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The configuration of urban areas depicts the pattern of urban agglomeration that drives a
country’s economy. Since the era of the early-industrial revolution, many scholars have been
continuingly attempted to recognize the pattern of urban agglomeration in cities and regions.
Nevertheless, such efforts had been in completed in capturing the complex nature of the
agglomerations in modern cities. In such context, this study proposes a novel modeling
approach to capture the pattern of urban agglomeration of a given region. In the proposed
model, which is named as the intersection based clustered network model (iCN Model), the
centrality of the road network is considered as the primary indicator in capturing the urban

agglomeration pattern. The model was developed on the basis of the percolation theory and
fractal geometry. The model distinguishes the agglomerated urban clusters and measures the
self-similarity of the clusters of urban agglomeration. The results revealed that the urban
agglomeration pattern derived from the iCN model corresponds with the satellite imagery
derived the urban agglomeration pattern with an acceptable level of accuracy (> 71% of
KAPPA) and it is proposed to be applied in spatial planning and transport planning practice.

1. INTRODUCTION

Urban agglomeration in Cities is the outcome of its great
historical evolution through expanding, clustering, and
fragmenting over the period of time responding to many
community-induced and resource-led driving forces [1]. This
integrated nature of city clusters is referred as urban
agglomeration (urban agglomeration) [2, 3]. Many scholars
have continuingly attempted to comprehend the pattern of
urban agglomeration and its spatial evolution since the 1880s
[4] as it evolves as a major study area in the domains of the
spatial planning, urban economics and geography. In the
context of spatial planning, the identification of the urban
agglomeration pattern is vital in many aspects, particularly in
explaining the evolutionary process of cities and their
functional behaviour over the space [5, 6].

This knowledge is important when developing the local,
regional, and master plans, as it helps to identify the existing
growth directions, future urbanizing scenarios, and potential
developable areas [2, 7]. It also supports to strategically
control the wundesirable sprawling effects including
environmental degradations [3, 8]. The urban agglomeration
pattern helps in delineating the urban growth boundaries and
it is essential for the demographic, transport, and land use
planning contexts [9]. Hence, the ability of comprehending the
pattern of urban agglomeration enables policy makers,
practitioners and decision-makers in planning and shaping the
future urbanizing scenarios in a more effective and productive
manner, with deep insights into sustainable urban
development [10].

In the modern urban planning literature, the concept of
urban agglomeration was introduced by the British urban
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planner Ebenezer Howard in early 1898, in his remarkable
book called ‘Garden Cities of Tomorrow’ [4]. In his literature,
Ebenezer Howard referred the term ‘urban agglomeration’ to
the integrated nature of spatial organization [4]. In 1915,
Patrick Geddes recognized ‘urban agglomeration’ as a
phenomenon for the potential urban and population
development [11], as it concentrates the economic activities,
resources and transportation mobility which subsequently
create an appropriate environment for urban development. In
1933, Walter Christaller proposed a systematic interpretation
to the term ‘urban agglomeration’ under his outstanding
exploration of central place theory [12]. Christaller noted that
the urban agglomeration has its highest concentration towards
the centre of the city, due to the potentials of scale of
economies and transportation accessibility and concentration
gradually diffuses towards the peripheries in a specific
hierarchical order. This understanding of the urban
agglomeration pattern later opened a new pathway to an
advanced mathematical and physical interpretation of urban
agglomeration in latter studies [13]. Since the beginning of the
19" century, many scholars have been curious in
hypothesizing the pattern of urban agglomeration, as it
provides clear insights into comprehending the evolutionary
process of the spatial forms of cities [14]. Hence, there have
been an abundance of proposed applications which were
evolved from the classic demographic definitions to complex
fractal studies of urban agglomeration.

