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Abstract

Urban development has expanded rapidly in the Tampa Bay area of west-central Florida over the past century. A major effect associated

with this population trend is transformation of the landscape from natural cover types to increasingly impervious urban land. This research

utilizes an innovative approach for mapping urban extent and its changes through determining impervious surfaces from Landsat satellite

remote sensing data. By 2002, areas with subpixel impervious surface greater than 10% accounted for approximately 1800 km2, or 27 percent

of the total watershed area. The impervious surface area increases approximately three-fold from 1991 to 2002. The resulting imperviousness

data are used with a defined suite of geospatial data sets to simulate historical urban development and predict future urban and suburban

extent, density, and growth patterns using SLEUTH model. Also examined is the increasingly important influence that urbanization and its

associated imperviousness extent have on the individual drainage basins of the Tampa Bay watershed.

D 2005 Elsevier Inc. All rights reserved.
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1. Introduction

Urbanization and urban sprawl have become a major

concern throughout the United States. During the past 100

years, cities have grown from small isolated population

centers to large interconnected urban economic, physical,

and cultural features of the landscape. Based on data from

the U.S. Census Bureau, 79% of the U.S. population was

living in urban centers (http://factfinder.census.gov/) in the

year 2000. This pattern of consumptive urban growth has

dominated the American landscape since World War II.

Urban land-cover and land-use (LCLU) affect the environ-

ment in many significant ways, such as affecting local and

regional climate conditions and degrading urban habitability

(Arnfield, 2003; Gillies et al., 2003; Kalnay & Cai, 2003).

Accurate and current information on the status and trends of
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urban ecosystems is needed to develop strategies for

sustainable development and to improve the liveability of

cities. The ability to monitor urban LCLU change is highly

desirable for local communities and decision makers alike.

Increased availability and improved quality of multi-

resolution and multi-temporal remote sensing data, as well

as new analytical techniques, make it possible to monitor

change in urban ecosystems in a timely and cost-effective

manner. When coupled with urban growth models, efficient

tools are available to predict future urban LCLU change.

Considerable progress has been made in the development

of monitoring and change detection methods using remote

sensing data (Jensen, 1995; Kam, 1995; Ridd & Liu, 1998;

Singh, 1989; Sohl, 1999; Seto & Liu, 2003). The most

commonly used methods are spectrally-based (image-to-

image) and classification-based (map-to-map) change detec-

tion (Green et al., 1994; Loveland et al., 2002; Yang & Lo,

2002). Urban change studies using Landsat Multispectral

Scanner (MSS) and Landsat Thematic Mapper (TM) data

have been conducted at regional scales encompassing
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several urban areas (Royer et al., 1988; Todd, 1977) and

individual metropolitan areas (Gomarasca et al., 1993;

Johnston & Watters, 1996). Recently, long-term urban

LCLU change (two decades or longer) has been studied

using post-classification comparison of the Landsat data

archive as a baseline information source (Chen et al., 2002;

Loveland et al., 2002; Yang & Lo, 2002).

Many challenges still exist in detecting land-cover

change in urban and suburban environments when using

remote sensing techniques. Urban areas are heterogeneous

and most urban image pixels at the resolution of Landsat

and similar sensors comprise a mix of different surfaces. For

example, pixels classified as residential may represent

between 20 and 100 percent impervious surface, while also

representing between 0 and 60 percent tree canopy coverage

(Clapham, 2003). Remote sensing techniques have recently

been developed to deal explicitly with this heterogeneity

problem at a sub-pixel level, providing quantifiable meas-

urements for detecting change (Ji & Jensen, 1999; Ward et

al., 2000; Yang et al., 2003a).

To monitor and detect changes in urban LCLU at a sub-

pixel level, the percent imperious surface was used.

Anthropogenic impervious surfaces are defined as imper-

meable features such as rooftops, roads, and parking lots,

and these have proven to be key indicators for identifying

the spatial extent and intensity of urbanization and urban

sprawl (Arnold & Gibbons, 1996; Clapham, 2003). Imper-

vious surface has also been considered as a key environ-

mental indicator and can be addressed in a pragmatically

and effectively way for hosting complex urban environ-

mental issues, particularly those related to the health of

water resources (Arnold & Gibbons, 1996; Schueler, 1994).

