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Abstract

LULCC is a major driver of habitat fragmentation, biodiversity loss, and declining land-
scape connectivity, particularly in rapidly urbanizing regions. Although Islamabad has
experienced substantial urban expansion and forest-cover change, long-term city-scale
assessments linking land-cover dynamics with landscape connectivity remain limited. This
study examined spatiotemporal LULCC in Islamabad from 1991 to 2021 and assessed
whether recent forest recovery improved landscape structural connectivity. Landsat images
acquired in 1991, 2001, 2011, and 2021 were classified into five land-cover categories: water,
forest, built-up area, bare land, and agricultural land. Classification was performed using
the Random Forest (RF) algorithm in Google Earth Engine (GEE). Landscape composition
and spatial configuration were quantified using FRAGSTATS 4.3, while forest fragmen-
tation was evaluated using the Landscape Fragmentation Tool v2.0 (LFT) with a 100 m
edge threshold. The classifications achieved overall accuracies above 90%, with Kappa
coefficients (K) greater than 0.85. Built-up area increased from 76.31 km?, representing
7.55% of the study area, in 1991, to 258.62 km?, or 25.60%, in 2021, demonstrating rapid
urban expansion and associated habitat conversion. Forest cover increased to 340.86 km?
in 2001, declined to 271.96 km? in 2011, and subsequently recovered to 409.22 km? in 2021.
Despite this increase in forest extent, fragmentation metrics indicated persistent spatial
subdivision and limited structural connectivity. High patch density (PD), reduced land-
scape aggregation, and changes in the largest patch index (LPI) indicated persistent spatial
subdivision and limited habitat continuity. These findings highlight the value of integrating
RF-based land-cover classification, multitemporal remote sensing, and landscape metrics
for urban environmental monitoring. The findings suggest that future land-use planning
should consider landscape connectivity, protection of existing forest patches, and spatially
coordinated restoration alongside continued reforestation.
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1. Introduction

Land-use and land-cover change (LULCC) is among the most pervasive manifesta-
tions of human influence on the Earth’s surface. It alters landscape structure, ecosystem
functioning, biodiversity, ecosystem services, and human well-being [1]. Since the 1990s,
LULCC has become a major focus of global environmental research because of its effects
on landscape composition, spatial configuration, and ecological stability [2]. Land cover
refers to the observable biophysical characteristics of the Earth’s surface, whereas land
use describes the human activities and interventions that modify those characteristics [3].
Examining both dimensions is therefore necessary to understand how anthropogenic pres-
sures transform natural and managed landscapes. Landscape pattern describes the spatial
composition and configuration of landscape elements and reflects the heterogeneity gener-
ated by natural processes and human activities [4,5]. Changes in these patterns can modify
habitat availability, patch isolation, edge conditions, and ecological continuity. Assessing
landscape structure is consequently essential for determining whether land-cover transi-
tions support or undermine ecological sustainability. The rapid conversion of forests and
agricultural land into built-up and industrial areas has accelerated in many regions, partic-
ularly around expanding cities. Monitoring the spatial and temporal dynamics of these
changes is critical for regulating urban growth, conserving ecologically important land, and
promoting environmentally compatible development [6]. Remote sensing provides a consis-
tent and spatially explicit basis for monitoring LULCC across large areas and over extended
periods. The increasing availability of multispectral satellite archives, cloud-computing
platforms, and machine learning algorithms has substantially improved the capacity to
classify land cover and identify long-term environmental change. In particular, GEE pro-
vides access to harmonized satellite data and scalable computational resources, while
machine learning methods such as RF can accommodate nonlinear relationships among
spectral variables and generate accurate land-cover classifications. However, land-cover
maps alone do not reveal whether changes in the extent of forests or other natural classes
have improved their spatial integrity. Integrating machine learning-based remote-sensing
classification with landscape metrics and fragmentation analysis is therefore necessary to
connect mapped land-cover transitions with their ecological consequences. Landscape
fragmentation is a major outcome of LULCC. It divides continuous habitats into smaller
and more isolated patches, alters edge-to-interior relationships, and can reduce biodiversity,
ecological connectivity, and ecosystem functioning [7-9]. Quantitative indices such as
number of patches (NP), PD, LP], splitting index, mean nearest-neighbor distance, and
contagion (CONTAG) are widely used to characterize the magnitude and spatial distribu-
tion of fragmentation [10]. These metrics distinguish changes in landscape composition
from changes in spatial configuration. This distinction is important because an increase
in total forest area does not necessarily restore structural connectivity when the recovered
forest remains dispersed among small, isolated, or poorly connected patches. Urbaniza-
tion, agricultural intensification, transportation development, and infrastructure expansion
are among the principal drivers of landscape transformation and habitat isolation [11,12].
Human activities account for a substantial proportion of observed land-use transitions
in many developing regions, emphasizing the need for sustainable land-use planning
and conservation strategies [13,14]. Similar pressures are widespread across the Global
South, where rapid population growth, economic development, institutional decisions,
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deforestation, and unregulated urban expansion have accelerated landscape degradation
and fragmentation [15-18]. Fragmentation should therefore be understood not only as
a biophysical pattern but also as a socio-ecological outcome of interacting demographic,
economic, infrastructural, and policy processes. Green infrastructure, ecological corridors,
habitat restoration, and connectivity-oriented land-use planning are increasingly important
for maintaining ecological continuity in such landscapes. These challenges are particularly
relevant to Islamabad, the capital of Pakistan. The city has experienced rapid population
growth, urban expansion, and infrastructure development, resulting in the conversion of
forest and agricultural land and increasing pressure on natural habitats [19,20]. Urban
growth has also contributed to biodiversity loss, environmental pollution, habitat isolation,
and changes in ecosystem functioning. Although reforestation initiatives, including the Bil-
lion Tree Tsunami Project, have contributed to increases in forest cover in parts of the region,
urban sprawl and transportation development continue to affect landscape integrity [21,22].
Islamabad is therefore an important setting for examining whether gains in forest extent
have translated into improvements in forest spatial structure and connectivity. Urban
development can support economic production and socioeconomic transformation, but
uncontrolled expansion frequently replaces permeable and vegetated surfaces with built-up
and impervious land [23-27]. These changes may intensify urban heat, degrade air quality,
disrupt hydrological processes, and weaken ecosystem functions [28-30]. In Islamabad,
the interaction between urban development, forest restoration, and changing landscape
morphology creates a complex environmental trajectory. A spatially integrated assessment
is therefore required to evaluate changes in both forest extent and spatial configuration. Pre-
vious studies in Pakistan have commonly examined land-cover change, urban growth, or
forest-cover trends separately. However, the combined effects of urban expansion and forest
recovery on the spatial configuration and structural connectivity of forests in Islamabad re-
main insufficiently understood. Moreover, relatively few city-scale studies have integrated
machine learning-based land-cover classification, multitemporal satellite observations,
landscape-pattern metrics, and explicit forest-fragmentation categories within a single
analytical framework. Addressing this gap is important for translating remote-sensing
observations into information that can support ecological planning and environmental
decision-making. This study develops an integrated machine learning and spatial-analysis
framework to investigate LULCC and forest fragmentation in Islamabad from 1991 to
2021. Multitemporal Landsat imagery is classified using the RF algorithm in GEE, and the
resulting land-cover maps are analyzed using FRAGSTATS 4.3 and the LFT v2.0. Eleven
class- and landscape-level metrics—INP, PD, LPI, percentage of landscape (PLAND), land-
scape shape index (LSI), Euclidean nearest-neighbor distance (ENN), mean patch area
(AREA_MN), division index, CONTAG, Shannon’s diversity index (SHDI), and Shannon’s
evenness index (SHEI)—are used to quantify landscape composition, spatial configuration,
fragmentation, and structural connectivity. The study specifically aims to: (i) characterize
the spatial and temporal patterns of LULCC in Islamabad using machine learning-assisted
analysis of multitemporal Landsat imagery; (ii) quantify changes in forest fragmentation
and landscape structure using class- and landscape-level metrics in FRAGSTATS and LFT
v2.0; and (iii) determine whether recent forest-cover recovery has improved structural
connectivity or primarily increased forest extent without restoring landscape integrity.
Based on the identified research gap, the study tested the following hypotheses:

