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ABSTRACT

The Mustang district of Nepal, a semi-arid, high-altitude region within the
Himalayan rain shadow, faces exceptional vulnerability to climate change impacts
on its cryosphere-dependent water resources. This study assesses historical
(1980-2015) and future (2025-2100) flood and drought conditions by analyzing
precipitation trends and hydrological extremes using observed and gridded
(APHRODITE) datasets, alongside bias-corrected CMIP6 projections under
moderate (SSP2-4.5) and high (SSP5-8.5) emission scenarios. Methodologies
employed include Mann-Kendall trend analysis, drought assessment via the
Standardized Precipitation Index (SPI) and Standardized Precipitation
Evapotranspiration Index (SPEI), and Flood Frequency Analysis (FFA) using
Generalized Extreme Value (GEV) and Gumbel distributions. Historical analysis
reveals complex seasonal precipitation trends and a notable increase in drought
frequency/severity since the mid-1990s. Future projections show significant
divergence: SSP5-8.5 indicates a potential doubling of annual precipitation by
2100 alongside intensified drought periods and more extreme flood events (with
GEV estimates consistently higher than Gumbel). The temporal analysis projects
a sharp rise in flood occurrences post-2070 (SSP5-8.5). These findings highlight
Mustang's transition towards a hydroclimatic regime dominated by extremes,
posing severe threats and underscoring the need for scenario-specific adaptation
planning.

Keywords: Mustang, Himalayan Rain Shadow, Climate Change, Precipitation
Trends, Droughts, Floods, CMIP6 Projections, Flood Frequency Analysis (FFA),
Generalized Extreme Value (GEV)
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CHAPTER 1: INTRODUCTION

1.1 Background

Climate change has emerged as one of the most critical global challenges of the
21st century, significantly altering weather patterns, ecosystems, and human
societies. Climate change is increasingly recognized as a defining ecological and
socio-economic challenge (Wiertz & Graaf, 2022). Over the past three decades,
global average surface temperatures have consistently increased, with the rate of
human-induced warming exceeding 0.2°C per decade between 2013 and 2022
(Forster et al,, 2023). The TP, the world’s largest highland, holds a major reservoir
of glacier ice and snow, serving as a vital water source for major South Asian River
systems (Kuttippurath et al., 2024). Yet here temperatures are projected to rise by
approximately 1-2°C, with some areas experiencing increases of up to 4-5°C by
2050 (Krishnan et al.,, 2019). Mountain ecosystems are increasingly at risk of
extinction, as they cannot move to higher elevations to which they can migrate,
extreme temperature fluctuations and shifting precipitation patterns make water
availability highly fragile, with even minor climatic changes severely impacting
local hydrological cycles hydrology (Seastedt & Oldfather, 2021).

Precipitation is a fundamental component of the hydrological cycle, directly
influencing river flow, groundwater recharge, and agricultural productivity.
Extreme rainfall events are becoming less frequent, but more violent and are likely
to increase in intensity (Seneviratne et al., 2021). Climate change is altering
precipitation patterns, impacting water resource sustainability, particularly in
regions dependent on monsoonal rainfall and glacial meltwater (Orr et al., 2022).
Mountainous and semi-arid regions are particularly vulnerable due to their
reliance on seasonal precipitation and glacial melt (Sigdel et al.,, 2022). In the
Himalayan region, long-term climatic shifts have led to increased extreme weather
events (Aryal et al.,, 2024). Changes in precipitation and temperature patterns are
altering the hydrological cycle, increasing the probability of extreme droughts and
floods, particularly in arid and semi-arid regions (Abd-Elhamid et al.,, 2024).
Floods and droughts are significant disasters with severe implications to the
society (Penny et al, 2023). Prolonged dry spells have exacerbated water
shortages, affected agriculture and drinking water availability, while short bursts
of intense rainfall have led to flash floods and landslides, endangering local
settlements and infrastructure (Khadka et al., 2021). Both dry and wet climate

extremes are becoming more intense, with their impacts expected to escalate as
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climate change progresses(Intergovernmental Panel On Climate Change, 2023).
These trend are expected to exacerbate extreme heat events, prolonged droughts,
severe storms, and intensified flooding, heightening risks to human well-being and
global security (Wang et al.,, 2023).

Floods, one of the most destructive natural disasters, occur when excessive water
overwhelms river channels, often due to extreme precipitation, ocean tides, or
glacial lake outbursts (C. Sharma & Ojha, 2019). Over the past two decades, floods
have accounted for 44% of all recorded natural disasters worldwide, impacting
1.65 billion people and causing $651 billion in economic losses (Maranzoni et al.,
2023). Even in regions with chronic water scarcity, extreme floods can be highly
destructive (Nabinejad & Schiittrumpf, 2023). Conversely, droughts, often
intensified by rising global temperatures and shifting precipitation patterns, pose
challenges for predicting onset, duration, and severity (Nandgude et al., 2023).
Droughts can happen in all types of climate zones, including both wet and dry
areas, and are typically linked to a significant decrease in rainfall over a long
duration, such as a season or an entire year (Mishra & Singh, 2010). Australia's
Millennium Drought (1997-2009) was a prolonged period of below-average
rainfall that severely impacted the environment and economy, particularly in the
Murray-Darling Basin (Aghakouchak et al, 2014). Interestingly, floods and
droughts are interconnected—severe floods following prolonged droughts can
lead to devastating consequences (Barendrecht et al., 2024). In early 2017,
following a prolonged drought, heavy rainfall severely damaged the main and
emergency spillways of California's Oroville Dam that led to evacuation of nearly
200,000 residents (Vahedifard et al., 2017). According to the United Nations Office
for Disaster Risk Reduction (UNISDR), floods and droughts caused nearly USD 0.6
trillion in damages—accounting for 28% of total disaster-related losses—over the
20-year period from 1992 to 2012.

1.2 Problem Statement

Nepal, contributing only 0.025% of GHG emissions, experiences disproportionate
impacts of climate change, particularly in its high-altitude mountain regions
experiences disproportionate impacts of climate change, particularly in its high-
altitude mountain regions (Shrestha & Prasain, 2016). It ranks among the most
disaster-prone countries in the world (Banstola et al., 2019),with a river network
of over 6,000 rivers spanning 45,000 km many originating in the high and mid-

Himalayan region (Gupta et al., 2021), making Nepal’s hydrology highly sensitive
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to climate variability and extreme weather events. Among these climate-induced
disasters, floods are the most frequent and rank as the third most deadly natural
disaster in Nepal (Banstola et al, 2019). With climate change exacerbating
hydrological extremes, the frequency and severity of flood events are expected to
rise, unless proactive adaptation measures are implemented (Endendijk et al.,
2023). Over the past 50 years, Nepal has experienced an average of two disaster-
related deaths per day, while more than 300 families have been affected daily.
Specifically, floods account for 11.43% of total disaster occurrences, 9.33% of
fatalities, 38.42% of missing persons, 0.75% of injuries, 61.60% of affected
families, and 10.16% of property damages (A. P. Sharma et al,, 2023a).

In the trans-Himalayan region of Upper Mustang, communities have endured
harsher winters, prolonged droughts, and declining water availability
(McChesney, 2015). Environmental degradation has disrupted agriculture, water
access, livelihoods, forcing increased migration and threatening local food security
(Amburgey, 2024). The unique geography of Mustang makes it particularly
susceptible to flash floods, which are often triggered by the failure of natural dams,
such as LLOFs, or high-intensity rainfall (Delalay et al., 2018a). The vulnerability
of Mustang was highlighted on August 13, 2023, when a severe flood event struck
the Muktinath area, causing extensive property and infrastructure damage
estimated at USD 7.4 million in Kagbeni Village, a settlement along the Kagkhola
River, a major left-bank tributary of the Kali Gandaki River. This event was
particularly unusual given that the region had been experiencing prolonged
drought conditions, primarily due to inconsistent and erratic rainfall. Despite its
arid climate with annual rainfall below 400 mm, Mustang faces simultaneous risks
of drought and flash floods, both linked to shifting precipitation patterns. Climate-
induced migration is increasingly evident. Dhye village is considered Nepal’s first
climate refugee settlement, with three recorded mass migrations, the latest
attributed directly to climate change (Mustafa & Faraz, 2023). Similarly, 17
households, comprising 86 residents, were permanently relocated from
Samdzong to "Namashung" in 2016 after the collapse of irrigation systems and
severe water scarcity (Mustafa & Faraz, 2023). The increasing frequency of
extreme events in Mustang highlights the urgent need for integrated research
addressing both flood and drought risks. While studies have extensively mapped
flood hazards, the combined impact of shifting precipitation patterns on both

hydrological extremes remains largely unexplored (Parajuli et al., 2023).
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1.3 Research Objectives

General Objective:

This research aims to analyze historical and projected precipitation patterns in
Mustang and their impact on flood and drought occurrences, using climate data
and statistical models.

Specific Objectives:
1. To analyze historical trends in precipitation patterns in Mustang.
2. Use CMIP6 Models to project future precipitation changes in Mustang using
CMIP6 models under moderate SSP2-4.5 and high SSP5-8.5 emission scenarios.
3. To assess flood and drought occurrences over time.

1.4 Significance of Study

Mustang, located in the Himalayan rain shadow and heavily dependent on
cryosphere-fed water sources, is highly vulnerable to changing precipitation
patterns, rising temperatures, and associated hydrological extremes. This study
addresses critical knowledge gaps by analyzing historical precipitation and
temperature trends using observed and gridded datasets (DHM, APHRODITE)
with robust statistical methods such as the Mann-Kendall test and Sen's Slope
estimator. It evaluates both historical and future drought and flood risks through
standardized indices (SPI and SPEI) and Flood Frequency Analysis (FFA), offering
a comprehensive assessment of compound climate extremes. By employing CMIP6
model projections under SSP2-4.5 and SSP5-8.5 pathways, the research highlights
the future trajectory of hydroclimatic conditions under varying emission
scenarios. The findings provide essential, evidence-based insights for local
communities, policymakers, and disaster management agencies, supporting the
development of targeted adaptation strategies such as early warning systems,

water conservation, climate-resilient agriculture, and infrastructure planning.

1.5 Scope and Limitations

Scope of the Study

Study Area: The research focuses on Mustang, Nepal, located in the rain shadow of
the Annapurna and Dhaulagiri ranges. The district is divided into Upper Mustang
(arid) and Lower Mustang (semi-arid), both experiencing unique precipitation
and hydrological dynamics.

Time Frame: The study will analyze historical climate data (1980-2015) and

future projections (2025-2100) to assess precipitation variability over time.
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Data Sources: The study will use observational data from APHRODITE, and DHM
Nepal, along with climate model outputs from CMIP6 (SSP2-4.5 and SSP5-8.5

scenarios).

Limitations of the Study
The following are the limitations of my study:

¢ Due to Mustang’'s remote location, high-resolution meteorological station
data are limited. Reliance on reanalysis datasets and satellite-derived
information may introduce uncertainties in analysis.

e Very few temperatures Station are available for the study.

e Future precipitation projections are dependent on Global Climate Models
(GCMs), which have inherent uncertainties, particularly for complex
mountain regions.

e The interplay between glacial melt, monsoonal precipitation, and local
topography makes flood and drought modeling challenging, requiring

assumptions and simplifications in some cases.
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CHAPTER 2: LITERATURE REVIEW

2.1 General Trends in Climate Variability in the Himalayan Region

The Himalayan region is a climate hotspot where changes have far-reaching
consequences for millions of people. Krishnan et al. (2020) analyzed climate
change impacts on precipitation in Northeastern India, highlighting increased
monsoonal variability, leading to unpredictable water availability and disruptions
in agriculture. Similarly, Kumar et al. (2023) examined precipitation trends in
Lahaul-Spiti, Himachal Pradesh, observing significant shifts in monsoonal and
winter rainfall over the past four decades, pointing to a larger climate-induced
transformation in seasonal precipitation regimes. These studies suggest that the
historical stability of monsoonal cycles is being disrupted, which has direct
consequences for rivers, agriculture, and water-dependent sectors. Historical
climate patterns reconstructed by Pandey et al.(2025) through dendrochronology
(tree-ring analysis) reveal that human-induced warming has intensified extreme
weather events in the Pir Panjal range. Further, Ahmed et al. (2025) investigated
climate variability’s influence on Himalayan glacial lakes, showing that
unpredictable precipitation cycles and rising temperatures have increased the risk
of glacial lake outburst floods (GLOFs).Additionally, research by Haq et al.( 2025)
on localized climate variability in the Hindukush-Himalayan region highlights how
changing precipitation cycles, rising temperatures, and altered monsoonal
patterns are affecting regional hydrology, groundwater reserves, and seasonal
water availability. A study by Fujinami et al. (2025) on monsoonal shifts over the
southern Himalayan slopes found that rising temperatures are causing more
intense but shorter-duration rainfall events, significantly increasing flood risks

due to rapid runoff and soil erosion.

Further research by Mahakur et al. (2025) examined large-scale precipitation
variability across the tropics and identified that Himalayan monsoons are
becoming increasingly unpredictable due to changes in atmospheric circulation
patterns, shifting jet streams, and altered oceanic interactions. This
unpredictability affects seasonal water availability, creating difficulties in water
management, agriculture, and disaster preparedness. Additionally, Anand et al.
(2025) explored rainfall variability in the Upper Kumaon region, revealing that
seasonal imbalances are becoming more pronounced, with wetter summers and
drier winters, leading to reduced agricultural productivity and heightened water

stress. Studies have shown that climate change is intensifying these extreme
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events, with rising temperatures leading to erratic precipitation patterns and
increased glacial melt Kashyap et al. (2025). Additionally, Thapa et al. (2025)
modeled sediment transport in Himalayan Rivers and found that climate-induced
flooding is significantly altering river morphology, increasing erosion rates and
affecting riverbank stability.

2.2 Methodologies for Climate Projection: Models, Techniques, and Bias
Correction

2.2.1 Climate models

Climate models are key tools for predicting future temperature, precipitation, and
extreme events. This section reviews Global and Regional Climate Models, bias
correction methods, and CMIP6 projections. GCMs simulate atmosphere, ocean,
and land interactions based on physical laws, helping to project climate patterns
under different emission scenarios. GCMs are instrumental in assessing the impact
of anthropogenic emissions on future climate scenarios and are widely used for
climate change projections and policy development (Li et al., 2025). However,
GCMs have limitations, particularly in regional climate modeling, as their coarse
spatial resolution (approximately 100-300 km grid) makes them less effective in
capturing localized extreme weather events such as flash floods and severe
droughts(Qiu et al,, 2022). Due to these constraints, downscaling techniques
either statistical or dynamic are necessary to enhance the accuracy of regional

climate projections (Goodarzi et al., 2024).

Meliho et al. (2025b) analyzed GCM uncertainties for future climate change
projections in the Sousse watershed, Morocco, showing that regional-scale
corrections are essential for improving reliability in climate impact studies. Future
research should focus on refining GCM algorithms, incorporating machine
learning approaches for statistical downscaling, and developing hybrid models
that combine GCMs with remote sensing data(Sithara et al., 2022). Additionally,
better representation of land-atmosphere interactions and extreme precipitation
events will enhance the predictive capabilities of GCMs, making them more

effective for regional climate adaptation planning(Mohapatra et al., 2025) .

