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Abstract: Deforestation and forest degradation is a global concern, especially in developing coun-

tries. The Margalla Hills of Pakistan—Himalayan foothills—also face the threat of deforestation and 

forest degradation. These Margalla Hills, considering the need for forest protection activities in Pa-

kistan, were declared a reserved national forest and named “the Margalla Hills National Park 

(MHNP)”. This study quantitively evaluates whether deforestation and forest degradation have oc-

curred at MHNP and identifies their possible drivers. Satellite (Landsat) data 1988–2020 was em-

ployed for the land use change analysis, whereas a socio-economic survey of the local population 

and structured interviews with government officials were conducted to identify the drivers of de-

forestation. Supervised classification was performed for imagery classification and the Vegetation 

Condition Index (VCI) was also calculated to measure degradation. Supervised classification 

showed that the forest cover increased from 65% of the total area in 1988 to 69% in 2020. The VCI 

results show that the moderate level of degradation has increased from 3.5% of MHNP area in 1988 

to 8.8% in 2020. The cumulative measure of degradation from 1988 to 2020 is 1.09% of the total forest 

(using p < 0.05). Major drivers identified are fuel wood and timber collection. The results reveal a 

decline in both deforestation and forest degradation. There is a need for further quantitative analy-

sis of the drivers, strict implementation of legislative and control measures, and continuous invigi-

lation of the deforestation trends in MHNP. 

Keywords: deforestation; environmental degradation; climate change; MHNP; Margalla hills; 

public policy 

1. Introduction

The importance of forests is incontrovertible considering their environmental and 

socio-economic advantages [1,2]. They provide various ecosystem services such as carbon 

sequestration, water regulation, and climate regulation [3]. Forests are one of the primary 

sinks of carbon. However, these carbon sinks are facing deforestation and forest degrada-

tion, which account for 20% of greenhouse gas emissions annually [4]. The Earth has lost 

2.3 million km2 of its forest between the years 2000 and 2012, with an estimated annual 

global forest loss of 150,000 km2 area [5,6]. Deforestation can exacerbate the impacts of 

climate change, worsening the already critical situation if no precautionary measures are 

taken immediately [7]. The main reason for deforestation and forest degradation is 
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population growth which leads to agriculture expansion, urbanization, and fuel wood 

collection, mainly in developing countries [8–11]. The United Nation Framework Conven-

tion on Climate Change (UNFCCC) parties have formulated a procedure to reduce carbon 

emissions through the Reducing Emission from Deforestation and Forest Degradation 

(REDD) mechanism. However, the implementation of this mechanism is still a challenge 

in the developing world. Examining the importance of forests for a balanced ecosystem, 

it is recommended that at least 25% of a country’s land should be forests to maintain eco-

logical balance [12]. Hence, to control deforestation and forest degradation, it is important 

to study the changes in forest cover, and its causes on a global, regional, and local scale 

[13]. 

The Himalayas are one of the important mountain ranges of Asia, which support the 

livelihood of 1/6th population of planet Earth [14]. The Himalayas regulate most of Asia’s 

climate and are a fundamental component of the global ecosystem. Deforestation and for-

est degradation in the Himalayas together with global climate change has effected the 

local population adversely [14–16]. The Margalla Hills, located in Pakistan, are an im-

portant part of the Himalayas; they account for 5% of total forest land in the country 

[17,18]. The Margalla Hills were declared a “national park”, also called MHNP, by the 

government of Pakistan in 1980, in appraisal of its importance as a crucial component of 

the country’s forest reserve [19,20]. Therefore, it is paramount to study deforestation and 

forest degradation in the MHNP region. 

Methodologically, remote sensing provides continuous monitoring of the Earth’s 

surface, allowing long-term evaluation of forests [21]. Landsat data is mostly used for as-

sessing changes in global forest cover [22]. Various studies employ Landsat for forest 

cover loss estimation, e.g., [22–26]. Many studies have been carried out for time series 

assessment of urban area expansion using Landsat data. Supervised classification is 

mainly used for the analysis [27–29]. Urban area dynamics can be correlated to forest 

cover change to identify urban expansion as a driver. Forest fires also lead to forest loss 

and can be a significant driver as well [9,30]. 

