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Abstract

Spatial models of urban growth have the ability to play an important role in the planning
process; if not in aiding in policy decisions, then in processes such as visioning, storytelling,
and scenario evaluation. One question that has not adequately been addressed is to what
degree does disaggregating land use types from urban/non-urban categories add to these sim-
ulations? This paper aims to answer this question by modeling urbanization in San Joaquin
County (CA) using the SLEUTH urban growth model with two equal, but different datasets;
one with urban/non-urban data, and the other with the same data, but the non-urban data
disaggregated in nine land uses. The results show that there is an explicit link between the like-
lihood of urbanization, and the type of land use that will be converted to urban, and suggest
that future exercises using spatial models should not ignore the impact of aggregating individ-
ual land use categories into urban–non-urban classes.
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1. Urban simulation and land use dynamics

Urban growth and land use change are dynamic spatio-temporal processes of
great interest to planners, conservationists, ecologists, economists, and resource
managers. Over the past decades, research in these disciplines has sought to develop
models of these processes for forecasting future development, evaluating future
plans, and identifying endangered natural areas. Despite past failures in urban mod-
eling (Lee, 1973, 1994), there has been a renaissance of spatial modeling in the last
two decades due to increased computing power, improved availability of spatial
data, and the need for innovative planning tools to aid in decision support (Brail
& Klosterman, 2001; Geertman & Stillwell, 2002). These models include the develop-
ment of new computational methods, including micro-simulation, agent-based and
cellular automata (CA), which show potential in representing and simulating the
complexity of the dynamic processes involved in urban growth and land use change.
Complexity and scaling approaches have provided an additional level of knowledge
and understanding of the spatial and temporal patterns of land use change (Batty &
Longley, 1994). Furthermore, the models have been used to anticipate and forecast
future changes or trends of development, to describe and assess impacts of future
development, and to explore the potential impacts of different policies (Jantz, Goetz,
& Shelley, 2004; Landis & Zhang, 1998).

As previously implied, there are several different types of urban and land use mod-
els (EPA, 2000). Since planning is to some degree a management of an economic
market, models have been developed to incorporate the economics of land use
change (Alberti & Waddell, 2000; Irwin & Geoghegan, 2001). Others have suggested
the uses of agents (Parker, Manson, Janssen, Hoffmann, & Deadman, 2003), simu-
lating the decisions of individuals within a system. Cellular automata (CA) are yet
another method for simulating urban-land use dynamics, where a set of rules and
spatial constraints govern interaction among land uses and their transitions (Batty,
Xie, & Sun, 1999; de Almedia et al., 2003; White, Engelen, & Uljee, 1997). We con-
tend that there are currently two schools in CA modeling; both use the same basic
foundation (CA), but have different approaches when it comes to incorporating in-
creased details on the dynamics within a system by disaggregating data into multiple
land use classes. The first approach is that of Ward, Murray, and Phinn (2000, 2003),
Wu (2002), Yeh and Li (2001, 2002) and Li and Yeh (2001). The models that these
researchers have developed, while elegant, treat the urban system as a basic entity,
comprised of urban and non-urban components. These non-urban components
may be referred to as rural or agriculture, but no matter what the nomenclature,
the system is decomposed into two classes (we disregard the inclusion of a �water� cate-
gory, as this is largely stationary, and lacks the dynamic characteristics that other
land uses possess)—urban and non-urban. The second school of CA modeling takes
the approach that the landscape is comprised of multiple land uses, be they at the
broad landscape level or within the city itself, and that the feedback and dynamics
among these classes is essential in modeling. This school includes the works of de
Almedia et al. (2003), Xie and Batty (2005) and White and Engelen (2000). Even
more recent efforts in CA modeling have begun to integrate classical economic
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theory into the rules that govern land use transition. Caruso, Rounsevell, and Cojo-
caru (in press) and Caruso (2003), are the basis for land use allocation in some plan-
ning support systems (RIKS, 2004). Skeptics may dismiss the use of modeling in
planning due to the uncertainty of the future and black-box nature of many spatial
models, but models, no matter what type, or which school they are from, undoubt-
edly have a role in the planning practice, providing insight into possible outcomes of
policy implementation and providing a link with other techniques for evaluating fu-
ture plans and decisions, namely visioning (Helling, 1998), storytelling (Guhathakur-
ta, 2002), and scenarios (Xiang & Clarke, 2003).

While both schools of modeling focus on the dynamics of urban growth, there is
a disparity between how land use is treated; is it just urban/non-urban, or is it disag-
gregated into detailed categories? More recent research has begun to focus on the
essential issues regarding the role of land use categorization in spatial data and mod-
els. The work of Pontius, Agrawal, and Huffaker (2003) in developing a technique to
estimate the uncertainty in extrapolations of spatially-explicit land-change simula-
tion models has been key in linking spatially explicit models of land use change with
non-spatial models, while the work of Brown and Duh (2004) has demonstrated the
ability to translate between land use and land cover, a critical advance. Most re-
cently the role of aggregation has come to the forefront as both Pontius and Malizia
(2004) and Dietzel and Clarke (2004) both examined the role of categorical aggrega-
tion in land use/land cover change and modeling. Despite these advances, it is still
necessary to research the role of land use in spatial models. Land use of various
types, can, in some cases, be quite robust to change, and this needs to be recognized
and accounted for in models, and exercises using them. But to what degree does the
interaction between various land uses differ from the simple urban/non-urban inter-
action? This has not yet been explored and may have a drastic impact on model pro-
jections, hence the evaluation of any sort of policy or scenario within a spatial
model.