2.2.2 Coupled model intercomparison project and future emission scenarios

The CMIP was established to coordinate, study, and compare climate simulations
produced by coupled ocean-atmosphere-cryosphere-land GCMs(Meehl et al,,
2000). The World Climate Research Programme (WCRP) launched CMIP6, the
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latest phase of the Coupled Model Intercomparison Project, to address emerging
scientific questions in climate change(Zhou et al, 2019). Recent studies have
emphasized the importance of high-resolution modeling and bias correction in
improving GCM-based climate projections. For instance, Li et al. (2025) assessed
bias correction methods for CMIP6 GCMs, finding that raw GCMs tend to
overestimate precipitation levels and perform better in winter than in summer
seasons. Similarly, Qiu et al. (2022)applied CMIP6-based RCMs (Regional Climate
Models) in Central Asia, showing that downscaled models significantly improve
precipitation variability predictions, particularly in high-altitude and semi-arid
regions. Further research by Sangroula et al.(n.d.)integrated CMIP6 projections
into flood modeling for Nepal, demonstrating enhanced seasonal flow variability
predictions in glacier-fed river basins. Meliho et al. (2025a)conducted GCM
selection analysis for climate change impact studies in Morocco, concluding that
CMIP6 models provide more accurate long-term climate projections compared to
earlier CMIP5 models. Additionally, Gulakhmadov et al. (2025) evaluated
temperature, and precipitation changes in the Panj River Basin, Central Asia, using
both CMIP5 and CMIP6 projections, confirming that newer GCMs exhibit improved
representation of temperature extremes but still require regional calibration for
precipitation predictions. For example, Ghazi et al. ( 2025) projected drought
events in Poland using CMIP6 models, revealing an increased likelihood of severe
dry spells due to global warming trends. Similarly, Drisya & Al-Zubari, (2025)
examined future precipitation changes in the Middle East, utilizing six different
GCMs from CMIP6, showing that precipitation will decline significantly across arid
regions under higher emissions scenarios. Moreover, Shanmugam & Lakshmanan,
(2025) developed a multi-model ensemble approach for bias correction of CMIP6
precipitation projections in semi-arid regions of India, improving forecasting
accuracy for extreme weather events A major feature of CMIP6 is the integration
of Shared Socioeconomic Pathways (SSPs), which explore a range of future
emission and land-use scenarios to improve projections of climate impacts under

varying mitigation efforts (O’Neill et al., 2016).

SSPs combine narratives of socio-economic development (such as population
growth, technological advancement, and policy choices) with Representative
Concentration Pathways (RCPs) that describe the level of radiative forcing by
2100. For example, SSP2-4.5 represents a "middle-of-the-road" scenario with
moderate emissions, while SSP5-8.5 assumes rapid economic growth based on

fossil fuels and results in very high GHG emissions (Riahi et al. 2017).
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2.2.3 Bias correction methods for improving precipitation estimates

Systematic biases represent a recognized challenge in climate modeling, affecting
both General Circulation Models (GCMs) and Regional Climate Models (RCMs),
with precipitation estimates being particularly susceptible. These discrepancies
often stem from inherent simplifications within physical parameterizations,
limitations imposed by model resolution, and the incomplete representation of
complex local climatic processes. To mitigate these issues and enhance the
usability of model outputs, various bias correction methodologies are widely
employed. The primary goal of these techniques is to adjust simulated climate
variables, ensuring they align more closely with historical observations and
thereby improving the reliability of regional climate projections (De la Cruz et al.,
2025)Prominent approaches include Quantile Mapping (QM), which modifies the
probability distribution of modeled precipitation to match observed distributions,
reducing biases across mean and extreme values (Wu et al., 2025), and Statistical
Downscaling Methods (SDMs), which utilize established empirical relationships
between large-scale atmospheric variables and local climate observations
(Hoseini et al., 2025). Empirical Quantile Mapping (EQM) offers a more refined
application of QM by correcting distinct parts of the precipitation distribution
separately, leading to improved accuracy, especially for extreme event prediction
(Vasquez et al., 2024).Alternatively, the Delta Method (DM) applies additive or
multiplicative correction factors derived from the historical period, effectively
adjusting for model biases while preserving the model-projected climate change
trends (Li & Li, 2025). The practical utility of bias correction is highlighted in
recent studies; for example, (Chae & Chung, 2024)demonstrated its effectiveness
in reducing uncertainty within precipitation-driven runoff projections, bolstering
the reliability of hydrological models. Furthermore, Bafiares et al. (2024) applied
bias correction techniques to CMIP6 GCM outputs in the Bicol River Basin,
Philippines, achieving significant improvements in streamflow projections and

subsequent flood risk assessments.

2.3 Floods and Droughts in Semi-Arid and High-Altitude Regions

High-altitude and semi-arid regions are particularly vulnerable to climate
extremes due to their unique topographical and climatic conditions. Droughts in
rain shadow areas like Ladakh, Tibet, and the Mongolian steppe arise from

topographical barriers where moisture-laden winds lose their water content on
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the windward side of mountains, leaving the leeward side arid(Schaller, 1998).
Qiao et al. (2022) found that precipitation extremes in semi-arid regions of China
are declining, leading to longer dry spells and reduced water availability. Similarly,
Liu et al, (2023) linked land desertification in the Qilian Mountains to rising
temperatures and declining precipitation. The economic impacts are significant,
as agriculture and hydropower projects suffer losses due to infrastructure damage
and unpredictable water flows. Recent studies highlight these growing threats;
Tan et al. (2023) documented an increase in flash floods in Xinjiang, attributing
them to precipitation variability. Similarly, Rahman et al. (2024)studied spatial-
temporal patterns of droughts and floods in Khyber Pakhtunkhwa, Pakistan,
linking the rise in flood occurrences to monsoonal shifts and deforestation. These
findings emphasize the urgent need for improved climate adaptation strategies,
including sustainable water management, afforestation efforts, and advanced
flood forecasting systems, to mitigate the growing risks of floods and droughts in

semi-arid and high-altitude regions.

2.3.1 Introduction to flood frequency analysis

Flood frequency analysis is a core aspect of hydrological modeling, crucial for
estimating the probability of extreme flood events and informing the design of
flood control infrastructure. This analysis relies on statistical modeling, often
applied to AMS or POT data, utilizing principles from EVT .Within EVT-based FFA,
the Gumbel distribution Extreme Value Type [ and the GEV family are particularly
prominent for modeling annual maximum flood flows(Twinomuhangi et al,
2025). The GEV distribution offers significant flexibility as a three-parameter
model, capable of representing the Gumbel (Type I), Fréchet (Type II, heavy-
tailed), and Weibull (Type III, bounded) distributions depending on the value of

its shape parameter(Papalexiou & Koutsoyiannis, 2013).
Extreme Value Distributions: Gumbel and GEV

The Gumbel distribution (Type I Extreme Value) has traditionally been used in FFA
for its simplicity and closed-form solutions (Hamed & Rao, 2019).However, it does
not account for skewness in data, which can lead to under- or over-estimation in
tail extremes. This limitation is addressed by the GEV distribution, which
incorporates three forms: Type I (Gumbel), Type II (Fréchet), and Type III
(Weibull), offering greater flexibility in modeling flood extremes (Pandey et al.,
2018). Recent studies have shown the effectiveness of GEV over Gumbel in varied

climatic regions. For example, Sharma et al. (2020) found GEV to outperform
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Gumbel in modeling annual maximum rainfall in the Upper Ganga Basin due to
better tail fit. Similarly, Adeyeye and Abiodun (2019) highlighted GEV’s ability to
capture heavy-tailed flood behavior in West African basins. Notably, GEV’s extra
shape parameter allows it to accommodate skewed flood distributions, which can
improve fitness when flood data exhibits significant positive skewness. In fact, if
the sample skew is far from zero, the two-parameter Gumbel model may be

statistically inadequate even if it passes goodness-of-fit tests (Khan et al., 2023)
Parameter Estimation Methods

Accurate parameter estimation is truly the bedrock of reliable flood predictions in
FFA, as getting these parameters right is crucial for effectively fitting the extreme
value models we use. Three prominent methods stand out: the Method of
Moments, Maximum Likelihood Estimation, and L-moments. MoM is often
straightforward to apply, essentially matching theoretical distribution moments to
those calculated from the actual flood data, but it can be significantly skewed by
outliers. MLE takes a different approach, finding parameter values that make the
observed flood data most probable under the assumed distribution, proving
statistically efficient, especially with larger datasets (Pathak & Mishra, 2021). L-
moments, calculated using linear combinations of sorted data, are generally
considered more robust and less influenced by extreme values, making them
particularly valuable when dealing with smaller sample sizes, outliers, or the
heavy-tailed distributions common in hydrology (Fawad et al., 2022). For these
reasons, L-moments are frequently the preferred method for fitting distributions
like the GEV (Hosking, 1990; Khanal et al., 2022). The practical advantages of L-
moments have been clearly demonstrated in studies; for instance, Yadav & Singh
(2022) found they consistently yielded more stable parameter estimates for Kosi
River Basin flood data compared to MoM and MLE, while Rana et al. (2020)
highlighted their utility in Himalayan catchments known for extreme outliers,

further emphasizing their suitability for challenging datasets

Goodness-of-Fit Tests

After fitting candidate distributions, goodness-of-fit (GOF) tests are used to check
how well each model represents the observed flood data. The Kolmogorov-
Smirnov (KS) test and Anderson-Darling (AD) test are two widely used GOF tests
in flood frequency.The KS test is non-parametric and based on the maximum
absolute difference between empirical and theoretical CDFs, Recent applications

show that no single test is conclusive. In a study across Nepalese basins, Shrestha
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et al. (2021) used KS and AD together and found AD more sensitive in identifying
the best distribution under extreme rainfall. The Filliben coefficient was also used
by Bhattacharya & Jain (2019) to support model ranking based on graphical
fitting. Another useful GOF measure is the Filliben correlation coefficient, also
known as the probability plot correlation coefficient (PPCC) test. This method,
introduced by Filliben (1975), evaluates how well flood data aligns on a theoretical
probability paper plot. The correlation between observed and model quantiles is
calculated - the closer it is to 1, the better the fit. Recent non-stationary FFA
research has adopted Filliben’s test for selecting the optimal distribution, citing its
convenience and reliability(Qu et al., 2020) Overall, modern FFA studies employ a
battery of GOF tests - KS for overall fit, AD for tail-sensitive assessment, and
sometimes Filliben’s PPCC for an intuitive gauge of fit on probability plots. Using
multiple tests ensures that the selected distribution not only passes formal criteria
but also captures the distributional shape of extreme floods.

Model Selection Criteria

Choosing the most appropriate statistical distribution is a critical step when flood
frequency analysis suggests several plausible candidates fit the observed data.
Researchers rely on quantitative model selection criteria to make this decision
objectively. A fundamental approach involves assessing the model's prediction
accuracy using metrics like the Standard Error of Estimate (Se), often calculated
as a root-mean-square error (RMSE) between observed flood magnitudes and the
values predicted by the fitted distribution (Fawad et al., 2022b). In practice, this
often takes the form of a Root Mean Square Error (RMSE) comparing empirical
data points to the fitted distribution (Fawad et al., 2022b). The most common are
the Akaike Information Criterion (AIC) and the Bayesian Information Criterion
(BIC), as noted by Chae & Chung (2024). These criteria effectively penalize models
that use more parameters (for instance, favoring a simpler two-parameter Gumbel
over a three-parameter GEV if the added complexity doesn't significantly improve
the fit). The model yielding the lowest AIC or BIC value is typically preferred. For
hydrological studies, which often contend with relatively short data records
(perhaps only tens of years), the Corrected Akaike Information Criterion (AICc).
To address this, information-theoretical criteria are widely employed because
they balance goodness-of-fit with model parsimony. For hydrological applications
where data records are often limited (e.g., tens of years), the Corrected Akaike

Information Criterion (AICc) is particularly recommended, as it provides an
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adjustment to AIC that accounts for small-sample bias (Burnham & Anderson,
2002). Using AlICc helps ensure the chosen model isn't overly complex relative to
the available data, a benefit highlighted in studies showing improved distribution
identification for typical hydrological record lengths (e.g., Bako et al., 2024).
Sometimes, results from multiple criteria are combined using a Global Ranking
Score (GRS) to provide a composite assessment. Increasingly, best practice
involves using several criteria together; for example, Alam & Mahmud (2022)
utilized Se, AICc, and GRS in Bangladesh to determine that the GEV distribution
was optimal for their study basins, illustrating the move towards comprehensive,

multi-criteria model selection in recent FFA literature.

2.3.2 Drought

Droughts represent complex phenomena characterized by prolonged periods of
water scarcity, and they are typically classified into different types based on their
underlying causes, development, and primary impacts. The main categories
include meteorological, agricultural, hydrological, and socio-economic droughts,
each varying significantly in their duration, intensity, and effects on both the

environment and human society.
1. Meteorological Drought

The onset of drought typically begins with a meteorological drought, which occurs
when an area experiences a significant deficit in precipitation compared to its
long-term historical average over a specific period. Its severity is often influenced
by related climatic factors such as rising temperatures, shifts in atmospheric
circulation patterns, and increased evaporation rates (Xuehua et al, n.d.) If a
meteorological drought persists, it frequently acts as a trigger, leading to the
development of other forms, notably agricultural and hydrological droughts
(Dirnbock et al., 2025).

A primary tool for quantifying meteorological drought is the Standardized
Precipitation Index (SPI)(Ganguli et al.,, 2025a). Developed by McKee, Doesken,
and Kleist (1993), the SPI is globally recognized for its ability to characterize
precipitation deficits or surpluses across various time scales. Its strength lies in its
standardization, allowing for meaningful drought condition comparisons between
different regions and climates. The calculation requires a long-term precipitation
record (typically 30+ years) and involves fitting a probability distribution (often
Gamma) to aggregated precipitation totals for a chosen timescale (e.g.,, 1, 3, 6, 12

months). The cumulative probability of the observed precipitation is then
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transformed into a standard normal distribution value -the SPI - representing
how many standard deviations the observed precipitation deviates from the long-
term mean for that timescale (McKee et al, 1993; World Meteorological
Organization, 2012). SPI values are interpreted using standardized categories,
ranging from extremely wet (SPI = 2.0) to extreme drought (SPI < -2.0). The chosen
timescale is critical for interpretation, reflecting impacts from short-term soil
moisture (3-month SPI) to long-term hydrological systems (12+ month SPI)
(Hayes et al., 1999).

While the SPI's simplicity and standardization are valuable, a notable weakness is
its failure to incorporate the influence of temperature and potential
evapotranspiration (PET) on water availability. This is particularly relevant in a
warming climate where rising temperatures increase evaporative demand,
potentially intensifying drought conditions even without changes in precipitation.
To address this limitation, the Standardized Precipitation Evapotranspiration
Index (SPEI) was developed (Vicente-Serrano et al.,, 2010). The SPEI follows a
similar calculation methodology to the SPI but uses the monthly difference
between precipitation (P) and potential evapotranspiration (PET) as the input
variable, rather than precipitation alone. PET represents the atmospheric demand
for moisture and is typically estimated using temperature data along with other
variables depending on the chosen method (e.g, Thornthwaite, Penman-
Monteith). However, the SPEI requires additional input data (at least temperature)
and its results can be influenced by the method used to estimate PET. Like the SPI,
its accuracy can also be sensitive to the choice of probability distribution (Stagge
etal, 2015).