In 1931, Fawcett (cited by [2]) introduced an administrative
boundary- based classification to define urban agglomeration
but was severely criticized by John Friedmann and Weber who
stated, “Every city does not perform the same cognitive
interpretation of urban agglomeration as they differ from the
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administrative  demarcations, population concentration,
economy and services” [15, 16]. In order to mitigate such
limitations, Zipf applied the Gravity Model to explain urban
agglomeration [17]. The model was based on the law of
gravitation and utilized the gravity intensity analogues to
multiple urban characteristics, (i.e., demographic behaviours,
employments, economic activities and movement patters), that
represent urban agglomeration [18, 19]. However, the model
showed a major limitation in model estimation, as it does not
encounter the relative nature of the factors behind the process
of urban agglomeration [20]. This severely affected the model
accuracy when evaluating the urban agglomeration,
particularly of complex urban forms including urban
conurbations [21]. The network centrality assessment method,
which was evolved from the graph theory, has been extremely
successful [19, 22, 23] in capturing the dynamics of the urban
agglomeration as attempted by several scholars [7, 20]. Even
though the network centrality method captures the relative
intensity of urban agglomerations, the method is yet to be
developed to represent the clustered interpretation of the urban
agglomeration [24]. Also, it is bounded to a given threshold
distance which could compute the intensity of agglomeration
through a nodal interpretation but has no facility to model its
actual expanse [20]. In domain of remote sensing, in order to
capture the expanse of the urban agglomeration, Weber [16]
introduced a satellite-image processing approach as a
constraints-free and globally applicable method [25]. This
method was initially lacking in the applicability in the
resource-constrained contexts due to lack of access to satellite
imagery data with high accuracy [26, 27]. There have been
several technological enhancements proposed to improve the
applicability of the method [25]. In the latter part of this study,
the Satellite Imagery Urban Area Classification will be
utilized in validating the proposed model, as it is currently
considered as an acceptable measure for depicting the intensity
and expanse of the urban agglomeration correspondent to the
time when the image was captured [26]. The key limitation of
the method is that though the satellite image interpretation can
detect the past and existing boundaries of urban expanse yet
not much useful in modelling the future as it does not explain
the internal factors behind the process of the urban
agglomeration [26, 28].

Considering the above-discussed applications and their
limitations, it can be concluded that despites many efforts,
modelling the spatial patterns of urban agglomeration is
constrained with many practical, technical and theoretical
limitations. In such a context, this study attempts to develop a
modelling approach that can overcome the following four
limitations noted in the previous research. First, the study
devised a constraints-free modelling framework that can be
universally applicable for the urban agglomeration assessment
within any geographical regions. Secondly, the model can
distinguish the existing level of urban agglomeration and
forecast the future trends under different development
scenarios. Thirdly, the model identifies each agglomerated
cluster separately by its correspondent functional boundaries.
It is important to study the growth of each urban cluster and its
spatial interactions. Fourthly, unlike other modelling
approaches, the proposed model can be applied to a study of
any scale from a small neighbourhood to a large region.

In such a context, this study proposes a novel modeling
approach to distinguish the urban agglomeration pattern. The
proposed model named as the intersection based clustered
network model (iCN Model) as it derived the urban
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agglomeration as a clustered network of road intersections.
The theoretical framework of the model is co-evolved from the
network centrality [29, 30], percolation theory [31, 24] and
fractal geometry [32-34].

This study provides a radical interpretation for the unique
urban agglomeration pattern of Sri Lanka and reveals the
magnitude of present and future urban agglomeration trend
patterns including medium and small-scale towns.

The paper is organized into five major sections described as
follows: Section 2 presents the conceptual framework of the
model. A brief discussion regarding each model component is
presented in the model conceptual framework. The study area,
data description, methodology and model formulation are
presented in the section 3. Model application, analysis and
model validation are discussed in the section 4. Finally, the
conclusion and recommendations of the study are presented in
section 5.

2. CONCEPTUAL FRAMEWORK

The iCN Model includes three major components, which
are transport network configuration, percolation theory and
fractal geometry. The proposed model uses road network as
proxy to represent the urban agglomeration pattern spatially
and utilized the percolation theory to generate the
agglomerated clusters. For generalization and calibrating
purposes of the model results, the study utilized fractal
geometry. A brief discussion regarding each model component
is presented in the following sections.

2.1 Percolation theory and its characteristics

In its basic terms, percolation theory defines the behaviour
of a cluster in an infinite graph or a lattice [35]. As shown in
Figure 1, the percolation clusters evolve as a bond or a sites
percolation based on the open edges or occupying
neighbouring cells of the lattice [34, 36].

