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Abstract: In the past two decades, Islamabad has experienced significant urbanization. As a
result of inadequate urban planning and spatial distribution, it has significantly influenced
land use-land cover (LULC) changes and green areas. To assess these changes, there is
an increasing need for reliable and appropriate information about urbanization. Landsat
imagery is categorized into four thematic classes using a supervised classification method
called the support vector machine (SVM): built-up, bareland, vegetation, and water. The
results of the change detection of post-classification show that the city region increased
from 6.37% (58.09 km?) in 2000 to 28.18% (256.49 km?) in 2020, while vegetation decreased
from 46.97% (428.28 km?) to 34.77% (316.53 km?) and bareland decreased from 45.45%
(414.37 km?) to 35.87% (326.49 km?). Utilizing a land change modeler (LCM), forecasts of
the future conditions in 2025, 2030, and 2035 are predicted. The artificial neural network
(ANN) model embedded in IDRISI software 18.0v based on a well-defined backpropagation
(BP) algorithm was used to simulate future urban sprawl considering the historical pattern
for 2015-2020. Selected landscape morphological measures were used to quantify and
analyze changes in spatial structure patterns. According to the data, the urban area grew
at a pace of 4.84% between 2015 and 2020 and will grow at a rate of 1.47% between 2020
and 2035. This growth in the metropolitan area will encroach further into vegetation and
bareland. If the existing patterns of change persist over the next ten years, a drop in the
mean Euclidian Nearest Neighbor Distance (ENN) of vegetation patches is anticipated
(from 104.57 m to 101.46 m over 2020-2035), indicating an accelerated transformation of the
landscape. Future urban prediction modeling revealed that there would be a huge increase
of 49% in urban areas until the year 2035 compared to the year 2000. The results show that
in rapidly urbanizing areas, there is an urgent need to enhance land use laws and policies
to ensure the sustainability of the ecosystem, urban development, and the preservation of
natural resources.

Keywords: land change modeler; land use-land cover; artificial neural network (ANN);
landscape metrics

1. Introduction

Land use and land cover (LULC) changes, primarily driven by urbanization, repre-
sent one of the most profound transformations on Earth, impacting ecological systems,
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biodiversity, and resource sustainability [1-5]. This rapid urbanization, occupying only
1-6% of the Earth’s surface, has led to significant environmental consequences, particularly
in metropolitan areas where half of the world’s population now resides [6-8]. By 2017,
the global population surpassed 7.5 billion, with projections indicating that over 50% will
live in urban areas by 2030 [9,10]. This shift is particularly evident in Pakistan, which is
experiencing the highest urban growth rate in South Asia, with urban populations expected
to surpass rural populations by 2030 [11]. Rapid urbanization, driven by global popula-
tion growth projected to reach 9.7 billion by 2050, will continue, particularly in emerging
nations [3]. The urbanization process often results in significant environmental damage,
such as the loss of agricultural land, deforestation, biodiversity reduction, and alterations
to hydrological cycles [4]. Moreover, unplanned urban growth intensifies the urban heat
island effect, increases demand for energy and water, and strains infrastructure. Inadequate
urban planning frameworks, often lacking sustainability considerations, further exacerbate
the stresses caused by metropolitan growth. This leads to sprawling urban landscapes that
deplete natural habitats and upset ecological balances, particularly in emerging nations [6].
Managing urban expansion sustainably is particularly challenging in South Asia, including
Pakistan, where unplanned development patterns arise from informal and fragmented
growth. A case in point is Islamabad, where rapid urbanization has led to notable LULC
changes, converting natural landscapes into urbanized areas. These transformations have
significant environmental consequences and affect residents’ standard of living [11]. The
twin cities of Rawalpindi and Islamabad now have a combined population of over 7 million,
with a growth rate of 4.91% in recent decades [12].

According to recent studies, 70% of the world’s largest cities are located in develop-
ing countries, with Pakistan experiencing some of the most rapid urban growth rates in
South Asia [13]. Over the past three decades, dramatic LULC changes, driven by economic
activities, have significantly contributed to urban growth [14,15]. To understand and man-
age these changes effectively, spatiotemporal mapping of LULC has emerged as a critical
research area [16]. The scientific community has established research agendas to monitor
and analyze the effects of human behavior on the climate through LULC transitions, which
has become a significant focus in land change research [12,17,18]. Advanced technologies
like geographic information systems (GISs) and remote sensing (RS) have become essential
tools for tracking and assessing urban growth patterns over time due to the intricate and
diverse character of LULC changes [9,19]. Large-scale temporal and spatial data may now
be captured by researchers thanks to these technologies, making it possible to analyze
LULC dynamics in previously unfeasible ways [20]. Remote sensing imagery, combined
with landscape metrics, offers new perspectives on urban spatial structure, patterns, and
transitions [21]. While a few studies, particularly in urban forestry, have focused on rapidly
growing cities in underdeveloped countries, Pakistan’s unplanned and haphazard ur-
banization highlights the need for improved planning strategies and sustainable urban
development policies for the conservation of green cover [22]. Despite some progress,
research on urban ecological health and the role of ecosystem services in Pakistan remains
in its early stages, highlighting a critical gap in sustainable urban planning [23-25].

In recent years, LULC modeling has rapidly evolved in spatially explicit scientific do-
mains [21,26]. Several modeling techniques, such as cellular automata (CA), Markov chain,
GEOMOD, and land change modeler (LCM), have been developed to predict land use tran-
sitions [27,28]. Traditional LULC models struggle with capturing non-linear relationships,
handling multivariate datasets, and accurately representing spatial-temporal dynamics.
Artificial neural networks (ANNSs), particularly multilayer perceptrons, address these gaps
by modeling complex interactions, integrating historical data, and extracting patterns from
large datasets. Their ability to model non-linearity and account for the interactions of mul-
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tiple driving factors makes ANNs particularly effective for forecasting urban expansion,
which is inherently influenced by complex socio-economic, environmental, and spatial
dynamics. This data-driven approach improves prediction accuracy and reliability, offering
insights that traditional methods may overlook. Integrated into LCM, ANNSs provide a
robust framework for analyzing and forecasting LULC changes. The LCM, combined with
multilayer perceptron (MLP) and Markov chain (MC) models, is recognized as a powerful
tool for predicting spatial patterns of land use change based on historical data and driving
factors [29-31]. By leveraging these strengths, this study demonstrates that ANN models
are well suited for capturing the intricate processes driving urban expansion and projecting
future scenarios. Cramer’s V is an essential measure within the LCM for determining
the strength of relationships between driving factors and land use. Explanatory variables
for future predictions are selected based on Cramer’s V values, and a backpropagation
(BP) process is employed [15,27,32-34]. Landscape metrics are also widely used to assess
the structural attributes and spatiotemporal dynamics of urban transformation. These
metrics enhance the visualization of spatial heterogeneity at specific resolutions and scales,
enabling correlations between landscape structures and urban patterns, including their
functionality and processes [35,36].

Aithal et al. (2013) employed a cellular automata—Markov model and landscape
metrics to investigate land use dynamics in Bangalore, India, projecting that urban land
would expand by 108% between 2012 and 2022 [37]. Similarly, Hasan et al. (2020) applied
landscape metrics in the Guangdong, Hong Kong, and Macao (GHKM) regions, showing a
decrease in the Euclidean nearest neighbor distance for forest patches and urban clusters,
suggesting accelerated landscape transformation [15].

