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ABSTRACT

Land use/ land cover (LULC) changes and urbanization are the natural and human-induced
temporal land transformations and conversion processes, which are taking place under the
influence of different natural and anthropogenic drivers. Increase in population,
industrialization, migration of people from rural areas to urban areas in search of better
livelihood, facilities and employment lead to urbanization. Therefore, to meet out the
development needs of such an ever-increasing population in urban areas, more and more
LULC conversion has to take place into urban land use class. Urban land use class can be
defined as developed land (impervious /semi-impervious cover), and includes residential
as well as commercial and industrial land uses that result in a developed or built landscape.
LULC conversion and especially urbanization affects terrestrial ecosystems, causing
ecological disturbances, habitat loss, fragmentation and interaction with other components
of global change leading to many undesirable consequences. Therefore, LULC change &
urban growth monitoring, assessment and modelling are very necessary and vital for
optimal land use planning, generation of different developmental scenarios, a comparison
of the pros & cons of different land use policy decisions, making adequate future provisions
of urban services, estimation of resource requirements for development needs in different
scenarios, impact assessment and identification of adaptations for adverse consequences
related to climate, urban heat islands, ecological disturbances, and the hydrological cycle.

Urban growth modelling is a tool to quantify and analyze urban growth and its
patterns, to better understand the dynamics of urban systems, to develop hypotheses (to be
tested empirically) and to predict urban growth in different scenarios. There are a variety
of approaches and methods available for the assessment, monitoring, and modelling of
LULC changes and urban growth. However, Cellular Automata based approaches have
been found to be promising. The CA-based SLEUTH model is a popular model, calibrated
and tested extensively throughout the world, however, it has limitations and research issues
which need to be further studied. Therefore, in the presented research an attempt has been
made to understand the sensitivity of SLEUTH with respect to a few important model
parameters/ constants. Efforts have been made to improve the SLEUTH by incorporating
an additional land suitability decision rule which explains the influence of a few important

urbanization drivers, in the simulation process. Also, efforts have been made to develop a



new version i.e., SLEUTH-Density which is capable of estimating the urban intensity or
built-up density. Further, the performance of improved versions of the model has been
tested through a demonstration of the application of the model for Ajmer urban fringes.
The present study includes GIS database creation, development of improved
versions of the SLEUTH model to simulate urban growth more realistically and to estimate
built-up density. The suitable GIS database at required spatial and temporal resolutions has
been created to extract input parameters for parameterization of the SLEUTH model. The
base version of SLEUTH with default parameter/ constant settings was conceptualized for
the selected study area, successfully calibrated and urban growth was simulated for up to
the year 2040. Various limitations of the model were shown, which include overestimation
of urban areas at some places, inability to capture fragmented growth especially of smaller
size development and different urban forms leading to lower accuracy and more false
positives and negatives. Possible reasons of the lower performance of the available
SLEUTH model have been identified as unsuitable values of a few model constants and
parameters for which model sensitivity was not tested earlier and non-inclusion of
important urbanization explanatory variables in the urban growth simulation process. To
address these issues, first, model sensitivity for selected critical model constants/
parameters has been tested using an iterative procedure. The optimal values of selected
constant/ parameters with respect to optimal model fitness measure (i.e. OSM), goodness
of fit metrics, spatial and statistical measures and accuracy assessment are obtained as; 1.3,
0.10, 0.90, and 1.25 for boom, bust, critical low and critical high respectively, the diffusive
value parameter with 0.0055, the 60 no. of Monte Carlo runs, a range of 15-19 for critical
slope, game of life rule with 1 cell in neighborhood and extended Moore Neighborhood of
12 cell size. Performance has been found to be better with the optimal values of model
constants/parameters obtained from the sensitivity analysis. The model currently simulated
LULC changes and urban growth using only historical urban area, road, exclusions and
slope in the decision making of urbanisation. In the present study, a newer version of the
model i.e., SLEUTH-Suitability has been developed to include an additional land suitability
decision rule in the simulation process. The land suitability decision variable layer has been
developed to include the influence of few important urbanization drivers/ explanatory
variables using the Analytical Hierarchy Process (AHP) method of Multi-Criteria
Evaluation (MCE) techniques. Suitable method/algorithms have been developed and
integrated with the existing model. Optimal weights (AHP) for the different urbanization

explanatory variables were achieved from the sensitivity analysis of SLEUTH-Suitability



with respect to different combinations of weights. Optimum weights corresponding to
acceptable model performance in comparison with the actual urban area have been found
to as 44.7 for the slope, 5.06 for the distance from bus and railway stations, hospitals &
recreational places and 20.05 for the distance from the main roads and land. The SLEUTH
accuracy was found to improve from 79% in the case of base SLEUTH with default
parameters to 80% (SLEUTH with optimum parameters) to 83% with SLEUTH-Suitability
with respect to more than 100 randomly selected test pixels. Performance of improved
versions has also been validated from the ground truthing and significant improvement in
accuracy has been observed from the base SLEUTH model (56 %) to 68% for SLEUTH-
Suitability.

Another version of SLEUTH i.e. SLEUTH-Density has been developed which is
capable of capturing and prediction of the urban intensity or built-up density. The new
algorithm has been developed and the code of the model is modified to include the density
estimation algorithm. The built-up density was successfully validated with the field data
and various statistical and other metrics of built-up density estimation. Performance and
accuracy of built-up density estimated from SLEUTH-Density have been found to be
satisfactory. The R2value of 0.79 has been found from the relationship between normalized
simulated built-up density and observed no. of floors of built-up features and the accuracy
was found to be 75%.

The present research has been found to be successful in addressing the research
questions and in meeting the research objectives. The model application has been
demonstrated successfully for simulating the urban growth and built-up density for a

heterogeneous urban area i.e., Ajmer fringe.

Keywords: Urban Growth, Land Use/ Land Cover, SLEUTH, Cellular Automata, Geo-

spatial.
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CHAPTER 1
INTRODUCTION

1.1. Prologue

Land use/ land cover (LULC) changes are the natural and human-induced temporal land
transformations and conversion processes, which are taking place under the influence of
different natural and anthropogenic drivers. According to the Food and Agriculture
Organization of United Nations?, Land use describes how the human being uses the land.
Land cover is the observed (bio) physical cover on the Earth surface. In a natural and strict
sense, the land cover can be confined to describe forest, vegetation, ocean etc.

Various land cover classes like a forest, vegetation, open land, aquaculture, water
bodies, and many others transforming into the built-up, open, agriculture, recreational areas
etc. over the time is called land use/ land cover (LULC) change. Significant land cover
conversions include the conversion of forest and open/waste land into agriculture, open
areas, and built-up/semi-built-up land use classes. Impervious cover is a well-accepted
indicator of urbanization (Wilson et al., 2003).

Geographically, conversion of different LULC classes into built-up/semi-built-up
areas may also be called urban growth which means expansion of built-up areas primarily
for catering to the needs of human beings. Such a conversion is one of the significant and
largest conversion, as a result of ever-increasing urbanization due to an increase in
population, industrialization, migration of people from rural areas to urban areas in search
of better livelihood, facilities, and employment. Therefore, to meet out the development
needs of such an ever-increasing population in urban areas, more and more LULC
conversion has to take place into the urban land use class. The urban land use class can be
defined as developed land (impervious /semi-impervious cover), and includes residential
as well as commercial and industrial land uses that result in a developed or built landscape.
The built-up landscape can also be referred to as urban growth or sometimes urban sprawil.
Urban sprawl can be referred to a type of land-consumptive pattern of urban development
(Wilson et al., 2003).

Such an ever increasing land use change and urbanization are causes of social and

environmental challenges (Martellozzo and Clarke, 2011) affecting adversely natural

! http://www.fao.org/docrep/003/x0596e/x0596e01e.htm
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resources including land, water, vegetation (Pingle et al., 2014; Jat et al., 2008), public
services (Carruthers and Ulfarsson, 2003), public health (Ewing et al., 2003), hydrological
cycle (Jat et al., 2008), water availability (Srinivasan et al., 2013) and climate (Ewing et
al., 2008, Pingle et al., 2014). More and more people are under the risk of such possible
adverse impacts of LULC change and urbanization i.e., conversion of pervious surfaces
into impervious in the form of developed land because of higher density of population in
urban areas. Such adverse impacts are more pronounced and significant due to urbanization
as compared to other land cover changes relatively.

Accurate, consistent and timely assessment of urbanization and city growth are
critical for assessing current and future needs with respect to urban growth and for setting
policy priorities to promote inclusive and equitable urban & rural development. The urban
growth assessment and prediction can provide critical information to the local authorities
and other stakeholders to take appropriate decisions related to land use planning and
development (Weber and Puissant, 2003). Assessment, modelling, and prediction of
urbanization is a very active topic of research and discussion in the recent past, being one
of the major land use change phenomena and have very profound effects on human beings
as discussed above (Wilson et al., 2003; Syphard et al., 2011; Akin et al., 2014; Jat et al.,
2017). Research on the causes and processes of LULC changes has been identified as one
of the ten most important and challenging research areas in landscape ecology (Wu and
Hobbs, 2002).