A method known as Sub-pixel Imperviousness Change

Detection (SICD) has been developed to quantify urban

LCLU change spatially using remote sensing data in an

objective and repeatable way (Yang et al., 2003b). The

SICD method uses high-resolution imagery as a source of

training data for representing urban land-cover heterogene-

ity, and medium-resolution Landsat imagery to extrapolate

imperviousness over large spatial areas. This technique has

been implemented by the U.S. Geological Survey’s (USGS)

Geographic Analysis and Monitoring (GAM) program for

the production of an imperviousness layer as a component

of the National Land Cover Database, and it also is being

used to support USGS projects in Georgia and Florida (Xian

et al., in press-a).

To understand properly urban LCLU trends and be able

to estimate future development, dynamic modeling is

required (Kirtland et al., 1994). One such model that has

been used widely is the SLEUTH urban growth model

(Clarke et al., 1997). This model uses cellular automata,

terrain mapping, and land-cover deltatrons to simulate urban

growth and associated LCLU change. SLEUTH also has the

ability to evaluate and predict other LCLU types. The model

is designed to reproduce observed patterns with high

accuracy by capturing the major driving factors that
influence urban spatial variations. The model’s parallel

processing function provides an efficient means for handling

the very large data sets usually required to simulate urban

LCLU change over time (Xian et al., in press-b). SLEUTH

has been successfully implemented for many metropolitan

areas (Candau et al., 2000; Clarke & Gaydos, 1998; Lo &

Yang, 2002; Xian et al., 2000, in press-b) to predict urban

growth over the next 20 to 50 years. Recently SLEUTH was

applied to the Washington–Baltimore metropolitan region

to project future growth out to 2030 under different policy

scenarios (Jantz et al., 2004). SLEUTH also has been

developed for quantifying the effects of urbanization on

surface hydrology for the White Clay Creek watershed in

southeastern Pennsylvania and northeastern Delaware

(Arthur-Hartranft et al., 2003). The 25-year urban growth

prediction was integrated into a climate module that

generated future climate conditions and a hydrology module

that quantified the effects of urbanization on land-surface

hydrological variation. Carlson (2004) investigated urban

sprawl impacts on surface runoff in Spring Creek watershed,

Pennsylvania, using SLEUTH and impervious surface area

(ISA) data.

Typically, SLEUTH is run using urban land data sets as

one of several required inputs. Accurate urban extent data

are essential for the simulation of historical urban growth

patterns and prediction of future development. Generally,

historical urban extent data obtained from local zonings are

not readily available, and those that are available lack

sufficient accuracy. To avoid those problems, this study uses

a new approach for modeling and predicting urban LCLU

change by substituting imperviousness for urban extent.

This approach provides accurate historical and contempo-

rary urban extent information within a reasonable time

period. Furthermore, remote sensing data enable revision of

urban extents in local or regional scales more easily than

any other means.
2. Study area

Tampa Bay is located on the Gulf coast of west-central

Florida and has an areal extent of approximately 1030 km2,

making it one of the largest open water estuaries in the

southeastern United States. The watershed around Tampa

Bay covers approximately 6600 km2 and encompasses most

of Pinellas, Hillsborough, and Manatee Counties and

portions of Pasco, Polk, and Sarasota Counties. Four major

sources of surface water—the Hillsborough, Alafia, Little

Manatee, and Manatee Rivers—flow into the bay. The

largest municipalities within the watershed are Tampa, St.

Petersburg, Clearwater, and Bradenton. More than two

million people reside in the watershed. This study focuses

on the entire Tampa Bay watershed that consists of 10 major

drainage basins: Hillsborough River, Coastal Old Tampa

Bay, Coastal Hillsborough Bay, Alafia River, Coastal

Middle Tampa Bay, Lower Manatee River, Manatee River,
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Boca Ciega Bay, Coastal Lower Tampa Bay, and Terra Ceia

Bay (Fig. 1).