In Islamabad, the population has rapidly increased from 0.81 million in 1998 to 2.0 mil-
lion in 2017 [38]. This urban growth has transformed agricultural land and green spaces
into concrete infrastructure, deviating from the city’s original master plan [39,40]. The city
has seen rising pollution levels from industrial, traffic, and residential sources, with adverse
impacts on the environment, human health, plants, and animals. These developments have
raised concerns among city planners and policymakers. Using SPOT panchromatic data
and census data, it was found that 63% of Zone 4 in Islamabad has experienced “signifi-
cant” to “extremely high” growth, particularly along the Islamabad highway [41]. Landsat
imagery analysis from 1990 to 2021 revealed that built-up areas in Islamabad expanded
from 5.7% to 25.7%, while Rawalpindi saw an increase from 3.7% to 14.1%. Concurrently,
bareland decreased significantly in both cities [42]. Random forest classification of land
surface temperature data from 1992 to 2022 indicates that built-up areas, which comprised
27% of the area in 2020, are projected to reach 50% by 2050 [26]. Similarly, research using
supervised classification and principal component analysis (PCA) revealed that metropoli-
tan expansion in Islamabad increased by 87.31 km? [5]. Additionally, hybrid Markov chain
analysis using Sentinel-2 imagery showed that Islamabad’s built-up area grew by 90.64 km?
from 2015 to 2022 [43].

While numerous studies have focused on LULC change detection and temporal anal-
ysis, there is a notable gap in research addressing key LULC indicators, driving factors,
and benchmarks for sustainable urban growth, particularly through the lens of landscape
metrics. This study examines urban growth patterns in Islamabad from 2000 to 2020 and
projects future urban expansion for the period 2025 to 2035 through a spatially explicit
modeling ANN-based framework. By integrating socio-economic variables with ecological
models following best practices, this study advances the understanding of land use and
land cover (LULC) dynamics in rapidly urbanizing regions. The novel combination of
data-driven socio-economic indicators and land transition modeling offers a replicable
methodology applicable to other urban environments experiencing similar developmental
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pressures. The findings contribute significantly to the broader LULC literature, offer-
ing actionable insights for sustainable land management and informed urban planning.
This study supports policy formulation aimed at mitigating unplanned urban sprawl and
preventing environmental degradation.

2. Materials and Methods
2.1. Study Area

Islamabad, Pakistan’s capital, is geo-located at 33°28’ latitude and 73°22’ longitude.
It consists of five zones according to the master plan of ICT (Figure 1). Zones I and II
are divided into sectors with approximately 2 km x 2 km for each sector. Primary and
secondary roads in urban areas interlace horizontally and vertically, dividing the urban area
into several equal-size sectors. Residential, industries, industrial hubs, public and private
services, international embassies, colleges, and so on are also included. Zone III mainly
comprises green spaces, forests, and mountains. The conserved Margallah Hills national
park land is included in this zone, which is designated as an ecological conservation area.
Cropping areas and farmland are the major categories of Zone IV and Zone V, but the south
side of Zone V, which is close to Rawalpindi City, is mostly made up of industrial areas and
public and private housing schemes.

72,974 73.101

72874 73.101 73.355

Figure 1. The geographical location of the study area: Islamabad, Pakistan.

2.2. Data Acquisition

Land cover mapping was performed using Landsat satellite sensor (OLI), Enhanced
Thematic Mapper Plus (ETM+), Thematic Mapper (TM), and Multispectral Scanner System
(MSS) sensor images that were orthorectified and cloud-free with a 30 m spatial resolution.
A single Landsat scene covers the entire ICT area. For urban modeling in Islamabad, multi-
ple datasets have been used. The data used are (1) scanned maps for the delineation of zone
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boundaries and other important locations of societies; (2) Landsat TM ETM+ OLI images
(2000, 2005, 2010, 2015, and 2020) (to classify the LULC); and (3) Global Digital Elevation
Model (GDEM) (used to obtain surface elevation for modeling) data, as well as point data
including POlIs, road network data, and water channel network data obtained from the
“Open Street Map (OSM). The datasets were projected using the Universal Transverse Mer-
cator (UTM) coordinate system WGS-84 UTM Zone 43N. Multi-temporal Landsat satellite
images were clipped to the Islamabad boundary, and LULC maps were generated for the
years 2000, 2005, 2010, 2015, and 2020 using a support vector machine (SVM). Satellite
imagery was obtained during the post-monsoon season (October-November) in Islamabad
due to the clear skies and minimal cloud cover. During this period, vegetation is stabilized
after the monsoon, providing distinct spectral signatures for different land cover classes.
The images were classified into four categories: built-up (manmade structures), bareland
(exposed soil and construction sites), vegetation (forests, crops, and urban greenery), and
water bodies (rivers, lakes, and ponds). The methodology employed in this research is
clearly outlined in the schematic diagram (Figure A1, Appendix A), which delineates the
sequential steps of the approach.

2.3. Spectral Indices for Sustainability Assessment and Accuracy

To increase the classification accuracy and improve information about land cover,
spectral indices were used [26,44]. These candidate features were evaluated using three
spectral indices: (1) Normalized Difference Vegetation Index (NDVI), (2) Normalized
Difference Built-up Index (NDBI), and (3) Normalized Difference Water Index (NDWI). The
indices are classified into two major types: (1) vegetation conditions and (2) soil conditions.

NDVI = (NIR — R)/(NIR + R) (1)
NDBI = (SWIR — NIR)/(SWIR + NIR) )
NDWI = (Green — NIR) /(Green + NIR) 3)

2.4. Support Vector Machine

The support vector machine (SVM) is a supervised classification technique, a powerful
machine learning algorithm, and a binary classifier used to categorize satellite data. Despite
using a limited training dataset, SVM has gained popularity due to its high precision,
robustness, and strong performance outcomes. SVM is particularly effective for image
classification as it optimizes the separation margin between classes, enhancing its ability
to generalize well and resist overfitting, especially in high-dimensional feature spaces.
It operates based on the principle of structural risk minimization (SRM), which aims to
divide the classes and maximize the margin between them using a decision surface called
the optimal hyperplane and a small training set [45]. It operates based on the principle
of structure risk minimization (SRM), which divides the classes and increases the margin
between them by using a decision surface called optimal hyper-plane and a small training
field [46]. The data points closest to the hyperplane are called support vectors [47,48].
Instead of the dimensionality of the evolving space, the number of support vectors in the
final classifier expresses its complexity. As a result, when compared to other techniques,
SVMs are typically less susceptible to over-fitting issues [43,49].

2.5. Transition Potential Modeling and Driving Factor Selection
2.5.1. Transition Potential

Land transitions for the years 2000-2005, 2005-2010, 2010-2015, and 2015-2020 were
identified, and then, transition potential maps were generated by approximating the
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reasonable change in each pixel. The transition potential is generated by using the trained
data from a multilayer perceptron (MLP). A value of 0 indicates that there is no transition
potential, while a value of 1 indicates the highest transition potential.

2.5.2. Selection of Explanatory Variables

The Cramer’s V values indicate the instructive value of each driver based on a likeli-
hood table analysis before using auxiliary data in the LCM. Cramer’s V does not provide
convincing evidence that a specific variable is responsible for land use change as it only
indicates the influence of that particular variable towards the change [27,50]. A higher
Cramer’s V value indicates a strong influence of that variable, whereas as a low Cramer’s V
value indicates rejection of that variable. In our study case, Cramer’s V values are around
0.05; therefore, all the P values are very low [27,51].

cV = i (4)
~\ (N)(minr —1,¢ — 1)

S n qzzr
Zierl(Mi+M+r1) ] 5)

where x? is the statistical test to determine the dependency of variables, M is the sample

=M

number, s is the sample size, n is discrete intervals, qlzr is the total number of nonstop
values, M,; is the total number of objects belonging to i class, and M + r is the total number
of nonstop feature values.