Urban growth is a very complex and dynamical process associated with landscape
change driving forces such as environment, politics, socio-economic aspects, geography
and many others that affect urban areas at multiple spatial and temporal scales (Akin et al.,
2014). The spatial and temporal components of urbanization can be identified through
modelling (Goldstein et al., 2005). LULC change modelling is the process of identifying
changes in the state of land classes in the same geographical area at different time periods.
Urban growth modelling is a tool to quantify and analyze urban growth and its patterns, to
better understand the dynamics of urban systems, to develop hypotheses (to be tested
empirically) and to predict urban growth and future scenarios.

A variety of approaches and methods have been developed for the assessment,
monitoring and modelling of LULC changes and urban growth, which includes Machine-
Learning and Statistical, Cellular Automata, Sector-based Economic, Spatially
Disaggregate Economic, Agent-based and Hybrid approaches. Different approaches have

their own framework to handle different type of drivers, variables, suitability, and
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capability to handle complexity. There is no absolute agreement among users and the
research community about the most appropriate approach. However, Cellular Automata
based approaches have been found to be promising in modelling of LULC changes & urban
growth, which is very much evident from the number of applications reported in the
literature in recent past (Agarwal et al., 2002, Chaudhuri and Clarke, 2013; Jat et al., 2017;
Saxena and Jat, 2018). In the recent past, many LULC changes & urban growth models
have been developed and reported, which are capable of modelling this phenomenon at
different spatial & temporal scales with different complexities like SLEUTH, DINIMICA,
PLM, CLUE, CUF, LUCAS, CURBA UrbanSim etc. These models are developed based
on one or more approaches listed above. Detailed review about these models can be found
in Agarwal et al. (2002), Silva and Wu (2012) and NRC (2015).

The SLEUTH model has been found to be a promising LULC change and urban
growth model based on research interest from the research community and the number of
applications reported from different countries. The SLEUTH urban growth model is a
Cellular Automata based model and an acronym for the six required data inputs that
include; slope, land use, excluded zones, urban extent, transportation, and hillshade. To
date, SLEUTH has been applied world-wide to a variety of International urban regions for
various type of applications (Akin et al., 2014; Saxena et al., 2016; Jat et al., 2017; Clarke,
2017; Jat and Saxena, 2018; Saxena and Jat, 2018).

Therefore, LULC change & urban growth monitoring, assessment and modelling
are very necessary and vital for optimal land use planning, generation of different
developmental scenarios, a comparison of the pros & cons of different land use policy
decisions, making adequate future provisions of urban services, estimation of resource
requirements for development needs in different scenarios, impact assessment and
identification of adaptations for adverse consequences related to climate, urban heat
islands, ecological disturbances, and the hydrological cycle.

The proposed research is aimed to understand and study the LULC change and
urbanization processes, drivers & mechanism of urban growth, different modelling
approaches & models to develop an improved version of the SLEUTH model which is
suitable in simulating the realistic urban growth and its prediction, considering selected

drivers & variables.



1.2. LULC Change and Urban Growth
1.2.1. LULC change and urbanization processes

Urban is a synonym of developed land which includes residential, industrial and
commercial land uses which results in built-up activities or features. Urban growth can be
classified into three categories i.e. infill, expansion, and outlying. Different types of urban
growth and responsible drivers have been shown in Figure 1.1. Outlying growth further
can be classified into an isolated, linear branch, and clustered branch growth (Wilson et
al., 2003). Here, distance and neighborhood variables play an important role in determining

which kind of growth will take place.

Expansion

growth

.

e Neighborhood
e Already built-up

b

e Sewer _ e Socio-economic
e water, Outlying Fragmented

o electricity, growth Growth

e roads and

e other resources

Linear branch

Isolated growth Cluster growth

growth

Leapfrog development
Due to population migration
Accessibility factor

e Land cost e Transportation system.
¢ Railway,highway etc.

Figure 1.1: Urban growth processes and drivers (Wilson et al., 2003)

The urban growth processes can be defined in terms of landscape transformation (which
include fragmentation, reduction of non-developed land) and the development of urban
patches (Wilson et al., 2003). Infill growth is defined as a non-urban pixel is transformed
into urban land use as a function of multiple drivers such as public facilities (sewer, water,
roads, and other resources etc.) in already developed areas. Infill growth promotes
urbanization at those places which are less developed and 40 % of the area has already
developed (Wilson et al., 2003). An expansion growth is a type of growth when

undeveloped pixel being transformed into urban land use, where not more than 40% of
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surrounded pixels are already urban. Expansion growth is also called fringe development.
Land development in a unidirectional form can be called edge growth. Outlying growth is
the by-product of infill growth and expansion growth. As the development takes place, the
land cost will increase along with a reduction in open land and people start migrating to
city outskirts which are known as fringe (Wilson et al., 2003). The Isolated growth is a
very first phase of outlying growth which begins when people start being attracted toward
the outskirts of the city because of reduced land cost. Then linear branch growth takes
place along the transportation facilities i.e., road and railway. Urban growth clusters will
start forming with an increase in accessibility after the development of transportation
facilities triggering population migration which leads to fragmented and leapfrog
development. Leapfrog development is a sort of cluster development which is called a
discontinuous settlement (Wilson et al., 2003) (Figure 1.1).

1.2.2. LULC change and urbanization drivers

Urbanization is a very complex, dynamic, heterogeneous and stochastic process, where
multiple factors are in play (Akin et al., 2014). LULC change and urban growth is a function
of different explanatory variables/drivers such as neighborhood, proximity, demographic,
socio-economic, institutional, suitability, biophysical, and site-specific variables.
Neighborhood variables, are such that a person would be more interested in constructing
his/her house on the basis of neighboring conditions like near residential areas, city center
etc. Proximity drivers like distance to market, distance to road, distance to hospitals,
distance to railways, distance to highways, distance to schools etc. are the factors which
everyone considers while making a choice about development. Demographic drivers
include population and related variables which creates demand for development. Socio-
economic variables like land cost, time to travel, opportunity cost, tradition, status,
education etc. influences the decision of development and also decides neighborhood. An
institutional variable may comprise the decision taken by managerial authorities of or
relating to the construction which takes place nearby to the already established industries
and institutions. Suitability variable are land suitability for construction of a particular type
of development like residential, industrial or agriculture etc. Economic variables like land
tenure, farm size, income may be important factors contributing to the LULC change and
urbanization. Climatic drivers like climatic variability and life zones are the factors which
one considers while building their houses or businesses. Bio-Physical drivers like

topography, elevation, slopes, soil types, altitude are considered while making a decision



of development and construction (especially in disaster-prone areas) and Restriction
variables or site-specific variables may comprise a prohibited area for development such as
a reserved forest, green belt, historical place, airport area etc. A list of urbanization

explanatory variables is presented in Table 1.1.

Table 1.1: LULC and urban growth explanatory variables

S. no. | Category of the LULC change & urban growth driver/explanatory
explanatory variable variables

1 Economic variables

Land tenure

Farm size

Distance to market
Industrial activities

2 Demographic variables Population density
Annual Income
Occupational characteristics

Cultural preferences

3 Neighborhood variables Distance to city center

Distance from important facilities like
railway station, school, hospital, Airport
Distance from recreation facilities
Distance from important roads

Water availability

Meteorological variables

Groundwater quality and status

NERONE RAONDE

4 Climatic &
hydrological variables

A el El S

5 Biophysical variables Topographical elevation & slope
Soil type

Water bodies

Ll

=

6 Social & political
variables

Literacy

Public sector investment in road and
infrastructure

Land ownership rights

4. Land use zoning

N

w

7 Site specific variables 1. Proximity variables

1.3.  Urbanization and its Consequences

Globally, more people are living in urban areas as compared to rural areas. As per an
estimate, 54 percent of the world’s population was residing in urban areas in the year 2014
(UNO, 2014). In the year 1950, 30 percent of the world’s population was urban, and by the
year 2050, 66 percent of the world’s population is projected to be urban (UNO, 2014). India
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has also experienced rapid urbanization in the last 60 years. In the year 1951, there were
only 5 cities having a population of more than 1.0 million and only 41 cities greater than
0.10 million population. In the year 2011, there are 3 cities with a population of more than
10 million and 53 cities with a population greater than 1.0 million. As per an estimate by
the year 2031, there will be more than 6 cities in India with a population of more than 10
million (11HS, 2011).

Population growth is directly proportional to the growth in built-up activities which
leads to land cover changes into impervious built-up/semi built-up areas. Built-up areas in
major Indian cities have increased by 10% to 100% in a decade (I1HS, 2011). Such a rapid
urbanization and LULC conversions have significant consequences on the surroundings
and environment.

On the positive side of consequences, the process of urbanization historically has
been associated with other important economic and social transformations, which have
brought greater geographic mobility, lower fertility, longer life expectancy, and population
aging. Urban areas are important drivers of development and poverty reduction in both
urban and rural areas, as they concentrate much of the national economic activity,
government, commerce, and transportation, and provide crucial links with rural areas,
between cities, and across international borders. Urban living is often associated with
higher levels of literacy and education, better health, greater access to social services, and
enhanced opportunities for cultural and political participation.

