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URBAN TRAJECTORY IN METROPOLITAN AND
MEGALOPOLIS REGIONS OF KARNATAKA, INDIA

Abstract: Rapid irreversible changes in land cover in recent days are due to unplanned
urban planning in a region. Urban growth is driven by burgeoning population and has been
accompanied with the mismanagement of natural resources. Urbanization subsequent to
opening up of Indian markets in early ninety’s show dominant changes in land use during the
last two decades. Human-induced land use changes are the prime drivers of the global
environmental changes. Urban regions in India are experiencing the faster rates of urban
dominance, while peri-urban areas are experiencing sprawl. Megalopolis regions (Tier II
cities) in India are undergoing land cover changes in recent times and need to be planned to
minimize the impacts of unplanned urbanisation. This report focuses on seven Megalopolis
regions (tier II cities), chosen based on population. Mysore, Shimoga, Hubli, Dharwad,
Raichur, Belgaum, Gulbarga and Bellary are the rapidly urbanizing regions of Karnataka,
India. In this study, an integrated approach of remote sensing and spatial metrics with
gradient analysis was used to identify the trends of urban land changes with a minimum
buffer of 3 km buffer from the city boundary has been studied (based on availability of data),
which help in the implementation of location specific mitigation measures. Results indicated
a significant increase of urban built-up area during the last four decades. Landscape metrics
indicates the coalescence of urban areas has occurred in almost all these regions. Urban
growth has been clumped at the center with simple shapes and dispersed growth in the

boundary region and the peri-urban regions with convoluted shapes.

Keywords - Land cover, land use, Landscape Metrics, Urbanisation, Urban Sprawl, Remote

sensing, Tier II, Karnataka, India

1. Introduction

Urbanization is a process that involves a complex set of processes that are influenced by
economic, demographic, social, cultural, technological, and environmental aspects that is a
result due to an increase in the population of a territory/area, an increasing density of
population within urban settlements. Urbanization involves process that is irreversible and
leads to most dominant land use transformation. India is a place where urban areas have

experienced a high rate of growth over the last Decade. Demographic processes of
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immigration and migration, as well as natural population growth, are important determinants
of urbanization. Karnataka being one of the major hub for livelihood of various groups of
working population has its share in the growing urban area. Geoinformatics through spatio-
temporal tools can aid city planners to measure, monitor, and understand urban sprawl
processes. Patterns and processes of globalization and consequent urbanization are the factors
influencing contemporary land use trends and also posing challenges for sustainable land uses
(Currit ei al., 2009). Analysis of landscape patterns and dynamics has become the primary
objectives of landscape, geographical and ecological studies in recent times. Urban Sprawl
refers to the areas in the outskirts or in the periphery where there occurs a dispersed growth
and hence leading to changes in Land use and Land cover of these regions (Ramachandra and
Kumar, 2009). Multi temporal remote sensing data available since 1970 at regular intervals
helps in analyzing and understanding the agents of temporal changes. By understanding the
Dynamics of these changes it can help in various monitoring activities such as better planning,

improved facilities to the sprawl areas, resource management etc.

Previous studies (Sudhira et al., 2004; Priyadarshini et al., 2010; Aninditha et al., 2010;
Bharath et al., 2010, Bharath et al., 2012), show that the tier 1 cities have reached the
threshold of urbanization. Hence, the demand for urban area has shifted towards Tier two
cities for urban development. Tier two cities are to be managed and planned properly in order
to avoid haphazard growth with urban Sprawl. Hence, there is a need to study urban pattern in
tier two cities. Spatial data available temporal scale helps to monitor urban dynamics
accurately and efficiently. Temporal remote sensing data obtained from sensors mounted on
satellites helps in providing information on spatial and temporal aspects of landscape. This
helps in inventorying and mapping land cover (LC) changes due to urbanization. Mapping
landscapes on temporal scale provide an opportunity to monitor the changes, which is
important for natural resource management and sustainable planning activities. In this
context, “Density Gradient” with the time series spatial data analysis is potentially useful in
measuring urban development (Torrens and Alberti, 2000). Through spatial metrics, which are
the measures for analyses of spatial pattern of LC patches or entire landscape helps in
providing understanding of heterogeneous characteristics of urban area and also the impact of
urban development in that area and on the surrounding environment (Jenerette, 2001; Yu and

Ng, 2007). This work combines land use analyses, environmental change and analyses of
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alternative pathways for sustainable development. The analyses will directly address

crosscutting issues at the interface between policy and science.

2.0 Objective

Analysis of patterns, and process of urbanisation in Tier II cities of Karnataka is the primary
goal of this research. This helps regional planners in visualisation of urban growth, land
cover planning , etc., which help in evolving effective natural resources management

strategies.

3.0 Study Area

Karnataka is one of the largest states of South India. The state covers an area of 191,976
square kilometres or 5.83% of the total geographical area of India. It is the eighth largest
Indian state by area, the ninth largest by population and comprises 30 districts. According to
Population census of 2011, the Population of Karnataka is 61.09 million which 52.73 million
in 2001. The Population of Karnataka has increased by 15.6% in 2011 from 2001 and
comparatively increased by 17.20% in 2001 as compared to census of India in 1991.
Karnataka lies between the Latitudes : 14°49' 37.15"N to 13° 18' 39.29"N, Longitude:76° 56'
37.1"E to 77° 28' 15.66"E The study area considered are Tier two cities of Karnataka which
have a population of 2 lakhs - 8 lakhs, namely Mysore, Shimoga, Hubli- Dharwad, Belgaum,
Bellary, Raichur, Gulbarga (Figure 1).
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Figure 1: Study Area - Tier II Cities in Karnataka
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1.

4.0 Approach

Measuring urban sustainability is a multi-dimensional issue, while urban quality and patterns
provide useful information on the state of urban sustainability, urban flows are also crucial to
guide sustainable urban planning for improving the understanding of how urban sustainability
performance is interacted with its activities and lifestyles. One direction in studying urban
flows is to examine urban impact on the environment through ecological footprints by
analysing the flows of natural resources that support urban metabolism. This helps to allow a
conservative measurement of human impacts by measuring the biologically productive land
and sea areas which are required to maintain the biotic resource consumptions and
compensate carbon emissions for a given population. Tier II cities in Karnataka have been

chosen for implementing the proposed study.

Temporal land use changes refer to dynamic changes that the land/geographical area has
undergone with time, which can be effectively analysed using the satellite data (ex: Landsat
data) and classifying it using supervised pattern classifiers based on Gaussian maximum
likelihood estimation using maximum likelihood estimation with the best estimates
maximising the probability of the pixels falling into one of the classes using the open source
program of Geographic Resources Analysis Support System http://ces.iisc.ernet.in/grass).
The study regions were analyzed by considering a buffer and dividing the region based on
directions and using the effective concentric ring approach. The complexity of a dynamic
phenomenon of urban sprawl pattern has been done through the computation of sprawl

indicator metrics.

Greater Bangalore: Greater Bangalore is the administrative, cultural, commercial,

industrial, and knowledge capital of the state of Karnataka, India with an area of 741 sq.
km. and lies between the latitude 12°39°00”* to 13°13°00°” N and longitude 77°22°00’

to 77°52°00° E. Bangalore city administrative jurisdiction was redefined in the year 2006
by merging the existing area of Bangalore city spatial limits with 8 neighbouring Urban
Local Bodies (ULBs) and 111 Villages of Bangalore Urban District. Bangalore has grown
spatially more than ten times since 1949 (~69 square kilometres to 716 square
kilometres) and is the fifth largest metropolis in India currently with a population of

about 7 million (Ramachandra and Kumar, 2008; 2010, Sudhira et al., 2007). Bangalore
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city population has increased enormously from 65,37,124 (in 2001) to 95,88,910 (in 2011),
accounting for 46.68 % growth in a decade. Population density has increased from as
10732 (in 2001) to 13392 (in 2011) persons per sq. km. The per capita GDP of Bangalore is
about $2066, which is considerably low with limited expansion to balance both
environmental and economic needs.

Mysore: Mysore is the second largest city in the state of Karnataka, India. This Vibrant
royal city of South, with a large area of heritage sites, has hit the fast track of urbanization
off late, altering the landscape that will in the coming years go beyond recognition. With
the government planning to develop this area under various Projects which has invited the
surge of investors to invest heavily in this heritage city, especially the IT Companies. The
City has been growing and in demand and is expected to generate at least 60,000 new jobs
during the next few years, which means its demographic and geographic profile is also set
to alter with these changes, bringing in a touch of cosmopolitan culture.

Shimoga: Shimoga is located in central part of the state of Karnataka, India. It lies on the

banks of the Tunga River. The climate is tropical wet and dry and temperature ranges
between 37°C (Max) to 23.2°C (Min). The district receives an average rainfall of 1813 mm.
Shimoga encompasses an area of 8477 sq. km. Shimoga district is divided into 2 Sub-
divisions and 7 Taluks. District Headquarters of Shimoga is located in Shimoga. Shimoga
district has a population of 16.43 lakh (as per 2001 Census), with population density of 194
per sq. km.

Hubli-Dharwad: Hubli - Dharwad are twin cities in Indian state of Karnataka. Hubli-

Dharwad is the second-largest urbanized centres in Karnataka. The twin cities have a
common governance and are governed by Hubli - Dharwad Municipal Corporation
(HDMC) with a corporation governing area of 202.3Sq km. The population of the Twin
cities is about 1 million (Census 2011). Hubli is basically a commercial and industrial
centre with various commercial establishments. Dharwad is an educational and
administrative centre with numerous colleges, universities and government offices. Hubli -
District encompasses an area 0f 4263 sq. kms.

Gulbarga: Gulbarga was known as 'Kalburgi' means "rose petals" in poetic Persian. This
is a biggest district in Karnataka State covering 8.49% of the area and 5.9% of State’s
population. It is bounded by Bijapur district (of Karnataka) and Sholapur district (of
Mabharashtra), in the west by Bidar district (of Karnataka) and Osmanabad district (of
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Mabharashtra) on the north and by Raichur district of Karnataka in the south. It is one of the
three districts that were transferred from Hyderabad State to Karnataka state at the time of
re-organization of the state in 1956. Gulbarga is basically an agriculture dominated District
with crops such as Tur, Jowar, Bajra, Paddy, Sugarcane and Cotton. District receives and
annual rainfall of 839 mm.

Raichur: Raichur district is one of major district in northern Karnataka, India, having 5
taluks and 37 hobli’s and 120 hamlets, with an area of 8386 sq. km. and a population
density of 181 persons per sq. km (2001). Raichur is drought prone, and it falls in the
northeast dry agro climatic zone. The normal annual rainfall of the district is 621 mm. The
average temperature is 35° C. Krishna and the Tungabhadra are two water sources which
cater to the needs of drinking water supply to Raichur city. Raichur is famous for its rice
mills which exports high quality rice and has a production of pure cotton.

Bellary: Bellary city is situated in the Karnataka State and has a jurisdiction over an area
of 82 Sq. Kms. Population of about 0.4 million as per 2011 census (provisional).Bordering
Bellary on the west, state of Andhra Pradesh on the East, Chitradurga and Davangere on the
south. Temperature ranges from 25 to 45%. Mean Annual Rainfall is about 700mm. The
city has a huge spread of industrial activity and is one of the major centres in production of
clothing in the country.

Belgaum: Belgaum City (Figurel) geographically located in the North Western Part of
Karnataka State, with a gross area of 38013.27 hectares. The city has about 58 Wards, with
population of 488292 (2011 Census Provisional) and Population Density of 84.21 persons
per hectare, the population in the region has a decadal increase of 7.31%. BUDA (Belgaum
Urban Development Authority) formed during 1988 is responsible for Layout and Town
planning in Belgaum. BUDA consists of local planning area of 182 sq.km including the
Belgaum city corporation, 26 surrounding villages and area coming under conurbation limit
under BUDA since 1988 about 19 townships have been developed (belgaumuda.org).
Temperature varies from as low as 18 degrees in winter to 40 degrees during summer, city
receives annual average rainfall of 1418 mm. Soils in the region consist of shallow to very

deep black soils, red loamy soils, lateritic soils etc.
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5.0 Results: Land use Land Cover analysis:

5.1 Mysore: Vegetation cover of the study area assessed through NDVI (Figure 2a), shows
that area under vegetation has declined to 9.24% (2009) from 51.09% (1973). Temporal
NDVI values are listed in Table 1.

Land use analysis: Land use assessed for the period 1973 to 2009 using Gaussian maximum
likelihood classifier is listed Table 2a and the same is depicted in figure 2b. The overall
accuracy of the classification ranges from 75% (1973), 79% (1989), 83% (1999) to 88%
(2009) respectively. Kappa statistics and overall accuracy was calculated and is as listed in
Table 2b. There has been a significant increase in built-up area during the last decade evident
from 514% increase in urban area. Other category also had an enormous increase and covers
166 % of the land use. Consequent to these, vegetation cover has declined drastically during
the past four decades. The water spread area has increased due to the commissioning of
waste water treatment plants (ex. Vidyaranyapura, Rayankere, Kesare) during late 90’s and

early 2000.

Vegetation Non vegetation

Year | % Ha % Ha

1973 | 51.09 | 10255.554 | 48.81 | 9583.83

1989 | 57.58 | 34921.69 | 42.42 | 8529.8

1999 | 44.65 | 8978.2 55.35 | 11129.77

2009 | 09.24 | 1857.92 | 90.76 | 19625.41
Table 1: Temporal Land cover details.

3 w %
. "
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Figure 2a: Temporal Land cover changes during 1973 — 2009
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Land use
Year Urban | Vegetation | Water | Others
1973 222.93 10705.68 | 124.47 | 9054.99
1989 229.41 13242.51 | 78.75 | 65574
1999 730.8 8360.1 117.9 | 10899.2
2009 3757.489 | 1159.336 | 142.58 | 15050.5
Total (Land in ha) 20108.91

Table 2a: Temporal land use details for Mysore

Figure 2b: Classification output of Mysore

Year Kappa Overall
coefficient accuracy (%)
1973 0.76 75.04
1989 0.72 79.52
1999 0.82 78.46
2009 0.86 84.58

Table 2b: Kappa statistics and overall accuracy

5.2 Shimoga: NDVI was calculated using r.mapcalc in GRASS, open source GIS and results
are depicted in figure 3a and Table 3a. The analysis reveals that there was reduction in the

vegetation cover from 89% to 66% during the past two decades in the study region.

Class Vegetation in % Non-Vegetation in %
Years

1992 89.35 10.65

1999 78.92 21.08

2005 74.83 25.16

2010 66.72 33.28

Ramachandra T.V. and Bharath H. Aithal , 2014. Urban Trajectory in Metropolitan and Megalopolis Regions of Karnataka,
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Table 3a: Results of land cover analysis

Figure 3a: Results of Land cover analysis

Land use analysis: Temporal land use is given in figure 3b and the statistics of category-

wise land uses are for 5 time period is given in table 3b. Urban category has increased from

13% (1992) to 33% (2010), which is about 253 times during the last two decades. Notable

factor is that the Cultivation which is the major land use in the study region has increased to a

small extent. Vegetation had decreased drastically over last two decades from 30% (1992) to

about 6% (2010). The results of the overall accuracy for each classification map were 90%
(1992), 90.33% (1999), 92.45% (2005) and 94.12% (2010). Kappa values were 0.84 (1992),
0.85(1999), 0.9 (2005) and 0.91 (for 2010).

Class | Urban % | Vegetation % | Water % | Cultivation
Years v
1992 | 13.58 30.94 1.52 53.95
1999 | 2532 24.82 1.51 48.35
2005 | 28.16 10.09 1.12 60.62
2010 | 33.56 5.52 1.2 59.72

Table 3b: Results of Land use analysis

Ramachandra T.V. and Bharath H. Aithal , 2014. Urban Trajectory in Metropolitan and Megalopolis Regions of Karnataka,
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Figure 3b: Results of Land use analysis

5.3 Hubli —-Dharwad: Both Hubli and Dharwad dominated by cultivable land area has a huge
green area which includes both Green cover and cultivation. Vegetation cover of the study
area assessed through NDVI (Figure 4a), shows that area under vegetation has declined from
97% (1989) to 78% (2010) in Hubli and from 98% (1989) to 86% (2010) in Dharwad.
Temporal NDVI values are listed in Table 4a.

Land use analysis: Land use assessed for the period 1973 to 2009 using Gaussian maximum
likelihood classifier is listed Table 4b and the same is depicted in figure 4b. The overall
accuracy of the classification ranges from 76% (1989), 83% (2000), 81% (2005) to 94%
(2010) respectively. Kappa statistics and overall accuracy was calculated and is as listed in
Table 4c¢. There has been a significant increase in built-up area during the last decade evident
from table 4c. Other category covers major portion of the land use. Consequent to these, there
has been a slight decrease of vegetation cover especially in the Dharwad region during the

past three decades.

Hubli - Hubli - Dharwad - Dharwad -
Year Vegetation Non-Vegetation vegetation Non -vegetation
1989 97.0 3.0 98.12 1.88
2000 94.35 5.65 96.48 3.52
2005 89.73 10.27 92.21 7.79
2010 78.31 21.69 86.43 13.57

Table 4a: Temporal Land cover details (%).
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Figure 4a: Temporal Land cover changes during Past three Decades Hubli and Dharwad.
Land use -Hubli

Year Urban | Vegetation | Water | Others
1989 1.08 0.22 0.64 98.06
2000 2.25 0.45 0.98 96.31
2005 9.85 0.71 0.74 88.70
2010 14.62 0.42 0.65 84.30

Table 4b: Temporal land use details for Hubli

Land use -
Dharwad Urban | Vegetation | Water | Others

Year
1989 0.62 1.43 0.51 97.45
2000 1.93 1.41 1.13 95.52
2005 3.75 1.29 0.25 94.71
2010 6.47 0.69 0.47 92.36
Table 4b: Temporal land use details for Dharwad

Year Kappa coefficient Overall accuracy (%)

1989 0.82 76.34

2000 0.89 83.54

2005 0.83 81.62

2010 0.91 94.86

Table 4c: Kappa statistics and overall accuracy
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Figure 4b: Classification output of Hubli & Dharwad

5.4 Gulbarga: Land use Land Cover analysis - Vegetation cover analysis: Vegetation cover
of the study area assessed through NDVI (Figure 5a) shows that area under vegetation has
declined by about 19%. Temporal NDVI values are listed in Table 5a, which shows that there

has been a substantial increase in the area other than the vegetation.

' . i' % N

010

Figure 5a: Temporal Land cover changes during 1973 — 2009;
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Vegetation Non vegetation
Year % %
1973 98.01 1.99
1992 94.72 5.28
2002 91.33 8.67
2010 79.41 20.57
Table 5a: Temporal Land cover details

Land use analysis: Land use assessed for the period 1973 to 2010 using Gaussian maximum

likelihood classifier is listed Table 5b and the same is depicted in figure Sb. The overall
accuracy of the classification Ranges from 73.23% (1973) to 94.32% (2010). Kappa statistics

and overall accuracy was calculated and is as listed in Table 5c. There has been a significant

increase in built-up area during the last decade evident from 21% increase in urban area.

Other category also had an enormous decrease in the land use. Consequent to these,

vegetation cover has declined during the past four decades.

Land

use | Urban | Vegetation | Water | Cultivation
Year and others
1973 | 1.08 1.01 0.34 97.17
1992 | 2.62 1.54 0.40 95.44
2002 | 7.22 0.55 0.23 92.01
2010 | 22.52 0.49 0.39 76.60

Table 5b: Temporal land use details for Gulbarga

Year Kappa Overall
coefficient accuracy (%)
1973 0.72 73.23
1989 0.86 89.69
1999 0.82 81.47
2009 0.93 94.32

Table 5c: Kappa statistics and overall accuracy
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Figure 5b: Classification output of Gulbarga:

5.5 Raichur: Vegetation cover analysis - Vegetation cover of the study area assessed through

NDVI (Figure 6a), shows that area under vegetation has declined by about 19%. Temporal

NDVI values are listed in Table 6a. Which shows that there has been a substantial increase in

the Non Vegetative area. There has been an increase from 3 % to 17 percent this tells us that

there has been staggering growth of impervious cover in the region, which is also indicated

by decrease in vegetative cover.

Land use analysis: Land use assessed for the period 1973 to 2010 using Gaussian maximum
likelihood classifier is listed Table 6b and the same is depicted in figure 6b. The overall
accuracy of the classification Ranges from 69.28 % (1973) to 88.12 % (2010). Kappa
statistics and overall accuracy was calculated and is as listed in Table 6¢. There has been a
significant increase in built-up area during the last decade evident from 590% increase in
urban area which was 1.44% in 1975 has grown to 8.51% considering buffer area. Other
category also had an enormous decrease in the land use. Consequent to these, cultivable area

has come down drastically.

Vegetation Non vegetation
Year % %
1975 96.32 3.68
1989 92.18 7.82
2001 89.36 10.64
2010 82.48 17.52

Table 6a: Temporal Land cover details.
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Figure 6a: Temporal Land cover changes during 1973 —2010
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Figure 6b:Classification output of Raichur
Land
use | Urban | Vegetation | Water | Cultivation
Year and others
2010 | 8.51 4.81 0.97 85.71
2002 | 5.21 3.58 1.36 89.85
1992 | 2.48 0.91 1.04 95.57
1973 | 1.44 1.62 0.88 96.16
Table 6b: Temporal land use details for Raichur
Year Kappa coefficient Overall accuracy (%)
1973 0.69 69.28
1989 0.83 81.69
1999 0.83 84.53
2009 0.89 88.12

Table 6¢: Kappa statistics and overall accuracy

5.6 Bellary: Land use Land Cover analysis- Land cover analysis: Vegetation cover of the

study area assessed through the computation of NDVI (Figure 7a). Since as discussed earlier
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the NDVI values indicate the status of vegetation versus Non vegetation, here vegetation
indication all the reflectance’s which have higher values in Near IR region (Cultivation,
vegetation etc.). The area under vegetation in 1973 is 57.53% which indicates that total of
cultivable and vegetative area, since the open soil was higher in the region. During 1973-
2001 there was an increase in cultivable area in these region which showed that vegetation
increase in 2001, 2005 and 2010. To understand the vegetation status and cultivation status
further and to assess the urban growth land use investigation was carried out. Temporal

NDVI values are listed in Table 7a.

Vegetation Non-Vegetation
Year % %
1973 57.51 42.47
2001 94.87 5.13
2005 94.8 5.2
2010 93.7 6.27
Table 7a: Temporal Land cover details.
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Figure 7a: Temporal Land cover changes during Past three Decades

Land use analysis: Land use assessed for the period 1973 to 2010 using Gaussian maximum
likelihood classifier is listed Table 7b and the results is as depicted in figure 7b. The overall
accuracy of the classification ranges from 78% (1973), 86% (2001), 84% (2005) to 89%
(2010) respectively. Kappa statistics and overall accuracy was calculated and is as listed in

Table 7c. There has been a significant increase in built-up area during the last decade evident
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from table V. There has been a decrease of vegetation cover in the region during the past four

decades. Significant increase in other class and the urban class was observed.
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Figure 7b:Classification output of Bellary

Land
use | Urban | Vegetation | Water | Cultivation
Year and others
2010 | 7.42 | 0.48 2.04 | 90.07
2005 | 423 | 0.92 4.73 190.12
2001 | 2.64 | 0.41 2.01 [94.94
1973 | 2.12 | 4.61 2.35 190.92
Table 7b: Temporal land use details for Bellary
Year Kappa Overall
coefficient accuracy (%)
1973 0.69 78.32
2001 0.84 86.94
2005 0.82 84.53
2010 0.86 89.69

Table 7c: Kappa statistics and overall accuracy

5.7 Belgaum: Land Cover Analysis - To understand the ration of vegetation and non-
vegetation as primary analysis various land cover indices were analysed. NDVI index proved
to provide insights to understand the vegetation cover. NDVI was calculated for all the years
for which data is considered, the results of the analysis are shown in Figure 8a and are as

tabulated in Table 8a. The results indicate that the vegetation in the study region decreased
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for 98.8% in 1989 to 91.74% in 2012. Further this necessitated understanding the land use

temporally in order to understand the status of various land use.

1989 2000 A

2006 2012

Figure 8a: Land Cover Classification

Year | Vegetation Non Vegetation
1989 98.8% 1.2%
2000 98.41% 1.59%
2006 96.35% 3.65%
2012 91.74 % 8.26 %

Table 8a. Land cover analysis

Land Use Analysis: The spatio temporal land use changes between years 1989 to 2006 were
analysed using maximum likelihood Classifier, the results of the analysis are as shown in
figure 8b and the temporal land use is as tabulated in listed in Table 8b. The results of the
analysis indicate that the urban impervious land use has increased from 0.31 % in 1989 to
6.74% in 2012; vegetation decreased from 4.62% in 1989 to 2.44% in 2012, Water category

remained fairly constant.
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Figure 8b. Land Use Classification
Year 1989 2000 2006 2012
Land use % Area(Ha) % | Area(Ha) % Area(Ha) % Area(Ha)
Water 0.14 5324 | 033 | 12549 | 023 | 87.47 0.24 92.03
Xegeta“o 462 | 175692 | 2.58 | 981.14 | 233 | 88607 | 244 | 9873
Built up 0.31 117.89 | 1.17 | 44493 | 481 | 1829.17 | 6.74 2190.15
Others 94.9 36089.11 | 95.92 | 36477.00 | 92.93 | 35339.95 | 91.58 34904.41
Total Area in Hectares : 38028.57
Table 8b. Land Use analysis
Year Overall Accuracy Kappa Value
1989 94.85 0.87
2000 92.73 0.83
2006 93.64 0.92
2012 93.12 0.93

Table 8c: Kappa Statistics and Accuracy Assessment

6.0 Urban Sprawl Analysis — Computation of Shannon Entropy:

6.1 Mysore: Shannon entropy computed using temporal data are listed in table 9a. Mysore is
experiencing the sprawl in all directions as entropy values are closer to the threshold value
(log (8) = 0.9). Lower entropy values of 0.007 (NW), 0.008 (SW) during 70’s shows an

aggregated growth as most of urbanization were concentrated at city centre. However, the
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region experienced dispersed growth in 90’s reaching higher values of 0.452 (NE), 0.441
(NW) in 2009 during post 2000’s. The entropy computed for the city (without buffer regions)
shows the sprawl phenomenon at outskirts. However, entropy values are comparatively lower
when buffer region is considered. Shannon's entropy values of recent time confirms of
minimal fragmented dispersed urban growth in the city. This also illustrates and establishes

the influence of drivers of urbanization in various directions.

NE NW SE SW
2009 | 0.452 | 0.441 0.346 0.305
1999 | 0.139 | 0.043 0.0711 | 0.050
1992 | 0.060 | 0.010 0.0292 | 0.007
1973 | 0.067 | 0.007 0.0265 | 0.008
Table 9a: Shannon Entropy for Mysore

6.2 Shimoga: Shannon entropy was calculated to understand the state of urbanization
direction wise in the study region (either fragmented or clumped) and are given in Table 9b.
The analysis show of sprawl in the North West, while significant growth was observed in
North East, South East and South west but fragmented due to presence of cultivable land in

these regions.

NE |NW | SE | SW

1992 0.23 | 0.24|0.18 | 0.25
1999 0.39 |0.410.340.36
2005 0.4 |0.45]0.38]|0.43
2010 043 | 0.7 | 0.42|0.47
Reference value | 1.079 (Log(12))
Table 9b: Results of Shannon’s entropy: Shimoga

6.3 Hubli-Dharwad: Shannon entropy computed using temporal data are listed in Table 9c.
Hubli-Dharwad is experiencing the sprawl in all directions as entropy values inching closer to
the threshold value (for Hubli: log (12) = 1.07 For Dharwad: log(7) = 0.845). Lower entropy
values of 0.02 (NW), 0.011 (SW) during late 80’s shows an aggregated growth as most of
urbanization were concentrated at city center. However, the region experienced dispersed
growth in 90’s reaching higher values of 0.36 (NE), 0.49 (SE) in 2010 during post 2000’s.
The entropy computed for the city (without buffer regions) shows the sprawl phenomenon at
outskirts. However, entropy values are comparatively lower when buffer region is considered.
Shannon's entropy values of recent time confirms of minimal fragmented dispersed urban
growth in the city. This also illustrates and establishes the influence of drivers of urbanization

in various directions.
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Hubli | NE NW SE SW Dharwad | NE NW | SE SW
1989 | 0.027 0.02 0.055 | 0.011 1989 0.011 0.013 | 0.008 0.006
2000 | 0.029 0.053 0.102 | 0.042 2000 0.016 0.023 | 0.014 0.018
2005 | 0.146 0.09 0.21 | 0.059 2005 0.08 0.086 | 0.09 0.0745
2010 | 0.369 0.134 0.49 | 0.128 2010 0.168 0.164 | 0.213 0.216

Table 9¢: Shannon Entropy Index

6.4 Gulbarga: Shannon entropy computed using temporal data are listed in Table 9d.
Mysore is experiencing the sprawl in all directions as entropy values are closer to the
threshold value (log (10) = 1). Lower entropy values of 0.018 (SW), 0.023 (SE) during 70’s
shows an aggregated growth. However, the region show a tendency of dispersed growth
during post 2000 with higher entropy values 0.268 (NE), 0.212 (NW) in 2010. Shannon's
entropy values of recent time indicate of minimal but fragmented/dispersed urban growth in

the region.

NE NW SE SW
2010 | 0.268 | 0.212 0.193 0.141
2002 | 0.139 |0.112 0.091 0.098
1992 ] 0.086 | 0.065 0.046 0.055
1973 |1 0.067 | 0.034 0.023 0.018
Table 9d: Shannon Entropy Index
6.5 Raichur: The entropy is calculated considering 7 gradients in 4 directions and are listed

in table 9e. The reference value is taken as Log (7) which is 0.77 and the computed
Shannon’s entropy values closer to this, indicates of sprawl. Increasing entropy values from
1973 to 2010 shows the tendency of dispersed growth of built-up area in the city with respect
to 4 directions as we move towards the outskirts and this phenomenon is most prominent in

SE and SW directions.

NE | NW SE SW
2010 | 0.135] 0.146 | 0.168 | 0.194
2002 | 0.078 | 0.083 | 0.084 | 0.097
1992 | 0.023 | 0.026 | 0.026 | 0.027
1973 | 0.01 | 0.006 | 0.007 | 0.005
Table 9e: Shannon Entropy Index
6.6 Bellary: The entropy is calculated considering 10 gradients in 4 directions and are listed

in table 9f. The reference value is taken as Log (10) which is 1 and the computed Shannon’s
entropy values are inching closer to the threshold value, indicating tendency of sprawl.

Increasing entropy values from 1973 to 2010 shows the tendency of dispersed growth of
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built-up area in the city with respect to 4 directions as we move towards the outskirts and this

phenomenon is most prominent in SE and NE directions.

NE | NW | SE SW

2010 | 0.37 1 0.32 | 0.389 | 0.33

2005 1 0.23 10.25|0.26 | 0.24

2001 | 0.1 |0.09|0.12 |0.14

19731 0.04 | 0.03 | 0.08 | 0.06
Table 9f: Shannon Entropy Index

6.7 Belgaum: The threshold limit of Shannon’s Entropy is logl1 (1.04139). The results

indicated that though Belgaum considering the buffer region has effect of urban sprawl
considering the values of 1980 and 2012, and the effect is gaining strength temporally
considering the threshold value of 1.041

NE NwW SE SW

1989 | 0.005967 | 0.019111 | 0.003412 | 0.008811

2000 | 0.028393 | 0.054622 | 0.017126 | 0.033461

2006 | 0.079145 | 0.14097 | 0.108442 | 0.113038

2012 | 0.086431 | 0.165239 | 0.115427 | 0.137098
Table 9g: Shannon’s Entropy Analysis

7.0 Spatial patterns of urbanisation: In order to understand the spatial pattern of

urbanization, eleven landscape level metrics were computed zone wise for each circle. These
metrics are discussed below:

7.1 Mysore: Number of Urban Patch (Np) is a landscape metric indicates the level of
fragmentation and ranges from 0 (fragment) to 100 (clumpiness). Figure 10a illustrates that
the city is becoming clumped patch at the center, while outskirts are relatively fragmented.
Clumped patches are more prominent in NE and NW directions and patches is agglomerating
to a single urban patch. Largest patch index (Fig 10b) highlights that the city’s landscape is
fragmented in all direction (in 1973) due to heterogeneous landscapes, transformed a
homogeneous single patch in 2009.The patch sizes given in figure 8c highlights that there
were small urban patches in all directions (till 1999) and the increase in the LPI values
implies increased urban patches during 2009 in the NE and SW. Higher values at the center
indicates the aggregation at the center and in the verge of forming a single urban patch largest

patches were found in NE and SW direction (2009).
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The patch density (Fig 10c) is calculated on a raster map, using a 4 neighbour algorithm.
Patch density increases with a greater number of patches within a reference area. Patch
density was higher in 1973 as the number of patches is higher in all directions and gradients
due to presence of diverse land use, which remarkably increased post 1989(NW) and
subsequently reduced in 1999, indicating the sprawl in the region in in early 90°s and started

to clump during 2009, which was even confirmed by number of patches.

Landscape Shape Index (LSI): LSI equals to 1 when the landscape consists of a single square
or maximally compact (i.e., almost square) patch of the corresponding type and LSI increases
without limit as the patch type becomes more disaggregated. Results (Fig 10d) indicate that
there were low LSI values in 1973 as there was minimal urban areas which were aggregated
at the centre. Since 1990’s the city has been experiencing dispersed growth in all direction

and circles, towards 2009 it shows a aggregating trend as the value reaches 1.

Patch cohesion index measures the physical connectedness of the corresponding patch type.
This is sensitive to the aggregation of the focal class below the percolation threshold. Patch
cohesion increases as the patch type becomes more clumped or aggregated in its distribution;
hence, more physically connected. Above the percolation threshold, patch cohesion is not
sensitive to patch configuration. Figure 4e indicate of physical connectedness of the urban
patch with the higher cohesion value (in 2009). Lower values in 1973 illustrate that the

patches were rare in the landscape (Fig. 10e).
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Fig 10a: Number of patches (zonewise, Fig 10b: Largest Patch — zonewise, circlewise
circlewise)
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Figure 10e: Cohesion Index

7.2 Shimoga: Number of Patches (NP) NP reflects the extent of fragmentation of a particular
class in the landscape. Higher the value more the fragmentation, Lower values is indicative of
clumped patch or patches forming a single class. The results (figure 11a) show that center is
in the verge of clumping especially accelerated in 2005 and 2010, while the outskirts remain
fragmented and are highly fragmented during 2005 and 2010 in North east, south east and
south west directions. North west zone is losing its vegetation and cultivation class and this
zone is highly fragmented in the outskirts during 2005 but is now in the verge of forming a

single built up class.

Largest patch index: LPI (figure 11b) indicates that the landcape is aggregating to form single
patches in almost all directions and gradients. Fragmented outskirts are also now on the verge
of forming a single patch, and core center is almost constant except in north east and south

east directions as it has also water class which is comparatively a large patch .

Patch Density (PD): PD refers to number of patches per unit considered. This index is
computed using a raster data with4 neighbour algorithm. Patch density increases with a
greater number of patches within a reference area. As seen before the fragmentation is large

in the buffer regions and hence the patch density is high in the buffer region as compared to
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the core area. Patch density increased with number of patches increasing in mid-90’s further
continued till 2005. During the years 2005- 2010 patch density considerably decreased as
number of patches decreased and hence indicated the process of clumping. Figure 1lc

explains the patch density at patch level.

Normalized Landscape Shape Index (NLSI): NLSI calculates the value based on particular
class rather than landscape and is equal to zero when the landscape consists of single square
or maximally compact almost square, its value increases when the patch types becomes
increasingly disaggregated and is 1 when the patch type is maximally disaggregated. The
results (Figure 11d) indicate that the urban area is almost clumped in all direction and all
gradients especially in north east and west direction. It shows a small degree of fragmentation
in the buffer regions in south west and south east direction. The core area is in the process of

becoming maximally square in all directions.

Interspersion and Juxtaposition (1JI): Interspersion and Juxtaposition approaches 0 when the
distribution of adjacencies among unique patch types becomes increasingly uneven. 1JI is
equal to 100 when all the patch types are equally adjacent to all other patch types. Analysis
on the study region indicates (Figure 1le) that near the core the values are near zero
indicating adjacencies are uneven whereas in the outskirts and buffer zones values are

relatively higher indicating that they are relatively adjacent and clumped

X axis - circles @ 1km, ¥ axis - Metrie values

X - Cirches @ TR, ¥ - a0 1 Metric vabue

Fig 11a: Number of patches (zonewise, Fig 11b: Largest Patch — zonewise, circlewise
circlewise)
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Figure 11e: IJI Index

7.3 Hubli-Dharwad: Figure 12a illustrates that the Hubli city is forming patched that are
clumped at the center but is relatively disaggregated at the outskirts, but compared to the year
2005, 2010 results is indicative of clumped urban patch in the city and is directive of forming
a single urban patch. Clumped patches are more prominent in NE and SW directions and
patches is agglomerating to a single urban patch. The case with Dharwad is different as in
case it has started to disaggregate in 2010, until 2010 there were less no of urban patches in

the city, which have increased in 2010, which is indicative of sprawled growth in the city.

Patch density (Fig 12b) is calculated on a raster map, using a 4 neighbor algorithm. Patch
density increases with a greater number of patches within a reference area. Patch density in
Hubli and Dharwad was higher in 2005 as the number of patches is higher in all directions
and gradients due to increase in the urban built area, which remarkably increased post
1989(SW, NE) and subsequently reduced in 2010, indicating the sprawl in the region in in
early 90°s and started to clump during 2010. The patch density is quite high in the outskirts

also in both the cities.
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Landscape Shape Index (LSI): LSI equals to 1 when the landscape consists of a single square
or maximally compact (i.e., almost square) patch of the corresponding type and LSI increases
without limit as the patch type becomes more disaggregated. Results (Fig 12c¢) indicate that
there were low LSI values in 1989 as there was minimal urban areas in both Hubli and
Dharwad which were mainly aggregated at the center. Since late 1990°s both the city has
been experiencing dispersed growth in all direction and circles and Hubli reached the peak of
dispersed growth during 2005, towards 2010 it shows a aggregating trend in Hubli, whereas

In Dharwad it is showing an dispersed growth.

Percentage of Like Adjacencies (Pladj) is the percentage of cell adjacencies involving the
corresponding patch type those are like adjacent. Cell adjacencies are tallied using the
double-count method in which pixel order is preserved, at least for all internal adjacencies.
This metrics also explains the adjacencies of urban patches that the city center is getting more
and more clumped with similar class (Urban) and outskirts are relatively sharing different
internal adjacencies. Hubli city shows more adjacent clumped growth, whereas Dharwad

shows more disaggregated growth (Fig. 12d).
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Figure 12a: Number of urban patches (Directionwise, circlewise)
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Figure 12d: Percentage of Like Adjacencies (Direction wise, circle wise)

7.4 Gulbarga: Number of patches: Figure 13a illustrates of the urban growth evident from

the increase in number of patches in 1992 and 2002 whereas in 2010 the patches have

decreased indicating aggregation or clumped growth, while outskirts and boundary area (5"

Ramachandra T.V. and Bharath H. Aithal , 2014. Urban Trajectory in Metropolitan and Megalopolis Regions of Karnataka,
India, ENVIS Technical Report 59, ENVIS, Centre for Ecological Sciences, I1Sc, Bangalore 560012, Pp 207

28




ENVIS Technical Report 59| 2014

circle onwards) is showing a fragmented growth. Clumped patches at center are more
prominent in NE and SE directions. Outskirts are fragmented more in NE and SE directions

indicative of higher sprawl in the region.

The patch density (Figure 13b) is calculated on a raster data, using a 4 neighbour algorithm.
Patch density increases with a greater number of patches within a reference area. Patch
density was higher in 1992 in all directions and gradients due to small urban patches. This
remarkably increased in 2002 in the outskirts which are an indication of sprawl in 2002,
subsequently increasing in 2010. PD is low at centre indicating the clumped growth, which

was in accordance with number of patches.

Landscape Shape Index (LSI): LSI equals to 1 when the landscape consists of a single square
or maximally compact (i.e., almost square) patch of the corresponding type and LSI increases
without limit as the patch type becomes more disaggregated. Figure 6¢ indicates of lower LSI
values in 1973 due to minimal concentrated urban areas at the center. The city has been
experiencing dispersed growth in all direction and circles since 1990’s. In 2010 it shows a
aggregating trend at the centre as the value is close to 1, whereas it is very high in the

outskirts indicating the peri urban development (fig 13c).

Patch cohesion index measures the physical connectedness of the corresponding patch type.
This is sensitive to the aggregation of the focal class below the percolation threshold. Patch
cohesion increases as the patch type becomes more clumped or aggregated in its distribution;
hence, more physically connected. Above the percolation threshold, patch cohesion is not
sensitive to patch configuration. Figure 13d indicate of physical connectedness of the urban
patch with the higher cohesion value (in 2010). Lower values in 1973 illustrate that the

patches were rare in the landscape.

Fig 13a: Number of urban patches Fig 13b: Patch density — zonewise, circle wise
(zonewise, circlewise)
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7.5 Raichur: Number of patches: Figure 14a illustrates the temporal dynamics of number of
patches. Urban patches are less at the center in 1970’s as the growth was concentrated in
central pockets. There was a gradual increase in the number of patches in 80’s and further in
2001, but these patches are forming a single patch during 2010 indicative that the urban area
is getting clumped as a single patch at the center, but in the buffer regions there has been a
tremendous increase in 2001. Clumped patches at center are more prominent in NE and SE

directions and patches is agglomerating to a single urban patch.

The patch density (Fig 14b) is calculated on a raster map, using a 4 neighbor algorithm.
Patch density increases with a greater number of patches within a reference area. Patch
density was higher in 1989 and 2001 as the number of patches is higher at the in all
directions. Ensity declined at the central gradients in 2010. In the outskirts the patch density
has increased in early 2000’s which is indicative of sprawl in the region and PD is low at
center indicating the clumped growth during late 2000°s, which was in accordance with

number of patches.

Landscape Shape Index (LSI): LSI equals to 1 when the landscape consists of a single
square or maximally compact (i.e., almost square) patch of the corresponding type and LSI
increases without limit as the patch type becomes more disaggregated. Results (Fig 14c¢)
indicate that there were low LSI values in 1973 as there were minimal urban areas and were
concentrated in the center. Since 1990’s the city has been experiencing dispersed growth in
all direction and circles, towards 2010 it shows a aggregating trend at the center as the value

is close to 1, whereas it is very high in the outskirts indicating the peri urban development.
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Patch cohesion index measures the physical connectedness of the corresponding patch type.
Figure 14d indicate of physical connectedness of the urban patch with the higher cohesion

value (in 2010). Lower values in 1973 illustrate that the patches were rare in the landscape.
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7.6 Bellary: Number of Urban Patch (Np) is a landscape metric indicates the level of
fragmentation and ranges from 0 (fragment) to 100 (clumpiness). Figure 15a illustrates the
temporal dynamics of number of patches. Increased number of patches indicates the land
fragmentation and decreasing of increased patches indicates the fragmented landscape
forming a single land use patch. As observed from the figure, urban patches are least in the
landscape in 1970’s as the growth was concentrated on at the city center. In 2000’s Bellary
city saw a gradual increase in the number of patches, which can be understood as features of
fragmented landscape, further in 2010, these patches are increasingly forming a single patch
at the center during 2010 indicative that the urban area forming a single clump patch
destroying all other land uses, but the case in the buffer regions has been indicative of higher
fragmentation during the latter years. Clumped patches at center are more prominent in NE
and SE directions and patches are agglomerating to a single urban patch.

Landscape Shape Index (LSI): LSI equals to 1 when the landscape consists of a single square

or maximally compact (i.e., almost square) patch of the corresponding type and LSI increases
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without limit as the patch type becomes more disaggregated. Results (Fig 15b) indicate that
there were low LSI values in 1973 as there were minimal urban areas and were concentrated
in the center. Since 2001 the city has been experiencing dispersed growth in all direction and
in every gradient, towards 2010 it shows aggregating urban land use at the center forming a
simple shaped single patch as the value is close to 1, whereas, the values of LSI are very high
in the outskirts indicating a complex shaped growth with also is indicative of fragmented
landscape in the buffer zone.

Largest Patch Index (LPI): This metric reveals information about the largest patches in the
Landscape and its native existence. Urban patch again counted as a largest patch in 2010 in the
central area of Bellary, whereas the buffer zones had a mixture of other patches. Figure 15c is

illustrative of results of this analysis.

Patch cohesion index measures the physical connectedness of the corresponding patch type.
Figure 15d describes the results of the analysis of physical connectedness of the urban patch
with the higher cohesion value (in 2010) indicating that the urban count is higher in the
considered study region. Lower values in 1973 illustrate that the urban patches were rare in the

landscape.
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7.7 Belgaum: Number of Patches (NP): NP is a type of metric describes the growth of
particular patches wither in a aggregated or fragmented patch growth in the region and also
explains the underlying urbanization process. Number of Patch is always equal to or greater
I, NP = 1 indicates that there is only 1 patch of a particular class, showing aggregated
growth, larger values of NP indicate fragmented growth. The results indicate that there has
been an extensive growth of urban patches in all directions post 2000, which have increased
specially in the buffer zones, which indicate the growth of sprawl area as fragments

represented in figure 15a.

Patch Density (PD): PD is a landscape metric which is quite similar to number of patches but
gives density about the landscape in analysis, The values vary from 0 to 1, O indicating a
single homogenous patch, whereas values towards 1 indicates fragmented growth as the
patches increase the patch density increases. The results as observed that from the figure 15b
below, the landscape under study is becoming fragmented towards the outskirts, but at the
core of the city, clumped patches are prominent in all directions specially post 2000. In 2012,
this substantially decreased in almost all directions mainly due to patches getting clumped

and forming a single patch.

Landscape Shape Index (LSI): LSI provides a measure of class aggregation or clumpiness
depending on the shape of the class in analysis, when the value of LSI is 1, this indicates
clumped growth, the increasing values of LSI indicates aggregation. Figure 15¢ represents the
results of LSI. The results of metric puts out a fact that in 2012 landscape class shapes are
becoming more complex indicative of fragmented growth, with comparison of simple shape

in 1980°s a clumped growth

Cohesion measures the physical connectivity between adjacent patches; the cohesion value 0
indicates disaggregation and no inter connectivity between patches and higher value indicates
clumped and connectivity between patches. Value higher post 2000 tells us that the
fragmented landscape if forming a single clumped patch.in almost all gradients and zones

(Figure 15d).
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8.0 Conclusion

A combination of qualitative and quantitative analyses of spatial temporal land use analyses,
fragmentation analysis and characterisation of urbanization process through spatial metrics
direction wise for each gradients were adopted for an improved understanding of
urbanisation processes in the tier II cities, Megalopolis of Karnataka, India. Land cover
analysis reveals that there was reduction in the vegetation cover during the past two decades
in the study regions.

Land use analysis reveals of increase in urban category increased in last two decades. Spatial
analysis revealed that land use in the outskirts is fragmented. Shannon’s entropy showed that
there was urban sprawl in the outskirts necessitating immediate policy measures to provide
infrastructure and basic amenities. Landscape metrics conform of the urban sprawl in the
buffer zone, whereas the core area had mix of classes and as we go from the center towards

administrative boundary the urban density intensifies. Governmental agencies need to
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visualize possible growth poles for an effective policy intervention. . Any efforts to do so,
however, must take into account the multitude of social, environmental and biophysical
realities that will continue to shape the region’s future. Physical urban growth in the region
will undoubtedly continue, but it is required that the city planners and developers of all these
cities take a note of the situation and plan for further developmental urban activities in a

sound, flexible and sustainable way.
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ARTICLE INFO ABSTRACT
Article history: Urbanisation is a dynamic complex phenomenon involving large scale changes in the land uses at local
Received 4 June 2011 levels. Analyses of changes in land uses in urban environments provide a historical perspective of land

Accepted 11 March 2012 use and give an opportunity to assess the spatial patterns, correlation, trends, rate and impacts of the

change, which would help in better regional planning and good governance of the region. Main objective
KeJ’W"TdS{ of this research is to quantify the urban dynamics using temporal remote sensing data with the help of
gigggl:a:?wnl well-established landscape metrics. Bangalore being one of the rapidly urbanising landscapes in India has
Lan dsca[;)e metrics been chosen for this investigation. Complex process of urban sprawl was modelled using spatio temporal
Spatial metrics analysis. Land use analyses show 584% growth in built-up area during the last four decades with the
Remote sensing decline of vegetation by 66% and water bodies by 74%. Analyses of the temporal data reveals an increase
in urban built up area of 342.83% (during 1973-1992), 129.56% (during 1992-1999), 106.7% (1999-2002),
114.51% (2002-2006) and 126.19% from 2006 to 2010. The Study area was divided into four zones and
each zone is further divided into 17 concentric circles of 1km incrementing radius to understand the
patterns and extent of the urbanisation at local levels. The urban density gradient illustrates radial pat-
tern of urbanisation for the period 1973-2010. Bangalore grew radially from 1973 to 2010 indicating that
the urbanisation is intensifying from the central core and has reached the periphery of the Greater Ban-
galore. Shannon’s entropy, alpha and beta population densities were computed to understand the level
of urbanisation at local levels. Shannon’s entropy values of recent time confirms dispersed haphazard
urban growth in the city, particularly in the outskirts of the city. This also illustrates the extent of influ-
ence of drivers of urbanisation in various directions. Landscape metrics provided in depth knowledge
about the sprawl. Principal component analysis helped in prioritizing the metrics for detailed analyses.
The results clearly indicates that whole landscape is aggregating to a large patch in 2010 as compared to
earlier years which was dominated by several small patches. The large scale conversion of small patches
to large single patch can be seen from 2006 to 2010. In the year 2010 patches are maximally aggregated
indicating that the city is becoming more compact and more urbanised in recent years. Bangalore was
the most sought after destination for its climatic condition and the availability of various facilities (land
availability, economy, political factors) compared to other cities. The growth into a single urban patch
can be attributed to rapid urbanisation coupled with the industrialisation. Monitoring of growth through
landscape metrics helps to maintain and manage the natural resources.

© 2012 Elsevier B.V. All rights reserved.

1. Introduction the progressive concentration of human population. The process
entails switch from spread out pattern of human settlements to

Urbanisation and Urban Sprawl: Urbanisation is a dynamic compact growth in urban centres. Rapidly urbanising landscapes
process involving changes in vast expanse of land cover with attains inordinately large population size leading to gradual col-
lapse in the urban services evident from the basic problems in

housing, slum, lack of treated water supply, inadequate infrastruc-

ture, higher pollution levels, poor quality of life, etc. Urbanisation
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URL: http://ces.iisc.ernet.in/energy (R. TV). approaches, is leading to lack of infrastructure and basic amenities.

0303-2434/$ - see front matter © 2012 Elsevier B.V. All rights reserved.
doi:10.1016/j,jag.2012.03.005

38


dx.doi.org/10.1016/j.jag.2012.03.005
http://www.sciencedirect.com/science/journal/03032434
http://www.elsevier.com/locate/jag
mailto:cestvr@ces.iisc.ernet.in
mailto:energy@ces.iisc.ernet.in
http://ces.iisc.ernet.in/energy
dx.doi.org/10.1016/j.jag.2012.03.005

330 R. TV et al. / International Journal of Applied Earth Observation and Geoinformation 18 (2012) 329-343

Hence proper urban planning with operational, developmental and
restorative strategies is required to ensure the sustainable manage-
ment of natural resources.

