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ABSTRACT
The present study attempts to develop an Artificial Neural Network (ANN) based model for simulating urban spatial growth. In this
model remote sensing data is used to provide the empirical inputs about urban growth and other spatial information. GIS is used for
handling of this spatial data, to obtain site attributes and training data for neural network, and to provide spatial functions for
constructing the model. The Artificial Neural Network is used to reveal the relationships between future urban growth probability and
site attributes, as ANN can capture the non–linear complex behavior of urban systems. A three layer feed forward neural network
architecture is used in this study, which is trained using the back propagation algorithm to calculate the land use transition probability.
The model results are evaluated using the percent correct match (PCM) metric and Moran spatial autocorrelation index to find out how
accurately the model is able to predict the urban morphology.  The model was applied to simulate the urban growth of Saharanpur city
in Uttar Pradesh.

1 INTRODUCTION
Urban areas are growing at a very fast rate in
developing countries as well as developed world.
It is estimated that by the end of this century,
fifty percent population will live in urban areas,
which occupy only three percent of the total
landmass. In the present decade, at least eighty
percent population growth occurred in towns and
cities. Towns and cities have acted as focal points
in the cultural landscape of India also, though with
some significant breaks in between. With over
12000 settlements and 5000 towns and cities,
India has an urban area of gigantic magnitude. In
1981, India’s urban population surpassed that of
the United States. In terms of absolute number
of urban settlements and size of urban population,
India is possibly one of the largest urbanized nation
in the world today (Ramachandran).
The magnitude is so large that it warrants a close
look into existing policies concerned with planning
and development of urban areas. From 1960
onwards Master plans are being prepared for the
India cities. Many a times the planning objectives
are not fulfilled due to unprecedented haphazard
urban growth. The anticipation of services and
opportunities in cities fuels this growth. Due to
large number of factors, including organizational

structures and procedures, lack of effective
planning, implementation of control system, etc;
urban planners in developing countries feel like
running behind the true facts (Hofstee 1988). In
such real time data vacuum, the planner or
administrator is forced to take policy decisions
concerning vital urban development policies
without sufficient and reliable information.
It is therefore imperative to study the causes and
dynamics of urban growth and provide models
of urban growth to the planning bodies to be able
to forecast urban growth patterns and structure
the policies in short and long term to implement
the intended plans. An endeavor has been made
in this study to demonstrate the application of
the neural networks to the modelling of urban
spatial growth.
2 DEFINING URBAN SPATIAL GROWTH
Urban development is one kind of emergent
phenomenon of urban system, which is very
complex and hard to measure. Generally, urban
development phenomena can be divided into two
different types. One is urban spatial growth the
other is urban redevelopment. The former is the
main application field of Artificial Neural Networks
(ANN) modelling for this research. Urban growth
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indicates a transformation of the vacant land or
natural environment to construction of urban
fabrics including residential, industrial and
infrastructure development. It mostly happens in
the fringe areas (Shenghe and Sylvia, 2002). From
system view, urban growth is a spontaneous and
self-organization process (Wu, 2000).
Spontaneous growth results in a homogeneous
and sparse spatial pattern, which contains more
random components, whereas self–organizational
growth results in spatial agglomeration pattern,
(Cheng, 2003a). Contemporary urban growth
consists of three interrelated problems of spatial
dynamics: the decline of central or core cities
which usually mark the historical origins of growth,
the emergence of edge cities which both compete
with and complement the functions of the core,
and the rapid urbanization of the periphery of cities
which represent the spatially most extensive
indicator of such growth. Clearly, urban growth is
one complex spatial changing phenomenon in
urban system in which a number of components
interact non-linearly with each other i.e. land use,
transportation, culture, population, policies,
economics and so on.
Although, cities may be different from several
points of view, but despite these differences, cities
have some characteristics that make them similar.
Dynamism and growth are two of the elements
which characterize most of the urban areas
3 NEED OF MODELING URBAN SPATIAL