The Tampa Bay area urbanization has been undergoing

development since 1800s. Many residential areas were

developed in the Hillsborough River, Coastal Old Tampa

Bay, Costal Hillsborough Bay, Alafia River, Costal Middle

Tampa Bay, and Boca Ciega Bay drainage basins. Recent

urban land-use development has widely extended to the

northeastern side of Coastal Old Tampa Bay where large

open lands were available. Suburban sprawl changes the

natural landscape into impervious surface. This change is

altering the environment through loss of natural resources

and declines in the spatial extent and connectivity of

wetlands and wildlife habitat (Xian & Crane, 2003). To

measure urban spatial extent and evaluate its growth trend,

imperviousness was chosen as a key indicator for identify-

ing both spatial and intensity scales of urbanization in the

watershed.
3. Measurement of urban growth by imperviousness

mapping

The process of mapping impervious surface and related

land-cover change data sets using SICD involves the

following steps: 1) development of training/validation data

using high-resolution digital orthophoto quarter quadrangles

(DOQQs), 2) selection of predictive variables and initial

regression tree modeling and assessment, 3) final spatial

modeling and mapping with Landsat TM/ETM+(Enhanced
Fig. 1. Drainage basins comprising the Tampa Bay water
Thematic Mapper Plus) or other satellite imagery, and 4)

imperviousness change detection and interpretation.

The current study used DOQQs produced by the USGS

during the late 1990s to derive training data for a decision

tree model and test for imperviousness mapping. The

DOQQs were scanned from color infrared photographs

acquired from the National Aerial Photography Program.

Each DOQQ was comprised of three colors—green, red,

and near infrared—with a nominal spatial resolution of 1 m.

Three Landsat scenes were acquired to cover the Tampa

Bay watershed area. In addition, eight DOQQs covering the

city of St. Petersburg, northern St. Petersburg, the city of

Tampa, and the southern and southeastern parts of Tampa

Bay were utilized to develop training data sets. Spectral and

spatial characteristics of the DOQQs were useful in

capturing differences in building materials, age, surface

colors, and spatial orientation in and around the urban

regions. Areas where observed land-cover change occurred

between the acquisition of the DOQQs and the TM/

ETM+images were excluded from the training data set.

All DOQQ images were reprojected to the Albers Equal

Area projection and registered to the Landsat imagery.

Visual inspection showed that the co-registration uncertainty

between the DOQQ and the TM/ETM+images was within

10 m.

Six broad land-cover classes—impervious surface, trees,

grass, water, barren, and shadow—were differentiated on

the DOQQ images using an unsupervised classification

method. Results were further refined by on-screen digitizing

and recoding, which achieved a classification accuracy
shed. Interstate highways are labeled by numbers.
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greater than 85% by using decision tree algorithm. The

shadow class was excluded from the calculation of

imperviousness because the class could not be unambigu-

ously merged with any single land-cover class. Training

pixels classified as impervious surface in 1-m grids from the

DOQQ were used to calculate percent impervious surface

for each Landsat pixel. The result was a 30-m resolution

raster imperviousness image. Fig. 2 illustrates details of this

process using a DOQQ for the northwestern sector of St.

Petersburg (Fig. 2a). The 1-m resolution imperviousness

image captured the major features from DOQQs where

buildings were estimated as higher impervious percentages,

and adjacent areas mixed with other types of land-cover

were estimated as medium and lower percentages (Fig. 2b).

The 1-m resolution imperviousness image was then repro-

jected to Albers Equal Area projection and re-scaled to 30-m

resolution by nearest neighbor and polynomial approxima-

tion for building training dataset. Fig. 2c is the resampled

result where each pixel is in a 30-m grid. The major spatial

features of 1-m imperviousness image remain in the 30-m

resolution result although some small construction features

were lost.