On the negative side of consequences, rapid and unplanned urban growth threatens
sustainable development, when the necessary infrastructure is not developed or when
policies are not implemented to ensure that the benefits of urban life are equitably shared.
Today, despite the comparative advantage of cities, urban areas are more unequal than rural
areas and hundreds of millions of the world’s urban poor live in sub-standard conditions.
In some cities, unplanned or inadequately managed urban expansion leads to rapid sprawl,
pollution, and environmental degradation, together with unsustainable production and
consumption patterns. The urban growth is generally uncontrolled and not planned in a
proper way, therefore, negative consequences override the positive ones. Specific adverse
consequences of urbanization (Portugali and Benenson, 1995; Waddell, 2002; Wilson et
al., 2003; Weber and Puissant, 2003; Syphard et al., 2011; Lambin and Meyfroidt, 2011,
Sankhala and Singh, 2014) are as follows:

1. LULC changes & urbanization affect local, regional, and global climate processes.

Choices about LULC patterns have affected and will continue to affect our
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vulnerability to the effects of climate change like an increase in temperature, Urban
Heat Island (UHI), heat waves and health consequences.

2. Ecological disturbances. Urban sprawl decreases the amount of agriculture, forests,
and water. Open space breaks up into small chunks which disrupt the habitat. Loss
of farmland causes not only loss of agricultural land but also fresh food sources,
species diversity, and habitat,

3. The disparity in wealth occurs and there are differences between the development

of urban areas (like metropolises) and the suburbs (like towns),

Change in the hydrological regime,

Reduction in forest and vegetation,

Increase in pollution, and

N g A~

The increased infrastructure and public services cost.
1.4.  The Necessity of Urban Growth Assessment and Modelling

The principal advantage of simulation & modelling is that experiments are cheaper, faster
and safer on silicon than in reality (Clarke, 2014). This is important for urbanization. We
are not prepared and unwilling to build entire experimental urban areas, make daily or
annual adjustment to land use policies, investment decisions, transportation networks or
socio-economic activities. Once an urban area is built, it is reality and further experiments
are not possible. However, without much disturbances and expenses digital urban areas can
be created through simulation and modelling and different land use policies and impacts
can be investigated. Through modelling and simulation of urban areas can explain the
behavior of explanatory variables, forecast future and discover new structures, forms, and
processes (Mills, 2000; Clarke, 2014a). Urban areas are also the center of cultural & social
pathology, disease & crime, cure and learning. Therefore, we need to model and simulate
every aspect of urban areas to make better decisions related to optimal land use planning,
infrastructure development, and to arrive at infrastructure investment estimates and
environmental sustainability. Various LULC change and urban growth modelling
approaches have been developed and reported in the recent past to address following

questions;

1. Which environmental, social and other variables contribute most to an explanation
of land use/ land cover changes and urban growth — why?

2. Prominent locations of change — where?



3. The rate at which land use change and urban growth are taking place — how much?
4. What would be the future pattern of land use/ land cover change and urban growth—
when?
Accurate, consistent and timely assessment of urbanization and city growth are critical for
assessing current and future needs of resources with respect to urban growth and for setting
policy priorities to promote inclusive and equitable urban and rural development. Specific
requirements of urban growth assessment and modelling are discussed in detail below.
Climate change studies: Urban growth simulation and modelling are required to ascertain
the impact of LULC change & urban growth on climate regime and to select optimal
adaptation strategies for reducing the harmful effects of possible change in micro-climate
and urban heat islands.
Land use policy making: Government authorities and Municipalities can use modelling
and simulation of urban areas to arrive at optimum and suitable land use policies targeting
decided development goals. Also, urban growth modelling can help in generating
consequences of different land use policy decisions.
Infrastructure development: For determining the requirement of infrastructure and public
services for which urban growth assessment and prediction is necessary.
Investment decisions: Investment requirement for the different types of developmental
works in urban areas can be made only after having accurate information about expansion
and growth of urban areas temporally.
Natural Resources Planning and Optimum Utilization: Urban growth monitoring and
modelling can help in estimating the requirement of natural resources and further their
optimum development & use, which lead to optimum utilization of natural resources and
development of sustainable cities.
Sustainable planning: How the urbanization is taking place, what are the patterns of urban
growth, which area is getting more urbanized, which area is less urbanized, urban density
and growth rate of any particular area etc. are the prominent issues and crucial for
sustainable development planning of any city which can be effectively assessed and

understand by urban growth modelling.
1.5. Role of Geospatial Technologies

Geospatial technologies and methods like remote sensing, geographical information
systems (GIS), satellite-based positioning solutions and terrestrial scanning techniques



have opened a new era for geospatial data collection, data storage, manipulation, analysis
of geospatial information and modelling of different processes and phenomena related to
different areas especially for the phenomenon which has an association with the earth
surface and geography. These technologies have provided a system for storing & retrieving
a large volume of spatial data and to bring them to a common reference, scale, and format.
They have helped in incorporating the spatial influences in the analysis of different
problems, which is otherwise not possible. These techniques have also helped in
incorporating the spatial and temporal variabilities of different input variables in modelling
and analysis of a variety of problems and helped in reducing the uncertainties. LULC
change and urban growth assessment and modelling are geo-spatial phenomena and many
of their drivers are also geographical in nature. Therefore, geospatial technologies have a
very critical role in spatial data capturing, geo-referencing, integration of data from diverse

sources and parameterization of LULC change and urban growth models.
1.6.  Problem Statement

A variety of approaches and methods have been developed for the assessment, monitoring,
and modelling of LULC changes and urban growth. Different approaches have their own
framework to handle different type of drivers, variables, suitability, and capability to handle
complexity. There is no absolute agreement among users and the research community about
the most appropriate approach. The CA-based SLEUTH model is a robust LULC change
and urban growth model successfully calibrated and tested extensively throughout the
world and largely explored through sensitivity tests (Candau, 2002; Dietzel and Clarke,
2004a; Goldstein et al., 2005; NRC, 2015; Saxena and Jat, 2018). Unresolved issues and
problems in modelling of urban growth using SLEUTH have been examined and
highlighted by Clarke (2008a, 2008b, 2014), Jantz et al. (2010) and Houet et al., (2016).
Different aspects of SLEUTH have been investigated and how its limitations/problems
have been resolved in the last 20 years are discussed in Chapter 2. However, many research

challenges still remained unresolved which need to be further studied and explored.

1. SLEUTH is a very computationally intensive (Clarke, 2007, 2008, 2014; Houet et al.,
2016) model.

2. SLEUTH does not consider many socio-economic variables in the modelling of urban
growth like land cost, cost of land conversion and other economic variables, which

affects land use decisions. The lack of socio-economic and demographic data in the
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modelling leads to the model’s inability to capture the real world processes
successfully, which in turn results in increased uncertainty of the predicted maps of the
distant future (Chaudhuri and Clarke, 2015).

Different authors have tried to incorporate the other important explanatory variables in
the modelling of the urban growth using different approaches, which include multi-
criteria based weighing, logistic regression, empirical relationships and through
calculating transition probabilities (Wu and Webster, 1998; Weber and Puissant, 2003;
Aspinall, 2004; Mahiny and Clarke, 2012). SLEUTH does not consider a few
neighborhood and proximity variables which affect the decision of individuals for land
use and urbanization like distances from important facilities in urban areas like the city
center, airport, railway line and distance from important roads. Also, SLEUTH does not
consider human behavioral explanatory variables in urban growth modelling. However,
these variables have not been incorporated into the SLEUTH model framework except
in the exclusion layer while forecasting growth for scenario generation (Mahiny and
Clarke, 2012).

SLEUTH has not been able to capture the fragmented urban growth of smaller size
built-up units, which is a common type of development in developing countries. It has
been shown that refining spatial resolution increases model sensitivity to local
conditions (Silva and Clarke, 2002). Therefore, the research question that what is the
appropriate spatial resolution of input data to capture the different forms and structure
of urban development having different built unit sizes needs to be investigated.
SLEUTH uses historical land use data to calibrate the model, where it matches the land
use category at individual pixels with observed status, however, it does not consider the
form and structure of built-up form/development in calibration and validation.
SLEUTH calibration has a limitation of scale sensitivity i.e., how well do the model
results cross spatial scales (Jantz and Goetz, 2005; Clarke, 2014), temporal sensitivity
i.e., sensitive is the model to the length, frequency, and irregularity of the spacing of
time-slices used both as input data and output and sequencing i.e., does the model
updates annually, once, synchronously in space or asynchronously in space (Clarke,
2014; Houet et al., 2016).

SLEUTH is also sensitive to the level of aggregation i.e., the model uses a hierarchical
land use classification are the model results at the higher level of aggregation better
than those at a lower level? (Dietzel and Clarke, 2006; Clarke, 2014),
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10.

11.

12.

13.

14.

15.

16.

17.

SLEUTH is a stochastic model and its performance is a function of its computational
pseudo-random number generator (Van Neil and Laffin, 2003),

Model is also not capable of explaining the influence of biophysical variables except
the slope in modelling of urban growth.

The model is sensitive to temporal and spatial scale and it is not capable of determining
the interior structure of cities, nor is it capable of creating urban density estimates within
them.

Various studies used the Monte Carlo method to estimate the uncertainty of models’
performances. Model accuracy not only depends on models’ performance but on the
uncertainty of input data, urban history and accuracy of reference maps (Caglioni et al.,
2006; Gazulis and Clarke, 2006; Clarke et al., 2007; Chaudhuri and Clarke, 2014).
There is an accounting for, but no explicit model of uncertainty in the SLEUTH model
(Clarke, 2014).

The clusters of the settlements at places, where highways intersect, for example, was
not programmed into the model but happened anyway (Clarke, 2014).

