
TRENDS OF CLIMATIC EXTREMES AND THEIR 

CORRELATION WITH WILDFIRE OCCURENCES IN 

MARGALLA HILLS NATIONAL PARK, ISLAMABAD

 

By

Mir Khizar Rafique

 

 

Department of Earth and Environmental Sciences

Bahria University, Islamabad

2026



TRENDS OF CLIMATIC EXTREMES AND THEIR CORRELATION 

WITH WILDFIRE OCCURENCES IN MARGALLA HILLS NATIONAL 

PARK, ISLAMABAD

 

 

A thesis submitted to Bahria University, Islamabad in partial fulfillment of 
the requirement for the degree of M.S in Environmental Sciences 

 

Mir Khizar Rafique

01-262242-039

 

 

Department of Earth and Environmental Sciences

Bahria University, Islamabad

2026



  

APPROVAL FOR EXAMINATION

Scholar’s Name: Mir Khizar Rafique                                     Registration No. 64129

Program of Study: MS ENVIRONMENTAL SCIENCE 

Thesis  Title:  Trends  of  climatic  extremes  and  their  correlation  with  wildfire 

occurrences in Margalla hills national park, Islamabad

 

It is to certify that the above scholar’s thesis has been completed to my satisfaction and, to 

my  belief,  its  standard  is  appropriate  for  submission  for  examination.  I  have  also 

conducted  plagiarism  test  of  this  thesis  using  HEC  prescribed  software  and  found 

similarity index        that is within the permissible limit set by the HEC for the MS degree 

thesis. I have also the thesis in a format recognized by the BU for the MS thesis. 

 

 

Principal Supervisor’s Signature: ______________________ 

Date: 

Name: Dr. Asma Jamil  

 

 

 

 

ii



AUTHOR’S DECLARATION

I,  “Mir Khizar Rafique”  hereby state that my MS thesis titled  “Trends of climatic 

extremes and their correlation with wildfire occurrences in Margalla hills national 

park, Islamabad” is my own work and has not been submitted previously by me for 

taking  any  degree  from  Bahria University  Islamabad or  anything  else  in  the 

country/world.  At  any time if  my statement  is  found to be incorrect  even after  my 

graduation, the University has a right to withdraw/cancel my MS degree. 

Name of scholar:  Mir Khizar Rafique

Date:

iii



PLAGIARISM UNDERTAKING

I, solemnly declare that research work presented in the thesis titled “Trends of 

climatic extremes and their correlation with wildfire occurrences in Margalla hills 

national park, Islamabad” is solely my research work with no significant contribution 

from  any  other  person.  Small  contribution/help  wherever  taken  has  been  duly 

acknowledged and that complete thesis has been written by me. 

I understand the zero-tolerance policy of the HEC and Bahria University towards 

plagiarism. Therefore, I as an Author of the above titled thesis declare that no portion of 

my thesis has been plagiarized and any material used as reference is properly referred 

to/cited. 

I undertake that if I am found guilty of any formal plagiarism in the above titled 

thesis even after award of MS degree, the university reserves the right to withdraw/revoke 

my MS degree and that HEC and the university have the right to publish my name on the 

HEC/University  website  on  which  names  of  scholars  are  placed  who  submitted 

plagiarized thesis. 

 

    Scholar/Author’s Sign: _______________________ 

      Name of the Scholar: Mir Khizar Rafique 

iv



ACKNOWLEDGEMENT

First  and  foremost,  I  am grateful  to  God,  the  Most  Gracious  and  the  Most 

Merciful, for His blessings.

I would like to express my sincere gratitude to my supervisor, Dr. Asma Jamil and 

my co-supervisor Dr. Muhammad Zia UR Rahman Hashmi for their invaluable guidance, 

constructive feedback, knowledge, and continuous support throughout this research. I am 

also thankful to  Dr. Syed Umair Ullah Jamil, Head of the Department of Earth and 

Environmental Sciences, and all faculty members. Special thanks to Dr. Waqar Ali and 

Dr. Ammad Waheed for their guidance and support throughout my research journey. I 

sincerely  acknowledge  the  Pakistan  Meteorological  Department  (PMD),  Capital 

Development Authority (CDA), and Islamabad Wildlife Management Board (IWMB) for 

providing the data and information required for this research.

Finally,  I  extend  my  heartfelt  gratitude  to  my  parents,  family,  friends,  and 

colleagues for  their  prayers,  unconditional  support,  encouragement,  and  assistance 

throughout my studies and research. Their support has been an invaluable source of 

strength in completing this thesis.

v



ABSTRACT

Climate change,  fuel  load,  and human activities  are  the three major  components  of 

wildfire, but the relationship between long-term change in climatic extremes and fire 

activity is yet to be tested in the protected mountain landscapes of Pakistan.  This study 

compared the climatic changes of the last  30 years in Margalla Hills  National Park 

(MHNP) near Islamabad with the fire record of the park during 1996 to 2025. The daily 

maximum and minimum temperature, precipitation, relative humidity and wind speed 

were analysed, and 27 core Expert Team on Climate Change Detection and Indices for 

temperature and precipitation extreme were computed using  ClimPACT2 Package in 

RStudio. The Modified Mann-Kendall test, Sen's slope estimator and Innovative Trend 

Analysis  were  applied  to  examine  trends  at  monthly,  seasonal  and  annual  scales; 

associations between fire frequency and burned area were quantified using Spearman's 

rank correlation. While warming was reported in Islamabad and the Potohar Plateau, both 

maximum and minimum temperature decreased (slope −0.0279°C/yr and −0.027°C/yr 

respectively) with ITA showing significant cooling in later years, while precipitation and 

humidity increased and winds were mostly calm. Fire frequency and burned area both 

decreased significantly, with burned area decreasing at a higher rate than fire frequency, 

meaning that fire size has decreased but not necessarily the number of fires; the number of 

fires increased significantly in the summer with Sen’s slope of 0.048 recently from July to 

September. The strongest relationships were at the lower end of the temperature spectrum, 

with more burned area being correlated with warmer coldest nights (rho = 0.49, p < 0.01), 

and fewer frost days being correlated with less burned area, while winter heavy-rainfall 

days and June rainfall totals were both correlated with reduced burned area, and the heat 

index was not significantly correlated. Because climate affects fire primarily through fuel 

dryness, rather than ignition, which remains predominantly human-driven, MHNP serves 

as a cooler microclimate than its warmer surroundings. This study thus contributes to a 

deeper understanding of the climate wildfire nexus and provides an essential baseline for 

evidence-based  forest  management,  climate  adaptation,  and  disaster  risk  reduction. 

Future  efforts  must  prioritize  early  resource  deployment  and  strict  access  controls, 

supported by future research to develop a locally calibrated Pakistan’s fire-weather index. 
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CHAPTER 1

INTRODUCTION AND LITERATURE REVIEW

1.1 Background

Wildland fire is a global phenomenon that arises from the interaction of climate 

and  weather,  fuels  and  human activity,  and  its  behaviour  cannot  be  understood  by 

reference to any one of these components alone (Flannigan et al., 2009).  Forests have 

carbon sequestration, moderate local temperature, slope stability and water provisioning 

functions, and large scale disturbances affect more than the stand they inhabit. Fire is 

unique among ecological disturbances in that it is a natural ecological process, a hazard to 

life and property, and a source of atmospheric carbon that contributes to warming and,  

consequently, to fire (Bowman et al., 2009). 

Fire patterns are influenced by temperature, rainfall, humidity and extreme heat 

and fire ecology models show that these factors interact to determine fuel moisture, 

atmospheric dryness and likelihood of ignition, which in turn influences fire activity 

frequency and severity (Flannigan et al., 2009). The important changes in recent decades 

are that the background climate on which fire seasons are occurring is changing. Jolly et 

al., (2015) found that fire weather seasons became longer over about 25% of vegetated 

land surface between 1979 and 2013, suggesting an increase in the time period when fuels 

are ready to burn. Questions that were previously asked in a year to year manner are now 

increasingly phrased in terms of a directional change. 

Given this turn, the importance of assessment of climatic extremes has increased 

in particular. The mean annual temperature and total annual rainfall are useful summary 

statistics,  but  can  mask  the  occurrence  of  shorter,  more  intense  events  that  impact 

landscape flammability and wildfire occurrence (Xing et al., 2023). A slight increase or 

decrease in the annual mean can have a smaller effect on fire activity than a single dry 

spell of a few weeks, or a few days of unusually high temperatures, or a season of  

consistently low humidity (Jones et al., 2022). Effort has therefore been expended to 

develop standardised measures of extremes which can be compared between regions and 

time periods, and these are now the common currency of climate extremes research. Such 

indices are important for the study of wildfire because fire conducive conditions are 

1



frequently related to thresholds and extended periods of climatic stress and not just to a 

gradual change in average conditions. For instance, an upward trend in the number of 

extremely warm days, in the length of dry periods or in the length of warm spells could 

lead to an increase in fuel dryness even if the annual averages are not significantly 

different. An analysis of extremes is thus a more direct method of detecting changes in 

climatic conditions that may enhance the potential for fire.

In this wider context, Pakistan is a very vulnerable country. Rafaqat et al., 

(2022) found that climatic conditions explained the most variance in wildfire occurrences 

in the country, more than did fuel and topography, suggesting that the country's fire 

pattern is more climate-driven than ignition-driven. Moreover, Nafees et al., (2024) noted 

that decreased precipitation and frequent heatwaves have exacerbated the risk of wildfires 

in  the  Northern  Highlands  and  have  hindered  vegetation  recovery. However,  the 

systematic  investigation  of  the  link  between  climate  extremes  and  fire  activity  in 

protected areas of Pakistan is in its infancy and is the motivation for the present work. 

1.2 Climate extremes in a warming world

The evidence of fluctuations in the occurrence and magnitude of extreme events is 

now extensive. The IPCC (2021) documents a rise in the frequency of hot extreme events 

and severity across most continental regions, episodes of extreme cold have become less 

frequent and less severe since the 1950s, and human activity is considered as the primary 

cause of these trends. In addition, the same assessment records that human influence has 

likely enhanced the likelihood of compound extreme events, such as fire weather in some 

areas of all inhabited continents. The importance of such statements for the present study 

is that they indicate that the changes studied are present in the tails of the distributions, 

where fire risk is concentrated (Kalashnikov et al., 2026). The extremes of temperature 

and precipitation do not happen in isolation and they often combine for the most harmful 

effects. For example, a warm winter followed by a dry summer could lead to soil moisture 

deficits that are significantly greater than either anomaly would cause. Given this, focus 

has shifted to compound and sequential events, where the sequence of anomalies is as 

important  as  the  magnitude  of  the  anomalies  themselves  (Seneviratne  et  al.,  2021). 

Moreover, warmer air also pulls more moisture out of plants and soil. So even if the same 

amount of rain falls, fuels end up drier than they used to under cooler conditions meaning 

drying can get worse even when rainfall stays the same (Abatzoglou & Williams, 2016). 

The temporal scale of analysis is also important because climatic conditions relevant to 
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wildfire can vary considerably within a year. Average conditions for the year may mask 

the presence of extreme heat, low humidity, high winds or extended dry spells, and 

average conditions in a season may mask the presence of particularly severe conditions in 

a  given  month. Monthly,  seasonal  and  annual  analysis  can  therefore  be  used  to 

complement each other to identify long-term changes and to capture variations occurring 

at different times of the year to capture variations occurring at different times of the year 

when climatic conditions are most conducive to wildfire. A second set of variables has 

been studied less than the variables affecting the fire directly, but both affect the fire 

indirectly:  relative humidity and wind speed. These variables,  when combined, give 

information on the dryness of the atmosphere and fire behaviour that cannot be adequately 

represented by temperature and precipitation. Dry, fine fuels (dry grass, fallen leaves) lose 

moisture faster at low relative humidity. The wind aids the fire in several ways: it supplies 

oxygen, pushes the flames towards unburned fuel and carries burning embers ahead of the 

main  fire. This  finding corresponds  with  the  results  of Rafaqat  et  al.,  (2022),  who 

identified  specific  humidity  and  vapour  pressure  among  the  key  predictors  of  fire 

occurrence in Pakistan. Since these variables are routinely recorded at meteorological 

stations,  their  neglect  in  trend studies  appears  to  reflect  convention rather  than any 

judgement about their importance, and the present study therefore treats humidity and 

wind speed as analytical variables of equal standing with temperature and precipitation.

1.3 Wildfire as a climate-sensitive disturbance

Wildfire occurrence depends on the simultaneous presence of three conditions, 

namely available fuel, an ignition source, and weather that lets the fire burn and spread 

Since ignition in most inhabited landscapes is predominantly human in origin, variation in 

fire  activity  from year  to  year  is  frequently  governed  by  the  third  condition.  This 

distinction is important when wildfire activity is measured through both the number of 

fire events and the area affected. Climatic conditions may not necessarily determine 

whether an ignition occurs, particularly where human activities provide frequent ignition 

sources, but they can influence whether an ignition develops into a sustained fire and how 

extensively it spreads. Thus, changes in temperature, moisture, and wind may be reflected 

differently in fire frequency and burned area (Pokhrel et al., 2026). Tariq et al., (2022) 

found that human activities account for a large proportion of forest fires in Margalla Hills

which supports the proposition that ignition is rarely the limiting factor in populated 
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landscapes and that climatic variation therefore determines whether ignitions develop into 

significant events.

        Figure 1.1. Fire behavior triangle. Source: Ethan brain.

The case of the western United States is a good example of this. Westerling et al., 

(2006) demonstrated that warming and an earlier onset of spring were associated with 

increased forest wildfire activity, thereby linking the timing of snowmelt and the length of 

the dry season to the burned area recorded in subsequent months. Building on this work, 

Abatzoglou and Williams (2016) attributed a substantial share of the observed increase in 

fuel aridity to human-caused climate change and concluded that anthropogenic influence 

had doubled the cumulative forest fire area since 1984. In addition, Williams et al., (2019) 

documented  how  rising  temperatures  and  increasing  vapour  pressure  deficits  have 

extended fire seasons and increased burned area in California. Goss et al., (2020) found 

that the risk of severe autumn fire conditions has increased in the same area as a result of 

climate change.

Forecasts for other temperate systems are similar. Turco et al., (2018) calculated 

future summer burned area for Mediterranean Europe at different warming levels, namely 

1.5°C, 2°C, and 3°C, and concluded that burned area is projected to increase substantially, 

with the magnitude of increase rising with the level of warming even with non-stationary 

changes in the climate–fire relationship due to vegetation productivity. Taken together, 
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these studies demonstrate that a climatic signal in fire records can be detected and, under 

favourable data conditions, partially attributed.

Nevertheless, the strength of the climate–fire relationship is not uniform across 

regions. In humid forests, there's usually plenty of fuel but the problem is it's often too 

moist to burn. So warming there tends to raise fire risk by drying things out; in arid 

systems, where fuel production itself depends on rainfall, a wetter year may increase fire 

activity in the following season by generating additional biomass (O et al., 2020). Thus, 

results from one biome cannot be applied to another without verification and local studies 

must  be conducted. This  is  relevant  directly  to  the subtropical,  monsoon-influenced 

system studied here, which is more similar to neither the Mediterranean nor the boreal 

systems that have been the subject of the international literature.

1.4 Climate variability and wildfire in Pakistan

Pakistan experiences a markedly seasonal climate in which the majority of annual 

precipitation  over  the  northern  districts  arrives  during  the  monsoon,  while  the  pre-

monsoon period from April to June is characterised by high temperatures, low humidity 

and  limited  rainfall  (Abbas  et  al.,  2025).  Since  this  window  coincides  with  the 

accumulation of dry litter following winter leaf fall, it is the time when fire is most likely 

in the sub-mountainous forests of the north (Nafees et al., 2024). Changes in the timing, 

duration, or severity of dry periods may therefore affect wildfire occurrence and behavior, 

even if the number of fire ignitions remains unchanged.

Climate extremes-related research in Pakistan has increased significantly in the 

last decade, but has been largely focused on precipitation and hydrological impacts, with 

little focus on fire. Abbas et al., (2023) investigated the country-wide seasonal variations 

of  extreme  precipitation  and  observed  that  the  warming  tendency  affects  monsoon 

precipitation  with  unprecedented  intensity,  which  contributes  to  severe  flooding. 

Although flooding and wildfire are often regarded as opposing hazards, both have been 

linked  to  the  same  underlying  hydroclimatic  mechanism:  as  atmospheric  warming 

increases the air's capacity to hold and evaporate moisture, precipitation is increasingly 

delivered in fewer, more intense events punctuated by longer dry intervals, during which 

vegetation desiccates and fuel loads accumulate, thereby elevating wildfire risk (Swain et 

al., 2025).
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National-scale  fire  research  has  developed  principally  through  satellite-based 

analysis. Rafaqat et al., (2022) investigated the spatiotemporal pattern and drivers of 

wildfire across Pakistan for the period from 2001 to 2020, and reported that elevation, 

population,  specific  humidity,  vapour  pressure  and  vegetation  index  were  the  most 

influential  predictors,  with  climatic  conditions  contributing  the  largest  share  of 

explanatory power at the national level. Building on such work, Shahzad et al., (2024) 

compared machine learning algorithms for predicting vegetation fire detections across 

Pakistan using data compiled from 2001 to 2022, and reported accuracies for forest fire 

prediction that confirm the value of long climatic and environmental time series.  In 

contrast, Nafees et al., (2024) approached the question from a management perspective in 

the Northern Highlands and emphasised the compounding effect of reduced precipitation 

and recurrent heat episodes on both fire risk and post-fire recovery.

Figure 1.2. Spatial distribution of wildfires in Pakistan, 2000-2023. (Rafaqat et al.,  

2022)

Furthermore, the national record of heat extremes has attracted growing concern. 

Since the physiological burden of heat depends on humidity as well as on air temperature, 

the  heat  index  has  been  adopted  in  operational  practice  as  a  measure  of  apparent 

temperature (Rothfusz, 1990). Although the heat index was developed for human health 
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applications rather than for fire science, its combination of temperature and humidity into 

a single quantity makes it a plausible summary of the atmospheric conditions that also 

govern fine fuel moisture, and its behaviour over time in fire-prone districts has not been 

widely examined.