Figure 1. Bond percolation (left) and the site percolation
(right) clusters in a square lattice [33]

In the spatial planning context, the percolation theory is
acknowledged as an agglomeration process of development
potentials through the accessibility [37] and transportation
proximity [24]. In such a context, percolation clusters may
occur considering the locational accessibility of cities or road
intersections which are potentials to aggregate the
development. Therefore, this study utilized the percolation
theory under the road intersection points, to identify the city
clusters which denote urban agglomeration. Ultimately, these
percolated clusters may reveal the urban agglomeration pattern
corresponding to the higher accessibility and locational
proximity to each intersection points in the study area.

In order to perform the percolation analysis, the study



utilized DBSCAN algorithm [38, 39]. Density-Based Spatial
Clusterin g of Application with Noise, (i.e.,DBSCAN)
algorithm is an unsupervised machine learning algorithm
which generates density clusters based on the Euclidian
distance to each identical nodes of the network. The most
important advantage of the DBSCAN Algorithm when
compared to other unsupervised and supervised clustering
algorithms, (i.e. K-Means, Hierarchical Clustering
respectively) is its ability to carry out the cluster analysis
according to the given threshold distance without any user
preference, (i.e. number of clusters is decided by the algorithm)
[40]. This clearly reflects the natural process of urban
agglomeration, which appears in the urban clusters according
to the accessibility and locational proximity. Another benefit
of the algorithm is its ability to represent the percolated
clusters separately by their respective cluster ID, which helps
to identify each cluster spatial distribution and cluster
significance.

As mentioned above, the study utilized the road intersection
points to perform the cluster algorithm. Applicability of the
road network to measure the urban agglomeration pattern will
be discussed next.

2.2 Characteristics of the road network

Transportation network is ubiquitous in the modern urban
development [3, 41]. Batty [29] identified the inherent
relationship between the road network and historical evolution
of cities as he mentioned that “the road network essentially
contains the social, economic and cultural history of its space”.
Additionally, the modern development pattern of a city is
firmly linked with the infrastructure development; hence this
economic development is reflected by the street network
configuration [5, 22, 23]. It indicates the level of urban
agglomeration of a city by the aspects of economic prosperity
which is clearly denoted by the evolution of road network [42].
Also, Hiller identified a strong relationship between the road
network configuration and urban agglomeration as he
mentioned that higher integrated places are potentials for the
rapid urban agglomeration as they have a higher choice and
integration compared to the other locations [30, 43, 44].
Moreover, the study considered road intersection points for the
proposed percolation calculation, which are considered as the
primary indicators of the interaction and urban agglomeration
[24].

Considering the above-mentioned characteristics, it utilized
the road network as proxy to measure the urban agglomeration
under the proposed iCN model. To calibrate the model results
with the existing urban agglomeration pattern, the model
utilized fractal geometry. Characteristics of the fractal
geometry are discussed in the next section.

2.3 Fractal geometry and delineation of the existing urban
agglomeration pattern

Fractal Dimension [45] is the urban morphological analytic
method which was developed by the Mandelbrot [32]. It helps
to distinguish the statistical and morphological similarities of
spatial patterns and physical phenomenon [32]. Arcaute et al.
[24] identified that urban and rural street network patterns
represent clear morphological segregation that could be
accurately measured by fractal geometry. Arcaute et al. [2]
denoted that after the road network reached its maximum self-
similarity level, the fractal value tends to decrease. Therefore,
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it calculates fractal value of the road network at each
percolation cluster threshold distance as the maximum self-
similarity percolation cluster as depicted in the existing urban
agglomeration.

In order to calculate the fractal value, the study utilized the
Box-Counting Dimension method, i.e., Minkowski—
Bouligand dimension [46]. It considered the study area as an
evenly distributed gridded mesh and calculated the occupancy
of the road network of each cluster by counting the number of
boxes covered by the particular road network. It changed the
box size by shrinking the grid over the given number of
iterations in order to calculate the magnitude of the fractal
value. Then, it calculated the fractal dimension by applying the
box counting algorithm [46].

log(N

= g(N) 0
og(r)

where, D is fractal dimension, log(N) is number of boxes
which covered the pattern, log(r) is magnification or the
inverse of the box size.