This paper explores the impact of disaggregating simple urban/non-urban data-
sets into detailed multiple land use categories during both the calibration and fore-
casting phase of modeling exercises, and is a litmus test between which school of
thought in CA modeling is more appropriate, and why. Using a cellular automata
model, the SLEUTH urban growth model (Clarke, Hoppen, & Gaydos, 1997), urban
growth for a rapidly growing county in California was modeled using historical data
from 1988 to 1996 to calibrate, and then forecast until 2030. Results from calibrating
and forecasting the model using the urban/non-urban data were compared within a
GIS and through tabular data comparison to the results disaggregating the data into
multiple categories. While the SLEUTH model is used, it (the model) is not the focus
of this research, but a vehicle for examining the impact that disaggregation has dur-
ing model calibration and forecasting, and to determine which of the two approaches
to CA modeling is the more appropriate. Of all the models available, SLEUTH may
be the most appropriate because it is a hybrid of the two schools in CA modeling—it
has the ability to model only urban growth as Ward et al. (2000, 2003), Wu (2002),
Yeh and Li (2001, 2002) and Li and Yeh (2001) have done, and incorporate detailed
land use data as de Almedia et al. (2003), Xie and Batty (2005) and White and Enge-
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len (2000) have. Still a detailed introduction to SLEUTH is necessary to provide the
reader with an understanding of the methodology, and how demonstrate how the
model is a hybrid between the two schools of thought in CA modeling. The paper
concludes with recommendations to future modelers and planners who plan to inte-
grate land use change data into future modeling efforts. While the results of the cal-
ibration and forecasting are from one cellular automaton model, with a specific rule
set, the findings are presented in a general manner, addressing the question of what
the impact of disaggregating land use classes from non-urban data has on calibration
and forecasting in CA modeling.
2. Modeling using SLEUTH

Modeling geographic systems using cellular automata models is a recent advance
relative to the history of the geographic sciences (Silva & Clarke, 2002). Applying
this method of modeling to urban systems for planning applications was recognized
early (Couclelis, 1985), and application of these models has proliferated in the last
decade, including in the development of SLEUTH. The SLEUTH urban growth
model is a cellular automaton model that has been widely applied for simulation
and forecasting of landscape changes (Esnard & Yang, 2002; Jantz et al., 2004; Leão,
Bishop, & Evans, 2004; Yang & Lo, 2003). While use of the model has mainly been
limited to academic exercises, more recent work has used the model to explore pos-
sible location of facilities (Leão et al., 2004), examine the implications of land use
policy decision at a regional level (Jantz et al., 2004), and in community planning
at a local level (Santa Barbara Region Economic Community Project, http://
www.sbecp.org/documents.htm). A complex calibration process trains the model
with historical spatial and temporal urban growth (Silva & Clarke, 2002). Written
in �C� code, the model is freely downloadable at http://www.ncgia.ucsb.edu/pro-
ject/gig, and can be applied to any geographic area with the proper data. Five rea-
sons attributed to choosing this model to answer the main research question: (1) the
shareware availability meant that any researcher could perform a similar application
or experiment at no cost given they had the data; (2) the model is portable so that it
can be applied to any geographic system at any extent or spatial resolution; (3) the
presence of a well-established Internet discussion board and list-serve (sleuth-
users@yahoogroups.com) to support any problems and provide insight into the
model�s application; (4) a well documented history in geographic modeling literature
that documented both theory and application of the model; and (5) the ability of the
model to project urban growth based on historical trends with urban/non-urban
data or with detailed categorized land use data, which was essential to answering
the main research question.

SLEUTH is a moniker for the input data required to use the model: Slope, Land
Use, Exclusion, Urban, Transportation, and Hillshade. The slope layer helps to
implement topographic constraints on the model, focusing growth on flatter, more
suitable areas that are less costly to develop. Inclusion of land use in modeling with
SLEUTH is optional; the model does not require land use data, but does have a

http://www.sbecp.org/documents.htm
http://www.sbecp.org/documents.htm
http://www.ncgia.ucsb.edu/project/gig
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separate model, termed the �deltatron model,� to model land use change. Two layers
of land use, with any number of classes but the same classification, are required if the
modeling of land use is desired. Implementation of scenarios within the framework
of this model is largely done through the manipulation of the exclusion layer. This
layer allows the user to implement constraints on the model, prohibiting growth in
some areas, providing resistances or attractions in others. The simulation of urban
growth is the main focus of the model. Recognizing that urban growth is not a linear
process, four input data layers of urban extent are required so that a more dynamic
model of growth can be presented. If both urban growth and land use change are
simulated, then it is necessary for the urban land use class in both of these data to
be redundant of one another. The influence of transportation on urbanization is a
well-known relationship, so a transportation layer is included in the model. Roads
are classified into three classes based on their accessibility; so major interstates
and highways would be one class, state routes and major arterial routes would be
another, and local collector streets would be a third class. But the user has complete
control over the classification of these routes. The final layer is a hillshade, or topo-
graphic relief layer. The only purpose of this layer is to add some positional reference
to the output maps so that users have a geographic sense of where urbanization is
forecast to take place. Upon assembly of these data, a user can calibrate, and then
forecast urbanization and land use change.

