved upon. The differences

between modeled and measured are the highest for times

with significant changes in the spatial urban growth

pattern. The results encourage the further exploration and

integration of the metrics into the model calibration proc-

ess. Furthermore, the metrics might be used to constrain or

guide the spatial pattern of future growth, thus providing a

policy tool. These approaches will have to be based on a

sophisticated set of observed temporal metric signatures to

define future growth scenarios. It is important to further

evaluate spatial metrics in other geographic regions in

order to derive growth signatures, and to elaborate upon

the results that are presented in this study. Future inves-

tigation should be focused upon different spatial scales and

on investigating processes from intra-urban to regional and

global scale dynamics. Further research should also include

a more complex thematic categorization of the urban

environment. Given the recent spaceborne sensor develop-

ments, remote sensing can easily provide appropriate data

for the analysis of urban dynamics at even the most

detailed geographic scales.
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