Urban dynamics involving large scale changes in the land use
depend on (i) nature of land use and (ii) the level of spatial accu-
mulation. Nature of land use depends on the activities that are
taking place in the region while the level of spatial accumulation
depends on the intensity and concentration. Central areas have a
high level of spatial accumulation of urban land use (as in the CBD:
Central Business District), while peripheral areas have lower levels
of accumulation. Most economic, social or cultural activities imply
a multitude of functions, such as production, consumption and dis-
tribution. These functions take place at specific locations depending
on the nature of activities - industries, institutions, etc.

Unplanned growth would involve radical land use conversion
of forests, surface water bodies, etc. with the irretrievable loss
of ground prospects (Pathan et al., 1989, 1991, 1993, 2004). The
process of urbanisation could be either in the form of town-
ships or unplanned or organic. Many organic towns in India are
now influencing large-scale infrastructure development, etc. Due
to the impetus from the National government through develop-
ment schemes such as JNNURM (Jawaharlal Nehru National Urban
Renewal Mission), etc. The focus is on the fast track development
through an efficient infrastructure and delivery mechanisms, com-
munity participation, etc.

The urban population in India is growing at about 2.3% per
annum with the global urban population increasing from 13% (220
million in 1900) to 49% (3.2 billion, in 2005) and is projected to
escalate to 60% (4.9 billion) by 2030 (Ramachandra and Kumar,
2008; World Urbanisation Prospects, 2005). The increase in urban
population in response to the growth in urban areas is mainly due
to migration. There are 48 urban agglomerations/cities having a
population of more than one million in India (in 2011).

Urbanisation often leads to the dispersed haphazard develop-
ment in the outskirts, which is often referred as sprawl. Thus urban
sprawl is a consequence of social and economic development of
a certain region under certain circumstances. This phenomenon
is also defined as an uncontrolled, scattered suburban develop-
ment that depletes local resources due to large scale land use
changes involving the conversion of open spaces (water bodies,
parks, etc.) while increasing carbon footprint through the spurt in
anthropogenic activities and congestion in the city (Peiser, 2001;

500
o’
kilometers

1,000

Ramachandra and Kumar, 2009). Urban sprawl increasingly has
become a major issue facing many metropolitan areas. Due to lack
of visualization of sprawl a priori, these regions are devoid of any
infrastructure and basic amenities (like supply of treated water,
electricity, sanitation facilities). Also these regions are normally left
outinall government surveys (even in national population census),
as this cannot be grouped under either urban or rural area. Under-
standing this kind of growth is very crucial in order to provide basic
amenities and more importantly the sustainable management of
local natural resources through decentralized regional planning.
Urban sprawl has been captured indirectly through socioeco-
nomic indicators such as population growth, employment oppor-
tunity, number of commercial establishments, etc. (Brueckner,
2000; Lucy and Philips, 2001). However, these techniques can-
not effectively identify the impacts of urban sprawl in a spatial
context. In this context, availability of spatial data at regular inter-
val through space-borne remote sensors are helpful in effectively
detecting and monitoring rapid land use changes (e.g., Chen et al.,
2000; Epstein et al., 2002; Ji et al.,, 2001; Lo and Yang, 2002;
Dietzel et al., 2005). Urban sprawl is characterised based on var-
ious indicators such as growth, social, aesthetic, decentralisation,
accessibility, density, open space, dynamics, costs, benefits, etc.
(Bhatta, 2009a,b, 2010). Further, Galster et al. (2001), has identified
parameters such as density, continuity, concentration, clustering,
centrality, nuclearity, proximity and mixed uses for quantifying
sprawl. Urbanisation and sprawl analysis would help the regional
planners and decision makers to visualize growth patterns and
plan to facilitate various infrastructure facilities. In the context of
rapid urban growth, development should be planned and properly
monitored to maintain internal equilibrium through sustainable
management of natural resources. Internal equilibrium refers to the
urban system and its dynamics evolving harmony and thus inter-
nally limiting impacts on the natural environment consequent to
various economic activities with the enhanced growth of popu-
lation, infra-structure, services, pollution, waste, etc. (Barredo and
Demicheli, 2003). Due to globalisation process, the cities and towns
in India are experiencing rapid urbanisation consequently lacking
appropriate infrastructure and basic amenities. Thus understand-
ing the urban dynamics considering social and economic changes
is a major challenge. The social and economic dynamics trigger
the change processes in urban places of different sizes ranging
from large metropolises, cities and small towns. In this context, the

Fig. 1. Study area: Greater Bangalore.
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Table 1
Materials used in the analysis.
Data Year Purpose
Landsat Series Multispectral sensor (57.5m) 1973 Land use analysis

Landsat Series Thematic mapper (28.5m) and enhanced thematic mapper sensors
Survey of India (SOI) toposheets of 1:50,000 and 1:250,000 scales
Census data

1992, 1999, 2002, 2006, 2010 Land use analysis
Boundary and base layers

2001 Population density ward-wise

analysis of urban dynamics entails capturing and analyzing the pro-
cess of changes spatially and temporally (Sudhira et al., 2004; Tian
et al.,, 2005; Yu and Ng, 2007).

Land use Analysis and Gradient approach: The basic infor-
mation about the current and historical land cover and land
use plays a major role in urban planning and management
(Zhang et al., 2002). Land-cover essentially indicates the fea-
ture present on the land surface (Janssen, 2000; Lillesand and
Kiefer, 2002; Sudhira et al., 2004). Land use relates to human
activity/economic activity on piece of land under consideration
(Janssen, 2000; Lillesand and Kiefer, 2002; Sudhira et al., 2004).
This analysis provides various uses of land as urban, agriculture,
forest, plantation, etc., specified as per USGS classification system
(http://landcover.usgs.gov/pdf/anderson.pdf) and National Remote
Sensing Centre, India (http://www.nrsc.gov.in). Mapping land-
scapes on temporal scale provide an opportunity to monitor the
changes, which is important for natural resource management and
sustainable planning activities. In this regard, “Density Gradient
metrics” with the time series spatial data analysis are potentially
useful in measuring urbanisation and sprawl (Torrens and Alberti,
2000). Density gradient metrics include sprawl density gradient,
Shannon’s entropy, alpha and beta population densities, etc. This
paper presents temporal land use analysis for rapidly urbanising
Bangalore and density gradient metrics have been computed to

El

Source: Google earth

evaluate and monitor urban dynamics. Landscape dynamics have
been unraveled from temporally discrete data (remote sensing
data) through spatial metrics (Crews-Meyer, 2002). Landscape met-
rics (longitudinal data) integrated with the conventional change
detection techniques would help in monitoring land use changes
(Rainis, 2003). This has been demonstrated through the application
in many regions (Kienast, 1993; Luque et al., 1994; Simpson et al.,
1994; Thibault and Zipperer, 1994; Hulshoff, 1995; Medley et al.,
1995; Zheng et al., 1997; Palang et al., 1998; Sachs et al., 1998; Pan
et al,, 1999; Lausch and Herzog, 1999).

Further, landscape metrics were computed to quantify the
patterns of urban dynamics, which helps in quantifying spatial
patterns of various land cover features in the region (McGarigal
and Marks, 1995) and has been used effectively to capture
urban dynamics similar to the applications in landscape ecology
(Gustafson, 1998; Turner et al., 2001) for describing ecological rela-
tionships such as connectivity and adjacency of habitat reservoirs
(Geri et al., 2010; Jim and Chen, 2009). Herold et al. (2002, 2003)
quantifies urban land use dynamics using remote sensing data and
landscape metrics in conjunction with the spatial modelling of
urban growth. Angel et al. (2007) have considered five metrics for
measuring the sprawl and five attributes for characterizing the type
of sprawl. Spatial metrics were used for effective characterisation of
the sprawl by quantifying landscape attributes (shape, complexity,

Fig. 2. Division of the study area into concentric circles of incrementing radius of 1 km.
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Table 2
Prioritised landscape metrics.
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Indicators Type of metrics and formula Range Significance/description

1 Number of urban Patch metrics NPU =n NP equals the number of patches in NPU >0, without limit Higher the value more the
patches the landscape fragmentation

2 Perimeter Area Edge metrics PARA _AM = P;;/A;; P; = perimeter of patch ij >0, without limit PARA AM is a measure of the amount
Weighted Mean Ratio. Ajj =area weighted mean of patch ij of ‘edge’ for a landscape or class. PARA
PARA_AM AM value increases with increasing

3 Landscape Shape Index
(LSI)

4. Clumpiness

5. Aggregation index

6. Interspersion and
Juxtaposition

w3 ()

Shape Metrics LSI = m;" G 6= total length of edge (or
perimeter) of class i in terms of number of cell surfaces;
includes all landscape boundary and background edge
segments involving class i. min e; = minimum total length
of edge (or perimeter) of class i in terms of number of cell
surfaces (see below)

Compactness/contagion/dispersion metrics

i P for G; < P,&P; < 5, else

_| o
cumpy = | Py

1P

G = (g,’,{ — min ei>
Zk:lg”

g =number of like adjacencies (joins) between pixels of
patch type (class) I based on the double-count method.
gix =number of adjacencies (joins) between pixels of patch
types (classes) i and k based on the double-count method.
min — e; = minimum perimeter (in number of cell surfaces)
of patch type (class) i for a maximally clumped class.
P; = proportion of the landscape occupied by patch type
(class) i
Compactness/contagion/dispersion metrics

m

Al = Z (g ) 2| > 100

i=1

gii =number of like adjacencies (joins) between pixels of

patch type (class) i based on the single count method.

max-g; = maximum number of like adjacencies (joins)

between pixels of patch type class i based on single count

method. P; = proportion of landscape comprised of patch

type (class) i.

Compactness/contagion/dispersion metrics

lJl — 7221 IZZ‘:H»l [(eik/E] ln(Eik/E]]
n(0.5[m(m-1)])

ej, = total length (m) of edge in landscape between patch

types (classes) i and k. E=total length (m) of edge in

landscape, excluding background m = number of patch

X

LSI> 1, without limit

—1< CLUMPY <1

1<AI<100

0<II<100

patch shape complexity

LSI=1 when the landscape is a single
square or maximally compact patch;
LSl increases without limit as the patch
type becomes more disaggregated

It equals 0 when the patches are
distributed randomly, and approaches
1 when the patch type is maximally
aggregated

Al equals 1 when the patches are
maximally disaggregated and equals
100 when the patches are maximally
aggregated into a single compact patch.

IJI is used to measure patch adjacency.
[JI approach 0 when distribution of
adjacencies among unique patch types
becomes increasingly uneven; is equal
to 100 when all patch types are equally
adjacent to all other patch types

types (classes) present in the landscape, including the

landscape border, if present.

etc.).Jiang et al. (2007) used 13 geospatial indices for measuring the
sprawl in Beijing and proposed an urban Sprawl Index combining
all indices. This approach reduces computation and interpretation
time and effort. However, this approach requires extensive data
such as population, GDP, land-use maps, floor-area ratio, maps of
roadways/highways, urban city center spatial maps, etc. This con-
firms that landscape metrics aid as important mathematical tool for
characterising urban sprawl efficiently. Population data along with
geospatial indices help to characterise the sprawl (Ji et al., 2006)
as population is one of the causal factor driving land use changes.
These studies confirm that spatio-temporal data along with land-
scape metrics, population metrics and urban modelling would help
in understanding and evaluating the spatio temporal patterns of
urban dynamics.

2. Objective

The objective of this study is to understand the urbanisation and
urban sprawl process in a rapidly urbanising landscape, through

spatial techniques involving temporal remote sensing data, geo-
graphic information system with spatial metrics. This involved (i)
temporal analysis of land use pattern, (ii) exploring interconnec-
tion and effectiveness of population indices, Shannon’s entropy for
quantifying and understanding urbanisation and (iii) understand-
ing the spatial patterns of urbanisation at landscape level through
metrics.

3. Study area

The study has been carried out for a rapidly urbanising region in
India. Greater Bangalore is the administrative, cultural, commer-
cial, industrial, and knowledge capital of the state of Karnataka,
India with an area of 741sqkm and lies between the latitude
12°39'00” to 13°13’00”N and longitude 77°22'00"” to 77°52'00"E.
Bangalore city administrative jurisdiction was redefined in the year
2006 by merging the existing area of Bangalore city spatial limits
with 8 neighbouring Urban Local Bodies (ULBs) and 111 Villages
of Bangalore Urban District. Bangalore has grown spatially more
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Fig. 3. Land cover changes from 1973 to 2010.

than ten times since 1949 (~69-716 square kilometres) and is
the fifth largest metropolis in India currently with a population
of about 7 million (Ramachandra and Kumar, 2008, 2010; Sudhira
et al.,, 2007). Bangalore city population has increased enormously
from 6,537,124 (in 2001) to 9,588,910 (in 2011), accounting for
46.68% growth in a decade. Population density has increased from
as 10,732 (in 2001) to 13,392 (in 2011) persons per sq.km. The
per capita GDP of Bangalore is about $2066, which is consider-
ably low with limited expansion to balance both environmental
and economic needs (Fig. 1).

4. Material and methods

Urban dynamics was analysed using temporal remote sensing
data of the period 1973-2010. The time series spatial data acquired
from Landsat Series Multispectral sensor (57.5 m), Thematic map-
per and enhanced thematic mapper plus (28.5m) sensors for
the period 1973-2010 were downloaded from public domain
(http://glcf.umiacs.umd.edu/data). Survey of India (SOI) topo-
sheets of 1:50,000 and 1:250,000 scales were used to generate base
layers of city boundary, etc. City map with ward boundaries were
digitized from the BBMP (Bruhat Bangalore Mahanagara Palike)
map. Population data was collected from the Directorate of Cen-
sus Operations, Bangalore region (http://censuskarnataka.gov.in).
Table 1 lists the data used in the current analysis. Ground con-
trol points to register and geo-correct remote sensing data were

collected using handheld pre-calibrated GPS (Global Position-
ing System), Survey of India Toposheet, Google earth, Bhuvan
(http://earth.google.com, http://bhuvan.nrsc.gov.in).

5. Data analysis involved
5.1. Pre-processing

The remote sensing data obtained were geo-referenced, recti-
fied and cropped pertaining to the study area. Geo-registration of
remote sensing data (Landsat data) has been done using ground
control points collected from the field using pre calibrated GPS
(Global Positioning System) and also from known points (such as
road intersections, etc.) collected from geo-referenced topographic
maps published by the Survey of India. The Landsat satellite 1973
images have a spatial resolution of 57.5m x 57.5m (nominal res-
olution) were resampled to 28.5 m comparable to the 1989-2010
datawhich are 28.5 m x 28.5 m (nominal resolution). Landsat ETM+
bands of 2010 were corrected for the SLC-off by using image
enhancement techniques, followed by nearest-neighbour interpo-
lation.

5.2. Vegetation cover analysis

Normalised Difference Vegetation Index (NDVI) was computed
to understand the changes in the vegetation cover during the study

Table 3

Temporal land use dynamics.
Class— Urban Vegetation Water Others
Year | Ha % Ha % Ha % Ha %
1973 5448 7.97 46639 68.27 2324 3.40 13903 20.35
1992 18650 27.30 31579 46.22 1790 2.60 16303 23.86
1999 24163 3537 31272 45.77 1542 2.26 11346 16.61
2002 25782 37.75 26453 38.72 1263 1.84 14825 21.69
2006 29535 4323 19696 28.83 1073 1.57 18017 26.37
2010 37266 54.42 16031 23.41 617 0.90 14565 21.27
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period. NDVI is the most common measurement used for measur-
ing vegetation cover. It ranges from values —1 to +1. Very low values
of NDVI (-0.1 and below) correspond to soil or barren areas of
rock, sand, or urban builtup. Zero indicates the water cover. Mod-
erate values represent low-density vegetation (0.1-0.3), while high
values indicate thick canopy vegetation (0.6-0.8).

5.3. Land use analysis

The method involves (i) generation of False Colour Compos-
ite (FCC) of remote sensing data (bands-green, red and NIR). This
helped in locating heterogeneous patches in the landscape, (ii)
selection of training polygons (these correspond to heterogeneous
patches in FCC) covering 15% of the study area and uniformly
distributed over the entire study area, (iii) loading these training
polygons co-ordinates into pre-calibrated GPS, (vi) collection of the
corresponding attribute data (land use types) for these polygons
from the field. GPS helped in locating respective training polygons
in the field, (iv) supplementing this information with Google Earth
and (v) 60% of the training data has been used for classification,
while the balance is used for validation or accuracy assessment.

Land use analysis was carried out using supervised pattern clas-
sifier - Gaussian maximum likelihood algorithm. This has been
proved superior classifier as it uses various classification decisions
using probability and cost functions (Duda et al., 2000). Mean and
covariance matrix are computed using estimate of maximum likeli-
hood estimator. Accuracy assessment to evaluate the performance
of classifiers (Mitrakis et al., 2008; Ngigi et al., 2008; Gao and Liu,
2008), was done with the help of field data by testing the statisti-
cal significance of a difference, computation of kappa coefficients
(Congalton et al., 1983; Sha et al., 2008) and proportion of correctly
allocated cases (Gao and Liu, 2008). Recent remote sensing data
(2010) was classified using the collected training samples. Statisti-
cal assessment of classifier performance based on the performance
of spectral classification considering reference pixels is done which
include computation of kappa (k) statistics and overall (producer’s
and user’s) accuracies. For earlier time data, training polygon along
with attribute details were compiled from the historical published
topographic maps, vegetation maps, revenue maps, etc.

13°08'20"

77°27'50”

1973 12°49°59.75"

2006

Table 4
Kappa values and overall accuracy.

Year Kappa coefficient Overall accuracy (%)
1973 0.88 72
1992 0.63 77
1999 0.82 76
2002 0.77 80
2006 0.89 75
2010 0.74 78

Table 5

Shannon entropy.

NE NW SE SW

1973 0.173 0.217 0.126 0.179
1992 0.433 0.509 0.399 0.498
1999 0.504 0.658 0.435 0.607
2002 0.546 0.637 0.447 0.636
2006 0.65 0.649 0.610 0.695
2010 0.771 0.812 0.640 0.778

Application of maximum likelihood classification method
resulted in accuracy of 76% in all the datasets. Land use was
computed using the temporal data through open source pro-
gram GRASS - Geographic Resource Analysis Support System
(http://grass.fbk.eu/). Land use categories include (i) area under
vegetation (parks, botanical gardens, grass lands such as golf field),
(ii) built up (buildings, roads or any paved surface, (iii) water bodies
(lakes/tanks, sewage treatment tanks), and (iv) others (open area
such as play grounds, quarry regions, etc.).

5.4. Density gradient analysis

Urbanisation pattern has not been uniform in all directions.
To understand the pattern of growth vis-a-vis agents, the region
has been divided into 4 zones based on directions — North-
west (NW), Northeast (NE), Southwest (SW) and Southeast (SE),
respectively (Fig. 2) based on the Central pixel (Central Business
district). The growth of the urban areas in respective zones was
monitored through the computation of urban density for different
periods.

= Builtup
] Vegetation
B Water Bodies
[ ] Others

1999

2010

Fig. 4. Land use changes in Greater Bangalore.

43


http://grass.fbk.eu/

R. TV et al. / International Journal of Applied Earth Observation and Geoinformation 18 (2012) 329-343 335

22 Urban

|| Vegetation
o7 Water

Others

Greater Bangalore

Fig. 5. Zone-wise and Gradient-wise temporal land use.

5.5. Division of these zones to concentric circles and computation would help in visualizing and understanding the agents responsi-
of metrics ble for changes at local level. These regions are comparable to the
administrative wards ranging from 67 to 1935 hectares. This helps

Further each zone was divided into concentric circle of incre- in identifying the causal factors and locations experiencing various

menting radius of 1km from the centre of the city (Fig. 2), that levels (sprawl, compact growth, etc.) of urbanisation in response to
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the economic, social and political forces. This approach (zones, con-
centric circles) also helps in visualizing the forms of urban sprawl
(low density, ribbon, leaf-frog development). The built up density
in each circle is monitored overtime using time series analysis.

5.6. Computation of Shannon’s entropy

To determine whether the growth of urban areas was compact
or divergent the Shannon’s entropy (Yeh and Liu, 2001; Li and Yeh,
2004; Lata et al., 2001; Sudhira et al., 2004; Pathan et al., 2004)
was computed for each zones. Shannon'’s entropy (Hy) given in Eq.
(1), provides the degree of spatial concentration or dispersion of
geographical variables among ‘n’ concentric circles across Zones.

Hp = —ZPi log (Pi) (1)
i=1

where Pi is the proportion of the built-up in the ith concentric
circle. As per Shannon'’s entropy, if the distribution is maximally
concentrated in one circle the lowest value zero will be obtained.
Conversely, if it is an even distribution among the concentric circles
will be given maximum of log n.

Spatial Distribution of Urban Built up
area in a)1973 (b) 1992 (c) 1999

(d) 2002 (e) 2006 (f) 2010
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» 40/ ——N.W
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Years

Fig. 6. Built up density across years from 1973 to 2010.

5.7. Computation of alpha and beta population density

Alpha and beta population densities were calculated for each
circle with respect to zones. Alpha population density is the ratio
of total population in a region to the total builtup area, while
Beta population density is the ratio of total population to the total

kilometres
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-}
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B 50 -100%

Fig. 7. Gradient analysis of Greater Bangalore- Builtup density circlewise and zonewise.
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Fig. 8. NDVI gradients - circlewise and zone wise.

geographical area. These metrics have been often used as the indi-
cators of urbanisation and urban sprawl and are given by:

total population

o density = total built up

(2)

total population
total geographic area

B density = 3)

5.8. Gradient analysis of NDVI images of 1973 and 2010

The NDVI gradient was generated to visualize the vegetation
cover changes in the specific pockets of the study area.

5.9. Calculation of landscape metrics

Landscape metrics provide quantitative description of the
composition and configuration of urban landscape. 21 spatial
metrics chosen based on complexity, centrality and density
criteria (Huang et al., 2007) to characterize urban dynamics,
were computed zone-wise for each circle using classified land
use data at the landscape level with the help of FRAGSTATS
(McGarigal and Marks, 1995). The metrics include the patch area
(built up (total land area), Percentage of Landscape (PLAND),
Largest Patch Index (percentage of landscape), number of urban
patches, patch density, perimeter-area fractal dimension (PAFRAC),
Landscape Division Index (DIVISION)), edge/border (edge den-
sity, area weighted mean patch fractal dimension (AWMPFD),
perimeter area weighted mean ratio (PARA_AM), mean patch
fractal dimension (MPFD), total edge (TE), shape (NLSI - Nor-
malized Landscape Shape Index), Landscape Shape Index (LSI)),
epoch/contagion/dispersion (Clumpiness, percentage of like adja-
cencies (PLAD]), total core area (TCA), ENND coefficient of variation,
Aggregation Index, interspersion and juxtaposition). These met-
rics were computed for each region and principal component
analysis was done to prioritise metrics for further detailed
analysis.

5.10. Principal component analysis

Principal component analysis (PCA) is a multivariate statistical
analysis that aids inidentifying the patterns of the data while reduc-
ing multiple dimensions. PCA through Eigen analysis transforms
a number of (possibly) correlated variables into a (smaller) num-
ber of uncorrelated variables called principal components. The first
principal component accounts for as much of the variability in the
data as possible, and each succeeding component accounts for as
much of the remaining variability as possible (Wang, 2009). PCA
helped in prioritizing six landscape metrics based on the relative
contributions of each metrics in the principal components with
maximum variability (Table 2).

6. Results and discussion

Vegetation cover of the study area was analysed through NDVI.
Fig. 3 illustrates that area under vegetation has declined from 72%
(488 sq.km in 1973) to 21% (145 sq.km in 2010).

6.1. Land use analysis

a. Land use analysis for the period 1973 to 2010 has been done
using Gaussian maximum likelihood classifier and the temporal
land use details are given in Table 3. Fig. 4 provides the land use
in the region during the study period. Overall accuracy of the
classification was 72% (1973), 77% (1992), 76% (1999), 80%
(2002), 75% (2006) and 78% (2010) respectively. There has been
a 584% growth in built-up area during the last four decades with
the decline of vegetation by 66% and water bodies by 74%. Analy-
ses of the temporal data reveals an increase in urban built up area
of 342.83% (during 1973-1992), 129.56% (during 1992-1999),
106.7% (1999-2002), 114.51% (2002-2006) and 126.19% from
2006 to 2010. Fig. 5 illustrates the zone-wise temporal land use
changes at local levels. Table 4 lists kappa statistics and overall
accuracy.

b. Urban density is computed for the period 1973-2010 and is
depicted in Fig. 6, which illustrates that there has been a linear
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Table 6
Alpha and beta density in each region - zone wise, circle wise.
Radius North east North west South east South west
Alpha Beta Alpha Beta Alpha Beta Alpha Beta
1 1526.57 1385.38 704.71 496.05 3390.82 2437.32 3218.51 2196.83
2 333.99 288.58 371.00 280.41 983.51 857.04 851.23 555.33
3 527.99 399.83 612.02 353.50 904.02 701.47 469.19 369.67
4 446.99 343.51 360.72 286.39 602.14 441.66 308.47 262.52
5 152.43 122.74 255.11 226.72 323.07 243.02 236.56 188.26
6 123.16 9491 370.22 324.12 306.48 203.54 58.57 51.12
7 73.65 57.96 254.49 207.29 54.77 32.64 77.07 73.09
8 38.16 27.80 71.54 62.38 57.22 30.52 61.85 57.29
9 44.99 29.54 92.73 69.97 51.74 26.00 37.60 31.90
10 48.43 25.22 93.51 55.75 33.31 17.44 25.99 16.61
11 50.32 23.77 100.55 56.56 22.69 11.63 35.90 18.75
12 42.34 17.92 67.36 34.36 27.12 11.29 25.52 10.86
13 59.87 22.20 40.87 17.71 30.66 9.44 35.59 11.92
14 54.10 18.38 24.51 9.91 24.16 535 19.77 5.49
15 60.81 20.73 21.48 8.98 19.52 3.50 26.41 6.56
16 62.17 23.79 46.81 12.83 16.92 2.96 66.19 17.35
17 16.54 24.76 53.30 14.58 16.45 2.02 41.40 10.36

growth in almost all directions (except NW direction, which
show stagnation during 1999-2006). Developments in various
fronts with the consequent increasing demand for housing have
urbanised these regions evident from the drastic increase in the
urban density during the last two decades. In order to under-
stand the level of urbanisation and quantification at local level,
each zone is further divided into concentric circles.

6.2. Density gradient analysis

Study area was divided into concentric incrementing circles of
1 km radius (with respect to centroid or central business district).
The urban density gradient given in Fig. 7 for the period 1973-2010,
illustrates radial pattern of urbanisation and concentrated closer to
the central business district and the growth was minimal in 1973.
Bangalore grew intensely in the NW and SW zones in 1992 due
to the policy of industrialization consequent to the globalisation.
The industrial layouts came up in NW and housing colonies in SW
and urban sprawl was noticed in others parts of the Bangalore. This
phenomenon intensified due to impetus to IT and BT sectors in

SE and NE during post 2000. Subsequent to this, relaxation of FAR
(floor area ratio) in mid-2005, lead to the spurt in residential sec-
tors, paved way for large-scale conversion of land leading to intense
urbanisation in many localities. This also led to the compact growth
at central core areas of Bangalore and sprawl at outskirts which are
deprived of basic amenities. The analysis showed that Bangalore
grew radially from 1973 to 2010 indicating that the urbanisation
has intensified from the city centre and reached the periphery of
Greater Bangalore. Gradients of NDVI given in Fig. 8 further cor-
roborate this trend. Shannon entropy, alpha and beta population
densities were computed to understand the level of urbanisation
at local levels.

6.3. Calculation of Shannon’s entropy, alpha and beta densities

Shannon entropy was calculated for the years 1973, 1992, 1999,
2002, 2006, 2010 listed in Table 5. The value of entropy ranges
from zero to log(n). Lower entropy values indicate aggregated
or compact development. Higher the value or closer to log(n)
indicates the sprawl or dispersed or sparse development. Grater
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Fig. 9. Alpha density- zonewise for each local regions.
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Fig. 10. Number of patches - direction-wise/circle-wise.

Bangalore grew and has almost reached the threshold of growth
(log(n)=1og(17)=1.23) in all directions. Lower entropy values of
0.126 (SE), 0.173 (NE), 0.170 (SW) and 0.217 (NW) during 1970s
show aggregated growth. However, the dispersed growth is noticed
at outskirts in 1990s and post 2000s (0.64 (SE), 0.771 (NE), 0.812
(NW) and 0.778 (SW)).

Shannon’s entropy values of recent time confirm dispersed hap-
hazard urban growth in the city, particularly in city outskirts. This
also illustrates the extent of influence of drivers of urbanisation in
various directions. In order to understand this phenomenon, alpha
and beta population densities were computed.

Table 6 lists alpha and beta densities zone-wise for each circle.
These indices (both alpha and beta densities) indicate that there
has been intense growth in the centre of the city and SE, SW and
NE core central area has reached the threshold of urbanisation.
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Gradients of alpha and beta densities is given in Fig. 9, illustrates
urban intensification in the urban centre and sprawl is also evident
NW and SW regions.

6.4. Landscape metrics

Landscape metrics were computed circle-wise for each zones.
Percentage of Landscape (PLAND) indicates that the Greater Ban-
galore is increasingly urbanised as we move from the centre of the
city towards the periphery. This parameter showed similar trends
inall directions. It varied from 0.043 to 0.084 in NE during 1973. This
has changed in 2010, and varies from 7.16 to 75.93. NW also shows
a maximum value of 87.77 in 2010. Largest patch index indicate
that the city landscape is fragmented in all direction during 1973
due to heterogeneous landscapes. However, this has aggregated
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Fig. 11. PARA_AM - direction-wise/circle-wise.
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Fig. 12. LSI - direction-wise/circle-wise.

to a single patch in 2010, indicating homogenisation of landscape.
The patch sizes were relatively small in all directions till 2002 with
higher values in SW and NE. In 2006 and 2010, patches reached
threshold in all directions except NW which showed a slower trend.
Largest patches are in SW and NE direction (2010). The patch den-
sity was higher in 1973 in all directions due to heterogeneous land
uses, which increased in 2002 and subsequently reduced in 2010,
indicating the sprawl in early 2000s and aggregation in 2010.
PAFRAC had lower values (1.383) in 1973 and maximum of 1.684
(2010) which demonstrates circular patterns in the growth evident
from the gradient. Lower edge density was in 1973, increased dras-
tically to relatively higher value 2.5 (in 2010). Clumpiness index,
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Aggregation index, Interspersion and Juxtaposition Index high-
lights that the centre of the city is more compact in 2010 with more
clumpiness in NW and SW directions. Area weighted Euclidean
mean nearest neighbour distance is measure of patch context to
quantify patchisolation. Higher v values in 1973 gradually decrease
by 2002 in all directions and circles. This is similar to patch density
dynamics and can be attributed to industrialization and consequent
increase in the housing sector. Analyses confirm that the devel-
opment of industrial zones and housing blocks in NW and SW in
post 1990s, in NE and SE during post 2000 are mainly due to pol-
icy decision of either setting up industries or boost to IT and BT
sectors and consequent housing, infrastructure and transportation

Clumpy_North West

——1973
== 1992
== 1993
——2002
== 2006

==2010

1234567 8 91011121314151617

Clumpy_South East

—=1973

08

=ii=1992
0.8

—+—1999
84 e 2002
#2006
~o—2010

06

05

1234567 8 91011121314151617

Fig. 13. Clumpiness Index - direction-wise/circle-wise.
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Fig. 14. Aggregation Index - direction-wise/circle-wise.

facilities. PCA was performed with 21 metrics computed zonewise
foreach circle. This helped in prioritising the metrics (Table 2) while
removing redundant metrics for understanding the urbanisation,
which are discussed next.

i. Number of urban patches has steadily decreased in the inner
core circles from 1973 to 2010, which indicates aggregation.
A sharp increase in the urban patches in the periphery (outer
rings) from 25 to 120 indicates of numerous small urban patches
pointing to the urban sprawl. Urban sprawl is thus effectively
visualized by this index, evident with SW, SE and NE zones in
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iii.

Fig. 10. The outer circle having on an average 120 urban patches
compared to 5 in inner circles.

i. Perimeter area weighted mean ratio (PAWMR) reflects the patch

shape complexity and is given in Fig. 11. The values closer to
zero in the inner circles indicate the simple shape, whereas the
outer circles show the increasing trends in all directions. This
highlights an enhanced rate of anthropogenic interventions and
hence the process of Sprawl.

Landscape shape index indicates the complexity of shape, close
to zero indicates maximally compact (at city centre) and higher
values in outer circles indicate disaggregated growth in 2010
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Fig. 15. Interspersion and Juxtaposition - direction-wise/circle-wise.
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(Fig. 12). The trend of sprawl at city outskirts as well as at
the centre was noticed till 1980s. However, post 1980s values
indicate of compactness at city centre, while outer rings show
disaggregated growth.

iv. Clumpiness index represents the similar trend of compact
growth at the center of the city which gradually decreases
towards outer rings indicating the urban agglomeration at cen-
tre and phenomena of sprawl at the outskirts in 2010 (Fig. 13).
This phenomenon is very prominent in Northeast and South-
west direction.

v. Aggregation Index indicated that the patches are maximally
aggregated in 2010 while it was more dispersed in 1973, indi-
cating that city is getting more and more compact (Fig. 14).

vi. Interspersion and Juxtaposition Index was very high as high
as 94 in all directions which indicate that the urban area is
becoming a single patch and a compact growth towards 2010
(Fig. 15). All these metrics point towards compact growth in
the region, due to intense urbanisation. Concentrated growth
in a region has telling influences on natural resources (dis-
appearance of open spaces — parks and water bodies), traffic
congestion, enhanced pollution levels and also changes in local
climate (Ramachandra and Kumar, 2009, 2010)

The discussion highlights that the development during
1992-2002 was phenomenal in NW, SW due to Industrial develop-
ment (Rajajinagar Industrial estate, Peenya industrial estate, etc.)
and consequent spurt in housing colonies in the nearby localities.
The urban growth picked up in NE and SE (Whitefield, Electronic
city, etc.) during post 2000 due to State’s encouraging policy to
information technology and biotechnology sectors and also setting
up International airport.

7. Conclusion

Urban dynamics of rapidly urbanising landscape — Bangalore
has been analysed to understand historical perspective of land use
changes, spatial patterns and impacts of the changes. The analy-
sis of changes in the vegetation cover shows a decline from 72%
(488sqg.km in 1973) to 21% (145sq.km in 2010) during the last
four decades in Bangalore.

Land use analyses show that there has been a 584% growth
in built-up area during the last four decades with the decline of
vegetation by 66% and water bodies by 74%. Temporal analyses
of greater Bangalore reveals an increase in urban built up area by
342.83% (during 1973-1992), 129.56% (during 1992-1999), 106.7%
(1999-2002), 114.51% (2002-2006) and 126.19% from 2006 to
2010. Urban growth pattern of Greater Bangalore has been done
in four directions through landscape metrics and gradient analysis
across six time periods. The urban density gradient illustrates radial
pattern of urbanisation during 1973-2010 indicating of intense
urbanisation at central core and sprawl at outskirts, which conform
with Shanon'’s entropy, alpha and beta population densities. Land-
scape metrics further highlight of compact growth in the region.

Gradients of alpha and beta densities illustrate urban intensifi-
cation in the center and sprawl in NW and SW regions. Landscape
metrics point towards compact growth in the region, due to intense
urbanisation in 2000. The analysis confirms that the nature of land
use depended on the activities while the level of spatial accumula-
tion depended on the intensity and concentration of urban builtup.
Central areas have a high level of spatial accumulation and corre-
sponding land uses, such as in the CBD, while peripheral areas have
lower levels of accumulation. Unplanned concentrated growth or
intensified developmental activities in a region has telling influ-
ences on natural resources (disappearance of open spaces — parks

and water bodies), traffic congestion, enhanced pollution levels and
also changes in the local climate.
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Abstract—Human-induced land use changes are considered the
prime agents of the global environmental changes. Urbanisation
and associated growth patterns (urban sprawl) are characteristic
of spatial temporal changes that take place at regional levels.
Unplanned urbanization and consequent impacts on natural
resources including basic amenities has necessitated the
investigations of spatial patterns of urbanization. A
comprehensive assessment using quantitative methods and
methodological understanding using rigorous methods is
required to understand the patterns of change that occur as
human processes transform the landscapes to help regional land
use planners to easily identify, understand the necessary
requirement. Tier Il cities in India are undergoing rapid changes
in recent times and need to be planned to minimize the impacts of
unplanned urbanisation. Mysore is one of the rapidly urbanizing
traditional regions of Karnataka, India. In this study, an
integrated approach of remote sensing and spatial metrics with
gradient analysis was used to identify the trends of urban land
changes. The spatial and temporal dynamic pattern of the
urbanization process of the megalopolis region considering the
spatial data for the five decades with 3 km buffer from the city
boundary has been studied, which help in the implementation of
location specific mitigation measures.

The time series of gradient analysis through landscape metrics
helped in describing, quantifying and monitoring the spatial
configuration of urbanization at landscape levels. Results
indicated a significant increase of urban built-up area during the
last four decades. Landscape metrics indicates the coalescence of
urban areas occurred during the rapid urban growth from 2000
to 2009 indicating the clumped growth at the center with simple
shapes and dispersed growth in the boundary region with
convoluted shapes.

Keywords-Landscape Metrics; Urbanisation; Urban Sprawl;
Remote sensing; Geoinformatics; Mysore City, India.

. INTRODUCTION

Patterns and processes of globalization and consequent
urbanization are the factors influencing contemporary land use
trends and also posing challenges for sustainable land uses [9].
Analysis of landscape patterns and dynamics has become the
primary objectives of landscape, geographical and ecological
studies in recent times. Landscape changes involving large

scale deforestation are the primary drivers of the climate
change [52], [11] earth dynamics [51]. The spatial patterns of
landscape transformation through time are undoubtedly related
to changes in land uses [41].Landscape changes are diverse but
very often influenced by regional policies [6]. The main
driving factors for global environmental changes are been
identified as agriculture intensification  [17], [19],
urbanisation [40] in the context of local policies[24,30,34].
The socio-economic impacts are often determinants of the type
of land use within a given region, which in turn affect
environmental issues [32], [35]. In order to address these
urbanization  challenges  without  compromising  the
environment values and their local sustainance, land use
planning and necessary supporting data are crucial, especially
to developing countries under severe environmental and
demographic strains [12].

Urbanization is a irreversible process involving changes in
vast expanse of land cover with the progressive concentration
of human population. Urbanising landscapes will invariably
have high population density that might lead to lack of
infrastructure and provision of basic facilities. The urban
population in India is growing at about 2.3% per annum with
the global urban population increasing from 13% (220 million
in 1900) to 49% (3.2 billion, in 2005) and is projected to
escalate to 60% (4.9 billion) by 2030 [42]. Population of
Mysore is 1 million as per census 2001 compared to 0.653
million (1991).

The increase in urban population is in response to the
growth in urban areas due to migration from either rural
area or other cities. There are 48 urban agglomerations
(Mega cities, Tier I) having a population of more than one
million in India (in 2011). Tier 1 cities have reached the
saturation level evident from lack of basic amenities, traffic
bottlenecks, higher concentrations of pollutants, higher crime
rates due to burgeoning population. In this context, well
planned Tier 2 cities offer humongous potential with the scope
for meeting the basic amenities required. This entails the
provision of basic infrastructure (like roads, air and rail
connectivity), adequate social infrastructure (such as
educational institutions, hospitals, etc.) along with other
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facilities. Modeling and visualization of urban growth based on
the historical spatio-temporal data would help in identifying the
probable regions of intense urbanization and sprawl.

Urban sprawl implies a sharp imbalance between urban
spatial expansion and the underlying population growth [5].
Sprawl of human settlements is a major driving force of
land use and land cover changes [3], [16] with detrimental
impacts on natural resources and local ecology. Sprawl process
entails the growth of the urban area from the urban center
towards the periphery of the city municipal jurisdiction. These
small pockets in the outskirts lack basic amenities like supply
of treated water, electricity and sanitation facilities. Sprawl is
associated with high negative impacts and especially the
increasing dependency for basic amenities [50], the need for
more infrastructure [5], the loss of agricultural and natural land,
higher energy consumption, the degradation of peri-urban
ecosystems etc., [23], [25], [27]. Understanding the sprawl over
past few decades is crucial for the regional administration to
handle the population growth and provide basic amenities
while ensuring the sustainable management of local natural
resources.

The information about the current and historical land
cover/land use plays a major role for urban planning and
management [54]. Mapping landscapes on temporal scale
provide an opportunity to monitor the changes, which is
important for natural resource management and sustainable
planning activities. In this context, “Density Gradient” with
the time series spatial data analysis is potentially useful in
measuring urban development [50]. This article presents the
temporal land use analysis and adopts the density gradient
approach to evaluate and monitor landscape dynamics and
further explains the landscape pattern through use of landscape
metrics.

Knowledge of the spatio-temporal pattern of the
urbanization is important to understand the size and functional
changes in the landscape. Spatial metrics were computed to
quantify the patterns of urban dynamics, that aid in
understanding spatial patterns of various land cover features in
the region [33]. Quantifying the landscape pattern and its
change is essential for monitoring and assessing the
urbanization process and its ecological consequences [31],
[20], [27], [46]. Spatial metrics have been widely used to study
the structure, dynamic pattern with the underlying social,
economic and political processes of urbanization [21], [22],
[45], [53]. This has provided useful information for
implementing holistic approaches in the regional land-use
planning [48]. [1] reviews the spatial characteristics of
metropolitan growth including analysis [2], [4], [14], [28] the
study of urban landscapes. Applications of landscape metrics
include landscape ecology (number of patches, mean patch
size, total edge, total edge and mean shape), geographical
applications by taking advantage of the properties of these
metrics [15], [39], [44] and measurement of ecological
sustainability [43].

These studies also confirmed that Spatio-temporal data
along with landscape metrics would help in understanding and
evaluating the spatio temporal patterns of landscape dynamics
required for appropriate management measures.
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According to the City Development Plan (CDP), a 20-
year vision document for Mysore, there has been a 70%
increase in the city’s spatial extent since 2001, resulting in
the higher degree of sprawl at outskirts. Objectives of this
study are to understand and interpret the evolving landscape
dynamics through temporal analysis of land use land cover
pattern taking 3km buffer, through spatial metrics.

Il.  STuDY AREA

Mysore city in Karnataka is one of the tier Il cities and the
cultural capital of India with a hub of industrial activities. It is
designated as the 2nd capital of Karnataka. Mysore city is 128
sg. km in area and is one of the most preferred destinations for
industries including IT hubs other than Bangalore.It is a main
trading centre of silk and sandalwood. Mysore district is
bounded by Mandya to the northeast, Chamrajnagar to the
southeast, Kerala state to the south, Kodagu to the west, and
Hassan to the north. It has an area of 128.42 km? and a
population of about 1 million (2001 census). The district lies
in the southern Deccan plateau, within the watershed
region of Kaveri River, which flows through the northern
and eastern parts of the district.

Figure 1. Study Area: Mysore city and 3 km buffer

Ill.  MATERIALS USED

DATA Year Purpose
Landsat Series 1973 | Landcover and Land
MSS(57.5m) use analysis
Landsat Series TM 1989, | Landcover and Land
(28.5m) and ETM 1999, use analysis
IRS p6: Liss-4 MX 2009 | Landcover and Land
data (5.6m) use analysis
Survey of India (SOI) To Generate
toposheets of 1:50000 boundary and Base

and 1:250000 scales
Field visit data —
captured using GPS

layer maps.
For geo-correcting
and generating
validation dataset

TABLE I. MATERIALS USED IN ANALYSIS

IV. METHOD

A two-step approach was adopted to chart the direction of
the City’s development, which includes (i) a normative
approach to understand the land use and (ii) a gradient
approach of 1km radius to understand the pattern of growth
during the past 4 decades. Various stages in the data analysis
are:
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Figure 2. Procedure followed to understand the spatial pattern of landscape
change

A. Preprocessing

The remote sensing data obtained were geo-referenced,
rectified and cropped pertaining to the study area. The Landsat
satellite 1973 images have a spatial resolution of 57.5 m x 57.5
m (nominal resolution) and 1989 - 1999 data of 28.5 m x 28.5
m (nominal resolution) were resampled to uniform 30 m for
intra temporal comparisons. Latest data of IRS P6 of spatial
resolution 5.6 m was procured from NRSC, Hyderabad
(http://www.nrsc.gov.in).

Vegetation Cover Analysis: Normalized Difference
Vegetation index (NDVI) was computed to understand the
temporal dynamics of the vegetation cover. NDVI value
ranges from values -1 to +1, where -0.1 and below indicate soil
or barren areas of rock, sand, or urban buildup. NDVI of zero
indicates the water cover. Moderate values represent low
density vegetation (0.1 to 0.3) and higher values indicate thick
canopy vegetation (0.6 to 0.8).

B. Land use analysis

Land use categories listed in Table 2 were classified with
the training data (field data) using Gaussian maximum
likelihood supervised classier. The analysis included
generation of False Color Composite (bands — green, red and
NIR), which helped in identifying heterogeneous area.
Polygons were digitized corresponding to the heterogeneous
patches covering about 40% of the study region and uniformly
distributed over the study region.

These training polygons were loaded in pre-calbrated GPS
(Global position System). Attribute data (land use types) were
collected from the field with the help of GPS corresponding to
these polygons. In addition to this, polygons were digitized
from Google earth (www.googleearth.com) and Bhuvan
(bhuvan.nrsc.gov.in), which were used for classifying latest
IRS P6 data. These polygons were overlaid on FCC to
supplement the training data for classifying landsat data.

Gaussian maximum likelihood classifier (GMLC) is applied
to classify the data using the training data. GMLC uses various
classification decisions using probability and cost functions
[10] and is proved superior compared to other techniques.
Mean and covariance matrix are computed using estimate of
maximum likelihood estimator. Estimations of temporal land
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uses were done through open source GIS (Geographic
Information System) - GRASS (Geographic Resource Analysis
Support System, http://ces.iisc.ernet.in/grass).

70% of field data were used for classifying the satellite data
and the balance 30% were used in validation and accuracy
assessment. Thematic layers were generated of classified data
corresponding to four land use categories.

Evaluation of the performance of classifiers [36], [37], [13]
is done through accuracy assessment techniques of testing the
statistical significance of a difference, comparison of kappa
coefficients [8], [47] and proportion of correctly allocated
classes [12] through computation of confusion matrix. These
are most commonly used to demonstrate the effectiveness of
the classifiers [8], [7], [29].

Further each zone was divided into concentric circle of
incrementing radii of 1 km (figure 2) from the center of the city
for visualising the changes at neighborhood levels. This also
helped in identifying the causal factors and the degree of
urbanization (in response to the economic, social and political
forces) at local levels and visualizing the forms of urban
sprawl. The temporal built up density in each circle is
monitored through time series analysis.

TABLE I. a LAND USe CATEGORIES

Land use Class | Land uses included in the class

Urban This category includes residential area,
industrial area, and all paved surfaces and

mixed pixels having built up area.

Water bodies Tanks, Lakes, Reservoirs.

Vegetation Forest, Cropland, nurseries.

Others Rocks, quarry pits, open ground at

building sites, kaccha roads.

Figure 3. Google earth representation of the study region

C. Urban sprawl analysis

Direction-wise Shannon’s entropy (Hn) is computed
(equation 1) to understand the extent of growth: compact or
divergent [26], [49], [38]. This provides an insight into the
development (clumped or disaggregated) with respect to the
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geographical parameters across ‘n’ concentric regions in the
respective zones.

Hn= -, Pilog(Pi) ... Q)
Where Pi is the proportion of the built-up in the i"
concentric circle and n is the number of circles/local regions in
the particular direction. Shannon’s Entropy values ranges from
zero (maximally concentrated) to log n (dispersed growth).

D. Spatial pattern analysis

Landscape metrics provide quantitative description of the
composition and configuration of urban landscape. These
metrics were computed for each circle, zonewise using
classified landuse data at the landscape level with the help of
FRAGSTATS [34].

Urban dynamics is characterised by 11 spatial metrics
chosen based on complexity, centrality and density criteria. The
metrics include the patch area, edge/border, shape,
epoch/contagion/ dispersion and are listed in Table I1.

V. RESULTS & DISCUSSION

1) Land use Land Cover analysis:

a) Vegetation cover analysis: Vegetation cover of the
study area assessed through NDVI (Figure 3), shows that area
under vegetation has declined to 9.24% (2009) from 51.09%
(1973). Temporal NDVI1 values are listed in Table I11.

b) Land use analysis: Land use assessed for the period
1973 to 2009 using Gaussian maximum likelihood classifier is
listed Table 1V and the same is depicted in figure 4. The
overall accuracy of the classification ranges from 75% (1973),
79% (1989), 83% (1999) to 88% (2009) respectively. Kappa
statistics and overall accuracy was calculated and is as listed in
Table V.

c) There has been a significant increase in built-up area
during the last decade evident from 514% increase in urban
area. Other category also had an enormous increase and covers
166 % of the land use. Consequent to these, vegetation cover
has declined drastically during the past four decades. The
water spread area has increased due to the commissioning of
waste water treatment plants (ex. Vidyaranyapura, Rayankere,
Kesare) during late 90’s and early 2000.

Vegetation Non vegetation
Year % Ha % Ha
1973 | 51.09 | 10255.554 | 48.81 9583.83
1989 | 57.58 34921.69 | 42.42 8529.8
1999 | 44.65 8978.2 | 55.35 | 11129.77
2009 | 09.24 1857.92 | 90.76 | 19625.41
TABLE Il TEMPORAL LAND COVER DETAILS.
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Figure 4. Temporal Land cover changes during 1973 — 2009

2) Built up Density Gradient Analysis: Built up density
was minimal and the value ranges from 0.026 (considering
3km buffer) to 0.036 (without considering 3km buffer) in the
North east direction (in 1973). The federal government’s policy
in 1990°s to develop tier 2 cities led to the increase in urban
area. There was a sharp growth in the region in almost all
direction from 1999 till 2009, maximum value reaching 0.216
in the NE direction (considering 3km buffer) and 0.42 (without
considering the buffer). This can be attributed to development
of this region with the IT & BT industry which were earlier
confined to Bangalore.

