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ABSTRACT

Cities are spatially expanding rapidly, leading to urban sprawl. This study aims to
understand the nature of the urban expansion of Chennai city, located on India's southeastern
coast, by determining the urban growth pattern and identifying the urban sprawl areas. The
urban growth pattern and sprawl areas between 1998 and 2019 are identified using remote
sensing data through the delineation of the Urban Core Boundary (UCB). The urban areas
were extracted from the Land Use Land Cover (LULC) classification using combined
classification technique to delineate the UCB. All the findings were validated using ground
truth information. LULC classification performed with an accuracy of more than 90 % for
urban land cover revealed an increase in urban cover by 71.77% from 1998 to 2009 and
36.91 % from 2009 to 2019. The delineated UCB's peripheral distance was measured from
the city centre in an anticlockwise direction from 0° to 360° at every 10° interval. It is
observed that the urban core boundary expanded to a maximum of 16.02 km along 240° and
11.93 km along 220° from the city centre, and the lands in the vicinity of the National
Highway (NH 32), which is situated between these sectors, experienced maximum urban
development. The study also pinpointed the sprawl areas during the study period, revealing
that the urban sprawl occurs along the highways, around designated special economic zones,
and industrial corridors.

Keywords: Urban sprawl; Urban core boundary; Urban growth; Landcover classification.

INTRODUCTION

Urbanization is the socio-economic and land use transformation from rural to urban. The
agricultural lands, forests, and surface water bodies are irretrievably transformed into houses,
industries, commercial buildings, and other infrastructure (Bhatta, 2009; Grand et al., 2018).
Cities are expanding spatially at an unprecedented rate due to urban population growth and
economic development (Mahtta et al., 2022). According to the World Bank (2020; source:
https://data.worldbank.org/indicator/SP.URB.TOTL.IN.ZS), the global urban population has
increased from 34.124 % in 1961 to 55.714 % in 2019, whereas in India, the urban
population has increased from 17.924 % in 1960 to 34.472 % in 2019. However, India has
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one of the least urban population percentages compared to other countries, indicating scope
for further urbanization. As of 2021, there are more than two hundred countries whose urban
population percentage is more than India (world bank report 2021; source:
https://data.worldbank.org/indicator/SP.URB.TOTL.IN.ZS). India is an economically
developing country with its Gross Domestic Product (GDP) increasing from 421.35 billion
dollars in 1998 to 2.83 trillion dollars in 2019 (world bank 2021; source:
https://data.worldbank.org/indicator/NY.GDP.MKTP.CD?locations=IN).

Remote sensing and Geographic Information System (GIS) techniques have been adopted
globally to analyze Land Use Land Cover (LULC) and model urban growth (Sahana et al.,
2018; Taubenbock et al., 2009). Data from sources such as Landsat Thematic Mapper (TM),
Enhanced Thematic Mapper (ETM+), Multi-Spectral Scanner (MSS), and MODIS data are
analyzed using a variety of approaches like including maximum likelihood classification,
support vector machine, artificial neural network, and decision trees, to evaluate the LULC
cover (Dixon & Candade, 2008; Pandey et al., 2021).

In rapidly urbanizing cities, urban planning is needed to avoid uncontrolled urban
landscape conversion (Gavrilidis et al., 2019; Mohammadi et al., 2012; Weng, 2001). It is
known that systematic urban growth, i.e., without affecting the agricultural farmland, water
bodies, and other environmental features, is not considered a threat. However, uncontrolled
urban growth (urban sprawl) is considered a threat to the environment and sustainable
development. Various researchers define urban sprawl in different ways (Triantakonstantis &
Stathakis, 2015). Unclear definitions and varying characterization have made it difficult to
quantify the sprawl (Bhatta et al., 2010). The geographical extension of the cities
characterized by low-density settlements and scattered development without proper urban
planning was considered urban sprawl (Schneider & Woodcock, 2008). Sprawl was
described as real estate development that produces low-density, scattered, discontinuous
urban patches (Hayden, 2004). Sprawl was considered an extension of sub-urban
development into agricultural lands and increased traffic congestion (Bourne, 2001). Sprawl
was also described as an excessive spatial expansion of city areas as the population grew
(Brueckner, 2000). In this study, the urban area that is discontinuous and scattered from the
urban core area is considered urban sprawl.

