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During the last two decades, determining the urban boundaries of cities has become one of the major concerns in the
urban and regional planning subject domains. Many scholars have tried to model the change of urban boundaries as it
helps with sustainable development, and here researchers reported a ICN model.
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| 1. Introduction
1.1. Theoretical Background of the Urban Boundary Demarcation

Cities are the outcome of the historical evolution of space, clustered and stacked according to the communities and
resource agglomeration over many decades (Lee 2021). This integrated nature of city clusters form different city scales
according to their degree of urban agglomeration, which have caused dramatic changes in the urban boundaries of cities.
In such a context, understanding of the urban boundaries of cities provides significant insights into recognizing the
dynamic nature of the urbanization process of the cities and mapping out specific development policies to avoid, minimize,
or solve the social and environmental problems along with the urbanization process of the cities (Peng_et al. 2018). It also
distinguishes urban development trends and patterns, urban sprawling effects and the distribution of resources in cities,
which helps to address the socio-economic-ecological causes and consequences of these cities (Xiaofang_et al. 2020). In

such a context, demarcating the urban boundaries of cities provides significant insights for the urban planners, transport
engineers and geographers in many dimensions.

However, lesser attention has been paid from the research community to delineate the urban boundaries in a systematic
manner, as most of the countries continue to remain on the minimum population size threshold with fixed administrative
classifications to delineate the urban boundaries of cities by considering the diversity of natural and physical attributes.

(Dijkstra et al. 2021), (Henriques et al. 2020). For instance, in Sri Lanka, Municipalities and Urban Council areas are
distinguished as urbanized areas by considering the population density and natural and physical characteristics of the
land in these areas—regardless of its urban functionality. Thus, applying these thresholds and classifications as spatial
units to classify the urban boundaries of cities has resulted in a significant mismatch of the cities’ actual scale, size, and
shape of the urban boundaries and reduced the international comparability of the urban scales of cities (Dijkstra et al.
2021), (Song_et al. 2018). This contradiction of urban area classification is discussed in depth by (Henriques et al. 2020),
and it distinguishes the different approaches applied to classify the different territories as urban, depending on the
different official institutions and the purposes that initiate these classifications. In such a context, this dilemma hindered
the implementation of sustainable development measures and the social policy making of cities because such efforts were
not affected to the actual city area (Dijkstra et al. 2021). For instance, municipality services (i.e., garbage collection,
sewerage and drainage cleaning, infrastructure, and community development projects, etc.) and municipality policies,
(i.e., taxation, public funding, and social security regulations, etc.) are significantly underestimated from the actual urban
area of the city and limited to the administratively or arbitrarily defined city area. Hence, apart from the administrative
boundary definition, it has been proposed to include multiple urban boundary definitions which are mainly focused on the
geographic features, urban form, economic composition, and commuter distribution, (i.e., trip generation and distribution),
etc. (Mortoja et al. 2020), (Chakraborti et al. 2018). In order to solve this complexity, for the purpose of study, this article

defines ‘urban boundary’ as the maximum functional extent, (i.e., urban fringe) of the urban cluster, which is derived by the
maximum self-similarity distribution of Fractal Dimension of percolation clusters by the iCN Model. Here, self-similarity
denotes the similarity of individual parts to the whole structure when it is scaled down or magnified to each individual part.
Thus, Fractal Dimension depicts the statistical ratio of complexity of structure by comparing how self-similarity changes
with scale (Jiang_and Brandt 2016), (Zhang et al. 2014).




1.2. Existing Applications, Limitations and Failures

Taking into consideration the aforesaid research domain, multiple techniques and approaches have been employed to
demarcate the urban boundaries of cities. Among them, satellite imagery and remotely sensed approach methods are
highly utilized, considering their spatial nature of the data and flexibility—to capture the corresponding city area by the
percentage of impervious surface or developed land (Chen et al. 2019), (Peng_et al. 2018). However, during recent years

the applicability of visible (i.e., RGB) satellite imagery to demarcate urban areas has been exceedingly criticized, as these
methods are solely capable of distinguishing the visual interpretation of the urban areas of cities, which may misinterpret
the actual urban area (Liu and Yang_2015), (Mundhe and Jaybhaye 2014). On the other hand, the impervious-surface-
based urban boundary classifications contain significant theoretical and technical limitations. For instance, Peng and his

colleagues (Peng_et al. 2018) utilized the spatial continuous data of impervious surface area (ISA) and the method of
spatial continuous wavelet transform to demarcate the urban boundaries. In this method, the impervious surface was
mainly composed with the construction lands, buildings, and other buildup areas, excluding the water and green
infrastructure lands which are considered as important elements in the urban environment (Xiaofang_et al. 2020).
Therefore, the urban boundary classification under the ISA method overestimated the urban boundaries in large scale
cities, (i.e., due to larger impervious surface) and underestimated the urban boundaries of small-scale cities, (i.e., due to
limited impervious surface).

