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Abstract 

Rapid land use changes have taken place in Islamabad, the capital city of Pakistan, over the past decades due to 

accelerated urbanization and industrialization. In this study, land use changes in metropolitan area of Islamabad 

was observed by the combined use of GIS and satellite remote sensing for a time period of 20 years. High 

resolution Google Earth images were downloaded from 1995-2015 and Object-based classification method was 

used for accurate classification using eCognition software. The information regarding residential area, industrial 

area, barren land, arable land, agricultural area, vegetation, forest, water and transportation infrastructure was 

extracted. The results showed that the city experienced a spatial expansion, rapid urban growth, land use change 

and expanding transportation infrastructure. The study concluded integration of GIS and remote sensing as an 

effective approach for analyzing the spatial pattern of urban growth and land use change. 
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Introduction 

The 20th century has seen urbanization, among few 

dominant trends, mainly in the developing parts of 

the world, for economic as well as social change. 

Global trends have also shown that the majority of the 

population lives in urban areas rather than rural. This 

global and gradual shift towards the urbanization of 

the world has taken over almost six decades to take 

place. Data shows that, almost seventy percent (70%) 

of the world population was rural compared to only 

thirty percent (30%) of urban settlements in 1950, 

which changed to almost fifty four percent (54%) 

urban population till 2014. This global trend of urban 

and rural settlements, as measured in the mid-

twentieth century, is expected to reverse by 2050, as 

per estimate, when the urban population is estimated 

to increase to almost two-third (66%) of the total 

whereas the rural population is estimated to decline 

to one-third (34%) of the total population count 

(United Nations, 2014). 

 

The rapid pace of world’s urban population growth, 

especially in developing countries, is one of the major 

challenges for governments and planning agencies. 

Around the globe, megacities continue to emerge 

(Van Ginkel, 2008), which are powerful centres for 

economic growth and prosperity, although this 

growth is accompanied by loss of biodiversity and 

environmental degradation (Czamanski et al., 2008). 

Most of this urban growth occur in less developed 

countries (Girard et al., 2007; Van Ginkel, 2008). The 

spatial expansion of cities and towns beyond their 

juridical limits and peripheries in order to 

accommodate the growing urban population are the 

inevitable outcomes from this process. Therefore, 

effective planning and governance is crucial for urban 

planners and policy makers to achieve a more 

sustainable urban form.  

 

Urban growth leads to the change of land use and 

land cover in many areas around the world, especially 

in developing countries. A major problem with the 

urban growth and LULC change is associated with 

negative social, environmental and economic impacts 

(EEA, 2006). The environmental impacts include 

open space, loss of fertile lands, and biodiversity (Atu 

et al., 2013) spoiling water quality (Tu et al., 2007), 

higher pollutions levels (Glaeser and Kahn, 2004) 

increasing runoff and increase of energy consumption 

(Sung et al., 2013). From the socio-economic 

perspective, the outcomes of urban sprawl are public 

service costs and excessive infrastructure (Batty, 

2008) the decline of public space, loss of a sense of 

community, reducing social cohesion, reducing public 

health, security and safety, loss of cultural values 

(Jaeger et al., 2010; Pereira et al., 2014), traffic 

congestion (Ewing et al., 2003b;Hathout, 2002), 

increase of income inequality (Brueckner and Helsley, 

2011) limited access and longer travel distance, 

especially for non-driver people (Bento et al., 2003). 

 

The aggravation of these problems over the last 

decades has led to the development of new 

approaches and methods to achieve more sustainable 

urban form by monitoring urban growth 

phenomenon and its consequences (Kushner, 2002; 

Jenks and Dempsey, 2005). In an effort to analyze 

urban growth, some researchers (Ewing et al., 2003a) 

measure urban growth by their indicators, while 

others focus on the temporal and spatial technologies 

such as remote sensing and GIS in combination with 

statistical techniques (Thomas et al., 2003; Jat et al., 

2008a; Dewan and Yamaguchi, 2009; Tewolde and 

Cabral, 2011; Rawat et al., 2013; Alexakis et al., 2014; 

Deep and Saklani, 2014; Liu and Yang, 2015). 

However, the monitoring and mapping of urban 

growth and LULC changes using remote sensing and 

GIS techniques has gathered more interests and has 

largely proved to be valuable and effective tools for 

monitoring of urban sprawl over a certain time period 

(Masser, 2001; Jat et al., 2008b; Belal and Moghanm, 

2011; Butt et al., 2015; Dadras et al., 2015).  

 

Beyond methods, monitoring and investigation of 

LULC change and urban growth are necessary to 

identify the impacts especially in developing 

countries. Like most of the developing countries, 

Pakistan has experienced high urban population 

growth in the last five decades. The cities have 

expanded substantially from 1947 to 2019. 
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In Pakistan, urbanization growth has been fueled by 

governments’ policies and incentives which resulted 

in rural-urban migrations. One of the major 

consequences of this trend has been the urban sprawl 

over the last few decades, also in other parts of Asia 

(Roshan et al., 2010; Shahraki et al., 2011; 

Ebrahimpour-Masoumi, 2012; Arsanjani et al., 2013; 

Mohammady, 2014). Monitoring and understanding 

of LULC change and urban growth is crucial and 

would be helpful for the policy makers and city 

planners to direct future developments and for 

environmental management (Sudhira et al., 2004; 

Simmons, 2007). This paper aimed to monitor urban 

spatial expansion patterns and land use/cover change 

in the capital city Islamabad from 1995-2015 using 

remotely sensed data.  