Researchers have made several efforts to quantify sprawl. Shannon's entropy was
employed to determine the extent of sprawl in Tripoli, Libya (Alsharif et al., 2015), Urmia
City, Iran (Mohammadi et al., 2012), Tabriz city, Iran (Parvinnezhad et al., 2021), Mumbai,
India (Ramachandra et al., 2014), along the national highway from Mangalore to Udupi city,
India (Sudhira et al., 2004), Dongguan City, China (Yeh & Li, 2001). Several researchers
used landscape metrics to understand sprawl in various cities such as Ajmer city, India (Jat et
al., 2008) and Idaho, United States of America (Dahal et al., 2018). Although Shannon's
entropy, which is widely used to determine sprawl, provides a radial extent to which compact
urban development happens, it does not provide the exact location of sprawl and fails to
quantify the extent of urban growth. The urban sprawl of Shanghai city, China, was
determined by urban boundary delineation using fractal methods (Zhao et al., 2021). Urban
boundary delineation methods have been utilized in urban growth boundary studies (Long
etal.,, 2013; Tayyebi et al., 2011). The urban growth boundary is a demarcated
administrative boundary to contain the urban developments within it. The urban growth
boundaries (UGB) are tools used in some urban agglomerations or states like Oregon, USA
but are not employed in the Indian cities.

The urban growth patterns of the Kolkata urban agglomeration, India, were studied by
determining the areas of the urban primary core, secondary core and suburban fringes
(Sahana et al., 2018). Spatial metrics were integrated with Renyi entropy to model the urban

103


https://data.worldbank.org/indicator/SP.URB.TOTL.IN.ZS
https://data.worldbank.org/indicator/NY.GDP.MKTP.CD?locations=IN

Sridhar M. B., Sathyanathan R.: Assessment of urban expansion and identification of sprawl through delineation of
urban core boundary

sprawl of Chennai city (Padmanaban et al., 2017). The urban growth of 25 cities across the
world was compared using urban area change and patch density (Schneider & Woodcock,
2008). The urban pattern of the Pune metropolis was analyzed by classifying the pixels as
core, fringe, ribbon or scattered (Kantakumar et al., 2016). The urban expansion of cities in
the form of infill, edge expansion and leapfrog development was studied in the Guangdong
province, China (Liu et al., 2010). Numerous attempts have been made to simulate urban
growth and examine spatial patterns in cities using a variety of algorithms (Sahana et al.,
2018), including cellular automata (Bharath et al., 2018; Ke et al., 2016; Maithani, 2010),
artificial neural networks (Pijanowski et al., 2009; Tayyebi et al., 2011), Markov chain
(Arsanjani et al., 2013; Ozturk, 2015; Shafizadeh Moghadam & Helbich, 2013),
geographical weighted regression (Mondal et al., 2015). The urban growth expansion was
quantitatively determined for the city of Dhanbad, India, using the spatial metrics for eight
compass headings (N, E, S, W, NE, NW, SW and NW) from the city centre (Lal et al.,
2017). Similarly, spatial metrics were calculated for the city of Gurgaon, India, along
sixteen compass headings (N, NNE, NE, ENE, E, ESE, SE, SSE, S, SSW, W, WNW, NW,
NNW) from the city centre (Jain et al., 2011).

Understanding the spatial extent and determining the magnitude of urban growth would
help city planners to plan and eradicate the problems associated with increasing urban growth
(Ramachandra et al., 2015; Zhao et al., 2021). There is a need for a method to reliably
quantify and visualize the extent of urban growth and to compare the past urban boundaries
of the city. This study proposes an integrated method to identify the urban sprawl areas and to
determine the magnitude of urban growth by extending the urban core boundary (UCB)
delineation method proposed by (Tayyebi et al., 2011). Spatially continuous urban pixels are
grouped, and the outlining polygon boundary forms the UCB. The utilization of UCB
facilitates measuring urban growth in any specific direction. In this study, the urban
expansion is measured at a uniform interval of 10° in all directions from the city centre. The
study is carried out for Chennai city, India, whose urban expansion has outgrown its
administrative boundary, making it essential to understand its urban growth dynamics.
Furthermore, to investigate the urban growth dynamics, the study constitutes the following
objectives: i) Determining the LULC by using a combined classification method, ii)
Identifying spatial temporal urban growth pattern (1998, 2009 & 2019) by UCB delineation,
iii) Demarcating and validating the urban sprawl areas.