1.5 The Margalla Hills National Park-A study context

Margalla Hills National Park (MHNP) was established in 1980 and forms the 

northern boundary of the Islamabad Capital Territory and represents the southernmost 

extension of the Himalayan foothills. The Margalla Hills comprise the Margalla Hills 

range (12,802 ha), Shakarparian (1,376 ha) and Rawal Lake (1,702 ha) and are bounded 

by approximately 33°40′ N latitude and 72°45′ E to 72°52′ E longitude (Rais et al., 2021; 

Batool & Javaid, 2018). Because of its wide range of elevations, slopes, and aspects, the 

park contains a mixture of deciduous, coniferous, and mixed vegetation. This diversity 

creates considerable variation in fuel types and moisture conditions across the park (Tariq 

et al., 2021a).

The  park  is  an  ecologically  important  zone  that  is  rich  in  biodiversity  yet 

vulnerable to anthropogenic pressure and natural hazards, particularly wildfire (Rafaqat et 

al., 2022). It is unique among protected areas because it is located directly near a large 

urban center, has high recreational use, is traversed by roads and trails, and borders 

residential communities that use forest resources. Since human presence supplies the 

ignitions that convert favourable fire weather into actual fire events, the proximity of the 

park to Islamabad makes its fire pattern particularly sensitive to any climatic change that 

lengthens or intensifies the receptive period (Tariq et al., 2022).

In addition, the topography of the park amplifies fire behaviour in ways that are 

well documented in fire science. Steep slopes allow flames to reach the vegetation above 

more quickly, while narrow valleys can direct and strengthen winds. Exposed limestone 

areas create breaks in the landscape that can make it difficult for firefighting teams to 

reach and control the fire (Tariq et al., 2021a). Because firefighting resources are limited 

and some parts of the park are difficult to reach, even a moderate increase in hot, dry, or 

windy conditions may lead to a much larger increase in the area burned. Therefore, the 

park provides a useful setting for examining how climatic conditions influence wildfire 

risk while also considering the role of human caused ignitions.  The combination of 

persistent human ignition pressure and variable climatic conditions also makes it possible 
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to  examine  whether  changes  in  the  climatic  environment  are  reflected  in  both  the 

frequency of wildfire events and the extent of burned area over time.

1.6       Literature review

Studies on temperature extremes have yielded a fairly uniform global pattern, with 

warming being more pronounced for warm nights and warm days than for cold days as 

well as cold nights. The IPCC (2021) assessment confirms that the observed rise in the 

occurrence of hot extremes in most land regions is very likely to be due to climate change 

caused by human activity, and has been supported by a large number of index-based 

regional studies carried out over many decades. 

Sillmann et al., (2013) evaluated the representation of climate extremes indices 

within the CMIP5 multimodel ensemble and confirmed that the standardised indices 

provide a workable basis for comparison between observed and modelled conditions, 

which has since supported the use of the same indices in observational trend studies. On 

the basis of this framework, regional analyses have been conducted in 

various parts of South  Asia,  and the overall  picture is  broadly in line with the 

worldwide pattern, but with significant local variation. However, mountainous areas often 

differ from lowland areas because the elevation, snow cover and aspect influence the local 

energy balance differently from a national aggregate (Nafees et al., 2024).

The temperature indices most relevant to fire research are those that reflect the 

maximum temperature and duration of hot conditions. The annual maximum of daily 

maximum temperature is a measure of heat intensity, the number of days above the 

ninetieth percentile is a measure of how often extreme heat occurs, and the warm spell  

duration  index quantifies the duration of a given period of unusually hot conditions 

(Alexander et al., 2006). Since fuel drying is a process that takes time, indices which are 

more sensitive to the duration of warm conditions might have more explanatory power 

than those sensitive to the peak of warm conditions. An extreme heat day is likely to dry 

only fine fuels (e.g. leaf litter and small twigs) while a prolonged warm spell has the 

potential to dry both fine and coarser fuels, which may allow fire to burn and spread 

(Flannigan et  al.,  2009). This  agrees  with findings from Nafees et  al.,  (2024),  who 

reported that in the Northern Highlands of Pakistan, fire risk was elevated more strongly 

by recurring periods of heat than by isolated temperature extremes.
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Precipitation indices tend to be less spatially coherent than temperature indices, 

since rainfall is shaped more strongly by local convective activity and circulation patterns 

than temperature is (Alexander et al., 2006). The record length used can also change the 

picture considerably: Pal and Al-Tabbaa (2011) identified that the trends in seasonal and 

annual rainfall for each region varied when using a long time series (1871–2005) as 

compared to a shorter time series (1954–2003), and that some regions had no significant 

trend over the long time series but a significant trend over the short time series. Abbas et 

al., (2023) explored the seasonal variability in extreme precipitation over Pakistan and 

reported that monsoon precipitation has intensified under a warming climate, contributing 

to more severe flooding though their results also showed this intensification was uneven, 

with some regions registering significant increases in wet-day frequency while others 

registered significant decreases across different sub-periods. These results indicate that 

any precipitation extremes national-scale trends should be interpreted with care, as there 

may be significant regional and temporal variations. 

Common indices used in this area include the yearly frequency of wet days, peak 

one- and five-day precipitation and days exceeding specified thresholds and number of 

consecutive wet and dry days (Zhang et al., 2011). Of these, the duration indices are of 

particular interest in fire research as the length of the longest dry spell gives a direct  

measure  of  the  length  of  the  period  over  which  fuels  may  be  drying  without 

replenishment. Additionally, under a warming climate, projections for the broader Central 

and South Asian region (including northern Pakistan) suggest a concurrent rise in both the 

intensity of rainfall and the length of dry spells, which would further favor increased fire 

potential even if annual precipitation is unchanged (Rai et al., 2024). 

Notably, precipitation series are often non-normal, with a distribution shape that is 

usually right-skewed (e.g., gamma distribution) and not Gaussian. This non-normality is a 

well-documented reason for preferring resistant and non-parametric statistical techniques 

over standard parametric methods in climate data analysis, including trend estimation, 

and it  also motivates fitting an appropriate parametric distribution to the data as an 

alternative approach to handling skewness (Lanzante, 1996).

The comparability of extremes research across regions depends on the use of a 

common set of definitions, and this need has been addressed primarily by the Expert Team 

on Climate Change Detection and Indices (ETCCDI). Zhang et al., (2011) found temporal 

changes in extreme indices of climate are increasingly based on relative thresholds that 
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refer to features in the tails of meteorological distributions rather than on fixed physical 

thresholds that have little relevance outside the region for which they are defined. Zhang 

explains the distinction between absolute and percentile-based indices carries practical 

consequences.  An  absolute  index,  such  as  the  count  of  days  on  which  maximum 

temperature exceeds twenty-five degrees Celsius, is easy to read but is meaningful only 

where that threshold is meaningful for that climate.  A percentile-based index like the 

number  of  days  above  the  ninetieth  percentile  of  the  reference  period  will  adjust 

automatically  to  the  local  situation and can thus  be  compared between a  temperate 

mountain valley and a subtropical plain. Since the present study concerns a location with 

a subtropical semi-arid to sub-humid climate, both categories are retained, the absolute 

indices for local interpretability and the percentile indices for external comparison.

The  ETCCDI  framework  offers  standardized  methods  for  the  calculation  of 

percentile thresholds, with a 5-day window around each calendar day. This is to make the 

thresholds smooth across the seasons and avoid jumps in the index values from one day to 

the next. The need for following these standard procedures is important because it enables 

climate extremes to be calculated on a consistent basis over regions, which facilitates 

comparison of climate extremes, and enables researchers to determine if climate models  

are able to accurately represent climate extremes (Klein Tank et al., 2009).

Rothfusz (1990) formalised the heat index as an apparent temperature and it has 

been widely adopted by meteorological services, including those of South Asia. The 

reason for this is related to the physiology of the body: the more humid the environment, 

the  less  effective  the  evaporative  cooling,  and  the  more  uncomfortable  a  particular 

temperature will be in a humid environment compared to a dry one. The index was 

developed to protect  health,  but its  application to fire science is  based on the same 

physical relationship but in reverse. Fine fuel moisture responds to the environment, and 

how fast it responds is related to temperature and humidity (Matthews, 2014). The time-

series of the heat index can then be interpreted as an integrated measure of the moisture 

environment of the atmosphere, and the direction of change in the heat index can be 

compared with the direction of change in the temperature and humidity indices to check if 

both  variables  are  trending in  similar  or  contrasting  directions.  This  is  indirectly 

supported by the work done by Rafaqat et al., (2022) who reported that specific humidity 

and vapour pressure were among the strongest predictors of fire occurrence in Pakistan.
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But caution should be taken in interpreting trends in heat index. Higher humidity 

levels tend to lower the fire risk, while higher humidity levels increase the heat index. 

Thus, rising heat index does not necessarily mean rising wildfire risk, and this relationship 

should be evaluated on a case-by-case basis and not assumed. This complexity could be 

one reason why the heat index has not been widely studied in the context of wildfires,  

especially in fire-prone subtropical areas. 

The  variables  that  influence  the  occurrence  of  wildfires  are  also  used  in 

operational fire-danger systems, since fire is more likely to occur during periods of high 

temperature, high drought severity, strong wind, low relative humidity and low rainfall 

(Zacharakis & Tsihrintzis, 2023). Wind is especially significant because it has the greatest 

influence on fire spread, not fire initiation, and its influence increases with wind speeds 

above moderate. Therefore, a small increase in wind speed during the season can result in 

a disproportionately large increase in burned area per fire, which is relevant to practice as 

Tariq, Shu, Saddiqui et al., (2021) determined that burned area increased rapidly after a 

fire once it had become established.

Relative humidity mainly affects wildfire risk by influencing fuel moisture. The 

moisture  content  of  fine  fuels  (grass,  needles,  leaf  litter)  can  change  rapidly  with 

humidity, so low afternoon humidity can influence whether a new fire continues to spread 

or dies out (Lewis et al., 2024). This aligns with the findings of Rafaqat et al., (2022), who 

used national scale models and found humidity-related factors to be significant predictors 

of  wildfire  occurrence. Since  relative  humidity  is  routinely  measured  along  with 

temperature and rainfall,  its exclusion from regional trend analyses cannot be easily 

explained by a lack of data. However, wind data can be very difficult to analyse. The data 

may contain gaps that can be interpreted as climate change signals, but are instead due to 

changes in the measurement conditions, such as anemometers, vegetation or buildings 

(Venema et al.,  2018; Wan et al.,  2010). Therefore, wind trends should be assessed 

carefully and checked for homogeneity before analysis to avoid misleading results. This 

consideration is taken into account in the present study.

The best empirical evidence for the relationship between climate and wildfire is 

found in temperate forests in the Mediterranean and North America. Westerling et al., 

(2006) identified a non random rise in the count of large wildfires in the western United 

States that was linked to higher spring and summer temperatures and earlier snow melt. 
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These changes were also linked to a longer fire season. Their study helped establish a 

quantitative link between climate change and wildfire activity. Later, Abatzoglou and 

Williams  (2016)  examined  the  role  of  human-caused  climate  change  by  comparing 

observed conditions with model simulations. They discovered that anthropogenic climate 

change has caused a greater than 50% contribution to fuel aridity since the 1970s and a 

doubling of the cumulative area burned by wildfire since 1984. The impacts of human-

induced warming on wildfires in California were also reported by Williams et al., (2019) 

and Goss et al., (2020), who observed a higher likelihood of extreme autumn fire-weather 

conditions in the region. At the global scale, Jolly et al., (2015) reported the average 

length of fire-weather season hiked about 19% between 1979 and 2013. Projection studies 

build on this relationship by examining how wildfire activity may change under future 

warming.  Turco  et  al.,  (2018)  modelled  summer  burned  area  across  Mediterranean 

Europe under different warming scenarios and found consistent increases in burned area. 

Their results also showed that limiting future warming could substantially reduce the 

projected area burned, highlighting the importance of climate change for future wildfire 

risk.

Figure 1.3. Global map of average annual area burned, 1960-2000 (Flannigan et al.,  

2009)

However, these studies also show that reliable climate–fire analysis depends on 

long and consistent fire records, good meteorological coverage, and conditions where fuel 

moisture strongly influences fire activity (Dupuy et al., 2020). Such conditions may be 

less common in developing regions, where fire records and climate observations can be 

limited. Therefore, these methods cannot always be applied directly and may need to be 
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adapted to local data conditions. This is particularly relevant to the present study, where 

the available fire records are more limited than those used in many of the studies discussed 

above.

Research  conducted  in  the  Indian  Himalaya  provides  the  closest  available 

analogue to the setting of the present study, since the vegetation, the monsoon-driven 

seasonality and the predominance of anthropogenic ignition are broadly comparable. 

Mina et al., (2023) evaluated the correlation between fire events and climate parameters in 

Uttarakhand and found that maximum, average, and diurnal range of temperature showed 

positive and significant relationship with fire events while relative humidity showed 

negative and insignificant relationship. The seasonal pattern reported in the region is also 

applicable. Fire activity was highest during the pre-monsoon period, when dry leaf litter, 

increasing temperatures, lower humidity, and greater human activity related to grazing 

and fuelwood collection create favorable conditions for fire (Charak et al., 2026). Pokhrel 

et  al.,  (2026)  reported  a  similar  pattern  in  Langtang  National  Park,  Nepal,  where 

maximum temperature was identified as the main climatic factor influencing burned area. 

Studies in the western Himalaya have reported increasing fire activity and significant 

relationships between burned area and climatic variables. For instance, Bar et al., (2021) 

observed  a  positive  trend  in  burned  area  and  moderate  positive  correlation  with 

temperature and precipitation for Uttarakhand while Kumar and Kumar (2022) identified 

temperature as an important factor influencing fire occurrence. These findings indicate 

that  climate contributes to Himalayan wildfire  activity,  although its  influence varies 

across locations and interacts with other factors. 

Wildfire  research  in  Pakistan  has  largely  focused  on  geospatial  analysis, 

susceptibility mapping, and machine-learning-based prediction. At the national scale, 

Rafaqat et al., (2022) examined the spatial and temporal patterns and drivers of wildfires 

from 2001 to 2020 using machine-learning models based on climatic, topographic, and 

vegetation-related variables. They identified elevation, population, specific humidity, and 

as important drivers, with their relative influence varying across locations and seasons. 

Similarly,  Shahzad  et  al.,  (2024)  evaluated  several  machine-learning  algorithms  for 

predicting vegetation fire  detections using data  from 2001–2022 and found that  the 

random forest model achieved the highest accuracy for forest fires (87.5%). These studies 

demonstrate the value of long-term environmental data for understanding and predicting 

wildfire activity in Pakistan. However, they do not specifically examine MHNP or assess 
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long-term trends in humidity, heat-related conditions, and other climatic extremes within 

the park.

Figure 1.4. Satellite map of active fires in Margalla Hills Source: (The Friday Times,  

2024)

Within the park itself, three studies are of particular relevance. Tariq et al., 2021a 

developed a methodology for analysing the spatial pattern of fire danger using Landsat 

imagery,  considering  climatic,  vegetation,  topographic  and  anthropogenic  variables 

across a large set of recorded fire locations, and observed that burned area increased at a  

rate of approximately twenty-six hectares per day as fire duration lengthened. In parallel, 

Tariq et al., 2021b applied Sentinel-derived spectral indices together with radar imagery 

to assess burned areas from wildfires and prescribed fires between 2015 and 2020, thereby 

establishing a remote sensing basis for burned area estimation within the park. 

Although hot, dry conditions set the stage for fire in Margalla Hills National Park 

(MHNP), most ignitions there are attributed to people rather than natural causes such as 

lightning. Spatio-temporal modelling of fire history from 1990 to 2019 found that fire 

probability in the Margalla Hills was related to accessibility and human behaviour, with 

fires mainly distributed in urban areas (Tariq et al.,  2022).  Related work found that 

distance to roads, along with forest density, temperature and wind speed, was highly 

correlated with fire severity (Tariq et al., 2021). Within this pattern, several specific  

activities are repeatedly reported. The first is careless recreational use of the park. Hikers, 

picnickers  and campers  are  reported to  ignite  fires  unintentionally  by discarding lit 
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cigarettes into dry grass or by not fully extinguishing campfires (Abubakar, 2018). The 

second is deliberate burning by residents of surrounding villages, often described as 

retaliation for restrictions on grazing livestock inside the park, or for not being hired for 

seasonal daily-wage fire-patrol work (Junaidi & Shahid, 2021). The third is that fires have 

also  been  linked  to  attempts  to  conceal  illegal  tree  felling  (Abubakar,  2018).  The 

chairperson of the Islamabad Wildlife Management Board has stated that roughly 80–

90% of fires in the park are set by people (Junaidi & Shahid, 2021; Qudratullah 2024). 

Figure 1.5. Duration of forest fires on Margalla Hills, 2002-2011 (Khalid et al., 2015).

Taken together, these studies indicate that human activity influences fire ignition, 

while climatic conditions affect fire spread and severity. However, most existing research 

treats climate as a background factor and covers relatively short periods. In contrast, the 

present study examines changes in climatic conditions over a 30-year period and their 

relationship  with  wildfire  activity,  thereby  extending  the  existing  research  on  the 

Margalla  Hills.  It  should  also  be  noted  that  the  park’s  fire  records  are  based  on 

administrative reports rather than a dedicated monitoring system, so reporting may vary 

over time. As a result, increases in reported fire frequency may partly reflect changes in 

reporting practices. Hence, fire event trends should be treated with greater caution than 

burned area trends. Satellite-based active fire and burned area products can contribute to 

this problem and serve as an independent means for comparing administrative records 

(Giglio et al., 2018; Schroeder et al., 2014).
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Non-parametric methods are widely used for detecting trends in climatic data 

because these datasets often do not meet the assumptions required by parametric tests. 

The Mann–Kendall test is often applied to detect significant monotonic trends, and Sen's 

slope estimator quantifies the magnitude of the trend based on the median of all pairwise 

slopes, which is less influenced by outliers than the median slope (Sen, 1968). Their 

combined  use  is  well  established  in  climate  trend  studies  and  has  been  applied 

successfully to meteorological data in different regions (Gocic & Trajkovic, 2013). The 

classical Mann Kendall test is however sensitive to serial correlation. Hamed and Rao 

(1998) demonstrated that a positive autocorrelation can lead to a higher probability of 

identifying a significant trend if there is not one. They therefore proposed a modification 

that adjusts the variance of the test statistic to account for autocorrelation. Since climatic 

data at monthly and seasonal scales can exhibit serial dependence, the modified Mann–

Kendall test is more appropriate when such dependence is present.