 

Materials and methods 

Study area 

Islamabad Federal Capital lies between 72° 48’ and 

73° 22’ east longitudes and 33° 28’ and 33° 48’ north 

latitudes and this location corresponds to the 

northern edge of Pothwar Plateau. The city covers a 

total land area of about 906 Sq. Km. Based on land 

use, three major segments have been identified in the 

capital city; namely, i) A stretch of 466. Sq. Km 

comprising rural area of Islamabad, ii) A land area of 

about 220 Sq. Km categorized as urban area of 

Islamabad that also includes an industrial and an 

institutional area iii) Green area and parks totaling to 

an area of 220 Sq. Km (GoP, 1999).  

 

As per the data collected in the census of 1998, the 

total population of Islamabad was found to be 0.80 

million. In 2017, this population number has jumped 

up at above 2 million (PBS, 2017). The environment 

has been negatively affected as the population has 

rapidly increased and high demand of natural 

resources has caused immense pressure on their 

availability (Sheikh et al., 2007). The population in 

urban area of Islamabad, has seen a population spike 

to 1.01 million, estimated in 2017, compared to the 

population number collected in census of 1998 that 

was about 0.53 million. Urban area constitutes about 

220Sq. Km of Islamabad and in some of the urban 

areas the population density hits the peak value of 

nearly 12000/Sq. Km. Comparison of average 

population growth rate with other cities shows that 

this rate is more than 3-4 times, the Islamabad stands 

at an average of 5.75%. 

 

The transit system in the urban area of Islamabad is 

considered better as compared to many other cities of 

the country, especially the twin city Rawalpindi. The 

road network of Islamabad represents a grid like 

structure as the city is properly planned and the road 

network is extensive. As a result, the traffic 

environment and the standard of roads are both 

superior when compared to the other cities. The study 

area is shown in Fig. 1.  

 

 

Fig. 1. Study area map. 

 

Data Collection and data preparation 

Data collection involved multiple types of data including 

aerial images of selected years, topographic maps of 

selected cities, master plans of cities, census data and 

previous urban growth studies. Table 1 lists the datasets 

that were collected for use in present study. 

 

Table 1. Data Sources and types. 

Dataset Source Date Resolution 

Google Earth 
Imagery 

Google 
Earth 

1995, 2000, 2005, 
2010, 2015 

2.5 m 

Topographic Maps 
Survey of 
Pakistan 

2003, 2017 1:50,000 

Master Plans Internet 
1995, 2000, 2002, 
2012, 2015 

n.a 

Urban Growth 
Studies 

Internet 
2003, 2005, 2012, 
2014, 2015 

n.a 
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The current research utilized different aerial images 

from 1995 to 2015 for the assessment and 

quantification of the spatio-temporal land use/cover 

changes in the selected area. High resolution images 

from Google earth were used for years 1995, 2000, 

2005, 2010 and 2015. Moreover, this spatio-temporal 

analysis was facilitated by a diverse secondary data, 

including the master plans; census data of 1998-2015; 

and topographic maps. 

 

Land use and land cover change detection 

Spatio-temporal mapping included quantitative time 

series analysis and land cover classes’ transformation. 

As mentioned above high resolution Google Earth 

images were utilized. Object Based Image Analysis 

(OBIA) technique was used for accurate 

quantification. Most of the previous studies on 

LULCC mostly utilized the medium or low spatial 

resolution images, like Landsat ETM+/TM, 

MODIS/TERRA and NOAA/AVHRR (Wijedasa et al., 

2012; Zhou et al., 2013). Then remotely sensed data 

was used to derive different regional and global land 

cover products, for example, FROM-GLC (Gong et al., 

2013), GlobCover (Tchuenté et al., 2011, GLC2000 

(Hansen et al., 2000) and NLCD-China (Liu et al., 

2003). The relatively low resolution of these 

productshave unfortunately made them inadequate 

for study of areas with high heterogeneous and 

complex landscapes e.g. urban environment,having 

small features (e.g. buildings and roads) with complex 

patterns (Zhou et al., 2008; Laliberte et al., 2012). 

This limitation creates a hindrance for policy makers 

and researchers in planning and decision making. 

Thus, requiring for land use mapping of high 

resolution imagery.  

 

A variety of high resolution satellite imagery have 

been generated in the past decades, after the 

development of new satellite sensors e.g. QuickBird, 

IKONOS and RapidEye. These imageries ensure the 

provision of comprehensive information about the 

shape and size of target features, as well as the precise 

relationships among the neighbouring elements, thus 

making availability of new opportunities for accurate 

and detailed regional scale land use and land cover 

mapping (Batista and Haertel, 2010; Duro et al., 

2012). However, because of high economic costs and 

narrow spatial coverage, the utilization of these high 

resolution imageries is generally limited to land cover 

mapping of small areas.  