STUDY AREA

Chennai is the capital of Tamil Nadu state, India. It is situated on the east coast of India at
a latitude and longitude of 13°4'2.7804" N and 80° 14' 15.4212" E, respectively. Established
as Madras corporation in 1688, Chennai is the oldest municipal body in India. According to
the 2011 census, the urban agglomeration, which includes the city and its suburbs, was home
to approximately 8.9 million people, making it the fourth most populous metropolitan area in
the country and the 31% largest urban area in the world. The city is home to 4.68 million
people, making it the sixth most populous city in India. With an extraordinary expansion of
industry and infrastructure, Chennai is also one of India's most important business centres
(Raman & Sathiya Narayanan, 2008). Chennai is a rapidly expanding urban city (Gowri
et al., 2008), resulting in uncontrolled urban growth with detrimental effects on air pollution,
housing shortage, overpopulation, encroachment, slums, unregulated waste disposal,
growing water scarcity, and pollution (Jayaprakash et al., 2015). Chennai's urban areas have
outgrown the administrative district boundary; hence, a 50 km buffer area from the city
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centre is considered for the study. The 50 km radius is selected based on the exploratory
survey, which found that most of the urbanized area connected to Chennai is covered in this
radius. The ocean areas covered in the buffer area were clipped, and only the study area's land
portion was considered for the study. Fig. 1 shows the study area of Chennai with a 50 km
radial buffer from the city centre. The study area covers 4088 sq km, bounding Pullicat town
in the north, Madathukuppam village in the west, and Pattipulam village in the south. Taking
a circular buffer is necessary to give equal importance to assessing urban sprawl in all
directions.

Fig. 1: Study area of Chennai with 50 km buffer from city centre
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DATA SOURCES AND METHODOLOGY

The study analyses spatio-temporal LULC using temporal remote sensing data from the
years: 1998, 2009, and 2019. The satellite data were downloaded from the United States
Geological Survey (USGS) public domain in GeoTIFF format. Description of the satellite
data such as path, row, band combination, month and year of data acquisition considered for
this study are given in Table 1. The retrieved satellite images of different time intervals
(1998, 2009, and 2019) were transformed to Universal Transverse Mercator (UTM) having
datum WGS 1984 and subjected to coordinate system Zone 44 N. For all the three-time
periods considered in the study, cloud-free satellite images were procured for February and
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March. These images were clipped with the study area boundary using the spatial analyst tool
available in ArcGIS 10.5 software.

Table 1: Details of satellite images

Year Month Path, row Satellite Band combination
1998 | 17" February 142,51 LANDSAT 5 4,3,2
2009 | 15" February 142,51 LANDSAT 5 4,3,2
2019 315 March 142,51 LANDSAT 8 54,3

LANDSAT 5 (bands 4, 3, 2) and LANDSAT 8 (bands 5, 4, 3) were used for the LULC
analysis. Initially, the satellite images were enhanced by performing edge enhancement to
facilitate an accurate classification. Consequently, combined classification is performed to
identify the LULC in the study area during the study period. Unsupervised classification is
initially carried out in the combined classification method to categorize the 256-pixel groups
into 100-pixel groups in ERDAS 15. Each group is selected manually, and its pixels from the
different parts of the study area are compared with the ground truth data through the google
earth engine. Based on the comparison with the ground truth data, each group is categorized
into one of the five classes considered for the study, viz., water bodies, urban, vegetation,
agriculture, and barren land. Once all the 100 groups of pixels are categorized, they are
recoded into one of the five classes. If urban areas were present along with pixels of other
groups, urban pixels were manually selected and classified as urban (Angel et al., 2005;
Kantakumar et al., 2015, 2016; Xu et al., 2007). As urban areas are significant for the study,
preference was given for categorizing the urban pixels. During automatic classification,
some urban pixels were grouped with other classes; for example, railway lines were grouped
along with the pixels of the vegetation class. Similarly, the roof of the old buildings, which
had dark green coloured deposits on them, were classified along with vegetation pixels, and
the river beds were classified along with urban pixels. The pixels were manually screened
and recoded to their respective classes to rectify this.