Calibration of SLEUTH produces a set of five parameters (coefficients) that de-
scribe the historical growth patterns of the system over time based on a fixed set
of transition rules. Five coefficients (with values 0 to 100) control the behavior of
the system, and are predetermined by the user at the onset of every model run
(Clarke & Gaydos, 1998). These parameters are:

1. Diffusion. Determines the overall dispersiveness nature of the outward
distribution.

2. Breed coefficient. The likelihood that a newly generated detached settlement will
start on its own growth cycle.

3. Spread coefficient. Controls how much contagion diffusion radiates from existing
settlements.

4. Slope resistance factor. Influences the likelihood of development on steep slopes.
5. Road gravity factor. An attraction factor that draws new settlements towards and

along roads.

These parameters drive the transition rules that simulate four types of urban
growth. Spontaneous growth is the urbanization of land that is of suitable slope,
yet not adjacent to preexisting urban areas. Diffusive growth occurs when newly
established urban areas begin to transform the land around them from other
uses into urban land cover. Organic growth takes place at the urban fringe
and as infill within areas that may not have fully made the transition from an-
other land use to urban. And road influenced growth takes into account the
influence that roads have over urbanization and land use change, as they attract
new growth.
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In the calibration of this model, the transition rules are applied to the input data
to find the set of parameters that best replicates the spatial patterns of urbaniza-
tion and land use change. For this model the transition rules are implemented
uniformly across space and in two nested temporal loops. The first loop is an outer-
most loop that attempts to use the parameters to best replicate the transitions be-
tween the first year of input data, the �seed� layer, and the last. The second loop
attempts to replicate the growth and transitions between the individual input peri-
ods. By running the model in calibration mode, a set of control parameters is refined
by three sequential �brute-force� calibration phases: the coarse, fine and final calibra-
tions (Silva & Clarke, 2002). Typically the calibration of SLEUTH is a three-step
process:

1. Coarse. The model attempts to simulate the historical growth patterns for a wide
range of parameter values that cover the entire parameter space, and generally
spaced in increments of 25. Using the first layer of urban extent data as a seed-
layer for simulating growth, and the other three urban extent layers as control
points, each parameter set attempts to replicate the historical growth of the sys-
tem over time. The ability of the parameter to recreate the time series of input
data is evaluated using a variety of spatial metrics, but most commonly the
Lee–Sallee metric, although others have been used (Jantz et al., 2004; Yang &
Lo, 2003), including in this exercise. The Lee–Sallee metric describes the degree
of spatial matching between the simulated data and the input historical data,
and is a rigorous measure of the ability of a parameter set to replicate historical
urban growth patterns. The tested parameter sets are sorted based on their good-
ness of fit, and the parameter values are narrowed to values around the parameter
set that produced the best fit between the historical and simulated data.

2. Fine. The narrowed range of parameters from the previous step are used to sim-
ulate the historical growth patterns. Results of these simulations are evaluated
using spatial metrics of fit, and the range of parameters is narrowed one last time.

3. Final. The historical data is simulated one last time using the renarrowed set of
parameters, and the one that best recreates the urban growth is then used in model
forecasting.

For this research, a composite metric was used to evaluate the performance of the
model, and was the product of the compare statistic (Com), population statistic
(Pop), Lee and Sallee statistic, and the F-match statistic. The compare statistic is a
ratio of the modeled population of urban pixels in the final year to the actual number
of urban pixels for the final year. The population statistic (Pop), a least squares
regression score (r2) for modeled urbanization compared to actual urbanization
for the time series. The Lee and Sallee statistic (Lee & Sallee, 1970) measures the spa-
tial urban fit, and F-match measures the proportion of goodness of fit across land use
classes. Use of these metrics allowed for narrowing the parameter range based on
spatial fit for each year, over the entire time series, and with the replication of land
use change patterns. The set of parameter arrived at in the end of the final calibration
were then used in the forecasting of land use change.
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3. Data and study area

San Joaquin County (CA) was chosen as a study area (Fig. 1) for this research for
three very important reasons. First there is an abundance of high-resolution land use
data (derived from aerial photography and satellite imagery) from multiple time
periods with the same land use classification scheme. Finding a study area that
was regularly monitored and had consistently categorized data with details below
the parcel level made this a prime study area for answering the research question.
Second, all the data for this research, including the land use data, were available
for free to the public, so in the philosophy of science, the results of this research
can be replicated because anyone can duplicate this research; using either the same
model, data, or both. Finally, San Joaquin County is a county that is positioned
between two major metropolitan areas (the San Francisco Bay and Sacramento
Metro), and is undergoing growth pressures in multiple directions. These growth
pressures were important because they almost assured that there would be significant
land use change and urbanization taking place before the data were even examined.