In addition, forest degradation is a slow modification process of land that is difficult 

to quantify using satellite data [31]. Degradation is a complex and reversible process. It 

requires repeated measurements of various bio-physical parameters that are spatially and 

temporally consistent [32,33]. The Vegetation Condition Index (VCI) derived from the 

Normalized Difference Vegetation Index (NDVI) is calculated from Landsat data as a cu-

mulative measure of deforestation and forest degradation. Unlike NDVI, the VCI can dif-

ferentiate between the change in vegetation conditions owing to short-term meteorologi-

cal changes, geographical factors, development activities, and urbanization in the ecolog-

ical system. Moreover, it is vastly used for drought monitoring [34,35] as well as monitor-

ing changes in vegetation conditions [36]. The VCI is also helpful for identifying the areas 

where vegetation is under stress [37]. A study conducted in Brazil used the Vegetation 

Condition Index to monitor the effects of urbanization on vegetation [38]. 

Moreover, the drivers of forest degradation can be identified by conducting socio-

economic surveys. Several scientific studies are based on the socio-economic survey of a 

forest community to identify direct and indirect drivers of forest degradation [39–41]. Sim-

ilarly, research conducted in Cambodia evaluated the livelihood of communities relying 

on forests, and obtained considerable results exploring the main drivers of forest degra-

dation in Phnom Tbeng Forest [39]. Identifying forest loss drivers can help develop con-

servation strategies, implement policies, and spread awareness, particularly among the 

local residents [42]. 

Pakistan has the highest rate of deforestation in South Asia [17]. It has also become 

the fifth most affected country by climate change [43]. Islamabad, the capital of Pakistan, 

is adjacent to MHNP. The city is known for its substantial vegetation and plantation cover 

that is constantly being affected by population growth and urbanization [44]. The strate-

gical decision by the government to declare the Margalla Hills as a “national park” was 

primarily taken to protect it from urban expansion and the increasing population of the 
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surrounding area. The underlying purpose was to conserve and restore this natural asset 

by implementing conservation policies. All forms of exploitation and deforestation are 

thus considered illegal in this area except for specific legalized zones for local communi-

ties. 

This study is thus an attempt to quantify long-term changes in vegetation condition 

as an indicator of deforestation and forest degradation and to identify the drivers of 

change in the Margalla Hills National Park (MHNP). Methodologically, the study em-

ployed a mixed method approach in terms of Landsat data, socio-economic survey of the 

local population, which lives in MHNP area, and structured interviews with stakeholders, 

i.e., Capital Development Authority (CDA), as a quantitative technique. The findings of 

this study reflect changes in forest cover after the strategic decision of declaring the Mar-

galla Hills as a “National Park” in 1980. Moreover, the results exhibit whether the conser-

vation measures are successful in the protected area or otherwise. 

2. Materials and Methods 

2.1. Study Area 

Geographically, the Margalla Hills National Park (MHNP) is located at the north end 

of Islamabad. Figure 1 shows the area of the MHNP in Pakistan’s Map. The geographic 

coordinates of MHNP are 33.0°36″ to 36.0°33″ N latitude and 72.0°50″ to 73.0°26″ E longi-

tude. The Margalla Hills, with 465–1600 m elevation, have mainly limestone rocks. Many 

streams are found at MHNP, providing fresh water to local wildlife and habitants [45]. 

The MHNP has a humid subtropical climate [20]. Moreover, the Margalla Hills have a 

wide range of plant biodiversity [45]. For example, Phulai (Acacia modesta), Kao (Olea fer-

ruginea), Sanatha (Dodonaea viscosa), Granda (Carissa spinarum), Ber (Zizyphus jujuba), and 

Lantana (Lantana camara) are the main tree species found in the region [46]. The Margalla 

Hills provide various opportunities for recreational facilities. There are almost 30 villages 

in the MHNP zone with a population of around seventy thousand [47]. The local commu-

nity has been living here for several decades and practice a traditional lifestyle. In the case 

of deforestation and forest degradation, the drivers could be infrastructure-building, ur-

banization, mining, fuel-wood collection, fires, livestock grazing, and timber logging [48]. 

The Master Plan for the Margalla Hills National Park was developed in 1979 [49]. 