SLEUTH does not consider land use demand attributes (population density, incomes,
employment potential, land prices etc.) in urban growth modelling.

Unexplored dimensions of SLEUTH include more use of visualization on the model
results, what constants might have been variables (like self-modification model
parameters), exactly how changes in transportation impact growth, how dynamic
probabilities of land use change could be included and how the model’s assumptions
about topographic slopes are.

SLEUTH does not have answers for time, a change propagation “wave” takes to get
from any point in the model space to the most distant places (Clarke, 2014; Houet et
al., 2016).

SLEUTH is developed as a path dependent model as it mimics the historical trends and
then forecasts the growth. SLEUTH assumes the same number and type of driving
factors and their fixed influence during calibration and forecasting. However, urban
systems are dynamic and may not be stationary. New drivers may come into force or
their influence can change with respect to time (Mas et al., 2012; Houet et al., 2016).
SLEUTH has not been further tested extensively so far for simulating different types of
urban development in different countries having different socio-economic, cultural and

human behavioral characteristics as suggested by Kumar et al. (2011) that SLEUTH
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needs to be improved to simulate the urban growth in developing country conditions
like India.

18. What will be the effect of different sets of data resolution on the land use/ land cover
change analysis? What data resolution set would be appropriate for a particular

situation/ scenario like India where the growth is fragmented?

Therefore, it can be concluded from the above discussion that, many research issues and
challenges still need to be addressed for accurate urban growth assessment, modelling, and
prediction. Many approaches and models are available which are based on different
assumptions, require different input parameters, have different suitability and are
appropriate for particular spatial & temporal resolutions, consider different change drivers
& processes and use different methods to model & predict the LULC change and urban
growth. Many models developed and reported in the literature have not been tested for
different socio-economic and geographical settings and the sensitivity of their parameters
has not been evaluated so far. The following research questions have been formulated based
on the research issues discussed above-

v' What are the important urbanization drivers and explanatory variables of urban
growth?

v How is the performance of the SLEUTH model in simulating the urban growth of
cities/ towns or urban areas having socio-economic conditions of developing
countries like India?

v" What is the SLEUTH model sensitivity with respect to different model constants
and parameters?

v" How the performance of the SLEUTH model can be improved by incorporating
other urbanization explanatory variables in the simulation process?

v How built-up density/ urban intensity/density can be estimated and modelled?

Therefore, in the presented research an attempt has been made to understand and study the
LULC change and urbanization processes, drivers & mechanism of urban growth, different
modelling approaches & models. Efforts have been made to develop an improved version
of SLEUTH i.e., SLEUTH-Suitability, which is capable of simulating realistic urban
growth considering the influence of additional urban growth explanatory variables (land
suitability). An effort has also been made to improve and enhance the performance &
capabilities of the SLEUTH model by examining its sensitivity to different model

parameters and constants. Also, efforts have been made to develop a new version of the
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model i.e., SLEUTH-Density to estimate the urban intensity or built-up density. Further,
model performance and application have been demonstrated through modelling and
prediction of urban growth for Ajmer urban fringes.

1.7.  Objectives

The proposed research is aimed to understand and study the LULC change and urbanization
processes, drivers & mechanism of urban growth, different modelling approaches and
models to develop an appropriate model which is capable in simulating the realistic urban
growth, considering selected drivers. An effort will be made to improve and enhance the
performance and capabilities of CA-based SLEUTH model by examining its sensitivity to
different model variables & constants, which has not been examined so far and by
estimating the built-up density. Further, model performance and application will be
demonstrated through modelling and prediction of urban growth for a selected urban area.

Specific objectives of the proposed research are —

e Review of the present state of knowledge of LULC change and urban growth
modelling approaches and models,

e Collection of suitable data with suitable spatial and temporal resolution required for
parameterization, calibration, and validation of CA-based SLEUTH Model,

e Creation of GIS database for the urbanization explanatory variables used as input
data for the SLEUTH model for the selected area,

e Conceptualization, calibration, and validation of the SLEUTH model for the
selected area,

e Development of methods and techniques to improve the performance of the
SLEUTH model to address the issues related to built-up density, parameter
sensitivity, and the inclusion of important explanatory variables in urban growth
simulation.

e Comparative analysis of SLEUTH performance in modelling & prediction of urban
growth before and after improvements.

e Demonstration of the application of CA-based improved SLEUTH model for the

selected real urban area.
1.8.  The Scope of the Work

Above mentioned research objectives have been achieved through steps given below;
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Vi.

Vii.

viil.

Xi.

1.9.

Literature review to understand the present state of knowledge, and to find out
the research issues & challenges in LULC change, urban growth assessment and
modelling,

Collection of spatial and non-spatial data from different sources required for
parameterization of SLEUTH,

Preparation of land use/ land cover maps for different years through digital
image processing of multi-spectral satellite images of different years,

Creation of GIS database for required explanatory variables of urban growth,
Conceptualizations and parameterization of CA-based SLEUTH model,
Calibration of a model for the base case with existing SLEUTH model for the
test case study area,

Sensitivity analysis of a model for the selected model input variables and
constants like the cellular neighborhood, diffusive value parameter, a game of
life rule threshold value, critical slope and self-modification parameters etc.,
Development of additional capability in the SLEUTH to estimate urban/ built-
up density,

Development of improved version of SLEUTH model by incorporating selected
explanatory variables (if possible) into the algorithm to improve the
performance of the model in simulating realistic urban growth,

Comparison of model performance before and after improvements in simulating
the urban growth of the selected area,

Demonstration of the application of improved SLEUTH model for simulating

the urban growth of a real urban area.

Material and Tools to be Used

Following tools and data has been used to achieve the stated objective.

1.

2.
3.
4.

Multi-spectral remote sensing images for a number of years for the selected study
area

Survey of India toposheets

Secondary data related to biophysical variables of the selected study area

Demographic and socio-economic data

Following tools will be used in the proposed research —

ERDAS Imagine and ArcGIS
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e SLEUTH Model
1.10. Organization of Thesis

The above mentioned objectives for the proposed research have been organized into ten
chapters. The contents of each chapter are briefly described below:

Chapter 2 presents the literature review to understand the present state of knowledge
related to LULC change & urban growth modelling approaches, issues and challenges.
Chapter 3 describes the profile of the study area which was selected to demonstrate the
application of present research work. The collection of spatial and non-spatial data from
different sources required for parameterization of SLEUTH in achieving the different
objectives have been included in this chapter. The salient details of the input data have been
described. Processing of input data and preparation of land use/ land cover maps for
different years through satellite images have been described here. Creation of a GIS
database for required explanatory variables of urban growth and preparation of various
thematic layers required for the parametrization of the model has been presented in this
chapter.

Chapter 4 is devoted to the detailed methodology for fulfilling the individual objective of
present research. Methodology for conceptualizations and parameterization of CA-based
SLEUTH model, calibration of the base model with default model parameters, sensitivity
analysis of crucial parameters of the SLEUTH model, development of SLEUTH-Density
and SLEUTH-Suitability have been discussed. Further, the methodology used to compare
the performance of different versions of the model has also been presented in this Chapter.
Chapter 5 deals with the sensitivity analysis of a model for selected model parameters and
constants like self-modification constants, critical slope coefficient, cellular neighborhood,
Monte Carlo iterations, a game of life rules, etc.

Chapter 6 presents the development of the SLEUTH-Density model which is capable of
simulating the built-up density. Development of a built-up density algorithm, development
of programming code and its integration with the existing SLEUTH code, program testing,
and demonstration of application have been discussed in the chapter.

Chapter 7 presents the development of SLEUTH-Suitability model which includes the
development of the algorithm, programming code and its integration with the existing

SLEUTH code, program testing, and demonstration of application have been discussed in
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the chapter. Derivation of land suitability decision variable using the AHP method of MCE
technique has also been discussed in this chapter.

Chapter 8 describes the comparison of model performance before and after improvements
in simulating the urban growth of the selected area. Demonstration of the application of the
improved SLEUTH maodel for simulating the urban growth of a real urban area has also
been presented in this chapter.

Chapter 9 presents conclusions drawn from the present research work along with

limitations of the study and future scope of the work.
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CHAPTER 2
LITERATURE REVIEW

2.1 Prologue

Land use/ land cover change and urbanization are one of the most important anthropogenic
processes affecting terrestrial ecosystems, causing ecological disturbances, habitat loss,
fragmentation and interaction with other components of global change (Syphard et al.,
2005, 2011). More and more people are under the risk of such possible adverse impacts of
LULC change and urbanization i.e., conversion of pervious surfaces into impervious in the
form of developed land because of higher density of population in urban areas. Such
adverse impacts are more pronounced and significant due to urbanization as compared to
other land cover changes relatively. Urbanization is a very complex, dynamic,
heterogeneous and stochastic process, where multiple factors are in play (Akin et al., 2014).
Accurate monitoring, assessment, and prediction of such LULC transformations are very
necessary to deal with their adverse consequences. LULC and urban growth monitoring,
assessment and modelling are very necessary and vital for optimum land use planning,
generation of different development scenarios, estimation of resource requirements for
development needs in different scenarios, impact assessment and identification of
adaptations for adverse consequences related to climate, urban heat islands, ecological
disturbances, and the hydrological cycle.