An equalized random distribution method was employed for selecting 50 reference points
under each LULC class (Tang et al., 2006). The ground truth land cover of these reference
points were obtained through field visits, and the google earth engine for accuracy
assessment. This combined classification method results in a higher user's accuracy of above
90 % for urban class, thereby facilitating its use for further analysis.

The urban pixels from the LULC of each year were extracted separately. The pixels of
water bodies, vegetation, agriculture, and barren land were recoded as zero, whereas the
urban pixels were recoded as one. If a pixel is connected to another pixel on any eight sides,
they are considered contagion pixels. The outer polygonal boundary of the largest patch of
contagion urban pixels encompassing the central city is considered an Urban Core Boundary
(UCB) in this study, and it was extracted by digitizing it in vector format (Tayyebi et al.,
2011). This UCB delineation process was carried out for the urban extracted images of 1998,
2009 and 2019. The generated UCB delineated maps were utilized to assess the urban growth
of Chennai city by measuring the distance from the city centre in all directions. Radially
outward projecting lines were drawn at 10° intervals from the city centre until the exterior
edge of each urban core boundary. The distance between the city centre and the urban
boundary was measured. The direction in which maximum urban growth is happening is
determined using the formula
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Max dx.y = Max (d(i)y-d(i)x)
where,

i = angle of measurement, varies from 0° to 360° in an anticlockwise direction
with an interval of 10°
d(i)x= distance between the city centre and the urban growth boundary of the x™
year at an angle i
d(i)y = distance between the city centre and the urban growth boundary of the y™
year at an angle i

Newly developed urban areas were determined by finding the difference between the urban
pixels of the two time periods. Thereby, newly developed pixels were extracted between
1998 and 2009 and between 2009 and 2019.

The urban sprawling areas were identified by extracting the newly developed urban pixels
between 1998 and 2009 present outside the UCB of 1998. Similarly, the newly developed
urban pixels between 2009 and 2019 were extracted from the UCB of 2009. Finally, these
identified urban sprawling areas are validated with the ground information.

RESuLTS

The combined classification was carried out for the satellite images of 1998, 2009 and
2019, and LULC for all five classes was computed. Fig. 2 illustrates LULC for 1998, 2009,
and 2019. It has been observed that urban area has increased drastically while the area
covered by water bodies shrunk at an alarming rate. The study revealed that urban areas grew
by 71.77 % between 1998 and 2009 and 36.91 % between 2009 and 2019. At the same time,
the area of water bodies declined by 17 % between 1998 and 2009 and 45.39 % between
2009 and 2019. Over time, the percentage of land covered by vegetation, agricultural, &
barren terrain also decreased, and they were converted into urban areas. For the LULC of
1998, 2009, and 2019, overall accuracy was 84 %, 88 %, and 92 %, respectively. The user's
accuracy for urban land cover was 90 %, 93 %, and 94 % for 1998, 2009, and 2019
respectively. The kappa statistics for the classification were 0.80, 0.86 and 0.90 for 1998,
2009, and 2019 respectively.

Table 2: Land use land cover of Study area

Land class/Year 1998 2009 2019 1998 2009 2019

(km?) (km?) (km?) (%) (%) (%)

Water bodies 357.31 295.48 161.35 8.74 7.23 3.95
Urban 363.63 624.62 855.18 8.89 15.28 20.92
Agriculture 1323.66 1543.04 1189.66 32.37 37.74 29.10
Vegetation 976.09 617.22 862.84 23.87 15.10 21.10
Barren land 1067.95 1008.29 1019.63 26.12 24.66 24.94
Total 4088.65 4088.65 4088.65 100 100 100
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Fig. 2: (@) LULC 1998, (b) LULC 2009, (c) LULC 2019
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Fig. 3: (a) Urban areas of 1998, (b) Urban areas of 2009, (c) Urban areas of 2019
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Furthermore, the urban pixels were extracted separately; the red pixels in Fig. 3 show
urbanized areas for 1998, 2009, and 2019. Then, the contagion urban pixels were grouped,
and the largest patch was vectorized to form a UCB. The UCB was delineated for 1998, 2009
and 2019, shown in Fig. 4. The UCB covered an area of 198.22 km? in 1998, 387.917 km? in
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2009 and 585.817 km? in 2019, which increased by 95.7 % between 1998 and 2009, 51.01 %
between 2009 and 2019. Therefore, it is distinct that urban areas grew faster between 1998
and 2009 than in 2009 and 2019. The distance for every 10 degrees in the anticlockwise
direction was measured and represented in Table 3.