1973

2009

Figure 5. Classification output of Mysore

Land

use Urban | Vegetation | Water Others
Year

1973 222,93 | 10705.68 | 124.47 9054.99
1989 229.41 | 1324251 | 78.75 6557.4
1999 730.8 8360.1 | 1179 10899.2
2009 | 3757.489 | 1159.336 | 142.58 15050.5
Total (Land in ha) 20108.91

TABLE IlI. TEMPORAL LAND USE DETAILS FOR MYSORE
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| Indicators | Formula | Range
Category : Patch area metrics
Largest Patch n 0 <LPI<100
Index(Percentage  of LP| = i=1 max(aij) (100)
landscape)(LPI)
ajj = area (m?) of patch ij
A= total landscape area
Number of Urban NPU>0, without limit.
Patches (NPU) NPU =n
NP equals the number of patches in the landscape.
Patch density(PD) f(sample area) = (Patch Number/Area) * 1000000 PD>0
Perimeter-Area 2 1<PAFRAC<2
Fractal Dimension n [(n o n on
PAFRAC N InP,.Ina,) |- Inp, Ina,
( ) { ;;( ! a“)} [;; p"][,zl:,z; "]_ Perimeter-Area Fractal Dimension
DR
i<l j=1 i<l j=1
a;; = area (m?) of patch ij.
pi=perimeter (m) of patch ij.
N= total number of patches in the landscape
Category : Shape metrics
Normalized S&op, 0<NLSI<1
Landscape Shape Index s . . .
(NLSI) NLSI = =t 2 Where s;and p; are the area and perimeter of patch i, and N is the total
N
number of patches.
Landscape Shape Index LSI = e;/mine; LSI>1, Without
(LSI) e; =total length of edge (or perimeter) of class i in terms of number of cell surfaces; includes all | Limit
landscape boundary and background edge segments involving class i.
min e;=minimum total length of edge (or perimeter) of class i in terms of number of cell
surfaces.
Category: Compactness/ contagion / dispersion metrics
Clumpiness G -P -1< CLUMPY <l1.
L~ forG, <P, &P, <5,else
CLUMPY =| '
—R
1-R
gi =number of like adjacencies
Gii
G,_ —
[z O j —mine,
k=1
between pixels of patch type gik =number of adjacencies between pixels
of patch types iand k.
Pi =proportion of the landscape occupied by patch type (class) i.
Percentage of Like Adjacencies (PLADJ) (g )
PLADT = | ——|(100) 0<=PLADJ<=100
> e
Y k=1 A
gi = number of like adjacencies (joins) between pixels of patch type
gk = number of adjacencies between pixels of patch types i and k
Cohesion I PR 1. ot 0<cohesion<100
Cohesion = [1 S ui,] [1 2‘/2] *100
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10 Aggregation index(Al) 9 1<AI<100
Al = — i P |(100)
i1 \ Max — g;
gii =number of like adjacencies between pixels of patch type
Pi= proportion of landscape comprised of patch type.
11 Interspersion and Juxtaposition(1J1) m ey e 0< I <100
_; k;i[ E jln[EjJ eix = total length (m)
131 = 100) “k =
In(0.5[m(m-1)]) (100)
of edge between patch types
E = total length (m) of edge in landscape, excluding background
m = number of patch types (classes) present in the landscape.
TABLE IV. SPATIAL LANDSCAPE INDICES
TABLE V. NE NW SE SW
2009 0.452 0.441 0.346 0.305
Year Kappa Overall accuracy 1999 0.139 0.043 0.0711 0.050
coefficient (%) 1992 0.060 0.010 0.0292 0.007
1973 0.76 7504 1973 0.067 0.007 0.0265 0.008
1989 0.72 79.52 TABLE VII.  SHANNON ENTROPY INDEX
1999 0.82 78.46 4) Spatial patterns of urbanisation: In order to understand
2009 0.86 84.58 the spatial pattern of urbanization, eleven landscape level
metrics were computed zonewise for each circle. These metrics
TABLE VI. KAPPA STATISTICS AND OVERALL ACCURACY are discussed below: Number of Urban Patch (Np) is a
landscape metric indicates the level of fragmentation and
0.25 ranges from 0 (fragment) to 100 (clumpiness).
0.2
B NE -
0.15 i
mNW : — - N
0.1 - i b B
st , / =\ .
00> Her o=
mSw o eSS
0 - E— .
1973 1989 1999 2009
Figure 6.  Urban density analysis of Mysore : : :

3) Urban sprawl analysis: Shannon entropy computed

using temporal data are listed in Table VI. Mysore is
experiencing the sprawl in all directions as entropy values are
closer to the threshold value (log (8) = 0.9). Lower entropy
values of 0.007 (NW), 0.008 (SW) during 70’s shows an
aggregated growth as most of urbanization were concentrated
at city centre. However, the region experienced dispersed
growth in 90’s reaching higher values of 0.452 (NE), 0.441
(NW) in 2009 during post 2000’s.
The entropy computed for the city (without buffer regions)
shows the sprawl phenomenon at outskirts. However, entropy
values are comparatively lower when buffer region is
considered. Shannon's entropy values of recent time confirms
of minimal fragmented dispersed urban growth in the city.
This also illustrates and establishes the influence of drivers of
urbanization in various directions.

www.ijarai.thesai.org

X axis - circles @ 1km, Y axis - Metric values

Figure 8.a Number of urban patches (zonewise, circlewise)

Figure 8a illustrates that the city is becoming clumped
patch at the center, while outskirts are relatively fragmented.
Clumped patches are more prominent in NE and NW directions
and patches is agglomerating to a single urban patch. Largest
patch index (Fig 8b) highlights that the city’s landscape is
fragmented in all direction (in 1973) due to heterogeneous
landscapes, transformed a homogeneous single patch in
2009.The patch sizes given in figure 8c highlights that there
were small urban patches in all directions (till 1999) and the
increase in the LPI values implies increased urban patches
during 2009 in the NE and SW. Higher values at the center
indicates the aggregation at the center and in the verge of
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forming a single urban patch largest patches were found in NE
and SW direction (2009).

axis - cireles @ 1km, Y axis - Metric values
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Figure 8.b Largest Patch — zonewise, circlewise

X axis - circles @ 1km, Y axis - Metric values

Figure 8.c Patch density — zonewise, circle wise
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Figure 8.d PAFRAC — zonewise, circle wise
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Figure 8.e Zonewise and circle wise LSI

The patch density (Fig 8c) is calculated on a raster map,
using a 4 neighbor algorithm. Patch density increases with a
greater number of patches within a reference area. Patch
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density was higher in 1973 as the number of patches is higher
in all directions and gradients due to presence of diverse land
use, which remarkably increased post 1989(NW) and
subsequently reduced in 1999, indicating the sprawl in the
region in in early 90’s and started to clump during 2009, which
was even confirmed by number of patches.

PAFRAC approaches 1 for shapes with very simple
perimeters such as squares (indicating clumping of specific
classes), and approaches 2 for shapes with highly convoluted,
perimeters. PAFRAC requires patches to vary in size. Results
(Fig 8d) indicate of dispersed development during 70’s and
80’s as PAFRAC highly convoluted. The value approaches 1 in
1990’s and 2000’s indicating aggregation leading to clumped
region of urban land use.

Landscape Shape Index (LSI): LSI equals to 1 when the
landscape consists of a single square or maximally compact
(i.e., almost square) patch of the corresponding type and LSI
increases without limit as the patch type becomes more
disaggregated. Results (Fig 8e) indicate that there were low LSI
values in 1973 as there was minimal urban areas which were
aggregated at the centre. Since 1990°s the city has been
experiencing dispersed growth in all direction and circles,
towards 2009 it shows a aggregating trend as the value reaches
1.Normalized Landscape Shape Index (NLSI): NLSI is 0 when
the landscape consists of single square or maximally compact
almost square, it increases as patch types becomes increasingly
disaggregated and is 1 when the patch type is maximally
disaggregated. Results (Fig 8f) indicates that the landscape had
a highly fragmented urban class, which became further
fragmented during 80’s and started clumping to form a single
square in late 90’s especially in NE and NW direction in all
circle and few inner circles in SE and SW directions,
conforming with the other landscape metrics.
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Figure 8.f Zone and circlewise NLSI
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Clumpiness index equals 0 when the patches are distributed
randomly, and approaches 1 when the patch type is maximally
aggregated. Aggregation index equals 0 when the patches are
maximally disaggregated and equals 100 when the patches are
maximally aggregated into a single compact patch. I
approaches 0 when distribution of adjacencies among unique
patch types becomes increasingly uneven; is equal to 100 when
all patch types are equally adjacent to all other patch types.

Clumpiness index, Aggregation index, Interspersion and
Juxtaposition Index highlights that the center of the city is more
compact in 2009 with more clumpiness and aggregation in NW
and NE directions. In 1973 the results indicate that there were a
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small number of urban patches existing in all direction and in
every circle and due to which disaggregation is more. Post
1999 and in 2009 it is observed that large urban patches are
located closely almost forming a single patch especially at the
center and in NW direction in different gradients (Fig 8g, Fig
8h and Fig 8i).

X axis - circles @ 1km, Y axis - Metric values

Figure 8.9 Clumpiness — zonewise, circle wise
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Figure 8.i Zone and circle wise - I

Percentage of Like Adjacencies (Pladj) is the percentage of
cell adjacencies involving the corresponding patch type those
are like adjacent. Cell adjacencies are tallied using the double-
count method in which pixel order is preserved, at least for all
internal adjacencies. This metrics also indicates the city center
is getting more and more clumped with similar class (Urban)
and outskirts are relatively sharing different internal
adjacencies.

Patch cohesion index measures the physical connectedness
of the corresponding patch type. This is sensitive to the
aggregation of the focal class below the percolation threshold.
Patch cohesion increases as the patch type becomes more
clumped or aggregated in its distribution; hence, more
physically connected. Above the percolation threshold, patch
cohesion is not sensitive to patch configuration [18]. Figure 8k

Vol. 1, No. 1, 2012

indicate of physical connectedness of the urban patch with the
higher cohesion value (in 2009). Lower values in 1973
illustrate that the patches were rare in the landscape.
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Figure 8. Zone and circlewise Pladj
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Figure 8.k Cohesion Index

VI. CONCLUSION

Karnataka government’s current focus to develop tier 2
cities in order to decongest major cities, has posed a challenge
as unplanned developmental activities is leading to urban
sprawl impinging basic amenities to the common man in the
outskirts. Availability of spatial data since 1970’s has aided in
the temporal land use dynamics. Spatial metrics in conjunction
with the density gradient approach have been effective in
capturing the patterns of urbanization at local levels. The
techniques would aid as decision-support tools for unraveling
the impacts of classical urban sprawl patterns in Mysore. A set
of spatial metrics describing the morphology of unplanned
areas have been extracted along with temporal land uses. The
extracted indices have indicated the areas of high likelihood of
‘unplannedness’  considering the  three  dimensions
(size/density/pattern).

Land use assessed for the period 1973 to 2009 using
Gaussian maximum likelihood classifier highlight that there
has been a significant increase (514%) in urban area, with
consequent reduction in vegetation cover. Built up density was
minimal and the value ranges from 0.026 (considering 3km
buffer) to 0.036 (without considering 3km buffer) in the North
east direction (in 1973). Shannon entropy computed using
temporal data illustrates that Mysore city is experiencing the
sprawl in all directions as entropy values are closer to the
threshold. Spatial metrics at landscape level reveal that the
landscape had a highly fragmented urban class and started
clumping to form a single square in late 90’s especially in NE
and NW direction in all circle and few inner circles in SE and
SW directions, conforming to the other landscape metrics.
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Local urban and rural planners need to put forward
effective implementable adaptive plans to improve basic
amenities in the sprawl localities. Temporal land use analysis
along with urban density gradient across four directions has
helped in visualizing the growth along with the cultural and
industrial evolution.
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ABSTRACT

Landscape metrics are quantitative spatial measures
that aid in the landscape spatial pattern analysis.
Understanding the role and capability of spatial metrics
with the remote sensing data of various spatial
resolutions for quantifying landscape patterns is crucial
in assessing the potential of spatial metrics. The
objective of this communication is to analyse the role of
the landscape metrics using multi-resolution (spatial)
remote sensing data for quantifying landscape patterns.
Sensitivity and effectiveness in quantifying the spatial
pattern components were analyzed considering part of
Greater Bangalore as a sample space with 13 widely
used landscape spatial metrics with the data from
various sensors of differing resolutions for the month of
January. The results indicate that all except three
(cohesion, connect and shape) of the landscape metrics,
were significantly dependent on the spatial resolution of
the remote sensing data. This emphasises the
consideration of appropriate spatial resolution while
analyzing spatial patterns of the landscape, which
provides a base for proper use of landscape metrics in
the planning and management.

Keywords - Landscape, Spatial
Resolution, Remote Sensing data,
Fragstat software.

Metrics, Spatial
Image Processing,

1. INTRODUCTION

Landscape metrics based on category, patch, and class
representations developed in late 80’s are quantitative
spatial measures of landscape pattern exhibiting variations
in spatial characteristics ([1], [2], [3], [4], [5])- These
metrics interpret and quantify geometric properties of a
landscape and have been extensively used in landscape
ecology [3]. These metrics are now finding their practical
applications in the regional planning ([6], [7], [8], [9]) and
monitoring ([10], [11], [12], [13], [14], [15]) of landscapes.
Spatial characteristics of a landscape [1] are quantified as
numeric through metrics and are interpreted, compared

with the various ground data and investigating it further for
diverse landscape. However, these exercises are without
considering the spatial resolution and its effect in
quantification of metrics. Spatial metrics bring out the
pattern of change in a particular landscape and needs to be
understood considering all aspects to understand the
process ([16], [17]) as spatial metrics behave differently
with different pattern of landscape [3]. Uuemaa et al.,
2009 provides an account of spatial metrics and their
relationships in the landscape planning and other activities.

Landscape metrics have been increasingly applied in
understanding landscape dynamics with  adequate
explanations of the underlying processes. Aggregation
Index, cohesion index, etc. are new indices being evaluated
and considered [19] and exploration is in progress to apply
these metrics for various purposes to link with the current
scenarios. DPSIR (Driving force—pressure—state—impacts—
response) approach [9] was used to evaluate the land use
changes and related environmental impacts that have
occurred in recent decades by integrating the analytical
and operational approaches with help of metrics to pursue
sustainable management. Peng et al., [20] evaluated the
effectiveness of landscape metrics in quantifying spatial
patterns of 36 simulated landscapes as sample space
through 23 widely used landscape metrics with the
application of the multivariate linear regression analysis.
The results highlight that metrics are effective in
quantifying several components of spatial patterns.

Li et al., [21] examined landscape metrics based on its
functions as landscape and class level metrics. 19
landscape level metrics and 17 class level metrics have
been tried using five data sets and establish the factors that
describe landscape dynamics. The resolution and scale are
the two crucial factors considered in the landscape
analysis, which are being explored among many factors
([22], [10], [23], [24], [25], [26]; [27]). The analysis of
effectiveness of spatial resolution on various landscape
fragmentation indices, state that spatial resolution, might
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have a role in analysing and understanding landscape
patterns [28]. The integrity of the analysis of landscape
depends on the selection of appropriate spatial metrics, the
resolution of spatial data apart from careful interpretation
of the results([29], [21]).This communication analyses the
role of the spatial resolution in quantifying the real world
scenario.

2. Objective

The objective of the study is to understand the role of
spatial resolution while assessing landscape dynamics
through spatial metrics and the effectiveness of the
landscape metrics in supporting landscape planning and
management decisions

3. Study area

The influence of spatial resolution in assessing the
landscape dynamics through spatial metrics has been done
considering multi-resolution remote sensing data for the
sample space - northern region of Greater Bangalore.
Greater Bangalore is the capital city of the state of
Karnataka, India and the hub of administrative, cultural,
commercial, industrial, and knowledge activities. The
spatial extent of Greater Bangalore is about 741 sq. km.
and lies between the latitudes 12°39°00°” to 13°13°00”’
N and longitude 77°22°00”° to 77°52°00° E. It is the
fifth largest metropolis in India currently with a population
of about 8 million [30, 31]. The Sample space chosen for
the study lies in the northern part of Greater Bangalore
with representative fractions of all land use types.
Bangalore has witnessed rapid urbanization during 1990-
2010 which has brought on fundamental land use change.
The conversions between urban land, vegetation and water
were the major change types in the region.

i+
)

INDIA

0 500 1,000
e —
kilometers

3 Greater Bangalore

Fig. 1. Study Area: Greater Bangalore.

4. Material and Methods

Analysis was carried out using the multi-resolution remote
sensing data acquired during January 2010. Multi-
resolution remote sensing data includes lkonos (4 m),
Landsat Series Enhanced Thematic mapper (28.5 m)

sensor, IRS P6 LISS Il sensor (5.8 m ) and Modis data
(500 m). Landsat data of Thematic mapper (28.5m)
sensors for 2010 was downloaded from public domain
(http://glcf.umiacs.umd.edu/data). MODIS data “MOD 02
Level-1B Calibrated Geolocation Data Set” were
downloaded from EOS Data Gateway
(http://edcimswww.cr.usgs.gov/pub/imswelcome). IRS P6
LISS-I1I data was purchased from the National Remote
Sensing Centre, Hyderabad_ (www.nrsc.gov.in). Geoeye
Foundation provided Ikonos_(4 m) data for academic use.
Base layers such as city boundary, etc. were digitized with
a negligible error count of 0.001from the city map
(procured from BBMP: Bruhat Bangalore Mahanagara
Palike), cadastral revenue maps (1:6000), Survey of India
(SOI) toposheets (1:25000, 1:50000 and 1:250000 scales).
Ground control points to register, geo-correct remote
sensing data and Verify the output were collected using
handheld pre-calibrated GPS (Global Positioning System),
Survey of India Toposheet, Bhuvan and Google earth
(http://bhuvan.nrsc.gov.in; http://earth.google.com).

DATA Year Purpose
Landsat Series 1973 Land use
Multispectral analysis
sensor (57.5m)

Landsat Series 1992,
Thematic mapper 1999, Land use
(28.5m) and 2002, analysis
Enhanced 2006,
Thematic Mapper 2010
Sensors
Survey of India Boundary and
(SQOI) toposheets of base layers.
1:50000 and
1:250000 scales

Table 1: Materials used in the analysis.

5. Analysis:

5.1 Preprocessing: The remote sensing data obtained were
geo-referenced, rectified and cropped pertaining to the
study area. Landsat ETM+ bands of 2010 were corrected
for the SLC-off by using image enhancement techniques,
followed by nearest-neighbour interpolation.

5.2 Land use analysis: The method involves i) generation
of false colour composite (FCC) of remote sensing data
(bands — green, red and NIR). This helped in locating
heterogeneous patches in the landscape ii) selection of
training polygons (these correspond to heterogeneous
patches in FCC) covering 15% of the study area and
uniformly distributed over the entire study area, iii) loading
these training polygons co-ordinates into pre-calibrated
GPS, vi) collection of the corresponding attribute data
(land use types) for these polygons from the field . GPS
helped in locating respective training polygons in the field,
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iv) supplementing this information with Google Earth v)
60% of the training data has been used for classification of
the data, while the balance is used for validation or
accuracy assessment.

Land use classification was carried out using supervised
pattern classifier - Gaussian maximum likelihood
algorithm. This classifier is superior as it uses various
classification decisions using probability and cost functions
(Duda et al.,, 2000). Mean and covariance matrix are
computed using estimate of maximum likelihood
estimator. Land use was computed using the temporal data
through open source program GRASS - Geographic
Resource Analysis Support System
(http://wgbis.ces.iisc.ernet.in/grass/index.php). Four major
types of land use classes were considered: built-up area,
forestland, open area, and water body. Application of this
method resulted in accuracy of about 88% using Landsat
data, 91% accuracy using IRS-P6 data, 94% accuracy
using lkonos data and 74% using Modis data. For the
purpose of accuracy assessment, a confusion matrix was
calculated.

5.3 Landscape Metrics: Landscape metrics were
computed for each of chosen multi-resolution data -
MODIS data (500 m) was resampled to 250 m and 100 m.
Landsat resampled to 30 m and 15m, Ikonosof 4m
resampled to 3m 2m and 1m respectively. The resampled
data were considered for further analysis. Classified land
use data (data and also for resampled data) was converted
to ASCII format and metrics at the landscape level were
computed with FRAGSTATS [32]. Fragstat is open-source
software that can be freely downloaded
(http://www.umass.edu/landeco/research/fragstats/fragstats
.ntml). The spatial metrics include the patch area,
edge/border, shape, compact/contagion/ dispersion and are
listed in Appendix 1.

6. Results and Discussion

Land use analysis: Land use analysis using Gaussian
Maximum Likelihood Classifier was done for multi-
resolution data (MODIS, Landsat, IRS P6 and Ikonos) and
the results are presented in Table 2 and figure 4. Overall
accuracy of the classification was 88% using Landsat data,
91% accuracy using IRS-P6 data and 74% using Modis
data respectively.

Class 2 | Urban | Vegetati | Water | Others
on

Year ¥ Ha Ha Ha Ha

1973 5448 46639 2324 | 13903

1992 18650 31579 1790 | 16303

1999 24163 31272 1542 | 11346

2002 25782 26453 1263 | 14825

2006 29535 19696 1073 18017

2010 37266 16031 617 14565

Table 3.a. Temporal Land use dynamics in Hectares

a 15 30

kilometers

Figure 2: Land use statistics a). Ikonos 4m, b).IRS-P6 5 m,
¢). Landsat-30m, d). Modis-500m.

Class | Urban | Vegetation | Water | Others
> % % % %
Year

v

1973 7.97 68.27 3.40 20.35
1992 27.30 46.22 2.60 23.86
1999 35.37 45.77 2.26 16.61
2002 37.75 38.72 1.84 21.69
2006 43.23 28.83 1.57 26.37
2010 54.42 23.41 0.90 21.27

Table 3.b. Temporal Land use dynamics in %

Landscape Metrics: Landscape metrics were computed for
varied resolution of data for sample space in Greater
Bangalore. The data was classified into 4 land use
categories in a heterogeneous landscape, Urban category
was considered for further analysis as the landscape is
rapidly urbanizing and constitute a dominant class. Table 3
lists the quantified values of each metrics across
resolutions of multi-resolution data.
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Percentage of Landscape (PLAND) and Number of
Patches (NP) as tabulated in table 3, Indicates the level of
fragmentation. The results highlight the dependence on
spatial resolutions evident from the refinement of values
with finer spatial resolutions. PLAND indicates that the
urban patches in this region is becoming a single patch.
Figure 3a highlight the correlation of PLAND with the
resolutions (r = 0.97). Number of Patches (NP) indicates
that smaller patches aggregating to form a cluster of the
urban surface. Figure 3b indicates that better spatial
resolution reveals large number of smaller patches and as
the resolution becomes finer the number of patch metrics
becomes precise.

Largest patch index (LPI) indicate that the landscape is in
the process of aggregation to a single patch indicating
homogenisation of landscape. This metrics is not
dependent on resolutions as in quantifies the largest patch
and almost accurately in all resolutions as illustrated in
figure 3c.

The Patch density (PD) indicates the densification of a
particular patch. Figure 3d indicates of improved
performance with finer resolution. This was verified with
the ground truth data and validation of the classified land
use data with spatial metrics along with the resolutions of
the data.

Fractal dimension index (FRAC) indicates complexity of
the shape, while FRAC_MN and FRAC_AM which
indicates complexity of shape around the mean and with
respect to area weighted mean (AM) which has very high
values indicating complex geometry. Moderate and high
resolution images were able to quantify these accurately
(Figure 3e).

Clumpiness index (Clumpy), Aggregation index (Al),
Interspersion and Juxtaposition Index (1J1) highlights the
occurrence of same patch in the neighborhood. Clumpiness
and aggregation indexes mainly highlight the nature of
development of a particular class in the neighborhood.
Clumpiness value of 1 indicates that the particular class is
highly clumped in that region. Aggregation value close to
100 indicates the same. If the value of 1J1 is not obtained it
means to say that the patch types distinctly pound is less
than three. All resolution output for all these metrics
indicates that higher or better resolution is necessary to
obtain appropriate result. Figure 3f, 3g and 3h
corresponding to these spatial metrics indicate of improved
results with the improvements in the spatial resolution.
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Figure 3: Correlation of spatial Matrices with resolutions
of the data

Cohesion and Connect metrics measures the physical
connectedness of the patches. It increases with increase in
aggregation of among the patch type. Cohesion value of
100 indicates the clumpiness or connectedness of the patch
values close to 0 indicates highly unconnected fragmented
landscape. Earlier as indicated the aggregation level in the

considered image is quite high hence the cohesion values
should be on its higher side. Connect value of 0 indicates
that the considered area is becoming a single patch and the
values close to 100 indicates that every patch is highly
connected and there are small fragmented patches. Figure
3i and 3j indicate that these metrics are independent of
resolutions used and gives almost similar results.

Percentage of Like Adjacencies (PLADJ) calculated for the
adjacency matrix indicates the frequency of different pairs
of patch types occurring, measuring the degree of
aggregation of the focal patch type. The values close to 0
indicates maximally dispersed pattern and values close to
100 indicates maximally contagious. Figure 3k highlight of
dependence on spatial resolutions as lower resolution
images fails to give an appropriate result.

Normalized Landscape Shape Index (NLSI) indicates the
shape of the landscape. Values close to 0 indicates that the
landscape under study has simple shape means to say it is
further aggregating to become a single patch. Values close
to 1 indicates that the landscape has a complex shape.
Figure 3l highlight that the regions are becoming a single
patch of the simple size and independent of resolutions.

7. Conclusion

The study tested the behaviour and credibility of various
landscape metrics for discriminating various landscape
patterns and properties across various spatial resolutions. It
reveals that the spatial resolution of the remote sensing
data plays an important role in the landscape analysis.
Exploration of landscape structure to understand the
different landscape patterns for the analysis of composition
reveal the dependency on spatial resolution of the data. The
results reveal that landscape metrics based on patch (NP,
PLADJ, AGGREGATION, I, CLUMPINESS) are
sensitive to spatial resolution whereas metrics that are
based on shape and neighbourhood (Cohesion, Connect,
NLSI) are not sensitive and behave similarly across all
resolutions. Comparison of the landscape metrics of
various resolutions provides explicit knowledge of their
sensitivity. Variations in landscape metrics with different
spatial resolutions decide the effectiveness of the approach
through spatial metrics used to analyze the landscape
dynamics. Landscape metrics are apt indicators of land use
development and environmental status and there is a need
to incorporate these indices in spatial environment
monitoring and information systems to achieve sustainable
management of the natural resources.
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Bangalore, India: Automatic Delineation through
Appendix 1
Indicators Formula Range Significance/
Description
Category : Patch area metrics
1. | Percentage of = 0 < PLAND < | PLAND is 0 when
Landscape Z aq. 100 patch type (class)
(PLAND) PLAND = P. = = (100) becomes
1 A increasingly rare in
o . the landscape.
P, = [;L%%or_tlon of the Iandscap_e PLAND = 100 with
pied by patch type (class) i. . )
a;= area (m?) of patch ij. single patch type;
A= total landscape area (m?).
2. | Largest Patch n 0 <LPI<100 LPI = 0 when
Index(Percentage LP| = 1= max(aij) (100) largest patch of the

of landscape)

patch type becomes

ajj = area (m°) of patch ij increasingly
A= total landscape area smaller. LPI = 100
when the entire
landscape consists
of a single patch
3. | Number of Urban NPU =N NPU>0, without | Higher the value
Patches NP equals the number of patches in the limit. more . the
landscape. fragmentation
4 . | Patch F (sample area) = (Patch Number/Area) | PD>0,without Patch density
Density * 1000000 limit increases with a
greater number of
patches within a
reference area.
Category : Edge/border metrics
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5. | Area weighted i=N I<SAWMPFD | AWMPFD is 1 for
mean patch fractal 2.2In0.25p, /I, g <2 shapes  with  very
dimension AWMPFD = = N X simple perimeters, such
(AWMPFD) Z as circles or squares,

i=1 and approaches 2 for
. shapes with  highly
Where s;and p; are the area and perimeter convoluted perimeter
of patch i, and N is the total number of
patches

6. Percentage of Like f 3 The percentage of cell
Adjacencies PLADM = Bi (100} 0<=PLADJ< | adjacencies involving
(PLAD)J) Gl ' =100 the corresponding

¥ By patch type that are like
|, k=1 / adjacencies. Cell
gi = number of like adjacencies (joins) ad!acenmes are tallied
between pixels of patch type using th? douple—co_unt
(class) i based on the double- methoq in which pixel
count method. order is preseryed, at
gik = humber of adjacencies (joins) Iea}st fo_r allinternal
between pixels of patch types adjacencies
(classes) i and k based on the
double-count method.

7. Mean Patch Fractal m_ n ::1 ] 1<=MPFD<2 | Shape Complexity.
Dimension ZZ[ 2 In(O.Z? P1}) MPED approaches one
(MPFD) MPED = =L - In aij for shapes with simple

N perimeters and
pij = perimeter of patch ij approaches two when
aij= area weighted mean of patch ij shapes  are  more
N = total number of patches in the complex.
landscape

Category : Shape metrics

8. NLSI(Normalized i=N 0<NLSI<1 NLSI = 0 when the
Landscape Shape & landscape consists of
Index) - S. single square or

NLSI == =i maximally ~ compact
almost square and is 1
when the patch type is
Where s;and p; are the area and perimeter maximally
of patch i, and N is the total number of disaggregated
patches.
Category: Compactness/ contagion / dispersion metrics
9. Clumpiness G -P -1<CLUMPY It equals O when the
i forG, <R &R <5,else <l patches are distributed
CLUMPY = - o randomly, and
1P approaches 1 when the
' patch type is
maximally aggregated
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G. i

gi =number of like adjacencies (joins)
between pixels of patch type (class) I
based on the double-count method.

O =number of adjacencies (joins)
between pixels of patch types (classes) i
and k based on the double-count method.
min-e; =minimum perimeter (in number
of cell surfaces) of patch type (class)i for
a maximally clumped class.

P; =proportion of the landscape occupied
by patch type (class) i.

10. | Aggregation m 1<AI<100 Al equals 1 when the
index Al = Z 9i P (100) patches are maximally
=\ max — g, : disaggregated and
equals 100 when the
. . patches are maximally
max-gi; = maximum number of like aggregated into a single
adjacencies (joins) between pixels of compact patch.
patch type class i based on single count
method.
Pi= proportion of landscape comprised of
patch type (class) i.

11. | Interspersion m.m e e 0< I <100 I is a measure of
and —Z Z [[Ekjln (Ekﬂ patch adjacency. 1l
Juxtaposition 1 = =L k= 100 approach 0  when

= in(0s[mm D)) ( distribution of
adjacencies among
. unique atch  types
eix = total length (m) of edge in bec%mes puneven;yp is
:a:nddsiape between patch types (classes) equal to 100 when all
' . patch types are equally
E :totgl length (m) of edge in landscape, adjacent to all other
excluding background patch types
m =number of patch types (classes) '
present in the landscape, including the
landscape border.
12. | Cohesion } Se | . 0<cohesion<100 | Patch cohesion index
COHESION = |1 - —2=* I{, = 71_] (100 measures the physical
- 463_ ! 4 connectedness of the
|- —_— P’d“\ -’rJ .
1l corresponding patch
type.
13. | Builtup Area | - >0 Total built-up land (in

ha)
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Abstract—Elucidation of urban land use dynamics with the quantification and pattern analysis of spatial metrics is
gaining significant importance in recent times. Rapid unplanned urbanisation has telling impacts on natural resources,
local ecology and infrastructure. Analysing spatio-temporal characteristics of urban landscapes through remote sensing
data and landscape metrics will help in evolving appropriate strategies for integrated regional planning and sustainable
management of natural resources. Temporal remote sensing data provides an opportunity to identify, quantify spatio-
temporal changes. This helps in the implementation of location specific mitigation measures to minimize the impacts.
This Communication focuses on spatio temporal patterns of the land use dynamics of Bangalore. Analysis was carried
out radially from the city center using temporal remote sensing data acquired through space-borne sensors. Greater
Bangalore with 10 kilometer buffer is considered in order to take into account spatial changes in the gradient of peri-
urban to urban regions. The region has been divided into eight zones based on directions. Further, these zones are
divided into 13 circles each of 2 km radius (Bangalore administrative region: 741 square kilometer being 16 km radius
with 10 kilometer buffer), Landscape metrics was computed for each circle in each zone, which helped in understanding
spatio-temporal patterns and associated dynamics of the landscape at local levels. PCA and CCA analysis were carried
out that helped in prioritising metrics for understanding the interrelationships of spatial patterns while eliminating
redundancy of numerous indices in the landscape level analysis. The analysis reveals there has been a growth of 28.47 %
in urban area of Bangalore metropolitan region (including 10 kilometer buffer) during 1973 to 2010. Landscape metrics
analysis reveals compact growth at the center and sprawl in the peri-urban regions.

Keywords—Urban, Landscape metrics, Shannon entropy, Ull, GRASS.

l. INTRODUCTION

Urbanisation is a dynamic process refers to the growth of urban population resulting in land use land cover
(LULC) changes, being experienced by most of the developing nations. Recent projections indicate that the world population
living in urban areas will reach 60 percentages by 2030 [1]. Urbanisation process involves changes in LULC, socioeconomic
aspects including population density. Urban land use entails interactions of urban economic activities with environment,
which further leads to expansion. The rapid and uncontrolled growth of the urbanising cities brings numerous changes in the
structure and hence the functioning of landscape [2]. Urban form reveals the relationship between a city with its
surroundings as well as the impact of human actions on the local environment within and around a city [3]. This necessitates
planning at various stages to manage the urban growth while addressing economic development with the environment goals.
Multi Resolution remote sensing data acquired through sensors mounted on Earth Observation Satellites (EOS) provides a
synoptic and repetitive coverage of large areas through time. It is now possible to monitor and analyze urban expansion and
land use changes in a timely and cost-effective way due to improvements in spatial, spectral, temporal and radiometric
resolutions with analytical techniques [4]. However, there are technical challenges in retrieving accurate information of
urban expansions with rapid land use changes. A major challenge in urban remote sensing data analysis is caused by the high
heterogeneity and complexity of the urban environment in terms of its spatial and spectral characteristics. A successful
implementation of remote sensing technique requires adequate consideration and understanding of these specific urban
landscape characteristics in order to explore the capabilities and limitation of remote sensing data and to develop appropriate
image analysis techniques [5]. Recently there has been an increased interest in the application of spatial metrics techniques
in urban environment because of their capability in revealing the spatial component in landscape structure with the dynamics
of ecology and growth process [6-9]. The analysis of temporal landscape structure would aid in accounting spatial
implications of ecological processes [10]. Many spatial landscape properties can be quantified by using a set of metrics [5],
[11-14]. In this context, spatial metrics are a very valuable tool for planners in understanding and accurately characterising
urban processes and their consequences [5],[10], [15]. Spatial metrics have aided in landscape monitoring, including
landscape changes [16-18], assessing impacts of management decisions and human activities [19-21].A variety of landscape
metrics have been proposed to characterize the spatial configuration of individual landscape class or the whole landscape
base [22-25]. Compared to the other change detection techniques, the landscape metrics techniques are advantageous in
capturing inherent spatial structure of landscape pattern and biophysical characteristics of these spatial dynamic [26].
Furthermore, spatial metrics have the potential for detailed analyses of thespatio-temporal patterns of urban change, and the
interpretation and assessment of urbanisation process.
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Land use dynamics detection using remote sensing data

Remote sensing data aids in detecting and analysing temporal changes occurring in the landscape. Availability of
digital data offers cost effective solutions to map and monitor large areas. Remote sensing methods have been widely applied
in mapping land surface features in urban areas [27]. Satellite based remote sensing offers a tremendous advantage over
historical maps or air photos, as it provides consistent observations over a large geographical area, revealing explicit patterns
of land cover and land use. It presents a synoptic view of the landscape at low cost [28]. Remote sensing also provides high-
resolution datasets that are used to assess spatial structure and pattern through spatial metrics.

Landscape metrics analysis for landscape change detection

Landscape metrics or spatial metrics is based on the geometric properties of the landscape elements, are indicators
widely used to measure several aspects of the landscape structure and spatial pattern, and their variation in space and time
[12]. A variety of landscape metrics have been proposed to characterize the spatial configuration for the individual landscape
class or the whole landscape. Scaling functions of the images describes the variations of different landscape pattern metrics
with spatial resolutions [29-31]. Patch size and patch shape metrics have been widely used to assess patch fragmentation
both at small and large scales [26]. Patch shape index acts as an indicator, which correlates with the basicparameter of
individual patch, such as the area, perimeter, or perimeter—area ratio. However, these indices fail in reflecting the spatial
location of patches within the landscape [25]. Heterogeneity based indices proposed subsequently aid in quantifying the
spatial structures and organization within the landscape which was not quantified by patch shape index. Similarly, the
proximity indices quantify the spatial context of patches in relation to their neighbors [32]. For example, the nearest-
neighbor distance index distinguishes isolated distributions of small patches from the complex cluster configuration of larger
patches [33]. Thus patch-based and heterogeneity-based indices highlight two aspects of spatial patterns, which are
complement to each other. As landscape patterns possess both homogeneous and heterogeneous attributes, it is necessary to
adopt both groups of indices for analysing spatial patterns of heterogeneous landscapes [34]. This illustrates that multi-
resolution remote sensing data with spatial metrics provide more spatially consistent and detailed information about urban
structures with the temporal changes, while allowing the improved representations for better understanding of heterogeneous
characteristics of urban areas. This helps in assessing the impacts of unplanned developmental activities on the surrounding
ecosystems.

1. OBJECTIVES
Main objective of the study is to quantify urbanisation process. This involved,
a. Quantitative assessment of the spatio-temporal dynamics of urbanising landscape.
b.  Analysis of urbanisation process through spatial metrics.

1. STUDY AREA
Greater Bangalore with an area of 741 square kilometers and with an altitude of 949 meters above sea level is the
administrative capital of Karnataka State, India is located in the Deccan Plateau to the south-eastern part of Karnataka. It lies
between the latitudes 12°39°00”” to 13°13°00°’N and longitude 77°22°00°" to 77°52°00°’E,. To account for rural-urban
gradient, 10 kilometer circular buffer has been considered from the Bangalore administrative (http://www.bbmp.gov.in/)
boundary by considering the centroid as City Business District (CBD).

Greater Bangalore with 1 n buffer
[) 15 g‘;"

kilometers

Fig.1 Study area

Bangalore was founded in the year 1537 by then ruler Kempe Gowda and has eventually evolved into economic
hub of Karnataka. Bangalore is accessible by air, road, and rail. The city is well-known for its diverse culture, and history.
Greenery with salubrious climate has attracted a large number of investors and migrants from other parts of the country as
well as from overseas. Bangalore has grown ten folds spatially from 69 (1949) to 741 square kilometer [35]. Bangalore has
been witnessing rapid urbanisation since 1990’s, which has resulted in fundamental land use changes. 632% increase in
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built-up has resulted in the loss of 76% vegetation and 78% water bodies during the last four decades. These large scale
landscape changes has influenced the local climate and has aided in regular floods, Bangalore has been experiencing changes
in the temperature leading to urban heat islands [36].

V. MATERIALS

Remote sensing data

Multi-resolution remote sensing data of Landsat (a series of earth resource scanning satellites launched by the
USA) satellite for the period 1973 to 2010 has been used. The time series of Landsat Series Multispectral sensor (57.5 meter)
of 1973, Thematic mapper (28.5 meter) sensors for the years 1992 and 1999, Enhanced Thematic Mapper Plus (30 meter) of
2003, 2008 and 2010, were downloaded from public domain USGS (http://glovis.usgs.gov/) and GLCF
(http://glcf.umiacs.umd.edu/data). Survey of India (SOI) topo-sheets of 1:50000 and 1:250000 scales were used to generate
base layers of city boundary, etc. City map with ward boundaries were digitized from the BBMP (Bruhat Bangalore
Mahanagara Palike) map. Ground control points to register and geo-correct remote sensing data were collected using pre-
calibrated handheld GPS (Global Positioning System) and Google earth (http://earth.google.com).

V. METHOD

Figure 2 outlines the method adopted for analysing multi-resolution remote sensing data. Landsat data acquired
were geo-corrected with the help of known ground control points (GCP’s) collected from the Survey of India topo-sheets and
Global Positioning System (GPS). ETM+ data was corrected for SLC-off defect. Geo corrected data is then resampled to 30
meter in order to maintain a common resolution across all the data sets.

The data was classified into four land use categories - urban, vegetation, water bodies and others (open space,
barren land, etc) with the help of training data using supervised classifier — Gaussian maximum likelihood classifier
(GMLC). This preserves the basic land use characteristics through statistical classification techniques using a number of
well-distributed training pixels. Grass GIS(http://wgbis.ces.iisc.ernet.in/grass/index.php), free and open source software with
robust support of processing both vector and raster data has been used for this analysis. Possible errors during spectral
classification are assessed by a set of reference pixels. Based on the reference pixels, statistical assessmentof classifier
performance including confusion matrix, kappa (x) statistics and producer's and user's accuracies were calculated. These
accuracies relate solely to the performance of spectral classification.Infill, linear, clustered, expansion, scattered are
considered as different growth types in this study. Infill development is usually referred as compact development. Infill
development converts vacant or unutilized urban land into higher density development. Infill is means of accommodating the
growth within urban area's geographical extent. Growth of the urban is modeled by a fixed amount of changes for each time
period referred as linear growth. The expansion of a community without concern for consequences and expanded around
their peripheries that forms a new agglomeration termed as high expansion or clustered growth. Scattered development is a
low density development, growth of urban area increases dramatically in short time span with new development activities in
the periphery.

Siepl

RS data
[ Landsat MSS(1973),
TM(1992,1999),

ETM+(2003,2008,2010)] Classified Image ‘

fid image is cropped from CBD as 13 circles each
us mlo§ direcions

Tmage pre processing techniques l

Step3

Spatial metrics Computation

Geo correction, scan line correction,
Resampiing 1{

Step2

Classification PCA
@ Principal Component Analysis
Selectionof tr ng site ¢
CCA

Canonical Corvespondence Analysis

Interpretation of results

Fig. 2 Method tailed to understand urban landscape change

Analysis of urban sprawl

Urban sprawl refers to the disaggregated or dispersed growth at outskirts and these localities are devoid of basic
amenities (drinking water, sanitation, etc.). This necessitates understanding sprawl process for effective regional planning.
The location factors, such as distance to urban center and roads act as catalyst for urban sprawl. Shannon’s entropy given in
equation 1 has been used to measure the extent of urban sprawl with remote sensing data [37], [38]. Shannon’s entropy was
calculated across all directions to analyse the extent of urbanisation

Hn = — ), Pilog,(Pi) .......... 1)
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Where, P; is the Proportion of the variable in the i zone and n is the total number of zones. This value ranges from
0 to log n, indicating very compact distribution for values closer to 0. The values closer to log n indicates that the distribution
is much dispersed. Larger value (close to log n) indicates fragmented growth indicative of sprawl.

mis.

Analysis of spatial patterns of urbanisation - computation of Landscape metrics

The gradient based approach is adopted to explain the spatial patterns of urbanisation. The study region, given in
Figure 1 was divided into eight zones based on the directions, which were further divided into concentric circles (13 circles)
with incrementing radius of 2 kilometer. Landscape metrics were computed for each region to understand the landscape
dynamics at local levels due to urbanisation.

A Spatio-temporal pattern of the landscape is understood through landscape metrics. These spatial metrics are a
series of quantitative indices representing physical characteristics of the landscape mosaic. Table 1(Appendix I) lists the
indicators that reflect the landscape’s spatial and temporal changes [5], [16], [39], [40]. Thesemetrics are grouped into the
five categories: Patch area metrics, Edge/border metrics, Shape metrics, Compactness/ contagion / dispersion metrics, Open
Space metrics.

Analysis of land use expansion — computation of Urban Intensity Index (Ull):

Urban Intensity Index (Ull) is used to compare the intensity of land use expansion at different time periods. Ull
results in the normalization of the land area in various spatial units divided by the annual rate of expansion [41]. Ull is the
percentage of expansive area of urban land use in the total area and is given by 2.

UII = [(UAi t+n —UAi,ty/n]*[100/TA] ...... )

Where UA is urban area per year of spatial unit i, urban land use area of year t+n, land use of year t and TA resembles total
land area;n represents the number of years.

VI. RESULTS AND DISCUSSION

Temporal land use changes are given in Table 2. Figures 4 and 5 depict the temporal dynamics during 1973 to
2010. This illustrates that the urban land (%) is increasing in all directions due to the policy decisions of industrialization and
consequent housing requirements in the periphery. The urban growth is concentric at the center and dispersed growth in the
periphery. Table 3 illustrates the accuracy assessment for the supervised classified images of 1973, 1992, 1999, 2003, 2008
and 2010 with an overall accuracy of 93.6%, 79.52%, 88.26%, 85.85%, 99.71%, and 82.73%.

Table 2 illustrates that the percentage of urban has increased from 1.87(1973) to 28.47% (2010) whereas the
vegetation has decreased from 62.38 to 36.48%.

Table 2.a: Temporal land use of Bangalore in %

Land use Type> | Urban | Vegetation | Water | Others

Year % % % %
1973 1.87 62.38 3.31 32.45
1992 8.22 58.80 1.45 31.53
1999 16.06 41.47 1.11 41.35
2003 19.7 38.81 0.37 41.12
2008 24.94 38.27 0.53 36.25
2010 28.97 36.48 0.79 34.27
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Table 2.b: Temporal land use of Bangalore in hectares

Landuse > | Urban | Vegetation | Water | Others

Year Ha Ha Ha Ha

1973 3744.72 | 125116.74 | 6630.12 | 65091.6

1992 17314.11 | 123852.87 | 3063.69 | 66406.5

1999 32270.67 | 83321.65 | 2238.21 | 83083.05

2003 39576.06 | 77985.63 748.26 | 82611.18

2008 50115.96 | 76901.94 | 1065.42 | 72837.81

2010 57208.14 | 73286.46 | 1577.61 | 68848.92

Table 3: Accuracy assessment

Year Kappa Overall
coefficient accuracy (%)
1973 0.88 93.6
1992 0.63 79.52
1999 0.82 88.26
2003 0.77 85.85
2008 0.99 99.71
2010 0.74 82.73

Fig. 4 Bangalore from 1973, 1592, 1999, 2003, 2008 and 2010
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Fig. 5Land use dynamics for Bangalore from 1973 to 2010
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Land use Dynamics of Bangalore from 1973-2010

Figure 6 (in Appendix 1) explains the spatio temporal land use dynamics of Greater Bangalore with 10 kilometer
buffer region for the period 1973to 2010. The built-up percentage (urban) in circle 1 is increasing (from 1973 to 2010) in all
directions with the decline of vegetation. In 1973 built-up is high in NNE (25.37%), NWW (17.45%), NNW (43.25%)
directions whereas in 2010 built-up has increased in NNE (79.02%), SSW (74.11%), NWW (76.89%), NNW (85.71%)
directions due to compact growth of residential areas, commercial complex areas. Infilling is observed in these regions
during 1973 to 2010 due to conversion of open spaces and vegetated areas in to built-up. The urban land is increasing in all
directions in Circle 2, due to more residential areas like Shanti nagar, Majestic, Seshadripuram etc., In 1973 built-up is high
in SSW (11.33%), SWW (47.05%), NWW (18.96%) directions whereas in 2010 built-up has increased in NNE (90.00%),
SSW (78.25%), SWW (78.30%) directions, declining the vegetation cover in the region. In 1973 built-up is high in SSW
(39.94%), NWW (33.03%) directions in Circle 3 whereas in 2010 built-up has increased substantially in NNE (89.24%),
SSW (71.06%), SWW (92.06%), NWW (83.73%), NNW (69.39%) directions, which in turn show decline of vegetation
cover in the region. The urban land has increased in all directions due to increase in residential and commercial areas like
Gandhi nagar, Guttahalli, Wilson Garden, KR Market, Kormangala (some of the IT industries are located in this region )
etc. It has been observed infilling urban growth in the region due to more commercial/financial services/activities. Land use
changes in the circle 4 during 1973 to 2010 indicate an increase of urban land in all directions due to dense residential areas
like Malleswaram, Rajajinagar, Jayanagar, Yeshwanthpur and small scale industries estates like Rajaji nagar Industrial area,
Yeshwanthpur Industrial suburb etc,. In the year 1973 built-up percentage is high in SEE (5.06%) and NWW (7.81%)
directions whereas in 2010 built-up is more in NEE (77.06%), SSW (89.69%), SWW (92.39%), NWW (83.61%) directions,
which in turn declining in the area of vegetation cover and water bodies in the region. In 1973, the area under built-up is less
in all the direction in Circle 5 whereas in 2010, built-up has increased substantially in SSW (84.02%), SWW (93.01%),
NWW (83.03%) directions, decreasing the vegetation cover.

The urban land has increased in all directions due to the increase in residential and commercial areas like
Vijaynagar, Dasarahalli, Banshankari, Marthahalli, BTM layout and Bommanahalli industrial area (IT & BT industries )
etc., in 1973 built-up in Circle 6 in NNW is 2.67% compared to all directions. In 2010 built-up has increased in SSW
(68.12%), SWW (53.46%), NWW (66.90%) directions. The urban land is increasing in all directions due to more residential
areas and commercial areas like Vidyaranyapuram, Jalahalli, Yelahanka satellite Town, HMT layout etc. Asia’s biggest
Industrial area- Peenya Industrial estate located in this region (SWW, NWW). Infilling (Peenya Industries) and high
expansion (other areas) is observed in this region.

The urban land is increasing with respect to all the directions due to residential area development as in Yelahanka
new town, White Field, Tunganagar, MEI housing colony and small scale industries. In 1973built-up in Circle 7 is very less,
However, this has increased in 2010, in SSE (38.54%), SSW (37.72%), SWW (46.37%), NWW (63.71%) directions, which
has resulted in the decline of vegetation cover and water bodies. In this region urban growth expansion due to manufacturing
industrial activities is observed.

The built-up area is increasing all the directions from 1973 to 2010 in circle 8. Built-up direction wise are NNE
(31.68%), SSE (32.90%), NWW (46.29%), NNW (32.29%) due to residential layouts and small scale industries.

The built-up area is increasing all the directions from 1973 to 2010. In 2010 Built-up area with respect to SSE
(24.26%), SSW (21.26%), NWW (24.61%) directions has increased due to new residential areas of moderate density
(Hoskote residential area) and industries (part of Bommasandra Industrial area). The built-up has increased from 1973 to
2010 in Circle 10. In 2010, Built-up has increased with respect to NNE (18.57%), SSE (22.46%), NWW (18.06%) directions
due to small residential layouts, industries (part of Bommasandra Industrial area) of technical, transport and communication
infrastructure. The built-up has increased in Circle 11 from 1973 to 2010 due to the land use changes from open spaces and
land under vegetation to builtup. Small scale Industries near Anekal (SSE) is driving these changes. In 2010 Built-up
percentage is high in NNE (16.48%), SSE (22.39%), NNW (13.35%) directions. Regions in Circle 12, in all directions have
experienced the decline of water bodies and vegetation due to large scale small residential layouts and Jigani Industrial estate
(located in SSE). The built-up has increased from 1973 to 2010, evident from the growth in SSE (22.09%), NNE (14.92%)
and NEE (14.17%) directions during 2010.

Similar trend is observed in Circle 13 with the built up increase in SSE (21.43%), NNE (18.74%) directions due to
small residential layouts, part of Jigani Industrial estate (SSE) and also residential complexes due to the proximity of
Bengaluru International Airport (NNE).

Shannon’s entropy

The entropy calculated with respect to 13 circles in 4 directions is listed in table 4. The reference value is taken as
Log (13) which is 1.114 and the computed Shannon’s entropy values closer to this, indicates of sprawl. Increasing entropy
values from 1973 to 2010 shows dispersed growth of built-up area in the city with respect to 4 directions as we move
towards the outskirts and this phenomenon is most prominent in SWW and NWW directions.

63

77



Peri-Urban to Urban Landscape Patterns Elucidation through Spatial Metrics

Table 4: Shannon entropy

Direction | NNE | NEE | SEE SSE SSW | SWW | NWW | NNW
1973 0.061 | 0.043 | 0.042 | 0.036 | 0.027 | 0.059 | 0.056 | 0.049
1992 0.159 | 0.122 | 0.142 | 0.165 | 0.186 | 0.2 0.219 | 0.146
1999 021 | 021 | 023 |[039 |03 |034 0.33 0.24
2003 0.3 0.25 | 027 |[033 |03 |04 0.45 0.37
2008 0.3 0.27 0.34 0.46 0.45 0.48 0.48 0.37
2010 0.46 0.32 0.38 0.5 0.5 0.5 0.54 0.44
Year Reference value: 1.114

Landscape metrics Analysis and interpretation

The entropy values show of compact growth in certain pockets and dispersed growth at outskirts. In order to
understand the process of urbanisation, spatial metrics (Table 1 in Appendix 1) were computed. Metrics computed at the
class level are helpful for understanding of landscape development for each class. The analysis of landscape metrics
provided an overall summary of landscape composition and configuration.