In addition to rank-based tests, graphical approaches have gained ground in recent 

years. The innovative trend analysis developed through Şen’s (2012) research is based on 

dividing a series into two equal parts and plotting the sorted values of the two halves 

against each other to determine the position of the points relative to the one-to-one line, 

which is used to determine whether there is a trend or not. Since the method imposes no 

distributional or independence assumptions, it may be applied where rank-based tests are 

compromised, and it possesses the further advantage of revealing whether a trend affects 

low, medium and high values differently. In contrast to the Mann–Kendall test, which 

returns a single monotonic verdict, the graphical method distinguishes trends confined to 

particular parts of the distribution, which is informative in extremes research. Correlation 

analysis is another important part of the present study. When the variables are non-

normally distributed, as is often the case when climatic indices are related to wildfire 

counts, Spearman’s  non-parametric  correlation  is  preferable  to  Pearson’s  linear 

correlation  because  it  measures  monotonic  relationships,  which  do  not  depend  on 

normality or linear relationship (Weaver et al., 2017). However, results from multiple 

index–variable comparisons should be interpreted carefully because a large number of 

tests can increase the likelihood of finding significant relationships by chance.
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A climatic  series is  considered homogeneous when its  variations reflect  only 

natural  changes  in  weather  and  climate.  However,  station  relocation,  instrument 

replacement,  changes  in  observation  practices,  and  changes  around  the  station  can 

introduce artificial breaks (Venema et al., 2018). Identifying these breaks before trend 

analysis is important because the choice of homogenization method can influence the 

results (Domonkos et al., 2021). Various statistical tests and software tools are available 

for detecting such discontinuities (Wang & Feng, 2013).  Serial dependence is another 

important  concern,  as  autocorrelation  can  affect  trend-test  results.  Therefore,  when 

autocorrelation is detected, this study applies the variance-correction approach of Hamed 

and Rao (1998), as prewhitening may remove part of the actual trend along with the serial 

dependence.

1.7 Statement of the problem

Despite recurring wildfires in Margalla Hills National Park (MHNP), the long-

term influence of climatic variability and extremes on wildfire activity remains poorly 

understood. Existing studies have largely emphasized spatial patterns over limited periods 

(Tariq et  al.,  2021a,  2021b;  Tariq et  al.,  2022),  leaving long-term trends in climate 

extremes, wildfire frequency, burned area, and their statistical relationships insufficiently 

investigated.  Moreover,  inadequate  consideration  of  data  homogeneity  and  serial 

correlation may undermine the reliability of trend assessments. This lack of integrated and 

statistically robust  evidence limits predictive fire management and effective wildfire 

preparedness in MHNP, highlighting the need for a comprehensive analysis covered by 

this study.

1.8 Research questions

The research questions below were formulated from the stated research problem:

i. Over  the  1996–2025  period,  did  the  mean  and  indicators  representing 

unusually high or low temperature, rainfall, humidity, and wind conditions 

change significantly at annual, seasonal, and monthly scales?

ii. Which of the standardised extreme climate indices show the strongest trends 

and when?

iii. Is there a measurable trend in the count of fire events and the total burned area 

during the same time period?
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iv. To what extent do the identified climatic trends correlate statistically with the 

observed pattern of wildfire activity?

1.9 Objectives of the study

Following from these questions, the study pursues two principal objectives:

i. To study the annual,  monthly and seasonal  variations of  climatic  parameters 

including temperature, precipitation, humidity and wind speed in Margalla Hills 

National Park during 1996-2025 as well as extreme climate indices; and

ii. To examine the relationship between the observed trends in mean and extreme 

climate and the frequency and pattern of past wildfire occurrences in Margalla 

Hills National Park during the same thirty years.

1.10 Significance of the study

This  study  holds  theoretical,  methodological,  and  practical  significance  for 

understanding  wildfire  dynamics  in  Margalla  Hills  National  Park  (MHNP). 

Academically, it addresses an important gap by shifting the focus of regional wildfire 

research from spatial  patterns  to  multi-decadal  temporal  dynamics (1996–2025) and 

examining whether broader climate–wildfire relationships are evident at the local scale. 

Methodologically,  the  study  provides  a  comprehensive  assessment  by  incorporating 

standardized extreme climate indices and less-studied variables such as relative humidity, 

wind speed, and heat index, while applying rigorous statistical diagnostics including 

homogeneity  testing  and  autocorrelation  correction  to  validate  trend  estimates. 

Practically, the findings may help identify high-risk seasons and climatic conditions, 

support  wildfire  monitoring  and  preparedness,  and  guide  targeted,  climate-informed 

wildfire management in MHNP; institutionally, the study also overcomes existing data 

silos by consolidating meteorological data with fragmented fire records across agencies 

such as IWMB and CDA into a single, unified database. Environmentally, these insights 

provide the empirical foundation to protect the park's native biodiversity, preserve forest 

cover, and maintain its ecological role as a cooling microclimate and carbon sink for 

Islamabad.  Socio-economically,  identifying these high-risk windows allows agencies 

such as IWMB and CDA to allocate firefighting resources pre-emptively rather than 

reactively, reducing emergency suppression costs and protecting residential communities 

along the park's wildland-urban interface. The study also establishes a 30-year baseline 

that can support future research and climate adaptation planning in the region, including 
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the empirical groundwork needed for future researchers to develop a locally calibrated 

Pakistani fire-weather index.
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CHAPTER 2

METHODOLOGY

2.1 Study area

This  research was carried out  for  MHNP, which lies  in the northern part  of 

Islamabad Capital Territory (ICT), Pakistan. This study was specifically for Margalla 

Hills range that is the largest vegetative part of the park. It represents the southernmost  

extension  of  the  Himalayan  foothills  and  is  recognized  as  one  of  Pakistan’s  most 

ecologically significant protected areas because of its biodiversity, forest ecosystems, and 

conservation importance (Government of Pakistan, 2020; Chandio et al., 2019). 

Fig 2.1. Study area map 
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Geographically, MHNP extends approximately between  72°45′ E to 72°52′ E 

longitude and 33°41′N and 33°49′N latitude. The total area of the park has been reported 

between  approximately  15,883  and  17,386  ha  depending  on  the  adopted  boundary 

delineation and management framework (Aslam & Yasmeen, 2021). The park contains 

diverse topographic features, including steep slopes, narrow valleys, rocky escarpments, 

and exposed limestone formations.

The park ranges in elevation from approximately 450 m above sea level in its 

western section to 1604 m at Tilla Charouni, the highest point of the Margalla Hills. 

(Government of Pakistan, 2020). These variations in elevation strongly influence local 

climatic  conditions,  vegetation  distribution,  fuel  moisture  availability,  and  wildfire 

behaviour. Complex mountainous terrain can accelerate wildfire spread because slope 

inclination increases flame contact with adjacent vegetation and promotes faster uphill 

fire propagation.

2.1.1 Climate

Margalla Hills National Park is situated in the subtropical semi-arid to sub-humid 

climatic zone which is under the influence of South Asian monsoon system. Marked 

seasonal climatic variation occurs in the area, with dry and hot conditions before the 

monsoon, rainfall during the summer monsoon, and relatively cool winters (Sarfaraz et 

al., 2014). During the 30-year study period (1996–2025), the average annual precipitation 

was approximately 1,200 mm, with most rainfall occurring through the monsoon months 

(July  to  September).  In  contrast,  pre-monsoon  period  (May–June)  is  generally 

characterized  by  prolonged  dry  conditions,  elevated  temperatures,  and  reduced 

atmospheric  humidity,  producing  favourable  environmental  conditions  for  wildfire 

ignition  and  vegetation  drying  (Ministry  of  Climate  Change  and  Environmental 

Coordination, 2025). The vegetation of MHNP is dominated by subtropical dry evergreen 

forests with the presence of moist broad-leaved species (Rais et al., 2021).

Maximum air temperatures frequently reach approximately 38–40°C during the 

pre-monsoon season, whereas minimum winter temperatures may decline below 3°C. 

Such seasonal variability influences fuel moisture conditions and fire weather behaviour 

(Government of Pakistan, 2022). Wildfire occurrence is rarely controlled by a single 

climatic factor;  instead,  it  results  from interactions among temperature,  precipitation 

deficit, humidity, wind conditions, and available vegetation fuel. The combination of 
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steep terrain, seasonal climatic extremes, and combustible vegetation creates favorable 

conditions  for  wildfire  ignition  and  propagation.  Consequently,  MHNP provides  an 

appropriate  study  area  for  investigating  relationships  between  long-term  climatic 

variability, climate extremes, and wildfire dynamics.

2.2 Methodological work flow

Considering  the  aims,  objectives,  and  scope  of  the  study,  the  following 

methodology was employed to carry out the research. 

2.3 Data collection

To assess the association between climatic variability and wildfire activity in 

Margalla Hills National Park, secondary data was used. A 30-year period from 1996 to 

2025 was analyzed. The data that were collected were organized into two categories: 

meteorological data and wildfire inventory data.

2.3.1 Meteorological data

Daily  meteorological  observations  were  obtained  from  the  Pakistan 

Meteorological  Department  (PMD).  Five  climatic  variables  were  obtained  from the 

Islamabad meteorological station:

 Daily temperature maximum (°C)

 Daily temperature minimum (°C)

 Precipitation in mm

 Relative air humidity in %

 Wind velocity (m/s)

The PMD dataset constituted approximately 90% of the complete climatic record 

and served as the primary source of meteorological observations throughout the study 

period.

Missing observations within the PMD dataset were supplemented using NASA 

Earth observation data corresponding to the geographic coordinates of the Islamabad 

meteorological  station.  To  support  data  verification  and  homogeneity  assessment, 
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meteorological records from four neighbouring stations—Rawalpindi, Wah Cantt, Taxila, 

and Kahuta were also obtained from NASA archives and combined to produce a regional 

composite reference series.

2.3.2 Wildfire data

Historical wildfire information for MHNP was compiled for the same 30-year 

period (1996–2025). Two wildfire variables were considered throughout the study:

 Number of wildfire events

 Total area affected (ha)

Because no single continuous wildfire database exists for MHNP, the wildfire 

inventory was developed by integrating multiple data sources. Official wildfire records 

and damage information were requested from the Capital Development Authority (CDA) 

together with the Islamabad Wildlife Management Board (IWMB). These records were 

then cross-checked with published scientific literature and documented historic wildfire 

reports to create a consistent wildfire inventory for the study area for the entire study 

period.

2.4 Software used

Data processing and statistical analysis were performed throughout this study in 

three software platforms. Both meteorological and wildfire data were initially organized, 

formatted, temporally aggregated and preprocessed using Microsoft Excel. The quality-

controlled daily meteorological observations were applied in the calculation of ETCCDI 

indices using the ClimPACT package. All statistical analyses, graphical visualization, and 

trend assessment were performed using RStudio version 2026.08.1, including goodness-

of-fit analysis, homogeneity testing, autocorrelation analysis, descriptive statistics, trend 

analysis, and correlation analysis.

2.5 Data preprocessing

Prior to statistical analysis, all datasets were standardized to ensure consistency 

and reliability. Meteorological observations obtained from the Pakistan Meteorological 

Department (PMD), supplementary NASA datasets, and wildfire records collected from 

different  administrative  sources  were  converted  into  a  uniform  tabular  format  in 
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Microsoft Excel. The datasets were arranged chronologically to establish a continuous 

observation period from 1996 to 2025.

The meteorological variables were matched with the wildfire variables, namely 

number of fire events and total area affected. For consistency, all variables were expressed 

in standard units: precipitation in mm, temperature in °C, relative humidity in %, wind 

speed in m/s, and burned area in ha. The daily observations were summarized for the 

monthly, seasonal and annual data for further statistical analysis. The following seasonal 

scheme was adopted for data aggregation:

 Winter period: December–March

 Spring (pre-monsoon) period: April to June

 Summer (monsoon) period: July to September

 Autumn (post-monsoon) period: October to November

For cumulative variables,  including precipitation,  wildfire events,  and burned 

area,  values  were  summed within  each  temporal  period. Continuous  meteorological 

variables, including maximum temperature, relative humidity, temperature minimum, 

and speed of wind, were summarized using arithmetic means.

Data  quality  assessment  was  subsequently  performed  to  identify  missing 

observations, duplicate records, and obvious data-entry inconsistencies. Missing values in 

the  PMD  dataset  were  replaced  using  corresponding  NASA  observations,  while 

remaining  inconsistencies  were  corrected  prior  to  analysis.  Outlier  screening  was 

conducted using the Interquartile Range (IQR) method to identify potential recording 

errors while preserving genuine extreme climatic events (Mahmood & Jia, 2016). The aim 

of the study was to assess climate extremes and only erroneous values were removed 

while retaining those extreme observations that were statistically valid.

2.6 Normality analysis

The distributional  characteristics  of  the meteorological  variables and wildfire 

records were evaluated prior to selecting the statistical methods for subsequent analyses. 

Since many environmental variables had skewed distributions and extreme observations, 

normality tests were applied to ascertain whether data met the assumptions of parametric 

statistical procedures (Lee et al., 2016; Uhm & Yi, 2023).

Daily observations were aggregated into monthly and annual  datasets  before 

analysis.  Monthly  aggregation  represented  seasonal  variability,  whereas  annual 
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aggregation  represented  long-term  inter-annual  variability. To  begin  with,  data 

distributions were visually analyzed by means of histograms and Quantile–Quantile (Q–

Q) plots. The shape of the distribution was assessed with histograms using 40 frequency 

bins, and quantiles were compared with theoretical normal quantiles using Q–Q plots. 

Aryadoust and Jia (2026) recommend combining graphical methods, such as histograms 

and Q–Q plots, with formal statistical tests to provide a more comprehensive assessment 

of data normality.

Four  statistical  normality  tests  were  used  in  conjunction  with  the  visual 

assessment.  The  null  hypotheses  for  each  test  were  that  the  data  were  normally 

distributed. Deviations from normality were assessed using the Anderson–Darling test, 

focusing on the distribution tails (Berlinger et al., 2021).

The statistic of test was obtained as

A2=−n−1
n
∑
i=1

n

(2 i−1 ) [ ln F (Y i )+ ln (1−F (Y n+1−i ) ) ]                         (2.1)

In this notation, n denotes the sample size, Y i represents the ordered observations, 

and F (Y i ) denotes the function of cumulative distribution.

The Lilliefors version of the Kolmogorov–Smirnov test was applied because the 

mean and variance of the population were unknown and had to be estimated from the 

sample (Tomšik, 2019). The corresponding test statistic is given here

D=max|F¿ ( x )−Sn ( x )|                                                           (2.2) 

Here,  F¿ ( x ) is the function of theoretical cumulative distribution, while  Sn ( x ) 

represents the function of empirical cumulative distribution.

The  Jarque–Bera  procedure  assessed  departures  from  normality  through  the 

sample skewness and kurtosis. The test statistic was determined to be:

JB=n
6 (S2+

( K−3 )2

4 )                                                                 (2.3)

In this notation, S represents sample skewness and K represents sample kurtosis 

(Bera, 1981; Tomšik, 2019)

The Cramér–von Mises statistic was applied to assess how closely the empirical 

distribution agreed with the theoretical cumulative distribution.
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W 2= 1
12n

+∑
i=1

n

[F (Y i )−
2 i−1

2n ]
2

                                                 (2.4)

here n is the size of sample, Yi is the ith ordered data, and F(Yi) is the function of 

theoretical cumulative distribution computed at the ordered data Yi (Lee et al., 2016).

A significance threshold of 5% was adopted for all normality tests. Values below 

0.05 led to rejection of the null hypothesis, whereas values of 0.05 or greater did not 

provide sufficient evidence to reject it.

2.7 Data quality assessment

Before  conducting  advanced  statistical  modeling,  a  rigorous  data  quality 

assessment  was  performed  to  evaluate  the  completeness  and  underlying  statistical 

properties of the collected data.

2.7.1 Goodness-of-fit distribution analysis

Prior  to  statistical  analysis,  the  probability  distribution  of  each  climatic  and 

wildfire  variable  was  evaluated to  determine the  most  appropriate  statistical  model. 

Environmental datasets commonly deviate from normality because they contain skewed 

distributions, zero values, and occasional extreme events. Consequently, identifying the 

underlying probability distribution was necessary before applying subsequent statistical 

procedures (Gul et al., 2021).

Missing observations were removed before distribution fitting.  Variables that 

require strictly positive values, such as Gamma and Weibull distributions, were prepared 

by  applying  a  constant  shift  to  datasets  containing  negative  values  (e.g.,  minimum 

temperature), ensuring that all observations satisfied the mathematical assumptions of the 

respective distributions (Yonus et al., 2023). Wildfire variables were also included in the 

distribution-fitting procedure.

The R package fitdistrplus  was  applied to  evaluate  four  possible  probability 

distributions (Delignette-Muller & Dutang, 2015):

i. Normal probability distribution

ii. Gamma probability distribution

iii. Weibull probability distribution

iv. Lognormal probability distribution
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The probability density functions employed in the distribution fitting are given by 

the following.

Normal distribution

f ( x )= 1
σ √2 π

exp [−( x−μ )2

2σ 2 ]                                                    (2.5)

Here, μ is the mean and σ represents standard deviation. The N distribution is 

symmetric and therefore less appropriate for modelling heavy-tailed data, particularly 

some rainfall and wind speed data for this study.

Gamma distribution

f ( x )= xk−1 e−x /θ

Γ (k ) θk                                                                   (2.6)

In this equation, k gives shape parameter, θ represents the scale parameter, and 

Γ (k ) denotes the gamma function.

Weibull distribution

f ( x )= k
λ ( x

λ )
k−1

exp [−( x
λ )

k ]                                                  (2.7)

Here, k represents the shape parameter and λ represents the scale parameter.

For  the lognormal  model,  the  logarithm of  the observations  was assumed to 

exhibit a normal distribution (Haseeb et al., 2025).

The  Anderson–Darling  (AD)  statistic  together  with  the  Akaike  Information 

Criterion (AIC) was used to select the most suitable distribution for each variable. The 

Anderson–Darling  statistic  assesses  the  agreement  of  the  theoretical  and  observed 

distributions, placing more weight on the tails of the distribution than the AIC does 

(Berlinger et al., 2021; Akaike, 1974). The distribution with the lowest AIC and the 

smallest Anderson–Darling statistic was considered the most appropriate representation 

of the data.

Histograms containing fitted density curves and Q–Q plots were also examined as 

graphical checks of the selected distributions (Delignette-Muller & Dutang, 2015). These 
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visual  assessments  were  used  to  confirm  the  agreement  between  the  observed  and 

theoretical distributions before proceeding with further statistical analyses.

2.8 Homogeneity assessment

Long-term climatic datasets may contain artificial discontinuities arising from 

changes in instrumentation, station relocation, observation practices, or environmental 

modifications surrounding the monitoring station. These non-climatic shifts can distort 

long-term variability and lead to misleading trend estimates if left uncorrected. Therefore, 

homogeneity assessment was performed prior to trend analysis to identify abrupt changes 

within the meteorological time series (Aguilar et al., 2003; Caussinus & Mestre, 2004).