2.5.3. Multilayer Perceptron

A multilayer perceptron (MLP) is a feed-forward neural network (NN) that uses back
propagation (BP) to forecast results. It is a non-parametric algorithm that does not consider
the multi-co-linearity [15,52]. An ANN consists of layers of interconnected nodes (also
called neurons) that work together to process and learn patterns from input data. MLP
comprises three layers: an (1) input layer, (2) hidden layer (sets of processing nodes), and
(3) output layer. Through a network of weighted links that are iteratively changed by the
algorithm, it indicates relationships between changes in land use and their explanatory
variables. Non-linear relationships are the outcome of data flowing via hidden layers from
an input layer to an output layer in one direction. Two types of predictions are generated by
the LCM: (1) soft predictions and (2) hard predictions [21,52]. A forecast graphic is obtained
from a hard prediction centered on the Multi-Objective Land Allocation (MOLA) module.
Each pixel is allocated by this module to a ground cover group that has a higher probability
of existence. A soft prediction is a continual mapping of fluctuating susceptibility; it shows
the likelihood that a given class pixel will change to a specified land cover class pixel. The
transition probability matrix was produced by the Markov chain, which determines how
much land is allocated to a theme class [53,54].

2.6. Future LULC Mapping and Change Analysis

Change prediction is the final step, in which the future is predicted using an
ANN-Markov chain and transition potential maps along with the history rate of change.

2.6.1. Markov Chain Model

The Markov model has gained widespread recognition as a dependable and trust-
worthy tool for ecological modeling, tracking, and trend simulation. It may also be used
to anticipate future scenarios at various spatial scales [55]. Potential LULC changes are
predicted by this model from one cycle (t = 1) to the next (t + 1) (Equations (6)—(8)) based on
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the transition potential matrix for every LULC class [56,57]. In this approach, the changes
are seen as stochastic processes. Conversely, the transition matrix is essential for upcoming
LULC simulations [57,58].

S(t+1) =P;=S(t) (6)
P =[P P ---]P1n: . :Pnl Pn2- - - Pnn 7)
0< Pj <1land 27:1 Pi=1,(i,j=12,....n) (8)

where S(t) indicates the state of the system at time t; S (¢ + 1) indicates the state of the
system at a time (t + 1), and P;; indicates the transition probability matrix from the present
state, 7, to the next state, j. Using the Markov chain model, several studies have been carried
out to evaluate the potential LULC scenario in the future.

2.6.2. Model Validation

Model validation was performed using Kappa statistics and the relative operating
characteristic (ROC) curve. Kappa statistics is a quantitative tool for determining the best
match or the degree of agreement between observed maps and model forecasts [58].

The relative operating characteristic (ROC) curve illustrates the relationship between
the true positive rate (vertical axis) and the false positive rate (horizontal axis), with values
ranging from 0 to 1, where 1 indicates a perfect fit and 0.5 represents a random fit. In
this study, a threshold value of 100 was utilized to evaluate model performance. ROC
analysis was employed in land change prediction modeling to assess the model’s predictive
accuracy for a specific land cover class within a multi-class framework [49,59-61]. The
actual 2020 LULC map was compared with the projected 2020 LULC map. The area beneath
the curve (Figure 6) reveals that most of the area remained unchanged, demonstrating
that the expected and actual land use situations are relatively similar. After validating the
model, prediction maps for 2025, 2030, and 2035 were generated.

2.7. Landscape Metrics

Landscape metrics provide a quantitative link between biological and environmental
processes and patterns in the landscape. They provide numerical information about the
structure, arrangement, and dimension of the landscape, facilitating long-term compar-
isons and aiding in the creation of hypothetical futures [15,62,63]. Landscape metrics are
crucial instruments for defining spatial dynamics and ascertaining the spatial and temporal
arrangement of landscape features [55,64,65].

The metric category ought to mirror the diversity of patterns observed across the
landscape; nonetheless, its application needs to be restricted, especially in closely related
indices [10,64,66]. Three categories can be used to group them: patch, class, and landscape.
The metrics used in this study at the class level are shown in Table 1.
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Table 1. Description of landscape matrices.

Metrics Metric Name Acronym Unit Description
A measure of a habitat class’s
interconnectedness. Within a given
Mean Proximity Index m search radius, the magnitude and
Proximity (MPI) similarity of every area with the
same type of habitat are taken
into account.
The complexity of the shape
Mean Euclidean Nearest gnhances its shortest edge-to-edge
Neighbor Distance m 1nterva} between two patches of the
& kind. It describes whether a
(ENN_MN) o . .
landscape or habitat type is related
or isolated.
Calculate the overall likelihood that
. o a patch of cells that are adjacent to
Diversity and Texture Contagion (CONTAG) o orlfe another will be of the]
same type.
Shannon’s Diversity None Signify landscape diversity derived
Index from the abundance of patch types.
Calculate the total lengths of all
patch-type edge segments that fit
Shape and Edge Density of Edges (ED) m/ha the unit area. The complexity of
each patch form is demonstrated by
the edge density.
The proportion of the overall
Largest Patch Index (LPI) % landscape area to the biggest patch
of that particular patch kind.
Area Weighted Mean Divide the total patch area by the
Fractal Dimension Index None average dimensions of patches of a
(AWMPFD specific patch type.
Measures the patch shape’s
complexity in comparison to a
Mean Shape Index (MSI) Meter per Square regular shape of the same

Mean-Perimeter-to-Area

Kilometer (m/ kmz)

Meter per Square

dimension. Its worth rises as the
form become more complicated.
The perimeter-length-to-patch-area
ratio determines the patch form
complexity. It describes shape

Ratio (MPAR) Kilometer (m/km?)  complexity without requiring a
regular Euclidean shape to be
used (square).

Patch size and Density Patch Density (PD) Number of patches Th.e number of patches per
per 100 ha unit area
Percentage of Landscape o .
(PLAND) Yo The combined landscape area.
Mean Patch Area (MPA) ha Each class’s average patch size
Number of Patches (NP) % The cumulative number of patches

Mean Patch Size (MPS)

Square Kilometer
(km?)

in a given category’s landscape.
The total area of all patches in the
class is divided by the total number
of patches in the class
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3. Results
3.1. Spatiotemporal Distribution of LULC Types in Islamabad (2000-2020)

For the study period (2000-2020), spatiotemporal quantitative analysis of each LULC
thematic class was conducted in requisites of percentage and total area (see Table 2 and
Figure 2). Each LULC class changed significantly during 2000-2020. The dominant LULC
class in Islamabad in 2000 was vegetation (forest, cropland, and grassland), making up
more than 46 percent of the entire region, and bareland, which accounted for 45.45 percent
of the total area. Water and built-up areas had the lowest percentages of 6.37 percent
and 1.21 percent, respectively. However, in 2005, the spatial extent was wide-ranging
among land use classes, and the built-up area was higher compared to other classes. In
2010, vegetation and bareland were still the dominant categories, representing 40.98%
and 39.37%, respectively, of the total area; with the continuation of the previous period, it
showed a declining trend. These trends continued for 2020 with an increase in built-up
area (58.09 km? to 256.49 km?) at the cost of loss of vegetation (428.28 km? to 316.53 km?)
and bareland (414.37 km? to 329.8 km?). The results show a continual decline in vegetation
area and increase in built-up area at an exponential rate over the last two decades.