H1: Forest-cover recovery in Islamabad is not necessarily accompanied by a proportional recovery
in landscape structural connectivity.

https://doi.org/10.3390/1and 15091641


https://doi.org/10.3390/land15091641

Land 2026, 15, 1641

4 of 25

H2: Continued urban expansion and agricultural land conversion are associated with increasing
forest fragmentation, reflected by greater edge, patch, and perforated forest and reduced dominance
of large-core forests.

H3: Changes in forest spatial structure may differ substantially from changes in total forest
area. By integrating Random Forest-based land-cover classification, multitemporal remote sensing,
and landscape-ecological analysis, the study provides spatial evidence that can support forest-
fragmentation assessment and inform future urban and landscape planning in Islamabad.

2. Materials and Methods
2.1. Study Area

The proposed study area is Margalla Hills National Park and Islamabad Capital
Territory (ICT) in northern Pakistan, located at approximately (33°14'44.16” N) and
(73°05'04.15" E) (Figure 1). Islamabad is located on the Potohar Plateau in Punjab Province
and serves as the administrative capital of Pakistan. Commercial and industrial activities
are concentrated within the planned urban sectors. The territory covers approximately
1010 km? and is characterized by mountainous terrain, undulating plains, and elevations
ranging from approximately 450 to 600 m. The higher elevations are found primarily in
the north, east, and west, while the low-lying areas are found in the south; Margalla Hills
National Park is the major physical feature along the northern edge [31]. Islamabad is
divided into five main areas (I-V) by the Capital Development Authority (CDA). Zone IV
occupies the largest area, and the most developed residential sectors are in Zone I. These
include administrative, diplomatic, residential, institutional, industrial, commercial, and
rural land uses, green belt, and national park areas [32].
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Figure 1. Location map of Islamabad metropolitan area.

Pakistan’s 2023 digital census showed that the population of ICT grew from around
2.0 million to around 2.4 million between 2017 and 2023, while urban Islamabad was

https://doi.org/10.3390/land 15091641


https://doi.org/10.3390/land15091641

Land 2026, 15, 1641

50f 25

estimated at 1.11 million (2023) [33]. This growth has coincided with a rapid expansion of
built-up land, increasing by over 341% from 2000 to 2020, primarily due to rising housing
demand and infrastructure development [34,35]. Geologically, the area is dominated
by Tertiary alluvial deposits, limestone, and sandstone. The region exhibits a humid
subtropical climate, characterized by an average yearly temperature of roughly 13 °C.
Summers are moderate, whereas winters are generally dry and may occasionally reach
freezing conditions.

2.2. Data Sources and Processing

Landscape composition and configuration are aspects that are examined using land-
use and land-cover (LULC) maps [36]. In this study, LULC maps were created using the
multispectral imagery of Landsat to analyze the LULCC in the city of Islamabad [37].
The multitemporal data (1991-2021) were acquired from Landsat 5 Thematic Mapper
(TM), Landsat 7 Enhanced Thematic Mapper Plus (ETM+), and Landsat 8 Operational
Land Imager (OLI) and processed in GEE. Images from the study area were selected with
reference to ground observations and were cloud-free. The images were classified with
a supervised RF algorithm into five different LULC categories: water bodies, forest area,
built-up area, bare land, and agricultural area.

The resulting LULC raster maps were imported into FRAGSTATS 4.3 to calculate
landscape pattern indices. Spatial variation in landscape structure was further assessed
using the moving window method, which enabled the identification of local differences in
configuration and fragmentation. Forest fragmentation was analyzed using the LFT to eval-
uate structural disruption within forested areas. A digital elevation model (DEM) was also
used for terrain correction to reduce brightness variations caused by topographic effects.

Landsat Surface Reflectance Tier 1 imagery was used for all classification years. Pre-
processing, including calibration, mosaicking, image fusion, clipping, and cloud masking,
was performed through the GEE public data catalog. Landsat imagery with 30 m spatial
resolution was processed using a median composite approach, in which pixel values from
January to December were combined to reduce the influence of seasonal cloud cover. Cloud
and cloud-shadow pixels were masked using the QA band following [38]. The cloud-
computing capacity of GEE improved the efficiency of image processing [39]. The study
area shapefile was uploaded to GEE and used to extract cloud-free Landsat composites
for 1991, 2001, 2011, and 2021 [40]. The overall methodological framework adopted in this
study, including Landsat data processing, RF classification, landscape metric analysis, and
forest-fragmentation assessment, is illustrated in Figure 2.

2.3. Training and Validation

The classification scheme included five dominant LULC classes: water, forest, built-up,
bare land, and agriculture. These classes were selected because they represent the mainland
cover types associated with urban growth, physiographic variation, and ecological change
in Islamabad and can be reliably distinguished using Landsat imagery at 30 m spatial
resolution. This classification scheme aids the study goal of evaluating generalized urban-
ization and forest-fragmentation dynamics. Areas with subclasses that included shrubland,
sparse vegetation, and wetlands were classified as forest or vegetation categories using
spectral similarity and spatial association with these classes, as done in previous regional
LULC classification projects using Landsat data. A 30 m resolution of the Landsat data
enables the implementation of an ecologically representative classification scheme with
reasonable classification accuracy and is temporally comparable between 1991 and 2021.