The subpixel percent imperviousness for the whole

watershed was determined from Landsat imagery using a

regression tree algorithm. The regression tree conducts a

binary recursive partitioning and produces a set of rules and

regression models to predict a target variable (percent

imperviousness) based on training data. Each rule set

defines the conditions under which a multivariate linear

regression model is established for prediction (Breiman et

al., 1984). In the partitioning process, each split is made

such that the model’s combined residual error for the two
Fig. 2. One-meter resolution DOQQ (a), estimated percent imperviousness from D

are still maintained in the c.
subsets is significantly lower than the residual error of the

single best model (Huang & Townshend, 2003). The main

advantage of the regression tree algorithm is that it can

account for a non-linear relation between predictive and

target variables and allows both continuous and discrete

variables to be used as input (predictive) data. The predicted

percent impervious surface attributed to each pixel was

evaluated using independent test data. Ideally, the test data

should be collected from fieldwork based on a statistical

sampling design. Due to time and resource constraints, 1-m

spatial resolution DOQQs were selected as the best option

for providing the spatial resolution needed to determine

accurately impervious surfaces in the study area. Impervious

estimates derived from the 1-m DOQQs were used for

model evaluation. To ensure validity of the assessment, all

test data (pixels) were selected randomly and independently

from the training data set.
4. Imperviousness in Tampa Bay Watershed, Florida

Anthropogenic changes on the Tampa Bay landscape

have significantly affected LCLU. Changes in urban extent

during the past century have brought significant change to

the environment of the Tampa Bay watershed (Xian &

Crane, 2003). To estimate the change in urban extent for the

Tampa Bay watershed, percent imperviousness was mapped

for four dates during 1991 to 2002 (Fig. 3). TM images were

selected for early spring 1991 and 1995, and ETM +images

were selected for the same season in 2000 and 2002.

After the model of imperviousness was established from

the selected training data set, Landsat images were input
OQQ (b), and 30-m resolution imperviousness (c). Major sub-pixel features



Fig. 3. Percent imperviousness in 1991, 1995, 2000, and 2002 in the Tampa Bay region.
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into Cubist1, the regression tree program used in this study

to produce impervious surface estimates. The SICD method

was created using the reflective bands from the TM and

ETM+for different dates. Tampa Bay’s warm year-round

climate is conducive to lush vegetation. A model that was

based only on reflective bands did not provide accurate

enough impervious surface estimations because many low-

density urban areas were mixed with trees and grass. When

the training data sets obtained from these locations were

applied to the model, confusion resulted from some

vegetated lands being calculated as low percent impervious

surfaces was seen especially in lower residential areas.

When compared to the original Landsat imagery, unreason-
1 Use of any trade, product, or company names is for descriptive purposes

only and does not imply endorsement by the U.S. Government. Limited

information on this program can be found at http://www.rulequest.com.
ably high values of imperviousness in the suburban areas

were found. In some of these areas, vegetated land was

miscalculated as impervious surface. To correct this, the

Normalized Difference Vegetation Index (NDVI) was

calculated for the scenes and added to the model with other

spectral bands as independent variables. The modification

resulted in an improved calculation that separated vegetated

land-cover type from urban land-cover. To show details of

the algorithm, several rules generated from the regression

tree model are presented here as an example:

Rule1: [3899 cases, mean 16.8, range 1 to 99, est err 10.5]

if

band01<42

band04>85

then

dep =�4.6 + 1.56 band02 – 0.7 band03 + 0.51

band06–0.33 band05–0.11 band04+4 band07

http://www.rulequest.com
http://www.rulequest.com
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Rule2: [8951 cases, mean 17.5, range 1 to 100, est err 11.5]

if

band01<46

band05<103

then

dep =�35+2.37 band02–1 band03+0.69 band06–

0.44 band05

where dep is percent imperviousness and is defined as the

dependent variable in the model. Bands are independent

variables including Landsat spectral bands and NDVI.

The average absolute error of the impervious prediction

(by comparing model prediction against ‘‘true’’ values from

the test data derived from 1-m resolution DOQQs) ranged

from 10 to 12 percent, and the correlation coefficient (r)

ranged from 0.70 to 0.80 for the 1991 to 2002 prediction.

The absolute accuracy of the change products can be

affected by several factors, including relative image normal-

ization among all images of different dates, presence of
Fig. 4. Distribution of imperviousne
small clouds/cloud shadow patches, use of a single date

image for predicting imperviousness, and uncertainty or

error in the training data. Accuracy estimates reported here

are based on evaluation of imperviousness prediction for

each individual time period. No direct assessment was made

for the quality of the change product due to the lack of

ground reference data during the 1991 to 2002 timeframe.