Table 2. Area statistics of the classified images for the years 2000-2020.

LULC Class Area (km?2)

Years 2000 2005 2010 2015 2020
Built-up 58.09 100.01 166.95 201.33 256.49
Bareland 414.37 404.64 358.67 329.89 326.49

Vegetation 428.28 396.85 373.24 367.88 316.53
Water 11.05 9.71 11.98 11.45 10.76
Total 911.79 911.21 910.84 910.58 910.28

2000 2005 2010

2015 2020

S
- Built-up - Vegetation
Bareland - Water

0o 5 10 20 Miles
I T O A

Figure 2. LULC maps for the years 2000-2020.

3.2. LULC Inter-Category Transition in Islamabad (2000-2020)

The estimated land cover area for each year image (2000 to 2020) and their spatial
distributions are shown in Table 2. Over the last two decades (2000-2020), the built-up area
has increased while vegetation cover has decreased significantly. The major transformations
observed during the study period were vegetation, bareland, and built-up area. From
58.09 km? (6.37%) in 2000 to 256.49 km? (28.18%) in 2020, the built-up area increased by
6.37%, whereas vegetation cover decreased significantly from 428.28 km? (46.97%) in 2000
to 316.53 km? (34.77%) and bareland from 414.37 km? (45.45%) to 326.49 km? (35.87%)
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during the study period (see Table 3), respectively. In 2000, Islamabad majorly comprised
vegetation cover, covering 428.28 km?, which is 46.97% of the total geographical area,
whereas bareland was the second major class, covering 414.37 km? (45.45%). The water
class is relatively stable during the study period. The fluctuation in water class is due to

seasonal flow, which is dependent on weather conditions. However, the overall water class
decreased from 11.05 km? (1.21%) to 10.76 km? (1.18%) during 2000-2020.

Table 3. The change detection matrix of LULC during the different periods (percentage).

Change Annual
2000~ Built- Bareland Vegetation Water  Total/LSE L G 20002005 Yo of Rate
2005 Up P Change of Change

(km*?) o
(%)
Built-up 58.08 0.00 0.00 0.00 58.08 0.00 41.78 41.92 72.15 10.86
Bareland 32.04 379.48 0.00 1.85 413.37 33.89 24.60 —-9.72 —2.34 —0.47
Vegetation 8.84 21.81 396.73 0.53 42791 31.18 0.00 —31.43 —-7.33 —1.52
Water 0.91 2.78 0.00 7.32 11.01 3.69 2.38 —-1.35 —12.18 —2.59
Total/PSL 99.86 404.08 396.73 9.70 910.37 68.76 68.76 —0.58 50.28
2005-2010
Built-up 99.98 0.00 0.00 0.00 99.98 0.00 66.76 66.94 66.93 10.24
Bareland 57.48 343.87 0.00 2.58 403.93 60.06 14.18 —45.97 —-11.36 —241
Vegetation 8.41 13.80 373.13 0.90 396.24 23.11 0 —23.60 —5.94 —1.22
Water 0.87 0.38 0.00 8.45 9.70 1.25 3.47 2.27 23.40 4.20
Total/PSL  166.74 358.05 373.13 11.93 910.37 84.42 84.42 —-0.37 73.04
2010-2015
Built-up 166.90 0.00 0.00 0.00 166.90 0.00 34.32 34.38 20.59 3.74
Bareland 23.78 285.73 47.59 0.98 358.08 72.35 43.60 —28.77 —8.02 —1.67
Vegetation 9.95 42.70 318.34 1.31 372.31 53.97 48.87 —5.35 —1.43 —0.28
Water 0.59 0.89 1.28 9.16 11.93 2.76 2.29 —0.52 —4.34 —0.88
Total/PSL  201.23 329.33 367.22 11.45 910.37 129.08 129.08 —0.26 6.80
2015-2020
Built-up 201.28 0.00 0.00 0.00 201.28 0.00 55.81 55.15 27.39 4.84
Bareland 32.48 269.36 27.39 0.50 329.73 60.36 56.92 —3.40 —1.03 —0.20
Vegetation ~ 22.62 56.40 287.69 0.60 367.31 79.62 28.70 —51.35 —13.95 —3.00
Water 0.72 0.51 1.31 8.91 11.45 2.54 1.10 —0.69 —6.06 —-1.25
Total/PSL  257.09 326.28 316.38 10.01 910.37 142.53 142.53 —0.30 6.34
2000-2020
Built-up 58.08 0.00 0.00 0.00 58.08 0.00 198.7 198.39 341.51 0.30
Bareland 130.89 250.40 30.56 1.58 413.44 163.04 75.65 —87.87 —21.20 0.21
Vegetation ~ 64.79 75.14 285.28 147 426.67 141.39 31.08 —111.74 —26.09 0.21
Water 3.02 0.51 0.52 6.96 11.00 4.05 3.05 —0.289 —2.62 0.22
Total/PSL  256.77 326.05 316.36 10.01 910.37 308.48 308.4 —1.51 291.59

The change analysis results for the periods 2000-2005, 2005-2010, 2010-2015,
2015-2020, and 2000-2020 (Table 3) show a notable decrease in the amount of vegeta-
tion cover and bareland, with a trend of built-up area growth. Table 3 shows that during
2000-2005, vegetation cover decreased by approximately 31.43 km? (7.34%) with a 1.52%
annual rate of change. Bareland decreased by 9.72 km? (2.35%), and built-up area increased
by 41.92 km? (72.15%). The period 2005-2010 showed the same significant changes as in
2000-2005. In this period, vegetation cover shows a decreasing trend of approximately
23.61 km? (5.95%) with a 1.23% annual rate of change. Bareland decreased considerably by
45.97 km? (11.36%), built-up area increased by 66.94 km? (66.94%) with a 10.25% annual rate
of change, and water cover increased by 2.27 km? (23.41%). The period 2010-2015 was a
period of higher variation in land use. During this period, bareland decreased by 28.77 km?
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(8.02%), the built-up area increased by 34.39 km? (20.60%) with a 3.75% annual growth rate,
and vegetation cover decreased by 5.36 km? (1.43%). During 2015-2020, vegetation cover
decreased by approximately 51.35 km? (13.96%) with a 3.01% annual rate of change. The
bareland area decreased by 3.40 km? (1.03%), and the built-up area increased by 55.15 km?
(27.39%) with a 4.84% annual rate of change. Comparing the land use statistics for the
year 2020 with the results of our baseline study in the year 2000 revealed that the alarming
rate of city growth is accompanied by an increase in the built-up area by 341.51% and a
decrease in vegetation cover by 21.21% during this period. LULC changes from 2000 to 2020
show a land transition of classes from bareland and vegetation cover to urban area, which
increased more towards the southern side of the study area. The multiple contributory
elements are responsible for the expansion of urban sprawl in the Islamabad district. These
include a higher annual population growth rate, user preferences (those in the upper class
go to low-density residential regions because they want to live in villas or bungalows
which cannot be constructed in congested city districts), low property taxes, a lack of urban
planning, the need for additional living space, physical topography, inexpensive land
prices, increasing living standards, and high monthly incomes 50.