According to the ecological baseline study [50], the MHNP has been placed in The World 

Conservation Union Management Category V (Protected Landscape). Under the Islama-

bad Wildlife (Protection, Conservation and Management) Ordinance of 1979, most of this 

area was categorized as a reserved forest before 1960. Later, it was declared a wildlife 

sanctuary comprising an area of 17,386 ha under the West Pakistan Wildlife Protection 

Ordinance of 1959. The WWF has been consistently monitoring the status of the MHNP 

since 1992. In 2009, the WWF carried out the delineation of the MHNP [51]. Despite its 

status as a National Park, the MHNP has witnessed forest cover loss over the past decade 

[52]. In 2015, the Islamabad Wildlife Management Board (IWMB) was set up under Section 

4 of the Islamabad Wildlife (Protection, Preservation, Conservation and Management Or-

dinance 1979, Government of Pakistan) [47]. This has, to an extent, helped reduce degra-

dation of the forest cover in the MHNP. 

As far as methods and data sources are concerned, Figure 2 explains the general 

methodology of the study. This research work involves three different types of datasets 

as mentioned in detail in the following sub-sections. To quantify forest degradation, the 

VCI has been used while supervised classification has been performed for deforestation 

assessment. Moreover, a socio-economic survey of the local population was conducted in 

order to seek information on the causes of deforestation and environmental degradation. 

In addition, structured interviews of the government officials/policy makers were con-

ducted, which were used in tandem with other methods for quantitative assessment. 
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Figure 1. Study area map of the MHNP. 

 

Figure 2. Flow chart of General Methodology. 

2.2. Supervised Classification 

Supervised classification (maximum likelihood) was performed for the temporal as-

sessment of deforestation and change in urban area from 1988 to 2020 using ArcMap 10.1. 

A total of 4 images (spectral profiles) were downloaded for the years 1988, 2000, 2010, and 
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2020 from Landsat 5, 7, and 8. The images were taken from the months of April and May 

of each year to avoid the seasonal effect of vegetation. A 5 km buffer area around the 

MHNP boundary was included for classification because it was identified during the sur-

vey that people can travel up to 5 km for firewood collection. Thus, the population resid-

ing outside the MHNP boundary also affects the forest cover. 

The accuracy assessment was performed on the classified image of 2020 only using 

high-resolution Google Earth imagery as reference data (other years were excluded due 

to non-availability of high-resolution data for previous years) [27,53]. Stratified random 

sampling was conducted to collect sample points, and a confusion matrix was created [54]. 

2.3. Vegetation Condition Index (VCI) 

The data used in the study ranged from January 1988 to December 2020 from Landsat 

5, 7, and 8 missions. The data was downloaded from the USGS official website. 

(https://earthexplorer.usgs.gov (accessed on 20 April 2021), Level 2 data: SR product) The 

images were filtered for the cloud cover (~<10%) before downloading and the Normalized 

Difference Vegetation Index (NDVI) was calculated for each year (mean) from the surface 

reflectance of visible (Red) and Near Infrared (NIR) bands [Equation (1)]. 

NDVI =  
NIR−Red

NIR+Red
, (1) 

The mean NDVIs were calculated for a 5-year interval from 1988 to 2020 that resulted 

in seven images in total. Using NDVIs (1988–2020), another index, the Vegetation Condi-

tion Index (VCI), was computed to represent vegetation condition [Equation (2)] [55,56]. 

The satellite driven variables (NDVI, VCI) are based on the reflectance by plants because 

of chlorophyll content and photosynthetic activity [57]. The VCI is better to measure stress 

in plants than NDVI as it compares the current NDVI to the range of values observed in 

the same period in previous years [37]. Stress in plants is caused by multiple external fac-

tors such as water scarcity, fires, and degradation of leaf content [58]; therefore, the pur-

pose of using the VCI is to have a measure of forest degradation of a particular area over 

a certain period. The VCI compares the current NDVI to the range of values observed in 

the same period in previous years, whereas the NDVI is absolute value. The deserted area 

of the NDVI will always be low. However, the VCI of the deserted area will provide com-

parison with optimum conditions of the desert. It can inform that a certain year is more 

or less stressed as compared to a reference year in a particular area. 

VCI =
NDVI − NDVI LTMa

NDVI LTMa − NDVI LTMi
 × 100, (2) 

where: NDVI = Normalized Difference Vegetation Index for given time-interval/Pentad; 

LTMa = long term maximum NDVI, i.e., for whole time-series (1988–2020); LTMi = and 

long-term minimum NDVI. 

The VCI value of each pixel ranges from 0 to 100 (%). It is classified in three categories 

(Table 1), and the methodology is adopted from drought monitoring classification [59,60]. 

The area of extreme and moderate degradation was calculated for each interval. 

Table 1. Classification of VCI (%). 