In compiling the data on historical urban extent, �urban� was defined based on the
California Farmland Mapping and Monitoring Program�s (CA-FMMP) definition,
and used as the minimum mapping unit:
Fig. 1. The location of San Joaquin County in relation to places within California having a population
greater than 50,000 (lower left), and the urban extent for San Joaquin County in 1988, 1992, and 1996.
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Land occupied by structures with a building density of at least 1 unit to 1.5
acres, or approximately 6 structures to a 10-acre parcel. This land is used for
residential, industrial, commercial, construction, institutional, public adminis-
tration, railroad and other transportation yards, cemeteries, airports, golf
courses, sanitary landfills, sewage treatment, water control structures, and
other developed purposes.
Urban extent data for 1988, 1992, 1994, and 1996 were obtained from the
CA-FMMP that utilized aerial photography as a base-mapping source (http://
www.consrv.ca.gov/DLRP/fmmp/). Urbanization was treated as a cumulative phe-
nomenon, so that the urban area in each time period built on the extent present in
the previous one. In other words, urban areas were not allowed to disappear once
they were established. Additionally, urban extent from the 1992 National Land
Cover Dataset (NLCD) was gathered from the US Geological Survey (http://land-
cover.usgs.gov/index.asp), and merged with the CA-FMMP data for this year. These
data were obtained from the Landsat 5 Thematic Mapper Satellite, with a 30 m spa-
tial resolution. Urban extent in this dataset was classified based on the Anderson
Classification System (Anderson et al., 1976), and was not as detailed as the
CA-FMMP data (Table 1).

Land use data for 1988 and 1996 was obtained from the California Department of
Water Resources (CA-DWR) land use surveys (http://www.ftp.saline.water.ca.gov).
Metadata on the collection and classification of these data can be found at http://
www.waterplan.ca.gov/landwateruse/ludataindex.htm. Land use data for both
1988 and 1996 was initially classified into 20 different classes, including six classes
for �urban�. These data were reclassified into ten land use classes as shown in Table
2 and Fig. 2. Urban areas in the CA-DWR data, not identified by the CA-FMMP
data, were added to the urban extent of their respective year.

Slope and hillshade were derived from 30 m digital elevation models for the State
of California, downloaded form the California Spatial Information Library (CASIL)
(http://www.gis.ca.gov). Transportation networks were developed using the roads
layer available from the CalTrans Data Library (http://www.dot.ca.gov). For the
1
s, description, and resolution of data used in SLEUTH modeling of the San Joaquin County (CA)

ayer Source Description Resolution

CASIL 30 m DEM 30 m
se CA-DWR 20 land use classes that were reclassified to 10 100 m
ion CASIL Vector coverage of all publicly owned land N/A
extent USGS NLCD Urban extent for 1992 30 m

CA-FMMP Vector coverage of developed land from
1988 to 1996 in 2 year intervals

N/A

CA-DWR Vector coverage of 20 classes of land use,
including urban for 1988 and 1996

N/A

ortation CalTrans Vector coverage of functionally classified roads N/A
de CASIL Derived from 30 m DEM 30 m

http://www.consrv.ca.gov/DLRP/fmmp/
http://www.consrv.ca.gov/DLRP/fmmp/
http://landcover.usgs.gov/index.asp
http://landcover.usgs.gov/index.asp
http://www.ftp.saline.water.ca.gov
http://www.waterplan.ca.gov/landwateruse/ludataindex.htm
http://www.waterplan.ca.gov/landwateruse/ludataindex.htm
http://www.gis.ca.gov
http://www.dot.ca.gov


Table 2
Reclassification of initial 20 land use classes for San Joaquin County, down to 10 for 1988 and 1996

1988 and
1996
classification

Legend
meaning

Reclassified Area (ha)
of reclassified
land use in 1988

Area (ha)
of reclassified
land use in 1996

C Citrus and subtropical Fruit, nut,
and vegetables

71,664 76,454

D Deciduous fruits
and nuts

Fruit, nut,
and vegetables

F Field crops Field crops 103,840 84,391
G Grain and hay Field crops
I Idle Field crops
P Pasture Pasture 44,400 38,677
R Rice Field crops
T Truck, nursery,

and berry
Fruit, nut,
and vegetables

V Vineyards Vineyards 25,819 30,937
NB Barren and wasteland Barren 66 25
NR Riparian vegetation Riparian 1596 2275
NV Native vegetation Native

vegetation
79,442 83,996

NW Water surfaces Water 9171 8690
S Semi-agricultural Feedlots 3711 3623
U Urban Urban 29,500 40,259
UC Commercial Urban
UI Industrial Urban
UL Landscape Urban
UR Residential Urban
UV Vacant Urban
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exclusion layer, it was decided that all land under public ownership would be ex-
cluded from future development in the forecasting of land use change and urbaniza-
tion. All data processing was accomplished within a GIS environment, and vector
coverages were converted to raster format. A spatial resolution of 100 m was chosen
because it was thought to be a logical scale to explore land use dynamics at such a
broad geographic scale, and it was felt that it would capture most of the positional
errors associated with converting the vector coverages to rasters.

Using these data, two calibrations and forecasts of urbanization and land use
change were completed for San Joaquin County using the SLEUTH model. The first
calibration and forecast used all of the data, aggregating the detailed land use data
from the CA-DWR into urban/non-urban, then combining it with the USGS and
CA-FMMP data. Because of this constraint, during calibration and forecasting,
SLEUTH was only able to simulate the interactions between urban and non-urban
land uses. In the second calibration, the same data was used, but instead of aggregat-
ing all of the CA-DWR data into urban/non-urban, the data was disaggregated into
10 land use categories. Calibration of the model then incorporated the interactions
between the transitions of 10 different land use classes with one another. Further-
more, in forecasting the model was able to predict the future location of different
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land uses, as compared to the first forecast that was only able to forecast urban/non-
urban locations.