A number of approaches and methods have been developed for the assessment,
monitoring and modelling of LULC changes and urban growth which include Machine-
Learning, Statistical, Cellular, Sector-based Economic, Spatially Disaggregate Economic,
Agent-based and Hybrid approaches. Different approaches have their own framework to
handle different types of drivers, variables, suitability and capability to handle complexity.
There is no absolute agreement among users and the research community about the most
appropriate approach. This chapter is aimed to understand and study the LULC change and
urbanization processes, drivers & mechanism of urban growth, different modelling
approaches & models to develop an appropriate model suitable in simulating realistic urban
growth and its prediction by considering selected drivers in different socio-economic
conditions. Different issues and aspects related to LULC change and urban growth

modelling have been discussed in the form of representative case studies. First of all
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different LULC change assessment & modelling approaches were discussed and their
comparison has been made to ascertain different research issues. Then salient features of
different type of models available to deal with LULC change and the urban growth
phenomenon have been presented. Further, a detailed review has been done to ascertain the
present state of the knowledge and research issues with respect to different aspects of
LULC change and urban growth like Land use/ Land Cover Change and Urban growth,
land use/ land cover change and urban growth drivers, cellular automata based modelling

and land use/ land cover change assessment using remote sensing.
2.2 LULC Change & Urban Growth Assessment & Modelling

2.2.1 LULC change and urban growth modelling approaches

Various LULC change and urban growth modelling approaches have been developed and

reported in the recent past, which aimed to address the following questions;

1. Which environmental, social and other variables contribute most to an explanation of
land use/ land cover changes and urban growth — why?

2. Prominent locations of getting change — where?

3. The rate at which land use change and urban growth are taking place — how much?

4. What would be the future pattern of land use/ land cover change and urban growth—

when?

The standard LULC change and urban growth modelling approaches have been
reviewed and reported in the literature extensively (Agarwal et al., 2002; NRC, 2015).
Various approaches to LULC change as classified by the NRC (NRC, 2015) are —

2.2.1.1 Machine-learning and statistical approaches

Such approaches use observations of past land use/ land cover changes to calibrate
parametric or non-parametric relationships between those changes and spatially and
temporally specific predictors (Brown et al., 2000; Millington et al., 2007; Carlson et al.,
2000; Ray and Pijanowski, 2010).

2.2.1.2  Cellular automata based approaches

CA-based approaches integrate land use/ land cover suitability maps with neighborhood
effects and information about the amounts of change expected to project future LULC
changes (Wolfram, 1984, 1986; White and Engelen, 1993; Clarke et al., 1997; Clarke and
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Gaydos, 1998; Wu and Webester, 1998; Batty, 2000; Verburg et al., 2002; Clarke, 2014;
Clarke, 2017, 2018).

2.2.1.3 Sector-based economic approach

Sector-based economic approaches use partial and general equilibrium structural models to
represent supply and demand for land by economic sectors within regions based on overall
economic activity and trade (van Tongeren et al., 2001; Hertel et al., 2009; Palatnik and
Roson, 2009; van der Werf and Peterson, 2009; NRC, 2015).

2.2.1.4 Spatially disaggregated economic approaches

Spatially disaggregated economic approaches involve development of structural or reduced
form econometric models to identify the causal relationships influencing the spatial
equilibrium in land systems (Bockstael, 1996; Chomitz and Gray, 1995; Nelson and
Hellerstein, 1997; Irwin and Bockstael, 2002; Towe et al., 2008; Lewis et al., 2009; Lewis,
2010; Newburn and Berck, 2011; Wrenn and Irwin, 2012; NRC, 2015).

2.2.1.5 Agent-based approaches

Agent-based approaches simulate the decisions and actions of heterogeneous land-change
actors that interact with each other and the land surface to make changes in the land system
(Schelling, 1971; Parker et al., 2003, 2004; Gimblett, 2002; Brown, 2006; Niazi and
Hussain, 2011; Hatna and Benenson, 2012; Clarke, 2014).

2.2.1.6 Hybrid approaches

Hybrid approaches encompass applications that include different approaches into a single
model or modelling framework (Hilbert and Ostendorf, 2001; Li and Yeh, 2002; Hurtt et
al., 2006, 2011; NRC, 2015). The first five approaches are arranged roughly in order from
least to most focussed on processes. The approaches that rely on data about land-change
patterns, including Machine Learning and Statistical, and Cellular, tend to use land cover
information from satellite imagery and relationships based on observed changes in the past.
These approaches are useful for projecting observed LULC changes over short periods into
the future but often have limited ability to evaluate conditions not observed in the past. The
more process-based approaches, such as Sector-Based Economic, Spatially Disaggregate
Economic, and Agent-Based approaches, make greater use of social science information
about land-change processes. These approaches provide more realistic representations of

the processes of change that can be used to evaluate a wider range of alternative futures,
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but their calibration and validation is more challenging and may provide only qualitative
information about possible future LULC change outcomes (Agarwal et al., 2002; Brown et
al., 2000; NRC, 2015). Machine Learning & Statistical and Cellular Automata based
modelling approaches are most suitable for problem identification because they lack the
richer structural detail about the process needed to evaluate the effects of changes in policy
structure, they are easy to implement and can provide valuable descriptions and projections
of patterns and trends. Agent-Based and Structural Economic approaches are useful for
intervention design because they provide a means for exploring interactions in the land
system and for assessing the possible effects of policies or decisions based on predictions.
Once policies or decisions have been implemented, the after-effects of these
implementations can be evaluated using reduced-form econometric models that compare
observable outcomes either before and after the intervention or in an intervention area and
a comparable location. Understanding the underlying structures, assumptions, and data
requirements of different modelling approaches are critical for understanding their
applicability for various scientific and decision-making purposes. Generalized
characteristics of different above-mentioned modelling approaches have been compared

and discussed in Table 2.1.
2.3 Land Use/Land Cover Change and Urban Growth Models

A variety of LULC change and urban growth models have been available and reported in
the literature based on one or more approaches as discussed above. A detailed review of
different LULC change and urban growth can be found in Lambin et al. (2000), Silva and
Wu (2012); Gaunt and Jackson (2003), Lambin et al. (2000), Chang (2006), Clarke (2014),
and NRC (2015). LULC change and urban growth models have been classified into
different categories based on their capability, suitability and used modelling approach as
presented in Table 2.2. In a study, Matthews et al. (2007) presented the complete review of
different agent-based models suitable in modelling of LULC change and urban growth. The
main advantages of this modelling approach are; individual decision-making entities
capability and interaction among variables that make this approach more realistic and
robust in nature. Different ABLUM’s (Agent-Based Land use Models) such as LUCITA,
FLORES, GEOLP, SHADOC, SLUDGE, MEJAN, CORMAS, LUCIM etc. are there.
Pontius et al. (2008) have also analyzed the 13 modelling applications using different

models by comparing actual with modeled outputs.
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Table 2.1: Generalized characteristics of different modelling approaches

Modelling Pattern/ | Land cover, Key Assumptions Typlc_al Data Recommended Uses
Approach Process |Land use Requirements
Machine LC maps f_rom at Make forecasts of land cover patterns
. . . least two-time points . :
Learning Land cover Strong stationarity under stationarity,
2 . Some number of maps of )
and Statistical . . Extrapolating past patterns
predictor variable(s)
Statlonarlty_, A land LULC map at some Forecast land cover patterns,
Land cover Strong spatial control o . .
Cellular ; . point in time, some number of maps of  |Evaluate changes in spatial controls
and land use  |and/or interaction, . . X
. . the predictor variable(s) without market feedbacks
Pattern No market interactions
Utilitv or brofit Reduced-form models:
. ty or p! Data on LC at one or more point(s) in Identify the causal effect of key variables
Spatially Maximization, - . . .
; : . time; Economic and biophysical on land change outcomes
Disaggregated Price and/or spatial ) . T
. Land cover e variables that influence land demand and |Structural models: Simulate effects of
Economic Equilibrium, ) . :
supply; any other required instrumental | policy changes on land market outcomes,
Models Heterogeneous agents ; ' . .
X o variables including changes in prices and land use
sometimes specified
patterns
Heterqgeneous agents Economic variables that
sometimes specified, |. Forecast aggregate land
Sector-Based 1 . influence aggregate demand and supply .
. Utility or profit . . h . changes under a variety of market-based
Economic Land cover 2oL including prices of commodities and
Maximization, . changes that can affect demand and
Models : L values of trade at a regional or country
Price equilibrium scale supply
Representative agents
Process __ __
Data describing characteristics of agents, |Explore land change processes, often
Usually heterogeneous | Qualitative or quantitative under stylized conditions; Explore the
Agent-Based Land cover Agents, data on decision processes, effects of exogenous change on a system,
Models and land use | Variable interactions |Data on land use or land where it has not happened; Explore future
among agents cover at some point(s) in scenarios where past patterns may be poor
time indicators of future outcomes
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Table 2.2: Classification of LULC change and urban growth models
(Source Lambin et al., 2000)

What is
already What one needs to Model Modelling
known on know on LUCC category approach
LUCC
When in the future Stochastic Transition probability
Where and (short_—term) mode:Is _ _
when Why i the past N Multlvgrlate statistical
in the past (proximate causes) Empirical, modelling,
Where in the future statistical Spatial statistical (GIS-
(short-term) based) models
When in the future Behavioral models and
dynamic simulation
(long-term) _ Processjbe_lsed, models,
When and where in mechanistic Dvnamic spatial
Where, when the future (long-term) )ynamic sp
and Why in the future g?nuelr?;;iozr;c;n \?(;jr? I'f'h[]nen
why in the past (underlying causes) Analytical, models,
Why in the future agent-based, Deterministic and
(underlying economic stochastic, optimization
causes; scenarios) models

Out of 13, 12 applications were found to have errors in modelling results. The study
explained that validation is a very important phase for any modelling application. In the
present study, a detailed comparison of different models using different approaches has
been presented in ANNEXURE I.