Water was masked out from the original maps and the

masked maps provided a unique temporal dimension

documenting change (Fig. 4). Inspection of the impervious-

ness maps shows areas of residential growth and commer-

cial and industrial development from 1991 to 2002.

However, approximately 5 to 8 percent of the pixels showed

percent impervious values decrease from 1991 to 2002 in

the mapping zone with most of these pixels located in

residential areas. No events occurred that would have

reduced urban land-use expansion during the period.

Numbers of factors, such as growing trees to shade streets

and housings during the interval, or misinterpretation of
ss by category, 1991 to 2002.



Table 1

Category change from 1991 to 2002 in number of pixel, percent of category change from 1991 to the total ISA in 2002, and ISA area increases from 1991 to

2002

Category ISA 1 2 3 4 (2002) 5 6 7 8 9 Area increase

from 1991 in km2

1 41,911 47,933 50,745 33,291 19,993 9411 4693 2978 1172 285

2 0 35,079 30,656 24,332 14,611 7216 4068 2786 1214 220

3 0 0 47,258 40,927 23,158 8924 4618 2975 1276 176

4 0 0 0 37,558 30,918 14,731 6881 3917 1636 164

5 0 0 0 0 22,153 17,939 11,685 7403 3091 134

6 0 0 0 0 0 14,168 13,128 10,979 4970 74

7 0 0 0 0 0 0 7166 8281 5591 53

8 0 0 0 0 0 0 0 2044 2635 51

9 0 0 0 0 0 0 0 0 631 29

Total 41,911 83,012 128,659 136,108 110,833 72,389 52,239 41,363 22,216

Percent change 7.92 22.72 39.56 48.82 52.47 57.46 64.63 67.60 66.41
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Fig. 5. Changes in impervious extent by category and year.
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bare soil as urban land, or registration errors, could relate

to this reduction. To facilitate use of the percent

impervious surface data in the SLEUTH model, the data

having percent imperviousness greater than 10% were first

grouped into nine categories for each 10% ISA. Regroup-

ing of original percent impervious surface data into

categories removed most of these ISA decreases since

pixels that had differences within 10% were grouped in the

same category. The rest of the miscalculated pixels were

compared among each two dates and pixels in the latest

time were assumed to have the maximum percentages:

ISA(t) = ISA(t), for ISA(t)�ISA(t�1); ISA(t�1)= ISA(t) for

ISA(t�1)>ISA(t), and t is the time. This method was

adopted so that the SLEUTH model would not miscalcu-

late the change trend. Spatial variations in the nine

imperviousness categories are depicted in Fig. 4.

To view the change trend, Table 1 shows a matrix of

category to category change from 1991 to 2002, percentage

of each category change to the total ISA pixels in 2002, and

area change from 1991 to 2002 in the whole watershed;

percent impervious values of 0–10 were not included.

Lower percent ISA categories have been converted to higher

percent ISA categories from 1991 to 2002. For example,

approximately 23% of 2002’s category 2 ISA was from

1991’s category 1 and 2. Approximately 67% of 2002’s

category 8 ISA was from 1991’s category 8 and other seven

categories. The largest category change was seen in

categories 1 to 3 where 50,745 pixels were converted. Area

change from 1991 to 2002 shows that category 1 and 2 get

the largest increases. Pixels having an impervious surface

greater than 10% increased from an areal extent of

approximately 600 km2 in 1991 to approximately 1800

km2 (27% of the total watershed area) in 2002. Percent

impervious categories 7 and higher experienced the largest

increase rates from 1991 to 2002; however, they account for

only a small portion (less than 1%) of the total impervious

surface extent. A more direct comparison of the variability

in the categories of impervious surface is presented in Fig.