 

The recent and quick development of Google Earth 

(GE) tool, with high resolution images, as a free and 

open data source has provided wider applications in 

many sectors and excessive support for the OBIA 

using eCognition software (Kaplan and Avdan, 2017; 

Liu et al., 2017) or utilization as a visualization tool 

for land use mapping (Yu and Gong, 2012; Kaimaris 

et al., 2011). Another advantage of GE is the provision 

of images at different time periods making urban 

planners to perform land use change detection 

studies in a very effective way (Malarvizhi et al., 

2016). Therefore, in present study, GE images of 

selected years were downloaded from Google Earth 

7.1.7 using Elshayal Smart GIS 17.003. Elshayal is an 

open source software with an advantage of 

downloading rectified and geo-referenced GE 

imagery, could be utilized in any GIS analysis without 

the need of geo-referencing (Malarvizhi et al., 2016; 

El-shayal, 2017; Nkomeje, 2017). A total of 210 

images were acquired and downloaded for each 

selected year covering the entire study area of 

Islamabad. The individual images were then 

mosaicked to form one single image in ArcGIS 10.2, 

reprojected and subset in Erdas Imagine 2014 

software using the study areas shapefiles. Fig. 2 

represent satellite images of Islamabad for selected 

years downloaded from Google earth. 

 

Object Based Classification Technique 

There has been wide application of traditional pixel-

based classification approach for land cover mapping 

(Aitkenhead and Aalders, 2011; Shao and Lunetta, 

2012). Yet, due to increase in imageries spatial 

resolution, single pixel have become unable to 

capture the characteristics of targeted objects well. A 

decrease in statistical separability among different 

classes has been caused by the rise in intra-class 

spectral variability, which is very important in the 

pixel-based approach. 
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Another drawback of pixel-based classification 

method is that it lacks the ability to fully analyse the 

detailed spatial information and rich amount of 

texture characteristics in the high resolution images. 

This results in reduction in classification accuracy and 

serious salt and pepper effect (Yu et al., 2006). Due to 

these reasons, OBIA technique was used in this 

research for the classification of high resolution GE 

imagery. In the object based approach, the minimum 

unit is the object comprised of adjacent pixels’ group, 

instead of a pixel, having specific information. 

Moreover, other than the spectral characteristics, the 

topological relationships among different objects, the 

geometric characteristics and the texture of an object 

can be used in classification of images (Lisita et al., 

2013). In the current research, as mentioned earlier 

eCognition software was utilized for the image 

classification. It involved 3 steps (a) segmentation of 

image b) appropriate rule sets selection for 

classification and (c) accuracy assessment of 

classification and comparison. 

 

 

Fig. 2. Satellite images of Islamabad for years a) 1995 b) 2000 c) 2005 d) 2010 e) 2015 downloaded from Google Earth 
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Multi-scale Segmentation 

One of the most important part of OB classification 

technique is the segmentation of images. “The aim of 

this segmentation is the adjacent pixels grouping, with 

similar characteristics to develop different meaningful 

image objects. This is the foundation of subsequent 

classification because all object features are dependent 

on the segmented objects” (Lu and Weng, 2007; 

Blaschke, 2010). Thus, making a suitable scheme of  is 

like segmentation is very important in classification. In 

this research, an algorithm of multi-scale segmentation 

was adopted. This clustering technique of image 

segmentation for high resolution imageries has been 

proved to be very suitable (Dribault et al., 2012). “It 

creates objects using an interactive algorithm, whereby 

pixels are grouped until a given threshold is reached” 

(Kaplan and Avdan, 2017).  

 
The two most important parameters for segmentation 

are heterogeneity criterion and scale factors. The 

average size of the objects indirectly relates to the 

scale factor, which determines the maximum possible 

change in heterogeneity. Whereas, the heterogeneity 

criterion, which controls the clustering decision is 

determined by the two important parameters; the 

shape and the color (Mathieu et al., 2007). The shape 

is comprised of properties of compactness and 

smoothness. Compactness compares the pixels to a 

circle and by this it describes the closeness of pixels 

clustered in an object. Table 2 shows different 

segmentation parameters used in this research. In 

finding the appropriate scale for each land use/cover 

type, first different scales were set starting from 100 

to 10 with a decrement rate of 10. Secondly, the 

results were analyzed visually to determine the 

matching of image objects with feature boundaries. 

This iteration technique helped to determine the 

relatively optimal scale for each land use/cover type.  

 

Table 2. Multi-scale segmentation parameters. 

SN Scale Parameter Shape Compactness 
1. 7 0.7 0.7 

 

Selection of Classes, Features and Classification Rules 

Keeping in view high resolution of GE imagery, and 

aim of the research, a total of nine major categories 

(urban including the industrial were selected to study 

temporal LULCC as well urban growth), represented 

in Table 3. Anderson et al. (1976) defined nine 

different classes for classification and LULCC to study 

urban change in the USA. Similarly, Butt et al. (2012) 

developed eight classes to study urban sprawl in 

Islamabad using multi-sensor satellite data. In OBIA, 

these categories were classified on the basis of 

features selection. 

 

Table 3. Selected land use/land cover classes. 

Sr. 
No. 