VCI Value Vegetation Condition 

0–25% Extreme degradation 

26–50% Moderate degradation 

51–100% No degradation–Improved vegetation 

The VCI percentages are calculated and classified in three categories. The values of 

low VCI percentages (from 0 to 25%) are classified as ‘extreme degradation’. The percent-

ages of VCI from 26% to 50% fall in the category of moderate degradation, whereas the 

percentages above 50% are labelled as ‘no degradation-improved vegetation areas’. 
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2.4. Socio-Economic Survey and Structured Interviews 

The methodology for socio-economic survey and analysis was adapted from the fol-

lowing studies [20,41,42,45,52]. The survey among local villagers was carried out to iden-

tify direct and indirect drivers of deforestation and forest degradation. For legal consid-

erations, the office of Capital Development Authority (CDA) at the Margalla Hills was 

consulted before conducting the survey. In addition, for ethical considerations, the village 

elders were approached, and their permission was sought to conduct the survey in the 

local population. 

The cumulative population of the 30 villages based in the MHNP region is approxi-

mately 70,000. The adult population of the said villages, which is adjacent to the federal 

capital, were selected for the simple random survey which was carried out in March–April 

2018. 

A questionnaire was developed to know adult perceptions about deforestation and 

forest degradation activities occurring in the MHNP area. A random-sampling technique 

was used to carry out the survey. A total of 120 respondents were selected, 20 from each 

village on the basis of their willingness to participate, and ability to communicate. Out of 

a total of 120 questionnaires, only 92 questionnaires were returned filled by the respond-

ents—a response rate of 76%. Out of 92 respondents, only 14 were females. All the re-

spondents had received no formal education and relied on daily wage work that is occa-

sionally available. 

Along with the socio-economic survey, stakeholders’ perceptions were gathered 

through structured interviews, numbering 20, of CDA officers, forest officers, and other 

forest officials. Structured interviews were conducted quantitatively through Google 

Forms to measure percentage of respondents’ opinion regarding forest fires, official con-

nivance with the local community for bribery, etc. 

For data organization, analysis, and presentation, commonly used software, namely 

SPSS and Microsoft Excel, were used. The responses from questionnaires were grouped 

and tabulated, too. In addition, simple statistical functions such as percentages and the 

mean were applied to generate graphs [39]. 

Moreover, a regression analysis was also carried out on our results to determine the 

correlation [61]. XL-STAT software was used for simple linear regression. VCIs, burnt-

area due to forest, vegetation area of supervised classification, and other factors were re-

gressed against each other to see the possible correlation between their values. The dis-

tance of vegetation cover from urban settlements, roads, and waterways was regressed 

against vegetation cover trend from the VCI trend analysis. 

Additionally, the aforesaid data on forest fires from 1991 to 2017 was obtained from 

the Capital Development Authority (CDA), Islamabad. The data variables were the fre-

quency of fire events and total burnt area (acre) for each year. 

3. Results 

3.1. Supervised Classification 

Figure 3 shows classified images for visual interpretation in 1988, 2000, 2010, and 

2020. A significant change in land use has been observed in the last 32 years. Vegetation 

has slightly improved while urban areas have shown a notable increase from 1988 to 2020. 

The forest cover within the MHNP boundary area slightly increased from 136 km2 in 1988 

to 138.2 km2 in 2020. The total forest cover gain in 32 years is almost 2.2 km2 (1.6%) in the 

MHNP boundary. Moreover, urban areas inside the MHNP boundary area increased from 

4.5 km2 in 1988 to 8 km2 in 2020. 
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Figure 3. Supervised classification (maximum likelihood) from 1988 to 2020. 

The overall study area—MHNP plus 5 km buffer—shows an increase in vegetation 

from 414 km2 to 445 km2 between 1988 and 2020, respectively. The overall urban area—

MHNP plus a 5 km buffer—also showed a significant increase during this period, i.e., 

from 60 km2 to 118.5 km2. There were no considerable changes in water bodies, with only 

an increase of approximately 0.5 km2. The only part of the land that showed a size reduc-

tion was the barren land. Detailed area distribution of each year is shown in Table 2. 

Table 2. Area Wise Distribution of Classes from 1988 to 2020 of the complete study areas of the 

MHNP and Buffer zone (5 km). Area units are in km2. 