The five meteorological variables were assessed for homogeneity over 1996–

2025. Pettitt’s test and the Mann–Whitney U test were applied to the monthly, seasonal, 

and annual series (Kartal et al., 2024). These methods were selected because they do not 

require normally distributed data and are robust for climatic datasets containing outliers 

and skewed distributions.

The  seasonal  classification  used  throughout  this  study  was  maintained  for 

seasonal analysis. The seasonal groups were (December to March) as Winters, (April to 

June) as Spring, (July to September) as Summers, and (October to November) as Autumn. 

(Ministry of Climate Change and Environmental Coordination, 2025; Khan & Gadiwala, 

2013)). During temporal aggregation, cumulative variables (precipitation) were summed, 

whereas continuous variables (temperature, humidity, and wind speed) were represented 

by arithmetic means.

2.8.1 Pettitt's test

To determine one abrupt point of change in each climatic series of time, Pettitt’s 

test was used. The test evaluates every possible partition of the dataset and identifies the 

point where observations before and after the partition differ most significantly.

The Pettitt statistic is expressed as

U t=∑
i=1

t

∑
j=t+1

N

sgn ( xi−x j )                                                     (2.8)

where:
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 The xi and x j are observations, t  is the candidate change point, N denotes the total 

number of observations and sgn is a sign function (Kocsis et al., 2020). The time when the 

absolute  value  of Ut was  the  maximum was taken as  the  most  likely  time to  be  a 

breakpoint. A result was interpreted as significant for p < 0.05.

2.8.2 Mann–Whitney U test

To confirm the breakpoints  detected by Pettitt's  test,  another test  the Mann–

Whitney  U  was  performed  iteratively  across  each  time  series.  At  each  candidate 

breakpoint, the dataset was partitioned into two chronological segments corresponding to 

the periods before and after the breakpoint. The Mann–Whitney U statistic was calculated 

as

U=R1−
n1 (n1+1 )

2
                                                                      (2.9)

R₁ denotes the rank sum of the first group, while n₁ indicates the total observations 

within that group. A p-value was calculated for each partition and the partition with the 

smallest statistically significant p-value was the most likely breakpoint (Emerson, 2023; 

Yaseen et al., 2020).

2.8.3 Breakpoint verification

To minimize false detection of artificial change points, breakpoint confirmation 

required agreement between both homogeneity tests. A breakpoint was considered valid 

only when:

i. Both Pettitt’s and Mann–Whitney U procedures produced significant results (p < 

0.05)

ii. both tests identified the same breakpoint.

Only confirmed breakpoints were considered potential inhomogeneity requiring 

further evaluation.

2.8.4 Homogeneity assessment of difference series

To  distinguish  climatic  shifts  from  station-related  discontinuities,  the 

homogeneity  analysis  was  repeated using ‘difference series’.  Difference series  were 
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constructed  by  subtracting  the  composite  average  of  four  neighbouring  stations 

(Rawalpindi, Wah Cantt, Taxila, and Kahuta) from the corresponding Islamabad station 

observations. The use of reference or difference series derived from neighbouring stations 

is a standard approach in climatological homogenization because it helps distinguish 

artificial station-related shifts from genuine regional climatic variability (Aguilar et al., 

2003; Menne & Williams, 2009; Domonkos, 2024).  The same Pettitt and Mann Whitney 

procedures described above were applied to these difference series. Only breakpoints 

detected simultaneously in both the original observations and the difference series were 

considered evidence of true station inhomogeneity. Among all climatic variables, only 

wind speed exhibited a common statistically significant  breakpoint  in both datasets, 

occurring in  Winter 2010. Consequently, homogenization was performed only for the 

wind speed series.

2.8.5 Wind speed homogenization

The identified wind speed discontinuity was corrected using Empirical Quantile 

Matching (EQM). EQM is a non-parametric homogenization technique that adjusts the 

complete empirical distribution of observations rather than correcting only the mean, 

thereby preserving the statistical characteristics of the dataset (Chen et al., 2021).

The daily wind speed series was divided into pre-break and post-break periods 

using the confirmed breakpoint of Winter 2010. The empirical cumulative distribution 

function (ECDF) was first obtained for the observations preceding the identified break. 

Each pre-break observation was then assigned its corresponding percentile within this 

distribution and mapped to the equivalent percentile of the post-break distribution (Della-

Marta & Wanner, 2006).

The change is represented by:

x¿=Q post ( F pre ( x ) )                                                                   (2.10)

where;

Empirical cumulative distribution function of the pre-break period is F pre, Q post 

denotes the quantile function of the post-break period, x  denotes the original observation, 

x¿ refers to the homogenized value.
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The adjusted observations that were recorded as 0 were changed to the smallest 

non-zero wind speed recorded during the post-break period to ensure physical consistency 

due to wind speed not being able to be negative. 

The  full  daily  data  set  was  first  adjusted  using  the  EQM adjustment.  Daily 

observations were then homogenized and monthly averages were calculated. The same 

procedure was then repeated for the monthly series to ensure consistency across temporal 

scales.

The  homogenized  wind  speed  dataset  was  used  in  all  subsequent  statistical 

analyses, while the remaining climatic variables were retained in their original form 

because no statistically verified in-homogeneities were detected.

2.9 Lag-1 Spearman rank autocorrelation analysis

To determine whether successive observations exhibited serial  dependence,  a 

Lag-1 Spearman Rank Autocorrelation analysis was performed for the 30-year period 

(1996–2025). The  analysis  included  precipitation,  temperature  max,  wind  speed, 

temperature min, relative humidity, number of fire events, and affected area. Monthly, 

seasonal and annual datasets were analysed.

Because the climatic series were non-normal and the wildfire records contained 

extreme observations, a non-parametric Spearman rank approach was selected instead of 

conventional  parametric  autocorrelation  measures. Spearman's  method  evaluates  the 

relationship between consecutive observations using their ranks rather than their original 

values, making it more robust to non-normal distributions and less sensitive to outliers (de 

Winter et al., 2024).

For each time series, observations were shifted by one time step, such that each 

value was correlated with the immediately preceding observation. Serial dependence was 

evaluated using the Spearman ranked autocorrelation coefficient (lag-1).

The lag-1 Spearman coefficient was calculated as 

r s=1−
6 ∑d i

2

n (n2−1 )
                                                                      (2.11)

The notation is defined as follows:

r s denotes the Spearman rank autocorrelation coefficient, d i represents the rank 

difference between successive  paired observations, n represents  the  count  of  paired 

observations. The coefficient ranges −1 to +1.  Positive values suggest the presence of 
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positive serial  dependence, Negative values reflect  negative dependence,  and  values 

approaching zero indicate minimal or no serial correlation. Statistical significance was 

evaluated using asymptotic p-values, with p < 0.05 taken as significant.

2.10 Descriptive statistics

Descriptive statistics were used to characterize climatic and wildfire records over 

1996–2025.  The variables  included all  five  climatic  variables,  fire-event  count,  and 

affected area, each examined at monthly, seasonal, and annual scales.

For every variable, the range, standard deviation, variation coefficient, mean, 

skewness, and kurtosis were computed. The minimum and maximum values described the 

observed range of each variable, while the mean represented the average climatic or 

wildfire condition during the study period. Standard deviation was used to quantify the 

dispersion of observations around the mean (Elhassnaoui, 2021).

To facilitate comparison among variables with different units, the coefficient of 

variation (CV) was calculated as

CV = SD
x́

×100                                                                               (2.12)

Where SD = standard deviation, x́ is the arithmetic mean.

Skewness  was  calculated  to  evaluate  the  symmetry  of  the  data  distribution, 

whereas kurtosis was used to assess the occurrence of extreme observations relative to a 

normal  distribution (Ouyang  et  al.,  2024).  These  descriptive  statistics  provided  an 

overview of climatic variability and wildfire behaviour before trend analysis.

2.11 Temperature and precipitation indices

To understand the long-term changes in the local climate, specific indices were 

calculated from the temperature and rainfall data.

2.11.1 ETCCDI climate extreme indices

The 27 core ETCCDI indices were calculated for 1996–2025 to assess long-term 

behavior in the extremes of precipitation and temperature. These standardized measures 

provide a common basis for examining extreme-event variability and climate change 

across locations (Dunn et al., 2024).
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The ETCCDI indices were produced with ClimPACT and Rstudio software, with 

the quality-controlled daily  meteorological  observations checked for  missing values, 

outliers,  and  inconsistent  observations  before  being  used  in  the  statistical  analyses 

described in the following sections. The percentile thresholds (10th, 90th, 95th, and 99th) 

were calculated using the 1996-2025 study period as the reference (base) period, as is 

standard practice for ETCCDI indices in ClimPACT2 (Alexander & Herold, 2016).

Following quality control, all 27 core ETCCDI indices were calculated according 

to the standard ETCCDI definitions. Table 2.1 lists the indices together with their units  

and definitions. The set comprised 16 temperature indices and 11 precipitation indices, 

providing broad coverage of climate extremes in MHNP.

Table 2.1 ETCCDI climate extreme indices.

Index Name Description Units

TXx Hottest day Monthly and annual highest value of daily 
maximum temperature

°C

TNx Warmest night Monthly and annual highest value of daily 
minimum temperature

°C

TXn Coldest day Monthly and annual lowest value of daily 
maximum temperature

°C

TNn Coldest night Monthly and annual lowest value of daily 
minimum temperature

°C

TX10p Cool days Percentage of days when daily maximum 
temperature is below the 10th percentile

%

TN10p Cool nights Percentage of days when daily minimum 
temperature is below the 10th percentile

%

TX90p Warm days Percentage of days when daily maximum 
temperature is above the 90th percentile

%

TN90p Warm nights Percentage of days when daily minimum 
temperature is above the 90th percentile

%

FD Frost days Annual count of days when daily minimum 
temperature < 0°C

days

SU Summer days Annual count of days when daily maximum 
temperature > 25°C

days

ID Ice days Annual count of days when daily maximum 
temperature < 0°C

days

TR Tropical nights Annual count of days when daily minimum days

33



Index Name Description Units

temperature > 20°C

WSDI Warm spell 
duration index

Annual count of days within periods of at 
least six consecutive days when daily 

maximum temperature exceeds the 90th 
percentile

days

CSDI Cold spell 
duration index

Annual count of days within periods of at 
least six consecutive days when daily 

minimum temperature is below the 10th 
percentile

days

GSL Growing season 
length

Annual count between the first period of at 
least six consecutive days with mean 

temperature > 5°C and the first period after 
1 July with at least six consecutive days 

with mean temperature < 5°C

days

DTR Diurnal 
temperature 

range

Annual mean difference between daily 
maximum and minimum temperatures

°C

PRCPTOT Annual total 
wet-day 

precipitation

Annual total precipitation from wet days (≥ 
1 mm)

mm

SDII Simple daily 
intensity index

Ratio of annual total precipitation to the 
number of wet days (≥ 1 mm)

mm 
day ¹⁻

Rx1day Maximum 1-
day 

precipitation

Monthly and annual maximum 1-day 
precipitation amount

mm

Rx5day Maximum 5-
day 

precipitation

Monthly and annual maximum consecutive 
5-day precipitation amount

mm

R10mm Heavy 
precipitation 

days

Annual count of days with precipitation ≥ 
10 mm

days

R20mm Very heavy 
precipitation 

days

Annual count of days with precipitation ≥ 
20 mm

days

R25mm Extremely 
heavy 

precipitation 
days

Annual count of days with precipitation ≥ 
25 mm

days

34



Index Name Description Units

CDD Consecutive dry 
days

Maximum number of consecutive days with 
precipitation < 1 mm

days

CWD Consecutive 
wet days

Maximum number of consecutive days with 
precipitation ≥ 1 mm

days

R95p Very wet days Annual total precipitation from days 
exceeding the 95th percentile

mm

R99p Extremely wet 
days

Annual total precipitation from days 
exceeding the 99th percentile

mm

The temperature group comprised TXx, ID, TXn, TNn, TNx, TX10p, TX90p, 

TN90p, FD, TN10p, SU, GSL, TR, WSDI, CSDI, and DTR; the precipitation group 

comprised PRCPTOT, Rx1day, R10mm, R20mm, SDII, R25mm, CDD, CWD, Rx5day, 

R95p, and R99p.

Standard ETCCDI methodology was followed to calculate percentile thresholds 

(TX10p, TN90p, TX90p, and TN10p) with a 15-day moving window that includes the day 

of interest and the seven days before and after. A wet day was considered as one with 

precipitation of ≥1.0 mm for the precipitation indices. Percentile thresholds for R95p and 

R99p were computed only using wet-day data (Cooley & Chang, 2021). The indices were 

then  aggregated  to  monthly,  seasonal  and  annual  data  sets  after  their  calculation, 

following the same seasonal  classification used in  this  study.  Because the  Growing 

Season Length (GSL) index is based on changes in temperature over the entire year, it was 

calculated only on an annual basis following the ETCCDI definition. The calculated 

ETCCDI indices were subsequently used for the climate extreme analyses presented in 

the Results chapter. Subsequent statistical analyses involving these indices followed the 

methodology described within the corresponding parts of this chapter.

2.12 Humidity related index: heat index

Daily Heat Index (HI) values were calculated from air temperature and relative 

humidity for  1996–2025 to represent  their  combined contribution to human thermal 

stress.The Heat Index is the apparent or "feels like" temperature that the human body 

would feel if it were exposed to the combined effects of the highest temperature and 

moisture of the air (Xu et al., 2025).
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Mean daily relative humidity was the average of morning and evening relative 

humidity measurements, and daily Heat Index was computed. The Heat Index equation 

was only used if the daily temperature maximum was ≥27°C and the relative humidity 

was ≥40%. Because hourly humidity observations were unavailable, mean daily relative 

humidity was used for the calculation. Previous studies have reported that using daily 

maximum  temperature  together  with  mean  daily  relative  humidity  may  slightly 

overestimate heat stress compared with hourly observations (Diaconescu, 2023; Awasthi 

et al., 2026). Daily maximum temperature was first converted from degrees Celsius to 

degrees Fahrenheit.  The Heat  Index (HI) in Fahrenheit  was then determined by the 

Rothfusz regression equation (Lu & Romps, 2022):

The variables in the equation are defined below:

H I F=−42.379+2.04901523T +10.14333127 RH−0.22475541TRH−0.00683783T 2−0.05481717 R H 2+0.00122874 T 2 RH +0.00085282TR H 2−0.00000199T 2 R H 2

(2.13)

H I F refers  to  the  Heat  Index  expressed  in  Fahrenheit,  T indicates  the  air 

temperature in Fahrenheit, RH represents relative humidity (%).

When relative humidity was below 13% and air temperature ranged from 80°F to 

112°F, the corresponding low-humidity adjustment was applied (Rothfusz, 1990):

Adjustmen t1=
(13−RH )

4 √ 17−|T−95|
17

                                                         (2.14)

A  separate  adjustment  was  applied  for  relative  humidity  above  85%  when 

temperature fell between 80°F and 87°F:

Adjustmen t2=
( RH−85 )

10
×

(87−T )
5

                                                         (2.15)

If the low-humidity condition is met: 

HI= H I F −¿ Adjustmen t1

 If the high-humidity condition is met: 

H= H I F + Adjustmen t1

The final Heat Index values were converted back to degrees Celsius for subsequent 

analyses. Daily Heat Index values were classified according to the National Disaster 

Management Authority heat risk categories (NDMA, 2025).
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Table 2.2 Heat Index risk categories.

The  number  of  days  within  each  category  was  subsequently  aggregated  to 

monthly, seasonal, and annual temporal scales.

2.13 Wind speed

To evaluate the role of wind in the local climate, daily wind data was reviewed and 

grouped into different categories.

2.13.1 Calm days and windy days

To evaluate temporal changes in wind conditions, daily wind speed observations 

for 1996–2025 were classified into Calm Days and Windy Days using quality-controlled 

daily wind speed records. The European Climate Assessment & Dataset (2025) calm 

climate index (CCI) criterion was adopted, with calm days defined as those having mean 

wind speed of ≤ 2. m/s.The wind speed threshold used for Windy Days was set as > 5.5 m 

s ¹ (20 km h ¹) as it is the lower limit of moderate to strong westerly winds reported⁻ ⁻  

during the wildfire season in Pakistan, which varies according to local climatic conditions 

(National Disaster Management Authority, 2025). 

Three wind categories were defined:

Calm Days: wind speed < 2 m/s

Moderate Days: 2 - 5.5 m/s

Windy Days: wind speed > 5.5 m/s
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Heat Index (°C) Category

<27 Safe

27–32 Caution

33–40 Extreme Caution

41–51 Danger

52–92 Extreme Danger

≥93 Beyond Threshold



For each month, season, and year, the number of days belonging to each category 

was counted. To facilitate  comparison among different  time periods,  the percentage 

frequency of each category was calculated as

Category Percentage= Number of Days∈Category
Total Valid Days

×100

where the denominator denotes the total count of valid daily observations within 

the corresponding period.

Yearly, seasonal and monthly percentages of Calm Days and Windy Days were 

subsequently used in the statistical analyses presented in later sections.

2.14 Trend analysis

Temporal trends were evaluated with the Modified Mann–Kendall (MMK) test, 

Spearman’s rank correlation and Innovative Trend Analysis (ITA. These analyses were 

conducted separately for monthly, seasonal, and annual records.

The analysis covered the five climatic variables, wildfire-event count and affected 

area, and the climate indices developed for this study. Trends in the ETCCDI temperature 

and precipitation indices were assessed using MMK with Sen’s slope, Spearman’s rho, 

and  ITA.  Because  Heat  Index,  Calm  Days,  and  Windy  Days  were  study-specific 

measures, and best represented by stacked area graph, box plots and heat map, so annual 

Heat Index trends were tested with MMK and Sen’s slope, whereas Calm Days and 

Windy Days were evaluated using linear regression.

 2.14.1 Modified Mann–Kendall test

The Modified Mann–Kendall (MMK) procedure was applied to determine long-

term trends in the climatic series and wildfire measures. The non-parametric method was 

chosen because it is capable of handling serial autocorrelation that is often found in hydro-

climatic time series, and it is also robust against non-normal distributions and extreme 

observations (Hamed & Rao, 1998; Wang et al., 2020).

Trend analysis  covered temperature minimum, relative humidity,  temperature 

maximum, precipitation, wind speed, climatic indices, fire-event count, and affected area 
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over 1996–2025. Monthly, seasonal, and annual datasets were analysed using the seasonal 

classification adopted throughout this study.