Class Name Description 

1.  Residential Total built-up areas including the 
urban and rural area 

2.  Industrial Industrial area 
3. Bare 

Soil/Rocks 
Bare exposed area and transitional 
area 

4. Forest Mixed forest land 
5. Vegetation Mixed vegetation, grass, tree species 
6. Agriculture Croplands/Cultivated area  
7.  Arable Land Fallow land 
8. Urban 

Transport  
Urban transportation network 
including highways, main roads, 
sub-roads, railway tracks and 
airports 

9. Water Water reservoirs and water 
channels 

 

Size, shape, context, spectral and texture 

characteristics comprise the object features. These 

features are usually used for the measurable objects’ 

range by defining their lower and upper limits. Within 

these defined limits, the image objects are assigned to 

a specific class, while those assigned to other classes 

fall outside the range (Manandhar et al., 2009). Thus, 

the main purpose of the selection of features is to 

ensure high accuracy of classified images by 

identification of most relevant features for each class 

(Blaschke, 2010). 

 
In this research, seven features were selected, 

including the brightness, neighborhood 

relationships between classes, standard deviation of 

DN, mean DN, length, area, ratio of length and 

width. The selection of these features was based on 

visual examination, expert knowledge and literature 

review (Zhou and Troy, 2008; Duro et al., 2012). 

The standard deviation and mean of the selected 

features was then used to determine their threshold 

value (Benz et al., 2004).  
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Table 4 lists the rule sets and hierarchical features 

developed for the GE imagery classification in this 

research. The better classification results were 

obtained after the inclusion of spatial features such as 

neighborhood relationships of objects and area, 

otherwise, only spectral features of the imagery 

caused confusion among different classes like shadow 

and building.  

 

Table 4. Variables and Rules Used for Imagery 

Classification. 

Level Parent Class Child Class Rule Sets 
1. Whole 

Imagery 
Land 
Water 

1. Brightness and mean 
DN of bands were used to 
classify the two classes 
based on the nearest 
neighbor classifier. 
2. The inclusion 
relationships between 
building and river objects 
were taken to remove the 
building objects from 
river objects. 

2.  Land Vegetation 
Agriculture 
Settlements 
Barren Land 
Transportation 
Infrastructure 

3. The features including 
brightness and mean DN 
of each layer were 
adopted to classify the 
vegetation, agriculture 
and the remaining class 
based on the nearest 
neighbor classifier. 

3. Settlements Residential 
Industrial 

4. The features including 
brightness and mean DN of 
each layer were adopted to 
classify the settlements in 
to residential and industrial 
area. Later urban 
residential area was 
extracted.  

4. Barren Land Arable Land 
Bare Soil/Rocks 

5. The features including 
brightness and mean DN 
of each layer were 
adopted to classify the 
barren land in to 
agricultural fields and 
bare soil/rocks. 

5. Vegetation Forest 
Other 
Vegetation 

6. The features including 
brightness and mean DN 
of each layer were 
adopted to classify the 
vegetation in to forest and 
other vegetation. 

 
Classification Accuracy Assessment 

In this study, available reference maps, ground truth 

data and data (National Institute of Public 

Administration, 1989; Agriculture Census 

Organization, 1990; Survey of Pakistan, 2003, 2017; 

Federal Bureau of Statistics, 2004) from various 

agencies were used to validate the classified images, a 

method widely used in existing studies (Gao et al., 

2009; Zhou et al., 2009; Butt et al., 2012; Hu et al., 

2013). The reference maps were assumed to be most 

suitable to measure the accuracy of classified images. 

During field visits, the geographical locations of some 

of the features were collected like vegetated areas, 

water bodies and important buildings. This location 

data was used as ground truth data. In addition to 

this, in order to avoid errors in the reference data, the 

satellite data was also used for accuracy assessment. 

Some statistics including overall accuracy and Kappa 

coefficient were computed individually for each image 

and error matrices were then generated for all the 

images, using more than 200 randomly selected 

points as a reference data set.  

 

Change Detection Analysis 

Change detection analysis after LULC classification is 

critically dependent upon appropriate algorithm 

selection (Jensen, 1996). Two approaches are mostly 

used for this change detection analysis; one basic 

technique is post classification comparisons while the 

other technique involves multi-temporal data sets and 

their simultaneous analysis. Training areas with high 

accuracy are required for post classification technique, 

sources of which are either high spatial resolution 

imagery or study area’s local knowledge. Each defined 

class accuracy thus contributes to the overall accuracy 

of the classified image. On the other hand, data with 

similar seasonal and atmospheric conditions are 

required to observe land cover changes in 

simultaneous analysis approach (Butt et al., 2012). In 

this study, post classification comparison technique 

was adopted for LULC change detection.  

 

Indicator of Growth and Change  

Annual Land Use Change Index 

In the current study, first of all, land use change 

index was used for the quantification of change in 

each land cover class during the selected time 

period. Land use change is one of the major driving 

forces of urban growth and development, reflecting 

the urban areas dynamics (Xie et al., 2005; Zhang 

and Guindon, 2006). Therefore, it is considered 

critical in different regional, global and urban 

spatio-temporal analyses. 
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For this purpose, a land use change index (LUCI) 

was used to ascertain the land cover change in each 

class (Equation 1).  

( )

( )

a , t a , t 1 a , t 1

a , t

t t 1

LU LU / LU
ALUCI 100

N N

− −

−

−
= 

−

  (1) 

Where 𝐴LUCIa,t (%) referred to the annual land use 

change index; LUa,t-1 and LUa,t were the land use class 

a’s total area in hectares at time t-1 (former year) and 

time t (current year); N was the total number of years 

from current year (t) and former year (t-1).  