GROWTH
Looking through the history of modelling, it is quite
clear that its progress is dependent on the
advances in other areas such as system sciences
(including mathematics, physics and chemistry),
computer science and techniques, and various
application domains. Progress in system sciences
and computer science has brought about a new
revolution in quantitative geography. The
“quantitative revolution” in economics, geography
and the social sciences reached the planning
profession in 1960s (Wegener, 2001). The
emergence of “the old three system theories”
(general system theory, information theory and
cybernetics) and computer techniques in the
1940s spurred the first modelling revolution, which
is based on linear equations but is not spatially

explicit. Famous paradigms include the Lowry
urban development model (Lowry, 1964), the
spatial interaction model (Wilson, 1970) and the
input-output model (Leontief, 1970). It is
persuasive that the advances in remote sensing
(RS), geographical information science (GIS) and
system theories, especially the developing
complexity and non-linear theories (the most
promising science in the 21st century), is
undoubtedly stimulating a new development wave
of modelling. The reasons are threefold. First,
complexity theory brings hopes for re-
understanding the systems or phenomena under
study. A recent resurgence of interest in
complexity issues is evident as new theories and
methods have mushroomed in the last few
decades (Wu and David, 2002). Second, new
mathematical methods create new means to
represent and quantify the complexity. Third,
remote sensing and GIS guarantee the availability
of data on various spatial and temporal scales.
With the help of modelling and simulation, we can
reduce uncertainty and increase our
understanding of the urban system. Planning is a
future-oriented activity, strongly conditioned by
the past and present, planners need to enhance
their analytical, problem solving and decision
making capabilities. Urban modelling can facilitate
scenario building and provide an important aid to
future directed decision- making (Cheng 2003a).
In this way, urban planning will become more
scientific and rational and the subjectivity in
planning process will decrease.
By modelling urban system, researchers can test
and evaluate some theoretical hypotheses and
ideas in a controlled environment, since different
urban models work as different social labs, where
various experiments can be done. It equips urban
research with more experiment method compared
with past, pure theoretical research (Jiao 2003).
While a model will always fall short of incorporating
all aspects of the ‘real world’, it provides valuable
information on the system’s behavior. With the
advent of high end computers, computational
modelling has become more feasible, paving way
to many approaches and visualizations in GIS
environment. Thus models of land use change
serve as useful tools for:
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• Exploring the various mechanisms by which
land use change occurs and social, economic
and spatial variable that drive it (Batty and
Longely, 1994);

• Projecting potential future environmental and
economic impacts of land use change (Alig,
1986; Theobald, Miller & Hobbs, 1997); and

• Evaluation of influence of alternative policies
and management regimes on land use and
development patterns (Constanza, et al
1995).

4 ARTIFICIAL NEURAL NETWORKS
A Neural Network is a massively parallel distribution
processor that has a natural property for storing
experimental knowledge and making it available
for use, resembling the brain in two ways:
• Knowledge is acquired by the network

through a learning process; and
• Inter neuron connection strengths known as

synaptic weights are used to store the
knowledge (Aleksander and Morton 1990).

Artificial Neural Networks (ANN) can be termed as
powerful tools for     modelling complex systems,
finding their way in cybernetics, bio-chemical
modelling, etc. The urban areas are highly complex
systems, so application of Artificial Neural Networks
(ANN) to modelling urban growth is quite relevant.
Unlike the more commonly used analytical
methods, the ANN is not dependent on particular
functional relationships, it makes no assumptions
regarding the distributional properties of the data,
and requires no a priori understanding of variable
relationships. This independence makes the
Artificial Neural Networks (ANN) a potentially
powerful modelling tool for exploring nonlinear
complex problems like urban growth (Olden and
Jackson, 2001). According to published literature
on various applications of Artificial Neural Networks
(ANN), its strength lies in prediction and performing
“what-if” types of experiment (Corne et al., 1999).
Artificial Neural Networks (ANN) based modelling
fits into the category of regression-type model,
the aim of which is to establish a functional
relationship between a set of spatial predictor
variables that are used to predict the locations of
the change in the urban landscape.

The main objective of the research is to develop
Artificial Neural Network (ANN) based model for
urban spatial growth modelling. The research is
aimed at demonstration of ANN in modelling
complex urban systems and effectiveness of
remote sensing and GIS in such studies as spatial
data providers and spatial data handlers
respectively.  Research objectives in this broader
scenario are as follows:
• To demonstrate the use of GIS and remote

sensing as spatial data providers and spatial
data handlers in urban modelling;

• To demonstrate the use of  Artificial Neural
Network (ANN) in modeling urban growth;