3.3. Accuracy Assessment for the Years 2000-2020

To assess the accuracy of land cover maps derived from satellite images, a stratified
random sampling method was employed to represent various land cover types within the
study area. Accuracy was evaluated by using 100 points, which were based on ground truth
data and visual interpretation. The classification results were compared with the reference
data through statistical analysis using error matrices. Additionally, a non-parametric Kappa
test was conducted to further measure classification accuracy, as it takes into account not
only the diagonal elements but also all elements within the confusion matrix. The overall
accuracy for the years 2000-2020 is presented in Table 4.

Table 4. Accuracy assessment metrics for classified land use-land cover images (2000-2020).

User Accuracy (%) Producer Accuracy (%) Overall

Kappa
Years Built-Up  Bareland Vegetation Water Built-Up  Bareland Vegetation Water Accuracy Coefficient
2000 92.00 93.33 89.74 83.33 95.83 87.50 92.11 83.33 91.00 0.8700
2005 95.65 93.10 89.74 88.89 91.67 93.10 92.11 88.89 92.00 0.8864
2010 96.43 88.00 89.74 100.00 90.00 84.62 97.22 100.00 92.03 0.8864
2015 93.33 89.66 94.44 100.00 93.33 89.66 97.14 83.33 93.00 0.8996
2020 93.75 89.66 96.67 88.89 90.91 96.30 90.63 100.00 93.00 0.9018

3.4. Land Cover Changes in Built-Up and Non-Built-Up Areas (2000-2020)

The increase in Islamabad’s infrastructure over the past 20 years has been a major
factor in the city’s urbanization, exhibiting the absence of suitable planning. The purpose
of this study was to ascertain and explore the geographical boundaries of inhabited regions
throughout the study period. Figure 3 and Table 5 show both land use and land cover maps
of built-up and non-built-up areas.
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Figure 3. LULC map of built-up area and non-built-up area.
Table 5. Built-up and non-built-up areas in Islamabad (2000-2020).
Years 2000 2005 2010 2015 2020
LULC Area % of Area % of Area % of Area % of Area % of
Class (km?) Total (km?) Total (km?) Total (km?) Total (km?) Total
Built-up 58.09 6.37 100.01 10.98 166.95 18.33 201.34 22.11 256.49 28.18
Non— 853.7 93.63 811.2 89.02 743.89 81.67 709.24 78.53 653.78 71.82
Built-up
Total 910.00 6.37 910.00 10.98 910.00 18.33 910.00 100.00 910.00 28.18

As seen in Table 5, the built-up area in 2000 was 6.37%, which increased to 10.98%
in 2005, 18.33% in 2010, 22.11% in 2015, and 28.18% in 2020, respectively. The horizontal
expansion and transfer of land cover classes contributed to the increase in built-up territory
(vegetation and bareland into built-up area). Overall, 22% of the land was transferred from
other classes to the built-up class (Figure 3), which is a concerning condition for the city
and urban planners.

3.5. Persistence and Vulnerability of LULC Class Dynamics in Islamabad

The gain-to-persistence ratio (G/P) shows the likelihood of gaining relative to per-
sistence in all LULC groups. The net-change-to-persistence ratio (N/P) measures how
much the LULC class has gained or lost in comparison to its persistence [61]. The loss-
to-persistence ratio determines how vulnerable a ground cover is to transformation. The
LULC has a higher chance of gain than persistence if the gain-to-persistence ratio (G/P)
is greater than 1. If the loss-to-persistence ratio (L/P) is greater than 1, the LULC is more
susceptible to changes in other LULC classes than to persistence [61]. However, for the
built-up class, all LULC groups’ L/P and G/P values are less than 1, indicating that the
pattern reflects a loss rather than a gain (Table 6). The built-up class has a G/P of 3.421,
showing that the gain is important as opposed to persistence. As a result, Islamabad could
be particularly vulnerable to the loss of vegetation cover. The G/P of vegetation is 0.109,
meaning that vegetation gain is negligible in comparison to its persistence from 2000 to
2020. The values for bareland and water are 0.302 and 0.439, respectively, showing less
gain than loss. Similarly, the L/P ratio of the built-up class is negative, indicating a lower
susceptibility to failure than to persistence, implying that there is no loss in the built-up
class. Bareland and vegetation, on the other hand, have a greater risk of losing to other
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LULC classes with values of 0.651 and 0.496, respectively; bareland and vegetation reflect a
higher susceptibility to loss than persistence. Water, with a value of 0.582 below 1.0, has a
reduced likelihood of transitioning to other land uses (Table 6).

Table 6. Loss-to-persistent (L/P), gain-to-persistent (G/P), and net-change-to-persistent (N/P) ratios
of LULC classes in Islamabad (2000-2020).

L Tc Nc ANC S G P G/P L/P N/P

Built-up 0.00 198.70 —198.70 198.70 0.00 198.70 58.08 3.421 0.000 3.421
Bareland 163.04 238.68 87.39 87.39 151.30 75.65 250.40 0.302 0.651 0.349
Vegetation  141.39 172.47 110.31 110.31 62.16 31.08 285.28 0.109 0.496 0.387
Water 4.05 7.10 1.00 1.00 6.10 3.05 6.96 0.439 0.582 0.143

The net-change-to-persistence ratio (N/P) for the built-up class is 3.421, meaning that
its net gain is greater than its loss with a net change of —198.70. Water has a value of 0.143,
indicating a lower propensity to change. Over the study period, bareland and vegetation
all experienced net losses of around 0.349 and 0.387, respectively, indicating improvements
in these LULC groups compared to others.

3.6. Future Simulation

By using the LCM, projections are made for the years 2025, 2030, and 2035. The LCM
produces two different kinds of forecasts: hard forecasts and soft forecasts. A forecast is
obtained through a hard prediction that is centered around the MOLA module [53,54].
Each pixel in this module corresponds to a different land cover class, which has a higher
chance of being changed. It indicates the probability that a pixel will be converted to a
different class of land cover. Lastly, throughout a cycle of N years and T2-T1, the transition
likelihood matrix derived from the Markov chain determines how much each land use is
allocated to a thematic class [12].

Selection of Driving Variables for Transition Potential Modeling

The most crucial stage in modeling growth is connected to the LULC transition
associated with the driving factors [29-31]. The model produces reasonably accurate
findings. Since each location is unique and the factors causing change are not always
common, no uniform set has been developed, although multiple variables responsible for
LULC change have been identified and utilized by the researchers to forecast the change [29].
Land transitions also vary from case to case, and the degree to which the driving factors
contribute to the transitions also differs. Urban growth prediction modeling involves
the computation of Cramer’s V, which identifies the best driving variable for modeling
urban growth and measures the association strength between each pair of variables used in
modeling [47].

Cramer’s V, which calculates the ideal driving variable for modeling urban develop-
ment and assesses the degree of association between each set of variables used in modeling,
is computed as part of the LULC simulation modeling process. Selected Cramer’s V values
are given in Table 7 and Figure 4, which show the quantitative rank of correlation between
13 driving factors and 4 significant land use categories.
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Table 7. The quantified relationship between chosen driving factors and the LULC classes is described
by Cramer’s V coefficients.