 

Annual Urban Spatial Expansion Index 

After analysis of land cover change, urban spatial 

expansion index was developed for further 

quantification and analysis of the urban growth and 

change in the study area. This index is important for 

the description of the change in an urban area with 

respect to its growth area and urban growth rate 

annually (Fan et al., 2009; Tian et al., 2005). The 

AUSEI (Annual Urban Spatial Expansion Index) was 

considered to assess the temporal spatial urban 

growth of Islamabad, and is given in Equation 2. 

( )

( )

t t 1 t 1

t

t t 1

U U / U
AUSEI 100

N N

− −

=

−

−


−

 (2) 

Where AUSEIt (%) referred to the annual urban 

spatial expansion index; Ut-1 and Ut were the urban 

areas in hectares at time t-1 (former year) and time t 

(current year); N was the total number of years from 

current year (t) and former year (t-1). 

 

Results  

The land use/cover classification maps of the years 

1995, 2000, 2005, 2010 and 2015 of Islamabad are 

given in Fig. 3. Land cover maps were generated 

OBIA technique. The land cover maps were 

discriminated among the following nine categories as 

mentioned above, i.e. Residential, Industrial, Urban 

roads, Vegetation, Forest, Agriculture, Arable Land, 

Bare Soil/Rocks and Water.  

 

Accuracy assessment was done to determine the 

reliability and applicability of classification results in 

change analysis. Based on the reference data and 

visual interpretation methods the Kappa coefficient 

and overall classification accuracy for land cover 

maps were determined (Table 5). The overall accuracy 

of classification was 87%, 86%, 90%, 89% and 92% 

for the years 1995, 2000, 2005, 2010 and 2015 

respectively. These results of accuracy assessment are 

reliable according to Anderson (1976) and Lea and 

Curtis (2010), where >80% and > 90% standard 

accuracy recommended by LULC studies.  

 

Table 5. Accuracy Assessment of LULC maps of 

1995, 2000, 2005, 2010 and 2015 (Islamabad). 

Years Overall Accuracy Kappa Coefficient 
1995 87% 0.86 
2000 86% 0.85 
2005 90% 0.88 
2010 89% 0.89 
2015 92% 0.90 

 

The results of land cover classification of Islamabad 

from 1995-2015 are shown in Fig. 4. The agricultural 

land occupied major part of an area of 24,977.4 

hectares in 1995. In years 2000, 2005, 2010 and 

2015, the distribution value changed to 23, 209.8, 23, 

917, 18880.4 and 10,993.9 hectares respectively. The 

values shows that the agricultural land started to 

decrease from 1995 to 2015, but it faced a major 

change in 2015. Likewise, the second major class 

covering major part of the area was bare soil/rocks. It 

occupied an area of 22,487.6 hectares, which changed 

to 22,182.4, 25.061.5, 22598, and 19224.9 in 2000, 

2005, 2010 and 2015 respectively. Its area increased 

in 2005 but till 2015, it faced a declining trend. 

Vegetation also as a major class changed from 

22310.7 hectares in 1995 to 18036.7, 15069.4, 

20845.5 31534.7 hectares in 2000, 2005, 2010 and 

2015 respectively. According to its distribution value, 

this class decreased till 2005, then increased in 2010 

and 2015. Similarly classification results showed that 

the area of arable land increased from 9977.6 hectares 

in 1995 to 13184.2 hectares in 2000, then changed to 

10523.4, 11034.2 and 6698.9 hectares in 2005, 2010 

and 2015 respectively. Residential area faced a 

continuous positive shift and it increased from 4135.2 

hectares to 6196.5, 8106, 8930 and 12366.3 hectares in 

1995, 2000, 2005, 2010 and 2015 respectively. 

Likewise urban roads also faced a positive shift in 20 

years and increased from 1563 hectares in 1995 to 

3577, 5251.5, 5946.9 and 6772.8 hectares in 2000, 
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2005, 2010 and 2015 respectively. Forest cover value 

was 2882.4 hectares in 1995, reduced to 2225.9, and 

1004.8 hectares in 2000 and 2005 respectively, but 

again started to increase in 2010 and 2015 with area of 

1090.6 and 1721.1 hectares respectively. Considering 

area distribution values, it was observed that industrial 

class occupied the smallest area i.e. 60.5, 91.3, 118.1, 

135.2 and 165.7 hectares in 1995, 2000, 2005, 2010 

and 2015 respectively, and according to distributional 

values this class also followed a positive increasing 

trend. Water was the only class which showed 

continuous negative shift in area from 1878.2 hectares 

in 1995 to 1569.4, 1222.8, 809.6 and 796.7 hectares in 

2000, 2005, 2010 and 2015 respectively.  

 

Fig. 3. Classified land cover maps of Islamabad from 1995-2015. 

 

 

Fig. 4. Area statistics of land cover Islamabad from 

1995-2015. 

Post Classification Comparison 

Change detection analysis was done for the 

comparison of classified images of Islamabad. The 

images selected for comparison were of years 1995, 

2005 and 2015.  