The parameters derived from each calibration were used to forecast urban growth
through 100 Monte Carlo simulations from 1997 to 2030, producing both graphical
and tabular outputs in one-year increments. One hundred Monte Carlo simulations
were chosen based on prior use of the model by researchers (Jantz et al., 2004; Clarke
et al., 1998). Graphical outputs from the years 2000, 2010, 2020, and 2030 were
exported for analysis within a GIS, and the spatial differences in urbanization
between the two model forecasts for 2030 were examined, distinguishing spatial areas
between the forecasts, where urbanization was predicted to be different. Tabular
model output data were also compared to look at the amount of annual growth with-
in each year forecasted.
4. Calibration and forecasting results

4.1. Calibration urban/non-urban data

Calibration of SLEUTH with the urban/non-urban data resulted in a set of
parameters that described the historical process of urbanization (Table 3), where
the five parameter values were 10, 64, 25, 43, and 31 (diffusion, breed, spread, slope,
and road gravity). For this calibration, a metric that was the product of the compare,
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population, and Lee–Sallee spatial metrics was used, based on Jantz et al. (2004).
The F-match statistic was not used because it is a statistic that is only applicable
when multiple land uses (more that urban/non-urban) are present. Because the
two calibrations used slightly different measures of fit, the mean of the metrics
was calculated. The mean metric of spatial fit for the calibration without land use
data increased from 0.85863 to 0.85883 from the coarse to final calibrations. This
can be implied to mean that on average, the model was capable of replicating
85.883% of all the transitions to urban in both space and time as compared to the
actual historical data.

4.2. Calibration with disaggregated land use data

The calibration of the model with the multiple land use classes led to a parameter
set of 4, 38, 26, 58, and 81 (diffusion, breed, spread, slope, and road gravity) (Table
4). In calibrating the historical data that included the multiple land uses that were
disaggregated from the non-urban data, a composite metric that was the product
of the compare, population, Lee–Sallee, and F-match statistics was used in narrow-
ing the range of parameter values. In contrast to the calibration without land use
data, the F-match statistic was used because it evaluates the replication of land
use transitional patterns. This metric is required when doing any modeling that in-
cludes more detail that urban/non-urban, since it the only metric that measures
the model�s goodness of fit from the multiple categories in the data. The mean value
of the metrics used in the composite increased from 0.82876 to 0.83587 from the
coarse to final calibrations. So the accuracy of the model in replicating the urbani-
zation and transitions between the ten land use classes in both space and time in-
creased from 82.876% at the end of the coarse calibration, to 83.587% at the end
of the final calibration.

Additionally, during this calibration, a transition matrix of the probability of land
use changing from class i to class j was calculated (Table 5). Feedlots and barren land
had the highest probability of being transformed to urban (26% and 17% chance).
Vineyards and natural areas were especially robust for resisting transition to urban
land use. This can be attributed to both the large spatial area covered by a vineyard
and the high initial financial investment in then, and that much of the natural land
cover in San Joaquin County is located on the steep slopes of the Sierra Nevada foot-
hills in the east, and the Altamont Hills in the west. The resistance of vineyards to
withstand urbanization may be fairly common to other areas, but in the case of
the county of study here, the resistance of natural areas to urbanization is most likely
a function of topography that is not readily applicable to other systems.

4.3. Forecasting results

The amount (total area in ha) of predicted urbanization differed between model
outputs based on the calibrations that included the disaggregated land use data in
the model calibration and forecasts, and those that used only urban/non-urban data.
Differences between the two model outputs varied in both the magnitude and spatial



Table 3
Calibration routines and results for SLEUTH model of San Joaquin County (CA) without land use data

Growth
parameters

Coarse Fine Final Final
parameter
value

Monte Carlo iterations = 5 Monte Carlo iterations = 7 Monte Carlo iterations = 9
Total # of simulations = 3125 Total # of simulations = 2500 Total # of simulations = 4320

Range Step Metrics Range Step Metrics Range Step Metrics

Diffusion 1–100 25 Compare = 0.99943 1–20 5 Compare = 0.99458 1–15 3 Compare = 0.99844 10
Breed 1–100 25 Population = 0.8338 1–80 20 Population = 0.84373 20–80 20 Population = 0.83975 64
Spread 1–100 25 Lee–Sallee = 0.74267 15–35 5 Lee–Sallee = 0.73433 20–25 1 Lee–Sallee = 0.73831 25
Slope resistance 1–100 25 Composite = 0.61888 1–100 25 Composite = 0.616218 50–100 10 Composite = 0.61903 43
Road gravity 1–100 25 Metric mean = 0.85863 20–80 20 Metric mean = 0.85754 20–40 5 Metric mean = 0.85883 31
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Table 4
Calibration routines and results for SLEUTH model of San Joaquin County (CA) with land use data

Growth
parameters

Coarse Fine Final Final
parameter
value

Monte Carlo iterations = 5 Monte Carlo iterations = 7 Monte Carlo iterations = 9
Total # of simulations = 3125 Total # of simulations = 6825 Total # of simulations = 6720

Range Step Metrics Range Step Metrics Range Step Metrics

Diffusion 1–100 25 Compare = 0.99949 1–25 5 Compare = 0.99944 1–4 1 Compare = 0.99152 4
Breed 1–100 25 Population = 0.83069 20–80 10 Population = 0.83058 25–55 5 Population = 0.83802 38
Spread 1–100 25 Lee–Sallee = 0.74243 20–30 5 Lee–Sallee = 0.74265 22–27 1 Lee–Sallee = 0.74427 26
Slope resistance 1–100 25 F-match = 0.74243 1–100 25 F-match = 0.76876 45–80 5 F-match = 0.76968 58
Road gravity 1–100 25 Composite = 0.47384 1–100 25 Composite = 0.47393 20–80 20 Composite = 0.47599 81