Driving Factor Cramer’s V
Colonies 0.2924
DEM 0.2684
Airports 0.2647
Bus Stops 0.2628
Hospitals 0.2432
Roads 0.2202
Water Courses 0.2168
Restaurants 0.2125
Hillshade 0.2074
Parks 0.2039
Power Towers 0.2032
City Centers 0.1932
Petrol Pumps 0.1794

Airports - Bus Stops Colonies City Center __ DEM
o -, .
, 2 \ 2 '\ T -
\ ¢

’ y y

Hospitals Hillshade P Parks Power Towers o Petrol Pumps
, -

2 o 2 Aba Al

Roads ~ Restaurants Water -
2 g
\ o X ‘
\ 4 1 )

Figure 4. Driving factors for future prediction modeling.

The highest Cramer’s V for restaurants, 0.2924, was found for colonies, which means
that the sturdiest driving force in the case of urban growth prediction of Islamabad was the
establishment of new housing colonies and societies. The second most important factor for
our study was the DEM, which depicts Islamabad being a hilly area, with the availability of
relatively plain areas driving urban expansion. Other driving forces as ranked by the value
of Cramer’s V include airports, bus stops, hospitals, roads, restaurants, parks, and power
towers, with the distance to petrol pumps having a value of 0.1794, which is only somewhat
linked to a few categories of land and therefore shows the lowest inclusive degree of
connectivity. The Cramer’s V value for city centers, 0.1932, has also been well associated
with the distance to built-up areas and roads, where main roads are all still outlying.

3.7. Model Validation Results

Figure 5 presents maps of land cover and use for 2020, including both real and
predicted data, along with their area statistics (see Table 8). According to tabular details and
visual analysis of simulation modeling findings, the projected thematic map for 2020 closely
resembles the real theme map for that year. Model validation is essential for applying
MLPNN in urban growth prediction studies, with Kappa statistics and relative operating
characteristics being utilized for this purpose. A more detailed analysis was conducted
using Kappa statistics and relative operating characteristics (ROCs). The Kappa statistics,
which compared the projected 2020 LULC map with the actual 2020 LULC map, yielded
the following results: Kappa = 0.94, Kno = 0.95, Kappa location = 0.99, and Kappa standard
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= 0.96. Meanwhile, the ROC value, represented by the area under the curve, was 0.914.
Relative operating characteristics (ROCs) in land change prediction modeling are used to
infer the accuracy predicted by the model of one class out of various other types of land
cover and land usage [49]. A comparison was made between the expected and actual 2020
LULC maps, and verification was achieved using the ROC curve. The region under the
curve (Figure 6) shows that the bulk of the survey area experienced no change, showing that
the predicted results and the actual land use situation are very consistent. After validating
the model, 2025, 2030, and 2035 prediction maps were generated.

2020 Actual 2020 Predicted

s
B suitwp [ vegetation
Bareland - Water
5

0 10 20 Miles
[ [

Figure 5. A realistic and simulated map of Islamabad’s land cover and use in 2020.

Table 8. Land cover map of 2020 with current and estimated land use statistics.

Area (km?)
Cl
asses Actual Predicted

Built-up 256.49 232.90
Bareland 326.49 307.51
Vegetation 316.53 358.73
Water 10.76 10.89
Total 910.28 910.03

True positive

—&—  Model
Uniform

0.0 0.2 04 0.6 08 10
False positive

Figure 6. ROC curve for simulation model.

The relative operative characteristic (ROC) curve is used to examine the relationship
between actual and expected land use-land cover charts. The greater the number of ROC
values that outweigh the upper left corner, the more accurate the model is. The reliability
between the real and forecast land use-land cover chart is represented by the ROC value
for this model.
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3.8. Future Simulation/Scenario

Simulated maps pertaining to the years 2025, 2030, and 2035 are shown in Figure 7.
Landscape statistical change analysis of simulated LULC classes can be observed in Table 9.
The result of change detection from 2020 to 2035 shows that the built-up area will increase
from 256.49 km? in 2020 to 319.58 km? in 2035, while vegetation cover will increase from
316.53 km? in 2020 to 346.20 km? and then decrease to 322.94 km? in 2035 with a —0.71 yearly
growth rate. However, the water class will remain persistent. In the built-up class, the
average change in land use-land cover from 2000 to 2035 is predicted to be 261.49 km?
(Figure 8).

2025 2030

2035

S
- Built-up - Vegetation
Bareland - Water

0 5 10 20 Miles
| [ [

Figure 7. Simulated maps for 2025-2035.

Table 9. LULC area statistics and change analysis.

LULC Area (km?) Change Rate (%)
Years 2020 2025 2030 2035 2020-2025 2020-2030 2020-2035 2000-2035
Built-up 256.49 263.34 293.47 319.57 2.67 14.42 24.59 45.10
Bareland 326.49 290.11 272.56 258.09 —11.14 —16.51 —20.94 —37.71
Vegetation 316.53 346.19 334.10 322.93 —9.37 —5.55 —2.02 —24.59
Water 10.76 10.36 9.87 9.41 -3.73 —8.30 —12.56 —14.85

The expansion of the urbanized region of Islamabad varies over time, i.e., 2.67%
during 2020-2025, 14.42% during 2020-2030, 24.60% during 2020-2035, and 450.11% during
2000-2035, as shown in Table 9. A significant increase in the built-up class has been
associated with a decrease in bareland and vegetation cover. The bareland declined by
—11.14% during 2020-2025, having a yearly rate of growth of —2.36%, and is predicted to
decline by —1.57%, with a yearly rate of change of —20.95, in 2020-2035 (Table 10). Because
of economic policy, employment, manufacturing, and infrastructure growth, simulation
results show that such developments will persist in the future. These modifications have
negative consequences for the green urban environment.
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Figure 8. Net loss and income from other land uses for each LULC class for the years 2020-2035.

Table 10. Annual rate of change.

Annual Rate of Change (%) Change in Area (km?)
2020-2025  2025-2030  2030-2035  2020-2035  2020-2025  2020-2030  2020-2035
0.53 2.17 1.70 7.47 6.85 36.98 63.08
—2.36 -1.25 —1.09 —1.57 —36.37 —53.92 —68.39
1.79 -0.71 —0.68 0.13 29.66 17.57 6.40
—0.76 -0.97 —0.95 —0.90 —0.40 —0.89 -1.35

Future Simulation Gain, Loss, and Net Change

The loss, gain, and net contribution in LULC from 2020 to 2035 are presented in
Table 11 and Figure 8. Increases in other LULC groups, mostly the built-up class, would
negatively impact the vegetation class. In the upcoming decades, unprecedented urban-
ization, demographic growth, and social transformation will result in a substantial rise in
the built-up class. Table 11 also reveals how each land use-land cover class contributed
to a net change in 2020-2035, both positively and negatively. It is worth recalling that the
majority of vegetation degradation occurred alongside growth in the built-up and bareland
classes. The built-up area in the period 2020-2035 is predicted to gain 112.51 km? at the
cost of loss of vegetation and bareland. Vegetation loss was 47.12 km? with a net change of
approximately 33.81 km?. Water underwent a loss of 2.97 km? and gain of 1.54 km?, while
bareland experienced a loss of 123.78 km? and gain of 25.63 due to the development of new
housing societies (Table 11 and Figure 8).

Table 11. Total gain, loss, and net contribution from 2020 to 2035.