2. Agricultural Drought

Following or overlapping with meteorological droughts, agricultural droughts
occur when soil moisture levels fall below what is needed to sustain healthy crop
growth and livestock production. While often triggered by prolonged lack of rain
(meteorological drought), it can be exacerbated by factors like inefficient
irrigation practices, increased evaporative demand (linked to temperature, as
captured by indices like SPEI), and soil degradation (Eshetae et al., 2025).
Indicators used to monitor this type of drought include various soil moisture
indices and the Crop Moisture Index (CMI) (Leguizamén et al., 2025). With climate

change increasing the frequency of extreme weather, agricultural droughts are
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expected to become more severe, particularly impacting vulnerable arid and semi-

arid regions (Sanusi & Dries, 2025).

3. Hydrological Drought

Hydrological drought occurs when water levels in rivers, lakes, reservoirs, and
groundwater sources fall below their long-term averages. Unlike meteorological
drought, which focuses on precipitation deficits, hydrological drought deals with
water availability and storage issues (van der Sleen et al., 2025). This type of
drought can take months or years to develop and is commonly assessed using the
Streamflow Drought Index (SDI) and the Groundwater Drought Index (GDI)
(Ganguli etal., 2025b)(. It significantly impacts domestic water supply, agriculture,
and hydropower production (Alotaibi et al.,, 2025).

2.4 Similar Regions

Comparing high-altitude semi-arid regions such as Ladakh (India), Tibet (China),
and Central Asia highlights common climate challenges, including droughts,
extreme precipitation events, and water resource dependency on glacial melt.
Recent research further underscores these regional trends. Ayugi et al. (2019)
compared precipitation trends across Kenya, Central Asia, and Ladakh, finding
that drought conditions in these regions are intensifying due to rising
temperatures and changing monsoonal behavior. Similarly, (Bammou et al., 2024)
optimized flood risk mapping in semi-arid Morocco, providing applicable
methodologies for flood-prone regions like Central Asia. In addition,(Dar et al,,
2024) conducted satellite-based flood monitoring in semi-arid regions, enhancing
predictive flood modeling techniques for Ladakh and Tibet, thereby improving

disaster preparedness and water resource management.

2.5 Comparative Study: Floods and Droughts in Spiti Valley (India) vs.
Mustang (Nepal)

Both Spiti Valley (India) and Mustang (Nepal) are high-altitude, semi-arid regions
located in the rain shadow of the Himalayas. These regions experience extreme
climatic conditions, including prolonged droughts and sudden flash floods,
primarily influenced by glacier melt, monsoon variability, and climate change.
Despite these similarities, differences in geography, hydrology, and cultural

adaptation strategies shape their distinct climate challenges and responses.
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Table 2-1 Comparison between Spiti Valley (India) and Mustang (Nepal)

Feature Spiti Valley (India) Mustang (Nepal)
Location Himachal Pradesh, India Gandaki Province, Nepal
Altitude 3,300m - 4,600m 2,500m - 4,200m
Climate Type Cold Desert, Semi-Arid Semi-Arid, Alpine Desert
Annual

L. <200 mm 250-400 mm
Precipitation

Monsoon Influence

Minimal (Rain Shadow of the

Himalayas)

Weak but
stronger than Spiti

slightly

Glacier Dependency

High (Snow-fed Rivers)

High (Glacial Melt Rivers)

Major Water| = Kali Gandaki River, Glacial
Spiti River, Snowmelt
Sources Melt
Extreme Weather|Cloudbursts, Flash Floods,
Flash Floods, , Droughts
Events GLOFs, Droughts

Key Similarities

1. Rain Shadow Effect: Both Spiti and Mustang lie in the rain shadow of the

Himalayas, receiving very little precipitation, making them highly arid and
water scarce.

. Glacier Dependency: Water resources in both regions rely on glacial melt,
as there is minimal rainfall to sustain rivers.

. Extreme Weather Events: Both regions face frequent flash floods and
GLOFs, primarily due to climate change-driven glacial melting and high-
intensity rainfall events.

. Drought Conditions: Due to low rainfall and increasing
evapotranspiration, both regions experience long dry periods, which

exacerbate water scarcity and soil degradation.
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2.6 Gaps in Existing Research on Climate Change in Mustang

Mustang, a semi-arid, high-altitude region in Nepal, is highly vulnerable to climate
change impacts, including droughts, floods, glacial retreat, and temperature
extremes. However, significant gaps remain in research, particularly in long-term
climate datasets, localized flood and drought modeling, and the integration of
socioeconomic impacts into climate projections. One of the major gaps in climate
research in Mustang is the lack of long-term climate datasets. The region has
sparse weather stations, leading to incomplete climate records, and data collection
has been discontinuous, making it difficult to analyze temperature and
precipitation trends over time. The absence of long-term hydrological data also
affects water resource management, particularly in understanding glacial
meltwater fluctuations and river flow patterns. Studies such as (Shrestha &
Prasain, 2016) have identified major climate data gaps, emphasizing that the lack
of high-altitude climate monitoring stations creates barriers for water stress

modeling and climate-induced migration assessments.

Another major challenge is the lack of localized flood and drought modeling, as
existing General Circulation Models (GCMs) lack regional precision, failing to
capture Mustang’s complex topography. Apart from hydrological and
meteorological aspects, socioeconomic factors play a crucial role in understanding
climate change impacts in Mustang. Climate change affects livelihoods, agriculture,
and migration patterns, yet most climate models focus only on physical changes,
ignoring the human dimensions of climate adaptation. Farmers in Mustang are
experiencing declining crop yields due to erratic rainfall, soil degradation, and
failing traditional irrigation systems, which depend on glacier-fed rivers.
Additionally, climate-induced migration is increasing, as many households
abandon villages due to water shortages and unpredictable weather patterns,
leading to a rise in "climate refugees" migrating to urban areas in search of
economic stability. Bom et al. (2023)found that Mustang’s economy is deeply tied
to climate-dependent tourism and agriculture, making it particularly vulnerable
to climate variability. By improving climate data collection, refining localized
climate models, and incorporating socioeconomic factors into climate projections,
Mustang can develop more effective adaptation strategies to withstand the

growing impacts of climate change.
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CHAPTER 3: STUDY AREA

Mustang, located in the rain shadow of the Annapurna and Dhaulagiri ranges, is a
semi-arid, high-altitude region in western Nepal. Its hydrological and
meteorological conditions are influenced by its unique topography, dependence
on glacial meltwater, and seasonal climate variations. The low precipitation levels,
high evaporation rates, and strong diurnal temperature differences create extreme
climatic conditions, making water availability a major challenge for local
communities. The following sections explore the rain shadow effect on

precipitation, seasonal and interannual climate variations
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Figure 3-1 Location and topographic variation of the study area. A map of Nepal is shown in the
inset.

3.1 Rain Shadow Effect and Its Impact on Precipitation Levels

The rain shadow effect plays a crucial role in shaping Mustang’s climate. The
Himalayan ranges, particularly Annapurna and Dhaulagiri (over 8,000 meters
high), act as a natural barrier, blocking moisture-laden monsoonal winds from the

south. This leaves Mustang dry and arid, receiving significantly less precipitation
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than the southern slopes of the Himalayas, where rainfall can exceed 3,000 mm
annually. Mustang, in contrast, receives only 250-400 mm of rainfall per year,
making it one of the driest regions in Nepal. Although monsoonal storms
occasionally spill over, the precipitation contribution is minimal, and winter
snowfall from westerly disturbances remains a crucial moisture source for the

region’s glacier-fed rivers.

Due to this low precipitation, Mustang exhibits desert-like conditions, where
vegetation is sparse, and agriculture depends on glacial meltwater. The strong
diurnal temperature variation, caused by the absence of cloud cover, results in hot
days and freezing nights, further complicating water conservation. High solar
radiation and low humidity levels lead to significant water loss through
evaporation, exacerbating drought risks. Recent research by (Dhakal et al., 2024)
used remote sensing data to analyze groundwater and precipitation variability in
Mustang, finding that declining water availability is directly linked to the rain

shadow effect and increasing temperatures.

3.2 Seasonal and Interannual Variations in Temperature and Precipitation

The hydroclimatic regime of Mustang is distinctly characterized by its location
within a Himalayan rain shadow, differentiating it significantly from the monsoon-
dominated patterns prevalent in southern Nepal. Consequently, the summer
monsoon (June-September) contributes a relatively modest portion
(approximately 30%) of the annual precipitation budget. Instead, winter
precipitation, primarily snowfall derived from western disturbances (December-
February), assumes a critical role in sustaining regional water resources. However,
contemporary climate change is demonstrably altering these established patterns,
leading to increased frequency of droughts and hydroclimatic extremes.
Corroborating this, (Dhakal et al, 2024) observed trends of declining annual
precipitation alongside rising temperature extremes, which collectively exert
negative pressure on agricultural productivity and water security. Complementing
these precipitation dynamics, Mustang exhibits pronounced temperature
variability, both seasonally - with summer averages ranging from 10°C to 25°C
contrasted against winter lows potentially below -15°C - and diurnally, marked by
rapid daytime warming and freezing nocturnal temperatures attributed to the
thin, arid atmosphere. Significantly, this region is experiencing an accelerated
warming trend, estimated at approximately 0.5°C per decade. This warming is a

primary driver of accelerated glacial melt and permafrost degradation, further
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impacting downstream river discharge regimes, overall water availability, and

landscape stability.

3.3 Role of Glacial Meltwater, Permafrost, and Runoff in Mustang’'s
Hydrology

Given its low precipitation levels, Mustang’s hydrology is heavily dependent on
glacial meltwater, runoff patterns, and the stability of permafrost.Mustang's
hydrology is intricately linked to its high-altitude cryosphere, particularly the
glaciers of the Damodar, Dhaulagiri, and Annapurna ranges which feed vital river
systems like the Kali Gandaki. However, this reliance creates significant
vulnerability in the face of climate change. Rising temperatures are driving
accelerated glacial retreat, presenting a concerning paradox: while the rapid

melting initially boosts river runoff, this is a short-term effect.

Alongside glacial changes, the thawing of high-altitude permafrost represents
another major climate change impact in Mustang. This degradation of
permanently frozen ground triggers several critical consequences. Firstly, it
destabilizes mountain slopes, increasing the frequency and severity of landslides
and rockfalls, which pose direct threats to infrastructure and settlements.
Secondly, permafrost acts as a significant, often overlooked, frozen water
reservoir; its thaw leads to the loss of this stored moisture, further compounding
water availability issues, particularly in drier periods. Thirdly, meltwater from
both thawing permafrost and shrinking glaciers carries higher sediment loads into
rivers like the Kali Gandaki. These changes directly influence Mustang's highly
seasonal runoff cycle. River discharge peaks during the summer months (June-
September), fed by intensified glacial melt and any monsoonal rains. Conversely,
the winter period sees minimal precipitation and reduced melt, leading to

pronounced water shortages that impact local communities and agriculture.
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CHAPTER 4: METHODOLOGY

The methodology adopted in this study integrates both drought and flood analysis
using observed and climate model data. Initially, precipitation and temperature
data from the Department of Hydrology and Meteorology (DHM) were
supplemented with missing values using the APHRODITE dataset. Multiple Global
Climate Models (GCMs) and scenarios were selected to generate bias-corrected
historical and future datasets. These datasets were then used for two separate
analyses. For drought assessment, the standardized indices SPI and SPEI were
computed. For flood analysis, annual maximum precipitation series were
extracted and fitted to Generalized Extreme Value (GEV) and Gumbel
distributions. The best-fitting models were selected based on goodness-of-fit

evaluations and return levels representing different flood magnitudes were

calculated.
Observed Data )
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initati GCM and
(Precipitation, el
Temprature)

Fill missing W
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Figure 4-1 Methodological framework
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M. Sc. Thesis | Apechhya Aryal [ 2025 | 21



4.1 Data Collection

4.1.1 Climate data sources for Mustang, Nepal

Historical climate data for Mustang is primarily collected from global reanalysis
datasets, regional climate archives, and Nepal’s Department of Hydrology and
Meteorology (DHM Nepal). APHRODITE (Asian Precipitation - Highly Resolved
Observational Data Integration Towards Evaluation): A high-resolution gridded
precipitation dataset for Asia, covering daily precipitation records from 1951
onward. APHRODITE’s precipitation data (0.25° x 0.25° resolution) is particularly
useful for understanding monsoon variability, extreme rainfall events, and

seasonal trends in Mustang.

Figure 4-2 Location of meteorological stations used in this study in Mustang.
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Table 4-1 Meteorological Stations in Mustang District

Station ID | Stations Lat lon Elevation(m)
601 Jomsom 28.78 83.78 2741
604 Thakmarpha 28.72 83.67 2655
607 Lete 28.62 83.59 2490
608 Ranipauwa 28.4 84 3671
624 Samar Gaun 28.52 84.25 3610
625 Dhakarjhong 28.88 84.5 3200
633 Chhoser 28.98 84.34 3886

4.1.2 Future climate projections

(A) Climate Models: CMIP6 (SSP2-4.5, SSP5-8.5)

The Coupled Model Intercomparison Project Phase 6 (CMIP6) provides multi-
model climate projections that improve upon previous CMIP5 models by
incorporating higher spatial resolution, refined emission scenarios, and improved
cloud-aerosol interactions. Two key Shared Socioeconomic Pathways (SSPs) used

for future projections are:

e SSP2-4.5 (Intermediate Emissions Scenario): Represents a middle-of-
the-road pathway where global efforts to mitigate climate change continue
but are not aggressive enough, resulting in a moderate increase in
temperature and associated climate impacts.

e SSP5-8.5 (High Emissions Scenario): Represents a high-emissions, fossil-
fuel-driven economy, where carbon-intensive energy use dominates,
leading to a drastic rise in global temperatures and severe climate

consequences.

(B). Downscaling Techniques for Regional Accuracy

While CMIP6 models offer robust global climate projections, their coarse
resolution (~50-100 km grids) limits accuracy for regional applications. To
improve precision for Mustang Statistical Downscaling is used. It uses historical
climate data and statistical relationships to adjust GCM outputs to local scales,
improving accuracy for precipitation and temperature variability. Gamma

distribution for precipitation was used for bias correction(Gadouali et al., 2024)
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Table 4-2 Details of GCM used on this study

Model Name Latitude Longitude Historical Projection
Resolution Resolution Period Period
ACCESS-ESMI-5 1.5 1.875 1980-2014 2025-2100
EC-EARTH3-VEG 0.7018 0.7031 1980-2014 2025-2100
EC-EARTH3 0.7018 0.7031 1980-2014 2025-2100
MPI-ESMI-2-HR 0.9351 0.9375 1980-2014 2025-2100
MPI-ESMI-2-LR 1.8653 1.875 1980-2014 2025-2100
MRI-ESM2-0 1.1215 1.1215 1980-2014 2025-2100

4.2 Trend Analysis of Precipitation and Temperature

To assess long-term trends in precipitation and temperature patterns in the
Mustang region, statistical methods will be employed to detect monotonic trends

and estimate their magnitude:

Mann-Kendall Test: A non-parametric test used to identify significant trends in
climatic variables over time, making it suitable for non-normally distributed and

missing data.