• To identify the factors affecting urban growth
in the study area; and

• To check the accuracy of the model.
The urban growth model is designed based only
on the physical parameters affecting urban
growth, like distance variables, due to non-
availability of socio-economic-political variables and
to avoid the complexity of modelling with such
stochastic factors. Spatial rules used to build the
interactions between the predictor cells and
potential locations for transition are assumed to
remain constant.
The spatial database consisting of land use maps
of different years and various spatial variables were
generated by visually interpreting the following
temporal time series remote sensing data and
converting the analogue maps into digital format
in Arc / Info software:
• IRS-1D, PAN + LISS-III MERGED imagery of

Saharanpur of November 2001; and
• Land use / Land cover Map of 1993 based on

field survey and Aerial Photographs of 1988.
The study area of Saharanpur City lies within
77°30' E to 77°35' E longitude and 29°55' N to
30°0' N latitude and is situated in the Ganga-
Yamuna plains of Uttar Pradesh province of India.
The total study area covers an area 80.1 sq. km
and has a flat terrain gently sloping toward south.
Two perennial rivers Dhamaula and Pandhoi flow
through the city. Pandhoi river flows through the
town from north to south. The River Dhamaula
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Fig. 1  Builtup Area in Saharanpur - 1993

comes from eastern side and flows towards west
to meet the Pandhoi river. The city is well
connected to other areas by railway and road
network. Most of the original settlement of the
city is located on the western side of Dhamaula
River. As per the census reports, in 1921, the city
had a population of 62,000 which increased to
3,75,000 in 1991. The city had a rapid growth
rate after 1947 mainly due to rehabilitation of
refugees who came after partition of the country
in 1947. The population growth during 1971-81
& 1981-91 was 31.04percent and 26.94%
respectively. Saharanpur city is famous for its
production of traditional wooden sculpture and
furniture works. In the early nineteenth century,
industrialization began with the establishment of
cigarette factory and paper mill. The city in
regional setting has a very significant place as a
transport node and centre for paper, straw board,
tobacco and agricultural product based industries.
5 IMPLEMENTING THE MODEL
5.1 Remote Sensing and GIS for

Obtaining Site Attributes
A GIS database which contains both raster and
vector data was built to provide the basic spatial

information for the simulation. Maps showing the
built up and unbuilt area for year 1993 and 2001
were made by interpretation of aerial photographs
and satellite data respectively (Fig. 1 and Fig. 2),
from these two maps, a map showing the built up
area change from year 1993 to 2001 was derived
(Fig. 3).Other spatial data layers such as, major
roads, minor roads (Fig. 4), city center were also
made from the above mentioned datasets.
Although the original database contained both
vector and raster data, they were finally converted
into a raster format for the simulation. All the data
were converted into a raster format with each cell
representing an area of 20X20 meter on the
ground Standard GIS operations like Euclidian
distance, focal sum, etc; were carried out to
retrieve site attributes such as distance to major
roads (Fig. 5) and minor roads, amount of built
up in neighbourhood, etc; and to prepare training
data for ANN. A total of five spatial variables were
chosen for the simulation of urban growth (Table-
1). They include various distance-based variables,
neighbourhood functions, etc. Studies have
shown that these variables are closely related to
urban growth process (White and Engelen, 1993,
Wu and Webster 1998, Li and Yeh, 2000). For
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Fig. 2  Builtup Area in Saharanpur 2001

Fig. 3  Increase in Builtup Area 1993-2001
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Fig. 4  Road Network Map

Fig. 5  Distance from Major Roads (in Mtrs.)
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 Table 1  GIS based Predictor Variables
Spatial Variable Variable Characteristic Creation method Scaled

range
Distance from cell to closest City spatial Euclidean distance 0~1
major road characteristic function of Arc Grid
Distance from cell to closest City spatial -do- 0~1
minor road characteristic
Distance from cell to city center Local scale Euclidean distance from 0~1

neighbourhood CBD of 500m radius as
characteristic city center.

Distance from cell to closest Local scale Euclidean distance 0~1
existing built-up neighbourhood function of Arc Grid

characteristic
Amount of built up in a Local scale Focal function of Arc 0~1
neighbourhood of 500 metre neighbourhood Grid

characteristic

the simulation each cell is represented by a set of
site attributes. These attributes are passed
through the network for getting the output values
that is the conversion probabilities. Thus, Land
use conversion can be predicted based on site
attributes although the relationships may be quite
complex.
5.2 ANN based Calibration and