5, which shows that the spatial sizes of all impervious

categories in 2002 are larger than previous years.
Impervious conditions vary throughout the watershed

by the different sub-drainage basins. This variability is

shown in Fig. 6, which presents changes in impervious

surface conditions from 1991 to 2002 for six main

drainage basins. Impervious categories 1 and 2 have the

greatest extent in the watershed because urbanization

densities are lower in suburban areas. Impervious distri-

butions in the Alafia River, Hillsborough River, and

Coastal Hillsborough Bay drainage basins show similar

patterns, with apparent differences in different categories

representing the density gradient between urban and

suburban. New urban growth represented by the 2002

impervious coverage in these areas account for the increase

of imperviousness. Most new residential areas are charac-

terized by small lot sizes, with many buildings occupying

a portion of a single TM/ETM +pixel, resulting in a

greater amount of pixels in the lower category values. The

impervious coverage and its category can be represented

by a reverse relation as

coverage”1= categoryð Þn ð1Þ

where n is a constant. However, this relation does not exist

for the other three drainage basins. Area extents of
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impervious categories 3 to 5 are larger than any other

categories in the Boca Ciega Bay drainage basin. Impervious

surface covered approximately 61% of the Boca Ciega

drainage basin, with impervious categories 3 to 5 accounting

for 51% of total imperviousness in the area in 1991. The

percentages increased to 86% for total impervious surface in

the area in 2002 and 54% for impervious categories 3 to 5.

Increases in impervious categories 3 to 5 in the Boca Ciega

Bay drainage basin between 1991 and 2002 are associated

with decreases in impervious categories 1 and 2 during the

same time period. This indicates that the basin is undergoing

active urbanization and that new urban development has
occurred within existing low-density urban areas because

there are not many vacant patches left for new development.

A similar pattern of change can be seen in the Coastal Old

Tampa Bay and Coastal Middle Tampa Bay drainage basins.

Impervious categories 3 and 4 show an increase from 1991 to

2002 in areas where a remarkable degree of urbanization,

including both high density urban and medium to lower

density residential, has been maintained. Analysis of the

impervious distribution and change patterns for six drainage

basins and the whole watershed suggests that impervious

surface is a suitable surrogate for different urban densities

and their changes.
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5. Modeling imperviousness change

The SLEUTH model is used to simulate and predict

urban growth through modeling impervious surface change

over time. SLEUTH defines four types of urban growth:

spontaneous, breed, spread, and road influence. Variables

that are used in the model to drive urban growth include

the spatial properties of non-urban cells and existing urban

spatial extent, transportation, and terrain slope influences.

Based on these variables, four growth rules—spontaneous

growth, new spreading centers, edge growth, and road-

influenced growth—are developed that represent the

driving forces in the formation of new urban areas. The

model’s five growth parameters—dispersion, breed, spread,

slope, and road gravity—are initialized and processed

through numbers of Monte Carlo iterations. These param-

eters are determined using an intensive model calibration

procedure in which land-cover characteristics generated by

the model, and known properties provided by historical

urban and LCLU data sets, are compared for each seeding

year by statistical methods. Growth rule parameters are

then adjusted for the next growth simulation. The growth

rules are applied to randomly selected pixels during each

year of model growth.

One of the major limitations of using urban land-use

information for simulating urban growth is the lack of multi-

temporal historical data sets of urban extent, LCLU, and

intensity of urban development. These data sets are required

in the model calibration process, and their unavailability

restricts geographically where the urban LCLU study can be

implemented. Uncertainty associated with too few or

inadequate data set affects the ability of SLEUTH to predict

urban growth accurately. The SLEUTH model requires an

input urban data layer having pixels classified as either

urban or non-urban; therefore a singular broad urban

category can be simulated. To reflect reality better and to

acquire urban LCLU data effectively, this study created an

urban data layer defined by subpixel percent impervious

surface. This enables urban growth to be simulated by

multiple categories of urban development intensity. Spa-

tially explicit and accurate data of sub-pixel percent

impervious surface also could be used to objectively define

urban extent as input data to the SLEUTH model. The

magnitude of percent imperviousness was used to represent

different urban LCLU classes for the model input. Thresh-

olds used to define urban land-use categories for the model

implementation are summarized in Table 2.

Simulations were conducted to model and predict urban

growth based on different intensities of urban development
Table 2

Categories of impervious cover input to SLEUTH

Land use Low-density

urban (%)

Medium-density

urban (%)

High-density

urban (%)

Impervious cover 11–40 41–60 >60
and land-use scenarios related to percent imperviousness.

Impervious surface information for 1991, 1995, 2000, and

2002 were first used to calibrate the model, a process that

facilitates identification of the model parameters to use for

future growth prediction.