 

The comparison among these were done in order to 

study significant change among classes. Change 

was observed from 1995-2005, 2005-2015 and 

1995-2015 and results of these are given below. 
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LULC Dynamics (1995–2005) 

Comparison results of classified images of 

Islamabad from 1995-2005 are given in Fig. 5 and 

Table 6. Results of cross tabulation matrix (Table 6) 

show that out of total 22310.7ha of vegetation area 

in 1995, 8794ha remained in the same class in 2005, 

6780.2ha was changed to agriculture, and rest to 

other classes. Residential and urban roads replaced 

1259.6ha and 920.5ha respectively. Similarly 

agriculture class retained only 6872.9ha in 2005, 

out of 24977.4ha in 1995. Major replacement was 

caused by bare soil/rocks (8174.6ha). Arable land 

also lost its major part to bare soil (3664.9ha). 

Residential area also shared its area with other 

classes. The shift of urban roads to other classes 

given in Table 6 and other cross tabulation results in 

this chapter was due to misclassification, which 

reduced the classification accuracy.  

 

Table 6. Cross-tabulation of Islamabad land cover classes between 1995 and 2005 (area inha). 

  
1995 

Water 
Bare 

soil/rocks 
Urban 
Roads 

Residential Vegetation Industrial Forest 
Arable 
Land 

Agriculture Total 

2005 Water 644.5 143.2 25.3 116.7 124.3 0 8.4 10.8 149.6 1222.8 
 Bare soil/rocks 284.4 8411.2 160.1 1080.4 3119.5 22.1 124.3 3664.9 8174.6 25061.5 
 Urban Roads 208.5 1202.7 727.5 661.4 920.5 2.9 48.4 427.6 1036.3 5251.5 

 Residential 185.4 2388.6 235.9 978.8 1259.6 6.3 65.3 810.9 2175.8 8106 
 Vegetation 197.1 1029.9 179 17 8794 0 1428.9 507.6 2909.5 15069.4 
 Industrial 14.7 18.9 8.4 10.5 12.6 28 0 6.3 18.9 118.1 
 Forest 0 27.4 6.3 8.4 337 0 608.7 6.3 50.6 1004.8 
 Arable Land 88.5 3774.5 46.3 457.4 962.6 0 29.5 1575.5 3589.2 10523.4 
 Agriculture 254.9 5491.2 174.8 804.6 6780.2 2.1 568.7 2967.7 6872.9 23917 
 Total 1878 22487.6 1563 4135.2 22310.7 60.5 2882.4 9977.6 24977.4 90274 

 

 

Fig. 5. Major Land use conversions in Islamabad 

from 1995-2005. 

 

LULC Dynamics (2005–2015) 

Comparison results of classified images of Islamabad 

from 2005-2015 (Fig. 6 and Table 7) show that major 

land use conversion took place from agriculture to 

vegetation. Out of total 23917ha of agriculture in 2005, 

3374ha remained in the same class in 2015, 10338.3ha 

was changed to vegetation, and rest to other classes. 

Residential and urban roads replaced 2249.7ha and 

1044.8ha respectively. Similarly bare soil/rocks class 

retained only 7683ha in 2015, out of 25061.5ha in 

2005. Major replacement was caused by residential 

(4065.4ha) and vegetation (5070ha). Arable land also 

lost its major part to bare soil (3664.9ha). Residential 

area also shared its area with other classes. Other 

classes which majorly contributed to residential area 

was arable land (1777.8ha).  

 
LULC Dynamics (1995–2015) 

Fig. 7 and Table 8 show the cross tabulation results of 

classified images of Islamabad from 1995-2015. 

Results show that during the period of 20 years major 

land use conversion took place from agriculture to 

bare soil, vegetation and residential. Out of total 

24977.4ha of agriculture in 1995, 3893.6ha remained 

in the same class in 2015, 7249.7ha was converted to 

vegetation, 6080.8ha to bare soil and 3555.4ha to 

residential. 1772.3ha of agriculture was converted to 

urban roads. Similarly arable land contributed 

2639.1ha to vegetation, 2761.4ha to bare soil and 

1473ha to residential. Bare soil/rocks class retained 

only 6194ha in 2015, out of 22487.6ha in 1995. Major 

replacement was caused by agriculture (3176.9ha), 

residential (4147.3ha) and vegetation (4532.8ha). 

Bare soil contributed 1843.2ha to urban roads. 
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Table 7. Cross-tabulation of Islamabad land cover classes between 2005 and 2015 (area inha). 

  
2005 

Water 
Urban 
Roads 

Residential Vegetation 
Indu 
strial 

Forest 
Bare 

soil/rocks 
Arable 
Land 

Agriculture Total 

2015 Water 582 18.9 16.8 65.3 0 0 37.9 16.9 58.9 796.7 

 
Urban 
Roads 

77.9 1829 1116.4 450.8 16.8 12.6 1609.3 615 1044.8 6772.8 

 Residential 117.9 1039 2476 600.3 25.3 14.7 4065.4 1777.8 2249.7 12366.3 
 Vegetation 254.8 1253.3 1870.5 10576.3 17.8 558.2 5070 1594.6 10338.3 31534.7 
 Industrial 6.3 35.8 40 16.9 46.3 0 9.9 2.1 8.4 165.7 
 Forest 4.2 27.4 27.4 895.2 0 341.4 147.5 12.6 265.4 1721.1 

 
Bare soil/ 
rocks 

94.8 591.9 1522.9 1025.8 6.3 35.8 7683 3411 4853.2 19224.9 

 
Arable 
Land 

27.4 115.9 267.5 193.8 0 4.2 2932.5 1432.4 1725.2 6698.9 

 Agriculture 46.3 306 768.8 1270 6.1 37.9 3524.6 1659.9 3374 10993.9 
 Total 1222.8 5251.5 8106 15069.4 118.1 1004.8 25061.5 10523.4 23917 90274 

 

Table 8. Cross-tabulation of Islamabad land cover classes between 1995 and 2015 (area inha). 