Simulation
In order to develop a neural network with
adequate predictive capacity, it is necessary to
choose a training algorithm of good convergence
capability, design good network architecture and
prepare an optimum training data set for correct
data representation. A three layer feed forward
neural network of 5-8-6-1 architecture was
chosen for simulation and was trained using the
Back propagation algorithm. The well trained
network with least RMSE and acceptable
generalization difference of error with test data
was taken up for simulation. The complete set of
all the driving factor variables is passed through
the same architecture using the best training
weights and biases, to obtain a simulated map of
change in built up area for 1993-2001 (Fig.6)
5.3 Model Accuracy Assessment
The model was based on five input driving variables
of urban growth and the ANN calibrated output

of the model for year 2001 is compared with the
actual urban growth for year 2001 for Saharanpur
city. The percent correct match (PCM) metric has
been adopted to address the issue of model
accuracy. In the percent correct match (PCM)
metric cells that were predicted to transition to
built-up (by the model output) are compared to
the cells that actually did transition during the same
period of study. The percentage of cells falling into
category is then divided by actual number of cells
transitioning to obtain a percent correct match
(PCM) metric, calculated as follows:
PCM = (cells correctly predicted to change *

100) / (cells actually transitioned)
= (12299/18476)*100
= 66.56%

The PCM matrix calculates the accuracy based
on a per pixel basis, but does not give any idea
about how accurately the model has been able to
predict the urban morphology. Moran spatial
autocorrelation index has been calculated for the
simulated 2001 and actual 2001 built up area in
order to measure how accurately the model has
been able to predict the urban spatial pattern or
morphology. Spatial autocorrelation is a measure
of the similarity of objects within an area. Two
objects which are close together and that have
very similar aspatial descriptors are highly spatially
correlated.  Two objects close together that have
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Fig. 6  Simulation of increase in Builtup Area 1993-2001

very different aspatial descriptors are not very
spatially auto correlated (the objects are
considered spatially independent). A Moran spatial
autocorrelation index greater than zero indicates
a regionalized, smooth, clustered type of pattern
and a Moran spatial autocorrelation index equal
to zero indicates an, uncorrelated, random
pattern. The Moran spatial autocorrelation index
for simulated 2001 year urban built up area was
0.927 and the Moran index for actual 2001 year
built up was 0.973
6 CONCLUSIONS
The aim of this research was to develop a model
to predict the trend of urban growth using GIS
and artificial neural networks. Remote sensing data
helped in model calibration by providing a
temporal dataset. Urban growth at the city edges,
as seen from the study, is the most dynamic zone
where the non-urban land is always under
foreshadow of being converted into built up area.
The uncontrolled and aimless overspill of the city
makes it difficult for the city administration to plan
in advance and provide basic services to all these
areas. The proposed model will help in predicting

the trend of urban growth, thus helping to take
stock of the future urban growth and avoid ill
effects, if any, through planning measures. The
study has illustrated the following points:
• The researched neural network model is simple

and convenient in application, but can
generate very complex features of urban
systems. The ANN exhibits robustness by
automatically determining the parameter
values during the training, which can be
directly imported back in GIS for simulating
the urban change, thus reducing the
calibration time.

• The proposed model has successfully coupled
the GIS environment and the ANN. The GIS
provides data and spatial analysis functions
for constructing the model. Spatial data is
conveniently retrieved from the GIS database
for calibration and testing of the model.

• The Moran coefficient of the simulated 2001
urban built up is 0.927 and the actual  2001
urban built up has a Moran coefficient value
of 0.973, thus we can infer that the model is
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able to predict the urban morphology or
spatial pattern quite accurately, the PCM
METRIC also has a value of 66 percent.

• The key development variables identified as
responsible for the spatial growth has been
successful in approximation of the urban
growth trend and their relative importance
established. Observations on the factors are
as follows:
- Intensity of development gradually

diminishes as the distance from the core
city and the transportation facility
increases.

- Development pattern is intense along the
major roads.

- Existence of built up in the local
neighbourhood influences the
development of new built-up.

There are a wide range of variables which could
be advanced to explain any city’s pattern of
growth. In this study only a few identifiable
variables were deployed to build the predictive
model. There is an ample scope to include more
variables. Some of them could be infrastructure
variables such as water supply and sewer, socio-
economic variables and like wise.
In this two time periods were taken into
considerations. A better illustration can be drawn
with inclusion of repetitive analysis in time and
more cities are investigated to understand the
phenomena of urban growth. Use of high
resolution remote sensing dataset for modelling
can further improve the scope in terms of planning,
as the model will be flexible in multiple land use
change predictions.
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