Further, the important LULC changes and urban growth models have been discussed in

subsequent sections.
1. Empirical Statistical Models
2. Stochastic Models
3. Optimization Models
4. Dynamic Process Based Simulation Models
5. Cellular Automata based Models
6. Integrated Model
2.3.1 Empirical statistical models

Empirical, statistical approaches are used to establish a relationship between LULC change

or urban growth and their explanatory variables. Relationships are derived empirically by
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fitting statistical data to assess LULC change and urban growth explicitly. The multivariate
analysis builds the relationship between explanatory variables of LULC change for
potential contributions of empirically-derived growth rates. Multiple linear regression,
logistic regression, multinomial regression, logit regression etc. are the popular techniques
used for this purpose. The statistical relationship does not establish a significant causal
relationship. The regression model that fits well for the coefficient ranges may poorly
perform outside that region, therefore, models cannot be used for long-term predictions.
This type of approach is better suited for analyzing land use change and urban growth
patterns on the basis of historical data only, no further dynamism is considered, in most
studies, this is not valid. Some of the empirically fitted models are PLM, CLUE, CLUE-
CR, and DINAMICA (Wang and Zhang, 2001; Verburg et al., 2006; Mas et al., 2012; Xu
etal., 2013; NRC, 2015).

2.3.2 Stochastic models

LULC change and urbanization is a very complex process, heterogeneous and stochastic in
nature. Such stochastic modelling approaches mainly incorporates transitional probabilities
for each cell of land use/ land cover / urban growth and the decision of transition are based
on a stochastic variable e.g. random number. The transition probabilities are measured by
some statistical means, which determine changes from one LULC class to another. Such
approaches are useful for top-down relationship based applications where impact
assessment is an issue of concern. Effect of one variable on the phenomenon based
relationship can be effectively developed by such approaches. Transition probability-based
approaches are limited to their application as an intensification of LULC change cannot be
determined by the method because it is purely based on recent past data only. However, for
incorporating intensification into stochastic models some efforts have been made such as
spatial diffusion models, which do appear to be effective on land use change intensification.
Some of the empirically fitted models are CURBA, LUCUS, SimLand, and CUF (Landis
et al., 1998; Landis and Zhang, 1998; Berry et al., 1994, 1996; Irwin et al., 2001; Silva and
Wau, 2012; NRC, 2015).

2.3.3 Optimization based models

Optimization techniques are used to determine the optimum combination of explanatory
variables and their value ranges to explain the LULC and urban growth phenomenon.

Optimization techniques like linear and non-linear programming apply at the general
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equilibrium, micro scale & macro scale and generally incorporated into economic models.
In various applications such as a parcel of land given with its attributes and location then
highest earned rent can be estimated using this approach. This modelling approach allows
investigating the influence of various policies on LULC change and urban growth. It can
be used for land allocation for optimal crop production. This modelling approach may
suffer from the discretional definition of objective functions and non-optimal and
ambiguous behavior of people such as differences in values, culture, and attitude. However,
at a generalized level, this can be underestimated but are likely to be significant as one
looks at small or fine scale LULC change processes. FASOM is an optimization-based
model (Alig et al., 1997).

2.3.4 Dynamic (process-based) simulation models

These models are based on the interaction of socio-economic and biophysical processes.
Change in LULC patterns with time and space is determined by these processes. The
dynamic process-based simulation models incorporate the interaction among all
components to develop a spatially explicit dynamic system. The complex aggregate system
is formed by combining small chunks of analysis using differential equations. The prior
understanding among variables is developed before simulation. This modelling approach
is more powerful in establishing the relationship among variables and simulating the
dynamic behavior of the system. The relationship cannot be built into the system in a
straightforward way. For analyzing LULC change and urban growth it is complex as
numerous interactions among variables take place. PRISM is an example of a process-based
model (Alberti and Waddell, 2000; NRC, 2015).

2.3.5 Cellular automata based models

Cellular automata (CA) is a cell-based framework which includes cell states, transition
rules, finite discrete cells, and neighborhood. CA-based models are very effective for
addressing LULC change and especially urban growth. Urban growth is a dynamic and
complex phenomenon and CA includes the capability to model a complex phenomenon in
an easy and effective manner. It is difficult to simulate human behavior which is a very
important variable which can be simulated using CA only. The integration of CA and
Agent-based methods would be an effective approach in the field of LULC change and
urban growth modelling. DUEM, CVCA, LOV, SLEUTH and LUSD are the examples of
cellular automata based models (Clarke et al., 1997; Clarke and Gaydos, 1998, Batty et al.,
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1997; White, R. and Engelen, 2000; Silva, 2003; Silva et al., 2008; Kumar et al., 2011;
Clarke, 2017, 2018).

2.3.6 Integrated models

Above discussion gives a straight forward classification of the various types of LULC and
urban growth modelling approaches. The recent advancement includes the integration of
more than one approaches for providing added attributes to the LULC change and urban
growth modelling. Such modelling approaches are used where spatially explicit interaction
and dynamic behavior including long-term prediction is required. It is very complex to
hybrid two different modelling approaches for a large landscape as a number of interactions
hugely increases. LUSD, SimLand, UrbanSim are integrated models (He et al., 2005, 2006;
Wu, 1998; Waddell, 2000, 2002; Waddell et al., 2003; Duthie et al., 2007; Hepinstall et al.,
2008; Wang et al., 2011; NRC, 2015).

The detailed review of the literature has been done for below-mentioned classes with the

help of representative reported case studies
i.  Land use/ land cover change and urban growth assessment,

ii.  Land use/ land cover change and urban growth drivers

iii.  Cellular Automata based LULC change and urban growth modelling

iv.  Land use/ land cover change using remote sensing
2.4 Land Use/ Land Cover Change and Urban Growth Assessment

Gottmann (1957) explained the geography of megalopolis cities in detail by considering
various social aspects of the present time. The urbanization has been increased especially
in bigger and metropolitan cities in last few decades which tends to increase the number of
industries, organizations, institutions, and hospitals. The study was found useful in

improving the management of the complex process of urbanization.

Lambin et al. (2001) discussed the opportunities and constraints derived by local as well as
national markets and policies with respect to the LULC change and urban growth. The
global forces become the main determinants of land-use change and economic

opportunities.
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Shen et al. (2001) discussed that an effective urban land use and regional planning are

essential for the development of society.

Couclelis et al. (2005) discussed various approaches, methods, and techniques to model
urban growth such as agent-based, cellular automata, rule-based, neural network and logit
modelling methods are available. Authors outlined the need for urban growth monitoring
and modelling and found it to be very useful in the planning of urban land use scenarios,
resources, land use, and budget and policy making etc.

Jabareen (2006) analyzed different forms of sustainable urban growth along with models
and theoretical concepts. A compact city, Neo-traditional development, Eco-city, Urban
containment are the sustainable urban forms which have been discussed in this study.
Moreover, compactness, sustainable transport, density, mixed land use, diversity, passive

solar design, and greening are considered design concepts or urbanization drivers.

Chu et al. (2010) have presented two empirical simulation methods such as ANN and
Logistic Regression and used them to simulate land use change by incorporating ANN and
Logistic regression in the CLUE-S i.e. Logistic CLUE-S and ANN CLUE-S models to
predict the land use changes. The authors have also discussed various modelling approaches
to land use change such as stochastic models, optimization models, dynamic process-based
simulation model, cellular automata and empirical- statistical model. The authors have
validated model results with respect to the landscape metrics and kappa coefficients. The
study reveals that the ANN CLUE-S has a higher probability of generating accurate
simulation and results are more accurate as compared to the Logistic CLUE-S model. Also,
the urbanization demand was estimated in two ways i.e. CA-based SLEUTH model and
Markov chain method. The study shows that CA-based SLEUTH model is more
appropriate to calculate demand which further leads to the prediction of land use change
using CLUE-S. In further research, a number of land use change models in place of

SLEUTH and Markov model can be integrated to improve the performances of CLUE-S.

Lambin and Meyfroidt (2011) stated that economic globalization combined with the
looming global land scarcity increases the complexity of future pathways of land use
change. Predictions of the expected land use impact of national policies have become more
uncertain. The study analyze the land use change impacts on the environmental ecosystem,
climate change, and global warming.
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Gould et al. (2012) provide a comprehensive review of land use, land cover, population
dynamics, and land-cover change processes. Population density and land use/ land cover
change have been correlated to understand the complex phenomenon of urbanization.

Rimal (2012) utilized GIS and Remote Sensing techniques to figure out the transition of
land use classes. Change detection has been analyzed using different satellite imagery. A
post classification comparison method was used to analyze the change detection. Lang
(2012) explained the understanding of urban resilience in the perspective of socio-
economic crisis by urban change and determined it as a completely theoretical process of

understanding.