Based on the conceptual framework, the study explains the
iCN model formulation in the following section.

3. MATERIAL AND METHOD
3.1 Study area

Sri Lanka, which is located in South Asia was selected as
the study area, taking two major reasons into account. First,
Sri Lanka is an Island, hence there are no physical linkages
from outside the country. Therefore, it can clearly distinguish
the agglomeration pattern which is represented by the entire
country itself. Second, in terms of the administrative urban
agglomeration classification, no study has been carried out to
assess the urban agglomeration pattern of the country.
Accordingly, the findings of the study will provide a rational
insight to the country’s future development. Figure 2 depicts
the basic characteristics of Sri Lanka.

Population Composition
Urban 18-2%
~Rurol 77-%%
-Estate 4-4%

Totol Area
65,610Knmr

Kerunegols | Motabed_or~=1""\
) {

¢ \ < ¥
A L,
3 RIS \ \ '
) y\/‘\w, L\\h"")_, i “,-U e i
| Gampahal b s/ R e { |
\ (j ),.\-\; [, l}ni"’“’;‘ j\ }
domba f{"\\,._l’ '{ 5" {"
'\’_/.-\f\v" 1. _“_/_;; L P {
e patepurs 7§ /
R L A s r/J\;;
\ (.“‘}\3 r;‘ ~ X Aty N
Total Population X i )) &
20,359,439 % }:“-w!e ¥ s Total Road Length
S S

12,390-432 km

Figure 2. Basic characteristics of study area



3.2 Data description and sources

The data used for the study is presented in Table 1. The road
network utilized for the model development and satellite
imagery data have been used for model validation purposes.

3.3 Methodology

The overall method of the study is presented in Figure 3.
The methodology comprises two major tasks: I. To calculate
the urban agglomeration pattern using the proposed iCN
Model. Il. To validate the model utilizing satellite imagery
classified urban area.

As mentioned in the methodology, the iCN Model
comprised with four major analytical stages. The detailed steps
of the model formulation are presented as follows:

3.4 The iCN model formulation

The iCN Model formulation is predominantly based on the
free and open-source applications. Thus, it is effective to be
implemented by any developing or underdeveloped country.
The entire model is built solely upon the QGIS Software with
several third-party applications, which are freely available in
QGIS Plugin repositories and GRASS GIS Plugin repositories.
The model contains four major stages identified as - |. Data
Pre-processing Stage, IlI. Data Processing Stage, Il
Clustering Stage and IV. Calibrating stage.

The Data pre-processing stage contains the initial data
cleaning steps of the model. In general, the digitized road
network contains missing values, islands and isolated
segments. These cause to decline the simulation accuracy of
the model. Thus, the model utilized a very powerful data
cleaning algorithm, V.CLEAN.plugin (GRASS GIS) to clean

the road network. Then, it was required to repair and slice the
road network into segments in order to generate the
intersection points, (i.e., vertices). Hence, it utilized the

SDNA-Prepare Network Tool (QGIS Plugin repositories).
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Figure 3. Method of study

Table 1. The Data description

Data Type Area Year Source Description
Transportation . . Sri Lanka Survey Department GIS Data: Road centerlines as
Network Entire Sri Lanka 2012 (SLSD) polylines Attributes: Road Type
Satellite Imagery Colombo Metropolitan Area 2012 USGS Earth Explorer Remote Sensing Data: Raster Format:

Galle District

12 Bands Including (RGB)

OUTPUTS
Calculate Existing
@ DATA-PREPROCESSING DATA-PROCESSING [ UA Pattern )
Clean Road Network Generate Intersection Points
V.Clean.Advanced(GRASS) Aequilibrak.plugin(Qgis)
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INPUT g V.n!t.('tntmmy{GRASS)
Prepare Network (sDNA)
Forecast Future
Road Network ( Developemnt Trend
PERCOLATION MODEL CALIBTATION
Forecast Future

Urban Boundary

Proposed Percolation Theory Based Urban Agglomeration Model - iICN Model

Figure 4. Analytical framework of the iCN model
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In the Data processing stage, the model generates road
intersection points from the road segments, by utilizing the
Aequilibrak.plugin (QGIS Plugin repositories). For the data
optimization purpose, the model follows the Degree Centrality
v.net.centrality plugin (GRASS GIS). This is optional for
small data sets. At the Percolation (clustering) stage, the model
implements the clustering algorithm by utilizing the DBSCAN
algorithm of the QGIS plugin repository.