Stratified sampling was used to create training and validation samples in GEE from the
surface reflectance of Landsat images. This approach ensured spatial representation across
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the CDA Zones I-V and along the Margalla—plains gradient. To minimize edge effects and
spectral mixing, training samples were manually digitized as small homogeneous polygons
located at least one Landsat pixel inside class boundaries. Random validation points were
generated at a minimum distance of 100 m from the training polygons for every class and
year. QA masks and visual inspection were used to screen all samples for clouds, shadows,
and seasonal inconsistencies.

Landsat DataSet

TM-5
ETM-7
OLI-8

v

Pre Processing

v

Random Forest
Classiifcation

I
v v

Vectorization of
Raster data

Accuracy
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cover pattern formation and
fragmentation dynamics

Y

Quantitative and Qualitative Assessment
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Figure 2. Our Proposed model.

The Sample distribution used for model training and accuracy assessment is presented
in Table 1. In total, 70% of the samples were used for training, and 30% were used to assess
accuracy. Classification was performed using Landsat Surface Reflectance Tier 1 imagery
processed in GEE using the red, green, blue, and near-infrared bands. The accuracy was
evaluated using a confusion matrix, and overall accuracy (OA), Kappa coefficient (K),
user’s accuracy (UA), and producer’s accuracy (PA) were computed for each class. For all
years, OA was approximately 91%, and the Kappa values were >0.85, which is considered
to be a reliable classification.
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Table 1. Training and validation sample data.

Years Training Samples Testing Samples
1991 1661 504
2001 1473 441
2011 909 272
2021 1027 308

2.4. Land-Use Classification Based on RF

This study uses the RF model, which is frequently applied to land classification.
Previous studies [41-45] have shown that RF has achieved higher classification accuracy in
LULC studies when compared to Support Vector Machines (SVMs), k-Nearest Neighbors
(KNNSs), and Maximum Likelihood Classifiers (MLCs). Over the past two decades, its
effectiveness in dealing with noisy data and outliers has contributed to its broader use in
remote-sensing applications [46,47].

This study adopted RF classification through GEE with three main parameters, i.e.,
number of trees (Ntree), number of node variables (Mtry), and maximum tree depth (Max
Depth). The number of trees was set to 500, while the number of nodes was retained at its
default value, corresponding to the total number of input features [48]. OA and K were
used to evaluate the accuracy of classification with the help of a confusion matrix. The K
was more than 0.8, showing a good classification accuracy criterion [49,50]. The OA for
1991, 2001, 2011, and 2021 was 90.89%, 90.76%, 91.19%, and 91.11%, respectively, with Ks
above 0.85, confirming the classification’s robustness and reliability.

2.5. LULC Transfer Matrix

The study period was divided into four reference years: 1991, 2001, 2011, and 2021. A
transfer matrix was created in ArcGIS 10.5 to quantify LULC transitions between successive
periods. The matrix shows the area transformations from land-use classes to other classes,
enabling the direction and the amount of change to be determined [51]. The equation gives
the transition matrix:

A1 A A1z Ay .. A
Ax1 Axpp Agz Apy ... Aoy
| As1 Azp Azz Asq ... Ay
T Ay A Agz Aus ... Ayy

where A;; represents the area of land-cover class i at time ¢ that changed to class j at time
t + 1. For instance, A1 denotes the area that remained in class 1, while A, denotes the
area that was converted from class 1 to class 2.

2.6. Landscape Pattern Metrics

Landscape metrics were used to quantify the composition and configuration of land-
cover patterns derived from remote-sensing data. Landscape pattern metrics are extensively
applied in landscape ecology due to their efficient description of patch structure, spatial
arrangement, fragmentation, and connectivity [52-54]. Since land-cover change directly
alters landscape structure, these indices provide a quantitative basis for assessing spatial
transformation over time [55].

Metric selection was based on ecological relevance and the ability of each index to rep-
resent structural properties of the landscape. At the class level, NP, LPI, PD, LSI, PLAND,
AREA_MN, and ENN were used to measure patch number, fragmentation intensity, domi-
nant patch size, shape complexity, class proportion, AREA_MN, and spatial isolation. At
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the landscape level, DIVISION and CONTAG were used to assess landscape subdivision
and aggregation, while SHDI and SHEI were applied to measure land-cover diversity and
evenness. These metrics together describe the main dimensions of landscape composition,
fragmentation, connectivity, and heterogeneity across spatial and temporal scales [52,53,56].
FRAGSTATS 4.3 and RStudio 2026.08.2 were used to calculate the metrics for 1991, 2001,
2011, and 2021 [57]. The formulas and descriptions are provided in Table S1.

2.7. Landscape Pattern Based on Slide Window

The sliding window method was used to examine landscape pattern changes and to
capture local variation in fragmentation and heterogeneity at a local scale throughout the
study area. This approach identifies spatial differences that may be obscured by whole-
landscape statistics [57,58]. The window moves systematically across the raster, and the
selected landscape metric is calculated for each window position. The window determines
the range of values on which the landscape index is computed [59]. The computed value of
the matrix is assigned to the central cell of the window to create a raster map describing
spatial distinction in landscape structure [59].

Assessment of landscape fragmentation was conducted using a 3 x 3 pixel moving
window corresponding to 300 m. This window size was selected to capture regional-scale
spatial heterogeneity and, at the same time, provide enough detail to detect changes in
landscape pattern [60].

2.8. Spatio-Temporal Analysis of Forest Fragmentation

Forest fragmentation, characterized by forest loss and spatial pattern changes, is a
crucial landscape-level process [61]. Various tools and methodologies have been developed
to quantify and analyze forest fragmentation using LULC data [62]. Prominent tools include
LecoS Landscape Ecology Statistics (QGIS plugin) [63], FRAGSTAT [56], LFT v2.0 [64], and
Morphological Spatial Pattern Analysis (MSPA) [65,66], which are used in this study. The
LFT v2.0 tool developed by the Center for Land Use Education and Research (CLEAR)
was used to evaluate edge effects and forest fragmentation [67]. It uses morphological
image processing for the classification of pixels, which results in a classification of the land
as forested or non-forested. LULC was categorized as binary (Table 2) classes of “Forest”
and “Non-Forest” and was analyzed with ArcGIS Pro to determine spatial patterns [68].
The edge width parameter of 100 m, a standard threshold in fragmentation analysis, was
applied to evaluate the impact of fragmentation on adjacent ecosystems [69]. This threshold
reflects the sensitivity of many forest species in subtropical regions and has been widely
applied in fragmentation assessments [70]. Although alternative thresholds were not tested
here, 100 m provides a balanced estimate of core-area delineation based on prior studies.
Forest fragmentation was categorized into six types with four main categories: edge, patch,
perforated, and core. The core areas were further subdivided into three size classes: small
core (SC) (<1.01 km?2), medium core (MC) (1.01-2.02 km?), and large core (LC) (>2.02 km?)
(Table 3) [71].