Metric mean = 0.82876 Metric mean = 0.83535 Metric mean = 0.83587
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Table 5
Matrix of the probability (out of 100) that land use in 1988 (left column) would change to another land use
class in 1996 (top row)

FNV Field Pasture Vineyard Barren Riparian NatVeg Water Feedlots Urban

FNV 66.71 18.65 7.06 2.82 0.00 0.03 1.24 0.13 0.53 2.82
Field 19.28 50.94 12.73 4.39 0.02 0.35 7.78 0.30 0.56 3.66
Pasture 12.32 33.17 42.73 3.22 0.00 0.06 3.73 0.18 1.33 3.26
Vineyard 7.14 3.52 1.21 82.99 0.00 0.15 2.27 0.11 0.69 1.93
Barren 0.00 1.52 0.00 0.00 0.00 0.00 81.82 0.00 0.00 16.67
Riparian 1.00 1.25 0.81 0.81 0.00 65.41 7.46 22.81 0.19 0.25
NatVeg 1.19 2.57 1.03 1.72 0.00 0.46 89.54 1.16 0.31 2.00
Water 0.81 1.16 0.38 0.16 0.00 4.39 12.96 74.84 0.38 4.77
Feedlots 7.09 8.38 6.04 2.67 0.00 0.08 6.22 0.35 43.44 25.71
Urban 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 99.99

Transitions shown are between fruits, nuts and vegetables (FNV), field crops, pasture, vineyards, barren
land, riparian areas, natural vegetation (NatVeg), water, feedlots, and urban.
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location of predicted urbanization, with the total difference in urban area in the 2030
forecast being 16,256 ha (Table 6). The difference in urban area led to further differ-
ences in the number of urban clusters, considered to be an indicator of urban sprawl
(Torrens & Alberti, 2000). This was most likely due to the different urban growth
rates and amounts of annual urban development between the two model outputs,
that would not have been detectable had the non-urban data been disaggregated into
individual land use categories (Table 6).

Examination of the 2030 forecasts from both models showed that the spatial
differences between the urban area forecast in the two models occurred in different
spatial contexts relative to their position in the landscape. Model outputs from the
calibration and projection using only urban/non-urban data exhibited much more
growth on the urban periphery, while outputs that used the disaggregated land use
data in the calibration and projection produced more urban areas that were farther
away from existing urban centers (Fig. 3). This can be attributed to the incorpora-
tion of the dynamics and interactions between land use classes within the landscape;
some land use classes are extremely robust to change due to either physical con-
straints or economic investments, while others are extremely vulnerable to change.
This demonstrates that the disaggregation of simple urban/non-urban datasets into
detailed multiple land use categories during both the calibration and forecasting
phase of modeling exercises has a drastic impact on model forecasts, (as demon-
strated by Fig. 3) which is the crux of this paper. Fig. 3 shows the spatial differences
in the forecasts between the model calibrated with only urban/non-urban data, and
the model where the non-urban data was disaggregated into distinct land use cate-
gories. The black areas are areas where only the urban/non-urban model predicted
future urban growth; it is readily observable that these areas are simply just the out-
ward expansion of the existing urban periphery. On the other hand, the white areas
are areas where only the model that disaggregated the non-urban data into distinct
land use classes predicted future urbanization. These areas are less on the periphery



Table 6
Average (of 100 Monte Carlo simulations) of total urban area, number of urban clusters, urban growth rate, and new urban development forecast for 2000,
2010, 2020, and 2030 using parameters derived from calibration the SLEUTH model with and without land use data, starting from 1997 and forecasting to
2030

Year Metric

Total urban area (ha) Number of urban clusters Urban growth rate (%) New development per year (ha)

Forecast
with
parameters
from
calibration
without
land use

Forecast with
parameters
from calibration
with land use

Difference Forecast with
parameters
from
calibration
without
land use

Forecast
with
parameters
from
calibration
with
land use

Difference Forecast
with
parameters
from
calibration
without
land use

Forecast
with
parameters
from
calibration
with
land use

Difference Forecast
with
parameters
from
calibration
without
land use

Forecast
with
parameters
from
calibration
with
land use

Difference

2000 46,242 45,738 504 1850 1741 109 3.49 3.18 0.31 1612 1456 156
2010 66,876 64,020 2856 2317 1909 408 3.62 3.31 0.31 2419 2119 300
2020 95,489 87,766 7722 2531 1909 622 3.41 3.01 0.4 3257 2638 619
2030 132,765 116,509 16,256 2588 1822 766 3.09 2.63 0.46 4106 3068 1038

The differences between the two forecast are indicated.
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Fig. 3. Spatial differences between model forecasts calibrated without land use data and those calibrated
with land use for the year 2030.
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of existing urban areas, and instead, patches of urban areas are predicted to appear
in areas where the land use has a low resistance to change.