MMK test statistic:

The Modified Mann–Kendall statistic is the same one employed in the Mann–

Kendall test.

S=∑
i=1

n−1

∑
j=i+1

n

sgn ( x j−xi ) ,                                                       (2.15)

Where

          sgn ( x j−xi )={ 1 , x j>xi

0 , x j=xi

−1 , x j<xi

The variance is then adjusted for serial correlation as

  V
¿ ( S )=V ( S ) × n

ns
¿ ,                                                                     (2.16)

where  V ¿ ( S ) is  the  corrected  variance,  V ( S ) is  the  original  Mann–Kendall 

variance, and ns
¿
 is the effective sample size, which accounts for autocorrelation. A p-value 

below 0.05 was used to determine whether a significant trend exists.

Sen’s slope was estimated using the following expression:

β=Median( x j−xi

j−i ) , j>i                                                      (2.17)

Here, xi and x j are observations at times i and j. Sen’s slope is the median of the 

slopes obtained from all possible observation pairs. Positive values indicate increasing 

change, whereas negative values indicate decreasing change (Sen, 1968; Collaud Coen et 

al., 2020).

For graphical presentation, a simple linear regression line was additionally fitted 

using:

y=mx+c ,                                                                                    (2.18)

In this notation, y is the climatic or wildfire response, m is the regression slope, x 

represents time, and c is the intercept. R² was used to express the proportion of variability 

explained by the fitted regression. Regression lines were used for visualization purposes 
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only and were presented together with Sen's slope for variables exhibiting statistically 

significant trends.

2.14.2 Spearman's rank correlation coefficient

Spearman’s  ranked correlation  additionally  applied  to  evaluate  whether  each 

variable  showed  a  monotonic  relationship  with  time.  The  analysis  included  the 

homogenized  climatic  variables,  all  indices  and  wildfire  metrics  for  the  monthly, 

seasonal, and annual datasets. Spearman's rank correlation coefficient was included as 

one  of  the  methods  for  trend  comparison  because  previous  work  has  shown  that 

Spearman’s method has comparable statistical power to the Mann–Kendall method for 

identifying  monotonic  changes in  long-term hydrological  series  (Yue  et  al.,  2002a; 

Rahman et al., 2017).

Correlation coefficient was computed as:

r s=1−
6 ∑d i

2

n (n2−1 )
                                                                             (2.19)

The symbols are defined as: r s denotes correlation coefficient, d i represents the 

difference in ranks for paired observation and n denotes the total observations.

The coefficient can take values ranging from −1 to +1, with positive coefficients 

indicating an upward monotonic pattern and negative coefficients suggest a decreasing 

one. Statistical significance was assessed at the 95% (p ≤ 0.05) and 99% (p ≤ 0.01) 

confidence levels (Ahmad et al., 2015).

2.14.3 Innovative trend analysis (ITA)

 ITA was used to uncover trends that are not apparent in traditional statistical 

analyses. ITA is not based on the assumption of normality, serial independence, or large 

sample size as is the case with the traditional trend tests. The 30-year record was split into 

two  equal  15-year  segments:  1996–2010  and  2011–2025. Each  half  was  sorted 

independently  in  ascending  order  and  plotted  against  one  another  using  Cartesian 

coordinates. A 1:1 reference line represented the absence of trend. Points located above 

the line indicated increasing trends, whereas points below the line indicated decreasing 

trends (Alifujiang et al., 2020; Şen, 2017).
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The ITA slope was calculated as

S=
2 ( M 2−M 1 )

n
                                                                               (2.20)

Where M 1 represents the mean of the first half, M 2 denotes the average of the 

second half and n represents the total observations. To evaluate changes across different 

magnitudes, observations were classified into low, medium, and high groups using the 

10th and 90th percentile thresholds (Wang et al., 2020). The statistical significance of ITA 

trends for both climatic and wildfire variables was evaluated using Şen's confidence limits 

as 95% and 99% calculated as

CL=± Z ( 2√2
n√n

σ √1−ρ)                                                                     (2.21)

The notation is as follows: n denotes the number of observations, Z represents the 

standard normal distribution’s critical  value, σ denotes the standard deviation and  ρ 

represents the correlation coefficient between the two ordered halves. The trend was 

deemed significant if the calculated ITA slope was outside the respective confidence 

limits (Šrajbek et al., 2025).

2.15 Correlation analysis

To understand how climate affects fires, statistical tests were used to measure the 

links between weather patterns and wildfire activity.

2.15.1 Climate variables, ETCCDI indices vs wildfire

Correlation analysis was conducted with monthly, seasonal and annual data from 

1996  to  2025  to  investigate  the  relationships  between  climatic  conditions,  climate 

extremes and wildfire activity. The analysis included five climatic variables, ETCCDI, 

fire-event count, and affected area. Spearman’s rank correlation was selected because it is 

distribution-free and performs well  when environmental  data  are  skewed or  contain 

extreme observations. The correlation coefficient was calculated using the following 

expression:

r s=1−
6 ∑d i

2

n (n2−1 )
                                                                               (2.22)
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Here, ρ denotes Spearman’s coefficient, d denotes the rank difference for paired 

observations, and n is the number of paired observations.

 The analysis comprised the following components:

a) Relationships between each climatic variable and the wildfire variables (number of 

fire events and area affected)

b) Relationships between ETCCDI temperature and precipitation indices and wildfire 

measures at monthly, seasonal, and annual scales.

Coefficients range between −1 and +1, indicating positive or inverse associations. 

(Mehmood et al., 2024). Statistical significance was assessed at the 95% (p < 0.05) and 

99% (p < 0.01) levels. The resulting correlation matrices were presented as heat maps to 

facilitate  interpretation  of  the  relationships  among  climatic  variables  and  wildfire 

characteristics. The correlation matrices for the ETCCDI indices and wildfire variables 

were also visualized using heat maps to facilitate interpretation of relationships between 

climate extremes and wildfire dynamics (Muhammad et al., 2025).

2.15.2 Heat index and wind extremes vs. wildfire

A separate correlation analysis was conducted to examine the association of the 

calculated Heat Index and wind-speed indices with wildfire variables (Calm Days and 

Windy  Days)  and  wildfire  activity,  as  temperature,  humidity,  and  wind  are  key 

meteorological  factors  influencing  wildfire  occurrence  and  spread  (Hamadeh  et  al., 

2017). 

Monthly, seasonal, and annual Heat Index, Calm Days, and Windy Days values 

were correlated with the wildfire measures using Spearman’s rank correlation, with the 

same significance criteria  applied above. The resulting correlation coefficients  were 

summarized using heat maps to facilitate comparison with the primary climate wildfire  

correlation analysis.
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CHAPTER 3

RESULTS AND DISCUSSION

3.1 Results of normality tests

The all observed quantiles of climate and fire did not align with the theoretical  

quantiles of the normal distribution, as illustrated in Figure 3.1 as one of the findings. 

Likewise, the histograms provide visual evidence that the data are skewed rather than 

normally distributed.

Figure 3.1. Histogram and quantile matching graphs for temperature maximum.

Normality was assessed for all climate and wildfire variables using four statistical 

tests:  Anderson–Darling,  Kolmogorov–Smirnov,  Jarque–Bera,  and  W².  At  the 

significance level of α = 0.05, the results from all  four tests showed that nearly all 

variables  across  both  datasets  were  not  normally  distributed,  with  the  exception  of 

variables at the annual scale in Table 3.1. At the annual scale, precipitation, maximum 

temperature maximum, relative humidity and temperature minimum all had p-values 

above 0.05 in the four normality tests; therefore, normality was not rejected for these 

variables. For the annual wildfire area affected (ha), the Jarque–Bera test was the only test 

to  produce  a  non-significant  result  (p  =  0.0583),  whereas  the  Anderson–Darling, 

Kolmogorov–Smirnov, and W² tests all remained significant, indicating that the variable 

still departed from a normal distribution. The complete Q-Q plots, histograms and results 

of normality are given in appendix A.
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Table 3.1 Non-Significant results of Normality tests.

Note. A² = Anderson–Darling statistic; D = Kolmogorov–Smirnov (Lilliefors) statistic;  

JB = Jarque–Bera statistic; W² = Cramér–von Mises statistic

Overall, the results show that the climate and wildfire datasets do not meet the 

normality assumption required for parametric statistical analyses, justifying the use of 

non-parametric methods in the subsequent analyses. Hydroclimatic variables also have 

similar characteristics to the variables discussed above, with precipitation, temperature 

extremes, and other environmental variables frequently having skewed or heavy-tailed 

distributions, due to natural variability and the potential for extreme events to occur, 

rather than Gaussian distributions (Nerantzaki & Papalexiou, 2022; Reinders & Muñoz, 

2024). The near-normal behaviour observed for a small number of annual variables is 

likely the result of  temporal classification, which  minimizes short-term variations and 

reduces the impact of extreme values. Therefore, the use of non-parametric statistical 

methods is appropriate for the present study and provides a more reliable basis for the 

subsequent trend and correlation analyses.

3.2 Goodness-of-fit distribution analysis

This section evaluates the goodness-of-fit metrics for each climate and wildfire 

variable to identify the most accurate probability distribution model in direct comparison 

to the standard normal distribution.

Non-normal probability distributions  repeatedly provided a closer fit  than the 

normal distribution across the analyzed environmental and wildfire datasets. The Weibull 

distribution  was  the  optimal  model  for  precipitation,  maximum  temperature,  and 

humidity. This difference was most pronounced for precipitation, where the Weibull 

model (AD = 0.49, AIC = 4047) fit the data far better than the normal distribution (AD = 
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25.24, AIC = 4492). The Weibull distribution also outperformed the normal distribution 

for maximum temperature (Weibull AD = 7.64, AIC = 2373 vs. Normal AD = 8.65, AIC = 

2393) and humidity (Weibull AD = 4.25, AIC = 2605 vs. Normal AD = 8.08, AIC = 

2659).  Minimum temperature presented the only split  result:  the normal distribution 

yielded a lower Anderson-Darling statistic (10.22 vs. Weibull 11.71), while the Weibull 

distribution produced the lowest Akaike Information Criterion (2492 vs. Normal 2504). 

For wind speed and the number of wildfire events, the lognormal distribution offered the 

closest fit. Wind speed data aligned best with the lognormal model (AD = 8.47, AIC = 

280), which was a measurable improvement over the normal model (AD = 14.18, AIC = 

428). Likewise, the number of wildfire events fit the lognormal distribution (AD = 0.28, 

AIC = 275) much closer than the normal distribution (AD = 1.56, AIC = 293).

The gamma distribution provided the best fit for the area affected by wildfires (AD 

= 0.42, AIC = 341), directly outperforming the normal distribution (AD = 1.27, AIC = 

362).  Establishing  that  these  datasets  deviate  from normality  dictates  the  statistical  

procedures required for the subsequent modeling phases. As detailed in the text, Figure 

3.2 show two representative examples (one climate variable and one fire variable). The 

complete set of visual plots for all tested distribution fits can be found in Appendix B.
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Figure 3.2 Comparative Goodness-of-Fit and Probability Distribution Analysis for  

Event Frequency and Precipitation Data.

The goodness-of-fit  analysis shows that the distribution of most climatic and 

wildfire  variables  are  not  normally distributed,  which is  indicative of  the effects  of 

skewness,  extreme  values,  and  physical  constraints  in  environmental  datasets.  This 
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supports  the  use  of  non-parametric  statistical  approaches  in  subsequent  trend  and 

correlation  analyses.  The  improved performance  of  Weibull,  lognormal  and gamma 

distributions  corroborates  previous  studies  that  indicate  that  climatic  variables  like 

precipitation  and  wind  speed  often  have  asymmetric  distributions  because  of  the 

irregularity of events and extreme values (Alam et al., 2018; Yonus et al., 2023). The 

suitability  of  Weibull  distribution  for  precipitation  is  consistent  with  the  monsoon-

dominated rainfall pattern of the region, where rainfall is concentrated in fewer high-

intensity  events.  Likewise,  the lognormal  characteristics  of  wind speed and wildfire 

frequency are related to the presence of occasional extreme events that affect the upper 

extreme of the distribution. The gamma distribution identified for wildfire-affected area is 

consistent with burned-area datasets, where a small number of severe wildfire events 

contribute  a  large  proportion  of  total  affected  area  (Malamud  et  al.,  2005).  These 

distribution characteristics justify the application of rank-based statistical methods in this 

study, as such approaches are less sensitive to non-normality and extreme observations 

(Hamed & Rao, 1998).

3.3 Homogeneity outcomes of climate data

This subsection examines the meteorological  datasets from 1996 to 2025 for 

sudden, artificial shifts prior to evaluating long-term climate trends. Statistical testing 

identified significant structural breaks primarily within the wind speed data, along with 

isolated shifts in minimum temperature and relative humidity.

As  detailed  in  primary  Table  3.2,  the  wind  speed  records  showed the  most 

prominent discontinuities. Both the Pettitt and Mann-Whitney U tests mutually confirmed 

highly significant shifts (p < 0.001) in monthly wind speed during Winter wind speed in 

2010. An additional shift occurred in the autumn wind speed data in 2009 (p < 0.01).  

Beyond wind  variables,  the  tests  confirmed a  single  break  in  the  annual  minimum 

temperature record in 2006 (p < 0.05) and another in monthly relative humidity in July 

2012 (p < 0.05). In contrast, maximum temperature and precipitation did not exhibit any 

statistically significant breakpoints across any of the tested time scales. Identifying these 

abrupt  shifts  determines  the  specific  data  corrections  needed  before  calculating  the 

historical climate extreme indices.
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   Table 3.2 Test statistics for homogeneity of climate parameters.

3.4 Homogenization

This subsection deals with the verification of detected station breaks by regional 

difference series and the statistical adjustments to the data. Wind speed was the only 

meteorological variable that demonstrated a statistically significant breakpoint in both the 

raw observations and the regional difference series. The Pettitt test (Raw p = 0.00017; 

Difference p = 0.00092) and the Mann-Whitney U test (Raw p = 0.00002; Difference p = 

0.00010) both indicated that the break in wind speed during the winter of 2010 was highly 

significant in both datasets. The remaining climatic variables did not display common, 

mutually confirmed breakpoints across both sets of data.

Empirical Quantile Matching successfully adjusted the discontinuous records to 

create a uniform timeline. The raw wind speed data before 2010 contained higher baseline 

values, which the matching procedure reduced to align with the probability distribution of 

the post-2010 period as in Figure 3.3. Additionally, the visual results indicate that quantile 

matching was applied which raised the historical low values to match the recent station 

observations.
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Table 3.3 Common breakpoints: Raw and Difference series.

Figure 3.3 Homogenization.

The results indicate that most climatic variables were sufficiently homogeneous 

for long-term trend analysis,  whereas wind speed required adjustment before further 

analysis. This is consistent with the study objective of ensuring that subsequent trend 

analyses  reflect  actual  climatic  variability  rather  than  artificial  changes  in  the 

observational record. Domonkos et al., (2024) reported similar results, stating that wind 

speed records are especially sensitive to the instrumentation and the surrounding of the 

sensors, and that they are more susceptible to inhomogeneity. The absence of common 

breakpoints in the remaining variables suggests that the detected shifts were more likely 

related to natural climatic variability than to station-related effects. It points to the two 

mechanisms showing up behind wind speed breaks: a physical move of the station, or a 

change in the recording instrument. Either is a plausible explanation for the Winter 2010 

break found here, though without station history metadata for Islamabad, this remains an 

inference drawn from the general pattern rather than a confirmed local cause. Correcting 

the  wind  speed  series  using  empirical  quantile  matching  therefore  improved  the 

consistency of the dataset by reducing non-climatic biases while preserving the statistical 

distribution of the observations, providing a more reliable basis for subsequent trend and 

climate extreme analyses (Domonkos, 2024).
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3.5 Results of autocorrelation (serial dependence)

This section presents the Lag-1 Spearman rank autocorrelation for climate and 

wildfire records to determine if consecutive observations were temporally related.

Wind speed exhibited persistent positive serial dependence throughout much of 

the year, whereas temperature, precipitation, and wildfire variables showed no significant 

autocorrelation outside of a few isolated periods. As detailed in Table 3.4 (a), wind speed 

recorded statistically significant positive autocorrelation annually (statistic = 0.656, p < 

0.001) and across three of the four seasons, peaking in Winter (statistic = 0.615,  p < 

0.001). Monthly wind speed data showed continuous significant positive dependence 

from  December  through  June.  In  contrast,  maximum  and  minimum  temperatures 

produced  completely  non-significant  results  across  all  time  scales.  Precipitation 

demonstrated a single significant negative autocorrelation in July (statistic = -0.378, p = 

0.042), and humidity showed significant positive dependence only during May and the 

Pre-Monsoon spring season.

Table 3.4 Spearman’s lag-1 Autocorrelation stats.

a) climate parameters b) fire parameters

(a)

50



 

(b)

For  the  wildfire  variables,  significant  positive  autocorrelation  was  strictly 

confined to the late-year dry season (Table 3.4 (b). Both the number of fire events and the 

affected area were highly auto correlated during the Post-Monsoon autumn season (events 

statistic  = 0.619,  area statistic  = 0.665;  both  p < 0.001),  a  trend driven entirely by 

significant dependence in November. Every other month, season, and the annual scale for 

both  wildfire  variables  yielded  non-significant  results.  Mapping  these  temporal 

dependencies clarifies which datasets require specific statistical adjustments before the 

final correlation analysis between extreme climate trends and historical fires.

The clearest signal in this analysis came from wind speed, and the way the data 

were prepared is the most likely reason for it. The 2010 break was removed by quantile 

matching, and calm days recorded as 0 m/s were raised to the lowest wind speed in the 

record.  Both  steps  narrow the  spread  of  the  data  and  leave  many  repeated  values.  

Spearman's test compares ranks, so repeated values carry the same rank and match one 

another  automatically,  which  lifts  the  coefficient.  Li  et  al.,  (2022)  reported  that 

homogenising wind records lowered the standard deviation of the series across China, and 

Zhang and Wang (2025) found that homogenisation cut regional wind trends by about 

half. Since the Mann-Kendall test treats values as independent, and linked values make a 
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false trend more likely (Sheoran et al., 2024), the wind trend needs prewhitening or a 

corrected test, and this result is better read as a property of the adjusted data than of the  

wind itself. Temperature showed no link at any time scale, which matches the regional  

picture. Rashid et al., (2026) found weak and non-significant temperature trends across 

the Potwar Plateau for 1982–2022, and a series without a clear trend would not be 

expected to show linked values. It is thus possible to apply the Mann-Kendall test directly 

to  temperature,  however,  a  lack  of  correlation  does  not  imply  independence;  the 

coefficient must be greater than approximately 0.37 for the number of pairs of data 

(twenty-nine).