In such a context, Xiaofang and his colleagues (Xiaofang_et al. 2020) proposed a novel approach to map the urban areas
of Chinese cities, by utilizing the nighttime light data. The study assumed that the emission of light, (i.e., streetlamps,
automobiles, residential and commercial areas, etc.) and their intensities distinguished the urban lifestyle of Chinese
cities. Thus, each city's corresponding urban area was captured by the emission of light and scaled according to the light
emission intensities. The study distinguished that the proposed method is well-applicable for large scale urban cluster
boundary demarcation, as those urban clusters’ light emissions are significantly high during nighttime (Xiaofang_et al.
2020), (Briggs et al. 2007). However, this method is comprised with several significant limitations (Tian et al. 2005). I. The
proposed model is not applicable for urban boundary delineation in small cities, since it is unable to collect nighttime light
emissions due to low light emission intensities (Tian et al. 2005), (Sutton et al. 1997). Il. The light emission of cities does
not distinguish the exact urban boundary of cities, as it only captures the nighttime functions and activities of cities (Briggs
et al. 2007). Ill. The proposed method is more applicable for the developed countries due to the availability of high and
accurate satellite imagery data and their financial capability to purchase the data. In such context, the applicability of
remotely sensed approaches to derive the urban boundaries of cities is highly questionable.

Apart from the above-mentioned satellite-imagery-based urban boundary classification technics, density (i.e., either
population or building) has been a frequently utilized approach to demarcate the urban boundaries of cities (Montero et al.
2021). In such a context, Arcaute and her colleagues (Arcaute et al. 2015) utilized population density distribution of

“wards” to capture the urban boundaries of cities in the UK. Thus, the population density of each ward is calculated and
merged with adjacent wards, which are above the given threshold limit, to generate city clusters. However, in this method,
the density threshold limit and the appropriate density cutoff to delineate the urban boundaries of cities depend on the
scholar’s preference and ground knowledge. This significantly questions the model accuracy, since the utilized threshold
limits are not uniquely defined (Dong_et al. 2015). When calculating the population density of a wider administrative area,
this method causes an underestimation of the urban boundaries of cities, resulting in a lower population density for the
particular administrative unit, regardless of its urban functionality (Dijkstra et al. 2021). Additionally, at present, it is well
established that the administrative demarcations hardly represent the actual picture of the cities’ urbanization process and
their urban boundary, as it is purposefully utilized for administrative purposes (Montero et al. 2021), (Dong_et al. 2015).

As a solution for this, Song and his colleagues (Song_et al. 2018) have presented an alternative density approach to

delineate the city boundaries by utilizing the Kernel Density estimation on the points of interest of population density
distribution and activities. The study was well distinguished and proved that the urban boundaries derived by the proposed
approach does significantly vary with administrative boundaries of these cities, as it clearly misleads on the actual urban
boundaries of cities. Although this method proposed a unique and successful approach to demarcate the urban
boundaries of cities, it is still comprised with several minor limitations. I. This method utilized raster population layers to
initiate the Kernel Density, hence the accuracy of the derived urban boundaries is limited to the cell size of the utilized
population raster later (Montero et al. 2021), (Tian et al. 2005). II. This method was inadequate to capture the dynamic

and complex morphological changes of cities and their urban boundaries by utilizing a rigid proxy, such as population
density. This mainly caused the population census to be carried out every decade according to the administrative zones
and then to downscale the population according to the ancillary information (Nicolau et al. 2019), (Mennis 2003). Hence, it

does not incorporate the complex and dynamic spatial changes of cities to the population distribution (Montero et al.



2021), (Eicher and Brewer 2001). As a result, the applicability of the density approach to defining the city boundaries
resulted in substantial model constraints.

Considering the above-mentioned theoretical and technical limitations of the existing urban boundary delineating
methods, this study attempts to make a significant contribution to the four key limitations noted in the emerging research
in the domain of the urban boundary demarcating studies. I. The existing urban boundary demarcating methods are scale
dependent and only applicable to the specific scaling limit of the cities’ urban boundary demarcation (i.e., nighttime light
emission method applicable for regional scale). Therefore, this study is focusing on elaborating a scale-free method to
demarcate the urban boundary of cities by utilizing the road intersection points which are considered as the primary
indicators of interaction and agglomeration. Il. It is identified that the existing studies still rely on the arbitrarily defined
threshold limits to demarcate urban boundaries; hence, this study proposed a rational approach to demarcate the urban
boundary of cities by utilizing fractal geometry self-similarity distribution of the urban cluster. Il It denotes that the existing
models are unable to capture the complex and dynamic spatial changes of the cities when demarcating their urban
boundaries. Hence, this study utilized transportation network as the proxy to demarcate the urban boundaries, as it
captures dynamic and complex morphological changes of cities IV. Finally, instead of the commercialized urban boundary
demarcating methods, this study proposed a universal and open-source approach to demarcate the urban boundary of
cities, which can be equally applicable to any geographical region.