Pasture land was the land use that showed the greatest decline in model forecast-
ing (Fig. 4). Riparian, water, feedlots, and barren land uses did not show that great a
decline in area, but they were the four land uses with the least area. Field crops and
fruits, nuts, and vegetables (FNV) show a slightly inverse relationship in area during
the calibration period of 1988–1996, which was most likely to a rotation between the
two classes; yet both showed a similar proportional decrease in area during model
forecasting. The one land use that seemed to be extremely robust to change was vine-
yards, which only showed a slight decrease in total area from 1988 to 2030. Addition-
ally, natural vegetation did not lose as much total area as compared to other classes.
This was somewhat surprising as traditionally deforestation is thought to be a major
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component of urbanization and land use change, but this is not suggested by these
findings.

As with any model forecast, there is a degree of uncertainty associated with it, be-
cause we cannot validate the future (Goldstein, Candau, & Clarke, 2004). The utili-
zation of SLEUTH allows for the calculation and mapping of uncertainty associated
with land use change forecasts because there are some stochastic elements within the
model. By running multiple Monte Carlos (MCs) for forecasting, the degree of
uncertainty in type of land use associated with the final forecast can easily be calcu-
lated as the percentage of total MCs that a land use occupies a grid cell. From this
calculation, the uncertainty mapped is a cumulative map for the entire time period
modeled, 1997–2030 in the case of this research. These uncertainty maps are helpful
in identifying extremely dynamic areas of the system where there are multiple
changes taking place over time, leading to a higher uncertainty of what will happen
in reality. Dynamic interactions between the 10 land use classes used in calibration
and forecasting created a �busy� map of uncertainty for the time period forecasted
(Fig. 5). While this map at full extent is not readily valuable in determining the over-
all quality of the forecasts, it can be useful in looking at local level uncertainty in
forecasts. This is especially true when looking at the southeastern and northwestern
portions of San Joaquin County. These areas are the areas of steeper slope, hence
they have a lower uncertainty because the topographic conditions do not warrant
much change in these areas.
5. Conclusions

The disaggregation of land use from urban/non-urban data in model calibration
and forecasting produced considerable spatial and tabular outputs as compared to



Fig. 5. Cumulative uncertainty measure of land use transition from 1997 to 2030, based on 100 Monte
Carlo simulations of land use change.
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modeling just urban/non-urban land use. This was implied by the different parameter
sets derived from the calibration, and reconfirmed by the differences in the spatial
and tabular model outputs (Table 6 and Fig. 3). Fig. 3 illustrates these differences
caused by disaggregating non-urban land use into distinct categories whereby urban
growth was not just forecast as the outward march of bricks and mortar (Goldstein
et al., 2004), but an opportunistic process that preyed on areas where the land use
was less resistant to change, and easily converted to urban. While the actual meaning
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of the parameter values and sets do not have an explicit meaning in the context of the
SLEUTH model, comparison between the different parameter sets provide some
insightful information on system dynamics, and can be considered to be the �digital
DNA� of the system.

In the two calibrations performed in this research, the major differences between
the two parameter sets were found in the breed and road gravity parameters. For the
breed parameter, the calibration of the San Joaquin County dataset without land use
had a much higher value than the calibration without land use (64 versus 38). This
implies that when the transitions between individual land uses (as opposed to sim-
plistic urban/non-urban interactions) are considered in modeling, that there is less
likelihood that a spontaneously formed urban settlement will continue to foster
other urban growth around it due to the resilience of surrounding land uses and their
resistance to change. This may be somewhat confusing because the same data on ur-
ban extent were used in both calibrations, but the dissaggregation of multiple land
use data from non-urban classes provides more global resistance to urbanization
than when simple urban/non-urban dynamics are considered because of the resis-
tance to transition by some land use classes. A similar case is true for the road grav-
ity parameter, where for the calibration with land use data the value of this
parameter was substantially greater than in the calibration without land use data
(81 versus 31). While it is possible to make these general conclusions about the im-
pact of disaggregating land use categories from non-urban data on model para-
meters, the disaggregation effect is a localized phenomenon while the parameters
themselves are global: making it difficult to give precise conclusions about where
localized parameter values differ within the model depending on the dataset. It is nec-
essary to do global characterization in cellular automata modeling because of the
fundamentals of complex and self-organizing systems where the behavior at micro-
scale (localized) may be chaotic and difficult to characterize, while when viewed at
the macro-scale (global) an order is apparent that can be characterized through a
value, such as one model parameter.

Regardless, the findings of this research for urban and land use modeling, are that
when modeling a system with simply urban/non-urban interactions, the model will
not have the ability to truly characterize the dynamics of the system that are present
in the form of an internal resistance (or affinity) to change, which all land uses pos-
sess in some form.

The implications of disaggregating urban/non-urban land use data into distinct
land use classes became clearer when the spatial and tabular differences in model out-
put were examined (Fig. 3 and Table 6). Urban growth was much more extensive in
the forecast of the urban/non-urban data than it was in the forecasts where the non-
urban land use was broken into distinct land use classes, and the spatial locations
and patterns of growth were different as well (Fig. 3). By considering only urban/
non-urban categorical data, the transition to urban is taken as a mean probability
of all non-urban land uses aggregated; and by aggregating the interactions of multi-
ple land uses into one class, non-urban, a model is not really characterizing the
dynamics of a system, but instead oversimplifying them. The effect of this over sim-
plification is clearly demonstrated in Fig. 3, where the inclusion of the dynamics be-
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tween multiple land uses created areas of urban growth that were not on the urban
periphery, but in areas where there was a high probability of land use transition to
urban.