Gain Loss Net Contribution
Cl1
asses Built-Up Bareland  Vegetation Water
Built-up 112.51 0.00 0.00 —77.06 —33.81 —-1.65
Bareland 25.63 —123.78 77.06 0.00 21.35 -0.26
Vegetation 47.12 —60.05 33.81 —21.35 0.00 0.48
Water 1.54 —-2.97 1.65 0.26 —0.48 0.00

3.9. Landscape Metrics Analysis

During the study period (2000-2035), landscape measurements were used to define
and measure changes in the form, function, and diversity of the landscape. Patch density
(PD), AREA MN, ENN MN, Interspersion Juxtaposition Index (IJI), percentage landscape
(PLAND), and CONTAG were used to measure the systemic change in thematic classes at
the class level. The structure was measured at the landscape level (LL) using measurements
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such as patch density and scale, form, and isolation or proximity. These include patch
density (PD), the mean radius of gyration (MRG), the Largest Patch Index (LPI), the
mean area (AREA MN), the mean Euclidean nearest neighbor radius (MED), and the
mean-perimeter-to-area ratio (MPAR). The Interspersion and Juxtaposition Index (IJI) and
Shannon’s Diversity Index were used to measure the landscape’s diversity (SHDI).

3.9.1. Change in Spatial Composition of the Landscape (Landscape Level)

The Euclidean Nearest Neighbor Distance (ENN MN) and Patch Cohesion Index
(COHESION) also indicate a substantial decrease in class connectivity. The built-up class
shows the most noticeable change among the land cover classes. In 2000, built-up class
patches were scattered, and with time due to population and urban growth, NP for the
built-up class increased. From 2000 to 2020 (Figure 9), PD also increased from 12.8704 to
25.0352, representing landscape fragmentation. During the study period, IJI increased when
AREA MN decreased, indicating that the sample area is fragmented. During the research
period, Shannon’s Diversity Index (SHDI), which describes fragmentation, increased from
0.9423 to 1.1428, while GYRATE MN declined from 36.7885 to 33.4382. As a result, in 2020,
the landscape was characterized by heterogeneous land use types, as opposed to a more
homogeneous distribution of land use types in 2000. This indicates that the region was
more fragmented in 2020 than it was in 2000. This demonstrates that during the study
period, some land use divisions dominated the landscape. However, from 2000 to 2020,
LPI decreased from 35.927 to 16.8169, indicating landscape fragmentation. The landscape
parameters SHDI and IJI, which reflect variety and texture in the landscape, have a hump-
backed curve. This suggests that as the ecosystem has become increasingly heterogeneous,
disproportional, and complex, the density and internal connectivity of vegetation patches
have decreased, and then increased.
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Figure 9. Changes in the spatial structure of the landscape (landscape-level metrics).

3.9.2. Change in Spatial Composition of the Landscape (Class Level)

Figure 2 illustrates how the patch areas have changed over the last two decades. Be-
tween 2000 and 2020, the PLAND of the built-up area grew from 6.3714 in 2000 to 10.9755
in 2005, then to 18.3296 in 2010 and 28.2598 in 2020. The increase in LSI (from 46.7878 to
96.2393), LPI (from 1.2417 to 15.0807), and ED all support this fragmentation trend (from
15.497 to 67.114). The regularity of patterns can be seen in Figure 10. During 2000-2020,
the number of patches (NP) in the study area increased (from 3453 to 12,639), as did the
mean shape area (SHAPE MN), reflecting a transition toward a larger-grained landscape
in the built-up class. IJI in the Islamabad area declined as a result of haphazard economic
development and exponential population growth (from 73.3169 to 66.1303), and the mean
patch area (AREA MN) increased (from 1.682 to 2.0348) from 2000 to 2020. The LPI for
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vegetation cover dropped from 35.9627 in 2000 to 35.4018 in 2005 and decreased to 30.092
in 2010 and 16.8169 in 2020, indicating an increased landscape fragmentation of vegetation.
From 2000 to 2020, FRAC_AM and PLAND of vegetation cover decreased from 1.3019
to 1.2658 and 46.9708 to 34.7729, respectively. Forest and green spaces decreased from
428.28 km? in 2000 to 316.5309 km? in 2020 due to deviation from the ICT master plan
and the development of new housing societies. ENN_MN of forest cover increased from
93.6286 in 2000 to 104.2962 in 2020. This indicates that, as a result of high industrialization
and unprecedented population growth, the distance between neighbors is widening over
time, implying diversity. The increase in CONTIG MN (from 0.2694 to 0.2878) and IJI
confirms this fragmentation trend (from 46.4442 to 70.768). As a result, vegetation fragmen-
tation in the landscape has continued to increase, contaminating the overall biodiversity.
The PLAND of bareland decreases from 45.4453 to 35.8673 during the study period. The
increase in NP (from 3452 to 5000) and ED (from 53.8839 to 69.6622) and decrease in LPI
both support this fragmentation trend (from 22.8523 to 14.0899). From 2010 to 2020, there
was steady growth in bareland fragmentation. Furthermore, the increase in the LPI of
bareland from 61.2614 to 88.5577 indicated high landscape fragmentation. For the water
class, the LSI decreased from 22.7568 to 20.6351.
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Figure 10. Change in the spatial structure of succession classes (class level).
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The rural regions will continue to degrade if land development continues to stretch
beyond the city’s limits. Policymakers will need to carefully manage and oversee urban
expansion, with an emphasis on preserving dispersed vegetative cover and farmland.

4. Discussion

The majority of quantitative observations are obtained from land survey data, census
data, and socio-economic metrics, with a combination of GIS and remote sensing data, such
as LULC area statistics and spatial patterns. The effects and patterns of urban growth will
be discussed in this section. This study acknowledges challenges such as spatial resolution
limitations and data inconsistencies in socio-economic metrics affecting LULC classification
accuracy. Additionally, dynamic socio-economic factors introduce uncertainty in urban
growth modeling. Future work can benefit from integrating higher-resolution satellite
imagery, systematic ground-truth validation, and advanced machine-learning models to
improve prediction accuracy and address data limitations.

4.1. Urbanization and Growth Patterns

Leapfrog growth, fringe extension, and internal filling are all typical trends in urban
development [67]. In Islamabad, there are four types of urban development patterns:
(1) planning extension, (2) village sprawl and leapfrog, (3) combination, and (4) fringe
sprawl and infilling. The first form of urban growth trend is described as urban expansion
guided by the Islamabad master plan, which was proposed in 1961. For a given time frame,
the optimal use of urban land and appropriate zoning for the layout of urban space are
determined by the city government’s master plan. To accelerate this pattern, the major
highway and road network was first constructed. Then, within the functional zoning
districts, industrial, residential, and other complexes are built sequentially, with a focus on
Zones I and II, which are designated as urban areas.

The second type of development led to the formation of villages that spread outwards,
eventually leading to the formation of a settlement. Sprawl refers to the haphazard creation
of low-density settlement areas as a result of unplanned settlement expansion. It is an
inexorable cycle of urbanization that occurs against the backdrop of active economic and
social growth. Unplanned population expansion results in a leapfrog period of urban
development, in which a village located far from the city expands and elevates into a city.
In Zone ], this is a normal phenomenon. The third trend is a merger of neighboring towns
or villages, which occurs as cities or villages get closer to one another as a result of urban
sprawl. Increasing towns or cities to the nearby towns and villages on the periphery, or
combining two nearby towns or cities of different sizes into one, are typical examples of
this kind of pattern. Zone V is where the typical instances are located. The fourth trend
in urbanization and urban expansion includes infilling within Islamabad City and sprawl
from the urban periphery. Fringe sprawl is the conversion of classes of LULC varieties to
houses and roads on the fringe of cities. The higher housing density is associated with the
conversion of non-urban to urban land uses and is also known as infilling inner sprawl. In
the middle of Islamabad and north of Rawalpindi city, this trend can be seen in Zones I, 1I,
and IV.