Figure 7 to 15 (Appendix I11) describes Patch area metrics. Figure 7 reflects the direction-wise temporal built-up
area, while Figure 8 explains percentage of built-up. These figures illustrate the inner circles (1, 2, 3, and 4) having the
higher values indicates concentrated growth in the core areas especially in SWW and NWW regions. However, there has
been intense growth in all zones and in all circles inside the boundary from 1973 to 2010 and which leading to spread near
the boundary and 10 kilometer buffer. The values of urban intensification in certain pockets near periphery suggest the
implications of IT sector after 90°s (example: one such is the IT sector being established in the NEE & SEE regions). Patch
indices (such as largest patch) is computed to understand the process of urbanisation as it provides an idea of aggregation or
fragmented growth. Figure 9 and 10 shows largest patch index with respect to built-up (i.e. class level) and also with respect
to the entire landscape.

In 1973, circle-3 of SWW direction has largest built-up patch, which is aggregating to form a single patch. In 2010
largest patches can be found in circle 4 to circle 12 indicating the process of urbanisation. In circle 12 with respect to all
directions the largest patches are located due to new paved surfaces areas, among all NNW direction is having higher largest
patch. Similar trend has been noticed for the largest patch with respect to whole landscape, which indicates of largest patch
in SWW (circle 3) among one of the land use classes in 1973 and in NNE (circle 9) in 2010. In order to analyse the
dimension of the urban patch and its growth intensity, Mean patch size (MPS) is computed, Results are as shown in Figure
11. MPS values are higher near the periphery in 1973 due to a single homogeneous patch. Whereas, it showed higher value
near the center where urban patches were prominent and were less near periphery which indicated fragmented growth in the
center in 2010.

Figure 12 shows number of patches (NP) of built-up area from 1973 to 2010. This is fragmentation based indices.
Less NP in 1973 has increased in 2010 showing more fragmented patches which can be attributed to the sprawl at periphery
(circle 6 to 13) with respect to all the directions. The more number of patches can be found in NNE direction of circle 6 and
circle 12. The PD and NP indices are proportional to each other. Figure 13 shows patch density (PD) in built-up, which
indicates lower values in 1973 and higher values in 2010 indicating fragmentation towards periphery. Figure 14 shows Patch
area distribution coefficient of variation (PAD_CV) which indicates almost zero value (all patches in the landscape are the
same size or there is only one patch) in 1973 with respect to all the directions in outer circles. This has been changed in
2010, with high PAD_CV indicating new different size patches in the landscape are present due to the intensified growth
towards the outskirts with respect to all the directions. Figure 15 shows PAFRAC (Perimeter-Area Fractal Dimension) index
from 1973 to 2010, which approaches 1 in all the directions, indicating of simple perimeters in the region.

Figure 16 to 20 (Appendix I11) explains the Edge metrics to analyse the edge pattern of the landscape. Figure 16
shows Edge Density (ED), which shows an increase from circle 4 to 13 with respect to all directions from 1973 to
2010clarifies the landscape is having simple edges at center and becoming complex to the periphery due to large number of
edges or fragments in the periphery. Figure 17 shows prominent AWMPFD in 2010 for the circle 4 in all directions. Circle 5
to Circle 8 in NNW approaches to value 2, which shows the shapes of the patches are having the convoluted perimeters.
AWMPFD approaches to 1 for the shapes with simple perimeters, Perimeters that are simple indicate that there is
homogeneous aggregation happening in this region. Perimeters that are complex shaped indicate the fragment that are being
formed, which is most prominent in 2010.

Figure 18 shows PARA_AM, which illustrates fragmentation in the outer circles with higher values in all
directions for all years and especially circle 11 of NNW direction has higher perimeter. Figure 19 and 20, shows MPFD
(Mean Patch Fractal Dimension), covariance indicates that in 1973 the landscape with simple edges (almost square) has
become complicated in 2010 with convoluted edges in all directions because of fragmentation and newly developing edges
in the landscape.
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Figure 21 to 23(Appendix I11) explains the shape complexity of the landscape by the utility of shape metrics. NLSI
(Normalized Landscape Shape Index) which explain shape complexity of simple (in 1973) to complex in 2010 as shown in
Figure 21 with respect to all directions. Figure 22 and Figure 23 shows MSI (Mean Shape Index) and AWMSI (Area
Weighted Mean Shape Index) indices, which explains in 1973 the shape of landscape is simple i.e. almost square and in
2010 due to irregular patches the shape has become more complex in all directions of the outer circles.

Figure 24 to 28 (Appendix I11) describes the clumpiness of the landscape in terms of the urban pattern. Figure 24
shows Clumpy Index. City is more clumped/Aggregated in the center with respect to all directions but disaggregated towards
periphery indicates small fragments or urban sprawl. Circles 1, 2, 3 are clearly portraits the intensified growth of the region
in respective directions.

Figure 25 shows higher ENN_AM (Euclidean nearest neighbour distance Area weighted mean) for 1973 which has
reduced in all directions from 1973 to 2010 due to intermediate urban patches. The new industries and other development
activities from 1992 to 2010 especially lead to establish new urban patches which lead to reduction of nearest neighbor
distance of urban patches.

Figure 26 shows ENN_CV (Euclidean nearest neighbour distance coefficient of variation) Index from 1973 to
2010, which is another form of ENN_AM, and is expressed in terms of percentage. ENN_CV value is decreasing due to
more unique intermediate urban patches coming up in the region with new built-up areas. Figure 27 illustrates Al
(Aggregation) Index, which is similar to Figure 24 (clumpy index).

Figure 28 shows 1JI (Interspersion and Juxtaposition) which is a measure of patch adjacency 1JI values are
increasing due to decrease in the neighbouring urban patch distance in all the directions in 2010 which is indicative of
patches/fragments becomes a single patch i.e. maximal interspersion and equally adjacent to all other patch types that are
present in the landscape.

Figure 29 and 30(Appendix I11) explains the open space indices, computed to assess the status of the landscape for
accounting the open space and dominance of land use classes. Figure 29 shows Ratio of Open Space (ROS), which helps to
understand the growth of urban region and its connected dynamics. ROS was higher in 1973 with respect to all the
directions, especially in the periphery of 10 kilometerboundary. ROS decreases in the subsequent years and reaches dismal
low values in 2010. Specifically, circles 1, 2, 3, 4 shows the zero availability of open space indicating that the urban patch
dominates the open area which causes limits spaces and congestion in the core urban area leading to the destruction of
vegetation cover for construction purposes. This is also driving the migration from the city center towards periphery for new
developmental activities. Figure 30 shows dominance index which increases considerably since 1973 and reaches
considerably maximum value (in 2010) indicating that the urban category becoming the dominant land use in the landscape.

Finally, Ull was calculated, which explains the growth rate at which the study area is urbanising temporally
through years 1973 to 2010. The growth rate during 1973 to 1992 showed less intensification of urban whereas from 1992 to
2010 there has been a drastic increase. Table 5 explains the urban intensification temporally, revealing higher growth rates in
NNE, NWW and NNW

Table 5: Ull with respect to the previous time period

Direction NNE NEE SEE SSE SSW SWW | NWW | NNW
1973-

1992 0.26 0.19 0.26 0.33 0.45 0.45 0.51 0.26
1992-

1999 0.43 0.71 0.76 2.19 151 1.22 111 0.78
1999-

Year 1.36 0.06 0.62 0.04 0.33 1.18 2.25 2.17
2003
2003-

2008 0.04 0.35 1.06 1.27 1.43 1.33 0.56 0.27
2008-

2010 6.1 1.66 1 1.29 2.05 0.96 2.61 2.35

Principal components analysis (PCA):

Principal component analysis (PCA) was carried out to reduce the number of dimensions in the data set while
keeping best of the variance, and to identify the major independent dimensions of the landscape patterns [42], [43]. PCA is
for reduction and interpretation of large multivariate data sets [44] with some underlying linear structure.PCA is adopted in
landscape analysis to identify independent components of landscape structure, and cluster analysis to group the components
and then calculated the universality, strength, and consistency of the identified landscape structure components [45]. PCA
helped in prioritising representative spatial metrics that best reflect the landscape’s temporal changes.

PCA has removed effect of landscape composition, and the resulting components that are the major independent
dimensions of landscape configuration. Plot of principal components (PC’s) in Figure 31 shows the combination of the
categories with loadings. This contains the plotted component scores of each sample and the loading coefficients as
eigenvectors. The largest percentage of variance was explained by metrics from PC1 and PC2. Principal component analysis
illustrates the spatial pattern of patches. The combined PCA gives the most consistent metrics with high loadings across the
landscape. The positive loadings explain the behaviour of fragmentation for respective circles and also compactness in some
circles. These metrics are effective for discerning the patterns of urban growth at a landscape.
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Fig. 31 PCA biplot of the first and second principal components. Dots correspond to the 104 samples (13circles for 8
directions) of spatial metrics

Computation of Canonical Correspondence Analysis (CCA):

Canonical Correspondence Analysis (CCA) an eigenvector ordination technique for multivariate direct gradient
analysis [46-48] has been tried as CCA maximizes the correlation for summarising the joint variations in two sets of
variables. An eigenvalue close to 1 will represent a high degree of correspondence and an eigenvalue close to zero will
indicate very little correspondence. CCA is implemented considering the landscape metrics as variables with respect to 13
different circles in 8 directions and the outcome is given in figure 32. This illustrates spatial arrangement of the patches
within the study area, explained by percentage variance in the respective landscape metrics. Axis 1 explains 93.23% of
variance and axis 2 explains 7.09% variance. The plot shows the metrics which are the influence factors for each circle with
respect to the each direction. The positive axis explains the fragmentation based indices and negative axis shows the
compactness.
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Fig. 32CCA plot of the first and second axes with % variance

VII.  CONCLUSION

The peri urban to urban gradients analysis elucidated the changes in land use intensity due to the policy focus on
setting up industries, leading to the increase in the population of urban and suburbs. The study shows that Bangalore is
rapidly expanding with a significant increase in built-up area from 1.87% (1973) to 28.47% (2010), whereas the vegetation
has decreased from 62.38% to 36.48% and also depletion of large water bodies and open spaces. Shannon entropy value is
increasing from 1973 to 2010 and reaching towards the critical (reference) value highlights the sprawl. The present work
demonstrates the usefulness of spatial metrics for metropolitan land use planning.

The study identified the potential utility of common landscape metrics for discriminating different patterns of the
spatio—temporal land use change in response to the process of urbanisation. The landscape metrics number of patches (NP)
and patch density PD showing the higher fragmentation of urban patches at periphery. Due to higher the value of number of
patches (NP), mean patch size (MPS) value has come down ENN_AM showing the intermediate urban patches are
developed. Al is showing the urban patches are disaggregated towards periphery. AWMSI showing the patches are
becoming more irregular. The results shows urban patches are more clumped at the urban center, but fragmented towards the
periphery due to newly developed urban patches at the edge. Intensified urbanisation is taking place continuously at a faster
rate in outer areas, bringing more area under built-up (Urban) category as revealed by metrics (dispersed growth).

PCA was implemented to prioritize the landscape metrics useful for analysing urban dynamics. CCA was also
done which brought out the critical relationships between metrics and hence proved as a very useful statistical tool to explain
the higher contributors in a given set of landscape metrics. Finally, urban landscape planning design requires strengthening
the structural connectivity of ecological landscapes to improve urban-ecological functional linkages. Spatial metrics and
variables of urban land use form the basis for alternative representations of these factors in urban models. Such information
at regional level will help decision makers in modifying the landscape in order to achieve a sustainable balance of resources.
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Appendix I:
Table 1: Landscape metrics with significance
SL | INDICATORS FORMULA RANGE SIGNIFICANCE/
NO DESCRIPTION
Category : Patch area metrics
1 Builtup | - >0 Total built-up land (in
(Total Land ha)
Area)
2 Built up Ab ) 0<BP<100 It represents the
(Percentage of BP = _ builtup. (100) percentage of built-up in
landscape ) A the total landscape area.
A yii-up = total built-up area
A= total landscape area
3 Largest Patch on max(a.) 0<LPI<100 | LPI = 0 when largest
Index LPI :':1—'(100) patch of the patch type
(Percentage of becomes increasingly
built up) a; = area (m?) of patch i smaller.
A= total landscape area LPI = 100 when the
entire landscape consists
of a single patch of,
when  largest  patch
comprise 100% of the
landscape.
4 Mean patch n MPS>0,withou | MPS is widely used to
size Z a t limit describe landscape
MPS MPS = =t 1 structure.  Mean patch
- m size index on a raster
n; ) map calculated, using a
i=i" patch 4 neighbouring

a=area of patch i algorithm.

n=total number of patches
5 Number of NPU =n NPU>0, It is a fragmentation
Urban Patches NP equals the number of patches in the landscape. without limit. | Index. Higher the yalue
more the fragmentation

6 Patch f(sample area) = (Patch Number/Area) * 1000000 PD>0,without | Calculates patch density
density limit index on a raster map,
using a 4 neighbor

algorithm.
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7 Patch area SD PADCV>0 PADCYV is zero when all
distribution PAD,, = —(100) patches in the landscape
coefficient of are the same size or

variation there is only one patch
(PADCV) with:SD: standard deviation of patch area size (r_10 variability in patch
Npach size).
> (a —MPS)?
SD — i=1
Npatch
. MPS: mean patch area size
ai: area of patch i
Npaten: NUMber of patch

8 Perimeter- I<PAFRAC<2 | It approaches 1 for

Area Fractal n on [ m n n on 7 shapes with very simple
Dimension N (InP,.Ina,) In Ina, perimeters  such  as
PAFRAC { .ZJZ } [;; p”j[;; ! ] squares, and approaches

m 1 m 1 2 for shapes with highly
(szm pij?] [ZZm pij] convoluted, perimeters.
i=L =L j= PAFRAC requires
a;; = area (m’) of patch ij. patches to vary in size.
p;j = perimeter (m) of patch ij.
N = total number of patches in the landscape
Category : Edge/border metrics
9 Edge density n ED >0, ED measures total edge
€ without limit. | of urban boundary used
ED 10000 ED =0when | to compare landscape of
K™ AREA( ) there is no varying sizes.
k: patch type class edge.
m: number of patch type
n: number of edge segment of patch type k
eik :total length of edge in landscape involving patch
type k
Avrea: total landscape area

10 | Area weighted i=N ISAWMPFD< | AWMPFD approaches 1

mean patch ZZInO.ZS p./InS, 2 for shapes with very
fractal i i simple perimeters, such
dimension AWMPFD = X as circles or squares, and

(AWMPFD) ZS' approaches 2 for shapes

= with highly convoluted
Where s;and p; are the area and perimeter of patch i, perlm_eter. AWMPFD
and N is the total number of patches describes . the
fragmentation of urban
patches. If Sprawl is
high then AWMPFD

value is high.

11 Perimeter PARA AM— >0,without PARA AM is a measure

Area limit of fragmentation; it is a
Weighted Pl = perimeter of patch oo measure of the amount
Mean Ratio. Aij=area weighted mean of patch ij of 'edge’ for a landscape
PARA_AM . or class. PARA AM
AM = Z Xij[es ay — value increased with
=1 Z =1 aij increasing patch shape

complexity.

12 | A. Mean 1<=MPFD<2 | MPFD is another
Patch Fractal ZZ( 2In(0.25 p”)} measure  of  shape
Dimension B MPED = = it Inaij complexity, approaches
(MPFD) - N one for shapes with

S .. simple perimeters and
C. pij = perlmet_er of patch ij ) approaches two when
D aij= area weighted mean of patch ij shapes are more

E. N =
landscape

total number of patches in the

complex.
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13 Mean Patch m Itis It gives coefficient of
Fractal ZZ(ZIn(O 25p”)j represented in | variation of patches.
Dimension MPED = =L In aij percentage.
(MPFD) N
coefficient of SD
variation eV =1 100
(Cov)
CV (coefficient of variation) equals the standard
deviation divided by the mean, multiplied by 100 to
convert to a percentage, for the corresponding patch
metrics.
Category Shape metrics
14 NLSI 0<NLSI<1 NLSI = 0 when the
(Normalized Z P landscape consists of
Landscape i1 S single square or
Shape Index) NLSI = ——- maximally compact
. . almost square, it
Where s;and piare the area and perimeter of patch i, increases when the patch
and N is the total number of patches. types becomes
increasingly
disaggregated
15 Mean Shape n.(0.25p, MSI> 1, Explains Shape
index MSI > — without limit | Complexity.MSI is
i=i \/a equal to 1 when all
MSI -4 patches are circular (for
) ) ' ) ) polygons) or square (for
pij is the perimeter of patch i of type j. raster (grids)) and it
. . . increases with increasing
aij is the area of patch i of type j. patch shape irregularity
N, is the total number of patches.
16 Area i=N AWMSI>1, | AWMSI = 0 when all
Weighted p, /44, without limit | patches in the landscape
Mean Shape AWMSI = =t X - S are circular or square.
Index N S AWMSI increases
(AWMSI) iZ:Si without limit as the
Where s;and p; are the area and perimeter of patch i, ﬁzzgcrhlarshape becomes
and N is the total number of patches gurar.
Category: Compactness/ contagion / dispersion metrics
17 Clumpiness G-P -I<CLUMPY <I | It equals 0 when the
P =5 forG <P &R <5else patches are distributed
CLUMPY =| randomly, and
G-R approaches 1 when the
1-P patch type is maximally
aggregated.
Gii

gii =number of like adjacencies (joins) between
pixels of patch type (class) | based on the double-
count method.
gik =number of adjacencies (joins) between pixels
of patch types (classes) i and k based on the
double-count method.
min-e; =minimum perimeter (in number of cell
surfaces) of patch type (class)i for a maximally
clumped class.
P; =proportion of the landscape occupied by patch

type (class) i.
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18 | Areaweighted ENN = h. ENN>0, without | ENN approaches zero as
Euclidean " limit the distance to the
mean nearest hjjisdistance(m) from patch ij to nearest nearest neighbor
neighbor neighboring patch of the same type(class) based on decreases.
distance shortest edge to edge distance.
AW_MNND
19 ENND ENN = h. Itis represented | In the analysis of urban
coefficient of i in percentage. processes, greater
variation cV = 2(100) isolation  indicates
MN greater dispersion.
CV (coefficient of variation) equals the standard
deviation divided by the mean, multiplied by 100
to convert to a percentage, for the corresponding
patch metrics.
20 m g 1<AI<100 Al equals 1 when the
. = __Ji |p patches are maximally
Aggregation Al LZ;‘[ max — g j R } (100) disaggregated and equals
index . . o 100 when the patches
gii=number of like adjacencies (joins) between are maximally
pixels of patch type (class) i based on thesingle a
ggregated
count method.
mom e e 0< 1JI<100 1J1 is used to measure
21 . _z Z Jik | Il ik patch adjacency. 1JI
Interspersion = & E E approach 0 when
:a]md N _ (100) distribution of
uxtaposition adjacencies among
In (O'S[m(m _1)]) unique patch types
e = total length (m) of edge in landscape between becomes increasingly
patch types (classes) i and k. uneven; is equal to 100
E = total length (m) of edge in landscape, when all patch types are
excluding background equally adjacent to all
m = number of patch types (classes) present in the other patch types.
landscape, including the landscape border, if
present.
Category : Open Space metrics
22 Ratio of open s' Itis The  ratio, in a
space (ROS) ROS = —x100% represented as | development, of open
S percentage. space to developed land.
Where s is the summarization area of all “holes”
inside the extracted urban area, s is summarization
area of all patches
23 Patch L Computes dominance's
dominance Dominance = In(m) + Z pi In(pi) diversity index on a
i= raster map.

i=1
m: number of different patch type
i: patch type; pi: proportion of the landscape
occupied by patch type i
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Appendix II:
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Fig. 6 Land use dynamics for Bangalore Zone-wise and circle-wise (1973 to 2010)
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Spatio-Temporal Pattern of Landscape Dynamics in
Shimoga, Tier II City, Karnataka State, India

T.V. Ramachandra,

Abstract— Urbanisation and associated growth patterns
(urban sprawl) are characteristic of spatial temporal land use
changes taking place at regional levels. Unplanned
urbanization and consequent impacts on natural resources
including basic amenities has necessitated the investigation
and understanding of mechanisms and dynamics of land use
and land-use change on a range of spatial scales and evaluate
the environmental consequences of these changes at the
landscape scale. Rapid wurbanization subsequent to
globalization in Karnataka state show dominant changes in
land use during the last two decades. Urban regions are
getting urbanized at much faster rates while peri-urban areas
are experiencing sprawl.

These processes have negative impacts on natural
resources, economic health, and community characteristics.
Quantitative estimations of urbanisations patterns are
required to help local and regional land use planners to
better identify, understand and provide appropriate
infrastructure and basic amenities. Multi-temporal remote
sensing data would help in understanding land cover and land
use changes. A combination of land cover, land use dynamics
with gradient analysis and spatial metrics, would help in
characterizing spatiotemporal patterns of landscape
dynamics. This communication is based on the analysis of
urbanization process and landscape fragmentation of a tier 11
city in Karnataka. Supplementary data including historical
maps, qualitative data have also been used to understand the
urbanization process and fragmentation patterns. Spatial
metrics aided in characterizing long-term trends and
patterns of urban growth. Quantitative and qualitative
analyses of spatial results helped in visualizing the pattern of
growth, in order to highlight future land use trends. The
results of the analysis shows of dispersed growth initially
causing increased fragmentation. Gradually the growth
filled in vacant non-urban area, resulting in more compact or
aggregated urban pattern. Improved understanding of urban
growth, helps in effective and suitable regional planning.

Keywords - Urbanisation, urban sprawl, spatial metrics, Tier
II cities, Landscape dynamics.
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I. INTRODUCTION

Human induced land use and land cover (LULC) changes
have been the major drivers for the changes in local and
global environments. Land cover dynamics involving
conversion of natural resources (vegetation, water bodies,
green spaces) into urban space have affected various
natural and ecological process Urbanisation is a
dynamic complex phenomenon involving large scale
changes in the land uses at local levels. Analyses of
changes in land uses in urban environments provide a
historical perspective of land use and give an opportunity to
assess the spatial patterns, correlation, trends, rate and
impacts of the change, which would help in better regional
planning and good governance of the region
(Ramachandra, et al., 2012). Urban growth is a spatial
and demographic process, involving concentration of
human population to the land area which has high economy
(Bhatta, et al., 2010a; Luck & Wu, 2002; Ramachandra
etal., 2012).

Urban growth pattern, have a direct influence on urban
development process, which extends its influence on the
neighborhood (Bhatta, 2009; Nelson, 2010), leading to
Urban sprawl, which is often referred as peri-urban
growth. Urban sprawl refers to a small clusters of medium
to low-density urban growth in the outskirts without proper
basic amenities (Bhatta et al., 2010b; Ramachandra et al.,
2012; Petrov et al., 2009; Sudhira et al., 2004). This form
of peri urban low density growth apart from lacking basic
amenities also have a number of social, economic and
environmental disadvantages (Bhatta et al., 2010b;
Ramachandra et al., 2012).

A quantitative and qualitative analysis of the landscape
structure is essential to analyse of the patterns of landuse
change. Thematic land-use and land-cover maps generated
allow us to quantify characteristics such landscape
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heterogeneity (Baldwin etal., 2004) and landscape
fragmentation (Benedek et al.,, 2011; Gao & Li, 2011;
Sudhira et al., 2004). Spatio-temporal data (Remote
Sensing (RS) data) with Geographic Information System
(GIS) are helpful in data acquisition and analysis of
LULC changes and for qualitative and quantitative results
to understand the changes (Ramachandra et al., 2012;
Sudhira et al., 2003). Temporal RS data has been used to
analyze and understand the changes and impacts of
human activities on the natural ecosystem (Yang et al.,
2003; Herold et al., 2005; Cowen and Jensen, 1998; Xu et
al., 2005; Berberoglu and Akin, 2009). Urban growth
is captured based on spatial configuration and its
dynamics (Muller et al., 2010; Seto & Fragkias, 2005;
Xian & Crane, 2005; Sudhira et al., 2003). Spatial
metrics have been used for describing landscape structure
(McGarigal, 2002; McGarigal et al., 2002; Sudhira et al.,
2004; Ramachandra et al., 2012) and for a wide range of
applications, including the assessments of land-use change
(Iverson, 1988 ; Turner & Ruscher, 1988; Ramchandra et
al., 2012 ), required for landscape planning and
management (Botequilha Leitdo & Ahern, 2002), detection
of changes in vegetation patterns (Fernandez, Aguiar &
Ferreira, 2011; Kelly et al., 2011), changes in landscape
structure (Pocas et al., 2011; Ramachandra et al., 2012,
Bharath et al, 2012 ), for assessing the impacts of
urbanization on the landscape ( Gao & Li, 2011; Li et al.,
2010; Ramachandra et al., 2012; Sudhira, 2004, Bharath et
al., 2012). Common spatial metrics have been computed
for describing the structural characteristics and growth
patterns of the built-up area. Herold et al., (2003), for
instance, used spatial metrics to characterize urban
growth patterns in four administrative regions of Santa
Barbara. Calculation of the metrics for each region
was based on a visually interpreted land-use map
representing the landscape as patches of a built and
non-built class. Ramachandra et al.(2012) and Bharath et
al., (2012) have examined land-use changes
encompassing the urban area and peri urban area using
spatial metrics at the class level. This work adopted
gradient and direction analysis to locate and understand the
local dynamics of changes in urban pattern. Further using
Concentric buffer zones (Seto & Fragkias, 2005, Settur
et al., 2012) , transects or rectangular sample plots
(Weng, 2007, Luck & Wu, 2002) were also used for the
sprawl analysis. Spatial metrics have been proved as a
valuable tool in comparing urban form and land-use
dynamics (Huang et al., 2007; Schwarz, 2010). The
review illustrates thatsignificant research contributions
ranging from gradient analyses to geospatial tool
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applications have been made to understandthe urban
growth pattern, quantification of complex patterns or
processes of urban growth (Dietzel et al., 2005; Herold
et al., 2003; Peng et al., 2010; Ramachandra et al., 2012).

Human induced land use and land cover (LULC) changes
have been the major drivers for the changes in local and
global environments. Land cover dynamics involving
conversion of natural resources (vegetation, water bodies,
green spaces) into urban space have affected various
natural and ecological process Urbanisation is a
dynamic complex phenomenon involving large scale
changes in the land uses at local levels. Analyses of
changes in land uses in urban environments provide a
historical perspective of land use and give an opportunity to
assess the spatial patterns, correlation, trends, rate and
impacts of the change, which would help in better regional
planning and good governance of the region
(Ramachandra, et al., 2012). Urban growth is a spatial
and demographic process, involving concentration of
human population to the land area which has high economy
(Bhatta, et al., 2010a; Luck & Wu, 2002; Ramachandra
etal., 2012).

Urban growth pattern, have a direct influence on urban
development process, which extends its influence on the
neighborhood (Bhatta, 2009; Nelson, 2010), leading to
Urban sprawl, which is often referred as peri-urban
growth. Urban sprawl refers to a small clusters of medium
to low-density urban growth in the outskirts without proper
basic amenities (Bhatta et al., 2010b; Ramachandra et al.,
2012; Petrov et al., 2009; Sudhira et al., 2004). This form
of peri urban low density growth apart from lacking basic
amenities also have a number of social, economic and
environmental disadvantages (Bhatta et al, 2010b;
Ramachandra et al., 2012).

A quantitative and qualitative analysis of the landscape
structure is essential to analyse of the patterns of landuse
change. Thematic land-use and land-cover maps generated
allow us to quantify characteristics such landscape
heterogeneity (Baldwin etal., 2004) and landscape
fragmentation (Benedek et al.,, 2011; Gao & Li, 2011;
Sudhira et al., 2004). Spatio-temporal data (Remote
Sensing (RS) data) with Geographic Information System
(GIS) are helpful in data acquisition and analysis of
LULC changes and for qualitative and quantitative results
to understand the changes (Ramachandra et al., 2012;
Sudhira et al., 2003).
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Temporal RS data has been used to analyze and
understand the changes and impacts of human activities
on the natural ecosystem (Yang et al., 2003; Herold et al.,
2005; Cowen and Jensen, 1998; Xu et al, 2005;
Berberoglu and Akin, 2009). Urban growth is captured
based on spatial configuration and its dynamics (Muller
et al., 2010; Seto & Fragkias, 2005; Xian & Crane,
2005; Sudhira et al., 2003). Spatial metrics have been used
for describing landscape structure (McGarigal, 2002;
McGarigal et al., 2002; Sudhira et al., 2004; Ramachandra
et al., 2012) and for a wide range of applications, including
the assessments of land-use change (Iverson, 1988 ; Turner
& Ruscher, 1988; Ramchandra et al., 2012 ), required for
landscape planning and management (Botequilha Leitdo &
Ahern, 2002), detection of changes in vegetation patterns
(Fernandez, Aguiar & Ferreira, 2011; Kelly et al., 2011),
changes in landscape structure (Pocas et al., 2011,
Ramachandra et al., 2012, Bharath et al., 2012 ), for
assessing the impacts of urbanization on the landscape (
Gao & Li, 2011; Li et al., 2010; Ramachandra et al., 2012;
Sudhira, 2004, Bharath et al., 2012). Common spatial
metrics have been computed for describing the structural
characteristics and growth patterns of the built-up area.
Herold et al., (2003), for instance, used spatial metrics
to characterize urban growth patterns in four
administrative regions of Santa Barbara. Calculation of
the metrics for each region was based on a visually
interpreted land-use map representing the landscape as
patches of a built and non-built class. Ramachandra et
al. (2012) and Bharath et al., (2012) have examined land-
use changes encompassing the urban area and peri urban
area using spatial metrics at the class level. This work
adopted gradient and direction analysis to locate and
understand the local dynamics of changes in urban pattern.
Further using Concentric buffer zones (Seto & Fragkias,
2005, Settur et al., 2012) , transects or rectangular sample
plots (Weng, 2007, Luck & Wu, 2002) were also used
for the sprawl analysis. Spatial metrics have been proved
as a valuable tool in comparing urban form and land-use
dynamics (Huang et al., 2007; Schwarz, 2010). The review
illustrates that significant research contributions ranging
from gradient analyses to geospatial tool applications
have been made to understand the urban growth pattern,
quantification of complex patterns or processes of
urban growth (Dietzel et al., 2005; Herold et al., 2003;
Peng et al., 2010; Ramachandra et al., 2012).

This communication analyses the growth pattern of a
developing city in Karnataka State, India. The region has
large neighborhood of various classes with diverse
landscape patterns. The objectives of the study are (a)
to understand the land cover and land use dynamics using
temporal remote sensing data, b) quantify urban growth ,
(b) to understand the urban growth patterns in different
locations using gradients and (d) to assess the pattern of
growth over past two decades using spatial metrics over
gradient.

STUDY AREA

2,000

kilometers
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Figure 1: Study area considered for the analysis

Shimoga district is located at 13 43’N 75 15° E and 14
08N and 75 44°E in the central part of the state of
Karnataka, India. It lies on the banks of the Tunga River.
The climate is tropical wet and dry and temperature ranges
between 370C (Max) to 23.20 C (Min). The district
receives an average rainfall of 1813 mm. Shimoga
encompasses an area of 8477 sq. km. Shimoga district is
divided into 2 Sub-divisions and 7 Taluks. The Sagar Sub-
division comprises the taluks of Sagar, Shikaripura, Sorab
and Hosanagara while the Shimoga Sub-division comprises
the taluks of Shimoga, Bhadravathi and Thirthahalli.
District Headquarters of Shimoga is located in Shimoga.
Shimoga district has a population of 16.43 lakh (as per
2001 Census), with population density of 194 per sq. km.
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Agriculture and animal husbandry are the major
contributors to the economy of Shimoga district. The
Shimoga city having a radius of 7km is considered for the
analysis and a buffer of 5 km is considered in order to
account for peri-urban growth and to visualise likely
urbanising regions during the next decade.

II. MATERIALS AND METHODS

Urban dynamics was analysed using temporal remote
sensing data of the period 1992 to 2010. The time series
spatial data acquired from Landsat Series Thematic mapper
(28.5m) sensors for the period 1992 to 2010 were
downloaded from public domain
(http://glcf.umiacs.umd.edu/data). Survey of India (SOI)
toposheets of 1:50000 and 1:250000 scales were used to
generate base layers of city boundary, etc. City map with
digitized the city
administration map. Population data was collected from
the Directorate of Census Operations, Bangalore region
(http://censuskarnataka.gov.in). Table I lists the data used
in the current analysis. Ground control points to register
and geo-correct remote sensing data were collected using
hand held pre-calibrated GPS (Global Positioning System),

ward boundaries were from

Survey of India toposheet and Google earth
(http://earth.google.com, http://bhuvan.nrsc.gov.in).
DATA Year Purpose

Landsat Series Thematic 1992, Landcover and

mapper (28.5m) and 1999, Land use analysis

Enhanced Thematic 2005

Mapper sensors
IRS LISS I (23.5m) 2010 Landcover and

Land use analysis

Survey of India (SOI) To Generate
toposheets of 1:50000 boundary and Base
and 1:250000 scales layer maps.

Field visit data —captured
using GPS

For geo-correcting
and generating
validation dataset

Table I: Materials used in the analysis
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III. DATA ANALYSIS

1. PREPROCESSING:
The remote sensing data corresponding to the study region

were downloaded, geo-referenced, rectified and cropped
pertaining to the administrative boundary with 5 km buffer.
Landsat ETM+ bands of 2010 were corrected for the SLC-
off by using image enhancement techniques, followed by
nearest-neighbour interpolation.

ii. Land Cover Analysis:

Among different land cover indices, NDVI - Normalised
Difference Vegetation Index was found appropriate NDVI
was computed to understand the changes of land cover .
NDVI is the most common measurement used for
measuring vegetation cover. I t ranges from values -1 to +1.
Very low values of NDVI (-0.1 and below) correspond to
barren areas of rock, sand, or Urban builtup. Zero indicates
the water cover. Moderate values represent low density of
vegetation (0.1 to 0.3), while high values indicate
vegetation (0.6 to 0.8).
iii. Land use analysis:

The method involves i) generation of False Colour
Composite (FCC) of remote sensing data (bands — green,
red and NIR). This helped in locating heterogeneous
patches in the landscape ii) selection of training polygons
(these correspond to heterogeneous patches in FCC)
covering 15% of the study area and uniformly distributed
over the entire study area, iii) loading these training
polygons co-ordinates into pre-calibrated GPS, vi)
collection of the corresponding attribute data (land use
types) for these polygons from the field . GPS helped in
locating respective training polygons in the field, iv)
supplementing this information with Google Earth v) 60%
of the training data has been used for classification, while
the balance is used for validation or accuracy assessment.

Land use classification of Landsat satellite data was done
using supervised pattern classifier - Gaussian maximum
likelihood classification
decisions using probability and cost functions (Duda et al.,
2000). Mean and covariance matrix are computed using
estimate of maximum likelihood estimator.

algorithm based on various
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Land Use was computed using the temporal data through
open source GIS: GRASS - Geographic Resource Analysis
Support System (www.ces.iisc.ernet.in/grass). Four major
types of land use classes considered were built-up,
vegetation, cultivation area (since major portion is under
cultivation), and water body. 60% of the derived signatures
(training polygons) were used for classification and the rest
for validation. Recent remote sensing data (2010) was
classified using the collected training samples. For earlier
time data, training polygon along with attribute details were
compiled from the historical published topographic maps,
vegetation maps, revenue maps, etc. Median filter of 3X3
was applied to the classification-derived maps to reduce the
effect of “salt & pepper” noise produced by the
classification procedure. Statistical assessment of classifier
performance based on the performance of spectral
classification considering reference pixels is done which
include computation of kappa (k) statistics and overall
(producer's and user's) accuracies.

iv. Density Gradient Analysis:

Further the classified image is then divided into four zones
based on directions considering the central pixel (Central
Business district) as  Northwest (NW), Northeast (NE),
Southwest (SW) and Southeast (SE) respectively. The
growth of the urban areas was monitored in each zone
separately through the computation of urban density for
different periods.

v. Division of four zones to concentric circles and
computation of spatial metrics:

Each zone was further divided into incrementing concentric
circles of 1km radius from the center of the city. The built
up density in each circle is monitored overtime using time
series analysis. Landscape metrics were computed for each
circle, zone wise using classified land use data at the
landscape level with the help of FRAGSTATS (McGarigal
and Marks, 1995). Table II details the spatial metrics
considered for the analysis of urban dynamics at local
levels.

567

vi. Computation of Shannon’s Entropy:

To determine whether the growth of urban areas was
compact or divergent the Shannon’s entropy (Yeh and Liu,
2001; Li and Yeh, 2004; Lata et al., 2001; Sudhira et al.,
2004; Pathan et al., 2007; Ramachandra et al.,2012) was
computed direction wise for the study region. Shannon's
entropy (Hn) given in equation 1, provide insights to the
degree of spatial concentration or dispersion of
geographical variables among ‘n’ concentric circles across
Zones.

Hn = — Y[, Pilog (Pi)

Where Pi is the proportion of the built-up in the ith
concentric circle. As per Shannon’s Entropy, if the
distribution is maximally concentrated the lowest value
zero will be obtained. Conversely, if it evenly distribution
the value would be closer to log n indicating dispersed
growth or sprawl.

V. RESULTS
i. Land cover analysis:
NDVI was calculated using r.mapcalc in GRASS, open
source GIS and results are depicted in figure 2 and
Table II1. The analysis reveals that there was reduction
in the vegetation cover from 89% to 66% during the
past two decades in the study region.

Class Vegetation in Non-

Years % Vegetation in
%

1992 89.35 10.65

1999 78.92 21.08

2005 74.83 25.16

2010 66.72 33.28

Table III: Results of land cover analysis
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S1 | Indicators Formula Range
N
0
1 | Largest Patch Index Lpl = Y max(a;) 0 <LPI<1
(proportion of built -
up) a ;= area (m?) of patch i
A= total landscape arca
2 Number of Urban NPU =n NPU>0, without limit.
Patches NP equals the number of patches in the landscape.
3 Patch f(sample area) = (Patch Number/Area) * 1000000 PD>0,without limit
Density
4. | Normalized i p. 0<NLSI<I
Landscape Shape E =
Index NLSI — i=1 Si
N
e s;and p;: Area and perimeter of patch i,
e N : total number of patches.
G —P -1<CLUMPY <1
—L forG, < P& P. <5, else
CLUMPY =| '
i E
1-F
5. | Clumpiness
G 8ii

i (i i j —mine,
k=1

e g; : number of like adjacencies (joins) between pixels of
patch type (class) i based on the double-count method.

e g, : number of adjacencies (joins) between pixels of patch
types (classes) i and k based on the double-count method.
min-¢; : minimum perimeter (in number of cell surfaces) of
patch type (class) i for a maximally clumped class.

e P, : proportion of the landscape occupied by patch type
(class) i.
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Aggregation index

(100)

1<AI<100

Interspersion and
Juxtaposition

|
S
bl
Il
SN
1
7 N\
t ‘:?
N—
.
=
7 N\
by
| |

I =

e ¢;: total length (m) of edge in landscape between patch
types (classes) i and k.

e E:total length (m) of edge in landscape, excluding
background m: number of patch types (classes) present in
the landscape, including the landscape border, if present.

0<1JI<100

Percentage of Like
Adjacencies (PLADJ)

f %
_ B (100)

m
D 8y
L, k=1 /

number of like adjacencies (joins) between pixels of
patch type (class) i based on the double-count
method.

number of adjacencies (joins) between pixels of patch
types (classes) i and k based on the double-count
method.

FLADI

gi =

ik =

0<=PLADJ<=100

Proportion of
Landscape (PLAND)

n
PLAND = P, = (21 Yl
P; = proportion of the landscape occupied by patch type
(class) i.
a;= area (m?) of patch ij.
A= total landscape area (m?).

0 <PLAND <100

10

Area Weighted Mean
Fractal Dimension
Index

(FRAC_AM)

FRAC = /in am;

pij= perimeter (m) of patch ij.

amij= area weighted mean (m2) of patch ij.

1 <FRAC_AM <2

Table II: Landscape metrics calculated for the study region
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Figure 2: Temporal Land cover dynamics
ii.  Land use analysis:

Land-use analysis was performed using using the function
i.maxlik (in GRASS) based on supervised classifier based
on Gaussian maximum likelihood algorithm. Temporal
land use is given in figure 3 and the statistics of category-
wise land uses are for 5 time period is given in Table IV.
Urban category has increased from 13% (1992) to 33%
(2010), which is about 253 times during the last two
decades. Notable factor is that the Cultivation which is the
major land use in the study region has increased to a small
extent. Vegetation had decreased drastically over last two
decades from 30% (1992) to about 6% (2010). The results
of the overall accuracy for each classification map were
90% (1992), 90.33% (1999), 92.45% (2005) and 94.12%
(2010). Kappa values were 0.84 (1992), 0.85 (1999), 0.9
(2005) and 0.91 (for 2010).

Class | Urban % | Vegetation % | Water % | Cultivation
Years %
1992 | 13.58 30.94 1.52 53.95
1999 | 25.32 24.82 1.51 48.35
2005 | 28.16 10.09 1.12 60.62
2010 | 33.56 5.52 1.2 59.72

Table IV: Results of Land use analysis
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iii. Shannon’s Entropy:

Shannon entropy was calculated to understand the state of
urbanization direction wise in the study region (either
fragmented or clumped) and are given in Table V. The
analysis show of sprawl in the North West, while
significant growth was observed in North East, South East
and South west but fragmented due to presence of
cultivable land in these regions.

NE NW SE SwW
1992 0.23 0.24 0.18 0.25
1999 0.39 0.41 0.34 0.36
2005 0.4 0.45 0.38 0.43
2010 0.43 0.7 0.42 0.47
Reference value 1.079 (Log(12))

Table V: Results of Shannon’s entropy

ey

Figure 3: Results of Land use analysis
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iv. Landscape Metrics

Spatial metrics were computed using Fragstat (McGarigal
and Marks, 1995) to understand the level of urban
dynamics and are listed in table 1. FRAGSTAT requires
details such as rows and columns that were obtained using
g.region —p. Class properties file was created using the ascii
text format as per the land use classes. The output of the
land use for the gradients corresponding to 1km gradients
was considered in 16 bit binary format and the spatial
metrics were calculated direction wise for each gradient.
Results of the analysis indicate of clumped growth at the
center of the city and are in the verge of forming a single
class patch. Compared to this, outskirts or peri-urban
regions are fragmented or sprawl with different classes in
the neighborhood. Metric results are
described next.

quantitatively

Proportion of Landscape (PLAND) and Largest Patch
Index (LPI): PLAND is one of the metrics that’s calculated
on the properties of the landscape. Pland approaches 0
when the land use class is rare in the landscape and the
value will reach 100 when the entire landscape consists of a
single patch type; intermediate values representing the
degree of clumping or fragmentation. LPI = 0 when largest
patch of the patch type becomes increasingly smaller as in
the comparision of the landscape. LPI = 1 when when
largest patch comprise 100% of the landscape (Wu et al.,
2002, 2004). Results of the analysis of the PLAND metric
is given in Figure 4a. Results reveal of phenomenal
increase in urban area over the past decade . Outskirts
neighborhood have large variability in land use classes but
form single patches in 2010 especially in the north west
and south west directions. The core area though clumped
with urban class has lower PLAND due to the presence of
water and cultivation categories as major land uses.

LPI (figure 4b) indicates that the landcape is aggregating to
form single patches in almost all directions and gradients.
Fragmented outskirts are also now on the verge of forming
a single patch, and core center is almost constant except in
North east and south east directions as it has also water
class which is comparatively a large patch .

——wm | og

——201 || g3
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X - axis : Circles @ TKM, ¥ - axis : Metric value

Figure 4a: Pland metric calculated for the study region
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Figure 4b: Largest Patch Index

Number of Urban Patches (NP): NP reflects the extent of
fragmentation (Baldwin et al., 2004, Turner et al., 1989) of
a particular class in the landscape. Higher the value more
the fragmentation, Lower values is indicative of clumped
patch or patches forming a single class. Figure 4c illustrates
that center of the city is in the verge of clumping especially
accelerated in 2005 and 2010, while the outskirts remain
fragmented and are highly fragmented during 2005 and
2010in North east, south east and south west directions.
North west zone is losing its vegetation and cultivation
class and this zone is highly fragmented in the outskirts
during 2005 but is now in the verge of forming a single
built up class.
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Figure 4c: Number of urban patches

Normalized Landscape Shape Index (NLSI): NLSI
calculates the value based on particular class rather than
landscape and is equal to zero when the landscape consists
of single square or maximally compact almost square, its
value increases when the patch types becomes increasingly
disaggregated and is 1 when the patch type is maximally
disaggregated. The results (Figure 4d) indicate that the
urban area is almost clumped in all direction and all
gradients especially in north east and west direction. It
shows a small degree of fragmentation in the buffer regions
in south west and south east direction. The core area is in

the process of becoming maximally square in all directions.

Patch Density (PD): PD refers to number of patches per
unit considered. This index is computed using a raster data
with4 neighbor algorithm. Patch density increases with a
greater number of patches within a reference area. As seen
before the fragmentation is large in the buffer regions and
hence the patch density is high in the buffer region as
compared to the core area. Patch density increased with
number of patches increasing in mid-90’s further continued
till 2005. During the years 2005- 2010 patch density
considerably decreased as number of patches decreased and
hence indicated the process of clumping. Figure 4e explains
the patch density at patch level.

Aggregation index (Al) and Clumpiness Index (Clumpy):
Al and Clumpy are two measures of degree of
fragmentation of the landscape. Al equals zero when the
patches are maximally disaggregated and equals 100 when
the patches are maximally aggregated into a single compact
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patch (Cushman et al., 2008, Bailey et al., 2007) and
Clumpy equals 0 when the patches are distributed
randomly, and approaches 1 when the patch type is
maximally aggregated. Results of Al (Figure 4f) are
indicative of the clumpedness of the patches at the outskirts
and buffer region and are fragmented in the central core.
Clumpy (Figure 4f) also indicates the same as it is rather a
proportion it also is indicative that the central core is
fragmented, But in the process of clumping to form a single
patch.
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Figure 4d: NLSI index

NE

os

——1992
04

—-—19%9
2005 | 03
=200 [ oo
o1
o

203 4 s § 7 8 8 101

SE 07 SW
05
——19: |05 ——1932
199 | g4 ——19%
2005 2
a3 0
——2010 ——201
02
o1
o

4 s 6§ 7 8 8 101

——19m2
=139

—=2010

7 08 9 101 1

X - anis i Circles @ TKM, Y - axis : Metric value

Figure 4e: Patch Density

Percentage of Like Adjacencies (PLADJ): PLADJ is the
percentage of cell adjacencies involving the corresponding
patch type that are like adjacencies. Cell adjacencies are
tallied using the double-count method in which pixel order
is preserved, at least for all internal adjacencies. equals 0
when the patch types are maximally disaggregated and
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there are no like adjacencies. PLADIJ is 100 when all patch
types are maximally and the landscape contains a border
comprised entirely of the same class. The results (Figure
4h) indicate that the adjacencies are quite low in the core
area as it has different patch types. Whereas high
adjacencies are found in certain buffer zones of north west
and south east directions. We can observe that the patches
in 1998 and 2005 have disaggregation whereas in 2010 all
patches are becoming aggregates.
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Figure 4f: Aggregation index
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Figure 4h: Percentage of Land adjacency

Interspersion and Juxtaposition (IJI): Interspersion and
Juxtaposition (Bailey et al., 2007) approaches 0 when the
distribution of adjacencies among unique patch types
becomes increasingly uneven. 1JI is equal to 100 when all
the patch types are equally adjacent to all other patch types.
Analysis on the study region indicates (Figure 4i) that near
the core the values are near zero indicating adjacencies are
uneven whereas in the outskirts and buffer zones values are
relatively higher indicating that they are relatively adjacent
and clumped
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Figure 4g: Clumpiness index
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Figure 4i: 1JI index
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VI. CONCLUSION

A combination of qualitative and quantitative analyses of
spatial temporal land use analyses, fragmentation analysis
and characterisation of urbanization process through spatial
metrics direction wise for each gradients were adopted for
an improved understanding of urbanisation processes in the
tier II city, Shimoga, Karnataka, India. Land cover analysis
reveals that there was reduction in the vegetation cover
from 89% to 66% during the past two decades in the study
region.

Land use analysis reveals of increase in urban category
from 13% (1992) to 33% (2010), which is about 253 times
during the last two decades. Notable factor is that the
Cultivation which is the major land use in the study region
has increased to a small extent. Vegetation had decreased
drastically over last two decades from 30% (1992) to about
6% (2010).

Spatial analysis revealed that land use in the outskirts is
fragmented during 1998 — 2005. The process of clumping
to form a single patch is noticed in the core area during
2005-2010 while in the urban fringe, it has been more
contiguous and more disorganized in the form of leap frog
growth. Presence of water bodies in the heart of the city is
the reason for core area not getting aggregated. Shannon’s
entropy showed that there was urban sprawl in the outskirts
necessitating immediate policy measures to provide
infrastructure and basic amenities. Landscape metrics
conform of the urban sprawl in the buffer zone, whereas the
core area had mix of classes and as we go from the center
towards administrative boundary the wurban density
intensifies. Although Shimoga does show a high degree of
infill development that is evident from the reduction of
fragmented land. Governmental agencies need to visualize
possible growth poles for an effective policy intervention. .
Any efforts to do so, however, must take into account the
multitude of social, environmental and biophysical realities
that will continue to shape the region’s future. Physical
urban growth in the region will undoubtedly continue, but
it is required that the city planners and developers of
Shimoga take a note of the situation and plan for further
developmental urban activities in a sound, flexible and
sustainable way.
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ABSTRACT

Rapid urbanization coupled with burgeoning population, economic disparity and prevalence
of infectious disease necessitate mitigation strategies in the context of environmental
challenges and the sustainability of healthy natural resources. During the past decade, Tier 11
cities in Karnataka have been witnessing dramatic changes in land cover Unplanned
urbanization and consequent impacts on natural resources including basic amenities has
necessitated the investigation and understanding of mechanisms and dynamics of land use
and land-use change on a range of spatial scales and evaluate the environmental
consequences of these changes at the landscape scale. This communication aims to quantify
and analyze the spatial-temporal pattern of urbanization process of a tier II city — Gulbarga,
Karnataka State, India using Remote Sensing (RS) data and spatial metrics. The results show
that during the past decade (2000 - 2010), Gulbarga has experienced spatial expansion of
urban area. The urban land use has increased from 1% to 22% in past 4 decades. Temporal
remote sensing data with spatial metrics helped in understanding spatial patterns of urban
sprawl. Spatial metrics indicate a clumped and aggregated growth at the city and sprawl at the
outskirts. Computation of Shannon’s entropy, spatial metrics with the gradient approach
helped in bridging the knowledge gap between present and past land use. This knowledge
helps the administrators and planners to visualize the urban growth to provide basic
amenities.