Table 2. Land classes aggregated into forest and non-forest for forest-fragmentation analysis.

No. Category Describe Reclassified LC

1 Water Areas covered by water. Non-Forest

2 Forest Areas covered by forest. Forest

3 Built-up Land modified by human infrastructure. Non-Forest

4 Bare land Incl-udes all bare land types, such as rocky, Non-Forest
agricultural, and urban bare land

5 Agriculture  Agricultural land. Non-Forest
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Table 3. Components of forest fragmentation and their ecological definitions.

Fragmentation Components Ecological Definition

A discrete, isolated area of forest resulting from the
fragmentation of a larger continuous forest.
Small gaps or openings within a forest are caused by
non-forest elements like roads or agricultural fields.
The forest and non-forest areas are often characterized
Edge by changes in environmental conditions and species
composition.
The interior area of a forest patch, undisturbed by edge
Core effects, is critical for biodiversity and ecosystem
stability.

Patch

Perforation

To quantify temporal changes in individual forest-fragmentation classes, the area
change in each class between two consecutive years was calculated as:

AA; = Aiy, — Aiy

where AA; is the area change (km?) of fragmentation class i, and A;;, and A;;, are the
areas of that class at the beginning and end of the corresponding period, respectively. The
contribution of each fragmentation class to the net change in total forest area was then

calculated as:
AA;

AAr

where C; is the contribution of fragmentation class i to the net forest-area change (%) and

C = x 100

AAr is the net change in total forest area, calculated as:

AAr = F, — Fy

Because gains and losses among individual fragmentation classes may offset one
another, the absolute value of C; may exceed 100%. Positive or negative values indicate
whether the change in a fragmentation class occurred in the same or opposite direction as
the corresponding net change in total forest area.

3. Simulation and Results

The results of LULC classification, landscape metrics analysis, and forest-fragmentation
assessment are presented for Islamabad for the period 1991-2021 in this section. The results
show the spatial and temporal variations derived from multitemporal Landsat imagery
classified using the RF algorithm in GEE. Landscape composition, configuration, and con-
nectivity change were quantified using FRAGSTATS and LFT outputs. The results are
given in four sections: (i) analysis of the distribution of LULC over four time periods,
(ii) assessment of the landscape-level metrics, (iii) spatial pattern of fragmentation, and
(iv) the key findings that identify the change and their ecological implications.

3.1. Land-Use and Land Cover Changes (1991-2021)

The built-up areas have increased significantly in Islamabad from 1991 to 2021, while
the agricultural area has decreased and forest cover has changed. Agricultural land de-
creased from 49.22% of the study area in 1991 to 25.82% in 2021. In the same period, there
was also an increase in the built-up area from 76 km? (7.5%) to 259 km? (25.6%), continuing
the trend of land being converted from non-urban to built-up during the last twenty years.
Forest cover increased from 322.25 km? in 1991 to 340.86 km? in 2001, declined to 271.96 km?
in 2011, and subsequently increased to 409.22 km? in 2021. This pattern reflects alternating
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periods of forest gain and loss over the study period. The bare land experienced smaller
changes; bare land increased during the earlier decades, followed by a decrease in 2021,
and water bodies were relatively stable throughout the study, not exceeding 1% of the total
area. Table 4 shows the area and percentage of each LULC class, and Figure 3 displays the
spatial distribution of each LULC class.

Table 4. LULC of the study area in 1991, 2001, 2011, and 2021.

LULC Area (km?) % Area (km?) % Area (km?) % Area (km?) Y%
Year 1991 2001 2011 2021
Water 7.93 079  9.02 0.89  6.03 0.6 791 0.78
Forest 322.25 319  340.86 33.74 271.96 2692  409.22 40.5
Built-up 76.31 755  129.33 128  217.85 21.56 258.62 25.6
Bareland 106.53 1054 111.75 11.06  139.54 13.81 73.67 7.29
Agriculture 497.22 49.22  419.29 415  374.85 3711 260.83 25.82
<O Gls
1991 2001
Il Water bodies Il Water bodies
[l Forest area Il Forest area
M Built up M Built up
M Barcland 0 N, 4km M Bareland O\, e
| Agriculture Pttt || Agriculture F ]
; ;
s s y PN
2021
Il Water bodies Il Water bodies
M Forest area M Forest area
M Built up : M Built up
M Barcland & i [ Bareland 7 5 —_—
| Agriculture | | | Agriculture N
Figure 3. LULC map for the years 1991, 2001, 2011, and 2021.

Built-up expansion was the most prominent observed LULC transition, particularly
involving the conversion of agricultural and other non-urban land. Forest cover showed
alternating periods of decline and increase, occurring alongside continued land-use change
and reported conservation activities in the region. The changes suggest land-use planning
that restricts unplanned urban growth and promotes actions for reforestation and sustain-
able landscape management. In addition to absolute area change (km?), the percentage
contribution of each LULC class to the total absolute land-cover change within each period
was calculated to facilitate comparison among classes (Table 5).

Table 5. LULCC in the metropolitan area during 1991-2001, 2001-2011, 20112021, and 1991-2021.
o % Change . Change . Change .
Classes  1o9nzom  Absolute  Between20or QIR Between BT Between G BT
Change and 2011 2011-2021 1991 and 2021
Water +1.09 0.70 —2.99 1.29 +1.88 0.52 —0.03 0.01
Forest +18.61 11.94 —68.90 29.61 +137.25 38.15 +86.97 16.15
Built-up +53.02 34.02 +88.53 38.05 +40.76 11.33 +182.31 33.85
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Table 5. Cont.
LULC % Change N Change Change in Change Change in Change Change in
Classes 1991-2001 Absolute Between 2001 Absolute % Between Absolute % Between Absolute %
Change and 2011 2011-2021 1991 and 2021
Bareland +5.22 3.35 +27.80 11.95 —65.88 18.31 —32.86 6.10
Agriculture —77.93 50.00 —44.44 19.10 —114.02 31.69 —236.39 43.89

Note: “+” indicates increased area, “—" indicates decreased area (km?). Note: “Change” indicates an
area increase or decrease in km?. The % absolute change represents the contribution of each LULC
class to the total absolute land-cover change during the corresponding period.