Fig. 4: (a)UCB of 1998, (b)UCB of 2009 (c)UCB of 2019 and (d) radial lines to measure

the urban growth
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Table 3: Distance of urban growth boundary from the city centre

Angle of Distance from the city centre (km)

measurement 1998 2009 2019
0° 2.13 2.54 2.71
10° 2.59 2.77 3.40
20° 2.74 2.74 3.09
30° 3.07 3.15 3.34
40° 4.10 4.17 4.24
50° 472 472 4.86
60° 5.62 5.80 6.07
70° 12.98 15.29 16.34
80° 8.76 12.22 16.99
90° 7.20 11.06 12.25
100° 6.66 10.90 10.92
110° 6.82 10.68 10.72
120° 6.36 9.85 12.05
130° 6.72 9.86 11.89
140° 9.25 11.41 11.56
150° 8.79 12.03 12.76
160° 11.20 16.26 16.46
170° 12.69 15.42 21.50
180° 9.68 12.64 17.45
190° 10.73 12.52 20.04
200° 11.00 15.59 20.27
210° 10.41 12.55 19.72
220° 11.71 17.41 23.63
230° 16.06 21.27 26.80
240° 6.85 19.57 22.87
250° 6.22 13.33 14.66
260° 10.14 15.48 17.73
270° 6.26 6.44 7.82
280° 4.95 5.31 5.37
290° 3.47 3.54 3.68
300° 231 2.82 2.88
310° 1.30 231 2.39
320° 121 2.14 2.16
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Angle of Distance from the city centre (km)
measurement 1998 2009 2019
330° 1.75 2.29 2.45
340° 1.94 2.20 2.24
350° 2.09 2.24 2.32

Fig. 5: (a) Sprawling areas from 1998 to 2009 (b) Sprawling areas from 2009 to 2019
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The city's core boundary has increased the most along 240°, 250°, 220°, and 260° by
alength of 12.72, 7.11, 5.71, and 5.34 kilometres, respectively, between 1998 and 2009.
Between 2009 and 2019, the UCB had increased by a length of 7.52, 7.17, 6.22, and 6.08
kilometres along 190°, 210°, 220°, and 170° from the city centre, respectively. From 1998 to
2019, the city had grown 16.02, 11.93, 10.75 and 9.31 km along 240°, 220°, 230°, and 190°
from the city centre, respectively. The maximum urban development occurred between 220°
and 240°, followed by the area between 190° and 210°. As Chennai is situated along the coast,
the urban expansion is curtailed between 270° and 60°. The UCB in northern parts of Chennai
from 70° to 160° has extended for a mean distance of 4.71 km for the study period. On the
other hand, the western and southern parts, from 160° to 260°, have extended for a mean
distance of 9.92 km for the same period.

The urban sprawl areas identified in the study area are depicted in Fig. 5, and their
validation with the ground data is represented in Fig. 6. The sprawl areas are determined by
extracting the newly developed pixels lying outside the UCB. The urban sprawl areas from
1998 to 2009 (Fig. 5 a) show that most development happens encompassing the existing
urban areas. It is apparent that sprawling is happening along the six stretches. On
examination with the ground reality using google earth, it is observed that National
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Highways (NH) and major roads are running along the stretches, which point to ribbon
development characterized by the urban development of lands along major transportation
corridors (Barnes et al., 2001).

The urban sprawling areas from 2009 to 2019 (Fig. 5 b) show a scattered and widespread
sprawl. Sprawling areas have increased and scattered, which is a cause for concern. The
determined sprawl areas are inspected with the ground truth data with randomly selected
areas across the study area (open rectangles A, B, C, and D in Fig. 6). The shapefile for the
selected areas (A, B, C, and D Fig. 6) were imported into the google earth engine and
inspected for decadal changes (1998-2009 and 2009-2019; Fig. 6).