Rainfall behaved the same way apart from one month, which is unsurprising given 

the number of tests run. Fire counts also start fresh each year, except in November. Fuel 

cannot explain this, since burning in one year would reduce the next year's fuel and give a 

negative value. A slow-changing human cause or a gradual shift in record keeping fits 

better, supported by the absence of any climate link in that month and by Tariq et al., 

(2022), who found that most fires in the Margalla Hills are caused by people.

3.6 Descriptive statistics results

This section outlines the descriptive statistics of the meteorological variables and 

wildfire records before conducting the trend analysis.

Wildfire occurrences and precipitation showed extreme seasonal variation and 

highly skewed data distributions, while temperature and humidity remained much more 

stable throughout the year.  As in Table 3.5, precipitation had the highest variability 

among the weather variables, recording an annual mean of 1246.56 mm with a massive 

range between 580.80 mm and 1732.40 mm. Summer precipitation made up the bulk of 

the annual total with a mean of 747.04 mm, whereas autumn was the driest season 

averaging just 50.06 mm. The precipitation data was heavily rightward skewed during the 

dry winter months, peaking in December with a skewness of 2.44 and a coefficient of  

variation  of  147.96%.  Conversely,  temperature  profiles  were  highly  consistent.  The 

annual  mean maximum temperature was 28.33°C, peaking in summer at  a  mean of 

34.06°C, and maintained a very low coefficient of variation that ranged only from 2.24% 

to 9.02% across all individual months. Minimum temperature averaged 14.52°C annually 

and showed slightly higher relative variability, reaching its highest variation in January at 

40.06%. Relative  humidity  averaged 59.15% annually,  reaching its  highest  point  in 

52



summer at 75.11% and its lowest in spring at 55.49%, with low overall variance. Wind 

speed recorded an annual mean of 0.41 m/s but displayed extreme rightward skewness 

(2.05) and kurtosis (10.75), along with variability exceeding 100% during December and 

January.

Wildfire  activity was overwhelmingly concentrated during the spring season. 

According to Fire data descriptive stats (Table 3.5), the park averaged 37.43 fire events 

annually, and spring accounted for 28.93 of those events on average, reaching up to 113 

events in a single spring season. The area affected by fires followed the exact same 

seasonal pattern, averaging 102.19 hectares burned annually, with spring fires destroying 

an average of 82.25 hectares and reaching a maximum of 339.29 hectares. Both the 

number of fire events and the area affected showed massive variation over time and non-

normal distributions, recording annual coefficients of variation of 81.00% and 94.23%, 

respectively.  These  fire  data  distributions  were  highly  skewed  with  heavy  tails, 

particularly during the off-peak autumn season where the variation for fire events reached 

267.82% and  the  affected  area  kurtosis  spiked  to  9.62.  Establishing  these  baseline 

distributions and seasonal peaks sets the necessary foundation for the trend analysis. 

Descriptive statistics of precipitation, relative humidity and fire parameters are given for 

reference in the table below while remaining parameters results are added in appendix C.
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Table 3.5 Descriptive statistics climate and fire parameters (1996-2025).

The climatic variables in this study fall into two groups based on how stable they 

are over time. Temperature and relative humidity change little from year to year, while  

precipitation and wind speed are much less stable. This distinction is important for the 

first objective, as it shows which variables are able to reveal a long-term signal and which 

are not. Maximum temperature stays fairly uniform across the months, which means that 

any  real  trend  should  be  easy  to  detect  through  statistical  testing,  while  minimum 

temperature varies a little more but is still far steadier than rainfall. Precipitation behaves 

in the opposite way, varying so widely that a gradual trend may be hidden by the noise. 

This result is consistent with Rashid et al., (2026) who investigated six meteorological 
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stations in the Potwar Plateau, including Islamabad and Rawalpindi, and found weak 

trends  in  temperature  but  strong  variations  in  precipitation,  which  they  termed  as 

increasing hydroclimatic variability in the region rather than a long-term trend. The 

seasonal pattern seen here is also typical of the region, as summer contributed about 60% 

of the annual rainfall, close to the monsoon share of roughly 70.5% that Ahmad et al., 

(2023) reported for central Punjab. The reason for this contrast is physical: temperature 

follows the yearly solar cycle and repeats with little change, while rainfall arrives in  

separate spells that differ in frequency and strength from one year to the next. Winter 

rainfall in northern Pakistan is produced by western disturbances, weather systems carried 

within the subtropical westerly jet that bring most of the winter rain and snow to Pakistan 

and the western Himalaya (Hunt et al., 2025), and these are active only from December to 

March (Abbas et al., 2023). As a result, a given dry month may receive one or two of these 

systems or almost none, which produces the strong positive skew seen in the record. 

Because these variables depart from normality, rank-based trend tests are more suitable 

than parametric ones. One methodological caution concerns the coefficient of variation, 

which is only meaningful for variables with a true zero (Abdi, 2010); temperature in 

degrees Celsius does not meet this condition, so its low coefficient of variation is partly a 

product of the measurement unit.

Relative humidity provides the link between the climatic and wildfire records. It 

reaches its lowest point in spring, when temperatures rise and rainfall remains low, and 

the fire record follows this same window, with about three-quarters of the annual events 

and four-fifths of the burned area concentrated in spring alone. Wind speed completes the 

picture, staying low for most of the year and rising only in brief episodes; since Tariq et  

al., (2021) found wind speed to be strongly associated with fire severity in this park, it is 

these occasional gusts, rather than the low annual mean, that are likely to matter once a 

fire is established. Ignition is mainly anthropogenic, and Tariq et al., (2022) linked the  

probability of fire occurrence to site accessibility and human activity, which indicates that 

the fire season is set by how dry the fuel is rather than by when people are present. This  

provides the basis for examining wildfire occurrence against seasonal climatic conditions 

rather than annual means, as the second objective proposes. The observed spring peak 

appears to differ from Tariq et al., (2021), who assigned all 299 of their fire records to 

May,  June  and  July  and  identified  summer  as  the  main  fire  season;  however,  the 

difference reflects how the seasons are defined, since May is treated as spring in the 
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present study and as summer in theirs. Evidence from within the park supports the earlier 

onset, as Sahar et al., (2024) reported a fire season running from early April to mid-July, 

and the same pattern is found in chir pine forests across Pakistan, which experience a long 

dry period from late spring to early autumn and accumulate needle litter that ignites easily 

(Muhammad et al., 2025). The fire record is highly uneven, driven by a small number of 

severe seasons, which is consistent with the unstable increasing trend Shahzad et al.,  

(2024) reported at the national level and with the heavy-tailed distributions typical of fire 

regimes more generally (Malamud et al., 2005). Burned area varied more than the number 

of events, which indicates that the two are better treated as separate variables in the 

correlation analysis, while the sparse autumn observations show only that fire outside 

spring is rare and occasionally large rather than giving a reliable estimate.

3.7 Trend analysis of wildfire activity

This section examines the long-term patterns of wildfire activity to show how the 

frequency and size of fires have changed over the study period.

3.7.1 Annual trends

Annual wildfire frequency and total  burned area exhibited overall  decreasing 

trends over the 30-year study period.

No statistical significance was found by rank based statistical tests, but a general  

decrease was seen in both fire metrics. The Modified Mann-Kendall test returned a Tau of 

-0.162, and a Spearman’s (Rho) -0.242 for the number of annual fire events. The total 

annual area affected recorded an MK Tau of -0.205 and an SR Rho of -0.317. Despite the 

lack of statistical significance in these monotonic tests, Sen's slope estimator calculated a 

median annual reduction of 0.571 fire events and 2.873 hectares of burned area.
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Table 3.6 Trend statistics of wildfire.

Innovative Trend Analysis (ITA) revealed highly significant negative trends for 

both annual metrics. Downward slopes were calculated at the 99% confidence level for 

the number of events (s = -0.1839) and the area affected (s = -0.7510) as shown in  

summary tables of ITA (visit appendix D).

(a)                                                           (b)

Figure 3.4 Innovative Trend Analysis annual (a) area affected (b) number of fire events.

57



The annual scatter plots visually confirm this decline. The distribution of data 

points across magnitude clusters illustrates a distinct shift in fire severity. Low-magnitude 

years representing the quietest fire seasons are positioned just below the 1:1 reference 

line,  reflecting  a  minor  decrease.  However,  observations  in  the  medium and  high-

magnitude zones fall substantially further below the reference line. This widening gap 

demonstrates that  the most active and expansive fire years experienced the sharpest 

reductions during the 2011–2025 period.

3.7.2 Seasonal trends

This section describes the changes over time in both the number of fires and the 

amount of area burned for the four seasons (Winter, Spring, Summer and Autumn).

Summer was the only period to show a significant rise in overall fire activity. 

Rank-based tests revealed strong positive correlations for both the number of events (MK 

Tau = 0.448; SR Rho = 0.552) and the area affected (MK Tau = 0.384; SR Rho = 0.504), 

as detailed in Table 3.6. The Sen's slope calculation suggested a median gain of 0.048 

events annually, though the rate for the burned area remained at zero. Linear regression 

charts (appendix D) support this, showing a minor upward slope for fire frequency (R-

squared = 0.0592) and a completely flat line for spatial extent (R-squared = 0.0011). 

Interestingly, while general frequency climbed, the Innovative Trend Analysis (ITA) did 

not find these Summer slopes to be statistically significant. A look at the seasonal ITA 

charts clarifies this pattern: while fires in the low-magnitude zone increased, data points in 

the high-magnitude zone dropped entirely below the 1:1 reference line. This indicates that 

the most severe summer fires actually decreased in size and frequency during the 2011–

2025 period.

In contrast, Spring demonstrated clear reductions across multiple indicators. The 

standard statistical  tests  yielded non-significant  negative  values,  but  the  Sen's  slope 

estimator calculated notable annual drops of -0.185 events and -1.011 hectares. The ITA 

method captured this decline strongly, calculating highly significant negative slopes for 

both Spring fire events (-0.8622) and affected area (-3.1405). The corresponding scatter 

plots vividly display this shift, with almost all medium and high-magnitude observations 

positioned deeply below the no-trend line.
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Autumn and Winter generally experienced stable or declining fire behavior. Rank-

based methods produced weak, non-significant results near zero, accompanied by flat 

Sen's slopes. Despite this, the ITA successfully detected statistically significant negative 

slopes for both events and area across both seasons. The ITA graphs back this up, as the 

recorded events consistently fall into the lower half of the charts, safely away from the 

increasing trend zone. These seasonal outputs highlight that while smaller summer fires 

are becoming more frequent, the severity and scale of major fire events have declined 

considerably across all seasons.

3.7.3 Monthly trends

Monthly changes in fire-event counts and total burned area over 1996–2025 are 

described in this section.

Statistically  significant  increases  in  both fire-event  numbers  and burned area 

occurred only in July, August, and September (Table 3.6). Among these, August showed 

the strongest positive trends for both the number of events (MK Tau = 0.459; SR Rho = 

0.543) and the area affected (MK Tau = 0.412; SR Rho = 0.522). July and September also 

displayed  statistically  significant  positive  trends  across  both  metrics.  Despite  these 

significant rank correlations, the Sen's slope values for these three months were zero. 

Linear regression models further illustrated this increasing pattern; results display a clear 

linear rise in August fire events (R-squared = 0.3032) and area affected (R-squared = 

0.1398), largely resulting from a cluster of fires between 2020 and 2025.

The remaining months did not show statistically significant trends. March and 

April had weak positive rank correlations for both the number of events and area affected. 

May recorded a minor decrease in fire events (MK Tau = -0.014) alongside a slight 

positive trend for the affected area (Sen's slope = 0.071). June was the only summer month 

with non-significant decreasing trends for both the number of events (MK Tau = -0.084) 

and the area burned (Sen's slope = -0.169). In autumn, October showed a weak positive 

trend (MK Tau = 0.187), whereas November showed a weak negative trend (MK Tau = -

0.123) for fire events.

This was confirmed by Innovative Trend Analysis (ITA) results in all data zones, 

low, medium and high. The July, August and September values are clearly over the 1:1 

reference line in all three magnitude zones, suggesting an overall trend towards more fire 
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events of all sizes during the 2011-2025, time period. In contrast, the ITA plots for the 

non-significant months do not show clear upward shifts. In March, April, and October, 

fire events mostly clustered in the low magnitude zone directly on or near the reference 

line. For historically active fire months like May and June, several data points in the 

medium and high magnitude zones fell below the 1:1 line, reflecting a minor decrease in 

severe fire years during the latter half of the study.

Annual  fire  frequency  and  burned  area  in  Margalla  Hills  both  declined 

significantly under ITA, with burned area decreasing more rapidly than fire frequency. 

This suggests that  fires are becoming smaller rather than simply less frequent.  This 

finding agrees with Tariq et al.,  (2021, 2022), who identified road proximity, forest 

density, and human activities as the main controls on fire severity in Margalla Hills, rather 

than climatic conditions. Improved fire monitoring and suppression may therefore have 

contributed to limiting fire spread. In contrast, Shahzad et al., (2024) reported an unstable 

but overall increasing trend in vegetation fires across Pakistan based on MODIS data.  

This difference is likely because their analysis covered a shorter and more recent period, 

was largely influenced by cropland burning at the national scale, and did not reflect the 

management conditions of a protected forest located near the capital.

Seasonally,  both fire  frequency and burned area declined consistently during 

Spring. In Summer, however, both indicators increased in rank-based terms, although the 

increase in burned area was minimal. This suggests that more fires were ignited, but most 

remained small and did not develop into extensive burn events. Autumn and Winter 

showed weak but consistent declines in both indicators. The observed seasonal pattern 

agrees with Rafaqat et  al.,  (2022), who found that wildfire drivers vary across both 

geographic regions and seasons in Pakistan. Nafees et al., (2024) found that monsoon 

rainfall suppresses summer fires in northern Khyber Pakhtunkhwa, while winter Western 

Disturbances  have  recently  increased  fire  risk.  The  contrasting  pattern  observed  in 

Margalla Hills is likely related to its lower elevation and scrub-dominated vegetation, 

where fuels dry quickly between rainfall events and favour frequent but generally small 

fires.

The main departure from previous studies was the significant increase in both fire 

frequency  and  burned  area  during  July,  August,  and  September.  This  increase  was 

concentrated in a few recent years rather than representing a gradual long-term change, 

and the increase in fire frequency was more pronounced than that of burned area. This  
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contrasts with the monsoon-related fire suppression reported by Nafees et al., (2024) for 

northern Pakistan.  A possible explanation is  that  weaker or  more variable monsoon 

rainfall over Islamabad creates short periods favourable for ignition. In addition, Tariq et 

al., (2021, 2022) showed that fire occurrence in Margalla Hills is strongly associated with 

human activities near roads and settlements, making ignitions less dependent on rainfall 

than in remote forest regions. At the same time, effective fire suppression likely prevents 

most fires from spreading over large areas. As this increase is limited to recent years, it 

should be regarded as an emerging pattern rather than a long-term trend.

3.8 Trends in climatic variables

This section reports significant changes in five climatic variables of study at 

annual, seasonal, and monthly scales. Statistic table (Table 3.7) for MMK and Spearman’s 

rho is given in this section while for statistics table for ITA is given in appendix D.
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Table 3.7: Multi temporal Trend statistics of climatic variables.

(for p-values below 0.05 and 0.01)

3.8.1 Trends in temperature maximum

Standard rank-based tests, including the Modified Mann-Kendall and Spearman's 

rank  correlation,  did  not  detect  any  statistically  significant  trends  for  maximum 

temperature during any time period.

Innovative Trend Analysis (ITA) identified broad, highly significant decreasing 

trends across the dataset. In this context, the ITA slope indicates the average difference in 

magnitude between the two halves of the study period, and a negative slope means that the 

overall trend is a decrease. On an annual basis, maximum temperature experienced a 

significant downward shift (s = -0.0279). This cooling pattern occurred across all four 

seasons, with Spring (s = -0.0697) and Autumn (s = -0.0481) demonstrating the sharpest 

significant declines, followed by Winter (s = -0.0162) and Summer (s = -0.0086).

At the monthly level, seven months produced significant negative trends. April (s 

= -0.0789) and November (s = -0.0691) showed the steepest drops, while January (s = -

0.0201), March (s = -0.0604), May (s = -0.0606), July (s = -0.0384), and October (s = -

0.0270) also recorded significant negative slopes.
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No available Islamabad study covers the same 30-year window used here. Khan et 

al., (2022) compared 1962–1990 with 1991–2019; Rizvi et al., (2021, as cited in Khan et 

al., 2022) covered 1960–2013; Wasif Ali et al., (2022) used 1960–2012 PMD data plus 

2000–2015 MODIS data. This period mismatch may itself explain the difference: Khan et 

al., (2022) show their own Karakoram stations cooled across 1962–1990 but reversed to 

warming by 2010–2019, so trend direction is sensitive to the window chosen. Test choice 

and data source may add to this. Khan et al., (2022) and Rizvi et al., (2021) used Mann-

Kendall on PMD data, matching this study, so those factors are less likely to explain any 

gap with them. Wasif Ali et al., (2022) combined linear regression with Mann-Kendall 

and MODIS land surface temperature (a vegetation-sensitive measure, unlike PMD's air 

temperature), and at MHNP's own scale, this combination confirmed a decline rather than 

the citywide rise, so both method and data type could explain the difference from that 

study. The weather station used here sits only about 5.5 km from MHNP. This closeness 

means the record likely mixes some of the park's cooling with some of the surrounding 

city's warming, rather than cleanly representing either, which could explain why the result 

falls between Khan et al.'s (2022) citywide warming and Wasif Ali et al.'s (2022) park-

specific decline.

3.8.2 Trends in temperature minimum

Annual minimum temperatures showed a general decreasing tendency. While 

standard tests did not reach statistical significance, the Sen's slope estimator indicated a 

median reduction of -0.027 °C per year. Innovative Trend Analysis (ITA) calculated a 

statistically significant annual decline with a slope of -0.0367.

Significant cooling occurred prominently during the Pre-Monsoon and Winter 

seasons. Both seasons recorded statistically significant declines in the standard tests, with 

median annual reductions of -0.062 °C for Pre-Monsoon and -0.029 °C for Winter. ITA 

confirmed  these  findings  with  significant  negative  slopes  of  -0.0917  and  -0.0340, 

respectively.
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Figure 3.5 Line graphs of temperature minimum.