Sen’s Slope Estimator: A robust method for determining the magnitude of trends,
providing a median slope that is less sensitive to outliers compared to parametric

regression methods.

Spatial Averaging Using the Thiessen Polygon Method

The Thiessen polygon method, a widely used spatial interpolation technique in
hydrology (Zhou et al., 2009), is applied to calculate basin-averaged climatic
variables, particularly precipitation. The watershed is divided into polygons (also
known as Voronoi diagrams), with each polygon corresponding to the nearest
meteorological station. It is assumed that the measured value at a station
represents the entire area of its respective polygon. The basin-wide average
precipitation is then estimated using a weighted average based on the area each

station influences. To estimate the region’s average precipitation, a weighted mean
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is calculated where each station’s measurement is multiplied by the area of its

corresponding polygon. The general expression for this calculation is:
P=(1/A_total) x X (P; x Aj))cceverrrrrerenns (D
Here,

P is the average precipitation over the entire basin,
P; is the precipitation recorded at station i,

A; is the area of the polygon assigned to station i,
A_total is the total area of the watershed,

n is the number of observation stations.

4.3 Drought Analysis

Drought conditions in Mustang are assessed using two key components: spatial
averaging of precipitation using the Thiessen polygon method and the
computation of the Standardized Precipitation Index (SPI).

Standardized Precipitation Index (SPI):

Computed based on precipitation anomalies over different timescales (e.g., 3, 6, 12
months), providing a probabilistic measure of meteorological drought severity. SPI
is calculated using a gamma distribution fitted to long-term monthly precipitation
data.

Equations for SPI
Step 1: Fit Gamma Distribution

Gamma Probability Density Function:

x = Precipitation amount
a = Shape parameter

B = Scale parameter

['(a) = Gamma function

Parameters a and {3 are estimated using:
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Step 2: Compute Cumulative Probability

Compute the cumulative probability and adjust for zero precipitation events.
Step 3: Standardize Using Normal Distribution

SPI = ®7H(F (%)) wevereeerrnererneennn (5)

Where:

F(x) = Cumulative probability

®~1 = Inverse standard normal distribution

Standardized Precipitation Evapotranspiration Index (SPEI):

Extends SPI by incorporating potential evapotranspiration (PET), making it more
suitable for assessing droughts influenced by temperature variations and
precipitation. Both indices will be computed using historical observed from DHM
and future (CMIP6 projections) climate datasets, with bias correction applied

where necessary.
Equations for SPEI

SPEl is based on the climatic water balance and incorporates temperature via PET:

P = Precipitation
PET = Potential evapotranspiration

Thornthwaite PET Equation

PET =16 (=) (5) (“I)—T)a ................ 7)
Where:

T = mean monthly temperature (°C)
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. 1y (To\1514
[ =annual heatindex =1 = };;%; (—‘) ............. (8)

a=6.75x10"713—7.71 x 107512 + 1.79 x 1072] + 0.49239
L = average day length (hours)

N = number of days in month

Step 2: Fit Log-Logistic Distribution

To the series D (deficit/surplus):
-1

Fo=FD) = [1+(5) ] 9)

D-y
Step 3: Standardize Using Normal Distribution

SPEI is calculated by applying the inverse standard normal distribution to F(x).

4.4 Procedure for Probability-Based Flood Frequency Estimation

This methodology involves several steps to analyze extreme rainfall events and
determine suitable probability distribution models. Daily rainfall data were
collected and used as the primary input for flood frequency analysis. To model the
extremes, both the Gumbel distribution (Type I Extreme Value) and the
Generalized Extreme Value (GEV) distribution were applied. The GEV distribution,
which is a flexible family of distributions for modeling maxima, includes three
types: Type I (Gumbel), Type II (Fréchet), and Type III (Weibull). For estimating
the parameters of these distributions, three statistical methods were employed:
the Method of Moments (MoM), Maximum Likelihood Estimation (MLE), and the
L-Moments (LM) method. These methods provide different approaches to derive
the parameters based on sample data characteristics. To assess the suitability and
accuracy of the fitted models, various goodness-of-fit tests—also known as
adhesion tests—were conducted. These included the Kolmogorov-Smirnov (KS)
test, the Anderson-Darling (AD) test, and the Filliben Correlation Coefficient (RT),
each offering different sensitivity to deviations between observed and modeled
data. Finally, model selection was based on performance metrics such as the
Standard Error of Estimate (Se), the Corrected Akaike Information Criterion
(AICc), and the Global Ranking Score (GRS), ensuring a robust comparison to

identify the most appropriate model for representing extreme rainfall behavior.
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CHAPTER 5: RESULT AND DISCUSSIONS

5.1 Trend Analysis of Seasonal Precipitation Across Seven Stations in
Mustang

The precipitation trend analysis across multiple stations, including Chhoser,
Dhakarjhong, Jomsom, Lete, Ranipauwa, Samargaun, and Thakmarpha, reveals
distinct seasonal variations over time. Most stations show an increasing trend in
monsoon precipitation, with Ranipauwa (3.77 mm per year) and Thakmarpha
(1.93 mm per year) experiencing the highest rise, suggesting intensified monsoon
rainfall and potential flood risks. In contrast, post-monsoon precipitation is either
slightly declining or showing minimal change, as seen in Chhoser (-0.0648 mm per
year), Jomsom (-0.07 mm per year), and Thakmarpha (-0.0302 mm per year),
which may reduce water availability during the dry season. Pre-monsoon
precipitation is generally increasing across most stations, including Chhoser (0.53
mm per year), Jomsom (0.53 mm per year), and Ranipauwa (1.55 mm per year),
indicating possible shifts in early-season rainfall that could impact snowmelt
timing and agricultural cycles. Additionally, winter precipitation is on the rise in
multiple locations, with Chhoser (1.45 mm per year), Jomsom (1.43 mm per year),
and Thakmarpha (1.49 mm per year) showing significant increases, which could
contribute to higher snowfall in high-altitude regions and influence glacial melt
patterns.

5.2 Trend Analysis of Seasonal Temperature Trends in Mustang:

The analysis of seasonal temperature trends in Chhoser, Jomsom, and Lete reveals
distinct patterns of warming and cooling over time. Chhoser exhibits an overall
cooling trend across all seasons, with the most significant decline in winter (-
0.14°C per year) and pre-monsoon (-0.14°C per year), suggesting a shift toward
colder conditions that could impact agriculture and water availability. In contrast,
Jomsom shows mixed trends, with warming in winter (0.02°C per year) and post-
monsoon (0.06°C per year), but a slight cooling during the monsoon (-0.013°C per
year) and pre-monsoon (-0.019°C per year) seasons, indicating changing seasonal
dynamics. Meanwhile, Lete experience an overall warming trend, particularly in
winter (0.038°C per year), monsoon (0.05°C per year), and post-monsoon
(0.056°C per year), with only a slight pre-monsoon cooling (-0.019°C per year).
These findings suggest that Chhoser is becoming colder, Jomsom is experiencing

seasonal temperature shifts, and Lete is generally warming.
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Figure 5-1 Precipitation trend in monsoon, pre-monsoon, post-monsoon and winter across Ranipauwa
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Figure 5-2 Precipitation trend in monsoon, pre-monsoon, post-monsoon and winter across SamarGaun
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Figure 5-3 Precipitation trend in monsoon, pre-monsoon, post-monsoon and winter across Lete
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Station: Thakmarpha
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Figure 5-4 Precipitation trend in monsoon, pre-monsoon, post-monsoon and winter season across Thakmarpha

M. Sc. Thesis | Apechhya Aryal | 2025 | 32



Station: Dhakarjhong

Monsoon Post-monsoon
Slope of Trend Line (m): 1.2238 Slope of Trend Line (m): -0.0648
300 - 175 p
150
2 2507 2
£ £ 125
52907 5 1001
- -
g 8 15
2 1501 B
[} kv
o 0 50
& 100 A e Lo _
25
50 - o4
T T T T T T T T T T
1980 1990 2000 2010 2020 1980 1990 2000 2010 2020
Year Year
Pre-monsoon Winter
Slope of Trend Line (m): 0.5332 Slope of Trend Line (m): 1.4542
160
175
140
150
z 7 1207
125
E E 100
£ 100 - g
% % 80 +
£ 71 % 60
8 50 @
25 1 20
0 01
T T T T T T T T T T
1980 1990 2000 2010 2020 1980 1990 2000 2010 2020
Year Year

Figure 5-5 Precipitation trend in monsoon, pre-monsoon, post-monsoon and winter season across Dhakarjhong
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Figure 5-6 Precipitation trend in monsoon, pre-monsoon, post-monsoon and winter across Chooser
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Figure 5-7 Temperature trend across Chhoser in monsoon, pre-monsoon, post-monsoon and winter season
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Figure 5-8 Temperature trend across Jomsom in monsoon, pre-monsoon, post-monsoon and winter season
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5.3 Projected Shifts in Annual Precipitation in Mustang Under CMIP6
Scenario

The annual precipitation trend in the Mustang region, as illustrated by the CMIP6
historical and future scenario projections (SSP245 and SSP585), shows a
significant shift over time. Historical simulations and observed data (1980-2015)
indicate considerable year-to-year variability, with no clear long-term increasing
or decreasing trend. However, future projections suggest a marked divergence
based on emission scenarios. Under the SSP245 pathway, which assumes
moderate global mitigation efforts, annual precipitation increases slightly with
considerable interannual variability. In contrast, the SSP585 scenario, reflecting a
high-emissions futures shows a substantial rise in precipitation, especially after
2060, with values reaching nearly double those of the historical average by the end

of the 21st century.

When compared to global precipitation trends, the Mustang region reflects a
localized intensification pattern that aligns with broader climate model findings.
Globally, climate models project an overall increase in precipitation, particularly
in high latitudes and the tropics, while some mid-latitude and subtropical regions
are expected to become drier. The Intergovernmental Panel on Climate Change
(IPCC ARG6) reports that with rising global temperatures, the water cycle is
expected to intensify, leading to more frequent heavy rainfall events in wet regions
and prolonged dry periods in already dry areas. Mustang’s projected increase in
precipitation under SSP585, particularly after mid-century, is consistent with this
intensification of the hydrological cycle, although its high interannual variability
suggests continued exposure to climate extremes such as droughts and flood.
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Figure 5-10 Projected shifts in annual precipitation in Mustang under SSP245 and SSP585 scenario
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5.4 Increasing Drought Frequency and Severity in Mustang

Analysis of SPI-12 values from seven meteorological stations in Mustang
(Thakmarpha, Samargaun, Ranipauwa, Lete, Jomsom, Dhakarjhong, and Chhoser)
clearly reflects changes in precipitation patterns when comparing historical and
future climate conditions. Historical data from 1980 to 2015, along with observed
records up to 2015, show that the region has already experienced notable
variability in precipitation, with alternating dry and wet periods. Notably,
observed records highlight a significant rise in both the frequency and duration of
droughts after the mid-1990s. This trend indicates that climate-induced stress is
already affecting the region, likely driven by rising temperatures and shifts in

precipitation patterns.

According to projections under both SSP245 and SSP585 scenarios, these trends
are expected to persist and become more severe in the coming decades. Under the
moderate emission pathway (SSP245), drought conditions are likely to worsen
until mid-century, after which wetter conditions may become more dominant by
century’s end. The high-emissions SSP585 scenario presents a more concerning
future, with Mustang potentially facing prolonged and severe drought throughout
much of the 21st century, followed by a rapid transition to wetter conditions in the
latter half. This increase in variability signals a heightened risk of both water

scarcity and flooding.

Overall, Mustang appears to be transitioning from a historically balanced
precipitation regime to one marked by more extreme fluctuations. The severity of
this shift heavily depends on future global greenhouse gas emissions. Increasingly
frequent and prolonged droughts pose serious risks to agriculture, water supply,
and local ecosystems, while the potential for intense rainfall, flooding, and

landslides later in the century adds to the growing concerns
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Figure 5-11 SPI-12 analysis in Chhoser station on observed and historical period and SSP245 and SSP585 scenario
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Figure 5-12 SPI-12 analysis in Dhakarjhong station on observed and historical period and SSP245 and SSP585 scenario

M. Sc. Thesis | Apechhya Aryal | 2025 | 42

Standardized Precipitation Index (SPI)

Standardized Precipitation Index (SPI)



T
= &

-
53

Month
& N @

w  a

~

SPI 12: Jomsom_| Hlstorical

12

1

10

Month

SPI-12: Jomsom

1AL

Standardized Precipitation Index (SPI)
Month

g |
UL

& § & § & PO
Year
SPI-12: ) _SSP245
l ' |
I :
2 8
x
‘ 3
=
g
3
£
% | £
3 =
o
1 -3
‘ B
3
-2 £
‘ &
| .
& -.d°° ~§° & ~.~°°

Figure 5-13 SPI-12 analysis in Jomsom station on observed and historical period and SSP245 and SSP585 scenario

M. Sc. Thesis | Apechhya Aryal | 2025 | 43

2

1

o

@ﬂf’ & %@"’ Fl?»“ '»“\‘)
Year
SPI-12: Jomsom_SSP585
' I ' |
,‘d? '»'S\Q '\@g w“qQ 'i”é;

Standardized Precipitation Index (SP1)

i
Standardized Precipitation Index (SPI)

~



Month

Month

SPI-12: Lete_Historical

Al ‘ |
R | AL
|

SPI-12: Lete

Standardized Precipitation Index (SPI)
Month

S| ]

SPI-12: Lete_SSP245

i

-

| °
e
Standardized Precipitation Index (SPI)

|
~

&

l?l

. M ~ w
Month

| o
.
Standardized Precipitation Index (SPI)

!
W

"‘l
’ \"’

%

51

'&& 'Pso
Year

B

SPI-12: Lete_SSP585

|l|||
1

I\l [H

°
Standardized Precipitation Index (SPI)

Figure 5-14 SPI-12 analysis in Lete station on observed and historical period and SSP245 and SSP585 scenario

M. Sc. Thesis | Apechhya Aryal | 2025 | 44



Month

Month

SPI-12: Ranipauwa_| Hlstorlcal SPI-12: Ranipauwa

z’ ! BETRE B
i ?n @,MJ[ \

o © =
~

o
-

~

Month
@

1 1
o EN

Standardized Precipitation Index (SPI)
w oo,

|
w
e

-

S & o ' & s & & < &
~ Year v Year
SPI-12: Ranipauwa SSP245 & SPI-12: Ranipauwa_SSP585
; -
11
2 g 10
3 9
°
c
‘ : Pl 8
:
£ 7
’ ‘ I P
o
5
1 %
I P 4
-2% 3
o 2
L ! S i ‘Q
& -~ 1@ S
S Year
Year

Figure 5-15 SPI-12 analysis in Ranipauwa station on observed and historical period and SSP245 and SSP585 scenario

M. Sc. Thesis | Apechhya Aryal | 2025 | 45

Standardized Precipitation Index (SPI)