Keywords: Urbanisation, sprawl, Tier II cities, Remote sensing data, Geospatial analysis
1. Introduction

Urbanisation is the physical growth of urban areas as a result of rural migration and even
towns or suburban concentration transforming into cities. It occurs as governmental efforts to
improve opportunities for jobs, education, housing and transportation. Unplanned
urbanisation has serious impacts on the local ecology and on the sustenance of natural
resources (Ramachandra et al., 2012). The process of urbanisation and its impacts on natural
resources is a universal phenomenon taking place in most parts of India. All Cities in India
have been experiencing this bewildering phenomenon involving large scale land use changes
with globalisation. Urbanisation is an irreversible process involving changes in vast expanse
of land cover and local ecology with the progressive concentration of human population.
Rapidly urbanizing landscapes with high population density often face severe crisis due to
inadequate infrastructure and lack of basic amenities (Bharath et al., 2012). The urban
population in India is growing at about 2.3% per annum while the global urban population
has increased from 13% (220 million in 1900) to 49% (3.2 billion, in 2005) and is projected
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to escalate to 60% (4.9 billion) by 2030 (Ramachandra and Kumar, 2008). The increase in
urban population and changes in the land use is mainly due to migration from other areas. As
per census 2011 there are 48 urban agglomerations in India, which are referred as Mega cities
or Tier I with population of more than one million. Earlier studies suggest that Tier 1 cities
due to burgeoning population and lack of proper urban planning have reached the saturation
level evident from lack of basic amenities, over congestion due to inadequate infrastructure,
higher amount of pollutants in the environment, contamination of water, scarcity of water and
electricity, increasing crime rates, etc. (Sudhira et al., 2003, Ramachandra et al., 2012).. In
this context, there is a need to plan Tier II cities (population less than 1 million) in India to
ensure these cities do not face the serious infrastructure an environmental problems as Tier I
cities. Tier II cities offer humongous scope in meeting the demand of urban population.
Development of tier II cities entails the provision of basic infrastructure (like roads, air and
rail connectivity), adequate social infrastructure (such as educational institutions, hospitals,
etc.) along with other facilities. Spatio temporal patterns of land use and land cover (LULC)
based on the temporal remote sensing data would aid in understanding and visualization of
spatial patterns of urban growth. This would also help in identifying the probable pockets of
intense urbanization and its effects such as sprawl, etc.

Urban sprawl refers to excessive unusual growth near the periphery of the city boundary or in
the places where there is the absence of planning and availability of basic amenities. Cities
need to grow in a planned and phased manner, and ensure a balance between proportion of
growth and available resources. However rapid unplanned growth exerts pressure on the
natural resources. This unplanned growth is called as Urban sprawl or sprawl. The urban
sprawl involves disorganized and unattractive expansion of an urban area into the adjoining
boundaries (Ramachandra et al., 2012). Remotely sensed satellite data having a good spatial
and spectral resolution acquired over frequent time interval is the most widely used tool
(Singh, 1989; Hall et al., 1991; Bharath H A. et al., 2012) to assess the changes in the
urbanizing landscape over time and consequent sprawl (if happening). Unifying landscape
structural ecology with remote sensing and other geospatial techniques can help in analysing
and detecting the temporal changes occurring in larger areas more effectively through
quantified landscape patterns (Crews-Meyer, 2002; Sudhira et al., 2003; Ramachandra et al.,
2012). Quantification of landscape patterns allows to link spatial patterns with underlying
ecological processes to some extent (O’Neill et al., 1988; Bhatta, 2010a; Bhatta et al., 2010b;
Miiller et al., 2010) and in understanding the relationship between urban growth and mobility
(Zhao et al., 2011). Quantification of patterns and process helps in understanding the
landscape dynamics s (Crews-Meyer, 2002; Bender, 2003), monitoring (Lausch and Herzog,
1999), management and planning (Kim and Pauleit, 2007; Lin et al., 2007). Spatial metrics
have been widely used to study dynamic pattern with the underlying social, economic and
political processes of urbanization (Yu and Ng, 2007; Jenerette and Potere, 2010).
Applications of landscape metrics include landscape ecology (number of patches, mean patch
size, total edge, total edge, mean shape), geographical applications by taking advantage of the
properties of these metrics (Gibert and Marre, 2011; Rossi and Halder, 2010; Ramachandra et
al., 2012; Bharath H. A et al., 2012). These studies also confirmed that Spatio-temporal data
along with landscape metrics would help in understanding and evaluating the spatio temporal
patterns of landscape dynamics required for appropriate management measures.

This communication is based on the analysis of urbanization pattern in a Tier II city,
Gulbarga. Main objectives of the study includes (a) quantification of temporal urban growth
in Gulbarga city with 5 km buffer, b) vegetation analysis, c¢) understanding local growth
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variation using gradient approach and (c) model the growth using spatial metrics to
understand its dynamics . These information support policy interventions in urban planning

and natural resource conservation.

2. Study Area

; Y
[ 1

\

¥ o = 5 kms
¥ N Gulbarga City | w‘u
/ \ ]
| P |
L . /

\ _|r - /

" kilometers

Figure 1: Study Area: Gulbarga

Gulbarga was known as 'Kalburgi' means "rose petals" in poetic Persian. Gulbarga district is
located in the Northern part of the state and lies between latitude 17°10° and 17°45> N and
longitude 76 © 10> and 77 © 45°E. This is a biggest district in Karnataka State covering 8.49%
of the area and 5.9% of State’s population. It is bounded by Bijapur district (of Karnataka)
and Sholapur district (of Maharashtra), in the west by Bidar district (of Karnataka) and
Osmanabad district (of Maharashtra) on the north and by Raichur district of Karnataka in the
south. It is one of the three districts that were transferred from Hyderabad State to Karnataka
state at the time of re-organization of the state in 1956. Gulbarga is basically an agriculture
dominated District with crops such as Tur, Jowar, Bajra, Paddy, Sugarcane and Cotton.
District receives and annual rainfall of 839 mm. Gulbarga city with 5 km Buffer region is
considered for the analysis. Gulbarga city has an area of 64.00 Sq. km with 55 Wards and an
Population of 5.3lakhs (Census 2001) and is governed by Gulbarga Mahanagara Palike

3. Materials

The time series spatial data acquired from Landsat Series Thematic mapper (28.5m) sensors
for the period 1973 to 2002 were downloaded from public domain
(http://glcf.umiacs.umd.edu/data). IRS LISS II (24 m) data coinciding with the field
investigation dates were procured from National Remote Sensing Centre (www.nrsc.gov.in),
Hyderabad.
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Table 1: Materials used in analysis

DATA Year Purpose

Landsat Series TM (28.5m) and 1973,1992, Landcover and Land use
ETM 2002 analysis

IRS LISS III (24m) 2010 Landcover and Land use
analysis

Survey of India (SOI) toposheets of to generate boundary and

1:50000 and 1:250000 scales base layer maps.
Field visit data —captured using GPS for geo-correcting and
generating validation dataset

Survey of India (SOI) topo-sheets of 1:50000 and 1:250000 scales were used to generate base
layers of city boundary, etc. Tablel lists the data used in the current analysis. Ground control
points to register and geo-correct remote sensing data were collected using handheld pre-
calibrated GPS (Global Positioning System), Survey of India Toposheet and Google earth
(http://earth.google.com, http://bhuvan.nrsc.gov.in). Tablel lists the data used in the current
analysis

3.1 Method

A stepwise normative gradient approach was adopted to understand the dynamics city. Which
includes (i) first step to derive land use and land cover (ii) a zonal-gradient approach of 4
zones and lkm radius gradients to understand the pattern of growth during the past 4
decades.(iii)junderstanding the change in the land use dynamics using Landscape metrics
analysis. Various stages in the data analysis are:

Y ——
Acquisttion of
Satellite Imageries
—
(i ™~
Image Geo correction,
Preprocessing = Resampling
\_ /
(i ™
Land Cover generation Analysis Land Use classification
. = — using MLC
using NDVI
L ’ 1
Gradient Analysis Accuracy
(considering gradient at assessment
1km radins

Metrics Caleulation
L Interpretation of
results

Figure 2: Procedure to understand the changes in spatial pattern and its dynamics
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3.1.1 Preprocessing

The remote sensing data of landsat were downloaded from GLCF (Global Land Cover
Facility) and IRS LISS III data were obtained from NRSC, Hyderabad. The data obtained
were geo-referenced, rectified and cropped pertaining to the study area. The Landsat satellites
have a spatial resolution of 28.5 m x 28.5 m (nominal resolution) were resampled to uniform
24 m for intra temporal comparisons.

3.1.2 Vegetation Cover Analysis

Vegetation cover analysis was performed using the index Normalized Difference Vegetation
index (NDVI) was computed for all the years to understand the change in the temporal
dynamics of the vegetation cover in the study region. NDVI value ranges from values -1 to
+1, where -0.1 and below indicate soil or barren areas of rock, sand, or urban built-up. NDVI
of zero indicates the water cover. Moderate values represent low density vegetation (0.1 to
0.3) and higher values indicate thick canopy vegetation (0.6 to 0.8).

3.1.3 Land use analysis

Further to investigate the different changes in the landscape land use analysis was performed.
Categories included are as listed in Table 2, were classified with the training data (field data)
using Gaussian maximum likelihood supervised classifier. This analysis includes generation
of False Colour Composite (bands — green, red and NIR), which basically helps in visualizing
the different heterogeneous patches. Further using the training data Polygons were digitized
corresponding to the heterogeneous patches covering about 40% of the study region and
uniformly distributed over the study region. These training polygons were loaded in pre-
calibrated GPS (Global position System). Attribute data (land use types) were collected from
the field with the help of GPS corresponding to these polygons. In addition to this, polygons
were digitized from Google earth (www.googleearth.com) and Bhuvan (bhuvan.nrsc.gov.in).
These polygons were overlaid on FCC to supplement the training data for classifying landsat
data.

Gaussian maximum likelihood classifier (GMLC) is applied to classify the data using the
training data. GMLC uses various classification decisions using probability and cost
functions (Duda et al., 2000) and is proved superior compared to other techniques. Mean and
covariance matrix are computed using estimate of maximum likelihood estimator.
Estimations of temporal land uses were done through open source GIS (Geographic
Information System) - GRASS (Geographic Resource Analysis Support System,
http://ces.iisc.ernet.in/grass). 70% of field data were used for classifying the data and the
balance 30% were used in validation and accuracy assessment. Thematic layers were
generated of classifies data corresponding to four land use categories. Evaluation of the
performance of classifiers is done through accuracy assessment techniques of testing the
statistical significance of a difference, comparison of kappa coefficients and proportion of
correctly allocated classes through computation of confusion matrix. These are most
commonly used to demonstrate the effectiveness of the classifiers (Congalton, 1983;
Congalton 1991).

International Journal of Geomatics and Geosciences 377
Volume 3 Issue 2, 2012

114



Understanding urban sprawl dynamics of Gulbarga - Tier II city in Karnataka through spatio-temporal data

and spatial metrics
Ramachandra T.V', Bharath H. Aithal

Table 2: Land use categories

Land use Class Land uses included in the class

Urban This category includes residential area, industrial area, and
all paved surfaces and mixed pixels having built up area.

Water bodies Tanks, Lakes, Reservoirs.

Vegetation Forest.

Cultivation Croplands, Nurseries, Rocky area.

Further each zone was divided into concentric circle of incrementing radius of 1 km (figure
3) from the center of the city for visualising the changes at neighborhood levels. This also
helped in identifying the causal factors and the degree of urbanization (in response to the
economic, social and political forces) at local levels and visualizing the forms of urban
sprawl. The temporal built up density in each circle is monitored through time series analysis.

Figure 3: Google earth representation of the study region along with the gradients

3.1.4 Urban sprawl analysis

Direction-wise Shannon’s entropy (Hn) is computed (equation 1) to understand the extent of
growth: compact or divergent (Lata et al., 2001, Sudhira et al., 2004). This provides an
insight into the development (clumped or disaggregated) with respect to the geographical

parameters across ‘n’ concentric regions in the respective zones.
_ n o .
Hn= —-2xL,Pilog(Pi) ... (1)

Where Pi is the proportion of the built-up in the i concentric circle and n is the
number of circles/local regions in the particular direction. Shannon’s Entropy values

ranges from zero (maximally concentrated) to log n (dispersed growth).
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3.1 5 Spatial pattern analysis

Landscape metrics provide quantitative description of the composition and configuration of
urban landscape. These metrics were computed for each circle, zonewise using classified
landuse data at the landscape level with the help of FRAGSTATS (McGarigal & Marks,
1995). Urban dynamics is characterised by 7 prominent spatial metrics chosen based on
complexity, and density criteria. The metrics include the patch area, shape, epoch/contagion/
dispersion and are listed in Table 3.

Table 3: Landscape metrics analysed

Indicators Range Indicators Range
1 | Number of Urban | NPU>0, Clumpiness -1< CLUMPY
Patches (NPU) without limit. <l.
2 | Patch density(PD) PD>0 Percentage of Like
Adjacencies (PLADJ) | 0<=PLADIJ<=100

3 Normalized 0<NLSI<1 Aggregation index(Al) | 1<AI<100

Landscape Shape

Index (NLSI)
4 Landscape Shape | LSI>1, Cohesion 0<cohesion<100

Index (LST) Without Limit

4. Results and discussion

4.1 Land use Land Cover analysis

4.1.1 Vegetation cover analysis

Vegetation cover of the study area assessed through NDVI (Figure 4) shows that area under
vegetation has declined by about 19%. Temporal NDVI values are listed in Table 4, which
shows that there has been a substantial increase in the area other than the vegetation.

1973

2002

1992

2010

Figure 4: Temporal Land cover changes during 1973 — 2009;
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Table 4: Temporal Land cover

Vegetation Non vegetation
Year % %
1973 98.01 1.99
1992 94.72 5.28
2002 91.33 8.67
2010 79.41 20.57

4.1.2 Land use analysis

Land use assessed for the period 1973 to 2010 using Gaussian maximum likelihood classifier
is listed table 5 and the same is depicted in figure 5. The overall accuracy of the classification
Ranges from 73.23% (1973) to 94.32% (2010). Kappa statistics and overall accuracy was
calculated and is as listed in Table 6. There has been a significant increase in built-up area
during the last decade evident from 21% increase in urban area. Other category also had an
enormous decrease in the land use. Consequent to these, vegetation cover has declined during
the past four decades.

Table 5: Temporal land use details for Gulbarga

Land
use | Urban | Vegetation | Water | Cultivation
Year and others

1973 | 1.08 1.01 0.34 97.17
1992 | 2.62 1.54 0.40 95.44
2002 | 7.22 0.55 0.23 92.01
2010 | 22.52 0.49 0.39 76.60

Table 6: Kappa statistics and overall accuracy

Year Kappa Overall accuracy
coefficient (%)

1973 0.72 73.23

1989 0.86 89.69

1999 0.82 81.47

2009 0.93 94.32

4.1.3 Urban sprawl analysis

Shannon entropy computed using temporal data are listed in table 7. Gulbarga is experiencing
the sprawl in all directions as entropy values are closer to the threshold value (log (10) = 1).
Lower entropy values of 0.018 (SW), 0.023 (SE) during 70’s shows an aggregated growth.
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However, the region show a tendency of dispersed growth during post 2000 with higher
entropy values 0.268 (NE), 0.212 (NW) in 2010. Shannon's entropy values of recent time
indicate of minimal but fragmented/dispersed urban growth in the region.

at F-
e Y o
e N - Built up
1973 1992 B Vegetation
2 B ot
[ ] Cultivation
e e—
- -
% X =
e Lo qfe
g it
S
-f:ve. g 2o
2002 - 2010

Figure 5: Classification output of Gulbarga

Table 7: Shannon Entropy Index

NE NwW SE SW

2010 | 0.268 |0.212 |0.193 |0.141

2002 | 0.139 |0.112 | 0.091 0.098

1992 | 0.086 | 0.065 | 0.046 | 0.055

1973 1 0.067 |0.034 |0.023 |0.018

4.1.4 Spatial patterns of urbanisation

Further to understand the spatial pattern of urbanization and the dynamical growth, eight
landscape level metrics were computed zonewise for each circle. These metrics are discussed
below: Number of Urban Patch (Np) is a landscape metric indicates the level of
fragmentation and ranges from 0 (fragment) to 100 (clumpiness). Figure 6a illustrates of the
urban growth evident from the increase in number of patches in 1992 and 2002 whereas in
2010 the patches have decreased indicating aggregation or clumped growth, while outskirts
and boundary area (5" circle onwards) is showing a fragmented growth. Clumped patches at
center are more prominent in NE and SE directions. Outskirts are fragmented more in NE and
SE directions indicative of higher sprawl in the region.
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NOTE: X-axis represents gradients and Y-axis value of the metrics
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Figure 6a: Number of urban patches (zone, circlewise); Fig 6b: Patch density — zone, circle
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Figure 6b: Patch density — zone, circle wise

The patch density (Figure 6b) is calculated on a raster data, using a 4 neighbor algorithm.
Patch density increases with a greater number of patches within a reference area. Patch
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density was higher in 1992 in all directions and gradients due to small urban patches. This
remarkably increased in 2002 in the outskirts which are an indication of sprawl in 2002,
subsequently increasing in 2010. PD is low at centre indicating the clumped growth, which
was in accordance with number of patches.

Landscape Shape Index (LSI): LSI equals to 1 when the landscape consists of a single
square or maximally compact (i.e., almost square) patch of the corresponding type and LSI
increases without limit as the patch type becomes more disaggregated. Figure 6¢ indicates of
lower LSI values in 1973 due to minimal concentrated urban areas at the center. The city has
been experiencing dispersed growth in all direction and circles since 1990’s. In 2010 it
shows a aggregating trend at the centre as the value is close to 1, whereas it is very high in
the outskirts indicating the peri urban development.

Normalized Landscape Shape Index (NLSI): NLSI is 0 when the landscape consists of
Single Square or maximally compact almost square, it increases as patch types becomes
increasingly disaggregated and is 1 when the patch type is maximally disaggregated. Results
(Figure 6d) indicates that the landscape in 2010 had a highly fragmented urban class in the

buffer region and is aggregated class in the center, conforming to the other landscape metrics.

Clumpiness index equals zero when the patches are distributed randomly, and approaches 1
when the patch type is maximally aggregated. Aggregation index equals 0 when the patches
are maximally disaggregated and equals 100 when the patches are maximally aggregated
into a single compact patch.

Figure 6¢: Landscape Shape index — zone andcirclewise
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Figure 6g: Zone and circle wise — Pladj
Percentage of Like Adjacencies (Pladj) is the percentage of cell adjacencies involving the
corresponding patch type those are like adjacent. Cell adjacencies are tallied using the
double-count method in which pixel order is preserved, at least for all internal adjacencies.
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This metrics also indicates (Figure 6g) the city center is getting more and more clumped and
the adjacent patches of urban are much closer and are forming a single patch in 2010 and
outskirts are relatively sharing different internal adjacencies are the patches are not
immediately adjacent which is also indicative of sprawl. Patch cohesion index measures the
physical connectedness of the corresponding patch type. This is sensitive to the aggregation
of the focal class below the percolation threshold. Patch cohesion increases as the patch type
becomes more clumped or aggregated in its distribution; hence, more physically connected.
Above the percolation threshold, patch cohesion is not sensitive to patch configuration.
Figure 6h indicate of physical connectedness of the urban patch with the higher cohesion
value (in 2010). Lower values in 1973 illustrate that the patches were rare in the landscape.

NE NW

SE W

Figure 6h: Cohesion Index
5. Conclusion

Karnataka government’s initiative and focus to develop the major tier II cities such as
Gulbarga in order to decongest the burgeoning Tier 1 city, Bangalore, has posed challenges to
the district planners to accommodate the developmental activities at a higher speed while
ensuring sustainability of natural resources. Availability of temporal spatial data has aided in
monitoring the temporal land use dynamics. Spatial metrics in conjunction with the density
gradient approach have been effective in capturing the patterns of urbanization at local levels.
The techniques would aid as decision-support tools for unraveling the impacts of classical
urban sprawl patterns in Gulbarga. A set of spatial metrics describing the morphology of
unplanned areas have been extracted along with temporal land uses. The extracted indices
have indicated the areas of high likelihood of ‘unplanned growth’ considering the three
dimensions (size/density/pattern).

Land use assessed for the period 1973 to 2010 using Gaussian maximum likelihood classifier
highlight that there has been a significant increase (22%) in urban area, with consequent
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reduction in vegetation cover. Shannon entropy computed using temporal data illustrates that
Gulbarga city is showing the signs of sprawl in all directions with the gradual increase of
entropy value. Spatial metrics at landscape level reveal that the landscape had a highly
fragmented urban class and started clumping to form a single square in in 2002 especially in
NE and NW direction in all circle and few inner circles in SE and SW directions, conforming
to the other landscape metrics.

The urban pattern highlights the need for policy interventions for integrated urban planning
considering land use, mobility and the sustainability of natural resources. This would help in
appropriate mitigation measures in addressing traffic congestion, escalation in infrastructure
costs, reduction of environment quality and social interactions. These techniques help to
visualise the growth pattern and aid decision makers, stakeholders and planners in providing
appropriate infrastructure and creating urban boundaries with the prior knowledge of
thresholds, which support smart growth.
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ABSTRACT

Land use changes are irreversible changes and directly influence the regional and global environmental
quality. Urbanisation is one of the major drivers of land use land cover (LULC) changes. Planned
urbanisation would help in maintaining the environmental quality and sustenance of natural resources
while meeting the demand of population in cities. However, unplanned urbanization in most of the
rapidly urbanising cities has caused serious concerns in both environmental quality and on human’s
livelihood due to urban sprawl. Urban sprawl refers to the uncoordinated land use resulting from lack
of integrated and holistic approach in regional planning. Information related to the rate of growth,
pattern and extent of sprawl is required by urban planners to provide basic amenities. This paper
discusses land cover and land use dynamics of Belgaum a tier II city in Karnataka. Temporal land use
dynamics is assessed for urbanizing landscape - Belgaum city with a buffer of 5 km. Vegetation over
changes have been analysed using slope based vegetation indices NDVI, which show 91.74% vegetation
in 2012. Temporal land use analysis for the period 2006 to 2012 show that urban area has increased
from 4.81% to 5.74%.

Keywords: Land use, Land cover, Urbanisation, Belgaum, IRS.

1. INTRODUCTION

Land use Land cover (LULC) dynamics is a major
concern, as the abrupt changes in these dynamics
has a negative impact on ecology, climate, regional
hydrology, and also people’s livelihood in the
region. LULC dynamics are specific to a region
and vary from region to region (Ramachandra et
al., 2012). Land Cover refers to the observed
physical cover on the earth’s surface. Land cover
essentially  distinguishes the region under
vegetation with that of non-vegetation (Lillesand
and keifer, 2005). Land use refers to use of the land

surface through modifications by humans and
natural phenomena (Lillesand and keifer, 2005).
Land use can be classified into various classes such
as water bodies, built up, forests, agriculture, open
lands, sand, soil, efc. Land use modifications alter
the structure of the landscape and hence the
functional ability of the landscape (Ramachandra,
et al., 2012). The modification includes conversion
of forest lands, scrublands to agricultural fields,
cultivation lands to built up, construction of
storage structures for water bodies leading to
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submergence of land features that may vary from
small scale to large scale.

Land use and land cover patterns and their changes
over time for the region are quantified with the
spatial data acquired through space borne sensors.
Remote sensing data with synoptic repetitive
coverage aids in understanding the landscape
dynamics. The spatial data are analysed using
Geographic Information System (GIS). Temporal
remote Sensing data with GIS platforms have been
used to acquire and comprehend the changes in
land use, land cover and the urban sprawl
dynamics of urbanizing landscape Belgaum city
during 1989 and 2012. Satellite remote sensing
technology has the ability to provide consistent
measurements of landscape condition, allowing
detection of abrupt or slow trend in changes over
time. Long-term change detection results provide
insight into the stressors and drivers of change,
potentially allowing for management strategies
targeted toward cause rather than simply the
symptoms of the cause (Kennedy et al., 2009).

Analyzing the spatio-temporal characteristics of
landscape = dynamics are  essential  for
understanding  and  assessing  ecological
consequence of urbanization. Urbanization is
taking place all over the world, but most
commonly now in cities/towns of developing
nations. In countries like India, urbanization is due
to the increase in population in a region due to
industrialization. Large scale land use land cover
changes with industrialization prominently took
place in outskirts during post 2000. Spurt in IT and
BT sectors lead to the large scale migration from
different parts of the country and also from other
parts of the globe for the employment
opportunities in the industry. To meet the
residential requirements, dispersed growth or
sprawl has taken place in per-urban areas. Sprawl
phenomenon drives drastic changes in land use
patterns leading to haphazard growth affecting
local ecology and the environment. Sprawl occurs
either in radial direction around the city centre or
in linear direction along the highways, ring roads,
etc. The built-up is the parameter used for
quantifying urban sprawl. The study on urban
sprawl is attempted in the developed countries and
recently in developing countries such as China
(Yeh and Li, 2001) and India (Ramachandra et al.,
2012, Sudhira et al., 2003, Sudhira et al., 2004). In
India alone currently 25% of the population
(Census of India, 2001) lives in the urban centers
and it is projected that in the next fifteen years
about 33% would be living in the urban centers
(Sudhira et al 2004). In order to understand the

dynamics, urbanization quantification and
assessment of the extent of sprawl is necessary.
Shannon’s entropy helps to measure the degree of
spatial concentration or dispersion among ‘n’
zones (Yeh and Li, 2001; Sudhira et al., 2003;
Sudhira et al 2004; Ramachandra et al., 2012).
Objective of the current study is to analyze the land
use land cover dynamics of urbanizing landscape
apart from assessing the underlying effects of
urbanisation such as wurban sprawl through
Shannon’s entropy.

2. STUDY AREA

Belgaum City (Figurel) geographically located in
the north western part of Karnataka state. The city
extends from 74°28°29.071 to 74°34°54.92” E and
15°49°23.189” to 15°54°0.142” N with an average
elevation of 751 m above mean sea level and spatial
extent of 5798 hectares. For the study a 5 km buffer
from the administrative boundary was considered
as shown in Figure 2, with a gross area of 38013.27
hectares, to account for the growth in peri urban
regions. The city has about 58 wards, with
population of 488292 (2011 Census provisional)
and population density of 84.21 persons per
hectare, the population in the region has a decadal
increase of 7.31%. Temperature varies from as low
as 18 °C (winter) to 40 °C (summer) and annual
average rainfall is about 1418 mm. Soils in the
region consist of shallow to very deep black soils,
red loamy soils, lateritic soils, etc. The city is
surrounded by  Kanburgi, = Yamanspura,
Kangrali.B, Kangrali.K villages to the north,
Hindalga, Binakanahalli, Savagaon, Madoli to the
West, Angol, Wadgaon, Madhavapura, Haldge to
the South and Sindoli, Mutuge, Nilage Villages to
the East.

o i

Fl . -~
{ i

Figure 1: Study Area

Figure 2 demarcates the study area (Google earth)
with 5 km buffer along the city administrative
boundary
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on Spatial Data (Google Earth)

3. DATA COLLECTION

Multi resolution remote sensing data from of
Landsat TM, IRS (Indian Remote Sensing) LISS 3
Sensors were used, specifically from IRS 1C and
IRS R2. Training data were collected from field
using pre-calibrated Global Positioning System
(GPS) and online map Google earth. The details of
the data used are given in table 1. The
administrative boundary was digitized from topo-
sheets (1:50000) of the Survey of India, online
village map (http://bhuvan.nrsc.gov.in).

Table 1: Data Used

Data Year Purpose

2006 Land cover and

IRS LISS I (24m) 2012 | Land use analysis

Survey of India
(SOI) toposheets of
1:50000 and
1:250000 scales

To Generate
boundary and Base
layer maps.

For verification
and preparation of
boundary

ISRO - Bhuvan and
Google Earth

For geo-correcting
and generating
validation dataset

Field visit data —
captured using GPS

4. METHODOLOGY

Temporal landscape dynamics are assessed
through LULC changes. Figure 3 outlines the
process followed for the study. Data acquisition
includes obtaining data about the region such as
the satellite images, Statistics, the ancillary data
(Gazetteer, Census), the Maps such as Village
maps, District maps. Preprocessing of the data is

done to remove the haze and other factors through
atmospheric correction, removal of noise and other
radiometric errors through radiometric corrections.
Image enhancement is done using standard image
processing techniques. The data pertaining to the
study region is extracted by cropping using the
boundary. For visual interpretation and for creation
of the training sets for classification of the images,
a false color Composite (FCC) image of the study
area is created. FCC is created by composition of
band 2 (green), band 3 (red) and band 4 (IR).

| accumms co zata ]

FREPRATN OF FCX |

LaRD COvER AnaLTES |
. oF

| s s

S, —
AOOURALY ASIISIAAINT ]

URBLN TPRAWL
ANALTS

Figure 3: Procedure involved in data analysis

Assessment of landscape dynamics involves the
analysis of temporal land use and land cover. Land
cover analysis involves the computation of extent
of vegetation through well-established vegetation
indices. Vegetation indices help in mapping the
regions under vegetation and non-vegetation.
Vegetation Indices are the Optical measures of
Vegetation Canopy. Vegetation indices are
dimensionless radiometric measurements that
indicate the relative abundance and activity of
green vegetation; this includes the leaf area index
(LAI), percentage green cover, chlorophyll
content, and green biomass. The main requirement
of vegetation indices measurement is to combine
the chlorophyll absorbing (Red Band) spectral
region with the non-absorbing (NIR band) spectral
region to provide a consistent and robust measure
of area under the canopy. Vegetation Indices
algorithms are designed to extract the active
greenness signal from the terrestrial land cover.
The accuracy of the VI product varies with time,
space, geology, seasonal variations, canopy
background (soil, water). Among all techniques
Normalized Difference Vegetation Index (NDVI)
is most widely used for LC analysis. NDVI is
expressed as the ratio of difference in NIR and Red
bands to the sum of NIR and Red band. NDVI has
the ability to minimize the topographic effect in the
region. NDVI ranges between -1 to +1, ratio less

3
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than 0 i.e, the negative values represent non-
vegetation and positive values represent
vegetation.

NIR—-Red

Land use analysis involves categorizing each pixel
in the spatial data into different land use themes
such as water bodies, vegetation, built up,
cultivable land, barren lands, efc. A multispectral
data is useful to perform classification as it shows
the numerous spectral patterns/signatures for
different features. Spectral pattern recognition
refers to the family of classification procedures
that utilizes pixel by pixel spectral information as
a basis for land use classification. Land use
analysis involves collection of training data from
field, attribute data for the chosen polygons in
FCC, and goggle earth. These training sets were
employed for classification of the data into various
classes. 60% of training data is used from
classifying the spatial data, while the balance has
been used for verification. GRASS GIS, open
source software was used for analysis of the data.
Land use analysis was carried out using the
Gaussian maximum likelihood classifier (GMLC)
algorithm. Accuracy assessment is done through
error matrix, comparing on a category by category
basis, the relationship between reference data
(ground truth) and the corresponding classified
results.

Computation of Shannon’s entropy: Shannon’s
entropy (Yeh and Li, 2001, Ramachandra et al.,
2012) was computed to detect the urban sprawl
phenomenon and is given by,

H,=-XP;log (P)

Where; Pi is the Proportion of the urban density in
the i zone and n the total number of zones. This
value ranges from 0 to log n, indicating very
compact distribution for values closer to 0. The
values closer to log n indicates that the distribution
is much dispersed. Larger value of entropy reveals
the occurrence of urban sprawl.

5. RESULTS AND DISCUSSIONS

Land Cover Analysis: Slope and Distance based
vegetation indices were computed, of which NDVI
shows significant results and is given in Figure 5
and the details in Table 2. The vegetation cover has
decreased from 96.35% (2006) to 91.74% (2012).

Table 2: Land Cover details
Year Vegetation | Non Vegetation
2006 96.35 % 3.65%
2012 91.74 % 8.26 %

2006 L

Fig_ure 5: Land cover Classiﬁc-ation

Land Use Analysis: Temporal land use changes
during 2006 and 2012 are given in Figure 6 and in
Table 3. Results show an increase built-up from
4.81 % (2006) to 5.74 % (in 2012), water bodies
and vegetation fairly constant, while other
category (including the cultivation lands, barren
lands, open lands, etc.) have changed from 92.93%
% (2006) to 91.58% in 2012. Overall classification
accuracy achieved is about 93 % for the classified
images, and table 4 gives the summary of overall
accuracy and the agreement between the true value
and the sensed value i.e., kappa statistics. Higher
kappa indicates that the classified data (sensed
data) is in agreement with the ground data (true
data).

F iéit—re 6: Land Use E?assiﬁcation

Table 3: Land use details

Particulars | Percentage | Area(Ha)

Year 2006
Water 0.23 % 87.47
Vegetation 2.33 % 886.07
Built up 4.81 % 1829.17
Others & 92.93% | 35339.95
Cultivation

Year 2012
Water 0.24 % 92.03
Vegetation 2.44 % 928.73
Built up 5.74 % 2190.15
Others & 91.58% | 3490441
Cultivation

4
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Table 4: Overall Accuracy and Kappa Statistics

Year Overall Accuracy | Kappa Value
2006 93.64 % 0.92
2012 93.12 % 0.93

Urban sprawl assessment: Shannon’s entropy
was calculated in four directions and the results are
given in figure 7 and table 5 respectively. The
threshold limit of Shannon’s Entropy is log 11
(1.0414), and the values closer to the threshold
value indicates the growth is scattered indicating
sprawl in the region. The Shannon’s Entropy
values close to zero indicates that the growth is
clustered and confined. The results show
increasing tendency of urban sprawl in 2006 and
2012, indicating that a tendency of dispersed
growth in all directions and is evident in Figure 6.

0.18
0.16 /
0.14
—NE
0.12 —NwW

SE
0.1

0.08 —-—

0.06
2005 2006 2007 2008 2009 2010 2011 2012 2013

Figure 7: Shannon Entropy

Table5: Shannon’s Entropy Analysis

NE NW SE SW

2006 | 0.079145

0.14097 | 0.108442 | 0.113038

2012 | 0.086431 | 0.165239 | 0.115427 | 0.137098

6. CONCLUSION

LULC change analysis depicts the landscape
dynamics, which show conversion of agriculture
lands into built up area. Also, open lands and scrub
lands are converted to agricultural fields. Land
cover analysis show an increase in vegetation
cover in the region from 96.35% (2006) to 91.74%
(2012). The temporal land use analysis through
supervised Gaussian MLC show an increase in
built up from 4.81% (2006) to 5.74% (2012).
Shannon’s entropy values indicate the increasing
tendency of urban sprawl in the region.
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Abstract: Globalization and subsequent opening up of Indian markets has given impetus to the urbanization process in most
urban pockets in India leading to large scale irreversible land cover changes. Tier Il cities in Karnataka with spurt in urban
activities are trying to be infrastructural competitive. However this approach has marginalized the planned interventions
through the understanding and visualisation of the trends of future growth. In the absence of proper planning and
visualization of growth trends, dispersed growth with lack of basic amenities is unabated in most of the metropolis of India.
This communication analyses the growth patterns in one of the prominent tier Il city in Karnataka —Bellary. The spatio—
temporal analysis has been done for the past four decades considering buffer to account for the sprawl at outskirts. Land use
and Land cover analysis with Shannon’s entropy and Landscape metrics aided in visualizing the urban growth with the
emerging spatial patterns. Land use analysis indicate the growth of urban areas in the city and Shannon’s entropy indicates of
sprawl and the need for appropriate strategies to manage natural resources while providing basic amenities . Landscape
metrics highlight of aggregated growth at the centre with the tendency to form single clumped urban patch, whereas the city
outskirts and the buffer region with fragmented landscapes reveal of dispersed growth. This analyses help city planners in
understanding the urban growth and for institutionalizing the future developments

Keywords: Urbanisation, sprawl, Bellary city, landscape metrics, entropy.

l. Introduction

Unplanned urbanisation heralds the irreversible changes in the land cover threatening the sustence of natural resources and
local; ecology. Indian cities underwent a rapid transition from the concentrated growth at city centre to very dispersed and
fragmented model to accommodate the growth and demand of urban land that connects the major cities [42]. This has led to
huge expansion around the urban area in an unplanned and uncontrolled manner [3]. Opening Indian markets during post
1990’s due to globalization process has directly or indirectly led to the severe fragmentation of land in major urban
Metropolis [40]. Major metropolitan cities experienced large scale land use changes with the compact or concentrated
growth at city centre leading to a single land use urban class due to the availability of development conducive infrastructure
and natural resources([1], [10], [42]). Most of the metropolitan urban fringe regions have experienced a rapid transition from
rural cultivable land to urban area due to exurban development during post 2000 ([13], [7], [2], [11], [43]). Dispersed
industrial and commercial units with human settlements in peri urban area of most metropolitan regions have linked the
respective sprawl pockets with dense city road networks. These metropolitan regions have reached the growth threshold
evident from the inability to meet the basic needs of the growing population in urban fringes [40]. Hence the focus is towards
tier 1l cities to meet the requirements of further growth. The tier Il cities have the adequate resources to meet the
requirements of basic amenities of the dependent urban population. There has been an increased interest in recent times by
the federal government agencies in giving further impetus as ubiquitous and self-sustained cities, since this has necessitated
to understand and visualize the spatial patterns of the growth in these regions in order to plan and implement sustainable
management of natural resources such as land, water, etc. Visualization and understanding of patterns of urbanisation is
possible with the spatial data available at different time intervals. Remote-sensed data acquired through space borne sensors
since 70’s at regular intervals has aided mapping the compositions of cities and analyzing the changes over time ([18], [34],
[33], [42]). The prominent characteristics of remotely sensed data, is availability in temporal mode and synoptic coverage of
wide area, useful in analysing changes over the past four decades. This helps the planners and decision makers to visualise
and understand the current patterns of urbanization processes ([5],[6]) apart from predicting the likely changes in future. The
potential applications of remote sensing data in urban environmental research and policy has been well documented [35].
Further, the utility of multi resolution data for various environmental applications is reviewed by Sliuzas et al., 2010 [36].
Remote sensing data has been used to understand the spatio-temporal dynamics of urbanization, peri-urbanization, and urban
morphology through land use land cover dynamics([32], [8], [41], [25], [9], [29], [12], [15], [16], [17], [14], [42], [40]). This
forms the basis for current analysis of urban growth through remote sensing data through the temporal dynamics of land
cover and land uses. Landscape metrics through Fragstat [26] are computed to detect and understand the patterns of
variations in peri- urban or urban sprawl trends across the study region, along with multi-resolution remote sensing data.
Landscape metrics aid in quantifying the spatial patterns of land use patches in a geographic area [26]. It provides both a
quantitative and qualitative data and information on urban forms ([42], [4], [30]). Changes in landscape pattern have been
detected and described through spatial metrics which aided in quantifying and categorizing complex landscapes ([28], [29],
[31], [4], [19], [42]). Buffer region was considered in addition to the city’s administrative boundary to account for the

IJETCAS 12-366; © 2013, IJETCAS All Rights Reserved Page 201
132



Ramachandra et al.,International Journal of Emerging Technologies in Computational and Applied Sciences,3(2),Dec.12-Feb.13,pp.201-212

current and likely peri-urban development. Bellary a rapidly urbanising Tier Il city of Karnataka, was considered for the
current analysis and the objectives of the study are to (a) quantify urban growth dynamics considering the administrative
boundary with 4 km buffer through Land cover and land use analyses, (b) to understand the pattern of urban growth
through gradient approach, and (c¢) understand the dynamics of growth using spatial metrics. The qualitative and
quantitative information support policy-making in urban planning and the sustainable management of natural resources.

1. Study Area

Bellary city is located at Latitude 15° 9' Longitude 76° 55' 60E in Karnataka State, India with a jurisdiction of
about 82 Sq. Km (Figure 1). . Population is about 0.4 million as per recent 2011 population census (provisional).
Gadag borders on the west, Andhra Pradesh on the East, Chitradurga and Davangere on the south and Raichur
on the north. Temperature ranges from 25° to 45°c and mean annual rainfall is about 700mm. The city is a hub
industrial activities and is one of the major centers in the production of textiles in the country. Spatial extent of
Bellary city is about 6km radius, and 4 km circular buffer is considered from the boundary for the analysis of
spatio-temporal dynamics

Bellary City

o 1,000 2,000

kilometers

kilometers

Figure 1: Study Area. Bellary City and 4 km buffer considered

Materials and methods

Urban dynamics has been assessed using remote sensing data of the period 1989 to 2010. Time series spatial
data acquired from Landsat Series Thematic mapper (28.5m) sensors for the period 1989 and 2000were
downloaded from public domain [23], IRS LISS Ill data (24 m) for 2005 and 2010 were procured from the
National remote Sensing Centre [24], Hyderabad. Survey of India (SOI) toposheets of 1:50000 and 1:250000
scales were used to generate base layers of city boundary, etc. City map with ward boundaries were digitized
from the city administration map. Population data was collected from the Directorate of Census Operations,
Bangalore region [21]. Table I lists the data used in the current analysis. Ground control points to register and
geo-correct remote sensing data were collected using hand held pre-calibrated GPS (Global Positioning
System), Survey of India toposheets (1:50000, 1:250000 scale), and virtual spatial maps - Google earth and
Bhuvan ([22], [20]). See tablel.

DATA Year Purpose

Landsat Series TM (28.5m) and ETM 1973 Land cover and Land use analysis

IRS LISS 11 (24m) 2001,2005, Land cover and Land use analysis

2010
Survey of India (SOI) topo-sheet of To generate base layer maps (city boundary, etc.).
1:50000 and 1:250000 scales
Field visit data —captured using GPS For geo-correcting and generating validation
dataset

Table 1. Materials used in Analysis

A three-step approach, illustrated in Figure 2 was adopted to understand the urban dynamics , which includes
(i) a normative approach to understand the land use and land cover, (ii) a gradient approach of 1km radius to
understand the pattern of growth during the past 4 decades, (iii) spatial metrics analysis for quantifying the

growth. Various stages in the data analysis are:
i. Preprocessing: The remote sensing data of landsat were downloaded from GLCF (Global Land Cover
Facility) and IRS LISS Il data were obtained from NRSC, Hyderabad. The data obtained were geo-
referenced, rectified and cropped pertaining to the study area. The Landsat satellites have a spatial
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resolution of 28.5 m x 28.5 m (nominal resolution) were resampled to uniform 24 m for intra temporal
comparisons.

Vegetation Cover Analysis: Vegetation cover analysis was performed using the index Normalized
Difference Vegetation index (NDVI) was computed for all the years to understand the temporal
dynamics of the vegetation cover. NDVI values range from -1 to +1, where -0.1 and below indicate
soil or barren areas of rock, sand, or urban built-up. NDVI of zero indicates the water cover. Moderate
values represent low density vegetation (0.1 to 0.3) and higher values indicate thick canopy vegetation
(0.6 t0 0.8).

Land use analysis: Further land use analysis was performed to investigate the changes in the landscape.
Categories as listed in Table Il, were classified with the training data (field data) using Gaussian
maximum likelihood supervised classifier. The method involves i) generation of False Colour
Composite (FCC) of remote sensing data (bands — green, red and NIR). This helped in locating
heterogeneous patches in the landscape ii) selection of training polygons (these correspond to
heterogeneous patches in FCC) covering 15% of the study area and uniformly distributed over the
entire study area, iii) loading these training polygons co-ordinates into pre-calibrated GPS and
collection of the corresponding attribute data (land use types) for these polygons from the field. GPS
helped in locating respective training polygons in the field, iv) supplementing this information with
Google Earth and Bhuvan v) 60% of the training data has been used for classification, while the
balance is used for validation or accuracy assessment.

Gaussian maximum likelihood classifier (GMLC) is applied to classify the remote sensing data of the
study region using the training data. GMLC uses various classification decisions using probability and
cost functions [39] and is proved superior compared to other techniques. Mean and covariance matrix
are computed using estimate of maximum likelihood estimator. Estimations of temporal land uses were
done through open source GIS (Geographic Information System) - GRASS (Geographic Resource
Analysis Support System, http://ces.iisc.ernet.in/grass). 60% of field data were used for classifying the
data and the balance 40% were used in validation and accuracy assessment. Thematic layers were
generated of classifies data corresponding to four land use categories (Table 2). Evaluation of the
performance of classifiers is done through accuracy assessment techniques of testing the statistical
significance of a difference, comparison of kappa coefficients and proportion of correctly allocated
classes through computation of confusion matrix. These are most commonly used to assess the
effectiveness of the classifiers ([37], [38]).

Further each zone was divided into concentric circle of incrementing radius of 1 km (figure 3) from the center of
the city for visualising the changes at neighborhood levels. This also helped in identifying the causal factors and
the degree of urbanization (in response to the economic, social and political forces) at local levels and
visualizing the forms of urban sprawl. The temporal built up density in each circle is monitored through time
series analysis.

Acquisition of

Satellite Imageries

—
Im Geo comection,
Prepm:iessmg — [ Rcsa-r:phx:g ]
- A
ST (" u ™
| o Analysis Land Use classification
(el sl e
I | —
J T

Gradient Analysis Accuracy
(considering gradient at assessment
1km radius

Lb Interpretation of
results

Figure 2: Procedure followed to understand the spatial pattern of landscape change
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Land use Class Land uses included in the class

Urban This category includes residential area, industrial
area, and all paved surfaces and mixed pixels
having built up area.

Water bodies Tanks, Lakes, Reservoirs.
Vegetation Forest, Cropland, nurseries.
Others Rocks, quarry pits, open ground at building sites,

kaccha roads.

Table 2. Land use categories

a) Urban sprawl analysis: Direction-wise Shannon’s entropy (H,) is computed (equation 1) to understand
the extent of growth: compact or divergent ([27], [42], [40]). This provides an insight into the
development (clumped or disaggregated) with respect to the geographical parameters across ‘n’
concentric regions in the respective zones.

Hn= —¥I,Pilog(Pi) ... 1)

Where Pi is the proportion of the built-up in the i'" concentric circle and n is the number of circles/local
regions in the particular direction. Shannon’s Entropy values ranges from zero (maximally
concentrated) to log n (dispersed growth).

b) Spatial pattern analysis: Landscape metrics provide quantitative description of the composition and
configuration of urban landscape. These metrics were computed for each circle, zone-wise using
classified landuse data at the landscape level with the help of FRAGSTATS. Urban dynamics is
characterised by 7 prominent spatial metrics chosen based on complexity, and density criteria. The
metrics include the patch area shape, epoch/contagion/ dispersion and are listed in Table 3.

Figure 3. Google earth representation of Bellary

Indicators Formula
1 Number of Urban Patches
(NPU) NPU =n
NP equals the number of patches in the landscape.
2 Largest Patch Index n
(Percentage of built up) LPI = M(lOO)
a; = area (m? of patch i A= total landscape area
3 Normalized  Landscape XN p,
Shape Index (NLSI) Z*

NLSI = 5%

Where s;and p; are the area and perimeter of patch i, and N is the total number of patches.

4 Landscape Shape Index LSI = e¢;/mine;

(Lsn e; =total length of edge (or perimeter) of class i in terms of number of cell surfaces; includes
all landscape boundary and background edge segments involving class i.

Min e;=minimum total length of edge (or perimeter) of class i in terms of number of cell
surfaces.
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5 Clumpiness
G -P
1 forG, <P &P, <5,else g.
R G. i
CLUMPY = i- -
G-R > gy |—mine,
1- Pl k=1 .
gii
= number of like adjacencies between pixels of patch type gik
= number of adjacencies between pixels of patch types i and k.
Pi = proportion of the landscape occupied by patch type (class) i.
6 Percentage of Like F e )
Adjacencies (PLADJ) PLADT = = = {1001
D e
|, k=1 Fi
gii = number of like adjacencies (joins)between pixels of patch type
gik = number of adjacencies between pixels of patch typesiand k
! Cohesion Cohesion = [1 — 2P ] [ —— * 100
Py 1”1/ aij

Table 3. Landscape metrics analysed

RESULTS AND DISCUSSION

Land use Land Cover analysis:

Land cover analysis: Vegetation cover of the study area assessed with the temporal remote sensing data through
NDVI is given in Figure 4. NDVI values indicate the spatial extent of vegetation and non-vegetation in the
region. This is based on the reflectances of earth features (such as trees, agriculture, and scrub vegetation) which
have higher values in Near IR region. The area under vegetation in 1973 is 57.53% mainly composed of
cultivated vegetative area and the balance are open soil. During 1973-2001 there was an increase in the area
under cultivation and some increments in urban pockets evident from the land cover of 2001, 2005 and 2010.
Land use investigation was carried out to understand the dynamics under respective land use categories.
Temporal NDVI values are listed in Table 4.

Year Vegetation Non-Vegetation
% %

1973 57.51 42.47

2001 94.87 5.13

2005 94.8 5.2

2010 93.7 6.27

Table 4: Temporal Land cover details.

Land use analysis: Land uses assessed for the period 1973 to 2010 using Gaussian maximum likelihood
classifier are listed Table 5 and in figure 5. The overall accuracy of the classification ranges from 78% (1973),
86% (2001), 84% (2005) to 89% (2010) respectively. Kappa statistics and overall accuracy was calculated and
is as listed in Table 6. There has been a significant increase in built-up area during the last decade evident from
table 5. There has been a decrease in tree vegetation cover in the region during the past four decades. Significant
increase in other land use categories including urban class was observed.
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Figure 5:Classification output of Bellary
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Land Urban Vegetation Water Cultivation
use and others
Year
2010 7.42 0.48 2.04 90.07
2005 4.23 0.92 4.73 90.12
2001 2.64 0.41 2.01 94.94
1973 2.12 4.61 2.35 90.92
Table 5: Temporal land use details for Bellary
Year Kappa Overall accuracy
coefficient (%)
1973 0.69 78.32
2001 0.84 86.94
2005 0.82 84.53
2010 0.86 89.69

Table 6: Kappa statistics and overall accuracy

Shannon’s entropy: The entropy is calculated considering 10 gradients in 4 directions and are listed in table 7.
The reference value is taken as Log (10) which is 1 and the computed Shannon’s entropy values are inching
closer to the threshold value, indicating tendency of sprawl. Consistently increasing entropy values from 1973 to
2010 shows the tendency of dispersed growth of built-up area in the city with respect to 4 directions as we move
towards the outskirts and this phenomenon is most prominent in SE and NE directions.

NE | NW SE SW
2010 | 0.37 | 0.32 | 0.389 | 0.33
2005 0.23 025 | 0.26 | 0.24

2001 01 0.09 | 012 | 0.14

1973 | 0.04 [ 0.03 [ 0.08 [ 0.06
Table 7: Shannon Entropy Index
Spatial patterns of urbanisation: Spatial dynamic pattern of urban growth was analysed for 4 decades using eight
landscape level metrics that were computed zone wise for each circle of 1 km radius. These metrics are
discussed below:

Number of Urban Patch (Np) is a landscape metric indicates the level of fragmentation and ranges from 0
(fragment) to 100 (clumpiness). Figure 6a illustrates the temporal dynamics of number of patches. Increase in
number of patches indicates the land fragmentation, while decline in patches indicates the fragmented landscape
forming a single land use patch. As observed from the figure, urban patches are least in the landscape in 1970°s
as the growth was concentrated on at the city center. In 2000’s Bellary city saw a gradual increase in the number
of patches, which can be understood as features of fragmented landscape, further in 2010, these patches are
increasingly forming a single patch at the center during 2010 indicative that the urban area forming a single
clump patch destroying all other land uses, but the case in the buffer regions has been indicative of higher
fragmentation during the latter years. Clumped patches at center are more prominent in NE and SE directions
and patches are agglomerating to a single urban patch.

NE NW

1 2 3 a 5 6 7 8 B 10 1 2 3 4 5 6 7 8 s 10

——1973  —gm2001 2005 —gm2010 —e—1973 =g 2001 2005 emgem2010

Figure 6a: Number of urban patches (zonewise, circlewise)

Landscape Shape Index (LSI): LSI equals to 1 when the landscape consists of a single square or maximally
compact (i.e., almost square) patch of the corresponding type and LSI increases without limit as the patch type

- ______________________________|
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becomes more disaggregated. Results (Fig 6b) indicate that there were low LSI values in 1973 as there were
minimal urban areas and were concentrated in the center. The city since 2001 has been experiencing dispersed
growth in all direction and in every gradient, towards 2010 it shows aggregating urban land use at the center
forming a simple shaped single patch as the value is close to 1, whereas, the values of LSI are very high in the
outskirts indicating a complex shaped growth with also is indicative of fragmented landscape in the buffer zone.