 1988 2000 2010 2020 

Vegetation 413.81 413.98 446.617 444.844 

Urban 59.931 78.3747 105.935 118.627 

Water 2.1978 1.4562 2.4192 2.7288 

Barren 165.179 147.454 85.9734 75.0969 

Table 3 shows the values for user accuracy, kappa coefficient, and overall accuracy. 

The overall accuracy is 83.6% and the kappa coefficient is 0.78. The urban area’s accuracy 

is 89%. For vegetation, barren land, and water, it is 83%, 85%, and 70%, respectively. 

Table 3. Confusion Matrix for accuracy assessment of supervised classification for the year 2020. 

 Urban Area Truth 
Vegetation/ 

Forest Truth 

Barren Land/ 

Soil Truth 
Water Truth 

Classification 

Overall 

Producer Accuracy 

Precision 

Urban Area 17 0 2 3 22 0.78 

Vegetation/Forest 0 15 1 0 16 0.94 

Barren Land/Soil 2 1 17 0 20 0.85 

Water 0 2 0 7 9 0.78 

Truth Overall 19 18 20 10 67  

User Accuracy 

(Recall) 
0.89 0.83 0.85 0.7   

Overall Accuracy 0.84      

Kappa Coefficient 0.78      
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3.2. Vegetation Condition Index (VCI) 

The classification of the VCI represents the quantification of degradation that has oc-

curred in the MHNP region. The maps of the VCI were identical with scattered and small 

points of degraded areas (improved and extreme). A histogram is built to show the sum 

of degradation areas and improved vegetation. The histogram shows that the extreme 

degradation (0–25% VCI) has occurred significantly low in the study period. Moderate 

degradation (25–50% VCI) has also a decreasing trend till 2020. The sustained or improved 

vegetation (51–100%) is the most prominent in the histogram. 

Different trails were developed for hiking in the Margalla Hills for public/tourists. 

These trails have not only provided an opportunity for recreational activities but also easy 

access for villagers to the capital city. As per the data obtained from Capital Development 

Authority (CDA), the years when the trails were developed correlate positively with the 

increase in both severe and moderate degradations of forests as per the VCI. There are a 

total of six trails (see Table 4), of which Trail 3 was established in 1990. According to Figure 

4, the VCI showed a corresponding increase in moderate degradation in the same year. A 

further greater increase in the forest degradation in the VCI is observed from 2001 to 2015. 

This was the time during which trails 1, 2, 4, 5, 6, and the Monal restaurant were con-

structed. Table 4 below shows the respective years of the hiking trails and the develop-

ment of restaurants in the MHNP by CDA. 

 

Figure 4. Histogram of the Vegetation Condition Index (VCI) 1988–2020. 

Table 4. Year of Establishment of various hiking trails and restaurants in the MHNP, Islamabad. 

Trails/Restaurants Year of Establishment 

Trail 1 2003 

Trail 2 2003 

Trail 3 1990 

Trail 4 2009 

Trail 5 2009 

Trail 6 2007 

The Monal Restaurant 2005 

La Montana Restaurant 2014 

3.3. Regression Analysis the Results Show No Correlation between the Variables and  

Vegetation Trend 

Table 5 shows the regression analysis of different variables. The percentages of mod-

erate degradation from the VCI classification were correlated with burnt areas due to for-

est fires per five years as a driver of forest degradation. No correlation between them was 

found. Similarly, the forest area from supervised classification for each year is also not 

0% 20% 40% 60% 80% 100%

1988–1990

1991–1995

1996–2000

2001–2005

2006–2010

2011–2015

2016–2020

Extreme Degradation Moderate Degradation Improved Vegetation
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correlated with the burnt area in the corresponding year due to forest fires as a driver of 

deforestation. 

Table 5. Regression analysis among various factors. 

 VCI—Slope 
Moderate Degradation 

VCI (%) 

Forest Area (Supervised 

Classification) 

Distance of vegetation cover from Roads 
R2 = 0.005 

(p-value 0.001)  
  

Distance of vegetation cover from settle-

ments 

R2 = 0.001 

(p-value 0.001) 
  

Distance of vegetation cover from water 

ways 

R2 = 0.030 

(p-value 0.001) 
  

Forest Fires (Burnt Area)  R2 = 0.044 

(p-value 0.001) 

R2 = 0.014 

(p-value 0.001) 

3.4. Survey Data Analysis 

Approximately 87% of respondents believed that deforestation and forest degrada-

tion is happening in their area, with the highest rate occurring during the winter season. 