Transformation of Different LULC Classes

The land-use transition analysis (Figure 4; Table S2) makes it clear which are the
most important conversion pathways that underlie the observed LULC changes. During
the 30 years, the agricultural class was primarily replaced by the built-up and forest
classes, with an approximate conversion of 142.4 km? to built-up and 125.3 km? to forest.
These transitions show that substantial portions of agricultural land were converted to
built-up and forest classes, contributing directly to the observed decline in agricultural
area and increase in mapped forest cover. During 1991-2001, agricultural conversion
remained relatively limited, with about 5.5% of farmland changing to forest and 4.6% to
built-up land, showing early transitions from agricultural land to forest and built-up classes
(Table S2). Between 2001 and 2011, urban expansion accelerated, as 8.7% of agricultural
land was converted to built-up areas, while forest area declined by 6.2%. In 2011-2021,
this pattern partly shifted, with 13.0% of farmland converted to forest cover, contributing
to the recovery of forest area, while 5.7% of bare land changed to built-up use as urban
development continued. These transition patterns are consistent with the net area changes
and identify agricultural-to-built-up and agricultural-to-forest conversions as important
components of Islamabad’s observed landscape transformation.

1991 2001 2011 2021

Agriculture
. Agriculture

Agriculture

Agriculture

Forest

Forest

Forest

Built-up.
Built-up

Forest
4
| i

Built-up —
Built-up.

| B |

Bare land .Bare land D Bare land
Bare land

Figure 4. Major land-use and land-cover transition pathways in Islamabad during the study period.
For visual clarity, unchanged land-cover areas and transitions representing less than 1% of the study
area are not displayed; the complete transition matrix is provided in Table S2.

The period-by-period percentage changes in Figure 5 show continued built-up expan-
sion, declining agricultural land, and variable forest cover. Urban area increased in each
interval, while cropland decreased, with the largest changes occurring during 2001-2011.
On the other hand, forest cover decreased during the same time period and has increased
since 2011, due to forest loss and later restoration. The patterns are in line with the re-
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sults of the transfer matrix and suggest a trade-off between increasing built-up cover and
decreasing natural and agricultural cover. The patterns of forest losses and subsequent
recovery observed during the study period need to be further investigated; this is why
Section 3.2 investigates the patterns of forest loss and recovery at the spatial level during
the study period.

1991-2001 1991-2021 x

2001-2011

2011-2021

Legends

I Builtup to Forest | Bareland to Builtup ] Vegetation to Bareland
M Bareland to Forest I Vegetation to Builtup  [lll Forest to Vegetation
Il Vegetation to Forest || Forest to Bareland | Builtup to Vegetation
Ml Forest to Builtup I Builtup to Bareland [l Bareland to Vegetation

0 8.2 16.4 km
|||||||||||IIIIII|III|\\\IIIII\\\II

Figure 5. LULC variations in Islamabad from 1991 to 2021.

The urban area continues to expand, and forest cover is being lost and gained to
varying extents, while agricultural land is on a downward trajectory as shown in Figure 5.
They also highlight the need for city planning that will help to stop the conversion of
farmland and promote reforestation and sustainable management of the landscape. Forest
gain/loss and spatial distribution are explored further below for the study period (Figure 6).

100% -
50% -
0%
=50% -

—100% -

Ga;in Lolss Galin Lolss Galin Lolss Ga;in Lolss
1991-2001 2001-2011 2011-2021 1991-2021

Land Use Type
Im water BB Forest Area EEE Built-up Area W Bare Land Agriculture Land

Figure 6. Percentage variation in land-use types in metropolitan areas over different time periods
(1991-2001, 20012011, 2011-2021, and 1991-2021).
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3.2. Forest Cover Dynamics and Spatial Distribution (1991-2021)

Forest cover in Islamabad and the surrounding Margalla Hills changed considerably
between 1991 and 2021, subject to a variety of factors, including deforestation, encroaching
urban development, and reforestation. The northern areas showed mostly recovery due to
conservation and plantation activities, such as the Billion Tree Tsunami Project, which led to
an increase in forest cover. Forest loss was more evident in the central and southern parts of
Islamabad, where urban expansion continued to exert pressure on forested land (Figure 7).
Forest cover increased during 1991-2001, declined between 2001 and 2011, and recovered
during 2011-2021 due to afforestation and protection measures taken in Margalla Hills
National Park (Table 6; Figure S2). In this analysis, ‘loss’ refers to forest areas converted to
non-forest classes, whereas ‘gain’ refers to areas converted from non-forest classes to forest.
Losses were mostly concentrated in the expanding urban fringe, while forest regeneration
was mostly concentrated in protected areas. These changes indicate forest recovery in the
face of persistent urban pressures, highlighting the need for conservation planning and
managed urban development in order to build landscape resiliency.

1991-2001
M Gain
M Loss

2011-2021
M Gain

- Loss }—o—o—o—o—o—'—o—o—o—o—o—'

2001-2011
M Gain
M Loss

1991-2021
M Gain ¢
M Loss 0\ 2 4km

Figure 7. The Forest gain and loss map classification for Islamabad, 1991-2021.

Table 6. Forest area and temporal changes in total forest cover for each period (1991-2021).

Initial Forest Area Final Forest Area

2 . 2
Years (km?) (km?) Forest Loss (km*®) Forest Gain (km®)
1991-2001 322.25 340.85 18.61
2001-2011 340.85 271.96 68.89 -
2011-2021 271.96 409.22 - 137.25

3.3. Forest-Fragmentation Analysis

The spatial distribution of forest fragmentation changed considerably between 1991
and 2021, indicating substantial changes in forest structural configuration (Figure 8). Using
the 100 m edge threshold, forest areas were categorized as edge, patch, perforated, small-
core (SC), medium-core (MC), and large-core (LC).
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Figure 8. Forest-fragmentation patterns in Islamabad (1991-2001, 2011-2021).