~

-

|
-

1 o
o
Standardized Precipitation Index (SPI)

1
w



Month

)r-nubvlmwa\n

Month

"
I

-
=4

=
53

SPI-12: Samar_Gaun

sPI-lz Samargaun_Historical

w
-

~

= 104
¢
o
§
15 ¢
°
:E
¢ 8 5
s g 5
£ i}
_,!
? “1
-zg 3
" 2]
-3 |
& & il & o & s
L VI Year
SPI-12: Samargaun 559245 55 SPI-12: Samargaun_SSP585
3
n
x
3 )
1 g § )
g £ 7
0o 2 t
£ 2 ’
_15 5
g .
-2
& 3
-3 2
1
P & P &
Yea v

Figure 5-16 SPI-12 analysis in Samar Gaun station on observed and historical period and SSP245 and SSP585 scenario

M. Sc. Thesis | Apechhya Aryal | 2025 | 46

o
Standardized Precipitation Index (SPI)

~ w

-

|
-

| o
~
Standardized Precipitation Index (SPI)

1
w



Month
e e
w & w e w o w 8 B K

~

l’%

Month
A v o w ®© w 58 B

w

~

SPI-12: Thakmarpha_Historical

‘ ']! [ 111

1
L
Month
= v a o~ @ e o B

\ o
o
Standardized Precipitation Index (SPI)

W

~

1
w
-

SPI1-12: Thakmarpha

]

& & &
Year

SPI-12: Thakmarpha_SSP245

53
B

& o
e £

12
3
2 bl
1
|
S

’s
&

[ AL

‘ |
l

SPI-12: Thakmarpha_SSP585

Year

é:‘

&

Standardized Precipitation Index (SPI)
Month
w & W e N @ ©

~

2 —
n

2 10

! i

° l

|
ll

Ed ' l
1
©
-~

o
'\‘.‘(F &

Year

<
2,
%

|

'I u
s o

Figure 5-17 SPI-12 analysis in Thakmarpha station on observed and historical period and SSP245 and SSP585 scenario

M. Sc. Thesis | Apechhya Aryal | 2025 | 47

o
Standardized Precipitation Index {SPI)

- w

{
A

| >
o
Standardized Precipitation Index (SPI)

!
w



Month

Month

SPI-12 Observed Heatmap SPI-12 Historical Heatmap

3121
2.998
2,589
= 2417 T
s ;
n
2056 £ =
X 1836 o
] T
2 €
152 € £
| L 125 €
J $ 2
i %91 ® - 1 s
¥ 3 = ¥ 0675 F
g 6 3
4 B 0459 s \ & - 9
4 0004 &
= T
! 00743 1
- —0.486%
-0.5072 | 1067.3
k] -1
2 1§ mYy -
4 —1139 8 o
o ! : ! -1.648
-1672
1 -2.228
T T 1985 1990
2005 2010
SPI-12 585 Heatmap
7 3.061 4.319
| 2439 i 3.683
| 18 o H
i 1816 ?‘- i 3047 £
| 3 3
J 1194 E 2an 2
c
0.572 g
: ] 1.775
i £ )
-o.on?i 5 1139
a = '
—045733 =
= 0503 3
| =1 Z?G.E 3
296 g | § 5
2 -0133
_1‘9135 -0.769
J -2.540
1 ! | -1.405
2080 2090 2100

T T T
2070 2080 2090 2100

Figure 5-18 SPI-12 analysis across Mustang on observed and historical period and SSP245 and SSP585 scenario

M. Sc. Thesis | Apechhya Aryal | 2025 | 48



5.5 Hydroclimatic Extremes in Mustang: SPEI12-Based Assessment of Past
and Future Drought Patterns

Analysis of the Standardized Precipitation Evapotranspiration Index over a 12-
month timescale (SPEI-12) for the Jomsom and Lete stations provides critical
insights into the evolving hydroclimatic conditions of Mustang. As an indicator
integrating precipitation and potential evapotranspiration, SPEI-12 effectively
captures long-term moisture deficits or surpluses. Historical data (1980-2015)
reveal inherent natural variability, characterized by alternating dry and wet
periods at both stations. However, superimposed on this variability is a clear trend
towards more persistent and severe drought conditions, particularly evident since
the late 1990s. During this observed period, Jomsom experienced notably
extensive dry phases, while Lete displayed a progressive drying trend beginning
around 2005, reflecting regional impacts of climate change such as increased
evapotranspiration and decreased moisture availability.

Future projections under the SSP245 and SSP585 emission scenarios suggest an
intensification of this hydroclimatic stress. Under the moderate SSP245 scenario,
both Jomsom and Lete are projected to face increased drought frequency and
intensity by mid-century, followed by a potential shift towards more frequent and
intense wet periods after approximately 2070. In stark contrast, the high-emission
SSP585 scenario indicates widespread and prolonged drought conditions
extending throughout the latter half of the century. This scenario is also associated
with significantly amplified hydroclimatic variability, featuring more extreme
droughts and intense wet events, especially late in the century. Notably under
SSP585, Lete exhibits increasing wet anomalies, potentially indicating an
intensified hydrological cycle, whereas Jomsom shows more abrupt transitions

between extreme dry and wet states.

Overall, the SPEI-12 results signal a definitive shift from Mustang's historically
variable hydroclimate towards a future dominated by pronounced extremes. The
alignment of currently observed drying trends with the initial stages of these
projections enhances confidence in the scenarios. The divergence between
SSP245 and SSP585 outcomes critically underscores the sensitivity of Mustang's
future hydroclimate to global emission pathways, with the high-emission scenario
portending persistent stress, and an elevated long-term risk of severe droughts,

flash floods, and substantial water insecurity.
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5.6 Sensitivity of Flood Magnitudes to Climate Scenarios: Insights from GEV
and Gumbel Modeling

5.6.1 Return Level Estimation (GEV vs Gumbel)

The return level plots for all scenarios—Observed, Historical, SSP245, and SSP585,
demonstrate that the Generalized Extreme Value (GEV) distribution generally
predicts higher flood magnitudes than the Gumbel distribution, particularly for
extreme return periods (50-year and 100-year).Under the observed scenario, GEV
return levels exceed Gumbel estimates across all stations, with stations like Samar
Gaun and Thakmarpha showing the highest projected magnitudes (~230 mm for
100-year return).In historical simulations, both GEV and Gumbel distributions
result in lower return levels compared to the observed data, with magnitudes
typically below 40 mm even at the 100-year level. This suggests that the historical
reanalysis data underrepresents extreme precipitation.For SSP245 (moderate
emissions), there is a noticeable increase in return levels across most stations. GEV
models show more pronounced curvature, indicating increased tail behavior in
projected extremes.The SSP585 (high emissions) scenario yields the highest
return levels, particularly at Lete, where GEV return values reach above 70 mm for
100-year floods. The divergence between GEV and Gumbel also increases under
SSP585, indicating that future extremes may not be well captured by simpler

distributions like Gumbel.

5.6.2 Flood Year Frequency Analysis

The temporal flood frequency analysis across all stations and scenarios highlights
distinct trends in the occurrence of extreme events.1980-2010: Observed and
historical data show moderate flood frequencies, with 10-year and 25-year return
floods being most common. High return period floods (e.g., 50-year) were sparse
during this baseline period.2010-2040: A transitional phase where flood
frequency declines slightly. This period corresponds to projected near-term
stabilization under SSP245, though high-emission scenarios still predict sporadic
events.2040-2100: A sharp increase in flood frequency is evident, particularly for
the 10-year and 25-year floods, with some years experiencing floods at more than
10 stations. This surge is particularly strong post-2070 under the SSP585
scenario, signaling escalating flood risks due to climate change. Notably, 50-year
flood events become more frequent after 2080 under both SSP scenarios,

highlighting increasing extreme event intensity and recurrence.
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The GEV model is consistently more sensitive to extreme values and is better
suited for predicting rare but impactful flood events. Flood risks intensify
significantly under SSP585, with an increase in both the magnitude and frequency
of extreme rainfall events. Spatially, stations like Lete, Ranipauwa, and

Thakmarpha emerge as high-risk zones, with both high return levels and frequent
exceedance events.

M. Sc. Thesis | Apechhya Aryal [ 2025 | 53



Flood Frequency Analysis (MLE Fits)

Annual Maximum Floods with Estimated Thresholds (MLE)

aso] @ EmpiicalData ket stk R4k 4 A8 £k bR £L £ AL Rd A E £ RE eSS RS LR bR E L £ AL
— GEV (MLE}
-=- Gumbel (MLE) 120
O GEVIMLEFPOINEs ettt et s 222t et ettt et e rmr e ?
[ Gumbel (MLE) Points A /\
200 100 lr\n —
[ N N W, iy ]
8
z 3
E g
E) £
£ g
o = g
g
2 150 E
£ =
H
£
s
z 60
H
£ 100 —&— Annual Max Flood
——- GEV (MLE) 10-yr Threshold (32 51}
-+ GEV (MLE) 25-yr Threshold (125.00)
== Gumbel {MLE) 10-yr Threshold (95.71)
o ++ Gumbel (MLE) 25-yr Threshold (111.92)
1980 1985 1990 1995 2000 2005 2010 2015
Year
50
10° 0% 10!
Return Period (years) [log scale]
Flood Frequency Analysis (MLE Fits) Annual Maximum Floods with Estimated Thresholds (MLE)
® Empirical Data B0
45 — GEV (MLE) 7
--- Gumbel (MLE) -
O GEV (MLE) Points = 254 \ ¢
Gumbel (MLE) Points - -=- e
9 1 I [
a0
30.0 1
Y
3
E £
£ 2751
,;é‘ 354 £
5
3 H
g
& B 2504
£ £
£ “
£ 304
S
2 2254
s
3
£
Z —8— Annual Max Flocd
251 20.07 L. GEV (MLE) 10-yr Threshold (31 06}
++ GEV [MLE) 25-y7 Threshold (33.21)
==+ Guembel (MLE} 10-yr Threshold (31 82)
17.5 4 -+ Gumbel (MLE) 25-yr Thresheld (25.09)
20 1980 1985 1990 1995 2000 2005 2010 201°
wear
.
10° 10° 10?

Return Period (years) (log scale)
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Figure 5-23 GEV vs Gumbel return level estimates in all stations under observed period
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Figure 5-24 GEV vs Gumbel return level estimates in all stations under historical period
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5.7 Flood Frequency Analysis Using Log-Pearson Type III Distribution of
Downstream Discharge Records

In the context of Mustang’s upstream hydrology, it is approximated using
downstream data due to the absence of local hydrological stations. The analysis
estimates the 2-year flood at around 530 m®/s and the 100-year flood at
approximately 672 m3/s. This indicates that extreme floods may be 25-30%
larger than more frequently occurring floods. Such findings are vital for informing
the design of resilient infrastructure, including bridges, culverts, and flood
protection systems in the region. Due to the lack of operational gauging stations
within Mustang, this study uses data from a downstream location as a proxy. This
downstream station, situated along the Kali Gandaki River, receives upstream flow
contributions from Mustang and is thus hydrologically relevant for understanding
the flood-generating potential of the basin. While this approach may not capture
localized flood characteristics within Mustang itself, it provides valuable insight
into the overall hydrological behavior of the river system. Future research should
prioritize the installation of hydrological monitoring stations within Mustang to

enable more accurate and site-specific flood risk assessments.

The plot presents the relationship between return periods and estimated flood
magnitudes based on statistical analysis of annual maximum discharge data. The
x-axis, shown on a logarithmic scale, represents the return period in years, which
indicates the frequency at which a particular flood magnitude is expected to occur.
The y-axis displays the estimated flood discharge (Q), likely in cubic meters per
second (m?3/s), corresponding to each return period. The curve demonstrates a
sharp increase in flood magnitude between the 2-year and 10-year return periods,
signifying that more frequent flood events exhibit notable increases in discharge.
Beyond the 10-year return period, the curve gradually flattens, suggesting that
flood magnitudes increase more slowly for rare, extreme events such as the 50-
year and 100-year floods. This pattern reflects the typical behavior of skewed
flood distributions, where high-magnitude floods are less common but still poss

M. Sc. Thesis | Apechhya Aryal [ 2025 | 61



Estimated Flood (Q)

660

640

620

600

580

560

540

Log-Pearson Type Ill Flood Frequency Analysis

10t
Return Period (years)

Figure 5-28 Log Pearson Il flood frequency analysis at hydrological station 404.7

M. Sc. Thesis | Apechhya Aryal [ 2025 | 62

102



5.8 Observed Patterns of Drought and Flood Risks in Nepal: Insights from
Previous Studies

e Trend analysis of drought index shows that most stations are characterized
by increases in both severity and frequency of drought and trend is
stronger for longer drought time scales (Dahal et al., 2016).

e More than 44 percent of the locations in the country were occupied under
drought conditions during these extreme drought events (Bagale et al,
2021).

e More frequent drought incidents have been observed after 2010 at all the
precipitation stations considered (A. Aryal et al., 2022).

e Recent flood events in Nepal have largely resulted from the rapidly
increasing vulnerability of local communities, compounded by fluctuating
and potentially shifting climatic patterns. Unless significant efforts are
made to reduce this vulnerability, similar disasters are likely to persist.
However, the current mechanisms for managing flood risks in Nepal,
particularly in terms of risk assessment and disaster governance, remain
limited and underdeveloped (Delalay et al., 2018b).

¢ Floods, among the most frequent and impactful natural hazards, have been
increasingly intensified by human-induced climate change, particularly in
mountainous regions, disrupting socio-economic systems throughout the
21st century (A. P. Sharma et al,, 2023b).
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CHAPTER 6: CONCLUSION AND RECOMMENDATIONS

6.1 Conclusion

This thesis evaluated changing flood and drought conditions in the unique semi-
arid, high-altitude environment of Mustang, Nepal, analyzing historical (1980-
2023) hydroclimatic trends and projecting future changes using CMIP6 scenarios
(SSP2-4.5, SSP5-8.5). Historical data revealed complex seasonal precipitation
trends and mixed temperature signals across stations, but critically, drought
analyses (SPI/SPEI) indicated significant interannual variability with a marked
increase in drought frequency and severity since the mid-1990s, confirming the
region's sensitivity to climate shifts.

Future projections highlighted a strong divergence based on emission pathways;
while SSP2-4.5 showed moderate future changes, the high-emission SSP5-8.5
scenario projected a substantial, potentially near-doubling, increase in annual
precipitation by 2100. Paradoxically, this intensification of the hydrological cycle
under SSP5-8.5 is coupled with projections of more persistent and severe
droughts and significantly increased flood risk. Flood Frequency Analysis
consistently showed higher future flood magnitudes compared to historical levels
(especially under SSP5-8.5), with GEV distributions providing more conservative
(higher) estimates than Gumbel, particularly for rarer events. Temporal analysis
indicated a sharp increase in the frequency and spatial extent of floods post-2070
under SSP5-8.5. Collectively, the findings demonstrate Mustang's transition from
a relatively stable, albeit arid, climate towards a future increasingly marked by
hydroclimatic extremes, posing significant challenges for water security,

agriculture, and local livelihoods.
Key Takeaways:

» The region is shifting from a relatively stable climate, with natural ups and

downs, to a future marked by more intense and unpredictable weather.