Moreover, 75% of respondents said that deforestation and degradation had affected eco-

system services in their region. A poll showed that 63% respondents considered that de-

forestation had affected tourism negatively in their area. Only 15% of respondents agreed 

on quarrying events while 74% reported illegal cutting is being carried out in the MHNP 

region by the local community and timber mafia. 

The villagers were surveyed about the ecosystem services that they avail from the 

forest. Fuel wood is collected by 100% of respondents whereas 70% of the respondents 

utilize the forest’s water resource. More than 50% said that their cattle use forests for graz-

ing. About 35% of respondents use timber from the forest, and a little more than 20% of 

respondents extract food from the forest. The results showed that the fuel wood collection 

is the most important driver due to the non-availability of natural gas in the MHNP vil-

lages. In addition, 11% of respondents reported that they sell wood for income generation. 

The survey results also showed the most probable causes of fire incidents in the 

MHNP forests are cigarettes thrown by tourists and residents, causing fire incidents. Re-

spondents also reported that some fires were intentionally started by the local residents 

in cahoots with the CDA. The former burnt forestry to obtain wood freely while CDA 

contract employees, who do not have permanent jobs, started fires for easy money while 

hiding the crime through intentional fires. 

Table 6 explains the number of fires, and the total area burnt due to fires in the re-

spective time intervals. From 1991 to 2017, the highest number of fires occurred in 2001–

2005, with 1442.8 acres of area affected. Most people consider cigarettes, and tourists bar-

becuing/grilling responsible for these fires causing extensive damage. 

Table 6. Forest Fires Data for MHNP. 

 No. of Fires Total Burnt Area (Acre) 

1991–1995 68 188.45 

1996–2000 183 1933 

2001–2005 220 1442.8 

2006–2010 134 851.5 

2011–2015 93 364.1 

2016–2017 69 143 

As reflected in Table 7, the drivers of deforestation and forest degradation identified 

by the local community were fuel wood collection, lack of energy resources, and fire 
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events. Illegally cutting timber by the timber mafia and local people, urbanization, and 

encroachment are also the main reasons for degradation and deforestation. Other factors 

such as land sliding, pest attacks, over grazing, quarrying, and agricultural activities have 

minimum or almost no role in forest degradation according to the survey results. Infra-

structure construction and increasing population has also played a role in deforestation. 

Table 7. Community consensus on causes of fire incidents. 

Reason of Fire Consensus of People (%) 

Community (Intentional) 28 

Tourists (BBQ/grilling) 54 

Cigarettes 71 

Fire Fighters (Intentional) 50 

The survey results have identified forest fires as a dominant driver, but the correla-

tion between degradation and forest fires data have not shown any significant results. The 

frequency, duration, and scale of the fire events in a year is prominently important for 

correlation analysis. The yearly averages might not be sufficient to show a correlation with 

degradation stats. 

In addition, the stakeholders’ analysis has identified major threats to the MHNP re-

gion. According to all twenty officials, deforestation and forest degradation activities are 

occurring consistently in the MHNP region. Statistically, 95% of interviewees identified 

urban expansion and infrastructure development as major threats to forest conservation, 

followed by forest fires and deforestation, whereas the forest management (65%) and CDS 

officials (50%) recommended environment campaigns and educational programs for the 

local community, with respect to forest preservation, respectively. Moreover, 50% of offi-

cials posited that the local residents were involved in forest degradation activities. 

4. Discussion 

This study attempted to quantify deforestation and forest degradation in the MHNP, 

with the aim of identifying its probable causes. The MHNP was exposed to the growing 

population, urbanization, and expansion of the city. It is the responsibility of the govern-

ment to preserve the biodiversity of the national park, while some responsibility rests on 

the public as well, since it is also exposed to exploitation from the surrounding communi-

ties [62]. 

The quantitative analysis showed that forests of the MHNP have been affected by 

deforestation and degradation overall, but the effect is negligible as the deforestation and 

degradation is less than 5% of the total area. 

Moreover, regression analysis was used to correlate area of deforestation and the VCI 

with the distance of vegetation cover from urban settlements, roads, and waterways. The 

R2 values (with p-value 0.001, and CI 0.95) were not significant (R2 < 0.1), showing no cor-

relation between these variables and the vegetation condition trend. 