In 2001, large-core (LC) forests represented 57.99% of the total forest area, but its
proportion declined to 35.56% by 2021, indicating a reduction in the relative dominance
of large-core forests. In absolute terms, large-core forests decreased from 197.68 km? in
2001 to 145.50 km? in 2021. Patch forests increased from 1.39 km? (0.43%) in 1991 to
72.93 km? (17.82%) in 2021, indicating a substantial increase in isolated forest fragments
(Figure 9). Perforated forests increased from 25.92 km? (8.04%) in 1991 to 75.58 km? (18.47%)
in 2021, indicating a substantial expansion of internally fragmented forest areas. Small-
core forests increased from 10.22 km? in 2011 to 18.39 km? in 2021. These fragmentation
changes occurred alongside substantial built-up expansion and agricultural land conversion
documented by the LULC analysis. The increase in patch and perforated forests, together
with the reduced relative dominance of large-core forests, indicates a shift toward greater
structural fragmentation and reduced forest continuity in Islamabad. A sensitivity analysis
was conducted for the 2021 forest map using edge thresholds of 50, 100, and 150 m (Table S5).
Although the estimated proportions of individual fragmentation classes varied with edge
distance, the overall interpretation of substantial forest fragmentation remained consistent.
Large-core forests accounted for 49.31% of total forest area at the 50 m threshold, compared
with 35.56% at 100 m and 29.95% at 150 m. Conversely, the combined proportion of patch
and perforated forests increased from 13.56% at 50 m to 36.29% at 100 m and 46.01% at
150 m. These results demonstrate that the absolute extent of individual fragmentation
classes is threshold-sensitive, particularly for core forests, while the presence of considerable
structural fragmentation is evident across all three tested thresholds.

Transitions and Change Matrices of Forest Fragmentation

Changes in the spatial pattern of forest fragmentation from 1991 to 2021 indi-
cated changes in landscape connectivity (Figure 8). Forest areas were classified into six
categories—patch, edge, perforated, SC, MC, and LC. Each category represents a different
ecological condition. LC areas encompass relatively undisturbed interior forest habitats that
provide for biodiversity and ecological stability. SC and MC forests contain interior habitats
but are more susceptible to edge effects than large-core forests. Perforated forests are forests
that have internal openings within a forest block, which may be associated with human
disturbance, and habitat quality may be declining, while patch forests are isolated frag-
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ments that generally provide limited habitat connectivity and ecological function. Forest
structure and connectivity have changed over the study period (Figure 10; Tables 7 and S4).
Edge-to-edge transitions remained high, with values of 7.85 during 1991-2001 and 7.12
during 2011-2021. Patch-to-patch persistence increased from 2.37% during 1991-2001 to
3.47% over the full 1991-2021 period, indicating persistence and expansion of isolated forest
patches. The degradation was highest in the LC forest class between 2001 and 2011, with a
rise in LC-to-perforated transitions to 14.97, indicating fragmentation of once-continuous
patches of forest.

Forest Fragmentation 1991 - 2021
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=
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Figure 9. Forest-fragmentation trend from 1991-2021.
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Figure 10. Transitions across forest fragmentation (1991-2021).
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SC and MC forests did not have as major a role, and the MC class represented only
5.80 km? (1.42%) of forest area in 2021. Perforated forests increased in size over time
and were more highly fragmented in 20112021 (8.62) than in 1991-2001 (2.28), indicating
increasing persistence of internally fragmented forest areas. Over the entire study period,
LC areas shifted to edge (3.81) and perforated (7.50) classes, and there was only partial
regeneration from perforated areas to larger core forest areas.

These transitions show a sequence of early edge formation and patch development
during 1991-2001, rapid fragmentation and core loss during 2001-2011, and continued
edge dominance with localized regeneration during 2011-2021. Patch forests increased
from 0.43% to 17.82%, perforated forests from 8.04% to 18.47%, and edge forests from 3.84%
to 22.24%, whereas the proportion of large-core forests declined from 53.72% to 35.56%.
These patterns suggest that urban expansion, agricultural encroachment, and infrastructure
development have progressively fragmented Islamabad’s forests. The following section
examines landscape- and class-level metrics further to quantify these spatial changes across
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all land-cover classes and to assess how urban expansion and land-use transitions have
altered Islamabad’s ecological structure.

Table 7. Temporal changes in forest-fragmentation classes and forest/non-forest cover in Islamabad
from 1991 to 2021. The periods (a), (b), and (c) represent 1991-2001, 2001-2011, and 2011-2021,
respectively. Change (km?) represents the difference in area of each fragmentation class between
consecutive years, while contribution to net forest-area change (%) represents the area change in each
fragmentation class relative to the corresponding net change in total forest area. Values may exceed

£100% because gains and losses among individual fragmentation classes can offset one another.

Classes 103 % 000 Mg 2021 Ch(aa‘)‘ge % Ch(f)‘ge % Ch&‘)‘ge %
Patch 139 043 2619 768 3187 1172 7293 1782 248 178417 568 2169 4106  128.84
Edge 1239 384 6646 195 5432 1997 9101 2224 5407 43640 1213 1827 3668  67.54
Perforated 2592 804 3885 114 5145 1892 7558 1847 1293 4988 1261 3243 2413 4690
sC 3894 1208 957 281 1022 376 1839 449 2938 7542 065 679 817 7994
MC 705 2188 212 062 45 165 58 142 6837 9699 237 11226 13 2889
LC 1731 5372 19768 5799 11961 4398 1455 3556 2456 1420 7807 3949 2591 2165
Forest 3222 319 34086 3374 27196 2692 4092 4051

N-Forest 6879 681 66939 6626 73828 7308 601  59.49

3.4. Landscape-Level and Class-Level Metrics and Their Link to Land-Use Drivers (1991-2021)
3.4.1. Landscape-Level Changes

The spatiotemporal analysis of landscape patterns from 1991 to 2021 showed structural
changes across the five LULC categories, measured using landscape- and class-level indices.
Seven class-level metrics—NP, PD, LPI, PLAND, LSI, ENN, and AREA_MN—were used to
assess changes in landscape structure and fragmentation intensity (Figure 11).
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Figure 11. Temporal trends in landscape metrics in Islamabad (1991-2021).

At the landscape scale, CONTAG decreased from 49.22 in 1991 to 37.99 in 2011,
indicating the fragmentation of previously continuous land-cover mosaics associated with
the expansion of roads, housing, and mixed land uses. During the same period, DIVISION
increased from 0.85 to 0.91, reflecting greater subdivision into smaller and more isolated
patches. Both indices stabilized after 2011, indicating a slower rate of additional subdivision
after 2011. SHDI increased from 1.18 in 1991 to 1.36 in 2011, while SHEI increased from
0.73 to 0.84, indicating greater land-cover diversity and a more even distribution of land-
cover classes. The changes indicate that fragmentation intensified until 2011 and became
less pronounced thereafter.

Classes of forest fragmentation are patch, perforated, transitional, SC, and LC, which
represent different ecological conditions. Patch forests are isolated forest fragments that
generally provide limited habitat connectivity. Perforated forests contain openings cre-
ated because of internal disturbance. Transitional zones are areas of disturbance and/or
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regrowth; SC forests provide limited interior habitat, and LC forests are more stable, with
core forest conditions. A 100 m edge width was used to define these classes, as this is the
approximate depth of edge influence of microclimate and biota found in regional forest
edge studies.