NE NW

: /__/\—h—/\ 5 /‘/‘\“\\/‘
: 1 2 3 4 5 6 7 8 : 1 2 3 4 5 6 7 8 9 10

9 10

g 1973 g 2001 2005  w=ge=2010 g 1973w 2001 2005 w=ge=2010

Fig 6b: Landscape Shape index — zonewise, circlewise

Normalized Landscape Shape Index (NLSI): NLSI is 0 when the landscape consists of single square or
maximally compact almost square, it increases as patch types becomes increasingly disaggregated and is 1 when
the patch type is maximally disaggregated. Results (Fig 6¢) indicate that the landscape post 2000 is fragmented
and in 2010, the landscape has a highly fragmented urban class in the buffer region and is aggregated class in
the center, conforming to the other landscape metrics. Clumpiness index equals 0 when patches are distributed
randomly, and approaches 1 when the patch type is maximally aggregated. Clumpiness exhibit similar temporal
trends and highlights that the center of the city is more compact in 2010 with more clumpiness and aggregation
in NW and NE directions. In 1973 the results indicate that there were a small number of urban patches existing
in all direction and in every circle. Post 2000’s and in 2010 large number of urban patches are close to each
other almost forming a single patch especially at the center and in NW and NE direction in different gradients
(Fig 6d). Lower values of these metrics in the outer circles indicate that there is a tendency of sprawl in the
outskirts since non clumped patches exist in this region.

NE NW

g 1573 g 2001 2005 —g==2010 g 1573 g 2001 2005 w—ge=2010

Fig 6¢: Normalised Landscape Shape index — zonewise, circlewise

O
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Figure 6d: Clumpiness — zonewise, circle wise

Percentage of like adjacencies (Pladj) is the percentage of cell adjacencies involving the corresponding
similar patch type those are adjacent. The analysis of results of this metrics also indicates (Figure 6e)
clumped urban single land use growth at the city center in 2010, adjacent patches of urban are much closer
and are forming a single patch in 2010 and outskirts are relatively sharing different internal adjacencies
with patches not immediately adjacent but have since these have a relatively small adjacency value it can be
understood as a trend to become adjacent to each other, which is also indicative of sprawl.

NE NW

1 2 3 4 5 6 7 g 9 10 1 2 3 4 5 6

—y=1073 =g 2001 2005 =—g=2010 —8—1573 =—a=2001 2005 ——=—2010

SE SW

1 2 3 4 5 6 7 g E 10 1 2 3 a 5 6 7 8 9 10

—4—1973 =g 2001 2005 —g=2010 —9—1973 =g 2001 2005 —g=2010

Figure 6e: Zone and circle wise: Pladj

Patch cohesion index measures the physical connectedness of the corresponding patch type. Figure 6f
describes the results of the analysis of physical connectedness of the urban patch with the higher cohesion
value (in 2010) indicating that the urban count is higher in the considered study region. Lower values in 1973
illustrate that the urban patches were rare in the landscape.

|
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Figure 6f: Cohesion Index

Largest Patch Index (LPI): This metric reveals information about the largest patches in the Landscape and its
native existence. Urban patch again counted as a largest patch in 2010 in the central area of Bellary, whereas
the buffer zones had a mixture of other patches. Figure 6g is illustrative of results of this analysis.

NE NW

0.18
0.16
0.14
0.12

oD oo
@ B Eooom

g 1073 g 2001 2005 ==ge=2010 g 1973 g 2001 2005 w2010

Figure 6g: Largest patch index

The trends of landscape metrics aided in quantifying the density and the shape of the urban growth, which is
useful in the regional planning for provision of basic amenities and infrastructure in the region.

CONCLUSION

Multi resolution spatial data acquired through satellite borne sensors provided vital inputs of land use and
land cover in Bellary, Tier Il city in Karnataka, India. Analysis reveals that urbanization is in progress but
neither uniform in space nor planned , Land use analysis show an increase of urban area from 2.12% (1973)
to 7.42% (in 2010) in and around Bellary. The present land-use is predominantly cultivation or agriculture
and open area. Shannon entropy illustrated the tendency of urban sprawl in and around the periphery and
buffer zones. Further the zonal approach with gradients supplemented with landscape metrics brought out
the fact that during the past four decades the center of the city is forming a clumped urban patch, while the
periphery and the buffer regions are experiencing dispersed growth or sprawl. The judicious use of land by
checking the haphazard growth of urbanization is imperative to maintain he environmental quality and
health in the region. . Spatial models provide vital inputs for the decision makers and city planners to
visualize and plan a sustainable management strategies.
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Abstract— Urbanisation is a form of metropolitan growth
fuelled by sets of economic, social, and political forces apart
from the physical geography of an area. As population and
activities increases in a city, the boundary of the city expands
to accommodate the growth on the urban fringes, which is
referred as sprawl. Sprawl generally infers to the regions
with highly fragmented urban morphology impacting
ecologically sensitive habitats. Cities in India have become a
centre of urban agglomerations and have already attracted
considerable attention because of their growth, population
size, environmental influence and associated infrastructure,
mobility issues. This is evident from the increase of mega
urban centers (with more than 1 million inhabitants), which
were four in 1990°s has increased to 48 cities (post 2010).
There has been 2.1% increase in urban population during
the last decade and the current share is about 27.8%. As per
2011 census there has been tremendous increase in the
population and most of urban areas have reached the
threshold. Tier Il cities in India are also undergoing rapid
changes in recent times which necessitates planned
interventions to minimize the impacts of unplanned
urbanization and consequent impacts on natural resources
including basic amenities. This communication analyses the
spatio-temporal patterns of urbanisation in the tier Il twin
cities of Karnataka state: Hubli and Dharwad. The
urbanization dynamics of the region with 5 km buffer from
the city boundary has been studied considering the temporal
remote sensing data of five decades. Five km buffer has been
chosen to account for possible urban sprawl regions. A
gradient-oriented approach using multi-temporal remotely
sensed data was adopted to systematically monitor the
spatiotemporal dynamics of the twin cities. Land cover
analysis shows that area under vegetation (cultivation and
forests) has declined from 97% (1989) to 78% (2010) in Hubli
and from 98% (1989) to 86% (2010) in Dharwad. Urban area
has increased from 1.08 (1989) to 14.62 (2010)%. Shannon
entropy shows that Hubli-Dharwad is experiencing the
tendency of sprawl in all directions. Spatial metrics reveal
that the urban core of Hubli - Dharwad changed moderately
over time and exhibited a spread out pattern of urban
development with a moderate to low concentration of urban
area towards the periphery. The new urban areas of
developed rapidly along major transportation route
connecting Hubli - Dharwad, resulting in urban development
assuming an unusual outgrowth pattern.

Keywords— Land use, Land Cover, Remote Sensing, Image
Classification, Spatial Metrics, Twin Cities, Tier Il cities.

l. INTRODUCTION

Urbanization is a dynamic process involving the spatial
and demographic changes leading to the increase in urban
area with the concentration of population mainly due to
migration ([1], [2].[3],[4]) and anthropogenic activities.

Bharath H. Aithal
Centre for Sustainable Technologies (Astra),
bharath@ces.iisc.ernet.in

Problems of urbanisation, which include inadequate
housing and infrastructure, lack of basic amenities (water
and sanitation), enhanced levels of pollution (water, air
and land) are the manifestations of unplanned
urbanisation, regions with poor economic base, lopsided
urbanisation. This involves radical changes in land uses
resulting in the alterations in spatial structure and
configurations of the landscape affecting its functional
(I11,I5]). The spatio-temporal analysis of land use
dynamics helps in understanding various processes and
interactions of the study area. Evaluating these processes
that change temporally helps in understanding the complex
dynamics that aid in understanding and visualizing the
future spatial and temporal changes and in identification of
local forces ([6],[7], [8]).

Urban population in India is increasing at about 2.3%
per annum and the global urban population has increased
from 13% (220 million in 1900) to 49% (3.2 billion, in
2005) and is projected to escalate to 60% (4.9 billion) by
2030 [9]. India has been experiencing rapid urbanisation
with globalization and consequent opening of markets.
There are 48 urban agglomerations (Mega cities, Tier 1)
having a population of more than one million in India (in
2011). Tier 1 cities have reached the saturation level
evident from lack of natural resources (water, electricity,
infrastructure), higher levels of pollution (crossing the
assimilative and supportive capacity of ecosystems),
having higher traffic bottlenecks, higher crime rates due to
burgeoning population. This has necessitated the focus
shift from Tier 1 urban areas to Tier 2 cities that offer
humongous potential with the scope for meeting the basic
amenities with appropriate urban planning. This entails the
provision of basic infrastructure (like roads, air and rail
connectivity), adequate social infrastructure (such as
educational institutions, hospitals, etc.) along with other
facilities. This is conceivable with modeling and
visualization of urban growth using the historical spatio-
temporal data. Failing to visualise and plan such growth
would again lead to urban outgrowth depriving the local
population with the basic amenities.

In this backdrop, current study focuses on urban growth
and its forms and transition of rural area to urban
forms in terms of wurban land-use classes. Urban
sprawl, also known as Peri urban area is defined as a
low-density development pattern of urban growth having
various social, environmental disadvantages
([10],[21],[12],[23], [24]). It is important to characterize
urban sprawl in order to develop a comprehensive
understanding of the causes and effects of urbanization
processes. Urban sprawl is often evaluated and
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characterized exclusively based on major socioeconomic
indicators such as population growth, commuting costs,
employment shifts, city revenue change, and number of
commercial establishments [15]. However, this approach
does not portray the spatial dynamic of urban sprawl. Land
use spatial variability and urban sprawl have been
monitored by transition patterns of spatial configurations
reflecting dynamics of land uses using temporal remote
sensing data ([16], [17], [1]). Subsequent contributions
include gradient analyses, geospatial tool applications such
as landscape metrics to understand the process urban
growth pattern ([18], [19], [1]). Mapping urban areas
remains a complex challenge, thus a multitude of
indicators have been created in order to characterize
landscape structure and landscape pattern. One such
indicator is Landscape metrics. Landscape metrics
quantify spatial patterning of land use patches of a
geographic area [20]. It provides both a quantitative and
qualitative data and information on urban forms ([1], [21];
[22]). Changes of landscape pattern have been detected
and described by spatial metrics which aided in
quantifying and categorizing complex landscapes
([231,[24], [25], [26].[21],[1]). Applications of landscape
metrics include landscape ecology (humber of patches,
mean patch size, total edge and mean shape), geographical
applications [27], etc.

Tier Il twin cities Hubli Dharwad was considered for
the current analysis and the objectives of the study are to
(@ quantify urban growth dynamics considering the
administrative boundary with 5 km buffer through Land
cover and land use analyses, (b) to understand the pattern
of urban growth through gradient approach, and (c)
understand the dynamics of growth using spatial metrics.
Such information can support policy-making in urban
planning and natural resource conservation.

Il. STUDY AREA

Hubli - Dharwad are twin cities in Indian state of
Karnataka. Hubli-Dharwad is the second-largest urbanized
centers in Karnataka. The twin cities have common
governance and are governed by Hubli - Dharwad
Municipal Corporation (HDMC) with a corporation
governing area of 202.3Sq km. The population of the Twin
cities is about 1 million (Census 2011). Hubli is a
commercial and industrial hub with various commercial
establishments. Dharwad is an educational and
administrative centre with numerous colleges, universities
and government offices. Hubli-Dharwad District
encompasses an area of 4263 sq. kms lying between the
latitudinal parallels of 15002 and 15051 N and
longitudes of 73043’ and 75035° E (Figure 1) with an
altitude of about 800 m above the sea level. The district is
bounded on the North by Belgaum, on the East by Gadag,
on the South Haveri and on the West by Uttara Kannada.
The district enjoys a moderate and healthy climate. The
district has an agro-based economy to a large extent, trade
and commerce are completely dependent on agriculture.
In order to understand the influence of urban system in the
rural vicinity, 5 km buffer is considered from each city
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boundary. Hubli city boundary is 7km in radius and
Dharwad has a boundary of 2.45km in radius.

Hubli- Dharwad

kilometers

Figure 1: Showing the geographical location of Hubli
Dharwad district

111. MATERIALS AND METHODS

Urban dynamics was analysed using temporal remote
sensing data of the period 1989 to 2010. The time series
spatial data acquired from Landsat Series Thematic
mapper (28.5m) sensors for the period 1989 and 2000were
downloaded from public domain (http://glcf.umiacs.umd.
edu/data). IRS LISS Il data (24 m) for 2005 and 2010
were procured from the National remote Sensing Centre
(http://nrsc.gov.in), Hyderabad. Survey of India (SOI)
toposheets of 1:50000 and 1:250000 scales were used to
generate base layers of city boundary, etc. City map with
ward boundaries were digitized from the city
administration map. Population data was collected from
the Directorate of Census Operations, Bangalore region
(http://censuskarnataka.gov.in). Table I lists the data used
in the current analysis. Ground control points to register
and geo-correct remote sensing data were collected using
hand held pre-calibrated GPS (Global Positioning
System), Survey of India toposheet and Google earth
(http://earth.google.com, http://bhuvan.nrsc.gov.in).

Table I: Materials used in Analysis

DATA Year Purpose
Landsat Series TM | 1989, | Landcover and Land use
(28.5m) and ETM 2000 analysis
IRS LISS 11l (24m) | 2005, | Landcover and Land use

2010 analysis

Survey of India
(SOI) toposheets of
1:50000 and
1:250000 scales

To Generate boundary
and Base layer maps.

Field visit data —
captured using GPS

For geo-correcting and
generating validation
dataset

A three-step approach was adopted to understand the
dynamics of the urbanizing city (Figure 2), which includes
(i) a normative approach to understand the land use and
land cover, (ii) a gradient approach of 1km radius to
understand the pattern of growth during the past 4
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decades, (iii) spatial metrics analysis for quantifying the
growth. Various stages in the data analysis are:

A. Preprocessing: The remote sensing data of Landsat
were downloaded from GLCF (Global Land Cover
Facility; http://glcf.umiacs.umd.edu/data)) and IRS LISS
Il data were obtained from NRSC, Hyderabad. The data
obtained were geo-referenced, rectified and cropped
pertaining to the study area. The Landsat satellites have a
spatial resolution of 28.5 m x 28.5 m (nominal resolution)
were resampled to uniform 24 m for intra temporal
comparisons.

B. Vegetation Cover Analysis: Vegetation cover
analysis was performed using the index Normalized
Difference Vegetation index (NDVI) was computed for all
the years to understand the change in the temporal
dynamics of the vegetation cover in the study region.
NDVI value ranges from values -1 to +1, where -0.1 and
below indicate soil or barren areas of rock, sand, or urban
built-up. NDVI of zero indicates the water cover.
Moderate values represent low density vegetation (0.1 to
0.3) and higher values indicate thick canopy vegetation
(0.6 t0 0.8).

C. Land use analysis: Further to investigate the changes
in the landscape land use analysis was performed.
Categories included are as listed in Table Il, were
classified with the training data (field data) using Gaussian
maximum likelihood supervised classifier. The method
involves i) generation of False Colour Composite (FCC)
of remote sensing data (bands — green, red and NIR). This
helped in locating heterogeneous patches in the landscape
ii) selection of training polygons (these correspond to
heterogeneous patches in FCC) covering 15% of the study
area and uniformly distributed over the entire study area,
iii) loading these training polygons co-ordinates into pre-
calibrated GPS, vi) collection of the corresponding
attribute data (land use types) for these polygons from the
field. GPS helped in locating respective training polygons
in the field, iv) supplementing this information with
Google Earth (www.googleearth.com) and Bhuvan
(bhuvan.nrsc.gov.in) v) 60% of the training data has been
used for classification, while the balance is used for
validation or accuracy assessment.

Gaussian maximum likelihood classifier (GMLC) is
applied to classify the data using the training data. GMLC
uses various classification decisions using probability and
cost functions [28] and is proved superior compared to
other techniques. Mean and covariance matrix are
computed using estimate of maximum likelihood
estimator. Estimations of temporal land uses were done
through open source GIS (Geographic Information
System) GRASS (Geographic Resource Analysis
Support System, http://ces.iisc.ernet.in/grass). 60% of
field data were used for classifying the data and the
balance 40% were used in validation and accuracy
assessment. Thematic layers were generated of classifies
data corresponding to four land use categories. Evaluation
of the performance of classifiers is done through accuracy
assessment techniques of testing the statistical significance
of a difference, comparison of kappa coefficients and
proportion of correctly allocated classes through
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computation of confusion matrix. These are most
commonly used to demonstrate the effectiveness of the
classifiers ([29][30]).

Further each zone was divided into concentric circle of
incrementing radius of 1 km (figure 3) from the center of
the city for visualising the changes at neighborhood levels.
This also helped in identifying the causal factors and the
degree of urbanization (in response to the economic, social
and political forces) at local levels and visualizing the
forms of urban sprawl. The temporal built up density in
each circle is monitored through time series analysis.

Geo correction,
Resampling

Image
Preprocessing

g
)=

U

=

\]

N\
Land Use classification
using MLC

T

Fig.2. Procedure followed to understand the spatial pattern
of landscape change

Table Il: Land use categories

Land use Class | Land uses included in the class

Urban This category includes residential area,
industrial area, and all paved surfaces
and mixed pixels having built up area.

Water bodies Tanks, Lakes, Reservoirs.

Vegetation Forest, Cropland, nurseries.

Others Rocks, quarry pits, open ground at

building sites, kaccha roads.

a) Urban sprawl analysis: Direction-wise Shannon’s
entropy (H,) is computed (equation 1) to understand the
extent of growth: compact or divergent ([31], [1]). This
provides an insight into the development (clumped or
disaggregated) with respect to the geographical parameters
across ‘n’ concentric regions in the respective zones.
Hn= —}I,Pilog(Pi) @

Where Pi is the proportion of the built-up in the i"
concentric circle and n is the number of circles/local
regions in the particular direction. Shannon’s Entropy
values ranges from zero (maximally concentrated) to log n
(dispersed growth).
b) Spatial pattern analysis: Landscape metrics provide
guantitative  description of the composition and
configuration of urban landscape. These metrics were
computed for each circle, zonewise using classified
landuse data at the landscape level with the help of
FRAGSTATS [12]. Urban dynamics is characterised by 7
prominent spatial metrics chosen based on complexity,
and density criteria. The metrics include the patch area
shape, epoch/contagion/ dispersion and are listed in Table
1.
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Hubl city with m buffer, Dharwad ciy with 1km buffer

Fig.3. Google earth representation of the study region

Table I11: Landscape metrics analysed

Indicators Formula
Number of
Urban Patches | NPU =n

(NPU)

NP equals the number of patches in the
landscape.

Patch density

f(sample area) = (Patch Number/Area) *
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V. RESULTS

I. Land use Land Cover analysis:
a) Vegetation cover analysis: Both Hubli and Dharwad
being dominated by cultivable land area has a huge green
area which includes both Green cover and cultivation.
Temporal NDVI values are listed in Table V. Vegetation
cover of the study area assessed through NDVI (Figure 4),
shows that area under vegetation has declined from 97%
(1989) to 78% (2010) in Hubli and from 98% (1989) to
86% (2010) in Dharwad.
b) Land use analysis: Land use assessed for the period
1973 to 2009 using Gaussian maximum likelihood
classifier is listed Table V and the same is depicted in
figure 5. The overall accuracy of the classification ranges
from 76% (1989), 83% (2000), 81% (2005) to 94% (2010)
respectively. Kappa statistics and overall accuracy was
calculated and is as listed in Table VI. There has been a
significant increase in built-up area during the last decade
evident from table IV. Other category covers major
portion of the land use. Consequent to these, there has
been a slight decrease of vegetation cover especially in the
Dharwad region during the past three decades.

Table IV: Temporal Land cover details.

Hubli - Hubli - Dharwad- | Dharwad
Year | Vegetation Non- vegetation Non -
% Vegetation % vegetation
% %
1989 97.0 3.0 98.12 1.88
2000 94.35 5.65 96.48 3.52
2005 89.73 10.27 92.21 7.79
2010 78.31 21.69 86.43 13.57

(PD) 1000000
Normalized XN op,
Landscape g
i=1 i . N
Shape  Index NLS| = =L 2 Where siand p; are the area
(NLSI) and perimeter of patch i, and N is the total
number of patches.
Landscape LSI = e;/mine;
S:gfe Index e; =total length of edge (or perimeter) of class i
(LS in terms of number of cell surfaces; includes all
landscape boundary and background edge
segments involving class i.
mine;=minimum total length of edge (or
perimeter) of class i in terms of number of cell
surfaces.
lumpi -
Clumpiness G -R forG, <P, &P, <5,else
CLUMPY =| '
i —R
1-R
B Jii
G gll

" [Z gik)— min g,

=number of like adjacencies between pixels of
patch type gi=number of adjacencies between
pixels of patch types iand k.

P; =proportion of the landscape occupied by
patch type (class) i.

Percentage of
Like
Adjacencies

oy = (g oom

gi = number of like adjacencies (joins)

(PLADJ) between pixels of patch type
gik = number of adjacencies between pixels of
patch types i and k

Aggregation

index(Al)

Al = [z(rrmng] R } (100)

gii =number of like adjacencies between pixels
of patch type
Pi= proportion of landscape comprised of patch

type.

Table V (a): Temporal land use details for Hubli

Land use

-Hubli Urban | Vegetation Water | Others
Year

1989 1.08 0.22 0.64 98.06
2000 2.25 0.45 0.98 96.31
2005 9.85 0.71 0.74 88.70
2010 14.62 0.42 0.65 84.30

Table V (b): Temporal land use details for Dharwad

Land use -
Dharwad Urban | Vegetation | Water Others
Year
1989 0.62 1.43 0.51 97.45
2000 1.93 141 1.13 95.52
2005 3.75 1.29 0.25 94.71
2010 6.47 0.69 0.47 92.36
Table VI: Kappa statistics and overall accuracy
Year Kappa Overall accuracy (%)
coefficient
1989 0.82 76.34
2000 0.89 83.54
2005 0.83 81.62
2010 0.91 94.86
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€) Urban sprawl analysis: Shannon entropy computed
using temporal data are listed in Table VII. Hubli-
Dharwad is exhibiting the tendency of sprawl in all
directions in recent times, as entropy values are inching
closer to the threshold value (for Hubli: log (12) = 1.07.
For Dharwad: log (7) = 0.845). Lower entropy values of
0.02 (NW), 0.011 (SW) during late 80’s shows an
aggregated growth as most of urbanization were
concentrated at city center.

2005 kilometers 2010

Fig.4.a. Temporal Land cové‘r changes in Hubli during
Past three Decades

However, the region experienced dispersed growth in
90’s reaching higher values of 0.36 (NE), 0.49 (SE) in
2010 during post 2000’s. The entropy computed for the
city (without buffer regions) shows the sprawl
phenomenon at outskirts. However, entropy values are
comparatively lower when buffer region is considered.
Shannon's entropy values of recent time confirms of
minimal fragmented dispersed urban growth in the city.
This also illustrates and establishes the influence of drivers
of urbanization in various directions.

il

nnnnnnnnnnn

Fig.4.b. Temporal Land cover Changes in Dharwad during
Past three Decades
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Fig.5.a. Classification output of Hubli
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Fig.5.b. Classification output of Dharwad
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Table VII: Shannon Entropy Index

Hubli NE NW SE SW
1989 0.027 0.02 0.055 | 0.011
2000 0.029 0.053 0.102 | 0.042
2005 0.146 0.09 0.21 0.059
2010 0.369 0.134 0.49 0.128
Dharwad NE NW SE SW
1989 0.011 0.013 0.008 | 0.006
2000 0.016 0.023 0.014 | 0.018
2005 0.08 0.086 0.09 0.0745
2010 0.168 0.164 0.213 | 0.216

d) Spatial patterns of urbanisation: In order to
understand the spatial pattern of urbanization, ten
landscape level metrics were computed zone wise for each
circle. These metrics are discussed below:

Number of Urban Patch (Np) is a landscape metric
indicates the level of fragmentation and ranges from 0
(fragment) to 100 (clumpiness).

Figure 6a illustrates that the Hubli city is forming
patched that are clumped at the center but is relatively
disaggregated at the outskirts, but compared to the year
2005, 2010 results is indicative of clumped urban patch in
the city and is directive of forming a single urban patch.
Clumped patches are more prominent in NE and SW
directions and patches is agglomerating to a single urban
patch. The case with Dharwad is different as in case it has
started to disaggregate in 2010, until 2010 there were less
no of urban patches in the city, which have increased in
2010, which is indicative of sprawled growth in the city.
The patch density (Figure 6b) is calculated on a raster
map, using a 4 neighbor algorithm. Patch density increases
with a greater number of patches within a reference area.
Patch density in Hubli and Dharwad was higher in 2005 as
the number of patches is higher in all directions and
gradients due to increase in the urban built area, which
remarkably increased post 1989 (SW, NE) and
subsequently reduced in 2010, indicating the sprawl in the
region in in early 90’s and started to clump during 2010.
The patch density is quite high in the outskirts also in both
the cities.
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Landscape Shape Index (LSI): LSI equals to 1 when the
landscape consists of a single square or maximally
compact (i.e., almost square) patch of the corresponding
type and LSI increases without limit as the patch type
becomes more disaggregated. Figure 6¢ indicate that there
were low LSI values in 1989 as there was minimal urban
areas in both Hubli and Dharwad which were mainly
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aggregated at the center. Since late 1990’s both the city
has been experiencing dispersed growth in all direction
and circles and Hubli reached the peak of dispersed
growth during 2005, towards 2010 it shows a aggregating
trend in Hubli, whereas In Dharwad it is showing an
dispersed growth.
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Fig.6.a. Number of urban patches (Directionwise, circlewise)
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Normalized Landscape Shape Index (NLSI): NLSI is 0
when the landscape consists of Single Square or
maximally compact almost square, it increases as patch
types becomes increasingly disaggregated and is 1 when
the patch type is maximally disaggregated. Results of
NLSI (Figure 6d) indicates that the landscape had a highly
fragmented urban class, which became further fragmented
during 2000 and started clumping to form a single square
in late 2010 especially in NE and SW direction in all
circle and few inner circles in SE and SW directions,
conforming with the other landscape metrics.

Clumpiness index equals 0 when the patches are
distributed randomly, and approaches 1 when the patch
type is maximally aggregated. Aggregation index equals 0
when the patches are maximally disaggregated and equals
100 when the patches are maximally aggregated into a
single compact patch. Clumpiness index, Aggregation
index highlights that the center of the both the cities is
more compact in 2009 with more clumpiness and
aggregation in SW and NE directions. In 1989 the results
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indicate that there were a small number of urban patches
existing in all direction and in every circle and due to
which disaggregation is more. Post 2000 and in 2010 we
can observe large urban patches very close almost forming
a single patch especially at the center and in SW direction
in different gradients (Figure 6e and Figure 6f). Hubli in
2010 has become much aggregated while Dharwad is yet
aggregating to form a single or maximally compact area.
Percentage of Like Adjacencies (Pladj) is the percentage
of cell adjacencies involving the corresponding patch type
those are like adjacent. Cell adjacencies are tallied using
the double-count method in which pixel order is preserved,
at least for all internal adjacencies. This metrics also
explains the adjacencies of urban patches that the city
center is getting more and more clumped with similar class
(Urban) and outskirts are relatively sharing different
internal adjacencies. Hubli city shows more adjacent

clumped growth, whereas Dharwad shows more
disaggregated growth (Figure 6g).
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Fig.6.d. Normalized Landscape Shape Index (Direction wise, circle wise)
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V. CONCLUSION

The analysis of land cover dynamics for the period of
analysis 1989 - 2010 shows that area under vegetation
(cultivation and forests) has declined from 97% (1989) to
78% (2010) in Hubli and from 98% (1989) to 86% (2010)
in Dharwad. Urban area has increased from 1.08 (1989) to
14.62 (2010)%. Shannon entropy shows that Hubli-
Dharwad is experiencing the tendency of sprawl in all
directions. Spatial metrics reveal that the urban core of
Hubli — Dharwad changed moderately over time and
exhibited a spread out pattern of urban development with a
moderate to low concentration of urban area towards the
periphery.

Time series data analyses reveal the transformation for
the urban sector along with different sectors, revealing the
importance and use of detailed analysis of changes in land
use. The evaluation also identified a continuous increase in
the urban areas that is replacing the predominant
agricultural areas in both the twin cities. The gradient
pattern of analysis and the landscape metric analysis
demonstrated distinct transformation phases and the
complexity of changes in land use, indicating a transfer

from agricultural dominated characteristics to an intensive
process of peri-urbanisation or sprawl and finally, ending
in urban consolidation.

Spatial metrics computed for gradients using temporal
data aided in visualizing and modeling the patterns of
urban growth which is required for planning framework
associated with the future Master Plan for the evolution of
systematic processes, and also to regulate abrupt transition
processes, given their importance in urban growth. Results
of the study produced very interesting results both
qualitative and quantitative outputs, especially as inputs
for the spatial decision-making support systems, to play
avital role in better decision-making.
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Abstract

Urbanisation is a dynamic complex phenomenon involving
large scale changes in the land uses at local levels. Human
induced land use and land cover (LULC) changes have been
the major drivers of the changes in local and global
environments. Urbanisation pattern has a direct influence on
urban growth process, which extends its influence on the
neighborhood resulting in the sprawl or peri-urban growth.
Unplanned urbanization and consequent impacts on natural
resources has necessitated the investigation and
understanding of mechanisms and dynamics of land use and
land-use change on a range of spatial scales as well as
evaluation on the environmental consequences of these
changes at the landscape scale. Rapid urbanization
subsequent to globalization in Karnataka state shows
dominant changes in land use during the last two decades.
Urban regions are getting urbanized at much faster rates
while peri-urban areas are experiencing sprawl. Rapid
burgeoning population pressure has resulted in unplanned
growth in the urban areas to accommodate these migrant
people leading to sprawl. It is a growing concern for city
planners during the past decade in India. This paper has
analysed urbanisation pattern of Raichur-a Tier II city of
Karnataka considering a buffer region of 5 km from the
current administrative boundary to account for the likely
urbanizing regions. Temporal land cover and land use
analysis provide the temporal dynamics. The built-up area
of the city has increased from 1.41% in 1973 to 8.51% in 2010.
Shannon’s Entropy (an urban sprawl index) shows that there
is a remarkable urban sprawl in and around the city. As a
result, the urban ecosystem has changed in the last four
decades. Landscape metrics indicate a convoluted and a
single patch urban growth at the center and a fragmented
outgrowth near the boundary of the city and Buffer regions.
This paper provides a valuable basis to understand the
urban growth dynamics of Raichur City in India as a
consequence of land use changes and helps the urban
planners to visualize the developments for a sustainable future.

Keywords

Spatio Temporal Dynamics; Remote Sensing; Shannon’s Entropy;
Raichur; Urban Sprawl; Spatial Metrics

Introduction

Urban growth is a spatial and demographic process,
involving concentration of human population with
higher level of economy [37]. Urbanisation is a
dynamic complex phenomenon involving large scale
changes in the land uses at local levels. Analyses of
changes in land uses in urban environments provide a
historical perspective of land use and an opportunity
to assess the spatial patterns, correlation, trends, rate
and impacts of the change, which would help in better
regional planning and good governance of the region
([37] [7]). Structural composition and rate of growth of
most Indian metropolitan cities or tier 1 cities have an
aggregated core region and cities are expanding into
the rural fringe areas. Due to burgeoning population
and concentrated developmental activities, most of
Tier 1 cities have exceeded their carrying capacities,
which is evident from poor assimilative capacity
(higher levels of pollutants in land, water and air),
supportive capacity (lack of appropriate infrastructure,
traffic bottlenecks) and lack of basic amenities (treated
water supply, electricity and sanitation facilities. This
necessitates policy measures to decongest tier I cities.
This entails providing an alternative region for
development and hence the current focus is on Tier II
cities. Advance visualization of urbanisation process
will aid in better regional planning to provide basic
amenities and infrastructure. Urbanisation being the
complex and dynamic process, planners and city
developers need to monitor and visualize the growth
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pattern and land use dynamics in the urban and peri-
urban areas of the Tier II cities. Otherwise, peri urban
regions prone to the sprawl that would be devoid of
basic amenities and inefficient and consumptive use of
its associated resources.

Mapping and monitoring sprawl helps in identifying
the environmental degradation process as well as to
visualize the future sprawling growth patterns [3].
Several studies in this regard ([6] [36] [13] [5] [17] [15]
[19] [11] [33] [25]), have quantified the sprawl through
the diverse techniques. The most common approach is
to consider the spatial and temporal dynamics of the
regions with impervious surfaces [15].

Many studies have employed large number of
indicators, including land-use conversion, population
change and energy requirement [2]. Other researchers
focused on measuring sprawl through the use of
population data as an indicator [35] 37). These patterns
of sprawl on landscapes can be detected, mapped and
analyzed using remote sensing data along with certain
image processing ([32] [14] [26] [12] 37). Thomas [29]
considered Shannon’s entropy model as a good
measure of urban sprawl, i.e., the degree of spatial
concentration and dispersion exhibited by a
geographical variable. Various researchers have used
shannon’s entropy, ([1] [17] [10], [37], [7]) which
reflects the concentration of dispersion of spatial
variable in a specified area/zone, to measure and
differentiate types of sprawl. This is why for this study
Shannon’s entropy has been used to assess the urban
sprawl. Further, to understand the growth dynamics
and the pattern Landscape, metrics as indicators have
been used.

Landscape metrics or so called spatial metrics are
numerical measurements that quantify spatial patterns
in the form of compactness/edge/shape of land use
patches of a geographic area [18]. There is a large
number of studies that have used these spatial metrics
in order to understand the pattern of urban landscape
([22] [23] [16] [8] [9] [37]). Landscape metrics currently
used in satellite data analysis have a long history of
usage in various fields such as ecological modeling
([20] [4]). Herold et al., [21] defined and described the
function of spatial metrics as digital analysis
measurements on the thematic-categorical maps that
have a spatial heterogeneity at a particular resolution.
Spatial metrics have found important applications in
quantifying urban growth, sprawl, and fragmentation
[34] [24]. Angel et al., [31] demonstrated five metrics
for measurement of sprawl. Ramachandra et al., [37]
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have successfully applied the metrics and found very
useful in understanding the urban growth process.
Hence, spatial metrics have been used in the study to
understand the process and pattern of growth.

In the present study, an attempt has been made to
study the impact of growing urbanization on the land-
use and land-cover pattern of Raichur city and its
effects on the rural fringe considering a 5 km buffer
region. To examine the urban growth distribution and
variation outward from the city center and model the
growth, gradient approach and landscape metrics are
employed.

Study area

Raichur district (Fig. 1) is one of major district in
northern Karnataka, India, with 5 taluks and 37 hobli’s
and 120 hamlets, an area of 8386 sq. km and a
population density of 181 persons per sq. km (2001).
Raichur is drought prone, and falls in the northeast
dry agro climatic zone. The normal annual rainfall of
the district is 621 mm and the average temperature is
35°C. Raichur urban city falls in this boundary of
Raichur district, which has been considered for the
analysis. Raichur city, located at 16°10'2” and 16°14" N
latitude and 77°19’, is famous for its imposing Raichur
Fort and has huge stone inscriptions in Persian and
Arabic languages, referring to its construction in
1200’s. Among the ruins of the immense fort, there are
many tanks and old temples. Krishna and
Tungabhadra are two water sources which cater to the
needs of drinking water supply to Raichur city.
Raichur is famous for its rice mills which exports high
quality rice and has a production of pure cotton.

0 1,500 3,000 Klometers

kilometers
FIG.1STUDY AREA

Materials used

Urban dynamics was analysed using temporal remote
sensing data during the period 1975 to 2010. The time
series spatial data acquired from Landsat Series
Thematic mapper (28.5m) and ETM sensors for the
period 1975 to 1989 were downloaded from public
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domain  (http://glcf.umiacs.umd.edu/data).  Data
pertaining IRS 1C of 2001 and 2010 (23.5m) were
procured from the National remote Sensing Centre
(http://www.nrsc.gov.in), Hyderabad. Survey of India
(SOI) toposheets of 1:50000 and 1:250000 scales were
used to generate base layers of city boundary, etc. City
map with ward boundaries was digitized based on the
city administration map.  Population data was
collected from the Directorate of Census Operations,
Bangalore region  (http://censuskarnataka.gov.in).
Table 1 lists the data used in the current analysis.
Ground control points to register and geo-correct
remote sensing data were collected using hand held
pre-calibrated GPS (Global Positioning System),
Survey of India toposheet and Google earth
(http://earth.google.com, http://bhuvan.nrsc.gov.in).

Method

A stepwise normative gradient approach was adopted
to understand the dynamics of the city, including (i)
first step to derive land use and land cover (ii) a zonal-
gradient approach of 4 zones and 1km radius
gradients to understand the pattern of growth during
the past 4 decades.(iiijunderstanding the change in the
land use dynamics using Landscape metrics analysis.
Various stages in the data analysis are as shown in Fig.
2.
TABLE 1 MATERIALS USED IN ANALYSIS

Data used Year Purpose
Landsat Series TM 1975, Land cover and
(28.5m) and ETM 1989 Land use analysis
IRS LISS III (24m) 2001, Land cover and
2010 Land use analysis
Survey of India (SOI) To Generate

toposheets of 1:50000 and
1:250000 scales
Field visit data —captured
using GPS

boundary and Base
layer maps.

For geo-correcting
and generating
validation dataset

Image
Preprocessing

)
Greo comection,
¢= Resamplng

i ™
Land Cover generation Analysis Land Use classification
5 ]=> — ‘ using MLC

using NDVI

FIG. 2 PROCEDURE TO UNDERSTAND THE CHANGES IN SPATIAL
PATTERN AND ITS DYNAMICS

www.ijrsa.org

1) Preprocessing: The remote sensing data of landsat
were downloaded from GLCF (Global Land Cover
Facility) and IRS LISS III data were obtained from
NRSC, Hyderabad. The data obtained were geo-
referenced, rectified and cropped pertaining to the
study area. The satellite data were enhanced using
histogram equalization for the better interpretation
and to achieve better classification accuracy.
Furthermore, the images including topographical
sheet and ward map were rectified to a common
Universal Traverse Mercator (UTM) projection/co-
ordinate system. All data sets were resampled to 30m
spatial resolution using the nearest neighborhood re-
sampling technique.

2) Vegetation Cover Analysis: Vegetation cover
analysis was performed using the index Normalized
Difference Vegetation index (NDVI) that was
computed for all the years to understand the change in
the temporal dynamics of the vegetation cover in the
study region. NDVI value ranges from -1 to +1, where
-0.1 and below indicates soil or barren areas of rock,
sand, or urban built-up. NDVI of zero indicates the
water cover. Moderate values represent low density
vegetation (0.1 to 0.3) and higher values indicate thick
canopy vegetation (0.6 to 0.8).

3) Land use analysis: Further to investigate the
different changes in the landscape land use analysis
was performed. Categories listed in Table II, were
classified with the training data (field data) using
Gaussian maximum likelihood supervised classifier.
This analysis includes generation of False Color
Composite (bands — green, red and NIR), which
basically helps in visualization of the different
heterogeneous patches. The further use of the training
data Polygons were digitized corresponding to the
heterogeneous patches covering about 40% of the
study region and uniformly distributed over the study
region. These training polygons were loaded in pre-
calibrated GPS (Global position System). Attribute
data (land use types) were collected from the field
with the help of GPS corresponding to these polygons.
In addition to this, polygons were digitized based on
Google earth (www.googleearth.com) and Bhuvan
(bhuvan.nrsc.gov.in). These polygons were overlaid
on FCC to supplement the training data to classify
landsat data.

Gaussian maximum likelihood classifier (GMLC) is
applied to classify the data using the training data, in
which various classification decisions are involved by
means of probability and cost functions [30] and is
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proved superior compared to other techniques. Mean
and covariance matrix are computed using estimate of
maximum likelihood estimator. Estimations of
temporal land uses were done through open source
GIS (Geographic Information System) - GRASS
(Geographic Resource Analysis Support System,
http://ces.iisc.ernet.in/grass). 70% of field data were
used to classify the data and the balance 30% were
used in validation and accuracy assessment. Thematic
generated for the study region
corresponding to four land use categories.

layers were

Evaluation on the performance of classifiers has been
done through accuracy assessment techniques to test
the statistical significance of a difference, comparison
of kappa coefficients and proportion of correctly
allocated classes through computation of confusion
matrix. These are most commonly used to
demonstrate the effectiveness of the classifiers [27][28].

4) Further each zone was divided into concentric
circle of increment radius of 1 km (Fig. 2.) from the
center of the city to visualize the changes at
neighborhood levels. This also helped in identifying
the causal factors and the degree of urbanization (in
response to the economic, social and political forces) at
local levels and visualizing the forms of urban sprawl.

TABLE II LAND USE CATEGORIES

Land use Class | Land uses included in the class

Urban This category includes residential area,
industrial area, and all paved surfaces and
mixed pixels having built up area.

Water bodies Tanks, Lakes, Reservoirs.

Vegetation Forest.

Cultivation Croplands, Nurseries, Rocky area.

5) Urban sprawl analysis: Shannon’s entropy (Hn)

is computed (equation 1) direction-wise to understand
the extent of growth: compact or divergent. This
provides an insight into the development (clumped or
disaggregated) with respect to the geographical
parameters across ‘n’ concentric regions in the

respective zones.
Hn= — 2L, Pilog(Pi) (1)

Where Pi is the proportion of the built-up in the it
concentric circle and n is the number of circles/local
regions in particular direction. Shannon’s Entropy
values ranges from zero (maximally concentrated) to
log n (dispersed growth).

6) Spatial pattern analysis: Landscape metrics
provide quantitative description on the composition
and configuration of the urban landscape. These
spatial metrics have been computed for each circle,
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zone wise with the help of FRAGSTATS [18] using
classified land use data at the landscape level. Urban
dynamics is characterized with 7 prominent spatial
metrics chosen based on complexity, and density
criteria. The metrics including the patch area, shape,

WITH THE GRADIENTS

Results and Discussion

Land use Land Cover analysis

Vegetation cover analysis: Vegetation cover of the
study area assessed through NDVI (Fig. 3), shows
that area under vegetation has declined by about
19%. Temporal NDVI values are listed in Table III,
which shows that there has been a substantial
increase in the Non Vegetative area. There has been
an increase from 3 % to 17%, tells us that there has
been staggering growth of impervious cover in the
region resulting from decrease in vegetative cover.

Land use analysis: Land use assessed during the
period from 1973 to 2010 by means of Gaussian
maximum likelihood classifier is listed in Table IV
and the same is depicted in Fig. 4. The overall
accuracy of the classification ranges from 69.28%
(1973) to 88.12% (2010). Kappa statistics and overall
accuracy was calculated and listed in Table V.
There has been a significant increase in built-up
area during the last decade evident from 590%
increase in urban area 1.44% in 1975 and has grown
to 8.51% considering buffer area. Other category
also had an enormous decrease in the land use.
Consequently, cultivable area has come down
drastically.

TABLE IIIl TEMPORAL LAND COVER DETAILS.

Year Vegetation Non vegetation
% %

1975 96.32 3.68

1989 92.18 7.82

2001 89.36 10.64

2010 82.48 17.52
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FIG. 3 TEMPORAL LAND COVER CHANGES DURING 1973 - 2010
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FIG. 4 CLASSIFICATION OUTPUT OF RAICHUR

Indicators Formula Range
Number of Urban NPU>0, without limit.
Patches (NPU) NPU =n
NP equals the number of patches in the landscape.
Patch density(PD) f(sample area) = (Patch Number/Area) * 1000000 PD>0
Normalized & p 0<NLSI<1
Landscape NLSI = -=2_Si_Where siand pi are the area and perimeter of patch i, and
Shape Index
(NLSI) N is the total number of patches.
Landscape LSI = g;/mine; LSI>1, Without Limit
Shape Index ei =total length of edge (or perimeter) of class i in terms of number of cell
(LS surfaces; includes all landscape boundary and background edge segments
involving class i.
Min e=minimum total length of edge (or perimeter) of class i in terms of
number of cell surfaces.
Clumpiness G-P -1< CLUMPY <1.
L forG; < P, &P, <5,else gi
cLuMPY =| G, Yii

1-P [E gik]_minei
k=1
=number of like adjacencies between pixels of patch type gik =number of

adjacencies between pixels of patch types iand k.
Pi =proportion of the landscape occupied by patch type (class) i.

i

Percentage of 2 )
Like Adjacencies ELARY = = (160) 0<=PLADJ<=100
(PLADJ) 2 e
gi=number of like adjacencies (joins) between pixels of patch type gi
= number of adjacencies between pixels of patch typesiand k

Aggregation m 1<AIL100

index(Al) Al = Z [Lj P |(100)

i1\ Mmax — g,
gii =number of like adjacencies between pixels of patch type
Pi= proportion of landscape comprised of patch type.
Cohesion 0<cohesion<100

—EFHF;L] [t -]+ 100

F=1F|'_r 3 I:I:J

Cohesion = [1 -
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TABLE IV TEMPORAL LAND USE DETAILS FOR RAICHUR

Land
use Urban Vegetation Water Cultivation
Year and others
2010 8,51 4.81 0.97 85.71
2002 5.21 3.58 1.36 89.85
1992 2.48 091 1.04 95.57
1973 1.44 1.62 0.88 96.16
TABLE V KAPPA STATISTICS AND OVERALL ACCURACY
Year Kappa Overall accuracy
coefficient (%)

1973 0.69 69.28

1989 0.83 81.69

1999 0.83 84.53

2010 0.89 88.12

Shannon’s entropy: The entropy is calculated
considering 7 gradients in 4 directions and listed in
table VL The reference value is taken as Log (7) which
is 0.77 and the computed Shannon’s entropy values
are closer to this, indicating sprawl. Increasing entropy
values from 1973 to 2010 shows the tendency of
dispersed growth of built-up area in the city with
respect to 4 directions as we move towards the
outskirts and this phenomenon is most prominent in
SE and SW directions.

TABLE VI SHANNON ENTROPY INDEX
NE [ NW | SE | sw
2010 | 0.135 | 0.146 | 0.168 | 0.194
2002 | 9078 | 0.083 | 0.084 | 0.097
1992 | (023 | 0.026 | 0.026 | 0.027

1973 | 0.01 | 0.006 | 0.007 | 0.005

Spatial patterns of urbanisation: Spatial dynamic
pattern of urban growth has been analyzed for 4
decades using eight landscape level metrics computed
zone wise for each circle of 1 km radius. These metrics
are discussed below:

Number of Urban Patch (Np) , a landscape metric
indicates the level of fragmentation and ranges from 0
(fragment) to 100 (clumpiness).

Fig. 8a illustrates the temporal dynamics of number of
patches. Urban patches are less at the center in 1970’s
as the growth was concentrated in central pockets.
There is a gradual increase in the number of patches in
80’s and further in 2001, but these patches form a
single patch during 2010, indicating that the urban
area get clumped as a single patch at the center, but in
the buffer regions there has been a tremendous
increase in 2001. Clumped patches at center are more
prominent in NE and SE directions and patches are
agglomerating to a single urban patch.
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FIG. 8A NUMBER OF URBAN PATCHES (ZONEWISE, CIRCLEWISE)

The patch density (Fig. 8b) calculated on a raster map,
using a 4 neighbor algorithm, increases with a greater
number of patches within a reference area. Patch
density was higher in 1989 and 2001 as the number of
patches was higher all the directions. Density declined
at the central gradients in 2010. In the outskirts the
patch density has increased in early 2000’s, which is
indicative of sprawl in the region and PD is low at
center indicating the clumped growth during late
2000’s, which is in accordance with number of patches.

Landscape Shape Index (LSI): LSI is equal to 1 when
the landscape consists of a single square or maximally
compact (ie, almost square) patch of the
corresponding type and LSI increases without limit as
the patch type becomes more disaggregated. Results
(Fig. 8c) indicated that there were low LSI values in
1973 due to minimal and concentrated urban areas in
the center. Since 1990’s the city has experienced
dispersed growth in all direction and circles, towards
2010 it showed a aggregating trend at the center as the
value was close to 1, whereas it was very high in the
outskirts indicating the peri-urban development.

Normalized Landscape Shape Index (NLSI): NLSI is 0
when the landscape consists of Single Square or
maximally compact almost square, and increases as
patch types becomes increasingly disaggregated while
it is 1 when the patch type is maximally disaggregated.
Results (Fig. 8d) indicate that the landscape in 2010
had a highly fragmented urban class in the buffer
region and is aggregated class in the center, in
accordance with the other landscape metrics.

Clumpiness index equals 0 when patches are
distributed randomly, and approaches 1 when the
patch type is maximally aggregated. Aggregation
index equals 0 when patches are maximally
disaggregated and equals 100 when the patches are
maximally aggregated into a single compact patch.
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Clumpiness and aggregation indices exhibit similar
temporal trends and highlights that the center of the
city is more compact in 2010 with more clumpiness
and aggregation in NW and NE directions. In 1973 the
results indicated that there were a small number of
urban patches existing in all direction and in every
circle. Post 2000 and in 2010, a large number of urban
patches close to each other almost form a single patch
especially at the center and in NW and NE direction in
different gradients (Fig. 8e, Fig. 8f). Lower values of
these metrics in the outer circles indicate that there is a
tendency of sprawl in the outskirts.

Percentage of Like Adjacencies (Pladj), the percentage
of cell adjacencies involving the corresponding patch
type are like adjacent. This metrics also indicates (Fig.
8g) that the city center gets more and more clumped
and the adjacent patches of urban much closer have
formed a single patch in 2010 and outskirts relatively
sharing different internal adjacencies with patches not
immediately adjacent but have a trend to become
adjacent to each other, which is also indicative of
sprawl.

Patch cohesion index measures the physical
connectedness of the corresponding patch type. Fig. 8h
indicates physical connectedness of the urban patch
with higher cohesion value (in 2010). Lower values in
1973 illustrated that the patches were rare in the
landscape.

Conclusions

Urbanisation with its Spatio-temporal form, pattern
and structure has been quantified for Raichur, atier I
city in Karnataka through the gradient approach using
temporal remote sensing data, land use analysis,
Shannon’s entropy, and spatial metrics. Land use
analysis shows an increase of urban area from 1.44%
(1973) to 8.51% (in 2010) in and around Raichur. The
present land-use is predominantly cultivation or
agriculture.

Shannon’s entropy, a measurement on the degree of
sprawl in city, highlights the tendency of sprawl in
recent times at outskirts. Spatial metrics in accordance
with the Shannon’s entropy indicates a clumped
growth at city centre and dispersed growth at
outskirts. This analysis visualizes the spatial patterns
of urbanisation which helps in the regional planning
to provide basic amenities and infrastructure. It is
imperative to maintain the environmental quality
through the judicious use of land by checking the
haphazard growth of urbanization. Spatial models
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provide vital inputs for the decision makers and city
planners to visualize and plan a sustainable growth
process.
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Abstract

Landscape transformations in the rapidly urbanizing landscape are the most dynamic process affecting the
local ecology and environment. The urbanized landscape do provide to its inhabitants the complex social
and economic environment leading to further increase in population. Consequences of the unplanned
urbanisation are enhanced pollution levels, lack of adequate infrastructure and basic amenities. This
necessitates understanding of spatial patterns of the growth for an effective urban planning. This
communication analyses the landscape dynamics of Belgaum City with 5 km buffer using Shannon’s
entropy and explores landscape patterns through spatial metrics applied to the temporal land use data.
Remote sensing data acquired at regular intervals through satellite borne sensors enables the synoptic
monitoring of urban growth patterns and dynamics. Spatial metrics enables the quantification of urban
footprint. Assessment of spatial and temporal dynamics of the landscape and quantification of patterns
through metrics helps in the understanding of urbanisation process. . This communication focuses on the
monitoring of land use and land cover dynamics of Belgaum City with a buffer of 5 km. Land cover
analysis is done through the slope based vegetation indices show a decline of vegetation from 98.8%
(1989) to 91.74% (in 2012). Temporal land use analysis reveal that the increase of urban pockets (built up
and other paved surfaces) from 0.31% (in 1989) to 6.74% (2012), the tree cover has decreased from
4.62% (in 1989) to 2.44% (in 2006). Direction wise gradient analysis through spatial metrics and the
Shannon entropy highlight an increase of fragmented growth during post 2000 in all directions.