The VCI (moderate degradation) over a five-year interval was correlated with the 

burnt area due to forest fires. Similarly, the forest area from supervised classification was 

also correlated with the burnt area due to forest fires as a driver of deforestation. The R2 

showed no significant correlation among these factors. The reason might be that the forest 

fire frequency, scale, and duration vary each year drastically, and yearly averages may 

not be sufficient for such an analysis. 

The results have revealed that there Is an increase in forest cover and urbanization, 

and a decrease in forest degradation and deforestation (data from Landsat 7 and on-

wards). The forest cover has been degraded if we consider the cumulative results of the 

past 32 years. The factors may include the development of hiking trails, construction of 

restaurants, and recreational facilities in the MHNP area since 2000, which increased pub-

lic entry into the forest region. The results show that not only has the forest’s area 
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increased, but the quality of existing forests has also been improved over the years. This 

is possibly due to the abundance of rainwater (monsoon) and Himalayan run-off at the 

Margalla Hills, with other factors including sustainable measures by the government 

taken at the Margalla Hills. The urbanization has occurred on barren land as its area has 

decreased significantly over the years, i.e., 54% since 1988. The small decrease in vegeta-

tion cover from 2010 to 2020, i.e., 0.4%, may indicate the deforestation [26]. It is important 

to identify if any event of deforestation has happened in the region and what are its likely 

reasons. To avoid the increased deforestation, a limited deforestation is allowed by the 

government to the local community in the designated areas for domestic use. 

Moreover, the survey data did not reflect any quantitative measure of drivers of de-

forestation and forest degradation, but it was used to identify the underlying drivers that 

should be quantified and assessed in future studies that could also be conducted by gov-

ernment institutions [41]. Most of the local community reported the activities of deforesta-

tion and forest degradation with negative impacts on ecosystem services in the area. 

About 74% of respondents reported illegal cutting by the local community and the timber 

mafia as the main driver of deforestation. The local communities gain multiple benefits 

from the MHNP including fuel wood, water, livestock grazing, recreational activities, tim-

ber, and food. The fuel wood collection is essential and unavoidable due to the non-avail-

ability of natural gas/alternative fuels in the MHNP villages. It shows that the local com-

munities majorly depend on the MHNP for their survival, which can result in a continu-

ous impact on the forests [42]. 

In addition, the survey results identified the most probable causes of fire incidents. 

The major one is smoking habits of members of the local community and tourists, fol-

lowed by deliberately lit fires by the members of the community in connivance with the 

CDA firefighters. The local community want a burnt land to obtain wood freely and CDA 

firefighters, who do not have permanent jobs, do it for financial incentives earned dubi-

ously. The drivers of deforestation identified by the local community were fuel wood col-

lection, lack of energy resources, fire events, illegal cutting by timber mafia and local peo-

ple, urbanization, and encroachment. The results also show that no pest attacks and over-

grazing occurs in the MHNP, that authenticate the results of forest degradation. 

Last but not least, the stakeholders’ analysis showed that the infrastructure develop-

ment and urban expansion are the major threats to the MHNP region. The villagers should 

be given proper resources to preserve forests. Proper education on the subject should also 

be provided to the villagers as well as to local tourists. 

There is a pressing need for further studies in this domain with an empirical focus in 

Pakistan, and other developing countries, so that the forests can be conserved. Further 

studies should be initiated to quantify the drivers of deforestation and degradation. To 

ensure sustainable measures, the Federal Government of Pakistan should strictly imple-

ment biodiversity conservation policies and regulations to conserve the MHNP for pos-

terity. 

5. Conclusions 

The results of the present study led to the conclusion that the forest cover and urban 

area have slightly increased in the Margalla Hills National Park region. The spread in 

urban areas is mostly over the barren land. In the past 32 years, the forest degradation has 

increased whereas it has decreased if we take 2001 as a base year. The minor deforestation 

in last 10 years can be due to factors such as increased urbanization, the growing popula-

tion of local communities, and non-provision of alternatives for the basic needs of the local 

community, as pointed in the survey. Futuristically, it is vital to protect the biodiversity 

of the MHNP region through extensive awareness campaigns with the aim to educate the 

local community as well as local tourists. Moreover, the Federal Government of Pakistan 

must also make relevant laws, along with modifying the existing environmental regula-

tions, to provide a clear roadmap for policy implementation, with the underlying objective 

to provide alternative energy sources to local population, curb the timber mafia, and 
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discipline government departments such as the Capital Development Authority. Such 

measures would, in the long run, help Pakistan realize the climate goals set in the National 

Climate Change Policy 2021 agenda. 
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