In the SLEUTH simulations, the model used urban and

other related data layers to derive a set of values to carry on

model calibration for the growth parameters that can

effectively simulate growth during the historical time

period. This procedure was completed in SLEUTH through

a number of Monte Carlo iterations, in which a range of

parameter values was established and the model iterated

using every possible combination of all parameters. For

each set of parameters, modeled growth was compared with

real growth using several Pearson r2 statistics, including the

number and size of urban clusters and the number of urban

pixels. A log file recorded these calculated statistics and was

used to evaluate the performance of different parameter sets.

For each Monte Carlo iteration in each set of parameters, the

model calculated measurements of generated urban patterns

for each year. These measurements were then averaged over

the set of Monte Carlo iterations and compared with

measurements calculated from the historical data to obtain

least squares regression scores.

As indicated by the model standard simulation proce-

dure (U.S. Geological Survey, 2003), SLEUTH calibration

was performed in three phases: coarse, medium, and fine.

The coarse calibration tested the maximum parameter

value range from 1 to 100. Model outputs included r2

values for 12 different parameters that were used to eva-

luate the simulation. For comparison purposes, a compo-

sition score for all 12 r2 multiplied together also was

calculated during each Monte Carlo iteration to obtain an

overall evaluation (Xian et al., in press-a,b). It was

expected that a large composition score would represent

a better model simulation. A multiplication value of all

output least squares regression scores was sorted to isolate

the maximum score and select a new range of parameters

for the medium calibration. For the medium calibration,

SLEUTH used difference increment to step through the

parameter value range obtained from coarse calibration. A

narrower parameter value range was selected for the fine

calibration. After that, the test mode was run using a set of

parameter values from the fine calibration to obtain

averaged parameters for prediction run. In the calibration,

each urban development density was simulated separately;

therefore SLEUTH could be used to model a singular

urban category.

5.1. Low-density urban growth

The low-density urban growth scenario simulated urban

growth in areas containing low-density imperviousness

(pixels having an impervious surface between 11 and 40

percent). These were largely suburban areas where

residential density was relatively low. When SLEUTH



Table 3

Coefficients used for the model prediction

Land use type Low-density

urban

Medium-density

urban

High-density

urban

Dispersion Calibration 76 26 26

Best_fit 83 28 28

Breed Calibration 76 76 26

Best_fit 56 83 28

Spread Calibration 51 51 76

Best_fit 83 56 83

Slope Calibration 76 26 76

Best_fit 46 10 66

Road gravity Calibration 26 1 26

Best_fit 28 2 26
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was used to predict future urban growth, pixels became

urban based on growth rules defined in the model. New

urban development was not allowed to grow into areas
Fig. 7. Predicted low, medium and high
where other urban densities existed. After the calibration

run, coefficients that were used for each of five parameters

in the prediction were listed in calibration part in Table 3.

Each driving parameters Best_fit values were used for

initialization in the model for prediction. SLEUTH’s

prediction of low-density urban development for 2025 is

shown in Fig. 7a. Much of the future low-density

development is predicted to occur along the Interstate 4

corridor east of Tampa. Areas to the north and northeast of

Tampa and south along the east side of Tampa Bay are

also likely to experience low-density urban development.

Approximately 400 km2 of land-cover has a 90%

probability of being developed into low-density urban

areas by 2025 (Table 4). Most of these low-density areas

occur in the Hillsborough and Alafia River drainage

basins.
-density imperviousness in 2025.
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5.2. Medium-density urban growth

Pixels having an impervious surface of 41 to 60% were

used in the model to simulate growth patterns of

development around medium-density urban areas. In the

model prediction, new urbanization was not allowed to

develop into existing lower or higher impervious covered

land on which low- or high-density residential and

commercial existed. After medium density growth cali-

bration, coefficients were chosen for the prediction (Table

3). The Fig. 7b depicts growth of medium-density urban

areas by 2025. Areas of new medium-density urban

development are expected to occur immediately east and

south of Tampa, north of St. Petersburg, and along major

transportation corridors throughout the region. Areas with

90% or greater probability of becoming medium-density

urban land-cover will encompass about 300 km2 by 2025

(Table 4). The ISA change with a probability between

70–80 percent is small. Coastal Old Tampa Bay, Coastal

Middle Tampa Bay, and Coastal Hillsborough Bay drain-

age basins will be the major development areas for the

medium-density urban.