* Longer droughts could reduce water supply, harm farming, and increase
migration. Second, heavier rainfall and faster glacier melt could lead to
dangerous floods, including flash floods, and LLOFs (Landslide Lake
Outburst Floods).

» The evidence points towards an era of increased extremes, more intense

droughts and more severe floods.
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Addressing this challenge requires urgent, informed, and integrated action,
combining robust scientific analysis with proactive adaptation planning

and global climate change mitigation efforts.

6.2 Recommendations:

The findings underscore the profound vulnerability of the Mustang region to

intensifying hydroclimatic extremes under future climate change, necessitating

proactive and integrated adaptation strategies. Based on this research, key

recommendations include the adoption of

Scenario-based adaptation planning, ensuring flexibility to address the
wide range of potential future conditions depicted by different SSPs,
particularly the severe risks associated with SSP5-8.5.

Integrated water resource management is crucial, requiring plans that
simultaneously address water scarcity (drought) through enhanced
conservation and storage, and excess water (floods) via improved
infrastructure, robust early warning systems, and informed land-use
planning. Given the limitations posed by data scarcity, enhanced
Meteorological and hydrological monitoring, especially long-term, high-
altitude networks, is vital for improving model calibration, validating
projections, and supporting operational forecasting. Furthermore, effective
adaptation necessitates strong

Community engagement, integrating local and traditional knowledge
with scientific insights to co-develop locally appropriate and sustainable
solutions. Future research should prioritize refining regional climate
projections through advanced downscaling or tailored modeling that better
incorporates Mustang's complex topography and cryosphere processes
(glacial melt, permafrost), alongside integrating socio-economic
vulnerability assessments to fully capture the human dimension of climate

change impacts in this unique Himalayan rain shadow environment
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ANNEX

Table A: Observed flood frequency analysis

Scenario Station Model Return Threshold Flood Years Fit_AICc | Preferred_Model
Period
Observed | Chhoser GEV 10 67.15 | 1985, 1987,1997, 1998, 2005 370.78 TRUE
Observed | Chhoser GEV 20 96.37 | 2005 370.78 TRUE
Observed | Chhoser GEV 25 108.10 | None 370.78 TRUE
Observed | Chhoser GEV 50 154.09 | None 370.78 TRUE
Observed | Chhoser GEV 100 219.22 | None 370.78 TRUE
1980, 1985, 1987, 1996, 1997, 1998,
Observed | Chhoser Gumbel 10 58.68 | 2005 378.77 FALSE
Observed | Chhoser Gumbel 20 69.33 | 1985, 1987,1997, 1998, 2005 378.77 FALSE
Observed | Chhoser Gumbel 25 72.70 | 1985, 1987,1997, 1998, 2005 378.77 FALSE
Observed | Chhoser Gumbel 50 83.11 | 1985,1997, 2005 378.77 FALSE
Observed | Chhoser Gumbel 100 93.44 | 2005 378.77 FALSE
Observed | Dhakarjhong | GEV 10 67.15 | 1985, 1987, 1997, 1998, 2005 370.78 TRUE
Observed | Dhakarjhong | GEV 20 96.37 | 2005 370.78 TRUE
Observed | Dhakarjhong | GEV 25 108.10 | None 370.78 TRUE
Observed | Dhakarjhong | GEV 50 154.09 | None 370.78 TRUE
Observed | Dhakarjhong | GEV 100 219.22 | None 370.78 TRUE
1980, 1985, 1987, 1996, 1997, 1998,
Observed | Dhakarjhong | Gumbel 10 58.68 | 2005 378.77 FALSE
Observed | Dhakarjhong | Gumbel 20 69.33 | 1985, 1987, 1997, 1998, 2005 378.77 FALSE
Observed | Dhakarjhong | Gumbel 25 72.70 | 1985, 1987, 1997, 1998, 2005 378.77 FALSE
Observed | Dhakarjhong | Gumbel 50 83.11 | 1985, 1997, 2005 378.77 FALSE
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Scenario Station Model Return Threshold Flood Years Fit_AICc | Preferred_Model
Period
Observed | Dhakarjhong | Gumbel 100 93.44 | 2005 378.77 FALSE
Observed | Jomsom GEV 10 66.26 | 1985,1987,1997, 1998, 2005 372.04 TRUE
Observed | Jomsom GEV 20 93.08 | 2005 372.04 TRUE
Observed | Jomsom GEV 25 103.61 | None 372.04 TRUE
Observed | Jomsom GEV 50 143.98 | None 372.04 TRUE
Observed | Jomsom GEV 100 199.29 | None 372.04 TRUE
1980, 1985, 1987, 1996, 1997, 1998,
Observed | Jomsom Gumbel 10 58.79 | 2005 379.06 FALSE
Observed | Jomsom Gumbel 20 69.49 | 1985, 1987,1997, 1998, 2005 379.06 FALSE
Observed | Jomsom Gumbel 25 72.89 | 1985,1987,1997, 1998, 2005 379.06 FALSE
Observed | Jomsom Gumbel 50 83.35 | 1985, 1997, 2005 379.06 FALSE
Observed | Jomsom Gumbel 100 93.73 | 2005 379.06 FALSE
Observed | Lete GEV 10 66.68 | 1985,1987,1997, 1998, 2005 368.68 TRUE
Observed | Lete GEV 20 95.71 | 2005 368.68 TRUE
Observed | Lete GEV 25 107.41 | None 368.68 TRUE
Observed | Lete GEV 50 153.50 | None 368.68 TRUE
Observed | Lete GEV 100 219.19 | None 368.68 TRUE
1980, 1985, 1987, 1996, 1997, 1998,
Observed | Lete Gumbel 10 58.44 | 2005 377.62 FALSE
Observed | Lete Gumbel 20 68.91 | 1985, 1987,1997, 1998, 2005 377.62 FALSE
Observed | Lete Gumbel 25 72.23 | 1985,1987,1997, 1998, 2005 377.62 FALSE
Observed | Lete Gumbel 50 82.46 | 1985, 1997, 2005 377.62 FALSE
Observed | Lete Gumbel 100 92.61 | 2005 377.62 FALSE
Observed | Ranipauwa GEV 10 69.33 | 1985, 1987,1997, 1998, 2005 376.18 TRUE
Observed | Ranipauwa | GEV 20 95.84 | 2005 376.18 TRUE
Observed | Ranipauwa | GEV 25 106.11 | None 376.18 TRUE
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Scenario Station Model Return Threshold Flood Years Fit_AICc | Preferred_Model
Period
Observed | Ranipauwa | GEV 50 144.90 | None 376.18 TRUE
Observed | Ranipauwa | GEV 100 196.94 | None 376.18 TRUE
Observed | Ranipauwa Gumbel 10 61.61 | 1985,1987,1996, 1997, 1998, 2005 380.29 FALSE
Observed | Ranipauwa Gumbel 20 72.65 | 1985,1987,1997, 1998, 2005 380.29 FALSE
Observed | Ranipauwa Gumbel 25 76.14 | 1985, 1987, 1997, 2005 380.29 FALSE
Observed | Ranipauwa | Gumbel 50 86.93 | 1985, 1997, 2005 380.29 FALSE
Observed | Ranipauwa Gumbel 100 97.63 | 2005 380.29 FALSE
Observed | Samar Gaun | GEV 10 67.26 | 1985,1987,1997, 1998, 2005 368.67 TRUE
Observed | Samar Gaun | GEV 20 97.73 | 2005 368.67 TRUE
Observed | Samar Gaun | GEV 25 110.15 | None 368.67 TRUE
Observed | Samar Gaun | GEV 50 159.57 | None 368.67 TRUE
Observed | Samar Gaun | GEV 100 231.16 | None 368.67 TRUE
1980, 1985, 1987, 1996, 1997, 1998,
Observed | Samar Gaun | Gumbel 10 58.44 | 2005 377.98 FALSE
Observed | Samar Gaun | Gumbel 20 68.96 | 1985, 1987,1997, 1998, 2005 377.98 FALSE
Observed | Samar Gaun | Gumbel 25 72.29 | 1985, 1987,1997, 1998, 2005 377.98 FALSE
Observed | Samar Gaun | Gumbel 50 82.57 | 1985, 1997, 2005 377.98 FALSE
Observed | Samar Gaun | Gumbel 100 92.77 | 2005 377.98 FALSE
Observed | Thakmarpha | GEV 10 66.68 | 1985,1987,1997, 1998, 2005 368.68 TRUE
Observed | Thakmarpha | GEV 20 95.71 | 2005 368.68 TRUE
Observed | Thakmarpha | GEV 25 107.41 | None 368.68 TRUE
Observed | Thakmarpha | GEV 50 153.50 | None 368.68 TRUE
Observed | Thakmarpha | GEV 100 219.19 | None 368.68 TRUE
1980, 1985, 1987, 1996, 1997, 1998,
Observed | Thakmarpha | Gumbel 10 58.44 | 2005 377.62 FALSE
Observed | Thakmarpha | Gumbel 20 68.91 | 1985, 1987,1997, 1998, 2005 377.62 FALSE
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Scenario Station Model Return Threshold Flood Years Fit_AICc | Preferred_Model
Period

Observed | Thakmarpha | Gumbel 25 72.23 | 1985, 1987,1997, 1998, 2005 377.62 FALSE

Observed | Thakmarpha | Gumbel 50 82.46 | 1985, 1997, 2005 377.62 FALSE

Observed | Thakmarpha | Gumbel 100 92.61 | 2005 377.62 FALSE
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Table B: Historical flood frequency analysis

Scenario Station Model Return Period | Threshold Flood Years Fit_AICc Preferred_Model
Historical | Chhoser GEV 10 6.48 | 2000, 2001, 2006 92.77 FALSE
Historical | Chhoser GEV 20 6.89 | 2000, 2001, 2006 92.77 FALSE
Historical | Chhoser GEV 25 7.02 | 2000, 2001, 2006 92.77 FALSE
Historical | Chhoser GEV 50 7.38 | 2001, 2006 92.77 FALSE
Historical | Chhoser GEV 100 7.71 | None 92.77 FALSE
Historical | Chhoser Gumbel 10 6.61 | 2000, 2001, 2006 91.45 TRUE
Historical | Chhoser Gumbel 20 7.15 | 2001, 2006 91.45 TRUE
Historical | Chhoser Gumbel 25 7.32 | 2001, 2006 91.45 TRUE
Historical | Chhoser Gumbel 50 7.84 | None 91.45 TRUE
Historical | Chhoser Gumbel 100 8.36 | None 91.45 TRUE
Historical | Dhakarjhong | GEV 10 9.82 | 2000, 2001, 2006 132.35 FALSE
Historical | Dhakarjhong | GEV 20 10.55 | 2000, 2001, 2006 132.35 FALSE
Historical | Dhakarjhong | GEV 25 10.77 | 2001, 2006 132.35 FALSE
Historical | Dhakarjhong | GEV 50 11.42 | 2006 132.35 FALSE
Historical | Dhakarjhong | GEV 100 12.02 | None 132.35 FALSE
Historical | Dhakarjhong Gumbel 10 10.01 | 2000, 2001, 2006 130.74 TRUE
Historical | Dhakarjhong | Gumbel 20 10.94 | 2001, 2006 130.74 TRUE
Historical | Dhakarjhong | Gumbel 25 11.24 | 2001, 2006 130.74 TRUE
Historical | Dhakarjhong | Gumbel 50 12.15 | None 130.74 TRUE
Historical | Dhakarjhong | Gumbel 100 13.05 | None 130.74 TRUE
Historical | Jomsom GEV 10 12.50 | 1986, 2000, 2001, 2006 157.36 FALSE
Historical | Jomsom GEV 20 13.62 | 2000, 2001, 2006 157.36 FALSE
Historical | Jomsom GEV 25 13.97 | 2001, 2006 157.36 FALSE
Historical | Jomsom GEV 50 15.01 | 2001 157.36 FALSE
Historical | Jomsom GEV 100 16.01 | None 157.36 FALSE
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Scenario Station Model Return Period | Threshold Flood Years Fit_AICc Preferred_Model
Historical | Jomsom Gumbel 10 12.62 | 2000, 2001, 2006 155.12 TRUE
Historical | Jomsom Gumbel 20 13.91 | 2001, 2006 155.12 TRUE
Historical | Jomsom Gumbel 25 14.32 | 2001 155.12 TRUE
Historical | Jomsom Gumbel 50 15.58 | None 155.12 TRUE
Historical | Jomsom Gumbel 100 16.83 | None 155.12 TRUE
Historical | Lete GEV 10 31.06 | 2000,2001, 2004, 2013 199.87 FALSE
Historical | Lete GEV 20 32.72 | 2000, 2001 199.87 FALSE
Historical | Lete GEV 25 33.21 | 2000, 2001 199.87 FALSE
Historical | Lete GEV 50 34.61 | None 199.87 FALSE
Historical | Lete GEV 100 35.84 | None 199.87 FALSE
Historical | Lete Gumbel 10 31.82 | 2000, 2001, 2004 198.98 TRUE
Historical | Lete Gumbel 20 34.30 | 2000 198.98 TRUE
Historical | Lete Gumbel 25 35.09 | None 198.98 TRUE
Historical | Lete Gumbel 50 37.51 | None 198.98 TRUE
Historical | Lete Gumbel 100 39.92 | None 198.98 TRUE
Historical | Ranipauwa GEV 10 15.79 | 2000, 2001, 2004, 2013 167.40 TRUE
Historical | Ranipauwa GEV 20 16.61 | 2000, 2001, 2004 167.40 TRUE
Historical | Ranipauwa GEV 25 16.83 | 2000, 2001, 2004 167.40 TRUE
Historical | Ranipauwa GEV 50 17.44 | 2004 167.40 TRUE
Historical | Ranipauwa GEV 100 17.93 | None 167.40 TRUE
Historical | Ranipauwa Gumbel 10 16.69 | 2000, 2001, 2004 169.60 FALSE
Historical | Ranipauwa Gumbel 20 18.37 | None 169.60 FALSE
Historical | Ranipauwa Gumbel 25 18.90 | None 169.60 FALSE
Historical | Ranipauwa Gumbel 50 20.54 | None 169.60 FALSE
Historical | Ranipauwa Gumbel 100 22.17 | None 169.60 FALSE
Historical | Samar Gaun GEV 10 12.05 | 2000, 2001 139.02 TRUE
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Scenario Station Model Return Period | Threshold Flood Years Fit_AICc Preferred_Model
Historical | Samar Gaun GEV 20 12.70 | 2000, 2001 139.02 TRUE
Historical | Samar Gaun GEV 25 12.88 | 2000, 2001 139.02 TRUE
Historical | Samar Gaun GEV 50 13.41 | 2000, 2001 139.02 TRUE
Historical | Samar Gaun GEV 100 13.86 | None 139.02 TRUE
Historical | Samar Gaun Gumbel 10 12.45 | 2000, 2001 139.19 FALSE
Historical | Samar Gaun Gumbel 20 13.52 | 2001 139.19 FALSE
Historical | Samar Gaun Gumbel 25 13.86 | None 139.19 FALSE
Historical | Samar Gaun Gumbel 50 14.90 | None 139.19 FALSE
Historical | Samar Gaun Gumbel 100 15.94 | None 139.19 FALSE
Historical | Thakmarpha GEV 10 14.60 | 2000, 2001, 2004, 2013 160.07 FALSE
Historical | Thakmarpha GEV 20 15.56 | 2000, 2001 160.07 FALSE
Historical | Thakmarpha | GEV 25 15.84 | 2000, 2001 160.07 FALSE
Historical | Thakmarpha | GEV 50 16.64 | None 160.07 FALSE
Historical | Thakmarpha | GEV 100 17.36 | None 160.07 FALSE
Historical | Thakmarpha Gumbel 10 15.02 | 2000, 2001 159.11 TRUE
Historical | Thakmarpha Gumbel 20 16.43 | 2000, 2001 159.11 TRUE
Historical | Thakmarpha | Gumbel 25 16.87 | None 159.11 TRUE
Historical | Thakmarpha | Gumbel 50 18.24 | None 159.11 TRUE
Historical | Thakmarpha | Gumbel 100 19.60 | None 159.11 TRUE
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Table C: SSP245 Flood frequency analysis