Chaudhuri and Clarke (2015) coupled the land use and road networks on the spatiotemporal
dynamics of land use changes. The effect of road networks on land use change was analyzed
using graph theory indices method. The comparative analysis of the overall results for
Pordenone and Gorizia revealed that an unstable and vulnerable political environment in
the historical past of an urban area does make a difference in the development of the road

network and in land use change over time.

Price et al. (2015) analyzed the urban sprawl effects i.e. urban heat island (UHI). The study

reveals that due to excessive urban growth, the urban heat island effect is increasing.

Qin et al. (2015) determined the 3D urban morphology by using geo-spatial techniques.
The weighted average height of the buildings, volume of buildings, 3D expansion intensity
and 3D fractal dimension were used to quantify the 3D urban morphology.

Van Vliet et al. (2016) found that statistical analysis and automated procedures are the two
most common calibration approaches in LULC change modelling, while expert knowledge,
manual calibration, and transfer of parameters from other applications are less frequently

used.
2.5 Land Use/ Land Cover Change and Urban Growth Drivers

Schelling (1971) explained that urbanization is a complex phenomenon to understand and
depends on many variables such as transportation, facilities, social factors, and economic

factors.

Clark (1991) has refined the understanding of residential preferences and find out that

neighborhood is one of the major explanatory variables. However, neighborhood possesses
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some empirical phenomena like racial preferences, choices, and patterns. Survey analysis
towards such issues have been plotted on curves and Clark analyzed the preferences and
choices of residents. Authors have suggested a study of some more exploratory variables

for analyzing residential choices.

Knox (1991) has explained the relationship between landscape change with economic and
socio-cultural change. The integration of land use and transportation models has been done
to analyze the impacts of land use on transport by considering various driving factors. Some
deriving forces such as human behavior (how people will change with their location and
mobility according to land use policy, transportation costs etc.) were included in the
decision making of the model. The human-induced decisions are implemented by using
mathematical and logit based models.

Serneels (2001) incorporated multiple driving forces of LULC change using the multiple
logistic regression method in the simulation process. The study is able to determine the
effect of various driving forces such as distance to road, distance to market, distance to
river, population density, slope, elevation, intercept, soil suitability, distance to water,
distance to village etc. on LULC change. However, LULC change predictions have not

been done in the study.

Veldkamp and Lambin (2001) discussed the contributing factors of urban growth like
biophysical factors such as slope, soil type, and altitude. Socio-economic drivers were also
found to be playing an important role in LULC change e.g. international environment treaty
such as the Kyoto protocol may drive significant changes in determining land use land
cover change. However, incorporating socioeconomic and political drivers into LULC

change assessment may be hampered by a lack of spatially explicit data.

Kok (2001) analyzed the influence of urbanization drivers on LULC change and
urbanization. Influence of a number of drivers was studied and presented which includes
the influence of population density, distance to city, distance to roads; bio-physical drivers
such as topography, elevation, slopes, soil types; climatic drivers such as climatic
variability, life zones; political drivers such as land redistribution programs park protection,
subsidy system; economic variables such as land tenure, farm size, income, distance to
market; social drivers such as tradition, status, education; miscellaneous drivers such as
diseases, civil war; physical conditions like topography, slope, soil, and rivers in the valley;
public service accessibility: services available to the desired location such as,
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transportation, electricity, education, drinking water, health services, commercial services,
waste disposal, open spaces and recreation facilities; economic opportunities: high paying
jobs, business opportunities in tourism, finance industry, education, health, wholesale and
retails; land market: local people, land broker and real estate developers; population
growth: high population influx; political situation; plans and policies: effectiveness of
zoning, land reforms, land pooling, guided land development, economic and investment

plans. Few drivers have been found to have significance as compared to others.

Serra et al. (2008) assessed the LULC change as a function of biophysical and human
factors. A logistic regression method has been studying the influence of different drivers as
independent variables. Data from various sources were used for modelling, calibration, and
validation of an urban growth model. Effect of different bio-physical, social and
infrastructure driving factors (digital elevation model, slope map in percentage, distance to
rivers, distance to industrial estates, distances to five urban centers. distances to highways
and major roads, distances to the ring road, distances to feeder roads, distances to existing
built-up surfaces and annual population growth rate) on the LULC change and urban
growth was studied. To check the effect of each variable, the weight of evidence method
has been used. Model results were validated using overlaying analysis and FOM (figure of

merit) ratio.

Birgi and Turner (2002) have explored the contribution of various causative factors in
changing the LULC. A multivariate linear regression method has been used with three
abiotic and two socio-economic variables. The effect and importance of different driving
factors for the study area have been determined. The study may be useful for analyzing

anthropogenic relationships with cultural landscape change.

Park et al. (2012) examined the role of topographic, geographic and social environment
factors in urbanization. The Frequency Ratio (FR), Analytical Hierarchy Process (AHP)
and Logistic Regression models (LR) have been used to quantify the effect of urbanization
drivers into LULC change and urban growth. Also, future prediction for urban growth has

been done. All three methods showed similar accuracy in urban growth simulation.

Gharbia et al. (2016) analyzed LULC change using an integrated approach of CA and GIS.

The study incorporates biophysical factors such as slope, proximity, population density,

transportation and distance to the main road into the assessment process. The suitability

maps were generated in the form of a restricted layer. Influence of urbanization drivers was
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considered in the form of weights which were calculated by overlaying different maps on
LULC maps. Nearest neighbor transition rules were also used in the study. Also, validation
has been done by calculating kappa coefficients and overlaying the simulated maps over

the actual land use maps.
2.6 Cellular Automata based LULC Change and Urban Growth Modelling

Wolfram (1984) stated that cellular automata is a very effective approach to modelling and
simulating the behavior of changing patterns in various fields. The simulation includes the
transition states of each cell at the end of every time state and the transition is determined
by neighborhood states of each cell. However, its complexity increases with the increase in

the size of cellular automata.

White and Engelen (1993) discussed the evolution of simulation of fractals of urban areas
using DLA (disaggregated land analysis) and CA. The CA is very much efficient in
producing the real pattern of complex urban dynamics as complexity is a necessary

behavior of cities.

Batty and Xie (1994) stated that cities should be understood in terms of their local
properties. The more local characteristics are involved the better the understanding of cities
would be. This idea illustrates that local characteristics / variables of cities such as distance
to roads, distance to city center and neighborhood would lead to the understanding of the
global phenomenon. The CA provides insights into simulating the urban systems rather an
alternative approach, it was used to represent cities as cells in this study for the very first
time. The game of life rule was used in making a decision of state transition of cells. The
study elaborates the performance of cellular automata in land use change modelling and
also how the game of life proceeds for capturing urban patterns. Some issues related to
urban growth simulation were flagged out in this study such as; it is important to understand
the urban system at their local scale first to completely portray the global pattern of the
urban system. But, it is very unlikely to include local scale phenomena into the study.
Therefore, the value of this approach lies in focusing our attention on the understanding of
urban patterns at a different scale. Also, the urban automata were in the form of
undeveloped and developed, only two cell states and many states and extensions are needed

to embrace into the urban CA.
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Portugali and Benenson (1995) claimed the city as a complex, open and self-organized
structure described on a cell space. The central property of a self-organizing system is
uncontrollable by any of the factors such as economic, social and political.

Clarke et al. (1996) described the extension of traditional cellular automata into self-
modifying cellular automata for urban growth simulation. Self-modification rules of
cellular automata allow incorporating other growth influential variables into the model such
as economic growth variable and global average temperature. Animation, description, and
prediction strategies were used to analyze urban growth. The animation is used to analyze
regional urban change, further which helped in analyzing natural and human-induced urban
growth influencing factors. Model replications produced during the calibration phase have
been used in predicting future urban growth. Self-modifying CA has made this study more
valuable as now the S curve growth could be analyzed which was not possible in traditional
CA.

Batty et al. (1997) described the origin of cellular automata and game of life theory. CA
and game of life theory were successfully implemented in an urban system using

computational technologies. The game of life theory was first given by Von Neumann.

Batty (1997) conceptualized the urban system simulation and replaced the mathematical
model by the rule-based model. After knowing the relationship between cells and urban
state transition, the first time urban system was implemented on a cell basis using cellular
automata. A generic form of cellular automata for the urban system was described including
a cell’s neighborhood, transition rules, and cell’s state. Some issues were flagged out such
as; spatial interaction is important to understand the real and possible patterns of urban
change. Also, it is important to understand the relationship between fractal dimension and
density. Dimension and density both are different terms and produce different urban
patterns. Fractals are basically identified by fragmented and outskirts growth and density

indicate growth around urban centers.

Batty and Xie (1997) stated that understanding of the urban system is not only about

simulating real patterns of urban phenomenon however, it is also about identifying potential

or possible patterns of urban growth. This study includes the analysis of different urban

forms using cellular automata. Aerial and linear growth models were separately developed

for the urban system and then combined for getting integrated urban forms. The elementary

urban automata were developed which included neighborhood game of life rule and
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transportation networking link into the model. A road pixel was identified near an urban
pixel randomly and neighboring pixels of that road pixel were analyzed for possible
conversion of state of that neighboring pixel. The elementary urban automata are very much
similar to the SLEUTH model developed by Clarke et al. (1997) but some extensions were
embraced in the SLEUTH model. The transportation network was included in the form of
weights to analyze possible urban growth near road side areas. The slope in percentage
layer was included for providing topographic suitability factor into the model. Land use
maps were used for providing land use change (for non- urban classes as well), the
exclusion layer for providing restrictions on cells for not being transitioned into another
class. Moreover, five growth coefficients i.e. diffusion, breed, spread, road gravity, and
slope resistance were used in making decisions of a cell’s state change. Although, the idea

of SLEUTH was first conceptualized by elementary urban automata only.