Afterwards, under the calibrating stage, the model
calculates the Factual Geometry of the emerged clusters under
each threshold distance. It identifies the highest self-similarity
distribution of the emerged cluster as the existing urban
agglomeration level. The model calculates the fractal value as
the mono fractal dimension, which is obtained through the box
counting algorithm by using Minkowski Dimension
Calculator plugin (QGiS Plugin repositories).

Figure 4 presents the analytical framework of the iCN
Model. Since the model derive urban clusters as the
interconnected network of road intersections, the model
named as iCN model and "i" used to represent the road
intersections as it becomes the proxy to urban agglomeration.

In the next section, the study will implement the iCN Model
and assess the urban agglomeration pattern of Sri Lanka.

4. ANALYSIS AND RESULTS

4.1 Implemented iCN Model and the Calculated Urban
Agglomeration Pattern

In order to assess the urban agglomeration pattern first, it is
required to pre-process the data according to the model
analytical framework. The original dataset contained 131,473
road intersections covering the entire Island, but for
computational purposes, the dataset size was optimized by
following the Degree Centrality data optimization method and
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the centrality values below 3.40 were removed (Figure 5), as
it contained islands and missing segments Also, road
roundabouts were considered as single nodes. Finally, after the
data pre-processing, it only contained 89,367 road
intersections covering the entire study area.

Afterwards, the clustering algorithm of the iCN model was
initiated (refer Figure 6). For the percolation threshold
distance, (i.e. minimum distance between two identical points)
a series of radius values were applied starting from 50m to the
critical percolation threshold where it completes the entire
clustering process. This helps to capture the urban
agglomeration pattern in the most accurate manner. The study
did not consider the minimum cluster size to prepare the
percolation clusters, as it was required to identify all the
original clusters in order to measure the urban agglomeration
pattern. Figure 7 depicts the results obtained from the iCN
model for the selected threshold distances.

4.2 Calibrate Model Result and obtaining the Existing
Urban Agglomeration Pattern

In order to obtain the Existing urban agglomeration Pattern,
the model calculated the fractal dimension of percolation
clusters (refer Figure 8). For this purpose, the study selected
clusters which were emerged in between a 200m to 500m
threshold distance, considering two hypotheses: 1. the minor
level percolation clusters underestimate the actual scale of the
urban agglomeration. II. On the other hand, it overestimates
the model result when it exceeds the appropriate level of the
threshold distance. The model automatically decides on the
starting and ending cell size of the clusters in the fractal
calculation, in order to minimize the human bias; and it always
limits the number of iterations to 30 rounds. In order to have
an equal estimation, the study followed the Layer Grid
Estimation Method as the entire study area was considered as
a single mesh.
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According to the model result, the maximum distribution of
fractal dimension was recorded at the 425-meter TD, which is
depicted in the Figure 9. Therefore, urban agglomeration
pattern for the year 2012 according to the iCN Model is
classified at the distance threshold of 425m and is presented in
Figure 10.

Considering the model derived from the existing urban
agglomeration pattern of Sri Lanka, it clearly identified that
the cities Colombo and Jaffna emerged as the highest urban
agglomerated areas and the corresponding agglomeration
trend developed towards the surrounding peripheral areas
through the transportation accessibility. This is clearly
depicted in the western province urban agglomeration pattern
(refer Figure 11) as it lays the agglomeration trend upon the
major transportation linkages.

Afterwards, the study calculated the model accuracy with
satellite imagery classified urban agglomeration area and
evaluated the model validity.
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Figure 11. Western Province urban agglomeration Pattern
According to the iCN Model, (425-meter TD)

4.3 Empirical Validation of the iCN Model

In order to identify the model applicability in the real
ground scenarios, the study empirically tested the model result.
Hence, it compared the model predicted urban agglomeration
pattern with the satellite imagery classified urban areas in
several cities.