Scenario Station Model Return Threshold Flood Years Fit_AICc | Preferred_
Period Model
2042, 2048, 2064, 2069, 2071, 2077,
SSP245 Chhoser GEV 10 9.47 | 2089, 2096, 2099 340.22 FALSE
SSP245 Chhoser GEV 20 10.44 | 2064, 2089, 2096, 2099 340.22 FALSE
SSP245 Chhoser GEV 25 10.74 | 2064, 2096, 2099 340.22 FALSE
SSP245 Chhoser GEV 50 11.65 | 2096 340.22 FALSE
SSP245 Chhoser GEV 100 12.53 | None 340.22 FALSE
2042,2048, 2064, 2071, 2077, 2089,
SSP245 Chhoser Gumbel 10 9.52 | 2096, 2099 338.17 TRUE
SSP245 Chhoser Gumbel 20 10.56 | 2064, 2089, 2096, 2099 338.17 TRUE
SSP245 Chhoser Gumbel 25 10.89 | 2064, 2096, 2099 338.17 TRUE
SSP245 Chhoser Gumbel 50 11.90 | 2096 338.17 TRUE
SSP245 Chhoser Gumbel 100 12.90 | None 338.17 TRUE
2042, 2048, 2064, 2069, 2071, 2077,
SSP245 Dhakarjhong GEV 10 15.24 | 2078, 2089, 2096, 2099 440.65 FALSE
SSP245 Dhakarjhong GEV 20 17.09 | 2064, 2089, 2096, 2099 440.65 FALSE
SSP245 Dhakarjhong GEV 25 17.68 | 2064, 2096, 2099 440.65 FALSE
SSP245 Dhakarjhong GEV 50 19.48 | 2064, 2096 440.65 FALSE
SSP245 Dhakarjhong GEV 100 21.28 | None 440.65 FALSE
2042, 2048, 2064, 2069, 2071, 2077,
SSP245 Dhakarjhong Gumbel 10 15.24 | 2078, 2089, 2096, 2099 438.50 TRUE
SSP245 Dhakarjhong Gumbel 20 17.09 | 2064, 2089, 2096, 2099 438.50 TRUE
SSP245 Dhakarjhong Gumbel 25 17.67 | 2064, 2096, 2099 438.50 TRUE
SSP245 Dhakarjhong | Gumbel 50 19.47 | 2064, 2096 438.50 TRUE
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Scenario Station Model Return Threshold Flood Years Fit_AICc | Preferred_
Period Model
SSP245 Dhakarjhong Gumbel 100 21.26 | None 438.50 TRUE
2032, 2064, 2068, 2071, 2077, 2083,
SSP245 Jomsom GEV 10 19.08 | 2093, 2094, 2096, 2097, 2099 489.46 FALSE
SSP245 Jomsom GEV 20 21.49 | 2071, 2077, 2097 489.46 FALSE
SSP245 Jomsom GEV 25 22.25 | 2071, 2077, 2097 489.46 FALSE
SSP245 Jomsom GEV 50 24.58 | 2071 489.46 FALSE
SSP245 Jomsom GEV 100 26.89 | None 489.46 FALSE
2032, 2064, 2068, 2071, 2077, 2083,
SSP245 Jomsom Gumbel 10 19.11 | 2093, 2094, 2096, 2097, 2099 487.32 TRUE
SSP245 Jomsom Gumbel 20 21.57 | 2071, 2077, 2097 487.32 TRUE
SSP245 Jomsom Gumbel 25 22.34 | 2071, 2077, 2097 487.32 TRUE
SSP245 Jomsom Gumbel 50 24.74 | 2071 487.32 TRUE
SSP245 Jomsom Gumbel 100 27.12 | None 487.32 TRUE
SSP245 Lete GEV 10 31.06 | 2000, 2001, 2004, 2013 199.87 FALSE
SSP245 Lete GEV 20 32.72 | 2000, 2001 199.87 FALSE
SSP245 Lete GEV 25 33.21 | 2000, 2001 199.87 FALSE
SSP245 Lete GEV 50 34.61 | None 199.87 FALSE
SSP245 Lete GEV 100 35.84 | None 199.87 FALSE
SSP245 Lete Gumbel 10 31.82 | 2000, 2001, 2004 198.98 TRUE
SSP245 Lete Gumbel 20 34.30 | 2000 198.98 TRUE
SSP245 Lete Gumbel 25 35.09 | None 198.98 TRUE
SSP245 Lete Gumbel 50 37.51 | None 198.98 TRUE
SSP245 Lete Gumbel 100 39.92 | None 198.98 TRUE
2042, 2068, 2069, 2071, 2077, 2080,
SSP245 Ranipauwa GEV 10 23.17 | 2089, 2096, 2097, 2099 499.00 FALSE
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Scenario Station Model Return Threshold Flood Years Fit_AICc | Preferred_
Period Model
SSP245 Ranipauwa GEV 20 26.72 | 2077, 2089, 2096 499.00 FALSE
SSP245 Ranipauwa GEV 25 27.93 | None 499.00 FALSE
SSP245 Ranipauwa GEV 50 31.94 | None 499.00 FALSE
SSP245 Ranipauwa GEV 100 36.37 | None 499.00 FALSE
2042, 2068, 2069, 2071, 2077, 2080,
SSP245 Ranipauwa Gumbel 10 22.58 | 2089, 2096, 2097, 2099 498.11 TRUE
SSP245 Ranipauwa Gumbel 20 25.14 | 2077, 2089, 2096, 2099 498.11 TRUE
SSP245 Ranipauwa Gumbel 25 25.95 | 2077, 2089, 2096 498.11 TRUE
SSP245 Ranipauwa Gumbel 50 28.45 | None 498.11 TRUE
SSP245 Ranipauwa Gumbel 100 30.94 | None 498.11 TRUE
2042, 2052, 2077, 2080, 2084, 2089,
SSP245 Samar Gaun GEV 10 17.32 | 2096,2097, 2099 440.03 FALSE
SSP245 Samar Gaun GEV 20 19.34 | 2042, 2089, 2096 440.03 FALSE
SSP245 Samar Gaun GEV 25 20.00 | 2089, 2096 440.03 FALSE
SSP245 Samar Gaun GEV 50 22.07 | 2096 440.03 FALSE
SSP245 Samar Gaun GEV 100 24.19 | None 440.03 FALSE
2042, 2052, 2069, 2077, 2078, 2080,
SSP245 Samar Gaun Gumbel 10 17.18 | 2084, 2089, 2096, 2097, 2099 438.07 TRUE
SSP245 Samar Gaun Gumbel 20 19.01 | 2042, 2077, 2089, 2096, 2099 438.07 TRUE
SSP245 Samar Gaun Gumbel 25 19.59 | 2089, 2096 438.07 TRUE
SSP245 Samar Gaun Gumbel 50 21.37 | 2096 438.07 TRUE
SSP245 Samar Gaun Gumbel 100 23.14 | None 438.07 TRUE
2068, 2069, 2071, 2077, 2083, 2084,
SSP245 Thakmarpha GEV 10 20.75 | 2089, 2094, 2096, 2097, 2098, 2099 473.43 FALSE
SSP245 Thakmarpha GEV 20 23.64 | 2077 473.43 FALSE
SSP245 Thakmarpha GEV 25 24.62 | 2077 473.43 FALSE

M. Sc. Thesis | Apechhya Aryal [ 2025 | 86




Scenario Station Model Return Threshold Flood Years Fit_AICc | Preferred_
Period Model
SSP245 Thakmarpha GEV 50 27.80 | None 473.43 FALSE
SSP245 Thakmarpha GEV 100 31.25 | None 473.43 FALSE
2032, 2068, 2069, 2071, 2077, 2083,
2084, 2089, 2094, 2096, 2097, 2098,
SSP245 Thakmarpha Gumbel 10 20.33 | 2099 472.48 TRUE
SSP245 Thakmarpha Gumbel 20 22.53 | 2068, 2071, 2077, 2099 472.48 TRUE
SSP245 Thakmarpha Gumbel 25 23.23 | 2077, 2099 472.48 TRUE
SSP245 Thakmarpha Gumbel 50 25.39 | 2077 472.48 TRUE
SSP245 Thakmarpha Gumbel 100 27.52 | None 472.48 TRUE
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Table D: SSP585 Flood Frequency Analysis

Scenario Station Model Return Thresho Flood Years Fit_AICc | Preferred_Model
Period 1d
2068, 2077,2078, 2080, 2081, 2084, 2085,
SSP585 Chhoser GEV 10 11.84 | 2092, 2093, 2094, 2098, 2100 403.50 FALSE
SSP585 Chhoser GEV 20 13.54 | 2068, 2092, 2093, 2098 403.50 FALSE
SSP585 Chhoser GEV 25 14.10 | 2068, 2092, 2098 403.50 FALSE
SSP585 Chhoser GEV 50 15.86 | 2092 403.50 FALSE
SSP585 Chhoser GEV 100 17.70 | None 403.50 FALSE
2068, 2077,2078, 2080, 2081, 2084, 2085,
SSP585 Chhoser Gumbel 10 11.69 | 2092, 2093, 2094, 2098, 2100 401.74 TRUE
SSP585 Chhoser Gumbel 20 13.17 | 2068, 2077, 2085, 2092, 2093, 2098 401.74 TRUE
SSP585 Chhoser Gumbel 25 13.63 | 2068, 2092, 2093, 2098 401.74 TRUE
SSP585 Chhoser Gumbel 50 15.07 | 2092 401.74 TRUE
SSP585 Chhoser Gumbel 100 16.50 | None 401.74 TRUE
2068, 2077,2078, 2080, 2081, 2084, 2085,
SSP585 Dhakarjhong | GEV 10 19.39 | 2092, 2093, 2094, 2098, 2100 504.74 FALSE
SSP585 Dhakarjhong | GEV 20 22.41 | 2068, 2092, 2093, 2098 504.74 FALSE
SSP585 Dhakarjhong | GEV 25 23.40 | 2068, 2092, 2098 504.74 FALSE
SSP585 Dhakarjhong | GEV 50 26.52 | None 504.74 FALSE
SSP585 Dhakarjhong | GEV 100 29.74 | None 504.74 FALSE
2068, 2077,2078, 2080, 2081, 2084, 2085,
SSP585 Dhakarjhong | Gumbel 10 19.15 | 2092, 2093, 2094, 2097, 2098, 2100 502.93 TRUE
SSP585 Dhakarjhong | Gumbel 20 21.80 | 2068, 2077, 2092, 2093, 2098, 2100 502.93 TRUE
SSP585 Dhakarjhong | Gumbel 25 22.65 | 2068, 2092, 2093, 2098 502.93 TRUE
SSP585 Dhakarjhong | Gumbel 50 25.24 | 2092 502.93 TRUE
SSP585 Dhakarjhong | Gumbel 100 27.82 | None 502.93 TRUE
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Scenario Station Model Return Thresho Flood Years Fit_AICc | Preferred_Model
Period 1d
2068, 2077,2078, 2080, 2081, 2092, 2093,
SSP585 Jomsom GEV 10 23.97 | 2094, 2097, 2100 545.02 FALSE
SSP585 Jomsom GEV 20 27.65 | 2068, 2077,2080, 2092, 2093, 2094 545.02 FALSE
SSP585 Jomsom GEV 25 28.84 | 2077, 2080, 2092, 2094 545.02 FALSE
SSP585 Jomsom GEV 50 32.57 | None 545.02 FALSE
SSP585 Jomsom GEV 100 36.39 | None 545.02 FALSE
2068, 2077, 2078, 2080, 2081, 2092, 2093,
SSP585 Jomsom Gumbel 10 23.75 | 2094, 2097,2100 543.04 TRUE
SSP585 Jomsom Gumbel 20 27.12 | 2068, 2077,2080, 2092, 2093, 2094 543.04 TRUE
SSP585 Jomsom Gumbel 25 28.18 | 2077,2080, 2092, 2094 543.04 TRUE
SSP585 Jomsom Gumbel 50 31.47 | None 543.04 TRUE
SSP585 Jomsom Gumbel 100 34.73 | None 543.04 TRUE
2068, 2078, 2087, 2092, 2093, 2094, 2096,
SSP585 Lete GEV 10 50.25 | 2098, 2099 636.76 FALSE
SSP585 Lete GEV 20 56.43 | 2078, 2087, 2092, 2093, 2094, 2096 636.76 FALSE
SSP585 Lete GEV 25 58.42 | 2078, 2087,2092, 2096 636.76 FALSE
SSP585 Lete GEV 50 64.65 | 2087,2092 636.76 FALSE
SSP585 Lete GEV 100 70.98 | None 636.76 FALSE
2068, 2078, 2087, 2092, 2093, 2094, 2096,
SSP585 Lete Gumbel 10 49.95 | 2098, 2099 634.74 TRUE
SSP585 Lete Gumbel 20 55.69 | 2078, 2087, 2092, 2093, 2094, 2096 634.74 TRUE
SSP585 Lete Gumbel 25 57.52 | 2078, 2087, 2092, 2096 634.74 TRUE
SSP585 Lete Gumbel 50 63.13 | 2087,2092, 2096 634.74 TRUE
SSP585 Lete Gumbel 100 68.71 | None 634.74 TRUE
2068, 2078, 2087, 2092, 2093, 2094, 2096,
SSP585 Ranipauwa | GEV 10 28.50 | 2099 561.82 FALSE
SSP585 Ranipauwa GEV 20 32.51 | 2078, 2087, 2092, 2093, 2096 561.82 FALSE
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Scenario Station Model Return Thresho Flood Years Fit_AICc | Preferred_Model
Period 1d
SSP585 Ranipauwa GEV 25 33.80 | 2078, 2087, 2092, 2096 561.82 FALSE
SSP585 Ranipauwa GEV 50 37.84 | 2087 561.82 FALSE
SSP585 Ranipauwa GEV 100 41.94 | None 561.82 FALSE
2068, 2078, 2087, 2089, 2092, 2093, 2094,
SSP585 Ranipauwa Gumbel 10 28.31 | 2096, 2099 559.79 TRUE
SSP585 Ranipauwa Gumbel 20 32.02 | 2068, 2078, 2087, 2092, 2093, 2096 559.79 TRUE
SSP585 Ranipauwa Gumbel 25 33.20 | 2078, 2087, 2092, 2096 559.79 TRUE
SSP585 Ranipauwa Gumbel 50 36.83 | 2087 559.79 TRUE
SSP585 Ranipauwa | Gumbel 100 40.44 | None 559.79 TRUE
2068, 2078, 2081, 2087, 2092, 2093, 2094,
SSP585 Samar Gaun | GEV 10 21.88 | 2096, 2098 509.89 FALSE
SSP585 Samar Gaun | GEV 20 24.88 | 2078, 2087, 2092, 2093, 2096, 2098 509.89 FALSE
SSP585 Samar Gaun | GEV 25 25.85 | 2087,2092, 2093, 2096 509.89 FALSE
SSP585 Samar Gaun | GEV 50 28.89 | 2092 509.89 FALSE
SSP585 Samar Gaun | GEV 100 32.00 | None 509.89 FALSE
2068, 2078, 2081, 2087, 2092, 2093, 2094,
SSP585 Samar Gaun | Gumbel 10 21.70 | 2096, 2098 507.92 TRUE
SSP585 Samar Gaun | Gumbel 20 24.44 | 2068, 2078, 2087, 2092, 2093, 2096, 2098 507.92 TRUE
SSP585 Samar Gaun | Gumbel 25 25.31 | 2078, 2087, 2092, 2093, 2096, 2098 507.92 TRUE
SSP585 Samar Gaun | Gumbel 50 27.99 | 2092 507.92 TRUE
SSP585 Samar Gaun | Gumbel 100 30.66 | None 507.92 TRUE
2068, 2078, 2087, 2092, 2093, 2094, 2096,
SSP585 Thakmarpha | GEV 10 26.19 | 2098, 2099 547.07 FALSE
SSP585 Thakmarpha | GEV 20 29.95 | 2078, 2087, 2092, 2093, 2094, 2096 547.07 FALSE
SSP585 Thakmarpha | GEV 25 31.17 | 2087,2092, 2096 547.07 FALSE
SSP585 Thakmarpha | GEV 50 35.00 | None 547.07 FALSE
SSP585 Thakmarpha | GEV 100 38.92 | None 547.07 FALSE
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Scenario Station Model Return Thresho Flood Years Fit_AICc | Preferred_Model
Period 1d
2068, 2075, 2078, 2087, 2092, 2093, 2094,
SSP585 Thakmarpha | Gumbel 10 25.96 | 2096, 2098, 2099 545.11 TRUE
SSP585 Thakmarpha | Gumbel 20 29.36 | 2078, 2087, 2092, 2093, 2094, 2096 545.11 TRUE
SSP585 Thakmarpha | Gumbel 25 30.44 | 2078, 2087, 2092, 2096 545.11 TRUE
SSP585 Thakmarpha | Gumbel 50 33.77 | 2087, 2092, 2096 545.11 TRUE
SSP585 Thakmarpha | Gumbel 100 37.08 | None 545.11 TRUE
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Abstract