5.3. High-density urban growth

High-density urban growth, including high-density res-

idential, commercial, and industrial areas, comprises the

highest percent impervious cover from Table 2. This type of

urban growth differs from other types, both in spatial and

temporal dimensions. In this study, only pixels having more

than 60% impervious cover were considered high-density

urban land. As discussed in Section 5.2, new urban pixels

were not allowed to grow into other lower density urban

land when SLEUTH simulated the urbanization process.

Coefficients obtained after the calibration run are listed in

Table 3. Results of the model prediction shown in Fig. 7c

indicate that the majority of new high-density urban land-

cover will develop around existing urban centers by 2025

and occupy approximately 80 km2 (Table 4). It is not

surprising that most of the new high-density urban was

predicted in Coastal Old Tampa Bay, and Coastal Hills-

borough Bay where land has been highly urbanized for a

long time. The predicted high-density urban areas in the

Hillsborough and Alafia River drainage basins along the

Interstate 4 corridor east of Tampa are very similar to the

current land-use trends: more business and commercial
Table 4

The model prediction of impervious surface in 2025 in different change

probabilities

Land use type

change in 2025

Low-density

urban (km2)

Medium-density

urban (km2)

High-density

urban (km2)

More than 90%

probability

400 300 80

Probability 70–80% 170 40 20
centers are created in response to more and more residences

moving into these areas.

These SLEUTH simulations provide an indication of

general land-cover conditions that can be expected to

characterize the Tampa Bay watershed in 2025. These

results indicate that almost 800 km2 of land has a 90% or

higher probability of being converted into new impervious

surface by 2025. When this is added to existing impervious

land in the watershed, more than 2500 km2, or 38% of the

land surface, will be classified as urban impervious land-

cover in 2025. This expansion of imperviousness can be

expected to have serious environmental consequences

throughout the watershed.
6. Conclusions

This study has demonstrated that quantification of

subpixel percent imperviousness over time provides a

good estimate of urban LCLU change. Furthermore, the

combination of Landsat satellite data and high-resolution

DOQQ imagery provides the necessary spatial information

needed to support subpixel impervious change detection.

Subpixel percent imperviousness mapping also provides

more information on the spatial extent and intensity of

urban LCLU change. This approach provides considerable

flexibility in capturing the heterogeneity of urban land-

cover characteristics.

Information about intensity of urban land-cover change

provided by percent imperviousness may help infer types

of land-use change in conjunction with previous land-use

information. For example, where imperviousness change

over two time periods exceeds 80%, it is likely that area

has undergone significant change from a rural (e.g. forest,

agricultural, grassland) to a high-intensity urban land-use

(e.g. commercial and industrial development). Lower

amounts of change (less than 20%) near an urban–rural

fringe are likely related to new residential land-use if

pixels do not contain ISA in the previous date. Products

produced by this approach enable users to define and

interpret land-cover and land-use change based on their

own definitions (e.g. change above a certain percentage).

The impervious condition of the Tampa Bay watershed has

experienced a large change, especially in medium to high

urban density areas from 1991 to 2002. Areas with

imperviousness greater than 10% characterized about

1800 km2, or about 27% of the total watershed area in

2002. The overall rate of increase in imperviousness is

almost three-fold from 1991 to 2002.

Quantification of urbanization through mapping imper-

vious surface change provides useful data for urban

dynamic simulation including model calibration and

validation. After regrouped and categorized sub-pixel

ISA data to remove uncertainties for a small portion of

total ISA pixels, the SLEUTH model was used to

simulate the historical development of impervious surfaces
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in the Tampa Bay watershed. After the calibration

process, the best parameters that matched current and

historical growth patterns were selected from different

urban density change predictions. SLEUTH was then used

to make predictions of impervious surface growth out to

2025. The results forecast lower density urban develop-

ment to be widespread throughout the watershed, whereas

much of the future medium to high-density urban

development will occur in proximity to existing urban

centers. By 2025, almost 38% of the watershed potentially

could consist of urban land-cover.
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