Clarke et al. (1997) presented cellular automata based urban growth model to analyze
human-induced land use transformation. The urban growth model (SLEUTH) uses five
growth controlling factors; diffusion, breed, dispersive, road influenced and slope resistant
coefficient. Urban growth has been simulated through four growth rules; spontaneous,
diffusive, organic and road influenced growth rules. In addition to these, the second level
of growth rules called self-modification rules are also used to control the linear and
exponential growth behavior of the model was included into the model.

Takeyama and Couclelis (1997) introduced the concept of spatial dynamics by integrating
GIS and CA with geo-algebra. The technique provided useful static, dynamic behavior into
the modeling framework. Also, it proved effective in forming the complex spatial dynamics
behavior of urban dynamics. The additional features such as multi-layer interactions and
the inclusion of external input map layers can be consistently incorporated into map
dynamics. An interactive map dynamics opens up the possibility of integrating into GIS

new kinds of phenomena and behaviors such as design, learning, and gaming.

Park and Wagner (1997) have coupled CA with GIS to provide an increased ability for
dynamic spatial modelling in GIS. GIS suffer from poor handling of dynamic spatial

modelling and temporal dimension.

Wagner (1997) explained the limitation of GIS that it cannot handle temporal dimensional
behavior and many numbers of variables. So, by integrating GIS with CA these limitations

33



can be overcome. Since GIS and CA have many similarities so, transition rules,

neighborhood rules etc. can be implemented easily.

White et al. (1997) specified that cellular automata are able to give a complex spatially
detailed representation. The study is able to produce real patterns of urban growth and
sensitivity analysis (by varying the number of iterations.) shows the reproducibility of the
outcomes. Site characteristics, transportation network etc. variables were introduced into

the study.

Clarke and Gaydos (1998) have calibrated and predicted the urban growth of two study
areas; San Francisco Bay area and Washington D.C./Baltimore using SLEUTH. The spatial
and statistical measures were computed and compared for these areas. Pearson’s r-squared
for urban pixels, Pearson’s r-squared for urban edges, Pearson’s r square for urban clusters
and LeeSallee shape index were computed for statistical analysis and validation of

calibration and urban growth prediction.

Wu (1998) developed a prototype of a simulation model, SimLand, based on cellular
automata (CA), multi-criteria evaluation (MCE) and integrated with GIS to simulate land
conversion in the urban-rural fringe. In the study, MCE is not used to provide an optional
solution to the land allocation problem, rather, it is used to mimic how land development
potential is evaluated via the tradeoff of multiple developmental factors. A method,
analytical hierarchy process (AHP) of MCE, is used to derive behavior-oriented rules of
transition in CA. Simulation schemes of the model were a projection of land demand,

identification of development factors, and preparation of development preference.

Brown et al. (2000) included the Markovian transition probability method to simulate the
historical trend. To simulate more realistically it is important to include restrictions on grid
cells. But the Markovian method assumes that the system is spatially and temporally static.
This study attempts to include socio-economic and bio-physical restrictions on grid cells
as land use change is spatially and temporally dynamic in nature. Also, it leads to a more

realistic simulation and prediction of urban change.

Silva and Clarke (2002) calibrated the SLEUTH for two Portuguese cities; Lisbon and
Porto and demonstrated the detailed and exhaustive calibration process to improve the
performance of SLEUTH. Major findings of the study were, first, up to what extent the
resolution for spatial data be improved, second, how we can improve the accuracy of spatial
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data which is a major part of a SLEUTH calibration process that will definitely improve
the performance of the urban growth model. Increasing the number of Monte Carlo
simulations will make the model more sensitive to local conditions. Additionally,
narrowing down the coefficient ranges may fit the spatial data to model data in a more
realistic way. Third, cluster computing would also be a good approach for reducing

computation time.

Wu (2002) has demonstrated the use of stochastic cellular automata to determine the rural-
urban land conversion. The initial probability of land use change simulation has been driven
by observed sequential land use simulation data. Furthermore, initial probability has been
updated dynamically by incorporating local characteristics of land use in the form of
strength of neighborhood development. Consequently, integration of global- static and
local-dynamic factors have been used to produce a more realistic pattern of landscape

change.

Xiang and Clarke (2003) explained that scenario building is a major part of land use
planning which leads to the sustainable planning of a city.

Dietzel and Clarke (2004a) have shown the robustness of the SLEUTH model for urban
growth simulation and LULC change analysis. The study shows that the SLEUTH model
replicates the land use patterns in a better way both spatially and temporally. In this study,
the LULC change has been handled by Deltatron model.

Dietzel and Clarke (2004b) have investigated the effect of the spatial resolution of the input
data sets on SLEUTH calibration and urban growth prediction. SLEUTH was
parameterized, calibrated and growth was predicted and compared with input data of three
spatial resolution. No significant difference has been observed in SLEUTH calibration and
prediction performance except computational time, more time is required with finer

resolution data.

Solecki et al. (2004) analyzed the impact of LULC change on climate using the cellular
automata based SLEUTH model. First of all, UGM and LCDM model of SLEUTH was
calibrated and validated for the study area then some modifications into the source code

were made to analyze the change on climate in term of surface albedo and soil factors.

Herold et al. (2005) have described the role of spatial metrics in the field of land use change
and urban growth modelling by integrating remote sensing and spatial metrics together.
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The study shows that spatial metrics are very helpful in analyzing the spatial and temporal
change of urban growth quantitatively. Also, it is utilized in the calibration and validation
of the urban model. The hybrid approach of remote sensing, spatial metrics, and urban
growth modelling is very promising in analyzing urban growth and LULC change.
However, it is in its early phase, depends on the accuracy of spatial metrics so, further
improvements will be required in the future. Also, the present research is needed to be
tested for different geographical scales.

Jantz et al. (2005) discussed the influence of spatial resolution and geographical extent on
urban growth using the CA SLEUTH model. A detailed sensitivity analysis was carried out
by simulating the effect of varying the cell size on urban patterns and growth. The
resampled input data at different resolution (45m, 90m, 180m, and 360m) were used for
exhaustive calibration and sensitivity testing. The study concluded that urban growth is

affected by spatial resolution.

Xian and Crane (2005) presented the use of sub-pixel imperviousness for land use change
simulation. Sub-pixel imperviousness provides the spatial heterogeneous characteristics of
land use change. This was later used in SLEUTH model to simulate the urban growth

pattern in a more realistic way for future prediction of urban growth.

Dietzel et al. (2005) provided empirical evidence to the dynamism of urbanization using
landscape metrics calculated using FRAGSTATS. Also, results were compared with the
results of the SLEUTH urban growth model.

Goldstein et al. (2005) attempted to measure the optimal number of Monte Carlo iterations
required for SLEUTH model calibration. The two metrics used for measuring the change
in performance of model calibration for a different number of Monte Carlo iterations i.e.
OSM (Optimal SLEUTH Metrics) and MCAWS derived diversity metrics. The exhaustive
analysis of Monte Carlo runs for the calibration phase of the SLEUTH model reveals that
10 to 25 number of Monte Carlo runs would be required for the optimal calibration of the
SLEUTH model.

Syphard et al. (2005) have forecasted the effects of urban growth on habitat pattern in
southern California. The principal drivers of land use change considered in the study were
population growth and economic expansion. The CA model has been calibrated using
historical growth and urban growth was predicted for three urban growth scenarios from
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2000 to 2050 with development prohibited on slopes greater than 25%, 30%, and 60%

slope.

Batty (2005) demonstrated the inclusion of agents and cells in simulating the patterns of
city change in different modelling approaches. The study comprises a thorough review of
different modelling approaches at different scales such as mesoscale, micro, and macro
scale. The three driving factors were considered most important for identifying potential
change i.e. employment, distance, and population. The study revealed that CA and agent-
based models are capable of implementing fully policy-based applications which are very
limited in present time. Also, as the scale gets finer the number of agents and cells
eventually increases which somehow increases the complexity of the model. The biggest
problem common in all models is their lack of parsimonious nature. The richness of input
data makes the calibration phase complex and prediction accuracy on the basis of past

simulation is hard to validate.

Caglioni et al. (2006) have investigated the sensitivity of parameters used in the SLEUTH
model such as the diffusion coefficient, breed coefficient, spread coefficient, slope resistant
and road gravity coefficient. The study performs the sensitivity analysis of SLEUTH model
parameters by increasing and lowering the values of parameters to analyze the effect on
landscape change. The study reveals that diffusion, breed, and spread are interrelated with
each other. So, the individual performance of each growth type is difficult to interpret and
therefore, only the reproduction of overall growth complexity can be observed. It shows
that an increase in the spread coefficient by keeping lower values of breed and diffusion
coefficients leads to forming high growth clusters. On the other side, by increasing the
breed coefficient urban growth incre