At the monthly scale, April,  June, and July were the only months to display 

statistically significant negative correlations in the standard tests. April experienced the 

sharpest median decrease at -0.059 °C per year, followed by June (-0.057 °C) and July (-

0.028 °C). ITA summary statistics matched these findings with significant negative slopes 

for April (-0.0773), June (-0.0601), and July (-0.0250). The ITA scatter plots for these 

months visually reinforce the shift, positioning all data points across the low, medium, 

and high clusters securely in the decreasing trend area below the reference line.

Figure 3.6 ITA graphs- temperature minimum.
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Minimum temperature at MHNP shows a declining trend, although the decrease is 

significant only at seasonal and monthly scales in standard statistical tests. This contrasts 

with Islamabad’s overall warming trend reported by Sajjad et al., (2020), who observed 

increasing  minimum  temperatures  from  1983  to  2013  due  to  urban  expansion  in 

Rawalpindi and Islamabad. ITA results further indicate that the decline mainly occurred 

in the later years, explaining why ITA detected an annual trend while the Modified Mann-

Kendall test did not. This opposite pattern is likely related to MHNP’s forested land cover, 

which creates cooling effects compared with built-up areas, as also reported by Wasif Ali 

et al., (2022). Although satellite-based land surface temperature differs from recorded air 

temperature, the cooling trend near the monsoon onset may influence fuel moisture and 

temperature patterns associated with wildfire occurrence.

3.8.3 Trends of temperature based ETCCDI 

This section examines the annual, seasonal, and monthly patterns of the ETCCDI 

temperature extreme. The trend analysis of the indices reported here is summarized in 

Figure 3.7(a).  The daily maximum temperature (TXn) showed a significant  positive 

yearly trend (Sen’s slope of 0.100 °C per year, p = 0.0123). Tropical Nights (TR) showed 

a statistically significant annual decrease of -0.667 days per year (p = 0.0244), however. 

Both MMK and Spearman’s rho confirmed that TXn and TR had statistically significant 

annual trends. All other annual temperature indices analyzed in this study were non-

significant or produced a zero slope. 
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Figure 3.7(a) Sen’s slope for temperature’s extreme indices (1996-2025).
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The intervals for these thermal shifts were provided by seasonal and monthly 

evaluations. The increase in TXn during the DJFM season was significant at 0.09 °C per 

year, which was directly related to the significant increase in January at 0.10 °C per year. 

The percentage of cold nights (TN10p) increased significantly by 0.31% per year in the 

AMJ season, and the DTR increased significantly by 0.04 °C per year, whereas the TR 

significantly decreased by -0.60 days per year in the AMJ season. The monthly variations 

during this AMJ period indicated that the maximum daily minimum temperature (TNx) 

had a negative trend of -0.13 °C/year during April while the TR had a negative trend of -

0.10 days/year for the same month. May had a significant DTR increase of 0.05 °C per 

year, and June had a significant increase in TN10p (0.41% per year) with significant 

decreases in the lowest daily minimum temperature (TNn) of -0.11 °C per year and TR of 

-0.20 days per year.

TNx significantly decreased by -0.06 °C per year during the JAS season, and 

warm nights (TN90p) significantly decreased by -0.22% per year during the JAS season. 

On the monthly scale for JAS, both TNx (-0.09 °C per year) and TN90p (-0.31% per year) 

had significant decreases in July, and TN90p (-0.25% per year) had a significant decrease 

in August. Lastly, ON had large negative trends for warm days (TX90p) (slope = -0.20% 

per year) and SU (slope = -0.35 days per year). These seasonal declines were seen in 

November, with TX90p seeing a significant decrease of -0.25% per year, and SU -0.28 

days per year.  As in the annual results,  the seasonal and monthly variations for the 

maximum daily maximum temperature (TXx) and cold days (TX10p) were entirely non-

significant  during  the  year.  These  particular  temperature  trends  set  the  baseline  for 

determining wildfire frequencies to correspond to these trends.

 The annual results reveal warming of the lowest daily maximum temperature and 

a  reduction  in  the  number  of  tropical  nights,  suggesting  non-uniform  changes  in 

temperature within MHNP. The increase in the lowest daily maximum temperature is 

consistent with the findings of Din et al., (2026) and Shirazi et al., (2020) for Islamabad 

and Potohar region, respectively, while the decrease in tropical nights is not consistent 

with the regional patterns.

 Similar local variations have been reported in the subtropical highlands and 

Himalayan foothills, where topography and microclimate influence temperature patterns 
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(Ghanim et al., 2023; Zafar et al., 2024). This difference may reflect the cooling influence 

of vegetation within MHNP (Waseem & Khayyam, 2019).

During the pre-monsoon season, the diurnal temperature range increased because 

of cooler nights. As this period coincides with the peak wildfire season, a wider diurnal 

temperature range may promote daytime fuel drying, consistent with observations from 

Pakistan's highlands transition zones (Zafar et al., 2024). During the monsoon, TNx and 

TN90p decreased in July and August, contrasting with the monsoon warming reported for 

Islamabad (Din et al., 2026). This pattern is likely to be influenced by the presence of 

dense vegetation, high soil moisture, and increased cloud cover (Waseem & Khayyam, 

2019). Warm days (TX90p) and summer days (SU) decreased during the post-monsoon 

season,  while  other  temperature  extreme  indices  were  not  statistically  different, 

suggesting that changes were not observed in all temperature extreme indices.

3.8.4 Trends in precipitation

No statistically  significant  trends  were  found  in  precipitation  at  any  annual, 

seasonal or monthly time scale using standard rank-based tests (MMK and Spearman’s 

rank correlation). ITA evaluates the direction of change by comparing the mean levels of 

the two halves of the record. ITA showed a highly significant positive trend in mean 

precipitation at an annual scale with a calculated slope of 0.9383.

This substantial increase in mean precipitation was found in all four seasons. The 

Monsoon season (s = 1.6406), Pre-Monsoon (s = 1.0227), Post-Monsoon (s = 0.8584), 

and Winter (s = 0.2338) were the seasons with the highest increase.

Figure 3.7 (b) ITA- precipitation.
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ITA detected strong positive changes in mean precipitation in seven months at the 

monthly scale. September (s = 3.8027) and March (s = 2.8138) had the largest positive 

slopes, as did April, May, July, October, and November. The mean precipitation was 

significantly reduced only during the colder months, leading to negative slopes in January 

(s  = -0.6378),  February (s  = -0.9987),  and December (s  = -0.2422).  The difference 

between rank-based tests and ITA indicates that there has been a change towards wetter 

conditions at the end of the record at MHNP, rather than a general increase with time. 

Traditional trend tests may not be able to detect this type of irregular change, but it can be 

detected with ITA (Şen, 2012). Weak or insignificant rainfall trends were reported from 

the studies conducted in Rawalpindi, Chakwal, Islamabad and Murree, and they noted an 

increase in rainfall after 2015 (Miandad et al., 2025; Rashid et al., 2026). The rise is 

primarily in warmer months with decreases in some colder months, indicating a shift 

towards more irregular seasonal rainfall patterns, not a uniform rise. The change could 

affect the duration of the dry period of the wildfire season but the monthly ITA results 

should be viewed as indicating general direction rather than the exact magnitude of the 

change because of the 15-year periods used to divide the record.

3.8.5 Precipitation based ETCCDI trends

No statistically significant trends were found for any of the evaluated precipitation 

indices at the annual scale in standard rank based tests. A summary of the trend analysis of 

indices in this section is given in figure 3.8. The changes in precipitation persistence 

became significant only at the seasonal scale. The Maximum Consecutive Wet Days 

(CWD) experienced a statistically significant downward trend (Sen’s slope of -0.048 

days/year) during the DJFM season. However, the AMJ season showed a significant 

CWD increase, with Sen’s slope equal to 0.039 days per year (p < 0.05). None of the other 

seasonal precipitation indices showed significant trends.

Statistically significant changes were identified only in May at the monthly scale. 

The Simple Daily Intensity Index (SDII) exhibited  a statistically nonrandom increase 

during May with a Sen’s slope of 0.16 mm day ¹ yr ¹ (p < 0.05). ⁻ ⁻ At the same time, May 

showed a significant rise in Rx1day, with Sen’s slope of 0.38 mm yr ¹ (p < 0.05).⁻  All 

other monthly differences among the evaluated precipitation indices were completely 

non-significant during the year. These precipitation patterns create the climatic context 

for evaluating their association with past fire events.
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There  was  no  significant  change  at  the  annual  level  for  any  index.  When 

considered on an annual scale, the precipitation in MHNP has remained relatively stable  

in terms of both duration and intensity, only partially supporting the notion of changing 

climate extremes. A similar trend is observed in the area around Potohar, where the Mann-

Kendall test revealed no significant trend in rainfall data from Rawalpindi and Chakwal 

(Miandad et al.,  2025). In contrast,  longer-term country-wide studies have identified 

trends (Bhatti et al., 2020). This variation may be due to the increased spatial extent of the 

national study and annual averaging of seasonal variations at MHNP.

CWD decreased in DJFM and increased in AMJ, suggesting a seasonal shift in the 

distribution of wet spells rather than a general increase or decrease. The winter decline is 

in line with the reduction in DJFM rainfall over Pakistan due to less and less intense  

western disturbance (Abbas et al., 2023). Statistically significant changes were identified 

only in May at the monthly scale. The Simple Daily Intensity Index (SDII) exhibited a 

significant rise during May with a Sen’s slope of 0.16 mm day ¹ yr ¹ (p < 0.05).⁻ ⁻ At the 

same time, May showed a significant rise in Rx1day, with Sen’s slope of 0.38 mm yr ¹ (p⁻  

< 0.05). These seasonal changes can lead to decreases in soil moisture prior to the dry 

season and increases in fuel moisture during wet spells in AMJ. The observed change is, 

however, due to a fixed rainfall threshold and a single station record, which may be 

natural variability and not a long-term climatic trend.

Both SDII and Rx1day increased just in May. This indicates that the intensity of 

the rain increased during the month for each event, although the number of rainy days did 

not. The same trend is observed in Punjab and KPK, with Rx1day increasing by 7 to 15 

percent from 1981 to 1999 and 2000 to 2022, while SDII also shows an increase, with 

higher rainfall per wet day (Ullah, Niaz, et al., 2026). A likely reason is more moisture and 

stronger convection building up before the monsoon (Ullah, Karim, et al., 2023), which 

packs  rain  into  fewer,  heavier  bursts.  This  is  important  for  the  MHNP as  May  is  

immediately before the high fire season. Even without more total rain, heavier but less  

frequent rain can still leave longer dry gaps for fuel to dry out. As with the seasonal result, 

this comes from one station over 30 years, so more stations would help confirm it.
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Figure 3.8 Sen’s slope for precipitation extreme indices-multi scale (1996-2025).
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3.8.6 Trends in relative humidity

Standard rank-based tests did not identify a statistically significant annual trend. 

When considered individually, the ITA that quantifies the change in the mean value 

between the two halves of the study period revealed a very significant increase in the 

mean annual relative humidity with a slope of 0.1651.

At  the  seasonal  scale,  rank-based  tests  also  lacked  significant  trends.  ITA 

calculated significant positive mean shifts across all four seasons, reaching its highest 

slope during the Pre-Monsoon period (s = 0.4150).

At the monthly level, rank-based tests identified statistically significant increasing 

trends strictly during May and November,  with median annual rises of 0.433% and 

0.192%, respectively. The corresponding ITA scatter plots for these two months reinforce 

this trend. The physical distance of these clusters from the 1:1 line indicates the severity of 

the shift. The data points in the higher magnitude zones move farther away from the 

reference line than those in the lower zones. This growing and unbalanced gap highlights 

the  fact  that  the  total  days  with  the  highest  humidity  has  exhibited  an  increase 

significantly more than the number of days with the lowest humidity. In addition, ITA 

computed positive mean shifts for nine of the twelve months with the highest mean slopes 

in May (s = 0.4796) and April (s = 0.3504).

Figure 3.9 ITA- relative humidity.

This  is  the  first  site-specific  assessment  of  relative  humidity  trends,  as  no 

published study has reported relative humidity trends for MHNP. The moisture pattern of 

humidity and precipitation is similar; both are stable in the rank-based tests, but rise in the 

ITA, with positive changes in May and November, and no significant change in January, 
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February, or December. This indicates that the changes in humidity are largely due to the 

availability of moisture, not just warming. The same trend was noticed by Khan et al., 

(2026) in the case of Upper Dir, where the humidity had a rising trend in all seasons, 

except winter. However, Shakoor et al., (2025) reported a reduction in humidity in the 

entire  Punjab,  including  North  Punjab,  where  warming  prevails  over  the  moisture 

balance.  At the MHNP foothill  environment,  the warming effects  may be offset  by 

increased precipitation. The relevance of the wildfire is limited because the humidity 

increase is primarily in already humid situations and winter is relatively dry because of the 

lower precipitation and the lack of humidity increase.

3.8.7 Heat index results

No significant trends were identified in the Heat Index using trend analysis at 

the annual, seasonal or monthly time scales.

The daily Heat Index values showed significant differences between the four 

seasons analysed. The thermal stress was the highest during Monsoon season with a 

median Heat Index of 50 °C, falling in the Danger category. The Pre-monsoon season 

came next, with a median temperature of almost 44 °C, and that too is in the Danger 

classification. During both Monsoon and Pre-monsoon months, extreme observations 

were often recorded, in both cases exceeding the 52 °C threshold, which falls under 

Extreme Danger category. The Autumn season displayed moderate heat stress, recording 

a median value near 37 °C within the Extreme Caution category. The Winters season 

recorded the lowest thermal stress, maintaining a median Heat Index near 31 °C within the 

Caution category (Figure 3.10)

The highest mean Heat Index values occurred consistently in June, July, and 

August throughout the 30-year study period. May and September recorded transitional 

and moderate heat levels. Conditions during January, February, March, and December 

predominantly fell below the minimum calculation thresholds of 27 °C air temperature 

and 40 percent relative humidity (Figure 3.11)
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Figure 3.10 Seasonal heat index box plot.

Figure 3.11 Heat index (year x month).
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No clear trend was found in the Heat Index at any time scale, suggesting that heat 

stress at MHNP has remained broadly stable over the past 30 years. This only partly 

supports the idea of changing heat extremes and differs from earlier Pakistan studies that 

reported increasing heat-wave duration nationally (Khan et al., 2019) and a 3.5°C rise in 

summer Heat Index across Punjab between 1961 and 2007 (Zahid & Rasul, 2010). The 

difference may partly reflect the shorter record used here: the Punjab study covered 47 

years, compared with 30 years in the present study, making weak or gradual changes 

harder to detect. Heat Index studies for Pakistani cities remain limited, with most focusing 

on Lahore (Khalid et al., 2025), making this the first assessment of Heat Index conditions 

for MHNP.

Despite the lack of a significant trend, heat stress remains high during much of the 

warm season. Pre-monsoon and monsoon conditions generally fall within the Danger 

category, with some days reaching Extreme Danger, while winter remains mostly in the 

Caution range. The highest values occur during June–August, when high humidity from 

monsoon rainfall keeps the Heat Index high even when temperatures decline slightly 

(Zahid & Rasul, 2010). Recent government reports also identify Islamabad as vulnerable 

to extreme summer heat and recognize forest fires as a heat-wave hazard in Central 

Pakistan (NDMA, 2025). This is important for MHNP because the period of high heat 

stress overlaps with the fire-risk season.

3.8.8 Trends in wind speed

Standard rank-based tests recorded no statistically significant trend for annual 

wind speed. The ITA was also calculated separately to estimate the mean shift between 

the two halves of the study period and it did not show a significant annual shift.

On the seasonal time scale, only the Monsoon and Post-Monsoon seasons showed 

statistically significant increasing trends, at  a slope of 0.012 and 0.003 respectively. 

(Table 3.7) Evaluated separately, ITA calculated significant positive mean shifts for the 

Monsoon (s = 0.0065) and Post-Monsoon (s = 0.0050) seasons, alongside a significant 

negative mean shift for the Pre-Monsoon period (s = -0.0081).

At the monthly scale, standard tests recorded statistically significant increasing 

trends strictly during January, August, September, October, November, and December. 

Separately, ITA summary statistics recorded significant positive mean shifts from July 
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through December, peaking in September (s = 0.0173), and significant negative mean 

shifts from February through June.

Figure 3.12 Line graphs of wind speed.

The lack of a significant annual trend indicates that wind speed at MHNP has not 

changed consistently, as opposing seasonal patterns offset each other. Similar results were 

reported for Punjab, where annual trends were weak despite increases in some northern 

districts, showing that changes are spatially variable rather than absent (Shakoor et al., 

2025). The February–June decline may be linked to urban expansion near the park, as 

weak  pre-monsoon  winds  are  more  affected  by  surface  roughness.  The  difference 

between methods is expected, as rank-based tests detect consistent trends, while ITA 

captures shifts between two periods. Since these months’ overlap with the main wildfire 

season (May–July) in MHNP (Tariq et al., 2021), the decline in average wind speed is 

unlikely to be driving fire increases, which are mainly linked to human ignition (Tariq et 

al.,  2022).  However, average trends may not reflect extreme gusts that enhance fire 

spread.

3.8.9 Wind speed indices

No significant trends were detected on any time scale using standard statistical tests.  

Historical wind profile is mostly light breezy. 95 to 100 per cent of the annual record is for 

the conditions below 2 m/s. Moderate winds (2-5.5 m/s) average less than 5 percent per 

year, and have had one high point, near 15 percent in 2008. Wind speeds of more than 5.5 

meters per second make up less than 1 per cent of the record and occur only from 2024 to 

2025.
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This is also reflected in the seasonal and monthly distributions. Calm days make 

up 28-30 days per month. Moderate winds reach their peak at 3.5 days in the Pre Monsoon 

season, averaging 1.0 to 1.5 days/month between February and July and zero in Autumn. 

The stable patterns set the meteorological baseline for assessing past wildfire occurrences.

Figure 3.13 Stacked area chart of wind speed indices.

Figure 3.14 Monthly distribution of wind speed indices.
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Wind at  MHNP stayed calm almost  every  day,  every  month,  for  all  30  years.  For 

Islamabad, and Margalla Hills, no study was found on this exact wind pattern, therefore 

the  research  from nearby mountains  was  used.  In  the  Himalayan valleys  of  Nepal, 

Mikkola  et  al.,  (2023)  determined  that  near-surface  winds  are  weak  and  strongly 

influenced by local heating and cooling, but that differences among valleys are correlated 

with valley shape. The situation in the MHNP is similar, in that the local topography is 

hilly, and a similar pattern of calm baseline may be explained by the same relationship, 

which, however, was not tested by Mikkola et al., (2023) directly. 