Fig. 6: Validation of sprawl areas with ground truth (a) 1998 — 2009 (b) 2009 — 2019
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Figure 6a depicts the ground truth images of 1998 and 2009 on the left and right sides,
respectively. The images depict the dramatic transformation of the uninhabited landscapes
of 1998 into sprawling urban areas of 2009. Box A depicts the town of Gummudipoondi's
transformation from a few urban parcels in 1998 to a widespread urban landscape in 2009,
with the development of National highways and the emergence of several industries. Due to
the establishment of heavy vehicle factories and educational institutions, Box B displays
significant changes in urban development in the Avadi municipal corporation. The urban
development of Irungattukottai village, as depicted in box C, represents the transformation
of a barren landscape into a fully industrialized area. A Special Economic Zone (SEZ)
established for the footwear industries and the establishment of industries by multinational
automobile manufacturers are credited as the primary causes of the landscape change. The
landscape change of Vengaivasal village, devoid of any urban structures in 1998, is
depicted in box D, dominated by residential settlements in 2009.

Figure 6b compares the landscape change in the areas between 2009 and 2019. Box A
demonstrates that the urban parcels of 2009 in Gummudipoondi town have expanded further
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in 2019. New urban developments were observed in Anakaputhur town, depicted in box B,
primarily due to the emergence of industries in the region. Box C depicts the additional urban
structures constructed alongside older ones in the Vattambakkam village. The depiction of
Sholinganallur, a Chennai IT hub, in Box D demonstrates that urban sprawl has filled the
vacant spaces. The results demonstrated that identification of sprawl areas using UCB is
adequate and precise.

DiscussION

The combined classification method utilized in the study improved the accuracy of
classification. The classification had an overall accuracy of more than 84 % for all three
years, while the user's accuracy of the urban class was more than 90 %. The arrived
accuracy of the classification follows the findings in other studies of LULC in different
geographical regions with data from other satellite systems (Hong et al., 2014; Stefanski
etal., 2014).

The study witnessed an increase in urban land cover of 363 km? from 1998 to 624.62 km?
in 2009 and 855.18 km? in 2019. During this period, India's economy saw a seven-fold
increase in GDP (world bank 2021). The economic revival resulted in the establishment of
several industries and institutions in the vicinity of the cities, which attracted the settlements
of people migrating from rural areas, thereby increasing the urban landscape. The urban land
cover of the Chennai study area increased 2.5-fold between 1998 and 2019, from 363.63 km?
to 855.18 km2. Comparing the results of similar studies, land cover in the Delhi metropolitan
area increased by 326 % between 1990 and 2018 (Naikoo et al., 2020). The urban growth
expansion analysis of the Pune metropolitan area from 1992 to 2013 (Kantakumar et al.,
2016) revealed that the built-up area occupied 6.5 % (107.5 km?) of the Pune metropolitan
area in 1992, 9.9 % (162.4 km?) in 2001, and nearly doubled to 19.7 % in 2013. (322.9 km?).
The LULC analysis of Chennai with a 10 km buffer from the administrative boundary from
1991 to 2016 revealed a threefold increase in urban cover (Padmanaban et al., 2017).

This study using UCB, quantitatively determined the urban growth at 10° intervals from
the city centre and found that the core city has expanded to a maximum of about 27 km along
230° from the city centre in the year 2019. The urban core area increased from 198 km? in
1998 to 585 km? in 2019. Comparatively, the urban core area of the Pune metropolitan area
increased from 72.6 km? in 1992 to 227 km? in 2013 (Kantakumar et al., 2016). In previous
studies (He et al., 2019; Kantakumar et al., 2016), urban growth was measured quantitatively
by calculating the area, while in this study, the area is quantified, and the distance of urban
growth along all directions is also arrived. Landscape metrics were utilized (Yue et al., 2013)
to quantify urban growth patterns; however, these metrics are influenced by the extent of the
study area considered. For example, the value of the Largest Patch Index (LPI), a metric that
quantifies the percantage of the largest urban built-up patch area to the total build-up land
area, depends on the spatial extent of the study area considered. Similarly, Shannon entropy
(Mohammadi et al., 2012; Ramachandra, et al., 2014; Rastogi & Jain, 2018) is influenced by
the extent of the study area considered. Therefore the current study gains significance in
quantifying growth assessment values, which remain constant irrespective of the extent of
the study area. Therefore, the difficulties in fixing the extent of the study area are averted,
especially for cities whose urban expansion has extended beyond the administrative
boundaries.