Keywords: Belgaum, Land Use, Land Cover, Urbanisation, Urban Sprawl, Landscape Metrics, Remote
Sensing, Geoinformatics.
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1. Introduction

Large scale land-use land-cover (LULC) dynamics
leading to deforestation is one of the drivers of
global climate changes and alteration of
biogeochemical cycles. This has given momentum
to investigate the causes and consequences of
LULC by mapping and modelling landscape
patterns and dynamics and evaluating these in the
context of human-environment interactions in the
rapidly urbanizing landscapes. Human induced
environmental changes and consequences are not
uniformly distributed over the earth. However their
impacts threaten the sustenance of
human-environmental relationships. Land cover
refers to physical cover and biophysical state of the
earth’s surface and immediate subsurface and is
confined to describe vegetation and manmade
features [1,2,3,4,5]. Thus land cover reflects the
visible evidence of land cover of vegetation and
non-vegetation. Land use refers to use of the land
surface through modifications by humans and
natural phenomena [1,2,3,5,6]. Land use is
characterized by the arrangements, activities and
inputs people undertake in a certain land cover
type to produce, change or maintain it [5].
Alteration the structure of the landscape through
large scale LULC has influenced the functioning of
landscape, which include nutrient, regional water
and bio-geo chemical cycles [3, 7].

Post-independence period, particularly during the
globalization era in 1990’s, the government
facilitated the interactions of global industries with
in-house industries. Large scale industrialization
paved way for major land use land cover changes,
caused by migration of people from different parts
of the country, also from other parts of the globe
and country for the employment opportunities.
These led to intense urbanisation of major
metropolitan cities with spurt in human population
due to migration and also sprawl in peri-urban
pockets [1,8,9,10,11,12]. Unplanned urbanisation
are characterized by the loss of diversity, with
changes in the coherence and identity of the
existing landscapes. The drastic landscape
changes are a threat or a negative evolution, as it
affects the sustenance of natural resources.
Urbanisation process leads to conversion of
ecological land use (such as vegetation. Open
area, cultivable lands, water) in to impervious
layers on the earth surface. Increasing unplanned
urbanisation is an important cause for depletion of
resources species extension, hydro-geological
alterations, loss of crop lands [3,13]. Unplanned
urbanisation has various underlying effects such
as dispersed growth or sprawl.

Urban Sprawl refers to an uncontrolled, scattered
urban growth as a consequence of socio economic

SCIT Journal

infrastructural development leading to increase in
traffic, deficit of resources by depletion of the
locally available resources while creating demand
for more resources [3,10,14,15]. Often exceeding
the carrying capacity of the land. The dispersed
growth or sprawl occurs basically in the periphery
and the outskirts and these regions are devoid of
any basic amenities or infrastructure. Sprawl can
be in the radial direction encircling the city center
or in linear direction along the highways, ring roads,
etc. The dispersed growth of urban pockets has
been quantified through mapping of impervious
surface in and around the city in the developed
countries and in developing countries such as
China [13,16] and India [1,14,17,18]. As per the
population census, 25.73% [19] lives in the urban
centers in India and it is projected that during the
next decade about 33% would be living in the
urban center [1,3] The extent or level of
urbanisation and consequent sprawl has driven the
changes in land use land cover patterns. LULC
dynamics have altered the spatial landscape
patterns [10] and these changes in the landscape
(urban) pattern indicates the socio economic
conditions and environmental impacts. The
underlying phenomena of urban sprawl has been
explained through the landscape index - Shannon
entropy, a measure of urban growth [10,20]. It
measures the degree of spatial concentration or
dispersion of a geographical variable among n
zones [3,14,16]. Larger value of entropy highlights
the occurrence of dispersed growth or urban
sprawl [1,3].

Multi resolution spatio-temporal data acquired
since 1970’s through space borne sensors helps in
quantifying LULC dynamics through the temporal
analysis of landscape patterns [1,18,21].
Evaluation of landscape dynamics qualitatively
and quantitatively aids in understanding the
changes and also help to determine the effect of
anthropogenic  activities [1,4,10,22]. The
application of landscape metrics to spatio-temporal
data helps in analysing the urban foot print.
Landscape metrics aid in quantifying the spatial
pattern of a particular landscape changes within
the geographical area [1,3,14,22,23]. These
metrics enables to quantify the landscape with
respect to spatial dimension, alignment, pattern at
a specific scale and resolution [6]. Metrics
applied with the land use data help in evaluating
the landscape heterogeneity and also in relating to
urban growth pattern [1,23]. The spatial metrics
have been used to quantify the urban form,
describe the trend and growth of the land use
patterns and to model the patterns of future
urbanisation [3,22,23]. Gradient based spatial
metrics analysis helps to visualize and understand
the development in different directions and
gradients with respect to the location as peaks and
valleys along the direction [6,10,24].
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The current focus of LULC analysis is to analyse
the landscape dynamics of Belgaum City with 5 km
buffer using Shannon’s entropy and exploring
insights to landscape patterns through spatial
metrics applied to the temporal land use data.

The rest of this paper is organized as follows.
Section 2 ..........

2. Study Area

Belgaum City (see Fig.1) geographically located in
the North Western Part of Karnataka State. The
city with the spatial extent of about 58 sq.km.
Extends from 74°28'29.071 E to 74°34'54.92" E
and 15°49'23.189" N to 15°54’0.142” N with an
average elevation of 751m above mean sea level.
Five km buffer from the administrative boundary
was considered as shown in Fig. 2 (with a gross
area of 38 sg.km) to account for developments in
the peri urban regions. The city has about 58
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Wards, with population of 488292 (2011 Census
Provisional)[19] and Population Density of 84.21
persons per hectare. Population has a decadal
increase of 7.31%. BUDA (Belgaum Urban
Development Authority) formed during 1988 is
responsible for urban development including layout
and town planning [25]. BUDA consists of local
planning area of 182 sq.km, which includes the
Belgaum city corporation, 26 surrounding villages
and regions under conurbation limit. BUDA since
1988 has developed about 19 townships [26].
Temperature varies from 18 °c (winter) to 40 °c
(summer) and city receives annual average
rainfall of 1418 mm. Soils in the region consist of
shallow to very deep black soils, red loamy soils,
lateritic soils etc. The city is surrounded by
Kanburgi, Yamanspura, Kangrali.B, Kangrali.K
villages in the north, Hindalga, Binakanahalli,
Savagaon, Madoli in the West, Angol, Wadgaon,
Madhavapura, Haldge in the South and Sindoli,
Mutuge, Nilage Villages in the East [27].
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Figure 1. Belgaum City Administrative Boundary

3. Materials

Temporal remote sensing data of Landsat TM and
Indian remote Sensing (IRS) were used to analyse
LULC changes, urbanisation process, etc. The
remote sensing data were supplemented with the
Survey of India toposheets of 1:50000 and
1:250000 scale to generate base layers of the
administrative boundary, drainage network, etc.
Training data using pre calibrated Global
Positioning System (GPS) and virtual online spatial
maps such as Google Earth and Bhuvan were
used for geometric correction, classification,
verification and validation of the classified results
(see Table I).

SCIT Journal

Table I: Materials used in Analysis (“Self Compiled”)
Data Year Purpose
Landsat Series TM | 04/03/1989, | Land cover and
(30m) and ETM 21/03/2000 | Land use analysis
IRS LISS Ill (24m) | 01/04/2006 | Land cover and
Land use analysis
IRS R2 (5M) 16/03/2012 | Land cover and
Land use analysis
Survey of India To Generate
(SOI) toposheets boundary and Base
of 1:50000 and layer maps.
1:250000 scales
Field visit data For geo-correction,
—using GPS classification of
remote sensing
data and validation.
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4. Method

A three-step approach as illustrated in Fig. 2 was
adopted to understand the dynamics of the
urbanizing city, which includes (i) a normative
approach to understand the LULC dynamics (ii) a
gradient approach of 1km radius to understand the
pattern of growth during the past four decades.(iii)
Quantifying the growth over time using spatial
metrics.

)

Acquisition of
Satellite Imageries
[ ™
Image Geo comrection,
Preprocessing ¢ Resampling
- J
(i ™\
Land Cover generation Analysis Land Use classification
using NDVI ? (= using MLC
L ‘ T
Gradient Analysis Accuracy
(considering gradient at assessment
Ikm radus

Metrics Calculation
“:b Interpeetation of
results.

Figure 2. Procedure followed to understand the
spatial pattern of landscape change
(“Self Compiled”)

Various stages in the data analysis are:

4.1. Preprocessing: The remote sensing data of
Landsat were downloaded from GLCF (Global
Land Cover Facility,
http://glcf.umiacs.umd.edu/data) and IRS LISS Il
data were obtained from NRSC, Hyderabad
(http://nrsc.gov.in). The data obtained were
geo-referenced, rectified and cropped pertaining to
the study area. Landsat data has a spatial
resolution of 28.5 m x 28.5 m (nominal resolution)
were resampled to uniform 30 m for inter temporal
data comparisons.

4.2. Vegetation Cover Analysis: Vegetation
cover analysis was performed using the index
Normalized Difference Vegetation index (NDVI)
was computed for all the years to understand the
change in the temporal dynamics of the vegetation
cover in the study region. NDVI value ranges
from values -1 to +1, where -0.1 and below
indicate soil or barren areas of rock, sand, or urban
built-up. NDVI of zero indicates the water cover.
Moderate values represent low density vegetation
(0.1 to 0.3) and higher values indicate thick canopy
vegetation (0.6 to 0.8).
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4.3. Land Use Analysis: Further to account for
changes in the landscape, land use analysis were
performed and categories considered are listed in
Table II.

Table Il: Land use categories (“Self Compiled”)
Land use Land uses included in the class
Class
Urban This category includes residential area,
industrial area, and all paved surfaces
and mixed pixels having built up area.
Water Tanks, Lakes, Reservoirs.
bodies
Vegetation Forest, Cropland, nurseries.
Others Rocks, quarry pits, open ground at
building sites, kaccha roads.

Data were classified with the training data (field
data) using Gaussian maximum likelihood
supervised classifier. Analysis involved i)
generation of False Colour Composite (FCC) of
remote sensing data (bands — green, red and NIR).
This helped in locating heterogeneous patches in
the landscape ii) selection of training polygons
(these correspond to heterogeneous patches in
FCC) covering 15% of the study area and
uniformly distributed over the entire study area, iii)
loading these training polygons co-ordinates into
pre-calibrated GPS and collection of the
corresponding attribute data (land use types) for
these polygons from the field. GPS helped in
locating respective training polygons in the field, iv)
supplementing this information with Google Earth
(http://www.googleearth.com) and Bhuvan
(http://bhuvan.nrsc.gov.in) v) 60% of the training
data has been used for classification, while the
balance is used for validation or accuracy
assessment.

Figure 3: Study Area with 5 Km Buffer Overlaid on
Spatial Data (Source: Google Earth)

Gaussian maximum likelihood classifier (GMLC) is
used to classify the data using the training data.
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GMLC uses various classification decisions using
probability and cost functions [28] and is proved
superior compared to other techniques. Mean and
covariance matrix are computed using estimate of
maximum likelihood estimator. Estimations of
temporal land uses were done through open
source GIS (Geographic Information System) -
GRASS (Geographic Resource Analysis Support

System, http://ces.iisc.ernet.in/grass). 70% of
field data were used for classifying the data and
the balance 30% were used in validation and
accuracy assessment. Thematic layers were
generated of classifies data corresponding to four
land use categories.

Table lll. Landscape Metrics Analysed (“Self Compiled”)

Indicators Formula
1 Number of NPU =n
Urban ;
Patches NP equals the number of patches in the landscape.
(NPU)
2 Patch f(sample area) = (Patch Number/Area) * 1000000
density(PD)
3 | Normalized I op,
Landscape Lo
Shape NLSI = =L "1
Index
(NLSI) Where siand p; are the area and perimeter of patch i, and N is the total number of patches.
4 | Landscape L5l = epfmine;
Shape e; =total length of edge (or perimeter) of class i in terms of number of cell surfaces; includes all landscape boundary and background
Index (LSI) | edge segments involving class i.
mine;i=minimum total length of edge (or perimeter) of class i in terms of number of cell surfaces.
5 | Total Edge TE= I .dm
(TE) where, ey = total length (m) of edge in landscape involving patch type (class) i; includes landscape boundary and background
segments involving patch type i.
6 | Percentage Ty o uea®Y
of Land BLAND = B = =5=.
(Pland) P.= proportion of the landscape occupied by patch type (class)i. a;=  area (m?) of patch ij, A =total landscape area (m?).
7 Aggregation m
index(Al) Al = & P |(100)
1
-1\ max — g,
gi =number of like adjacencies between pixels of patch type
Pi= proportion of landscape comprised of patch type.
8 Cohesion 2? "
v ) B
Cohestori= |1—- sy — |1_:L; FJ &
¢ Eladl Pyl ¥
oo
pi = perimeter of patch ij in terms of number of cell surfaces.
a; = area of patch ij in terms of number of cells.
A = total number of cells in the landscape
9 | Edge . - LEm i Py
Density £%= 10000 T4
(ED) ek = total length (m) of edge in landscape involving patch type (class) i; includes landscape boundary and background segments
involving patch type i. A =total landscape area (m?).
10 | Contiguity -
Index Lﬁ’-“iﬁfﬁﬁ -1 PE'I
CONTEE = £ o —
cir =contiguity value for pixel r in patch ij.
v = sum of the values in a 3-by-3 cell template (13 in this case).
aj = area of patch ij in terms of number of cells
11 | Area N
weighted D 2In0.25p,/In 5,
mean = S
Fractal AWMPFD = - N Xw
index s
i
i=1
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Evaluation of the performance of classifiers is done
through accuracy assessment techniques of
testing the statistical significance of a difference,
comparison of kappa coefficients and proportion of
correctly allocated classes through computation of
confusion matrix. These are most commonly used
to demonstrate the effectiveness of the classifiers
[3,18,29,30]. Further each zone was divided into
concentric circle of incrementing radius of 1 km
(see Fig. 3) from the center of the city for
visualising the changes at neighborhood levels.
This also helped in identifying the causal factors
and the degree of urbanization (in response to the
economic, social and political forces) at local levels
and visualizing the forms of urban sprawl. The
temporal built up density in each circle is
monitored through time series analysis.

4.4. Urban Sprawl Analysis: Direction-wise
Shannon’s entropy (H,) is computed (see eqgn. 1)
to understand the extent of growth: compact or
divergent ([30], [10]). This provides an insight into
the development (clumped or disaggregated) with
respect to the geographical parameters across ‘n’
concentric regions in the respective zones.

Hn= —¥%,Pilog(P) .. 1)

where Pi is the proportion of the built-up in the i"
concentric circle and n is the number of
circles/local regions in the particular direction.
Shannon’s Entropy values ranges from zero
(maximally concentrated) to log n (dispersed
growth).

4.5. Spatial Pattern Analysis: Spatial metrics
provide quantitative description of the composition
and configuration of urban landscape. These
metrics were computed for each circle, zonewise
using classified land use data at the landscape
level with the help of FRAGSTATS [32]. Urban
dynamics is characterised by prominent spatial
metrics chosen based on Shape, edge, complexity,
and density criteria. The metrics include the patch
area, shape, epoch/contagion/ dispersion and are
listed in Table Ill.

5. Results

5.1. Land Cover Analysis: To understand the
spatial extent of area under vegetation and
non-vegetation, various land cover indices were
analyzed. Among these NDVI index provide better
insights to understand the extent of vegetation
cover. Temporal NDVI were calculated and the
results are given in Fig. 4 and in Table IV. The
results indicate that the vegetation in the study
region decreased for 98.8% (in 1989) to 91.74%
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(in 2012). Further temporal land use analyses are
done to understand the changes in land uses.

Table IV. Land Cover Analysis (“Self Compiled”)

Year Vegetation Non Vegetation
1989 98.8% 1.2%
2000 98.41% 1.59%
2006 96.35% 3.65%
2012 91.74 % 8.26 %

1989 2000 I
. -
2006 2012
"
.

Figure 4: Land Cover Classification (“Self
Compiled”’)

5.2. Land Use Analysis: Temporal land use
changes during 1989 to 2012 were analysed.
Spatial data were analysed using maximum
likelihood Classifier and the results are shown in
Fig. 5 and Table V. The results of the analysis
indicate that the urban impervious land use has
increased from 0.31 % (in 1989) to 6.74% (in 2012);
vegetation decreased from 4.62% (in 1989) to
2.44% (in 2012), while water category remained
fairly constant.

Table V: Land Use Analysis (“Self Compiled”)

Year 1989 2000
Land use % Area(Ha) % Area(Ha)
Water 0.14 53.24 0.33 125.49
Vegetation 4.62 1756.92 2.58 981.14
Built up 0.31 117.89 1.17 444.93
Others 94.9 | 36089.11 | 95.92 | 36477.00
Year 2006 2012
Land use % Area(Ha) % Area(Ha)
Water 0.23 87.47 0.24 92.03
Vegetation 2.33 886.07 2.44 928.73
Built up 4.81 1829.17 6.74 2190.15
Others 92.93 | 35339.95 | 91.58 | 34904.41

Accuracy Assessment and Kappa Statistics:
Kappa Statistics serves as an indicator of the
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extent pixels are correctly classified into the
respective categories. The accuracy assessment
was carried out for the classified data and the
results are given in Table VI. The results indicated
that the accuracy was above 90% and kappa
values had strong agreement with the accuracy
values with an average of 0.9.

1989 2000

-
==

Figure 5: Land Use Classification (“Self Compiled”)

Table VI. Accuracy Assessment (“Self Compiled”)

Year | Overall Accuracy | Kappa Value
1989 94.85 0.87
2000 92.73 0.83
2006 93.64 0.92
2012 93.12 0.93
5.3. Urbanisation Analysis using

Shannon’s Entropy: Shannon entropy, as an
indicator of urban sprawl was calculated and the
results are shown in Fig. 6 and Table VII. The
threshold limit of Shannon’s Entropy is log11 or
1.041. The results indicated that though Belgaum
and the buffer region is not experiencing urban
sprawl. However increasing entropy values show
the tendency of sprawl in the region.

Table VII: Built Up and Shannon’s Entropy Analysis

0.14 /
0.12 / /
/

0.08 / /

s N
0.04 / / /

0.02 -

0 T T T T T 1

1985 1990 1995 2000 2005 2010 2015

(“Self Compiled”)

Year NE NW SE sSwW
1989 0.0059 0.0191 0.0034 0.0088
2000 0.0283 0.0546 0.017 0.0334
2006 0.0791 0.140 0.108 0.113
2012 0.0864 0.1652 0.1154 0.137
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Figure 6: Shannon's Entropy (“Self Compiled”)

5.4. Spatial Patterns Analysis: Spatial
patterns of the landscape was analysed
considering metrics based on the urban land use

changes. Various landscape metrics were
calculated as discussed.
Proportion of Landscape (PLAND): PLAND

indicates the percentage of urban land present in
particular gradient and zone and ranges from 0 to
1, the value 1 indicates the landscape comprises
of a single urban class and zero represents
absence of urban class. The results of the analysis
are represented in Fig. 7a, which indicates spurt in
urban land use during post 2000 and especially in
2012 in almost all directions and all gradients.

PLAND_NE PLAND_NW
- \
N 7\
/ N\ | AV 7~ —umm
/ e | 22 N~/ =
/ o || 07 / ~
[~ =2 N —
e s 75/ —
PLAND_SE PLAND_SW
Yavas ~
A / \\ N =
/ > Tl N\ T
N 1/ ~ _/ — 1m0
. I/

X axis : Circles at every 1 km Y axis: Indices value

Figure. 7a: Proportion of Landscape Metric (“Self
Compiled”)

Number of Patches (NP): NP is a type of metric
describes the growth of particular patches whether
in an aggregated or fragmented growth in the
region and also explains the underlying
urbanization process. Number of Patch is always
equal to or greater 1, NP = 1 indicates that there is
only 1 patch of a particular class, showing
aggregated growth, larger values of NP indicate
fragmented growth. The results indicate that there
growth of urban patches in all directions post 2000,
which have increased specially in the buffer zones,
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due to fragments as in Fig. 7b.

NP_NE NP_NW

X axis : Circles at every 1 km Y axis: Indices value

Figure 7b. Number of patches metric analysed (“Self
Compiled”).

Patch Density (PD): PD is a landscape metric
which is quite similar to number of patches but
gives density about the landscape in analysis, The
values vary from 0 to 1, O indicating a single
homogenous patch, whereas values towards 1
indicates fragmented growth as the patches
increase the patch density increases. The results
as in Fig. 7c indicates an increase of NP in the
outskirts, but at the core of the city, clumped
patches are prominent in all directions specially
post 2000. In 2012, this substantially decreased in
almost all directions mainly due to patches getting
clumped and forming a single patch.
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X axis : Circles at every 1 km Y axis: Indices value
Figure 7c: Patch Density Metric (“Self Compiled”)

Total Edge (TE) and Edge density (ED): TE is the
absolute measure of total length (perimeter) of
each class of a particular patch in landscape in

meters. TE considers true edges into consideration.

Value of TE is greater than or equal to zero. Larger

the edge values indicate larger continuous patches.

ED is the ratio of total edge distance to the total
Area. If ED is zero, it represents there is no class of
the landscape. Fig. 7d explains the results of the
analysis, which indicate that during 1980’s the
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edges were smaller, which explains that the urban
patch was rare in landscape and was concentrated,
but post 2000 and in 2012 there are larger edges,
which indicate that the urban area is continuous.
This phenomenon is true in the city boundary, but
the buffer region patches are yet fragmented and
non-continuous. Fig. 7e explains the edge density
which has the agreement with the metrics
explained earlier, indicative of the fragmented
patches becoming a single patch in 2012.
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Figure 7d: Total Edge Metric (“Self Compiled”)
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Figure 7e: Edge Density Metric (“Self Compiled”)

Landscape Shape Index (LSI) and Normalized
Landscape Shape Index(NLSI): LS| provides a
measure of class aggregation or clumpiness
depending on the shape of the class in analysis,
when the value of LSl is 1, this indicates clumped
growth, the increasing values of LSI indicates
aggregation. NLSI is the normalized value of LSI,
when zero or closer to zero indicates a clumped
growth whereas NLSI towards 1 indicates
aggregated growth of the landscape. Fig. 7f and 7g
represents the results of LSI and NLSI. The
results of both metrics puts out a fact that in 2012
landscape class shapes are becoming more
complex indicative of fragmented growth, with
comparison of simple shape in 1980’s a clumped
growth.
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Figure 7f: Landscape Shape Index metric(“Self
Compiled”)
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Figure 7g: Normalised Landscape Shape Index
metric(“Self Compiled”)

Fractal Dimension Index represents the complexity
of the shape of the landscape. The values vary
from 1 to 2; index values closer to 1 indicates
simpler shapes of the land scape values closer to
2 indicate varying shape of the landscape. Fig. 7h
explains that the complexity of shape increases in
2012 when compared to 1989 accompanied with
simple shapes and perimeters.
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Figure 7h: Fractal Dimension Metrics in four
directions(“Self Compiled”)
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Contiguity indicates the continuity of the landscape,
Contiguity index varies from 0 to 1, values closer to
zero indicates single pixel, values closer to one
indicates patch with large number of pixels of the
particular class. Fig. 7i explains the output of the
contiguity metric, explaining the dominance of the
urban pixels in all directions post 2000, which was
less in 1980’s.
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Figure 7i: Contiguity metric(“Self Compiled”)

Cohesion measures the physical connectivity
between adjacent patches; the cohesion value 0
indicates disaggregation and no inter connectivity
between patches and higher value indicates
clumped and connectivity between patches.
Higher values during post 2000 illustrate of
fragmented landscape forming clumped patches in
almost all gradients and zones (see Fig. 7j).
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Figure 7j: Cohesion Metric (“Self Compiled”)

Aggregation index is a measure of disaggregation
or aggregation of a landscape, the metric varies
from zero to 100 percent, values closer to zero
indicate disaggregation and values closer to 100
indicate aggregated growth of the landscape. Fig.
7k corroborates with the earlier metrics that post
1980’s the landscape had been fragmented which
has started aggregating during post 2000.
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Figure 7k: Aggregation Index(“Self Compiled”)

6. Conclusion

Karnataka State Industrial & Infrastructure
Development Corporation Limited has been
greatly instrumental in the industrialisation of the
State, especially in the large and medium sector
and important arm of the state in bringing industrial
boom in various sectors. The intense urbanisation
process in Tier | cities with the associated
environmental problems and poor infrastructure,
basic amenities has necessitated planning of Tier
Il cities to minimize the consequences of
urbanisation.

State government has plans to divert the new
industrial establishments and activities to tier Il
cities. Also globalization process and subsequent
opening of Indian markets has led to rapid
urbanisation leading to wunorganized and
fragmented urban sprawl affecting the basic
amenities. Belgaum city, with 5 km buffer has been
analysed to understand LULC dynamics. LU was
analysed through supervised Gaussian MLC
algorithm. The Land cover results show decrease
in vegetation cover in the region from 98.8% (1989)
to 96.35% (2006). The temporal analysis of the LU
shows an increase of built up area from 0.31%
(1989) to 6.74% (2012), decline of tree cover from
4.62 % (1989) to 2.33% (2006).

LULC change analysis indicates an increase of
urban area by 14 times during 1989 and 2012
while the vegetation has reduced by 2.45%.
Shannon Entropy indicates the tendency of urban
sprawl during post 2000 in all direction and
predominantly in North West direction. Spatial
metrics reveal concentrated urbanisation at the
core of the city and is increasingly fragmented
growth towards the outskirts of the city.

This type of analysis helps the town planning
department and other departments, to understand
and visualize the changes, extent and pattern

spatially and temporally. This helps to plan the
basic amenities and evolve appropriate land use
polices.
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Abstract— Rapid irreversible urbanisation has haphazard and
unplanned growth of towns and cities. Urbanisation process is
driven by burgeoning population has resulted in the
mismanagement of natural resources. Human-induced land use
changes are the prime drivers of the global environmental
changes. Urbanisation and associated sub growth patterns are
characteristic of spatial temporal changes that take place at
regional levels. Rapid urbanization subsequent to opening up of
Indian markets in early ninety’s show dominant changes in land
use during the last two decades. Urban regions in India are
experiencing the faster rates of urban dominance, while peri-
urban areas are experiencing sprawl. Tier II cities in India are
undergoing rapid changes in recent times and need to be planned
to minimize the impacts of unplanned urbanisation. This
communication focuses on seven tier II cities, chosen based on
population. Mysore, Shimoga, Hubli, Dharwad, Raichur,
Belgaum, Gulbarga and Bellary are the rapidly urbanizing regions
of Karnataka, India. In this study, an integrated approach of
remote sensing and spatial metrics with gradient analysis was used
to identify the trends of urban land changes with a minimum
buffer of 3 km buffer from the city boundary has been studied
(based on availability of data), which help in the implementation
of location specific mitigation measures. Results indicated a
significant increase of urban built-up area during the last four
decades. Landscape metrics indicates the coalescence of urban
areas has occurred in almost all these regions. Urban growth has
been clumped at the center with simple shapes and dispersed
growth in the boundary region and the peri-urban regions with
convoluted shapes.

Keywords - Landscape Metrics, Urbanisation, Urban Sprawl,
Remote sensing, Tier 11, Karnataka, India

1. INTRODUCTION

Human induced land use and land cover (LULC) changes
have been the major drivers for the changes in local and global
environments. Land cover dynamics involving conversion of
natural resources (vegetation, water bodies, green spaces) into
urban space have affected various natural and ecological
process. Urbanisation is a dynamic complex phenomenon
involving large scale changes in the land uses at local levels.
Analyses of changes in land uses in urban environments provide
a historical perspective of land use and give an opportunity to
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assess the spatial patterns, correlation, trends, rate and impacts
of the change, which would help in better regional planning and
good governance of the region [1]. Urban growth is a spatial and
demographic process, involving concentrated human activities
in the region, which has high economic potential ([2], [3], [4]).
Urban growth pattern, have a direct influence on the region’s
development process and often it extends its influence on the
neighborhood [1], leading to dispersed growth, which is often
referred as urban sprawl or peri-urban growth. Urban sprawl
refers to a small clusters of medium to low-density urban growth
in the outskirts without proper basic amenities ([1], [5]). This
form of peri urban low density growth apart from lacking basic
amenities also have a number of social, economic and
environmental disadvantages [4]. Mapping the urban sprawl
dynamics helps not only to identify the environmental
degradation but also to visualize the future patterns of sprawling
growth. Techniques have evolved for identifying and
quantifying the urban sprawl ([6], [7], [4]). Apt way to capture
this process is to consider the spatial and temporal changes
taking place in the regions covered with impervious surfaces [8].

A quantitative and qualitative analysis of the landscape
structure is essential to analyse of the patterns of landuse
changes. Thematic land-use and land-cover maps generated
allow us to quantify characteristics of landscape heterogeneity
[9] and landscape fragmentation [10]. Spatio-temporal data
(Remote Sensing (RS) data acquired through space borne
sensors) with Geographic Information System (GIS) are helpful
in data acquisition and analysis of LULC changes and for
qualitative and quantitative results to understand the changes
[11]. Temporal RS data has been used to analyze and understand
the changes and impacts of human activities on the natural
ecosystem [12]. Urban growth is captured based on spatial
configuration and its dynamics [13]. Spatial metrics are useful
for describing the landscape structure ([14], [1]) and for a wide
range of applications, including the assessments of land-use
change required for landscape planning and management [15],
detection of changes in vegetation patterns [16], changes in
landscape structure [17], for assessing the impacts of
urbanization on the landscape ([1][2] [4] [18]). Common spatial
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metrics have been computed for describing the structural
characteristics and growth patterns of the built-up area. This
review illustrates that significant research contributions ranging
from gradient analyses to geospatial tool applications have been
made to understand the urban growth pattern, quantification of
complex patterns or processes of urban growth [19]. The present
scenario in India with attribute to structure composition and rate
of growth of most Indian metropolitan cities or tier 1 cities have
an aggregated urban cores, huge population and have been
expanding into the rural fringe areas, and planners have failed in
providing the basic necessities and infrastructure [4]. Thus there
has been a need of providing an alternative region for
development which has been in the form of Tier II cities, which
have huge space for infrastructural development capabilities
with good facilities for providing basic amenities. In order to be
able to provide basic amenities and infrastructure for the
complex and dynamic urban environment there is an obvious
need for planners and city developers to monitor and visualize
the growth pattern and changing land use along the urban area
and the peri urban area of the tier two cities This communication
analyses the growth pattern of developing cities in Karnataka
State, India. These regions have large neighborhood of various
classes with diverse landscape patterns. The objectives of the
study are (a) to understand the land cover and land use dynamics
using temporal remote sensing data, (b) quantify urban growth,
(c) to understand the urban growth patterns in different locations
using gradients and (d) to assess the pattern of growth over past
two decades using spatial metrics over gradient.

II. STUDY AREA

Karnataka is one of the largest states of South India. The
state covers an area of 191,976 sq. kms or 5.83% of the total
geographical area of India. It is the eighth largest Indian state by
area, the ninth largest by population and comprises 30 districts.
According to Population census of 2001, the Population of
Karnataka was 5.273 crores (52.73 million). The Population of
Karnataka has increased by 17.20% compared to the population
census of 1991. Karnataka lies between the Latitudes 14 © 49'
37.15"N to 13°18' 39.29"N, Longitude 76°56' 37.1"E to 77°28'
15.66"E. The study focuses on tier-II cities of Karnataka which
have a population of 2 - 8 lakhs, namely Mysore, Shimoga,
Hubli- Dharwad, Belgaum, Bellary, Raichur and Gulbarga (Fig.
1).

Mysore is the second largest city in the state of Karnataka,
ndia. The vibrant royal city of South, with numerous heritage
sites, is facing the rapid urbanization. This irreversible process
of urbanisation has been altering the landscape. With the
government planning to develop this area under various Projects
which has invited the surge of investors to invest heavily in this
heritage city, especially the IT Companies. Shimoga is located
in central part of the state of Karnataka, India. It lies on the banks
of the Tunga River. Shimoga encompasses an area of 8477 sq.
km. Shimoga district has a population of 16.43 lakh (as per 2001
Census), with population density of 194 per sq. km. Hubli —
Dharwad are twin cities in Indian state of Karnataka. Hubli-
Dharwad is the second-largest urbanized centers in Karnataka.

The twin cities have a common governance and are governed by
Hubli - Dharwad Municipal
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Figure 1. Study Area: Tier II Cities in Karnataka

Corporation (HDMC) with a corporation governing area of
202.3Sq km. The population of the Twin cities is about 1 million
(Census 2011). Gulbarga is a biggest district in Karnataka State
covering 8.49% of the area and 5.9% of State’s population.
Gulbarga is basically an agriculture dominated district. Raichur
is one of major district in northern Karnataka, India, having 5
taluks and 37 hobli’s and 120 hamlets, with an area of 8386 sq.
km. and a population density of 181 persons per sq. km (2001).
Bellary city is situated in the Karnataka State and has a
jurisdiction over an area of 82 Sq. Kms. Population of about 0.4
million as per 2011 census (provisional). Belgaum City
geographically located in the North Western Part of Karnataka
State, with a gross area of 38013.27 hectares.

The city has about 58 wards, with population of 0.5 million
(2011 Census Provisional) and Population Density of 84.21
persons per hectare, the population in the region has a decadal
increase of 7.31%.

III. MATERIALS AND METHODS

Data analysis: Preprocessing: The remote sensing data
corresponding to the study region were downloaded, geo-
referenced, rectified and cropped pertaining to the
administrative boundary with 3km-5km buffer depending on
data availability was considered. Landsat ETM+ bands of 2010
were corrected for the SLC-off by using image enhancement
techniques, followed by nearest-neighbor interpolation. Data
used for the analysis are listed in Table 1.

Land Cover Analysis: Among different land cover indices,
NDVI - Normalised Difference Vegetation Index was found
appropriate and NDVI was computed to understand the changes
of land cover. NDVI is the most common measurement used for
measuring vegetation cover. It ranges from values -1 to +1
depending on the earth features.

Land use analysis: The method involves i) generation of
False Colour Composite (FCC) of remote sensing data (bands —
green, red and NIR). This helped in locating heterogeneous
patches in the landscape ii) selection of training polygons
covering 15% of the study area and uniformly distributed over
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the entire study area, iii) loading these training polygons co-
ordinates into pre-calibrated GPS, vi) collection of the
corresponding attribute data (land use types) for these polygons
from the field, iv) Supplementing this information with Google
Earth. Land use classification was done using supervised pattern
classifier - Gaussian maximum likelihood algorithm based on
various classification decisions using probability and cost
functions [20]. Land use was computed using the temporal data
through open source GIS: GRASS- Geographic Resource
Analysis Support System (http://ces.iisc.ernet.in/grass). Four
major types of land use classes considered were built-up,
vegetation, cultivation area (since major portion is under
cultivation), and water body. 60% of the derived signatures
(training polygons) were used for classification and the rest for
validation. Statistical assessment of classifier performance
based on the performance of spectral classification considering
reference pixels is done which include computation of kappa (k)
statistics.

TABLE 1: DATA USED AND THE PURPOSE
Data Purpose
Landsat Series MSS(57.5m)

Landsat Series TM (28.5m)
and ETM
IRS LISS 1T (24m)

Land cover and Land use

analysis
IRS R2 (5.6M) — LISS-
IV(5.6m)
IRS p6: LISS-IV MX data
(5.6m)
Survey of India (SOI) Generate boundary and

toposheets of 1:50000 and
1:250000 scales

Field visit data —captured using
GPS

base layers.

For geo-correcting and
generating validation
dataset

Density gradient and zonal analysis and computation of
Shannon’s entropy: Further the classified spatial data is divided
into four zones based on directions considering the central pixel
(Central Business district) as Northwest (NW), Northeast (NE),
Southwest (SW) and Southeast (SE) respectively. The growth of
the urban areas was monitored in each zone separately through
the computation of urban density for different periods. Each
zone was further divided into incrementing concentric circles of
1km radius from the center of the city. The built up density in
each circle is monitored overtime using time series analysis.
Landscape metrics were computed for each circle, zone wise
using classified land use data at the landscape level with the help
of FRAGSTATS [21]. To determine whether the growth of
urban areas was compact or divergent the Shannon’s entropy
([21] [1]) was computed direction wise for the study region.
Shannon's entropy (Hn) given in equation 1, provide insights to
the degree of spatial concentration or dispersion of geographical
variables among ‘n’ concentric circles across Zones.
Hn=-zln=1 Pi IOgPi ................ (1)

Where Pi is the proportion of the built-up in the i concentric
circle. As per Shannon’s Entropy, if the distribution is
maximally concentrated the lowest value zero will be obtained.
Conversely, if it evenly distribution the value would be closer to
log n indicating dispersed growth or sprawl.

IV. RESULTS

Vegetation cover analysis: Vegetation cover was assessed
through NDVI, Mysore shows that area under vegetation has
declined to 9.24% (2009) from 57.58% (1973). Shimoga
analysis reveals that there was reduction in the vegetation cover
from 89% to 66% during the past two decades in the region. In
Hubli vegetation has declined from 97% (1989) to 78% (2010)
in Hubli and from 98% (1989) to 86% (2010) in Dharwad.
Gulbarga and Raichur analysis showed area under vegetation
has declined by about 19%. Belgaum analysis indicate that the
vegetation in the study region decreased for 98.8% in 1989 to
91.74% in 2012. Temporal NDVI values are listed in Table 2
and outputs are presented in Appendix 1.

TABLE 2: LAND COVER ANALYSIS (V: ARE UNDER VEGETATION
IN %; NV: AREA UNDER NON-VEGETATION IN %)

In % Mysore Shimoga | Hubli Dharwad
1980°s | V=57.58 | V=89.35 | V=97.0 V=98.12
Nv=42.42 | Nv=10.65 | Nv=3.0 Nv=1.88
2000°s | V=09.24 | V=66.72 | V=78.31 | V=86.43
Nv=90.76 | Nv=33.28 | Nv=21.69 | Nv=13.57
In % Gulbarga | Raichur Belgaum | Bellary
1980°s | V=94.72 | V=92.18 | V=98.41 | V=94.87
Nv=5.28 | Nv=7.82 | Nv=1.59 | Nv=5.13
2000’s | V=79.41 V=82.48 | V=91.74 | V=93.7
Nv=20.57 | Nv=17.52 | Nv=8.26 | Nv=6.27

Land use analysis: Land use assessed using Gaussian
maximum likelihood classifier. In Mysore there has been a
significant increase in built-up area during the last decade
evident from 514 times increase in urban area from 1973 to
2009. Shimoga also witnessed increase in the urban category
from 13% (1992) to 33% (2010), which is about 253 times
during the last four decades. Hubli-Dharwad also saw a
significant increase in built-up area during the last decade, Hubli
saw an increase of about thousand times, whereas Dharwad was
about 600 times growth in urban area, Gulbarga has seen a
significant increase in built-up area during the last decade
evident from 21% increase in urban area. Raichur and Bellary
also witnessed increase in built-up area during the last decade
about 590 and 700 times during the last 4 decades. Belgaum
analysis indicate that the urban impervious land use has
increased from 0.31 % in 1989 to 6.74% in 2012 Consequent to
these, vegetation cover and water has declined drastically during
the past four decades in all cities. Temporal Land use values are
listed in Table 3 and outputs are presented in Appendix 2.

Shannon’s entropy computed using temporal data as listed in
table 4. Mysore is experiencing the sprawl in all directions as
entropy values are closer to the threshold value (log (8) = 0.9).
Lower entropy values during 70’s shows an aggregated growth
as most of urbanization were concentrated at city centre.
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TABLE 3: LAND USE ANALYSIS

Class Mysore | Shimoga Hubli Dharwad
Urban | 1980°s= | 1980’s=13 | 1980’s=1. | 1980’s=0.
1.1 .58 08 62
2000’s= | 2000°s=33 | 2000’s=14 | 2000’s=6.
18.68 .56 .62 47
Veg 1980°s= | 1980°’s=30 | 1980’s=0. | 1980’s=1.
65.85 .94 22 43
2000’s= | 2000°s=5. | 2000’s=0. | 2000’s=0.
5.7 52 42 69
Water | 1980°’s= | 1980°s=1. | 1980’s=0. | 1980’s=0.
0.39 52 64 51
2000’s= | 2000°s=1. | 2000’s=0. | 2000’s=0.
0.7 2 65 47
others | 1980’s= | 1980°s=53 | 1980’s=98 | 1980°s=97
32.6 .95 .06 .45
2000’s= | 2000’s=59 | 2000’s=84 | 2000’s=92
74.84 72 .30 .36
Gulbarg | Raichur Belgaum Bellary
a
Urban | 1980’s= | 1980’s=1. | 1980°s=0. 1980’s=
2.62 44 31 2.
2000’s= | 2000°s=8. | 2000’s=6. 12
22.52 51 74 2000’s=7.
42
Veg 1980°s= | 1980’s=1. | 1980’s=4. | 1980’s=4.
1.54 62 62 61
2000’s= | 2000°s=4. | 2000’s=2. | 2000’s=0.
0.49 81 44 48
Water | 1980°’s= | 1980°s=0. | 1980’s=0. | 1980’s=2.
0.40 88 14 35
2000’s= | 2000°s=0. | 2000’s=0. | 2000’s=2.
0.39 97 24 04
others | 1980’s= | 1980°s=96 | 1980’s=94 | 1980°s=90
95.44 .16 .9 .92
2000’s= | 2000°s=85 | 2000’s=91 | 2000’s=90
76.60 1 .58 .07

However, the region experienced dispersed growth in 90°s
reaching higher values of 0.452 (NE), 0.441 (NW) in 2009.
Sprawl analysis for Shimoga reveals of sprawl in the North
West, while significant growth was observed in North East,
South East and South west but fragmented due to presence of
cultivable land in these regions. Hubli - Dharwad is experiencing
the sprawl in all directions as entropy values are gradually
increasing (for Hubli: log (12) = 1.07 For Dharwad: log (7) =
0.845). Lower entropy values of 0.02 (NW), 0.011 (SW) during
late 80’s shows an aggregated growth as most of urbanization
were concentrated at city center. However, the region
experienced dispersed growth in 80’s reaching higher values in
NE, and SE in 2010. Gulbarga is experiencing the sprawl in all
directions as entropy values are closer to the threshold value (log
(10) =1). Lower entropy values during 0’s shows an aggregated
growth. However, the region show a tendency of dispersed
growth during post 2000 with higher entropy values 0.268 (NE),
0.212 (NW) in 2010 (and threshold is 0.77). Increasing entropy
values from 1982 to 2010 shows the tendency of dispersed

growth of built-up area in the city with respect to 4 directions as
we move towards the outskirts and this phenomenon is most
prominent in SE and SW directions. Increasing entropy values
from 1973 to 2010 shows the tendency of dispersed growth of
built-up area in the city with respect to 4 directions as we move
towards the outskirts and this phenomenon is most prominent in
SE and NE directions. The threshold limit of Shannon’s Entropy
is logll (1.041). The results indicated that though Belgaum
considering the buffer region has effect of urban sprawl
considering the values of 1980 and 2012, and the effect is
gaining strength temporally considering the threshold value of

1.041.
TABLE 4: SHANNON ENTROPY INDEX

NE NW SE SW
Mysore | 0.067 | 0.007 | 0.0265 | 0.008 | 1980’s
0.452 | 0.441 0.346 | 0.305 | 2000’s
Shimoga | 0.23 0.24 0.18 0.25 | 1980’s
0.43 0.7 0.42 0.47 | 2000’s
Hubli 0.027 0.02 0.055 0.011 | 1980’s
0369 | 0.134 0.49 0.128 | 2000’s
Dharwad | 0.011 | 0.013 0.008 0.006 | 1980’s
0.168 | 0.164 0.213 0.216 | 2000’s
Gulbarga | 0.086 | 0.065 0.046 | 0.055 | 1980’s
0.268 | 0.212 0.193 0.141 | 2000’s
Raichur | 0.023 | 0.026 0.026 | 0.027 | 1980’s
0.135 | 0.146 0.168 0.194 | 2000’s
Bellary 0.04 0.03 0.08 0.06 | 1980’s
0.37 0.32 0.389 0.33 | 2000’s
Belgaum | 0.005 | 0.0191 | 0.0034 | 0.008 | 1980’s
0.086 | 0.1652 | 0.1154 | 0.137 | 2000’s

Spatial patterns of urbanisation: In order to understand the
spatial pattern of urbanization, seven landscape level metrics
were computed zone wise for each circle. Prominent two metrics
([1]) are discussed below: Number of Urban Patch (Np) reflects
the extent of fragmentation of a particular class in the landscape.
Higher the value more the fragmentation, Lower values is
indicative of clumped patch or patches forming a single class
and ranges from 0 (fragment) to 100 (clumpiness). The analysis
(Fig. 2) showed that all the cities except Hubli Dharwad and
Belgaum are becoming clumped patch at the center, which
indicates that the urban dominance and eradication of other
classes present in past decades, while outskirts are relatively
fragmented in all direction, but show a tendency of forming a
single clumped class in the whole landscape considered. Hubli-
Dharwad and Raichur have shown fragmentation over years
both at the centre and outskirts indicative of newer urban patches
in the landscape in recent decade. Further understanding this
planners have to visualise the future to balance all land use to
avoid unsustainable growth or complete urban dominance.

Normalised Landscape Shape Index (NLSI): NLSI
calculates the value based on particular class rather than
landscape and is equal to zero when the landscape consists of
single square or maximally compact almost square, its value
increases when the patch types becomes increasingly
disaggregated and is 1 when the patch type is maximally
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disaggregated. Basically this metrics quantitatively captures the
growth or phenomena through shape of a landscape. The
analysis revealed and supported the previous metrics that the
central gradients are in the process of converting to simple
shapes and values are decreasing over decades, which again
points to the fact of urban dominance over other land use classes
in this region. However the Hubli, Dharwad and Belgaum
analysis is an indicative of the yet more convoluted shapes the
value being close to one than in 1980, and supports the argument
that they have fragmented growth at the centre and outskirts
extending to the buffer zones (Fig. 3).

V. CONCLUSION

The statistics and analysis both quantitatively and
qualitatively presented here illustrate the spatial distribution of
recent patterns of urbanisation in the tier II cities, Karnataka,
India. Land cover analysis reveals that there was reduction in the
vegetation cover during the past two decades in the study
regions. Land use analysis reveals of increase in urban category
increased in last two decades. Spatial analysis revealed that land
use in the outskirts is fragmented. Shannon’s entropy showed
that there was urban sprawl in the outskirts necessitating
immediate policy measures to provide infrastructure and basic
amenities. Landscape metrics conform of the urban sprawl in the
buffer zone, whereas the core area had mix of classes and as we
go from the center towards administrative boundary the urban
density intensifies. Governmental agencies need to visualize
possible growth poles for an effective policy intervention. Any
efforts to do so, however, must take into account the multitude
of social, environmental and biophysical realities that will
continue to shape the region’s future. Physical urban growth in
the region will undoubtedly continue, but it is required that the
city planners and developers of all these cities take a note of the
situation and plan for further developmental urban activities in a
sound and sustainable way.
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Abstract—the potential of Markov chain and cellular automata
model for predicting the spatial and temporal urban growth
dynamics has been evaluated for rapidly urbanizing Bangalore,
India. The growth of Bangalore is visualized for the year 2020
using business as usual scenario. Multi temporal land use
information, derived from remote sensing data of 2008, 2010 and
2012 have been used for simulation and validation. Urban growth
patterns and processes were quantitatively assessed with the use of
landscape metrics. The results indicate that the future expansion
of greater Bangalore will be in the peri- urban landscapes, due to
the current clumped urbanisation at the city core with little scope
for further urban densification. Urban simulation modeling in
conjunction with spatial metrics is effective in capturing and
visualizing the spatio-temporal patterns of urbanisation with
insights to the trajectory of urban growth for effective planning of
the city.

Keywords: Urban sprawl, Remote Sensing, Cellular Automata,
Markov Chain, Modeling

1. INTRODUCTION

Urbanisation is a dynamic process involving the horizontal
and vertical expansion of urban pockets in response to the
population growth, industrialization, political, cultural and
other socio-economic factors[1][2][3]. Unplanned urbanisation
leads to the large scale land cover changes [4] affecting the
ecological diversity with degradation of the environment,
enormous consumption of resources, creation of urban heat
islands, changes in local climate [5][6], soil erosion, changes in
hydrological cycle impairing surface water and ground water
regime [7]. This process often leads to unstable development
with increasing economic, social and environmental problems
[8] such as radical changes of vegetation, water bodies, etc.,
with the irretrievable loss of ground prospects due to drastic
change in the landscape [9]. These are often driven by the
uncontrolled and dispersed growth along the periphery, which
is referred as urban sprawl. The process of urban sprawl is
common in rapidly urbanizing metropolitan cities. Rapid rise in
urban population has caused serious environmental damages
with problems such as increasing slums, decrease in standard of
living, etc. [10]. The urban sprawl process has been studied in

many developing regions [11][12][13][14][15][16] as it leads to
drastic change in the landscape. Therefore spatio-temporal
changes in urbanisation pattern would help in assessing land use
changes, which would provide insights to the extent and rate of
urban sprawl. Land use refers to use of the land surface through
modifications due to anthropogenic activities or natural
phenomena [1][12][17]. Quantification of impervious
manmade surfaces in and around the city through mapping
would help in estimating the dispersed growth of urban pockets.
. The traditional surveying and mapping techniques to monitor
landscape changes over different time frames entails high
expenses due to time as well as requirement of resources for
mapping and inventorying exercises. Recent advancements in
mapping and modeling [18] through spatial data acquired
remotely through space-borne sensors (remote sensing data)
and the analysis of spatial data through Geographic Information
System [GIS] have enhanced the abilities of spatial data
analysis. Remote sensing technique [1][12][15][16][17][18]
has advantages such as wider synoptic coverage of the earth
surface with varied temporal, spatial and spectral resolutions.
Classifications of these data through already proven
classification algorithms [1][17][18] provide land use
information. These temporal information helps to measure,
monitor and visualise changes, which are necessary to model
and simulate the likely changes in spatial patterns. Modelling
enables the prediction of likely future land cover changes,
required for evolving strategies for appropriate decisions and
policies, interventions [19] to mitigate the drastic land cover
changes. Prediction of changes based on the current trend will
help in understanding the role of influencing factors and
constraints. Research in this direction have focused on
modelling and predicting changes in forest and hydrology,
effect of urbanisation on runoff, soil erosion, urban sprawl, etc.
[19][20][21][22][23][24]. Models such as Cellular Automata
(CA), CA-Markov, Geomod, Land Change Modeler (LCM),
Sleuth, Agent Based Modeling (ABM), Multi Criteria
Evaluation (MCE), Regression, Neural Networks, etc., have
been used for simulating urban sprawl [20][25][26][27][28]
[29] [30]. Studies have demonstrated the use of Markov chains
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combined with cellular automata as one of the effective
technique in modeling urban sprawl pattern [20][26][28][29].
Markov chain and cellular automata:Cellular Automata (CA)
are algorithms which define the state of the cell based on the
previous state of the cells within a neighborhood, using a set of
transition rules. CA have a potential for modelling complex
spatio-temporal processes such as urban process. CA is made
up of elements represented by an array of cells, each residing in
a state at any one time, discrete number of class (states), the
neighborhood effect and the transition functions, which define
what the state of any given cell is going to be in the future time
period. The cell space digitally in the CA consists of a
rectangular grid of square cells each representing an area
30mx30m and matches the size as the minimum area mapped
in urban areas in the land use datasets. Basic assumption that
was used is cells are not homogeneous and are characterized by
a vector of suitabilities, deciding the future land use. The
suitabilities are defined as a weighted linear sum of a series
various affecting factors characterizing each cell. They are
normalized to values in the range of 0—1, and represent the
inherent capacity of a cell to support a particular activity or land
use which can be generated by Markovian random process,
which is a stochastic process. In this urban cellular automaton,
the neighborhood space is defined as a square region around the
central cell with a radius of five cells. The neighborhood thus
contains 24. The neighborhood influence area and the
interactive area for urban land uses and its neighbors. The
model uses 4 cell states. The active functions is urban land uses
which are forced by demands for land generated exogenously
to the cellular automaton in response to the growth of the urban
area. Passive is represented by other land use classes. The effect
on the neighborhood is thus calculated as summed effect of each
transitional potential and its interaction with its neighbors and
the transition rules: were determined by various demands of the
land use classes, population growth etc.