The pattern is calm and is important for fire risk. NDMA (2025) establishes 25 

mph as the threshold wind speed for increasing fire hazard across the country, which is  

much higher than both of the thresholds used in this study. By that mark, MHNP stayed 

mostly clear of wind-driven fire risk for most of the 30 years, and its only windy days fell 

in 2024 and 2025, the same years NDMA flags Margalla Hills as at risk from wind. Older 

fire-behaviour studies show a similar cutoff: Cheney et al., (1998) found fires only spread 

steadily once wind passes about 1.4 m/s, close to this study's calm limit. Those studies 

used grass and shrub fuel, not MHNP's pine forest, so the figure is a rough guide, not an  

exact match. Even so, both point the same way: for most of the record, MHNP was not 

wind-ready for fire spread, which is why the rare windy days stand out.

3.9 Correlation Results

This subsection presents the statistical correlation between baseline variables, extreme 

climate  indices,  and  wildfire  metrics  categorized  by  annual,  seasonal  and  monthly 

timescales.
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Table 3.8 Significant climate-wildfire correlation (1996-2025)
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3.9.1 Correlation between temperature extremes and wildfire Activity

The lowest daily minimum temperature (TNn) had the highest positive correlation 

with fire events during the spring and early summer season (April to June) (rho = 0.53, p 

value < 0.01). The strongest inverse relationship also occurred within this period, showing 

that a reduction in cool days during May (TX10p) was highly correlated with an increase 

in fire events (rho = -0.48, p value < 0.01). While maximum temperatures, warm day 

indices, and other extreme metrics exhibited numerous positive relationships with fire 

activity from February through May, only the strongest associations are reported here; all 

other significant monthly and seasonal correlation coefficients are provided in Table 3.8. 

The diurnal temperature range (DTR) had a strong positive association to the fire events in 

June during the summer season.

The lowest daily minimum temperature (TNn) had a strong, positive correlation 

with the count of fire events and total burned area on an annual scale (rho 0.52, p value < 

0.01 and rho 0.49, p value < 0.01, respectively). A study of the annual cold extremes 

showed that the frequency of frost days (FD) reduced as there was a significant rise in 

both the counts of fire events and total burned area per year (rho = -0.44, p value < 0.05). 

These  quantitative  results  establish  the  statistical  associations  between  seasonal 

temperature extremes and historical wildfire patterns in the study area.

Fire activity was linked more to the absence of cold nights than to daytime heat by 

itself. TNn is the coldest night of a period, so a high value means even the coldest night  

stayed fairly warm, and such years had more fires and a larger burned area. The negative 

links with cool days in May and with yearly frost days point the same way, since both 

values fall as the cold end of the temperature range weakens. The link is steady for the  

cold indices at the annual scale and in the pre-monsoon and early summer months, though 

the coefficients are moderate and the warm indices were linked with fire activity only 

between February and May.

Earlier  work  from the  same  area  agrees  in  part.  Tariq  et  al.,  (2021)  found 

maximum temperature to be one of the main variables controlling fire severity and burned 

area in Margalla Hills, which fits the positive links found here for TXx and TX90p in 

March, April and May. Mina et al., (2023), working in Dehradun district under a similar 

subtropical fire season, used Kendall's tau and obtained significant positive coefficients 
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for  maximum temperature,  average  temperature  and  diurnal  range,  while  minimum 

temperature was positive but not significant. This difference may arise because TNn uses 

only the lowest value of the period, whereas they used the monthly average of daily 

minimum temperature, in which the coldest nights get smoothed out. They also linked 

their  weak  result  to  monthly  data  and  suggested  daily  data  instead.  The  positive 

correlation between DTR and June fires matches their result directly.

The probable cause of the cold-index result is night time fuel drying. Leaf litter 

and dry grass dry out during the day and pick up moisture at night when the air cools and 

dew forms, so if the coldest nights are warm, this moisture is not fully recovered and the 

litter will begin the following afternoon drier. Balch et al., (2022) tested this direction 

globally using satellite fire detections with hourly climate data and found that warmer and 

drier nights came first and night-time fire intensity rose as a result. The mechanism is used 

here only to explain why mild nights leave fuels readier to burn, not to claim that fires 

raised the night temperature, since TNn comes from a 30-year record for the whole park 

while fires are short and cover small patches. Fewer frost days act through the same 

process over a longer period by curing the grass layer earlier, while a wide June diurnal 

range means clear skies, strong sunshine and dry pre-monsoon air, which give the lowest 

fuel moisture of the year.

These indices also represent some of the strongest changes in this region; Saleem 

et al., (2021) reported higher warm nights and days and fewer cold nights and days across 

Pakistan, with the greatest warming occurring in spring. The useful part is the timing, 

since the annual links of TNn and FD suggest the cold season already carries information 

about the coming fire season, while the May and June links of TX10p and DTR belong to 

the season itself. Three limits apply. Spearman correlation shows only that two sets of 

values  moved  together,  not  that  one  caused  the  other.  The  cold  indices  are  not 

independent, since TNn, FD and TN10p describe the same lower end of the range and 

should be read as one signal. Most fires in the park are also started by people (Tariq et al., 

2022), so these indices show how ready the fuel was to burn, not how often an ignition 

source was present.
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3.9.2 Correlation of precipitation extremes and wildfire activity

The correlations between precipitation, extreme precipitation indices and wildfire 

activity are provided in this subsection.

The days of very wet conditions (R95p) had the highest negative correlation with 

wildfire  activity,  during the long winter  months (DJFM).  Higher  R95p values  were 

associated with a smaller total area burned (rho = -0.71, p-value < 0.05). In February, the 

maximum 5-day precipitation (Rx5day) was also negatively correlated with both the 

number of fire events (rho = -0.42, p-value < 0.05) and the total area burned (rho = -0.41, 

p-value < 0.05). In summer, the strongest correlations were observed in June. Both total 

precipitation and total wet-day precipitation (PRCPTOT) were negatively correlated with 

the number of fire events (rho = -0.57, p-value < 0.01) and the total area burned (rho = -

0.61, p-value < 0.01). Lower values of other heavy rainfall indices, including R10mm, 

R20mm, and Rx5day, were also significantly correlated with increased wildfire activity 

during June.

In contrast, the autumn pattern was different. In October, the number of extremely 

heavy rainfall days (R25mm) showed a positive correlation with both fire events and the 

total area burned (rho = 0.36, p-value < 0.05). The main correlations are presented above, 

while  the  remaining  significant  correlations  for  precipitation  intensity  and  duration 

indices are listed in Table 3.8. Overall,  these results indicate that historical wildfire 

activity was significantly correlated with changes in precipitation before and during the 

fire season. 

There were significant decreases in burned area when more very wet days (R95p) 

occurred in winter and when more wet-day rain (PRCPTOT) occurred in June, indicating 

that increased amounts of rain before and during the fire season prevented fuels from 

becoming  easily  combustible. This  backs  the  second  objective,  since  it  shows 

precipitation extremes genuinely shape fire outcomes at MHNP rather than sitting in the 

background.  This  is  the  same  link  throughout  the  broader  Himalayan  region.  Both 

Ghanim et al., (2023) and Zafar et al., (2024) found a decreasing trend in wet-day rainfall 

and very-wet-day counts in the northern highlands and Himalayan region of Pakistan 

during the last three decades, which means the moisture that has been protecting MHNP 

from bigger burns may keep shrinking. In Uttarakhand, a run of low winter rain preceded 

an early and unusually long 2016 fire season by drying out soil and forest floor litter 
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(Mina et al., 2023), and in Nepal a comparable post-monsoon rainfall deficit came right 

before a record 2021 wildfire season (Pokharel et al., 2023). Both cases point to the same 

mechanism seen here: less rain in the months feeding into fire season leaves drier fuel on 

the ground, and fire follows.

October broke this pattern, since more extremely heavy rain days (R25mm) came with 

more fire, not less. Joshi et al., (2024), working in Nepal's Chure hills, found this same 

two-sided relationship: low-rainfall areas burn more because fuel stays dry, but high-

rainfall areas also burn more over time because the extra rain grows more grass and 

undergrowth that later dries into fuel. That fits MHNP's October result better than a 

simple "more rain, less fire" rule; the heavy rain may be feeding vegetation that dries and 

burns once the season turns dry. It is sensible to use extreme indices rather than simple 

totals because a study of Chinese wildfires showed that extreme precipitation indices were 

a better explanatory variable than total precipitation for fire activity in some regions (Xing 

et al., 2023).

This split result matters because a single year-round precipitation-fire rule would 

miss the risk building through autumn. Therefore, the October relationship in MHNP may 

represent a lagged influence of precipitation on fuel conditions rather than a direct effect 

of rainfall during the same period. One limit worth flagging: this correlation cannot show 

whether the fuel-growth effect plays out within the same season or carries over from 

months earlier, since testing that would need vegetation or fuel-load data this analysis did 

not collect.

3.9.3 Correlation between RH, heat index and wildfire activity

This subsection presents the correlations between monthly, seasonal, and annual 

relative  humidity,  heat  index  and  wildfire  activity.  Only  statistically  significant 

correlations are described here, while the complete results are provided in Table 3.8. No 

significant results were found for heat index correlation. Higher relative humidity during 

spring and early summer was significantly negatively correlated with the number of 

wildfire events. The relative humidity was negatively correlated with fire events (rho = -

0.44, p-value < 0.05) in April. A similar negative correlation was observed in June (rho = -

0.36, p-value < 0.05). These results indicate that higher atmospheric moisture during the 

pre-monsoon period was associated with fewer wildfire events.
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Relative humidity showed a negative influence on wildfire activity,  but only 

during April and June of the pre-monsoon period. Higher humidity was associated with 

fewer fire events, suggesting that atmospheric moisture mainly affects ignition success 

and early fire starts rather than the burned area. This is likely because humid conditions 

slow the drying of litter and grass fuels in MHNP. Abbas et al., (2025) found temperature 

and relative humidity as the primary fire drivers in the Gilgit-Baltistan region, whereas 

Muhammad et  al.,  (2025)  reported  that  moisture  availability  is  a  major  factor  that  

decreases fire risk in subtropical forests.  Mina et al., (2023) also observed a negative 

humidity–fire relationship in the central Himalaya, although it was not significant at 

broader scales. The moderate correlations in MHNP may reflect the influence of human 

ignition sources, where climate conditions mainly affect fire development after ignition 

(Tariq et al., 2021; Tariq et al., 2022).

It is noteworthy that there is no significant relationship with the heat index, which 

means  that  human  heat  stress  indicators  might  not  be  representative  of  wildfire 

conditions. Since the heat index increases with both temperature and humidity, it does not 

directly reflect fuel drying, where lower humidity is generally more important.  This 

agrees with Khadke et al., (2026), who found that humidity reductions increased fire 

spread more strongly than temperature changes alone, while Singh et al., (2024) reported 

that  pre-monsoon moisture conditions reduced fire occurrence in Himalayan forests. 

Therefore, the results support the importance of humidity as a wildfire-related variable 

but also show that not all temperature–humidity combinations are equally relevant for fire 

processes. The interpretation remains limited because monthly humidity averages may 

not  capture  short-duration  humidity  drops  that  control  fuel  drying,  and  Spearman 

correlation cannot detect possible threshold responses.

3.9.4 Correlation between wind extremes and wildfire activity

The number of  calm days had the highest  negative correlation with wildfire 

activity, especially in July and October. In July, a rise in calm days was found to be highly 

negatively correlated with the number of fire events (rho = -0.46, p-value < 0.05) and total 

area burned (rho = -0.48, p-value < 0.01). A similar pattern was observed in October, 

when an increase in calm days was negatively correlated with both fire events and the total 

area burned (rho = -0.40, p-value < 0.05 for both variables). Average wind speed during 

the monsoon season (JAS) also showed a weak but significant negative correlation with 
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wildfire activity. Higher seasonal wind speeds were associated with fewer fire events (rho 

= -0.19, p-value < 0.05) and a smaller total area burned (rho = -0.19, p-value < 0.05).  

Overall,  the findings indicate a  significant  association between wind conditions and 

historical wildfire activity, particularly for the number of calm days.

 The calm day results indicate that wind did not affect the fire initiation but rather 

the spread of wildfire in MHNP. In July and October, fewer calm days went with more 

fires and a larger burned area, and the fact that both measures reacted points to a simple 

physical cause. The air stirs fuel in front of the fire and brings oxygen to the flame front, 

which causes flames to spread into the fuel ahead, allowing a fire to burn slowly, remain 

small, and be easier to control when the wind is not blowing. This reading is supported by 

the timing of the event: July is during the monsoon season, and October is immediately  

following, when there is still moisture in the litter and only persistent air movement can 

dry it and spread fire. The association with wind was with the calm end of the wind range, 

not with average wind.

During the monsoon season, the opposite is true, with stronger low-level winds 

along the foothills of the Himalayas mainly transporting moisture, which contributes to 

the variability in precipitation in the upper Indus basin, accounting for more than 80% 

(Baudouin et al., 2020). So, wind speed in July–September is more indicative of the 

strength of the monsoon, and not directly of fire activity. Previous Pakistani research on 

fire counts showed that the wind had minimal effect, and was attributed primarily to fire 

spread, not ignition (Abbas et al., 2025; Muhammad et al., 2025). The calm day index is a 

monthly number that showed that there is a relationship between the calm day index and 

the  average wind speed that  wind speed may not  be  able  to  capture,  but  there  are 

limitations as it only captures the number of days when the wind is not present, not the 

intensity  of  the  wind  on  fire  days.  Trends  were  tested  and  the  wind  record  was 

homogenised, while empirical quantile mapping can impact tested trends (Cannon et al., 

2015).
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CONCLUSION

In the time period of 1996 to 2025, the climate of Margalla Hills National Park 

was found to be falling below the regional warming trend observed in the Islamabad and 

Potohar Plateau region, with a cooling trend and an increase in moisture in the park. 

Similarly, fire activity decreased on yearly, seasonal and monthly time scales in both 

number of events and burned area. This difference in temperature suggests that moisture 

in  the  fuel  is  the  main  factor  that  dictates  fire  behavior  in  the  park,  not  regional 

temperature. 

The climate trends show a park that is different from its environment. Maximum 

and  minimum  temperatures  decreased  with  slope  −0.0279°C/yr  and  −0.027°C/yr 

respectively, primarily in the later years, and due to cooler nights during pre-Monsoon and 

winter. The  changes  were  not  uniform  across  the  country  –  the  coldest  maximum 

temperatures went up, while the tropical and warm-night ones went down. Rainfall and 

humidity (ITA slope of humidity: +0.1651 %/yr) increased in the later years, but not in a 

regular increasing fashion, but rather towards the pre-monsoon and monsoon months. 

There was no apparent annual trend for heat index or wind speed and calm wind days were 

relatively common. The cooling effect of the park's dense vegetation, wet soil, and cloud 

cover is the most likely explanation for this consistent cooling and moistening, and the 

principal  thesis  is  that  this  cooling effect  is  due to the park's  vegetation. The same 

downward trend was observed for wildfire activity during these years. Fire counts and 

total burned area both decreased dramatically, and burned area decreased at a greater rate, 

so that fires were smaller, not just less frequent. Fires in the spring were less on all 

measures  and  in  the  summer  there  were  more  fires  but  most  were  small. The  one 

exception is a substantial rise in fire frequency and burned area in July, August and 

September, which has been occurring in recent years and is best viewed as an emerging 

trend, rather than a stable pattern. 

The lowest temperature end of the spectrum had the best climate–fire relationships 

having significant Spearman’s rho value of 0.52 and 0.49 for number of fire events and 

area affected respectively, with minimum night-time temperature and frost days being the 

most consistent variables annually and pre-monsoon and early summer. This is probably 

due to the incomplete overnight recovery of leaf litter moisture, causing fuel to be more 

flammable the next afternoon. Burned area was lower before and during the fire season 
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due to higher rainfall, except for October when higher rainfall was correlated with higher 

burned area later in the season, possibly because of the increased vegetation growth that 

was followed by drier conditions. Increased humidity during the pre-monsoon season 

decreased the number of ignitions and lower wind speed decreased the fire activity during 

the monsoon season, but the heat index did not show any relationship with fire and was 

not a good indicator of fuel dryness. Climate influences fire in different ways at different 

time scales: cold-season temperature signals the annual fire risk while moisture and wind 

influence  fire  season  by  season. A  key  limitation  is  that  single-station  data  and 

reconstructed fire records from multiple sources may not reflect conditions across the 

entire park. The 30-year climate-fire record for Margalla Hills is presented in this thesis, 

which reveals that dryness of fuel, rather than ignition, is the primary driver of fire. Recent 

increase in late-summer fires and monitoring of cold-season temperature and pre-season 

moisture as early warnings should be considered as protective moisture may not persist. 

These findings provide park managers with a clear climate-based basis for  identifying 

high-risk fire seasons.
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RECOMMENDATIONS

1. Use extremes of cold season and pre-season moisture to flag high risk years and 

adjust risk. Ensure that crews, equipment and watchtowers are in place before the 

pre-monsoon and late-summer peak, not after they start.

2. Most fires are man-made, so controlling access along roads, trails and settlement 

edges is the best way to prevent fires; climate dictates spread, not ignition.

3. Focus  on  response  capability  on  rare,  non-calm  days,  particularly  July  and 

October when wind allows fire to develop into larger burns.

4. Do future research in creating e a locally calibrated Pakistani fire-weather index, 

not a Canadian, American or Australian system which could not be used here, and 

provide real-time feeds for operational risk projections.

5. Keep one central, up-to-date inventory of MHNP fires, rather than having the 

records distributed among IWMB, CDA, studies and personnel.

6. Improve monitoring:  maintain complete station metadata for  identification of 

artificial breaks, and increase the number of stations with daily records to better 

capture short-term, localized fire-risk events.
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APPENDIX

A1. Normality test results for monthly climate data.

A2. Normality test results for yearly climate data.
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A3. Normality test results for monthly and yearly fire data.

B1. Goodness-of-Fit results for climate data.
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B2. Goodness-of-Fit results for fire data.

C. Descriptive statistics results for climate data

107



D1. ITA results for fire and climate data.

  

ITA: Area affected               Number of fire event
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      D2. Mann–Kendall test statistics ETCCDI indices (1996-2025)

Trends of temperature based Indices

Trends of precipitation based Indices

E. Spearman’s correlations results
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