  
1995 

Water 
Urban 
Roads 

Residential Vegetation 
Indus 
trial 

Forest 
Bare 

soil/rocks 
Arable 
Land 

Agriculture Total 

2015 Water 501.3 6.3 8.4 77.9 0 4.2 52.7 18.9 126.5 796.7 

 
Urban 
Roads 

183.3 737.2 655 912 10.5 67.4 1843.2 591.9 1772.3 6772.8 

 Residential 256.9 202.2 1168.9 1482.8 12.6 67.4 4147.3 1473 3555.4 12366.3 
 Vegetation 478.1 465.5 716.1 13663.6 6.3 1782.8 4532.8 2639.1 7249.7 31534.7 
 Industrial 12.6 6.3 12.6 16.9 27.3 0 35.8 0 53.9 165.7 
 Forest 12.6 8.4 4.2 760.4 0 705.6 63.2 59.9 107.4 1721.1 

 
Bare soil/ 
rocks 

252.8 86.3 986.6 2708.7 4.2 149.5 6194.6 2761.4 6080.8 19224.9 

 
Arable 
Land 

67.4 8.4 242.2 803.3 0 25.3 2441.2 973.1 2137.8 6698.9 

 Agriculture 108.3 42.5 341.5 1895 0 80.6 3176.9 1455 3893.6 10993.9 
 Total 1878.2 1563 4135.2 22310.7 60.5 2882.4 22487.6 9977.6 24977.4 90274 

 

 

Fig. 6. Major Land use conversions in Islamabad 

from 2005-2015. 

 

Fig. 7. Major Land use conversions in Islamabad 

from 1995-2015. 
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Indicator of Growth and Change 

Land Use Change Index (LUCI) was computed to as 

an indicator of growth and change. It was used to 

observe land use changes in each class. LUCI showed 

remarkable changes over a period of 20 years (Table 

9). Although all land use classes faced change during 

the study periods, either positive or negative, but the 

significant positive shift was observed by three classes 

i.e. residential, industrial and urban roads, and 

maximum growth rate of these classes was during the 

1995-2000 (9.9%, 10.2%, 25.8%). Rest showed a 

mixed trend except water due to major shift in these 

classes. Vegetation showed a maximum increase of 

10.3% during 2010-2015. Agriculture and arable land 

showed a maximum decrease of 8.4% and 7.8% 

respectively during period of 2010-2015. Forest cover 

was first decreased, then increase by maximum 11.6% 

during 2010-2015. Bare soil showed a maximum 

decrease of 2.9% in 2010-2015. Water as mentioned 

earlier continuously reduced in area from 1995-2015 

and maximum reduction was observed during 2005-

2010 with growth rate of -6.8%.  

 

Table 9. LUCI of Islamabad from 1995 to 2015. 

Year 
Agriculture Arable Land Forest Residential Industrial Urban Roads Vegetation Water 

Bare Soil/ 
Rocks 

Area 
(ha) 

LUCI 
(%) 

Area 
(ha) 

LUCI 
(%) 

Area 
(ha) 

LUCI 
(%) 

Area 
(ha) 

LUCI 
(%) 

Area 
(ha) 

LUCI 
(%) 

Area 
(ha) 

LUCI 
(%) 

Area 
(ha) 

LUCI 
(%) 

Area 
(ha) 

LUCI 
(%) 

Area 
(ha) 

LUCI 
(%) 

1995 24977.4 - 9977.6 - 2882.4 - 4135.2 - 60.5 - 1563 - 22310.7 - 1878.2 - 22487.6 - 
2000 23209.8 -1.4 13184.2 6.4 2225.9 -4.5 6196.5 9.9 91.3 10.2 3577 25.8 18036.7 -3.8 1569.4 -3.2 22182.4 -0.3 
2005 23917 0.6 10523.4 -4 1004.8 -10.9 8106 6.2 118.1 5.9 5251.5 9.4 15069.4 -3.3 1222.8 -4.4 25061.5 2.5 
2010 18880.4 4.2 11034.2 0.9 1090.6 1.7 8930 2.03 135.2 2.9 5946.9 2.6 20845.5 7.6 809.6 -6.8 22598 -2 
2015 10993.9 -8.4 6698.9 -7.8 1721.1 11.6 12366.3 7.7 165.7 4.5 6772.8 2.8 31534.7 10.3 796.7 -0.3 19224.9 -2.9 

 

 

Fig. 8. Urban spatial expansion of Islamabad from 

1995-2015. 

 

After calculation of LUCI, urban area was extracted 

for each study year. The extracted urban area of 

Islamabad was comprised of residential, industrial, 

urban roads, vegetation (green spaces), bare soil 

(open spaces), forest and water. The total of these 

classes for each year is given in Table 10. Results 

showed that the percentage of urban area increased 

from 14.6 to 15.7, 22, 26.3 and 30.8 for years 1995, 

2000, 2005, 2010 and 2015 respectively. Islamabad 

observed a dramatic spatial expansion from 1995-

2015. This continuous increase was due to increase in 

population. The rapid urban expansion was observed 

during 2000-2005; 8% annual growth rate. After this 

pace of urban expansion got a little bit slower.  