In such a context, this study utilized the iCN Model to derive the urban boundaries of cities. The ICN Model is a multi-
functional urban simulation tool developed by (Kalpana et al. 2021), which is capable of modeling the urban

agglomeration and urban development pattern of cities. Thus, in this study, the same analytical framework was used to
determine urban boundaries of cities. In such context, this study hypothesized that since the iCN Model depicts the urban
development degree of each city cluster, their perimeter should represent the urban boundary of those cities. The study
selected Sri Lanka as its study area and chose few Sri Lankan cities to test the hypothesis and assess the model validity
empirically and spatially with real ground scenarios and the satellite-imagery-classified urban spaces, respectively.

The findings of the study will help geographers and urban and transport planners to have a better understanding of how to
determine the urban boundaries of cities while taking into account the dynamic and complex nature of modern cities. It will
further distinguish the urban development pattern and the scaling nature of cities based on transportation infrastructure
development. In this context, the proposed model would be a useful tool for delineating each city’s urban boundaries and
distinguishing its urban development patterns. As a result, the proposed model can be used as a decision-making tool by
transportation and urban planning practitioners, policymakers, and real estate developers to develop strategies based on
the urban development patterns of each city. In other words, the proposed method provides excellent insight into how
each transportation development influenced city urban development patterns and, ultimately, how it influenced city urban
boundary changes. Finally, the proposed model would be useful for transportation planners to study how the development
of transportation infrastructure affects the behavior and functionality of cities. Therefore, the findings of this study would be
beneficial to the sustainable development of cities and their social and transport policy formulation.

| 2. Study Area

The entire country of Sri Lanka was selected as the study area, mainly due to the clear spatial representation and non-
existence of external linkages, due to being an island. Hence, the study can precisely run the model without any
disruptions and derive the cities and their corresponding urban boundaries. The basic characteristics of Sri Lanka is
depicted in Table 1.

Table 1. The basic characteristics of Sri Lanka.

The Basic Characteristics of Sri Lanka

Total Population 20,359,439

Total Land Extent 65,610 Km?

| 3. Data Description and Sources

Table 2 depicts the study utilized data and their sources.

Table 2. Study utilized data and their sources.



Data Type Extent Year Source Data Format
Road Network Sri 2012 Open Street Map GIS data: Vector Format. Plssolved to Individual
Lanka Polyline
Administrative Sri Survey Department of Sri GIS data: Vector Format. Dissolved to Individual
. 2012
Boundaries Lanka Lanka Polygon
Satellite Imagery L:r:II(a 2012 USGS Earth Explorer GIS data: Raster Format. Landsat 8. 12 Bands.

| 4. Method of Study

Figure 1 depicts the detailed analytical framework of the study, which can be divided into three major sections: |. Data
sourcing stage; Il iCN Model implementation stage; Ill. Model evaluation and validation stage. The study utilized OSM
Repository and USGS Earth Explorer to extract the road network and satellite imageries (i.e., Landsat 8) of Sri Lanka,

respectively, and utilized open-source GIS application for the initial data handling and pre-processing tasks.

o
=
G
[
=1
"
2 FILTERING AND CITY CLUSTERING
2 OPTIMIZATION ALGORITHM - DERIVE
l 1
e SATLELLITE IMAGERY
sttt URBAN BOUNDARY
O D U———
g EXECUTE THE ICN MODE —_— | DATA PRE-PROCESSING ]
=
= |
E | | DATA PROCESSING STAGE ]
= || exstine scate o cimies
=
s | | PErcoLaTION sTAGE |
s
z
=] H TE URBAN
o i Sl Model CALIBRATION STAGE
g BOUNDARY OF CITIES
Z2 0 EMPIRICAL MODEL STATISTICAL MODEL
z 2 VALIDATION VALIDATION
e |
a1
g VALIDITY OF iCN MODEL _—

Figure 1. Analytical framework of the study.

The detailed steps of iICN Model implementation is presented in the following section.

| 5. iCN Model Implementation

The implementation of the iCN Model can be divided into four major steps: |. Data Pre-processing Stage, which includes
the initial data preparations; Il. Data Processing Stage, which contains the intersection points generating and data
optimization steps; Ill. Clustering Stage, which consists of the application of the percolation process; and IV. Calibrating
stage, which consists of the calculating of the fractal geometry to derive the existing urban boundaries of cities. The open-
source GIS applications were utilized to initiate each and every modeling step. The detailed information of the ICN model
implementation is discussed in depth in (Kalpana et al. 2021).
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