It is very clear that the model derived urban clusters are very
similar to the satellite imagery classified urban areas (refer
Figure 12). The most significant advantage of the iCN Model
is its capability of identifying each city cluster separately with
their cluster significance, while the satellite imagery merely
represents the urban area visually. This is extremely helpful
when identifying the spatial evolution and interactions of cities.
It also denotes the fragile cities and urban development trend
patterns which are essential knowledge for the sustainable
urban and transportation planning practice.

Although, both findings are derived similar outcome, it also
noticed several numbers of unequal patches as well. This
clearly emphasise the importance of the iCN model rather it
derived the agglomerated clusters from the satellite imagery.
Usually, satellite imagery provides visual interpretation of the
urban area. This caused to mislead due to the cloud cover and
false reflection values of the imagery as it recognized same
reflection values as one category. Therefore, it overestimates
the urban area. However, iCN model only capture the urban
clusters according to the Euclidian distances between nodes
and avoid the data misinterpretations.
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Therefore, according to the empirical validation of the iCN
model, it can be clearly asserted that the proposed method
provides a clear visual interpretation of the urban
agglomeration pattern.

4.4 KAPPA coefficient calculation and model validation

In order to evaluate the model validity, the study calculated
the KAPPA estimation [47]. KAPPA estimation measures the
agreement between two rater cells with respect to a
dichotomous outcome [48]. Hence, the study classified each
raster cells in to two major classes, (i.e. “1” represent urban
agglomeration area and “0” represent other) by considering the
occupancy of the urban agglomeration in each raster cell.
Afterwards, it statistically compare the iCN model result and
measure the accuracy compares to the satellite imagery
classified urban agglomeration area.

It selected the Colombo Metropolitan Area (CMA) which is
considered the major urban agglomeration in Sri Lanka, for the
model validation. The study calculated KAPPA coefficient
under the MOLUSCE plugin [47] in the QGIS software (refer
Figure 13). For the model validation, the study utilized
Satellite Imagery Classified Urban Area Map 2012 as the
Reference Map and the iCN Model Predicted urban
agglomeration Area Map for the year 2012 as the Simulated
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Map and estimated the model validity under 5 iterations. The
results are presented in Figure 14.
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Figure 13. Calculating the KAPPA coefficient under the
MOLUSCE Plugin

The KAPPA estimation result shows significant accuracy
(KAPPA > 71%) of the model. The locational accessibility of
the intersection areas and their proximity to other locations
point out that with higher accessibility, there is greater the



potential for development, similarly to urban agglomeration.
However, as mentioned before, the satellite imagery does not
provide a precise picture of the urban agglomeration. Hence,
the accuracy of the iCN model may vary with the quality of
the satellite imagery and the occupied city cluster algorithm.
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Figure 14. KAPPA Coefficient Calculation Result

4.5 Forecast future urban agglomeration pattern

The study validated the existing urban agglomeration
threshold distance of Sri Lankan cities; thus, it can forecast the
future possible urban agglomeration pattern of the study area
by increasing the corresponding threshold distance of a given
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percolation cluster until it reaches the critical percolation
threshold.

This represents the future urban agglomeration under the
business-as-usual scenario if the road network will not
undergo a change. In the reality, road networks undergo many
changes thus urban clusters will also getting evolved
according to the increasing threshold distance. Hence,
although the existing model reached to its maximum self-
similarity at 425m, in the future scenario it will increase the
self-similarity and the corresponding threshold distance
according the expansion of the road network. For the purpose
of study, it was assumed that the threshold level might be
extends to different threshold limits varying from 750 m to
2000 m. Under the highest threshold-distance scenario, the
future urban development was revealed as a giant urban cluster.
This can clearly represent by increasing the threshold distance
of the percolation clusters as the cluster evolve it denotes the
future agglomeration pattern (refer Figure 15) until it each to
the giant urban cluster.

With reference to Sri Lanka, it is noticeably clear that the
potential agglomeration trend is emerging from the western
region and subsequently evolving over the entire island. Some
blank areas are clearly visible in the maps, which depict the
forests areas and water bodies which could be remined though
many have been disappeared fully or partially. Thus, the study
provides a deep insight the possible threat of increasing the
urban agglomeration over sensitive ecosystems under the
business-as-usual scenario.
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Figure 15. Future urban agglomeration pattern according to the iCN Model

Although, the model is capable to depict the future possible
urban agglomeration pattern according to the proposed road
network, the proposed developments are subjected to its
inherent uncertainties. It is also important to note that the the
threshold limits of percolation distance and fractal geometry
values that the study utilized are not universal; rather locally
characterized depend upon the trip length and movement
patterns.