Table 10. Spatial-temporal urban expansion of 

Islamabad from 1995 to 2015. 

Year 
Urban Area 

(ha) 
% of Urban 

Area 

Spatial 
Expansion 

(ha) 

AUSEI 
(%) 

1995 13144.7 14.6 - - 
2000 14149.6 15.7 1004.9 1.53 
2005 19828 22 5678.4 8 
2010 23718 26.3 3890 3.9 
2015 27828.7 30.8 4110.7 3.5 

 
Discussion 

The first part of the research involved the temporal 

analysis of LULCC classification (1995-2015), with 

selection of different classes including vegetation, 

bare soil, arable land, agriculture, forest, water and 

most importantly urban area and urban 

transportation infrastructure. LUCI was developed as 

an indicator of growth and change. Through this 

indicator a significant change was observed in all 

classes. Detection of LULCC is required for better 

understanding of landscape dynamics (Rawat and 

Kumar, 2015). Policymakers, researchers and 

planners make use of land cover information for 

evaluation of urban growth patterns (Adeel, 2010). 

Proper knowledge of LULC is required by the effective 

management programs (Iqbal and Khan, 2014). A lot 

of developing countries, unfortunately, face problems 

such as climate change, substantial urban sprawl 
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prompted by swift growth of population, inadequate 

planning caused by land use change and human 

disturbances. Residential and industrial zones, 

agricultural activities, mining and deforestation are 

some of the activities and influences of humans on 

land use (Zubair, 2006). Therefore, currently, the 

simplest indicator to detect human influence on land 

is LULCC detection (Iqbal and Khan, 2014). 

 

During the selected time period, the change in 

residential and transportation class was continuously 

positive while the vegetation, agriculture and arable 

land faced non-uniform change. Cross tabulation 

analysis was done for this purpose to exactly quantify 

contribution of each class in change. The reason in 

the increase in agricultural activity first was due to 

population growth and then decline due to land 

clearing activities for the settlements and 

construction of new housing societies. Hagler Bailly 

(2007) stated the reason of increase in agricultural 

activity near population to fulfil basic necessities of 

life. Vegetation showed increase during some study 

periods due to plantation in newly constructed 

housing societies. Some of the images were also taken 

after rainy season, could be an important factor in 

this increase. It was also observed that there was 

significant decrease in bare soil area in the selected 

area. Forest cover also reduced at rapid rate and then 

due to replantation, it got increased from 2010-2015. 

Tanvir et al. (2006); IUCN (2005); Ogundare (2016) 

reported that illegal forest wood cutting, ineffective 

forest management and the increased household use 

of forest wood some of the major factors that 

contribute towards decline of forests. Similar trends 

were observed by Ali et al. (2008); Arfan (2008); Butt 

et al. (2015) and Shafiq et al., 1997 for Islamabad. 

According to them a significant decrease in 

vegetation, agriculture, forest and arable land 

occurred in and around Islamabad due to the fast 

pace of built up area increase. During the selected 

time period, a continuing decrease was observed in 

water class. Reason behind this could be easy 

accessibility to water, resulting in its depletion and 

drying up of tributaries. Another reason could be 

increased deforestation and increased runoff as 

compared to recharge capacity of groundwater, 

lowering its water table (Ali et al., 2008; Hagler 

Bailly, 2007; Mendoza et al., 2011).  

 

After quantification of LUCI, urban areas were 

extracted and urban spatial expansion index was 

developed in order to analyse the spatio-temporal 

change in urban growth. UNCHS (1995) reported the 

use of an indicator for monitoring and assessment of 

cities conditions, provided benchmark for the urban 

conditions development over space and time.  

 

Fig. 8 reflects the continuous and rapid urban 

expansion in study areas from 1995-2015 like other 

urban centres of the world. The results showed the 

percentage of urban expansion during the study 

period was 111%. Similar urban studies were 

conducted by Kotkin and Cox (2013); Kugelman 

(2014), which reported Karachi as the fastest growing 

city of the world from 2000-2010.  

 

Conclusion 

Multi-temporal land use/cover classification 

technique was employed in this research for change 

detection in Islamabad using Google earth images. 

The result revealed that Islamabad has been 

experiencing rapid growth from 1995-2015 leading to 

the loss of agriculture, arable lands and barren soil 

(55.9%, 32.9% and 14.5% respectively). Further, 

urban expansion index results showed rapid urban 

growth from 1995-2015, with urban area increased to 

30.8% in 2015 from 14.6% in 1995.  

 

There was rapid annual increase from 1995-2005, 

which is mainly attributed to the fast increase of 

population due to large rural–urban migration. After 

this pace of urban expansion got a bit slower. 

Consequently, cultivated lands, vegetation, water 

bodies and barren area are reducing apace. In order 

to reduce the adverse environmental impacts of urban 

expansion, planning regulations need to be enforced 

to save the fast declining natural resource base for 

sustainable development. Furthermore, local and 

regional land use management policy need to be 

revised, and integrated multi-disciplinary research 

should be initiated so that sustainable urban 

development strategy can be formulated. 
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