3.4.2. Class Level Dynamics

At the class level, substantial structural changes were observed in forest, agricultural,
built-up, bare land, and water classes between 1991 and 2021. These changes are generally
related to urban expansion, agricultural decline, and local forest regeneration. Built-up area
increased from 7.55% in 1991 to 21.56% in 2011, while agricultural land decreased from
49.22% to 37.11%. Forest cover increased in 2001, declined by 2011, and recovered by 2021.
The class-level metrics (Table S3 and Figure 11) are derived based on these LULC changes.

NP and PD increased in built-up and agricultural classes, indicating a greater number
of smaller patches than in any other class (Figure 12). NP increased substantially in the
built-up class, from 5566 in 1991 to 9211 in 2011, indicating greater spatial subdivision
of built-up patches during this period. The forest NP in 1991 was 5650, then reduced to
2868 in 2001, and increased to 3787 in 2011, indicating a loss and a partial recovery due to
replanting and conservation. There were also increases in NP and PD in barren areas after
2001, potentially associated with the removal of vegetation cover and disturbance of the
surface associated with construction and erosion processes.

PLAND (%) Number of Patches (NP) Patch Density (PD)
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Figure 12. Class-level metrics of LC patterns (1991-2021).

The differences in the dominance and continuity of land-cover classes were apparent
in LPI values. The decline of the agricultural LPI from 29.26% in 1991 to 2.99% in 2021 was
due to the fragmentation of large farmland blocks. The proportion of built-up LPI increased
from 0.68% to 7.23%, indicating the consolidation of previously dispersed settlements into
larger urban clusters. Forest LPI was at 26.90% in 2001, dropped in 2011, and rose in 2021
to 27.96%, similar to forest loss and regrowth. The area of continuous bare land surfaces
decreased from 5.86% in 2001 to 0.62% in 2021 (bare land LPI), representing a decrease
in the amount of continuous bare land surfaces and indicating greater fragmentation of
previously continuous barren surfaces.

Additional values of ENN characterize the isolation of classes. Forest ENN increased
up to 2001, indicating greater separation among forest patches, and subsequently declined
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by 2021, indicating reduced mean nearest-neighbor distance among forest patches. ENN
in built-up areas declined gradually, suggesting denser urban development and shorter
distances between urban patches. Agricultural ENN also decreased, indicating a tendency
to cluster towards urban extremities. The averages in AREA_MN showed similar trends:
average patch size increased in urban areas, agricultural and bare land classes became more
fragmented, and forest patches moderately recovered after 2011.

3.4.3. Spatial and Temporal Variations in Fragmentation and Diversity

The landscape fragmentation and landscape heterogeneity in Islamabad have been in-
creasing over the years, as shown in the landscape metrics for 1991-2021 (Figures 13 and 14).
PD maps indicate that fragmentation expanded from localized mixed-use areas to broader
parts of the metropolitan landscape. The high PD values were predominantly found in
areas with agricultural use and natural vegetation, whereas the northern and peripheral
areas still had low fragmentation in 1991.

PD-2011 X / PD-2021

0 2.189062 frmtmm it 0 2.189062 o ]

SHDI-1991

SHDI-2011 SHDI-2021

0 1.406952 0 1.406952

Figure 14. Spatial distribution of SHDI from 1991 to 2021.
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By 2001, higher fragmentation had extended into transitional areas and spatially coin-
cided with areas undergoing substantial land-cover conversion. Compared to 2011, high-PD
clusters became concentrated around the metropolitan core, suggesting fragmentation of
larger habitat patches and a decrease in ecological connectivity in the 2011-2021 period.

3.4.4. Spatial Patterns of Landscape Diversity (SHDI)

SHDI patterns also indicate increasing land-cover heterogeneity. High SHDI values
were found in mixed agricultural/vegetated areas, where more diversity in land cover
existed but was limited in space in 1991. Over time, the SHDI values increased in central,
north, and eastern Islamabad, which aligned with changes in the use of agricultural land
and urban expansion (Figure 14). In 2021, greater diversity in land-use mosaics around the
urban core was becoming more prominent, while low SHDI values were primarily located
in forest highlands with little human use. The increase in both PD and SHDI indicates that
the landscape became more fragmented and compositionally diverse over time, alongside
substantial changes in built-up, agricultural, and forest land cover.

3.5. Summary of Key Findings

Islamabad has experienced a transition from agriculture to urbanization from 1991 to
2021. The built-up area grew from 7.55% to 25.6%, and the agricultural area shrank from
49.2% to 25.8%. The forest cover has been shrinking in the 2001-2011 period, followed by
an expansion after 2011, partly due to conservation and plantation programs like the Billion
Tree Tsunami Project. Integrated analysis of LULC transitions, landscape metrics, and forest-
fragmentation classes reveals that forest recovery was not always accompanied by increased
connectivity. Edge, patch, and perforated classes increased in size, and large-core forests
were further subdivided. An increase in PD and DIVISION and a decrease in CONTAG
means that there is increased spatial subdivision and decreased landscape aggregation.

4. Discussion

The present study assessed LULC change and forest fragmentation in Islamabad from
1991 to 2021, based on remote-sensing data and landscape metrics. This period saw an
increase in built-up area and a decrease in agricultural land due to conversion to urban
uses, especially since 2001 [72]. Forest cover increased from 1991 to 2001, decreased during
2001-2011, and then partially recovered during 2011-2021, partly due to reforestation
efforts like the Billion Tree Tsunami Afforestation Project (BTTAP) [73]. The increase in
forest area, however, did not match full forest structural recovery. PD increased, and
CONTAG declined, indicating greater subdivision and lower aggregation of forest patches.
Further evidence of fragmentation of previously continuous core forest areas is provided
by the decline of forest LPI during the main disturbance period [74].

These results provide support for the proposed hypotheses. H1 was supported because
forest-cover recovery after 2011 was not accompanied by a proportional recovery in forest
structural connectivity, as reflected by the reduced dominance of large-core forest and
increased patch, edge, and perforated classes. H2 was supported at the level of spatial
association, as built-up expansion and agricultural land conversion occurred alongside
increased landscape fragmentation and reduced aggregation; however, causality was not
directly tested. H3 was supported because landscape-configuration metrics and forest-
fragmentation classes consistently showed that changes in forest spatial structure differed
from changes in total forest area.