5. DISCUSSION AND CONCLUSION

The study proposed a novel modelling approach to devise
the urban agglomeration pattern of cities based on the road
network configuration, percolation theory and fractal
geometry; and shed a light on the existing theories that
explains the road network as inherently interlinked with the
spatial development pattern of cities. Thus, it can be denoted
the urban agglomeration pattern through the fractal nature of
the road structure. In order to identify the existing pattern of
urban agglomeration, the model applied the percolation theory
on the road intersections to measure the maximum self-
similarity distribution of the corresponding clusters. The
results revealed that the urban agglomeration pattern derived
from the iCN model excellently corresponds with the satellite
imagery derived urban agglomeration pattern. Hence, the iCN
model denotes excellent accuracy in measuring the urban
agglomeration pattern with more than 71% of KAPPA
accuracy and it proposes an applicable approach to forecast the
future urban agglomeration patterns based on the fractal nature
of the transportation system.

Considering the model performance, the iCN model is
capable of forecasting the future urban agglomeration patterns
under different development scenarios. It is also capable of
identifying each urban cluster distinctly. It is especially
important for studies related to urban growth and also for
analysing the spatial interactions of cities. Additionally, this
model denotes the scaling nature of cities via the cluster
significance, (i.e., occupancy of nodes in a cluster) and the
corresponding knowledge would be essential for the city
hierarchy assessments and urban allometry studies.
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The results revealed that the level of urban agglomeration is
precisely reflected through the road network as the higher the
centrality greater the potential for urban agglomeration.
Satellite imagery approach only provides the visual
interpretation for the urban agglomeration. Nevertheless, iCN
model provides an excellent theoretical interpretation for the
finding as it follows the configuration and dynamics of road
infrastructure network in capturing the urban agglomeration.
Moreover, iCN model provides universal and cost effective
approach to assess the urban agglomeration pattern in existing
and future development scenarios. Therefore, iCN model
provides deep insights into the urban simulation studies and it
would be useful as an essential tool for urban and transport
planning.

5.1 Recommendations, limitations and future research
interest

It is widely discussed that the current administrative and
satellite-based approaches are incomplete in capturing the
actual urban agglomeration pattern and their dynamic urban
nature. The iCN model provides a rational framework to
redefine the urban agglomeration of cities. Nevertheless, the
iCN model does not demand country-specific socio-economic
attributes such as demographic data or census records. Hence,
the model is universally applicable at any geographical regions
for urban agglomeration assessment and forecasting future
development trends.

In the domain of the spatial planning practice, urban
simulation tools are essential to forecast future urban
development trends; comprehend the patterns; and to
strategically intervene negative growth scenarios such as the
urban sprawl effect. The iCN model denotes the agglomerated
areas and segregated areas precisely and spatially. Thus, it
helps to enhance the possible spatial integrations of these areas
in the future planning practices. Moreover, the study
acknowledges the urbanizing pressure upon the vulnerable and
environmental sensitive areas which will eventually support
decision-makers to take precautionary actions and lead the
future development trends toward a more environmentally
sustainable direction.



Considering the limitations of the study, the iCN model is
currently based on a single attribute, (i.e., road network) to
define the urban agglomeration. It may cause to reduce the
model accuracy. Several studies in the domain of network
centrality studies have incorporated multiple factors in
improving the modelling accuracy. Future attempts are
required to be focused on improving the prediction accuracy
through multiple factors without compromising the universal
applicability and data-free nature of the iCN model.

For future research interest, it is required to study the fractal
nature of cities, since the study identified a very strong
relationship between the urban morphology change of street
network and scales of the cities. Also, it is required to develop
a new algorithm to convert the agglomerated clusters into a
vector format in order to calculate the size and shape of the
urban clusters, as the existing situation model derived the
urban agglomeration pattern as an interconnected network of
nodes.
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