Finally, spatial metrics have been useful to quantify the land use
based on patch, shape, edge etc. This quantification provide
insights to the historical and current spatial patterns, which is
useful in evaluating the landscape heterogeneity in relation with
urban growth [30][31][32]. The objective of the current
research is to simulate urbanisation process of Bangalore city
for 2020 through CA and CA-Markov model considering
transition probabilities (based on Markov chain analysis).
Spatial patterns of urbanisation is quantified using landscape
metrics.

II. STUDY AREA

Bangalore the IT hub of India is located in the southern part
of the country of Karnataka state. The region was known as
“Bendakaaluru” (land of boiled beans), “land of lakes” where a
large number of lakes were constructed to store water, during
the regime of erstwhile princely state. Numerous parks, gardens
such as Lalbhag, Cubbon Park etc. exist in the region, which
aptly gave the name “Garden City”. However, during the post-
independence due to industrialization, unplanned urbanisation
the city has witnessed the decline in parks as well as water

bodies / lakes. With the spurt in IT industries in the region
during late 1990’s, the city was termed “Silicon Valley”. This
policy interventions created job opportunities to different
category of people. The city has grown spatially during the last
year by 10 times and the current spatial extent is about 741 km?.

Geographically Bangalore is located in the Deccan plateau,
toward the south east of Karnataka state extending from
12°49°5”N to 13°8°32” N and 77°27°29” E to 77°47°2”E. To
account for developments in the peri urban regions, the study
area includes ten km buffer (from the administrative boundary)
with a gross area of over 2250 km? as shown in Fig. 1.
Bangalore has spatially increased from 69 sq.km (1901) to 741
sq.km (2006) [1].The decadal (2001 to 2011) increase in
population for urban areas of India is 31.8% and in Karnataka
is 31.5%, but Bangalore has a decadal increase of 44% very
large compared to that of the state and country. The population
has increased from 5.8 Million in 2001 (BMP — Bangalore
Mahanagara Palike limits) to 8.4 Million in 2011 (current
spatial extent of 741 sq.km, under jurisdiction of BBMP-
Bruhat Bangalore Mahanagara Palike) [34][35]. The population
density has increased from 7880 persons per square kilometer
to over 11330 persons per square kilometer during the last ten
years [34][36]. Bangalore receives an annual average rainfall of
896 mm [35][37]. The undulating terrain varying from about
700 m to about 962m AMSL in the region has resulted in the
formation of large number of drainage network with inter
connected lakes. Vegetation and water bodies are responsible
for moderating the local climate and cooler days during
summer.

Geologically [38][39], the prevailing rocks are light to dark
grey Biotitic Granitic Gneiss and varies from place to place in
texture, structure and appearance based on the fineness or
coarseness of the grains, mode of disposition of dark minerals.
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Fig.1. Study Area- greater Bangalore with 10 km buffer
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The drainage network in Bangalore flows to Cauvery through
its tributaries Arkavathi (East flowing), Pinakini/Pennar (East
Flowing) and Shimsha (West Flowing). The central, northern
and eastern portion is undulating with the upland tracts
occupied by scrubs, while the low lands occupied by series of
tanks formed by embanking the streams along the valley for
irrigation purposes. These valleys vary in size with small ponds
to large lakes. The southern portion of the land consists of hills
that are close together and are surrounded by thick jungles.

IIL. DATA USED

Temporal remote sensing data of Landsat 7 ETM+ sensors for
the year 2008, 2010 and 2012 with resolution of 30 m were were
downloaded from public domain
(http://glef.umiacs.umd.edu/data). Ground control points to
register and geo-correct remote sensing data were collected
using hand held pre-calibrated GPS (Global Positioning
System), Survey of India topo-sheet (1:50000 and 1:250000),
Google earth  (http://earth.google.com) and Bhuvan
(http://bhuvan.nrsc.gov.in).

IV. METHOD

The process of urbanisation and sprawl in Bangalore (study
area) have been assessed as outlined in Fig. 2, which includes
(1) Land use analysis, (ii) Modeling and prediction, (iii) Urban
Sprawl Analysis

A. Land use analysis:

The land use analysis was carried out for the 3 temporal data
using the Gaussian maximum likelihood classifier. The data
were classified under 4 different classes as shown in Table L
Satellite data classification involved (i) Preprocessing (ii)
Classification (iii) Accuracy assessment.

Preprocessing: The raw satellite images geo-corrected, followed
by radiometric correction and resampled to 30 m resolution to
maintain uniformity for multi temporal data comparisons and for
modeling.

Table I. Land use categories

Land use class Land use included in class
Urban Residential Area, Industrial Area, Paved surfaces, mixed
pixels with built-up area
Water Tanks, Lakes, Reservoirs, Drainages
Vegetation Forest, Plantations
Others Rocks, quarry pits, open ground at building sites,
unpaved roads, Croplands, Nurseries, bare land

Land use classification and accuracy assessment: The
method involves 1) generation of False Color Composite (FCC)
of remote sensing data (bands — green, red and NIR). This
helped in locating heterogeneous patches in the landscape ii)
selection of training polygons covering 15% of the study area
and uniformly distributed over the entire study area, iii) loading
these training polygons co-ordinates into pre-calibrated GPS,
vi) collection of the corresponding attribute data (land use
types) for these polygons from the field, iv) Supplementing this
information with Google Earth/Bhuvan. Land use classification
was done using supervised pattern classifier - Gaussian

maximum likelihood algorithm based on various classification
decisions using probability and cost functions [40].

Ground Data,
Toposheets,
Bhuvan,
Google earth

Satellite Data
Acquisition

1y

.

Land use
classification

[ Accuacy

LAND USE ANALYSIS

Markov Transition
Probability

MODELINGAND
PREDICTION

Land Scape Metric

Fig .2. Procedure followed to model, understand the landscape changes

URBAN SPRAWL
ANALYSIS

Land uses during the different period were computed using the
temporal remote sensing data through open source GIS:
GRASS- Geographic Resource Analysis Support System
(http://ces.iisc.emet.in/grass). Four major types of land use
classes considered were built-up, vegetation, cultivation area
(since major portion is under cultivation), and water body. 60%
of the derived signatures (training polygons) were used for
classification and the rest for validation. Statistical assessment
of classifier performance based on the performance of spectral
classification considering reference pixels is done which include
computation of kappa (k) statistics.

Modeling and Prediction: The land use pattern is evolving
dynamically and follows the Markovain random process
properties with various constrains that include average transfer
state of land use structure stable and different land use classes
may transform to other land use class given certain condition
(Such as non-transition of urban class to water or vice versa).
Thus Markov was used for deriving the land use change
probability map for the study region and was applied using
Markov module. The probability distribution map was
developed through Markov process. A first-order Markov
model based on probability distribution over next state of the
current cell that is assumed to only depend on current state
[41]. CA was used to obtain a spatial context and distribution
map. CA’s transition rules use its current neighborhood of
pixels to judge land use type in the future. State of each
cell is affected by the states of its neighboring cells in the
filter considered. Besides using CA transition rule and land use
transition is governed by maximum probability transition and
will follow the constraint of cell transition that happens only
once to a particular land use, which will never be changed
further during simulation. CA coupled with Markov chain was
then used to predict urban land use state in 2020
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Urban sprawl analysis: Post prediction and valdation with
spatial metrics were employed to quantify the urban growth
pattern. Spatial metrics aid in quantifying the land use pattern
at a particular time [1][42]. Spatial metrics such as Number of
urban patches (NP), Normalised landscape shape index (NLSI),
edge density (ED), Clumpy, Pladj were used in the
analysis. These selected metrics signify patch, contagion, edge,
shape and adjacency.

V. RESULTS AND DISCUSSIONS

A. Land use: Land use analysis was carried out for the year
2008, 2010, and 2012 using the Gaussian maximum likelihood
classifier . Fig. 3 depicts land use and categorywise changes
are listed in Table II. This illustrate an increase in urban area by
about 2 folds i.e., from 24.86 % (in 2008) to 48.39% (2012)
with the decline of vegetation from 38.34% t0 26.40% and other
category from 36.26% to 26.85% respectively, indicating a
rapid urbanisation process.

B. Accuracy Assessment:Accuracy assessment of the
classified information of land use was performed by generating
the reference image through the traing data (30% of the ground
truth data). Overall accuracy and Kappa was calculated using
the module r.kappa in GRASS. The results of accuracy
assessment are as shown in Table IIL.

C. Modeling and Prediction

Land use [LU] transitions were calculated to predict land use
for the year 2012, using markov chain based on 2008 and 2010
LU and CA loop time of 2 years. With the knowledge of 2008
and 2012, LU for 2020 is predicted. CA filter (Fig.4) was used
to generate spatially explicit contiguity weightage factor to
change the state of the cell based on neighborhoods. This
prediction has been done considering water bodies as constraint
and assumed to remain constant over all time frames.

The Multi criterion analysis was used to generate transition
probability areas based on transition rules and constraints for
2010 and 2012 LU data. The transition probabilities from
Markov and the transition areas from CA were used to predict
land use for the year 2012 (Fig. 3). The model was scrutinized
for allowable error by validating the predicted versus the actual
2012 land use (Fig. 3). The validation results (Table V) showed
a very good agreement between the actual and predicted 2012
LU with kappa of 0.73. On similar lines, LU is simulated for
2020 (Fig.5). The simulated land use (Table V, Fig.5) shows an
increase in built up from 48.66 % (2012) to 70.64% (2020). The
process of urbanization is observed to be high in the North East
direction, near arterial roads and the national/state highways.

2012 actual 2012 predicted

- Urban - Vegetation - Walerl:l Others

Fig.3. Time series land use maps between 2008 and 2012

TABLE L LAND USE STATISTICS
Year 2008
Land use Area in hectares Percent
Urban 49,958.91 24.86
Vegetation 77,042.07 38.34
Water 1069.20 0.53
Others 72,852.48 36.26
Year 2010
Land use Area in hectares Percent
Urban 85,012.20 42.30
Vegetation 57,148.47 28.44
Water 1271.43 0.63
Others 57,524.58 28.63
Year 2012
Land use Area in hectares Percent
Urban 97,531.11 48.66
Vegetation 49,175.64 24.40
Water 723.60 0.63
Others 54,115.02 26.85
Year 2012 - Predicted
Land use Area in hectares Percent
Urban 107,754.48 51.62
Vegetation 44.287.92 23.04
Water 1491.21 0.74
Others 47,423.07 21.60
TABLE II. ACCURACY ASSESSMENT
Year Overall accuracy % Kappa
2008 86.35 0.78
2010 91.62 0.86
2012 90.43 0.85
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TABLE III. MARKOV TRANSITION PROBABILITIES
Urban Vegetation Water Other
Urban 0.8 0.0667 0.0667 0.0667
Vegetation 0.2443 0.4697 0.0047 0.2813
Water 0.3372 0 0.6628 0
Other 0.3476 0.2046 0.0018 0.446
TABLE IV. VALIDATION BETWEEN PREDICTED AND ACTUAL 2012
Kno 0.8443
Klocation 0.8678
Kstandard 0.8557

Fig.5. Predicted land use map for 2020

TABLE V. LAND USE 2020
Year 2020 - Predicted
Land use Area in hectares Percent
Urban 142,381.08 70.64
Vegetation 27,316.44 13.55
Water 1491.21 0.74
Others 30,356.64 15.07

D. Urbanisation pattern analysis through spatial metrics:

Number of urban patches that gives us degree of fragmentation
was calculated for the urban class. The results of the analysis
showed the landscape was highly fragmented with 16000
patches in 2012 and by 2020 gets clumped to form an
aggregated core connected (along highways) and some clumped
developments at outskirts. This signifies the formation of an
urban core (Fig. 6) with loss of all other land use (except water)
and fragmented urban patches.
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Fig. 6. Number of urban patches

Edge density and Percentage land adjacencies (Pladj) (Fig. 7)
were also calculated. Edge is formed when the urban landscape
in covered by other land uses. Edge density are significantly
higher in 2012 due to fragmented urban landscape and in 2020,
the edge density declines to 15 signifying the formation of
homogenous urban landscape. Pladj metric accounts to
percentage of adjacent landforms of same land use. This also
implies that in 2020 the urban class becomes most adjacent

dominating class with the loss of other classes.
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Fig. 7. Edge density and percentage of land adjacencies
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Finally NLSI (Normalised landscape shape index) and
clumpiness indices were calculated to understand the shape of
the landscape and its form. NLSI shows increased value
indicating a simple shape or clumped growth. While, in 2008
the lower value indicating convoluted shape, indicating
heterogeneous or fragmented landscape with the presence of all
land uses next to urban.

Clumpiness index show of clumped growth with the
domination of urban land use in 2020, whereas in 2012 the
region is with significantly higher proportion of other
contributing land uses. Spatial metrics conform of clumped
urban growth in Bangalore by 2020 with the loss of all other
LU’s indicating an urban paved jungle. This necessitates
integrated approaches in land use planning to minimize the
damage on local ecology and hydrology due to decline of LU
other than urban category. The visualized outcome for 2020
indicates the certain doomsday for the Bangalore city with the
current lopsided approaches in urban planning. This will lead to
further changes in the regional climate; enhance pollutants in
air and water, increase of temperature, consequent thriving of
disease vectors and loss of vital natural resources.
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VI. CONCLUSION

Bangalore is in the forefront among rapidly urbanizing cities in
India. The uncontrolled growth has led to the decline of
landscape heterogeneity affecting the natural resources as well
as local ecology. Visualization of the patterns of urbanisation
provides insights required for an effective regional planning to
ensure sustainability. The current work in this regard, through
Markov based CA modeling predicts the urbanisation patterns
in 2012 and compares with the actual growth. As there was a
good agreement between the actual and predicted 2012,
exercise was extended to predict LU in 2020.

This research demonstrate the applicability of urban growth
modeling using Markov chain and CA. Visualization of likely
changes (based on the current pattern of urbanisation) will
provide crucial insights necessary to develop and plan for
sustainable Bangalore. In this context, the prediction of
homogenous landscape with clumped urban growth by 2020,
and the disappearance of ecologically important landscape
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Abstract—Landscape transformations in the rapidly urbanizing landscape are the most
dynamic process altering the local ecology, hydrology and environment. This necessitates
understanding of spatial patterns of the growth for an effective urban planning. Remote
sensing data acquired at regular intervals through satellite borne sensors enables the
synoptic monitoring and visualization of urban growth patterns and dynamics. Focus of this
communication is to model the land use dynamics in a rapidly urbanizing landscape with 10
km buffer considering all agents. Due to the unplanned urbanization, Bangalore a Silicon
Valley of India has been facing numerous challenges of loss of green space, mobility
constraints, higher pollution levels, flooding, indiscriminate disposal of solid and liquid
waste, etc. Land Change Modeller (LCM) with Markov Cellular Automata was used to
predict likely land use in 2020 with the knowledge of land use changes during 2006-2012
with the constraint of no-change in land use of water category. The results suggest an urban
expansion of 108% (from 59103.9 in 2012 to 123061.6 hectares in 2020), with the decline of
green space to 7% from 33.68% (2012). The visualised urban growth provide vital insights
for better planning of urban space to ensure Bangalore regain the status of liveable and
sustainable city.

Index Terms— Urban growth, Modelling, Land change modeller, Cellular automata,
Bangalore.

|. INTRODUCTION

Large scale land-use land-cover (LULC) dynamics leading to the decline of vegetation cover is one of the
drivers of global climate changes and alteration of biogeochemical cycles. Global warming and consequent
changes in the climate has given momentum to investigate the causes of LULC by mapping and modelling
landscape patterns and dynamics and evaluate these in the context of human-environment interactions in the
rapidly urbanizing landscapes. Human induced environmental changes and consequences are not uniformly
distributed over the earth. However their impacts threaten the sustenance of human-environmental
relationships. Post-independence period in India, particularly during the globalization era in 1990’s, the
government facilitated the interactions of global industries with in-house industries. Large scale
industrialization paved way for major LULC changes, caused by migration of people from different parts of

© Elsevier, 2013
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the country, also from other parts of the globe and country for the employment opportunities. These led to
intense urbanisation of major metropolitan cities with spurt in human population due to migration and also
sprawl in peri-urban pockets. Unplanned urbanisation are characterized by the loss of diversity, with changes
in the coherence and identity of the existing landscapes. The drastic landscape changes are a threat or a
negative evolution, as it affects the sustenance of natural resources. Urbanisation process leads to conversion
of ecological land use (such as vegetation. Open area, cultivable lands, water) into impervious layers on the
earth surface. Increasing unplanned urbanisation is an important cause for depletion of resources species
extension, hydro-geological alterations, loss of crop lands [1, 2]. Unplanned urbanisation has various
underlying effects such as dispersed growth or sprawl.
Urban Sprawl refers to an uncontrolled, unplanned, scattered urban growth as a consequence of socio
economic infrastructural development leading to increase in traffic, deficit of resources by depletion of the
locally available resources while creating demand for more resources [3], often exceeding the carrying
capacity of the land. Sprawl causes a major imbalance between urban spatial expansion and the underlying
population growth [4].The dispersed growth or sprawl occurs basically in the periphery and the outskirts and
these regions are devoid of any basic amenities or infrastructure. Sprawl can be in the radial direction
encircling the city center or in linear direction along the highways, ring roads, etc. This necessitates
visualization of urban trajectory for an effective urban planning.
Urban area currently with about 4 billion population, is projected to reach 8 billion by 2050 [4], which would
be about 72% of the global population. Megacities, large agglomerations, are main consumers of natural
resources (energy, food, etc.) with the generation of waste [5] beyond assimilative capacity of the region,
continue to evolve and grow [6] with further loss of biodiversity, environmental degradation, affecting
human health [1]. This phenomenon is most prevalent in developing countries [1, 6] especially the rapidly
developing regions in India and other Asian countries [3]. This development may be due to various factors
such as political, geographical, shortage of viable land for development etc., based on region and national
scale [1, 2]. Urban sprawl with lack of appropriate infrastructure and basic amenities, affects urban space
with due to the loss of agricultural and rural land, degradation of natural ecosystems, etc. The major causes of
sprawl are attributed to huge growth of population, migration from rural to urban areas and unplanned
developments. The urbanisation of core region also fuels the growth at outskirts as the population tends to
move outskirts due to their lack of affordability. Demographic change not only imply the shift from high to
low rates of fertility and mortality and is also associated with the development of households and features of
their life cycle. The family or life-cycle features relate mainly to labour availability at the level of
households, which is linked to migration, urbanization, and the breakdown of extended families into several
nuclear families. At longer timescales, the increase of population also has a large impact on land use in a
region. Hence there is a need for better planning and administration. For better land use planning changes in
current land use patterns temporally is essential. This necessitates the analysis of land use changes and the
prediction of likely changes in the future.
Availability of spatio-temporal data with the advancement of remote sensing technologies [7] has enabled
unbiased land use analysis. Analysis of land use dynamics has attained research attention both at global and
Indian contexts focusing on dynamically evolving cities [8]. Temporal land use changes at regional levels
have s been attempted by various researchers [9, 10]. Several studies have assessed urban growth in various
megacities around the world [1, 11, 12]. These studies though mapped and focused on temporally evolved
current land use across various cities, have not addressed the likely growth required for the regional planning.
Prediction of future growth are essential to control the uncontrolled development and plan for sustainable
cities. Predictive models become very significant as they foresee spatial changes based on the historical land
uses, which helps the decision makers in planning the growth including sprawl across the city periphery.
Urban growth models can be broadly grouped as (a) statistical models, based on regression and Markov chain
[13] (b) dynamic evolving models, such as Cellular Automata (CA) [14]. Dynamic models are better suited to
predict land use changes. Dynamical models coupled with agents of changes based on elements of different
modelling techniques will help in better understanding of past land use changes for modelling land use
dynamics.
A Multi-layer perceptron (MLP) based CA-Markov model with a capability to incorporate the agents of
spatial changes is a powerful tool [15] to predict the growth. MLP helps in calibrating the agents and its
relationship with land use changes. Markov chain helps in generating transition probability matrices based on
the understanding of land use changes [16]. CA with markov considering spatial context based on
neighbourhood configuration generates transition potential maps [17]. CA-Markov model is effective to
model urbanisation [15]. However, for models to be effective there is a need for incorporating the agents
2
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such as social factors, economic factors, geography of an area which have decisive role in the urban process
of a region. This has been demonstrated through incorporation of socioeconomic data into CA-Markov to
predict land use changes [15]. this highlights the need for considering agents of changes, which still remains
a research challenge.

The objective of this study is to simulate future land use changes in Bangalore, India based on the
MLP-CA-Markov model considering the agents of current changes. MLP was used to calibrate the agents
considering the transition of land use changes. Transition matrix is computed using the transition potential
sub models based on the land use maps (2008, 2010, 2012) using the Markov chain module in Land use
change modeller. Finally, spatial distribution of land uses from 2012 to 2020 are simulated through CA
model with transition matrix and transition potential map.

I1l. STUDY AREA AND DATA

Greater Bangalore capital of Karnataka, India with a spatial extent of 741 km? is geographically located at
12°49°5”N to 13°8’32”N and 77°27°29” E to 77°47°2 E in the south eastern part of Karnataka state (Fig. 1).
Bangalore urban area has spatially increased from 69 sg.km (1901) to 741 sq.km (2006) [1]. The study has
been carried out for Bangalore with ten km buffer (with a gross area of 2290 sq.km) to account for likely
sprawl in peri-urban regions.

The undulating terrain with elevation ranging from 700 m to about 962m AMSL of the region has aided in
the formation of cascaded lakes with interconnecting drains. Large number of water bodies with green cover
has aided in moderating the city climate and maintaining salubrious climate. Temperature varies from 22°C
to 38 °C during summer and 14 °C to 27 °C in winter. Bangalore receives an annual average rainfall of 824
mm. geologically the area consists of Granitic and Gneisses rocks in large scale [16].

The population [1] of Bangalore (BBMP) has increased to a large extent in a decade at a rate 44% i.e., from
5,840,165 (2001) to 8,395,947 (2011) at a rate of 4.4% annually, higher than the national average of 2.5%.
The population density in the region has increased from 8179 (2001) to 11756 persons/km? (2011). Bangalore
has a decadal increase of 44%, which is very high compared to that of Karnataka state (31.5%) and India
(31.8%).

Greater Bangalore
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Fig.1. Study Area

Table 1 lists the data used for land use analysis. Temporal remote sensing data of Landsat TM and ETM+
were used to analyse and model LULC changes. Remote sensing data were supplemented with the Survey of
India toposheets of 1:50000 and 1:250000 scale, and Bhuvan data, which were used to generate base layers
of the administrative boundary, drainage network, Road network etc. Ground control points (GCPs) and
training data were collected using pre calibrated Global Positioning System (GPS) and virtual online spatial
maps such as Google Earth and Bhuvan GCPs were useful in geometric correction of remote sensing data.
Training data were used for classification, verification and validation of the classified results. Google earth
data was also used to extract the point data such as location of industries, bus stops, railway stations, metro
stations, social, religious structure’s, cemeteries, educational and others (police stations, hospitals, theatres)
and line features such as road network. These features were verified in the field using handheld calibrated
GPS.
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TABLEL: MATERIALS USED IN ANALYSIS

Data Year Description

Landsat 2008, 2010, Land Use Land Cover Analysis

TM (28.5m) 2012

ASTER DEM 2012 Generation of Slope map

(30 m)

SOl 1:250000 and 1: 50000

toposheets toposheets ~ for  delineating
administrative boundaries, and
geometric correction,
Delineation of road network

Bhuvan Support data for Site data,

Delineation of road network,
Delineation of village and city

boundaries
GPS classification and data validation
Google Earth Support data for site data,

Delineation of road network,
preparation of point database
files as input for modelling

Census 1991, Population census for growth
2001, monitoring
Provisional
2011

11l. METHOD

Modelling of urbanization and sprawl as outlined in Fig. 2, involved

i) Remote Sensing data acquisition, geometric correction, field data collection,

ii) Classification of remote sensing data and accuracy assessment using GRASS,

iii) Identification of agents and development of attribute information using Maplnfo,

iv) Designing three scenarios of urban growth and calibrating the model to find out the best weights based
on the influence on the neighborhood pixels,

v) accuracy assessment and validation of the model,

vi) Prediction of future growth based on validated data

vii) Computation of spatial metrics and analysis.

Image pre-processing: The remote sensing data of Landsat TM with spatial resolution of 30 m were acquired

from USGS. These data were geometrical corrected using polynomial transformations and pre-processed for

noise removal.

Land use analysis: Analysis was carried out using supervised pattern classifier - Gaussian maximum

likelihood algorithm. This method has already been proved as a superior method as it uses various

classification decisions using probability and cost functions [17]. Mean and covariance matrix are computed

using estimate of maximum likelihood estimator. Four major types of land use classes were considered: built-

up area, vegetation, open area, and water body as described in table 2. The method involves a) generation of

false colour composite (FCC) of remote sensing data (bands — green, red and NIR). This helped in locating

heterogeneous patches in the landscape b) selection of training polygons (these correspond to heterogeneous

patches in FCC) covering 15% of the study area and uniformly distributed over the entire study area, c)

loading these training polygons co-ordinates into pre-calibrated GPS, d) collection of the corresponding

attribute data (land use types) for these polygons from the field. GPS helped in locating respective training

polygons in the field, e) supplementing this information with Google Earth f) 60% of the training data has

been used for classification of the data, while the balance is used for validation or accuracy assessment.

Training data was collected in order to classify and also to validate the results of the classification. Land use

analysis was carried out with supervised classification scheme using training data. The supervised

classification approach is adopted as it preserves the basic land cover characteristics through statistical

classification techniques using a number of well-distributed training pixels. Maximum likelihood algorithm is

a common, appropriate and efficient method in supervised classification techniques by using availability of

multi-temporal “ground truth” information to obtain a suitable training set for classifier learning. Supervised

training areas are located in regions of homogeneous cover type. All spectral classes in the scene are
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represented in the various subareas and then clustered independently to determine their identity. GRASS GIS
(Geographical Analysis Support System) an open source software has been used for the analysis, which has
the robust support for processing both vector and raster files accessible at [18]

Accuracy assessment: Accuracy assessments decide the quality of the information derived from remotely
sensed data. The accuracy assessment is the process of measuring the spectral classification inaccuracies by a
set of reference pixels. These test samples are then used to create error matrix (also referred as confusion
matrix), kappa (x) statistics and producer's and user's accuracies to assess the classification accuracies. Kappa
is an accuracy statistic that permits us to compare two or more matrices and weighs cells in error matrix
according to the magnitude of misclassification [1, 2].

TABLE II: LAND USE CATEGORIES

Land use Class Land use included in class

Urban Residential Area, Industrial Area,
Paved surfaces, mixed pixels with built-
up area

Water Tanks, Lakes, Reservoirs, Drainages

Vegetation Forest, Plantations

Others Rocks, quarry pits, open ground at
building sites, unpaved roads,
Croplands, Nurseries, bare land

Modelling Land use scenario: Land use Change Modeller (LCM), an ecological modeller was used for
modelling the land use scenario based on the data of 2008, 2010 and 2012. LCM module provides
guantitative assessment of category-wise land use changes in terms of gains and losses with respect to each
land use class. This can also be observed and analysed by net change module in LCM. The Change analysis
was performed between the images of 2008 and 2010, 2010 and 2012, to understand the transitions of land
use classes during the years. Threshold of greater than 0.1 ha were considered for transitions. CROSSTAB
was used between two images to generate a cross tabulation table in order to see the consistency of images
and distribution of image cells between the land use categories. Multi-Layer perceptron neural network was
used to calibrate the module and relate the effects of agents considered and obtain transition potential sub
models. Further markov module was used to generate transition probabilities, which were used as input in
cellular automata for prediction of future transitions. This has been analysed LCM or using the CA_Markov.
Validation: Land use of 2012 was predicted using land use transition during 2008 to 2010 considering 2008
as base year. The predicted 2012 land use was compared with classified land use of 2012 (based on remote
sensing data of 2012). This was repeated with 2010 data as base year considering the transition during 2010
to 2012. Validation was performed using validate, calculating Kappa, Kie, Kno, Kstndarg fOr simulated images
and classified image of 2012. Similarly, prediction for 2020 was done considering 2010 and 2012 as base
images.

Spatial pattern analysis: Spatial metrics provide quantitative description of the composition and configuration
of urban landscape. These metrics were computed for classified land use data at the landscape level using
FRAGSTATS. Urban dynamics is characterized by select spatial metrics [1, 3, 11, 13] listed in Table 3,
chosen based on shape, edge, complexity, and density criteria. The metrics include the patch area, shape,
epoch/contagion/ dispersion.

IV. RESULTS AND DISCUSSION

Land use analysis: Land use analysis was done using Maximum Likelihood classifier (MLC) considering
training data collected from field. Land use analysis show an increase in urban area from 49915.42 (2008) to
59103 hectares (2012) which constitute about 30%. Fig. 3 illustrates the increase in urban area and the same
is listed in table 4. Land use changes are due to various agents that have played role in urban growth. These
agents include large IT sectors (in south east), Bangalore international airport (north east), several industrial
areas (west and south west), etc. Gradual increase urban aggregations at periphery is noticed due to large
availability of land at affordable price.

Accuracy assessment: Accuracy assessment of land use analysis was performed by generating the reference
image through the 30% of training data. Overall accuracy and Kappa was calculated using the module
r.kappa in GRASS. The results of accuracy assessment are as shown in table 5.
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Fig. 2. Spatio-temporal analysis procedure

TABLE Ill: LANDSCAPE METRICS ANALYSED

Indicators

Formula

1 | Number of

Urban Patches

NPU =n
NP equals the number of patches in the

(NPU) landscape.

2 | Normalized i:N&
Landscape Z S
Shape Index NLSI = =27
(NLSI)

Where sjand pi are the area and perimeter of
patch i, and N is the total number of patches.

(TE)

3 | Total Edge

TE = ka=1 €ik
where, e =total length (m) of edge in
landscape involving patch type (class) i;
includes landscape boundary and background
segments involving patch type i.

4 | Clumpiness

index(Clumpy)

G = Jii ]
! R, gy) —mineg;

CLUMPY
G- P
/[ P ]forGi < B and P, <5;else\
— 1
B G- R
1-p

Range: Clumpiness ranges from-1to 1

Land
adjacency
(Pladj)

5 | Percentage of

m
PLADJ = 100 * (gij/z gik>

k=1
gi = number of like adjacencies (joins)
between pixels of patch type gix = number of
adjacencies between pixels of patch types i
and k
Range: 0<=PLADJ<=100

6

Visualising the urban growth by 2020: Urban data (2008, 2010) were used as input to the land change
modeller. MLP, was used to obtain transition considering various agents. The markov module provided the
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transition probability matric and finally growth for 2012 is predicted through CA_Markov (Fig. 4). The
module was trained until the optimum accuracy was reached with good kappa value (Table 6). This module
was optimized and calibrated to the evolving agents with urban change patterns. Considering the agents and
the training data, prediction for the year 2020 was performed and given in Fig. 5 and table 7.

The predicted land use reveals of similar patterns of urbanisation of last decade. The main concentration will
be mainly in the vicinity of arterial roads and proposed outer ring roads. Predicted land use also indicate of
densification of urban utilities near the Bangalore international airport limited (BIAL) and surroundings.
Further an exuberant increase in the urban paved surface growth due to IT Hubs in south east and north east.
The results also indicated the growth of suburban towns such as Yelahanka, Hesaragatta, Hoskote and
Attibele with urban intensification at the core area. The predicted urban area is about 123,061.59 hectares
(62%), a considerable increase of 208 times by 2020 (compared to 2012). This highlights the need for
appropriate infrastructure to cope up with the visualized growth to minimize drudgery to the common public.

2008 2010

0 15 z
Kilometers

2012

Fig. 3. Land use transitions during 2008 to 2012

TABLE IV: LAND USE DURING 2008, 2010 AND 2012

Class Built-up Area Water
Year Ha % Ha %

2008 4991542 | 24.85 | 1068.94 0.53
2010 57208.40 | 2848 | 1571.41 0.78
2012 59103.90 | 29.33 | 1169.82 0.58
Class Vegetation Others

ear Ha % Ha %
2008 | 77036.96 38.35 72851.95 36.27
2010 | 73460.57 36.57 68,656.40 34.17
2012 | 67883.85 33.68 73385.73 36.41

TABLE V: ACCURACY ASSESSMENT

Year Overall Kappa
accuracy %
2008 86.35 0.78
2010 91.62 0.86
2012 90.43 0.85
7
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Fig. 4. Growth in 2012 (predicted) Bangalore

TABLE VI: COMPARISON OF PREDICTED LAND USE WITH ACTUAL LAND USE OF 2012 - ACCURACY AND KAPPA STATISTICS

Class Bz:tgp Water Vegetation Others

Year % % % %

2012 2033 0.58 3368 36.41
classified

20.12 31.13 0.6 29.42 38.85
predicted

Overall accuracy:93.64, Kappa:0.91, Kiec:  0.9265,
Kno: 0.8938 Kstandara: 0.8874

B Urban

& I Vegetation

I weter
[ others

Fig. 5: Predicted growth of Bangalore by 2020 using LCM

TABLE VII: LAND USE STATISTICS OF BANGALORE FOR 2020

Built- .
Class up Area Water Vegetation Others
Year
% % % %
2020
Predicted 61.27 0.55 7.00 31.18

Landscape metrics and urban analysis: Landscape metrics were calculated using Fragstat software to
understand the extent of urban growth, its characteristics such as shape and contagion, etc.

Number of urban patches (NP): NP signifies the urban class growth in the landscape. It explains the kind of
growth (patched/fragmented or unpatched/clumped) in the considered region. The results of this metric
explains that there was increase in number of patches from 2008 to 2012, this signifies that there was a
patched/fragmented growth. Post 2012 (Fig. 6) the NP decreases which indicates that there will be
coalescence of grown urban patches to a single patch. Thus by 2020 urban densification is evident with the
loss of other land uses.
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Normalized landscape shape index (NLSI): This measures the shape of the class in the landscape and NLSI
= 0 when the landscape consists of a single square or maximally compact and reaches 1 if the class becomes
increasingly disaggregated or fragmented or shows convoluted shapes. This highlights of clumped growth by
2020 in conformity to the reduction of NP. Fig. 7 highlights the consolidation of urban patched to a clump.
Clumpiness index: Clumpiness index is a measure of adjacency indicating the extent of clumped or
fragmentations in the urban growth. This values ranges from -1 (complete disaggregation) to 1 (maximal
aggregation) and values near to 0 indicates of random distribution of patches. This index also indicates of
highly concentrated aggregated clumped growth by 2020(Fig. 7).

Edge density: Edge density is also a fragmentation index, which counts the edges formed by forming new
classes in the landscape, the edge density increases between 2008 to 2010 indicative of fragmented growth
and during 2010 to 2020 declines, indicative of clumped growth (Fig. 8).

Percentage of land adjacencies (PLADJ): This index shows how adjacent are the same features, based on
neighborhood adjacencies. Values close to 100 shows the adjacent growth (with disappearance of other land
uses), values close to O indicates of the presence of heterogeneous landscape with all land use categories.
Values close to 100 in 2020 is indicative of adjacent clumped growth in the region (Fig. 8).

These spatial metrics highlight of aggregated growth by 2020 and the formation of concrete jungle with the
disappearance of all other land uses. This haphazard growth would fuel unsustainability with the decline of
vegetation, etc.

V. CONCLUSION

The prediction of urban growth considering various agents of development with the knowledge of historical
land uses through Land use change modeller with the help of Markov- CA. Integration of temporal remote
sensing data with Geoinformatics are helpful to visualise the urban growth. Incorporation of agents in the
modelling exercise provided a realistic picture of the growth. LCM model output validated with the actual
data (2012) showed reliability and good accuracy.
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Validation of LCM with agents is further used to simulate the land uses by 2020. The land use scenario show
a drastic increase from 24.85 % (2008) to 61.27% (by 2020) with the decline of vegetation and other
category. Due to imposing constraint of no-change ion water category, remained constant. The spatial
pattern analysis reveal of concentrated intensified growth at city centre with the increase in urban pockets at
suburban, peripheral towns around Bangalore. The city would reach a threshold of urban development by
2020, with the continuation of current approach of urbanisation. This growth would ultimately threaten
sustainability of natural resources affecting the livelihood of residents. The trajectory growth is a pointer to
the city planners to provision basic amenities apart from conservation of vital natural resources. Land use
modelling with the integration of agents (of changes) into Markov—CA and with GIS technology has aided
in successful simulation of spatial changes and with the reliable forecast. This helps the decision makers in
planning sustainable city with the provision of basic infrastructure and amenities. This exercise helps the
local land use planners and city administrators with insights to the dynamically evolving complex land use
system for conserving the ecological entities and other forms of land uses.
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Abstract- Land-use change is a main driving force
for the development of the human and his
surrounding environment and effects largely on
local ecology, hydrology and environment and also
globally. This has necessitated understanding
changing land use spatial pattern for an effective
planning. Remote sensing data enables the synoptic
monitoring and visualization of urban growth
patterns and dynamics. This study addresses the
issue of urban sprawl through the perspective of
simulation modeling over an urbanising landscape
with a buffer of 10km. Bangalore, Silicon Valley of
India is facing numerous challenges and problems
of loss of green space, mobility constraints, etc. This
study essentially brings out comparison of effective
modelling algorithm considering three prime
methods.

Land Change Modeler (LCM), Markov Cellular
Automata and Geomod were used to predict likely
land use in 2020 with the knowledge of land use
changes during 2006-2012 with the constraint of no-
change in land use of water category. The results
showed a drastic change in the land use, which were
converted to urban. Thus necessitating the land use
managers and city planners to understand future
growth and plan the further developments.

I. INTRODUCTION

Large scale land-use land-cover (LULC) dynamics is
leading to the drastic change in global climate changes
and alteration of biogeochemical cycles. Human
induced environmental changes and consequences are
not uniformly distributed over the earth. Large scale
industrialization during 90’s era paved way for major
LULC changes, caused by migration of people from
different parts of the country, also from other parts of
the globe and country for the employment
opportunities. These led to intense urbanisation of
major cities that in turn led to unplanned urbanisation.
Unplanned urbanisation is charecterised by drastic
landscape and local ecology changes that leads to
conversion of ecological land use (such as vegetation.
Open area, cultivable lands, water) into impervious
layers on the earth surface. Increasing unplanned
urbanisation is an important cause for depletion of
natural resources [1, 2]. The unplanned urbanisation
has various underlying effects such as sprawl that
effect largely the natural resource and leading to
depletion.

Urban Sprawl refers to an unplanned and scattered
growth of paved land [2, 3], the sprawl occurs basically
in the periphery and the outskirts and regions devoid
of basic amenities.

Megacities or the metropolitan continue to evolve and
grow [4] with leads to further environmental
degradation [5]. This phenomenon is most prevalent in
developing countries [3] such as India [6, 7].
Demographic and the degradation of the surrounding
natural ecology at longer timescales has a large impact
on land use in a region. Hence there is a need for better
planmning and administration. For better land use
planning changes in current land use patterns
temporally is essential [8].This necessitates the
analysis of land use changes and the prediction of
likely changes in the future.

Availability of spatio-temporal data and the
advancement of remote sensing [9] has enabled
unbiased land use analysis. Analysis of land use
dynamics has attained research attention both at global
and Indian contexts focusing on dynamically evolving
cities [10]. Several studies have assessed urban growth
in various megacities around the world [1, 8, 11, 12,
13]. These studies though mapped and focused on
temporally evolved current land use across various
cities, have not addressed the likely growth required
for the regional planning. Prediction of future growth
are essential to control the uncontrolled development
and plan for sustainable cities. Predictive models
become very significant as they foresee spatial changes
based on the historical land uses, which helps the
decision makers in planning the growth including
sprawl across the city periphery.

CA with markov considering spatial context based on
neighbourhood configuration generates transition
potential maps [14, 15]. However, for models to be
effective there is a need for incorporating the agents
such as social factors, economic factors, geography of
an area which have decisive role in the urban process
of a region. This has been demonstrated through
incorporation of socioeconomic data into CA-Markov
to predict land use changes [16]. Geomod which is also
determined using structure of CA markov is also
proved as one of the main methods in modeling urban
pattern this highlights the need for research, which still
remains a research challenge. This communication
analyses three different algorithms such as Geomod,
CA Markov and land use change modeler, for
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modelling rapidly urbanising landscape, which will
help the decision makers and city planners in planning
further developments.

II. STUDY AREA:

Bangalore the IT hub of India is located in the southern
part of the country of Karnataka state. With the spurt
in IT industries in the region during late 1990’s, the
city was termed “Silicon Valley”. This policy
interventions created job opportunities to different
category of people. The city has grown spatially during
the last year by 10 times and the current spatial extent
is about 741 km?. Geographically Bangalore is located
in the Deccan plateau, toward the south east of
Karnataka state extending from 12°49°5”N to 13°8°32”
N and 77°27°29” E to 77°47°2”E. To account for
developments in the peri urban regions, the study area
includes ten km buffer (from the administrative
boundary) with a gross area of over 2250 km? as shown
in Fig. 1. Bangalore has spatially increased from 69
sq.km (1901) to 741 sq.km (2006).The decadal (2001
to 2011) increase in population for urban areas of India
is 31.8% and in Karnataka is 31.5%, but Bangalore has
a decadal increase of 44% very large compared to that
of the state and country.

Ervery

11317550

3.z ads

L B INDIA

-/ﬁ F Greater Bangatore

Fig.1. Study Area- greater Bangalore with 10 km buffer

III. DATA USED
Temporal remote sensing data of Landsat 7 TM AND
ETM+ sensors for the year 2008, 2010 and 2012 with
resolution of 30 m were downloaded from public
domain (http://glcf.umiacs.umd.edu/data). Ground
control points to register and geo-correct remote
sensing data were collected using hand held pre-
calibrated GPS (Global Positioning System), Survey of
India topo-sheet (1:50000 and 1:250000), Google earth

(http://earth.google.com) and Bhuvan
(http://bhuvan.nrsc.gov.in).
IV. METHOD

The process of urbanisation and sprawl in Bangalore
(study area) have been assessed which includes (i)
Land use analysis, (ii) Modeling and prediction. Land
use data was used from the previous analysis (Bharath
S et al., 2012). This data was reclassified into Urban
and non-urban for Geomod analysis. But other
modelling techniques such as CA Markov and LCM
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same data with 4 classes as described in table 1 was
considered.

Modeling and Prediction: CA MARKOV: The land
use pattern is evolving dynamically and follows the
Markovain random process properties with various
constrains that include average transfer state of land
use structure stable and different land use classes may
transform to other land use class given certain
condition (Such as non-transition of urban class to
water or vice versa). Thus Markov was used for
deriving the land use change probability map for the
study region and was applied using Markov module of
IDRISI. The probability distribution map was
developed through Markov process. A first-order
Markov model based on probability distribution over
next state of the current cell that is assumed to only
depend on current state . CA was used to obtain a
spatial context and distribution map. CA’s transition
rules use its current neighborhood of pixels to judge
land use type in the future. State of each cell is
affected by the states of its neighboring cells in
the filter considered. Besides using CA transition rule
and land use transition is governed by maximum
probability transition and will follow the constraint of
cell transition that happens only once to a particular
land use, which will never be changed further during
simulation. CA coupled with Markov chain was then
used to predict urban land use state in 2020

Land use Land use included in class
class
Urban Residential Area, Industrial Area, Paved
surfaces, mixed pixels with built-up area
Water Tanks, Lakes, Reservoirs, Drainages
Vegetation Forest, Plantations

Others Rocks, quarry pits, open ground at
building sites, unpaved roads,
Croplands, Nurseries, bare land

Table 1. Land use categories
Land use Change Modeller (LCM): an ecological
modeller module in IDRISI Taiga was used for
modelling the land use scenario based on the data of
2008, 2010 and 2012. LCM module provides
quantitative assessment of category-wise land use
changes in terms of gains and losses with respect to
each land use class. This can also be observed and
analysed by net change module in LCM (IDRISI
manual). The Change analysis was performed between
the images of 2008 and 2010, 2010 and 2012, to
understand the transitions of land use classes during
the years. Threshold of greater than 0.1 ha. Were
considered for transitions. CROSSTAB module of
IDRISI was used between two images to generate a
cross tabulation table in order to see the consistency of
images and distribution of image cells between the
land use categories. Multi-Layer perceptron neural
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network was used to calibrate the module and relate the
effects of agents considered and obtain transition
potential sub models. Further markov module was used
to generate transition probabilities, which were used as
input in cellular automata for prediction of future
transitions. This has been analysed with an inbuilt
module of LCM or using the CA_Markov in IDRISL

GEOMOD: GEOMOD was used for modeling the
spatial patterns of urbanisation and predict likely land
use changes. GEOMOD simulates the spatial pattern
of land use changes [56], or change between two land
categories (Binary images of urban and non-urban).
GEOMOD selects the location of the grid cells based
on the following decision rules:

[1] Persistence: simulates one way change.

[2] Regional stratification: simulate land use changes
within a series of regions called strata.

[3] Neighborhood constraint: It is based on a nearest
neighbor principle, whereby restricting land
change within any one time step to cells that are
on the edge between landscape A and landscape B

[4] Suitability map considering drivers.

If there is a net increase in the Class A category as the
simulation proceeds from a beginning time to the
ending time, then GEOMOD will search among the
Class B grid cells in order to select the cells that are
most likely to be converted to become Class A during
the time interval and vice versa [S6][57][58].

Suitability map is created using GEOMOD Module in
IDRISI TAIGA (http://clarklabs.org) considering
drivers. Each driver is considered as real number (%),
obtained by comparing the driver map to the
beginning time land-cover map. Site suitability of
each cell is calculated using the equation (1) below,
based on each reclassified attribute,

R@) =X3-1(Wa  P,(D} /Xa-1Wa (1)

Where: R(i) = suitability value in cell(i), a= particular
driver map, A = the number of driver maps,

Wa= the weight of driver map a, and P, (i) = percent-
developed in category ay of attribute map a, where cell
(1) is a member of category ax. Predictions were done
considering three population growth rates of 5%
(current average population growth of Karnataka)

V. RESULTS
Land use analysis: Land use analysis was done using
Maximum Likelihood classifier (MLC) considering
training data collected from field. Land use analysis
show an increase in urban area from 49915.42 (2008)
to 59103 hectares (2012) which constitute about 30%.
Fig. 2 illustrates the increase in urban area and the
same is listed in table 2. Overall accuracy and Kappa
was calculated using the module r.kappa in GRASS

ISTC/BES/TVR/313

and results shows an accuracy of 85% and 0.9 kappa
was obtained on average.

Validation: Predicted land uses 0of 2010 and 2012 were
compared with actual land uses of 2010 and 2012
classified based on remote sensing data with field data.
The weights for each scenario was then obtained based
on validation per pixel basis so that the developed
semantics match the original land use. Validation of
predicated land use was done using the actual land uses
as reference and accuracy assessment was done with
Kappa values which are given in table 5. Results reveal
that predicted and actual land uses are in conformity to
an extent of 87 to 91%. The prediction exercise is
repeated for 2020 keeping 2012 as base year.

R

2008 2010

Kilometers.

%
2012

Fig. 2. Land use transitions during 2008 to 2012

Class Built-up Area Water
Year Ha % Ha %
2008 | 49915.42 | 24.85 | 1068.94 | 0.53
2010 | 57208.40 | 28.48 | 1571.41 | 0.78
2012 | 59103.90 | 29.33 | 1169.82 | 0.58
Class Vegetation Others

Year Ha % Ha %
2008 | 77036.96 | 38.35 | 72851.95 | 36.27
2010 | 73460.57 | 36.57 | 68,656.40 | 34.17
2012 | 67883.85 | 33.68 | 73385.73 | 36.41

Table 2: Land use during 2008, 2010 and 2012

Modelling: Using cellatom module of IDRISI the
results of CA_ MARKOV were obtained as illustrated
in Figure 5. The likely land use is indicated in Table 3.
The land use change modeler of IDRISI was used to
obtain the prediction, results of which are as shown in
Figure 6 and tabulated in table 4. Geomod analysis
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required the land use derived data to reclassified into
two classes: Urban and non-urban. Results of this
analysis is as shown in Figure 7 and tabulated in table

5.

2020 Predicted

- Urban - Vegetation - Water[ | Others

Fig.5. Predicted land use map for 2020

Year 2020 - Predicted
Land use %
Urban 70.64
Vegetation 13.55
Water 0.74
Others 15.07

Table 3: Land use 2020

Fig. 6: Predicted growth of Bangalore by 2020 using

Urban
“egetation
I vister
[ others

LCM
Year 2020 - Predicted
Land use %
Urban 61.27
Vegetation 7.00
Water 0.55
Others 31.18

Table 4. Land use statistics of Bangalore for 2020.

VL
Three modelling techniques considered show

Discussion

using 4 land use classes LCM provides better visual
interpretation since it uses agents to derive the
growth. CA-Markov is dependent on neighborhood
and rules and shows an exaggerated output of
further aggregation of already urbanised city.

] Senlvben R0

B vibes [

Fig. 7: Predicted growth of Bangalore by 2020 using Geomod

Year | Non-Urban | Urban

2020 | 49.62% | 50.38%

Table 5: Land use 2020 using Geomod

The predicted land use reveals of similar patterns of
urbanisation of last decade. The main concentration
will be mainly in the vicinity of arterial roads and
proposed outer ring roads. Predicted land use also
indicate of densification of urban utilities near the
Bangalore international airport limited (BIAL) and
surroundings. Further an exuberant increase in the
urban paved surface growth due to IT Hubs in south
east and north east. The results also indicated the
growth of suburban towns such as Yelahanka,
Hesaragatta, Hoskote and Attibele with urban
intensification at the core area in almost all
modelling techniques used. The results indicate that
the urban area would cover close to 50 to 60 % of
the total land use in and surrounding Bangalore.
Thus providing insights to relevant information.
Further modelling can be improved using nature
and bio inspired techniques.
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relatively good accuracy with validation dataset.
But Geomod gives a conclusive output considering
the better validation results and proposed city

development plan. But Geomod has a capability of

using only two land use classes. Comparatively
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