The LULC and fragmentation patterns of Islamabad are echoed by similar patterns
reported by other rapidly growing cities in Asia. Urbanization has led to widespread loss of
agricultural and forest land in cities, creating more discontinuous landscapes and decreas-

https:/ /doi.org/10.3390/1and 15091641


https://doi.org/10.3390/land15091641

Land 2026, 15, 1641

20 of 25

ing ecosystem functions in cities including Mumbai, Dhaka, Colombo, and Tokyo [75-78].
These processes have also been reported in two other regions: the Yangtze River Basin in
China, where natural and agricultural land has been converted to built-up areas, leading
to decreased habitat connectivity, and Khyber Pakhtunkhwa, Pakistan, where population
growth and economic development have contributed to the loss of natural and agricultural
habitats [79-81]. The conversion of cropland and forest land also led to the decline of
ecosystem services and increased landscape fragmentation in the major grain-producing
areas in China [82,83]. Research from Nanjing, China, and Athens, Greece, also shows
that afforestation and green infrastructure, if not combined with ecological connectivity
measures, may not compensate for the impacts of ongoing urban sprawl [84,85].

The outcomes are consistent with one of the key tenets of landscape ecology, that
urban development can fragment habitats, increase edge effects, and decrease the functional
continuity of natural systems [86]. Fragmentation seems to be as significant as forest loss in
Islamabad. The forest-cover has been recovered in several areas since 2011 due to BITAP
and other plantation projects. However, many forest areas are still physically fragmented,
and stands are small and interspersed with other land uses. This is important because not
all forest cover growth necessarily enhances habitat connectivity or ecological function.
These findings suggest that future restoration planning could benefit from considering the
spatial arrangement of forest patches, conservation of core habitats, and measures to limit
further fragmentation associated with urban expansion. Green infrastructure, urban forests,
and greenbelts may contribute to reducing habitat isolation and supporting ecosystem
services such as carbon sequestration, microclimate regulation, and water management,
although these functions were not directly evaluated in the present study [79].

The following limitations should be considered when interpreting the results. First,
the 30 m spatial resolution of Landsat may underrepresent small forest patches, narrow
ecological corridors, fragmented urban green spaces, and fine-scale land-cover transi-
tions, particularly within heterogeneous urban—forest interfaces. Consequently, some local
fragmentation patterns may not be fully captured, and future studies could use higher-
resolution data such as Sentinel-2 or commercial satellite imagery to evaluate these features
in greater detail. Second, the landscape metrics and LFI-derived fragmentation classes
used in this study quantify structural characteristics of the landscape but do not directly
measure functional connectivity or ecological processes such as species movement, habi-
tat use, microclimatic responses, or population dynamics. Therefore, reduced structural
connectivity should not automatically be interpreted as an equivalent reduction in func-
tional connectivity for all species. Integrating field observations, biodiversity indicators,
species-specific movement data, and habitat-quality assessments would provide a more
comprehensive evaluation of the ecological consequences of fragmentation. Third, socioe-
conomic and policy-related factors, including population growth, infrastructure expansion,
urban planning decisions, and restoration programs, were not explicitly incorporated into
the spatial models. Their inclusion in future analyses would help distinguish observed
land-cover associations from the underlying processes contributing to landscape change.

In addition, although the land-cover classifications achieved overall accuracies of
approximately 91% with Kappa coefficients above 0.85, classification uncertainty may prop-
agate into the derived fragmentation metrics. In particular, isolated misclassified pixels or
small clusters can artificially increase the number of patches and patch density, especially in
heterogeneous urban—forest transition zones. Therefore, the absolute magnitudes of NP and
PD should be interpreted with some caution. However, the fragmentation interpretation in
this study is based on multiple complementary indicators, including PD, LPI, CONTAG,
DIVISION, forest-fragmentation classes, and their multitemporal spatial patterns, rather
than on patch density alone. Future studies could explicitly propagate classification un-
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certainty into landscape metrics through repeated classifications, error-adjusted maps, or
sensitivity analyses using higher-resolution imagery.

Despite these limitations, the results highlight the importance of considering forest
spatial configuration alongside total forest-cover change in rapidly urbanizing landscapes.
For Islamabad, the findings suggest that future restoration and land-use planning could
benefit from protecting existing core forests, improving the spatial continuity of restored for-
est patches, and considering connectivity when evaluating reforestation outcomes. Future
research should integrate socioeconomic and policy-related variables, including population
growth, infrastructure development, urban-planning decisions, and restoration initiatives,
to better explain the processes associated with observed LULC and fragmentation pat-
terns. Higher-resolution and more frequent remote-sensing observations, together with
biodiversity, habitat-quality, and species-movement data, would also help distinguish
structural connectivity from functional ecological connectivity. Applying the integrated
LULC-landscape metric-fragmentation framework to other rapidly urbanizing regions
could provide comparative evidence on whether increases in forest cover consistently trans-
late into improvements in landscape structure and could support more spatially informed
urban restoration and conservation planning.

5. Conclusions

This study quantified LULCC and forest-fragmentation dynamics in Islamabad be-
tween 1991 and 2021 using multitemporal remote sensing, RF classification, and landscape-
pattern analysis. The findings show that rapid urban expansion and the reduction in
agricultural land were associated with greater habitat fragmentation and declining land-
scape structural connectivity. Although reforestation initiatives, including the BTTAP,
contributed to the recovery of forest cover, the fragmentation metrics indicate that this
increase in forest area did not produce a corresponding restoration of forest structural
integrity. High PD, together with low CONTAG and a reduced LP], revealed the continued
subdivision and limited aggregation of forest patches. Although forest cover increased
substantially after 2011, fragmentation metrics indicated persistent spatial subdivision
and limited aggregation of forest patches. The findings suggest that sustainable land
management in Islamabad should consider landscape connectivity alongside reforestation,
including protection of existing forest patches and spatially coordinated restoration where
appropriate. Planning strategies should also account for the socioeconomic drivers of
land-use change and climate-related pressures that may influence the persistence and eco-
logical quality of recovered forests. Future research should combine landscape metrics with
species-specific movement data, field-based ecological assessments, and higher-resolution
remote sensing to evaluate functional connectivity and the long-term biodiversity outcomes
of restoration. The integrated analytical framework applied in this study provides spatial
information that may support future conservation and urban environmental planning in
Islamabad and comparable rapidly urbanizing landscapes.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/1and15091641/s1, Table S1: Formula and significance of Class
and Landscape-level metrics; Table S2: Transition area matrix (TAM) (%) of LULC between 19912001,
2001-2011, 2011-2021, and 1991-2021; Table S3: Class-Level Landscape Metrics (1991-2021); Table S4:
Transition Dynamics of Forest Fragmentation Classes from 1991 to 2021; Table S5: Sensitivity of 2021
forest-fragmentation classification to different edge thresholds (50 m, 100 m, and 150 m); Figure S1:
The square window moves from left to right; Figure S2: Forest and non-forest areas mainly cover the
Margalla Hills National Park.
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