4.2. Urban Growth Factors

Industrial and real-estate production, job demand, master plan, transportation net-
works, modernity, better services, population, and neighbor urban impact are the major
factors driving urban growth in Islamabad. In the study area, industrial and real estate
growth is catalyzing economic development. To improve the country’s economic growth,
the Pakistani government declared industrial subsidies in 1988. Unplanned population
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growth results in a leapfrog period of urbanization. The real estate industry is bolstered
by the Model Town Humak and the Defense Housing Authority (DHA), which have
established many real estate ventures and encouraged economic development in Zone
V. Job prospects and wages in rural areas remain inadequate, contributing to significant
disparities between urban and rural communities in terms of income and facility levels. As
a result, the job market and the expansion of work openings are important aspects of urban
planning. The ICT master plan is another aspect that promotes long-term preparation.

The master plan directed the development of Zones I and II. Zone III was relatively
undeveloped until it was classified as an ecologically protected area in line with the master
plan of Margalla Hills National Park. The bulk of transportation infrastructure is made
up of railway and road networks, which play a vital role in developing cities. The road
and rail systems in Zones I, II, and IV and the southern part of Zone V are more developed
than those in Zone III, allowing for more expansion. The majority of the expansion is
concentrated along highways N5 and E2, which run from Bhara Kahu to Farash Town,
Chatha Bukhtawar, Alipur, and Ghouri Town, as shown in Figure 11. Zones IV and V
have faced extensive expansion. The railway line runs through H-9 and I-9, making it
easier for people to travel into and out of the city for work. Rawat is on the mainline
that connects Pakistan’s major cities and transports large amounts of freight and raw
materials. Modernity and better infrastructure are both driving forces in the urbanization
of rural areas.
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Figure 11. Islamabad Capital Territory settlement map.

Islamabad, the Capital Territory, has seen the fastest population growth rate of 4.91 per-
cent in recent decades as a result of numerous ongoing construction activities. From
0.81 million in 1998 to 2.0 million in 2017, the population has grown significantly [12].
Rapid urbanization has put a strain on the region, particularly with a large influx of people
fleeing terrorism-affected areas in Pakistan’s north. As a result, we can conclude that
Islamabad’s population boom is driving haphazard urban development. The influence of
surrounding cities is the most important aspect that synergizes urban sprawl. From the
southeast and southwest, Rawalpindi city encircles Islamabad. Along Highway N5 and E2
from Rawalpindi’s boundary, urban sprawl was evident in Zones I, I, IV, and V. A swath
of municipalities in Zone IV spreads out from Rawalpindi’s eastern suburbs. Bani Galla,
Burma Town, Ali Pur, Chatha Bukhtawar, Shehzad Town, and University Town are located
on Islamabad’s eastern side along the E2 highway.
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4.3. Socio-Economic Sustainability

Islamabad is far from the ICT master plan due to its poor economic strength and
unequal urban development. According to the master plan, economic planning was
prioritized in Zones I and II, which are located in the western part of Islamabad, while
the majority of the zones were ignored. There is still a lot of land to build on in Zones I
and II. Slum sprawl has hampered haphazard population expansion and the development
of many other housing communities. The key constraints to cities’ long-term growth
are unemployment and poverty. In Islamabad, the majority of population growth and
construction was accompanied by slum expansion. Many slum areas, such as Christian
Colony, Musharraf Colony, and French Colony, emerged in the early 1960s in the middle
of Zone 1; slums also emerged alongside seasonal drain paths in G-7, G-8, F-6, and F-7.
Zone V has no contingency area for slums due to industrial development, real estate, and
economic growth, while all other areas have experienced the constant emergence of new
slums. Slums emerged in Sectors F-6, F-7, F-11, G-7, G-8, H-13, and I-13 and in Zone I; in
Jhangi Syedan, Tarnol, and Katan in Zone II; in Shah Allah Ditta, Shah Allah Ditta caves,
and Saidpur in Zone III; in Tarlai Kalan, Sohan, Malpur, Ali Pur, Frash City, Kirpa, and
Lakh in Zone IV; and in Tarlai Kalan. By the year 2000, new slums had appeared in Zones
G-8,-12, and -14, Sector I, and Dhokpracha in Zone II; in Bukhtawar, Kothathyal, Jillani
Town, Kuri, Nogazi, Burma Town, and BharaKaho in Zones III and 1V; along Highway
E-75; and in Bukhtawar, Kothathyal, Jillani Town, Kuri, Nogazi, Burma Town, and Bhara
Kaho in Zone Chatta IV.

Another notable urban development in Zone V is Model Town Humak (MTH). Sur-
rounding countries are unstable due to war with a chronic lack of economic prosperity. In
Islamabad, there has been a wave of refugees. The Pakistan—-Afghanistan border is about
230 km away from Islamabad. A series of military operations along the border, especially
in Afghanistan, caused a large number of people and their families to enter Islamabad and
other Pakistani cities in 2002. Consequently, the size of Islamabad’s slums has grown to
accommodate the needs of displaced residents. New slums have appeared in Zone IV since
2018, including Morian, Pona Faqgiran, Mochi, and Mohran. Previous slum areas were not
filled due to the war on terror, and refugees flooded these and other areas, contributing to
Islamabad’s unequal economic growth.

5. Conclusions

Over the past 20 years, Islamabad’s LULC has changed significantly as a result of
induced socio-economic activity. For long-term urban planning, providing knowledge
on urban development and historical tendencies in urban growth is essential. The back
propagation technique of the Multilayer Perceptron Neural Network was used to calculate
urban growth for the years 2000-2020 and predicted for the years 2020, 2025, 2030, and 2035
in the study area. According to the study, the non-built-up surface area has declined by
93.63% in the last two decades, from 853.7 km? in 2000 to 653.788 km? in 2020. Meanwhile,
between 2000 and 2020, the built-up area has increased from 6.37% to 28.18%. Vegetation
cover and bareland are the major sources of development. According to the report, the
metropolitan area grew by 341.51% from 58.09 km? in 2000 to 256.49 km? in 2020. Urban
prediction modeling revealed further expansion trends, which show that there will be
a huge increase of 450.11% in the urban area until the year 2035 compared to the year
2000, with a decrease of 24.60% in vegetation area and 37.71% in bareland. Village sprawl,
proposed extension, fringe sprawl, and mixing are the four urban development phenomena
identified by the spatial growth trends. In Islamabad, there are eight factors behind
urbanization: industrial and real estate growth, job environment, master plan, transit
infrastructure, modernity, better facilities, population, and neighbor urban impact are all
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topics that need to be addressed. Despite economic growth on almost all sides of the city,
spatial patterns indicate that the south of Islamabad (Zone V) has undergone unchecked
development, focused on urban growth and industrial development.

In Zones I and 1I, the master plan largely forced urbanization. Population growth,
increased infrastructure, and the urban presence of neighboring cities are all contributing
to urbanization in Zone IV. The country’s economic planners should take advantage of
this prediction modeling approach for sustainable urban development. Sustainable urban
planning can be achieved by effective cooperation and coordination between urban planners
and urban modelers. The model’s extrapolative investigative abilities make it a useful tool
for local stakeholders involved in urban planning and management decisions. Natural
resources and food security may be jeopardized as a result of tremendous urbanization
and frightening losses of agriculture and green spaces. However, city planners and officials
must take quick action to ensure both long-term expansion and the preservation of farmland
and natural resources.
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