Relative Shannon entropy (Alsharif et al., 2015; Sridhar & Sathyanathan, 2022) was used
to determine the radial distance from the city centre to understand the urban expansion as
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compact if it falls within the radial boundary, whereas in reality, the cities do not expand
symmetrically in all the direction. Therefore this study gains significance in quantitatively
determining the direction specific urban growth and its ability to identify sprawling areas.

The newer urban expansions in Chennai are witnessed near the existing urban core
boundaries, and this trend was also observed in other cities of Nanjing, China (Xu et al.,
2007), Pordenone, Italy (Martellozzo & Clarke, 2011) and Romania (Grigorescu et al.,
2021). Several industries and SEZs have been established on the outskirts of Chennai in
recent decades. Owing to the larger area needed for setting up these facilities, the availability
of larger vacant lands with relatively reduced land values influenced the setting up of these
hubs in the periphery of the city, as depicted in Fig. 6. Several educational institutions have
also developed in the last decades which has led to the urban conversion of the landscape.
The other prominent factors influencing urban sprawl in the study area are transportation
accessibility, ease in regulatory practices and reduced congestion. Similar factors causing
urban sprawl were also observed in other studies, such as land prices (Brueckner & Fansler,
2006; Habibi & Asadi, 2011), societal considerations (Brueckner, 2000), transit options
(Christiansen & Loftsgarden, 2011), the geography of the landscape (Anguluri & Narayanan,
2017), technological advancements, demographic trends (Yue et al., 2013), ease in
regulatory practices (Ewing et al., 2007) and globalization (Gavrilidis et al., 2019).

The comparability of the UCB in the study area for different periods makes it a valuable
tool in urban growth monitoring. The corridor between 220° and 240° witnessed maximum
urban growth from 1998 to 2019, with NH 32 and a suburban railway line traversing in the
middle of the corridor. Additionally, this corridor also has an airport terminal. The enhanced
transportation connectivity and other infrastructure facilities, coupled with economic
development in the region, have led to maximum urban growth. North Chennai is the old city
and was the first part of the city to develop, having space limitations, whereas southern
Chennai was recently developed. North Chennai's urban growth has concentrated around the
port and industrial zones of Ambattur and Avadi. On the other hand, South Chennai
witnessed rapid urban growth in the last 20 years by developing new infrastructure facilities
and services.

CONCLUSION

In this study, urban growth assessment and identification of the sprawl areas were carried
out by utilizing UCB for Chennai city. From 1998 to 2019, the UCB has expanded to
a maximum of 16.02 km along 240° and 11.93 km along 220° from the city centre and the
maximum urban growth is witnessed between these sectors. The urban growth assessment
reveals the direction in which urban expansion is profound; therefore, urban planners can
have an additional focus on that direction. Visualizing and comparing past urban boundaries
enable determining a city's growth rate over time, making it feasible to compare the growth
rates along different directions. This approach is ideal for comparing urban growth among
different cities. The results of this quantifiable method do not vary depending on the extent of
the study area considered, and it will be helpful for the government agencies in deciding on
direction specific extension of the city administrative boundary. The UCB delineation also
helps accurately identify the sprawl areas over the study period, which was validated with the
ground truth information. However, this method has certain challenges, such as the accuracy
of the urban land cover classification and natural barriers such as lakes, rivers, and mountains
between urban areas, which may cause the urban pixels to become isolated polygons by
rupturing their continuity. In such cases, manual intervention is required to determine
whether this isolated polygon should be considered part of the core city. Though there are
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various classification of sprawl, the study limits to the identification of the spatial location of
sprawl areas. Future studies should focus on integrating techniques for assessing the urban
expansion of multi-nuclei cities and determining the type of sprawl.
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