The transition matrix (Table 5) provides the details on the resistance of land uses
to change, and gives a description of both the natural and human-induced processes
taking place in San Joaquin County. Transition of barren land to natural vegetation,
while the change was drastic in the percentage of barren land during the time period
studied, it was only 40 ha total, and could likely be due to wildfires having cleared
that area in 1988; but this is only speculation. Conversion of water to other classes
including urban may have occurred due to misclassification of water, fluctuations of
seasonal water, changes in irrigation, loss of wetlands, and conversion to urban land
use. Seasonal transitions in the water land use class have been traditionally very dif-
ficult to accurately assess due to evaporation, precipitation rates, and fluctuations in
water level, and it is not thought to be a major concern in forecasting. Feedlots and
barren land had the highest probability of transition to urban (26% and 17%
chance). Vineyards and natural areas were especially robust for resisting transition
to urban land use. The high resistance of transition to urban by these land use
can be attributed to the large spatial area covered by a vineyard, the high financial
investment in then, and that much of the natural land cover in San Joaquin County
is located on the steep slopes of the Sierra Nevada foothills in the east, and the Alta-
mont Hills in the west, which are not ideal for urban or other land uses. The resis-
tance of vineyards to withstand urbanization may be fairly common to other areas,
but in the case of the county of study here, the resistance of natural areas to urban-
ization is most likely a function of topography that is not readily applicable to other
systems. Regardless of the reason behind many of these dynamics, the impact of the
resistance of a land use to make the transition to urban is apparent in Table 6, and
understanding these complex dynamics would not be possible if the land use catego-
ries were aggregated simply into a non-urban category.

In this research, when non-urban data was disaggregated, and multiple land use
categories were included in modeling, all of the indicators of urbanization (total ur-
ban area, number of urban clusters, urban growth rate, and new development per
year) were lower at all times as compared to when modeling was done using only
the urban/non-urban data. Since the only difference between the two calibrations
and forecast was the disaggregation of land use categories from non-urban data, this
difference must be attributed to the aggregation of all land uses, except urban, as
non-urban. Again these differences in the amount and location of urbanization are
an effect of the oversimplification of system dynamics into just urban/non-urban
dynamics, and fail to incorporate the internal resistance or affinity to change that
each land use category possess. We argue that modeling exercises that incorporate
only urban/non-urban data (Li & Yeh, 2001; Ward et al., 2000, 2003; Wu, 2002;
Yeh & Li, 2001, 2002) do not provide sufficient forecasts of future urban change
because they over simplify a system down to essentially binary dynamics. While
we assert that models and the art of modeling should be as simple as possible
(Clarke, 2005), the failure to recognize, incorporate, and simulate basic known
dynamics, such as probabilities in a land use change transition matrix, lead to
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forecasts that fail to invoke the dynamic urban evolution that occurs through the
incorporation of resistances and affinities to change, which come from disaggregat-
ing non-urban data into more detail land use categories as de Almedia et al. (2003),
Xie and Batty (2005) and White and Engelen (2000) have done.
6. Implications for modeling, planning, and future research

To the authors� knowledge, this was the first modeling exercise that has
exhaustively examined the differences in urban growth model calibration and fore-
casting due to disaggregating oversimplified urban/non-urban data into distinct
land use classes. While recent research (Dietzel & Clarke, 2004; Pontius & Malizia,
2005) has examined the impact of categorical aggregation, we have focused on
already disaggregated land use data. Instead this research has taken a more funda-
mental approach, contributing to the knowledge base by proving that the disaggre-
gation of non-urban data into distinct land use categories creates distinctly
different spatial and tabular forecasts. While some could argue that this outcome
may be a function of the model that was used, we argue that the incorporation of
the dynamics of resistance or affinity to change gained by disaggregating non-urban
data in modeling exercises has a universal quality, and the results presented, while
specific to one model, are characteristic of what would be found if the research
was completed with other models. A major contribution would be for others inter-
ested in land use change modeling to duplicate our findings using other models
and data.

Consideration of multiple land uses in modeling exercises, as demonstrated by this
case study, product drastic differences in model outputs as opposed to when only ur-
ban/non-urban dynamics are considered. There is an explicit link between the like-
lihood of urbanization, and the type of land use that will be converted to urban,
and this cannot be ignored. The importance of this has implications for the future
development and use of models in planning, and in the development of the growing
field of planning support systems (PSS), where urban and land use models are a crit-
ical component. This research has shown that any spatial modeling exercise that does
not incorporate the dynamic interaction between multiple land uses in both calibra-
tion and forecasting will provide an oversimplified view of the future that may be
quite different than when these dynamics are considered. The feedback between land
use change and urban growth can be related directly back to the earliest conceptual
models of cities. The �zone of transition,� talked about by Burgess (1925), where
working class families were ousted to make room for more profitable businesses
and factories, is useful to speculate about this feedback.

Future land use models should not only look at the classes of land use transition
but factors, including financial investment, that may play a vital role in determining
their likelihood of transition. Additional future work is required to determine how
dynamic land use change is. This study of San Joaquin County only examined the
change between two time periods; presumably these dynamics are not constant
through and can be related to socio-economic changes. The problem is getting
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high-resolution multi-temporal data over a long enough time period with consistent
classification to produce credible results.

In spite of the future work that needs to be done on land use change and spatial
modeling, this research make obvious that the consideration of land use in urban
growth simulation provides a dynamic that cannot be overlooked in modeling. We
hope that modelers will strongly consider and implement this suggestion in the devel-
opment of their models.
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