Climate change has significantly intensified extreme weather events worldwide, with drought emerging as one of the most severe
threats to water security, agriculture, and livelihoods, particularly in arid and semi-arid regions. These regions experience prolonged
dry spells due to limited precipitation and rising temperatures, exacerbating socio-economic vulnerabilities. Mustang, Nepal, situated
in the trans-Himalayan rain-shadow region, is especially prone to prolonged droughts due to its unique geographical and climatic
conditions. The region receives minimal annual precipitation, and increasing temperatures have further amplified the frequency and
severity of drought events, posing significant challenges to local communities that rely on traditional farming and livestock rearing.
This study evaluates historical and future drought conditions in Mustang using the Standardized Precipitation Index (SPI) and
bias-corrected simulations from CMIP6 climate models. Historical drought patterns from 1980 to 2014 are analyzed using observed
meteorological data to assess changes in drought frequency, duration, and intensity. These findings are then compared with future
projections under the SSP2-4.5 and SSP5-8.5 climate scenarios to understand how drought characteristics may evolve over time.
The analysis reveals a noticeable increase in severe and extreme drought events, particularly in the latter half of the 21st century,
with a pronounced intensification after 2050. Under higher emission scenarios, drought durations are projected to lengthen, and the
frequency of consecutive dry years is expected to rise, leading to greater water stress for agriculture, ecosystems, and human
settlements. Additionally, policymakers should prioritize long-term climate adaptation planning, including early warning systems and
community-based water governance frameworks, to ensure sustainable water availability in the face of increasing climate variability.
By integrating scientific research with local adaptation efforts, it is possible to enhance the resilience of Mustang’s communities and

Keywords

ecosystems to the growing threats posed by climate change-induced droughts.

Drought assessment, CMIP6 projections, Standardized Precipitation Index (SPI),Himalayan climate variability

1. Introduction

Climate change is characterized by long-term trends in
temperature, precipitation, atmospheric pressure, and
humidity, along with other environmental factors that
influence weather patterns over extended periods[1]. Climate
change is driving an increase in extreme weather conditions
worldwide, with drought emerging as one of the most severe
and persistent threats to water security, ecosystems, and
livelihoods[2]. The impacts of drought are particularly
pronounced in arid and semi-arid regions, where shifts in
precipitation patterns and rising temperatures exacerbate
water scarcity. [3].In the Himalayas, climate variability has led
to significant changes in temperature and precipitation,
intensifying drought conditions in high-altitude regions such
as Mustang [4]. Droughts, unlike sudden disasters such as
floods or landslides, develop over time, making them difficult
to predict and manage. They disrupt agriculture, reduce water
availability, and threaten biodiversity, making them a critical
concern for communities that depend on natural water
sources [5]. Floods and droughts are among the major natural
hazards in the Himalayan region. According to a report by the
Intergovernmental Panel on Climate Change (IPCC), the
increasing frequency and intensity of these events will further
exacerbate rural poverty in parts of Asia[6]. The increasing
frequency and severity of droughts highlight the urgent need

for better monitoring and adaptation strategies to mitigate
their long-term effects [7]. Despite contributing just 0.025
percent of global greenhouse gas (GHG) emissions, Nepal
faces disproportionate climate change impacts, particularly in
its mountainous and rain-shadow regions [8]. Extreme
weather conditions and water resource scarcity affect arid and
semi-arid regions[9]. Drought is generally viewed as a
sustained and regionally extensive occurrence of appreciably
below-average natural water availability, either in the form of
precipitation, surface water runoff, or ground water[10]. The
consequences of prolonged drought in Mustang are severe,
leading to environmental degradation, reduced agricultural
productivity, and increased water stress. The Dhye village
people are recognized as Nepals first climate
refugees,historical records indicate that mass migration from
Dhye has occurred three times, with the most recent
displacement directly linked to climate change. Similarly, in
Samdzong village, unreliable irrigation due to drought led to
failed crops and dying livestock, forcing 17 households (86
residents) to relocate to a new settlement named
"Namashung," meaning green meadow [11]. Erratic
precipitation patterns further complicate drought conditions
in Mustang. While the region experiences prolonged dry
periods, occasional extreme rainfall events trigger flash floods
due to the dry, compacted soil’s inability to absorb sudden
water inflows [12]. This phenomenon, known as the
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drought-to-flood transition, poses additional challenges for
water management and disaster preparedness. Despite the
severity of these impacts, research on drought in Nepal’s
high-altitude regions remains limited, with most studies
focusing on flood hazards [13]. Drought presents a prolonged
and equally devastating threat to water security, agriculture,
and human settlements.

2. Methods and Methodology

2.1 Study Area

A NEPAL
el
ol

Mustang

0 75 150 225km'
———

8200 84.00 86.00 88.00

Latitude: 28° 33' 52.2" to 29° 19" 52.5"
Longitude 83° 28" 44.4" to 84° 15' 6.16"
Average elevation: 4,938 m

Minimum elevation: 2,335 m
Maximum elevation: 8,142 m

30 km

Figure 1: Location of Study Area

The climate and weather patterns of Mustang, Nepal, are
heavily influenced by its position in the shadow of the
Himalayan rains, creating a high-altitude desert environment.
The region is known for its cold and dry climate, with annual
precipitation often less than 300 mm, most of which occurs
during the monsoon season [14]. Winters are severe, with
temperatures frequently falling below freezing, while
summers are milder but remain arid. The landscape, marked
by rugged cliffs, deep canyons, and limited vegetation, reflects
the extreme weather conditions. However, climate change is
increasingly disrupting these patterns, leading to significant
environmental and socio-economic challenges.In recent
decades, Mustang has experienced irregular rainfall, extended
droughts, and unpredictable snowfall, which has disturbed its
fragile ecosystems. These changes have reduced water
availability and affected agricultural practices, which are vital
for local livelihoods [15]. The retreat of glaciers in the
Himalayas has further intensified the scarcity of water,
affecting both natural habitats and human communities. In
addition, extreme weather events, such as unseasonal storms
and flash floods, have become more frequent, increasing the
risk of landslides and soil erosion. These events endanger
infrastructure, homes and the rich cultural heritage of the
region, including ancient caves and monasteries [16].

2.2 Research Problem and Objectives

Despite the growing evidence of drought-related impacts in
high-altitude regions like Mustang, there is a lack of focused
research addressing the drivers, patterns, and local responses

to drought. The region’s vulnerability is intensified by limited
water infrastructure, fragile ecosystems, and high dependence
on climate-sensitive livelihoods.

Research Objectives:

1.To analyze long-term trends and variability in precipitation
and temperature in Mustang District.

2.To assess the severity, frequency, and spatial extent of
droughts in the region.

Figure 2: New settlement that was built on Namasungh for
the relocation from Samdzong.
Source:https://thehimalayantimes.com/nepal/prolonged-
drought-hits-mustang-locals-hard

2.3 Methodology

Observed Data from DHM APHRODITE

‘ Raw data(Rainfall) ’

Select Bias
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Figure 3: Methodology
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2.4 Data
2.4.1 Observed Data

This study investigates historical climate trends in Mustang,
Nepal, using data from eight observation stations carefully
chosen for their extensive records, completeness, and wide
geographic distribution. These stations offer a well-rounded
representation of the region’s diverse climatic conditions.
Monthly precipitation records from 1980 to 2014 were
obtained from the Department of Hydrology and Meteorology
(DHM), Government of Nepal. To ensure data reliability, a
homogeneity test was performed to detect inconsistencies or
missing values. Any data gaps were addressed using
APHRODITE, improving consistency and precision. The
selected stations provide a representative sample that
contributes to a comprehensive understanding of climate
patterns in Mustang.

2.4.2 Model Simulations

This study uses six bias-corrected climate models CMIP6
specifically designed for Nepal, with a uniform spatial
resolution of 0.25° x 0.25°. The bias correction approach,
developed by[17], integrates observational data from various
sources, including meteorological station measurements
across South Asia. For regions outside India, additional
reference data from[18] were incorporated.

A detailed description of the selected models is provided in
Table 1, with additional data set information accessible
through the reference source.The selected six models are
based on shared socioeconomic pathways (SSPs) and consider
two climate scenarios: SSP245 (moderate emissions) and
SSP585 (high emissions) [19]. SSP2-4.5 reflects a
"middle-of-the-road" scenario with moderate population
growth, economic development, and emissions peaking
around 2040 before declining. It leads to about 2.5-3°C
warming by 2100. In contrast, SSP5-8.5 assumes continued
fossil fuel use and limited climate policies, with emissions
rising throughout the century, potentially causing over 4°C
warming. The dataset includes historical climate data from
1980 to 2014 and projections from 2025 to 2100. Although
these models initially varied in spatial resolution, bias
correction has standardized all datasets to a 0.25° resolution,
ensuring consistent coverage across six South Asian
countries—Bangladesh, Bhutan, India, Nepal, Pakistan, and
Sri Lanka. In addition, an ensemble mean dataset derived
from these six CMIP6 models has been used to assess
precipitation patterns and calculate the drought index (Table
1). Historical and projected CMIP6 climate simulations were
obtained from
https://zenodo.orgl/records/3873998.YKOjiqgzY2w.

2.4.3 Calculation of SPI

Many drought indices have been developed for the calculation
of drought using different climatic parameters such as
precipitation, temperature, and evaporation[20].In this study,
we use the Standardized Precipitation Index (SPI) to assess
drought conditions based on precipitation data. The
standardized precipitation index (SPI) is one of the most
widely used indexes [21]. The popularity of the SPI is founded

Spatial
Resolution
Native Spatial . Historical Projection
Model Name A After Bias . .
Resolution (°) . Period Period
Correction
)
ACCESS-ESM1-5 | 1.25 x 1.875 0.25x0.25 | 1980-2014 | 2025-2100
EC-Earth3 0.701 x 0.703 0.25x0.25 | 1980-2014 | 2025-2100
EC-Earth3-Veg 0.701 x 0.703 0.25x0.25 | 1980-2014 | 2025-2100
MPI-ESM1-2-HR | 0.935 x 0.937 0.25x0.25 | 1980-2014 | 2025-2100
MPI-ESM1-2-LR | 1.865 x 1.875 0.25x0.25 | 1980-2014 | 2025-2100
MRI-ESM2-0 1.1215x1.125 | 0.25x0.25 | 1980-2014 | 2025-2100

Table 1: Selected GCM

on the simplicity of the calculation procedure and the
perceived spatial comparability of index values[22] SPI uses
precipitation records accumulated on different time scales,
usually 1 to 48 months, to develop a probabilistic assessment
of extreme conditions relative to climatology [23]. The SPI
calculation follows the methodology described by [24], which
standardizes precipitation values over a given time scale by
fitting them to a probability distribution. For SPI computation,
we fit the monthly precipitation series(P;)to a gamma
distribution and then transform it into a standard normal
distribution. This approach ensures that SPI values follow a
normal distribution with a mean of zero and a standard
deviation of one. SPI values can be both positive and negative,
with positive values (SPI 1) indicating wetter-than-normal
conditions and negative values (SPI 1) representing
drier-than-normal conditions. A threshold of 1 is used to
identify drought conditions are categorized into three levels:

* Moderate drought: 1.5 < SPI 1
 Severe drought: 2.0 < SPI 1.5
* Extreme drought: SPI Greater than 2.0

3. Result

3.1 Observed and Historical Drought Condition

The temporal variation of SPI-1 over Nepal at different
timescales (1-12 months) for both observed and historical
datasets during 1980-2014 is shown in Figures 4 and 5. The
seasonal drought cycle captured in the heat maps reveals
alternating wet and dry periods, with significant drought
events occurring in the late 1980s, early 1990s, and post-2005
periods. Both observed and historical datasets show recurring
drought conditions, particularly between 1990-1993 and after
2005. However, the historical dataset (Figure 5) displays more
pronounced drought events, with extreme negative SPI values
occurring in 1980-1985, 1990-1993, and post-2005. The
observed dataset (Figure 4) also captures these dry spells but
with slightly lower intensity, suggesting a potential
underestimation of extreme drought severity in the historical
dataset. The scatter plot (Figure 6) compares SPI values from
observations and CMIP6 historical data, showing a moderate
positive correlation(R? = 0.46, p < 0.01). This indicates that
while the CMIP6 historical dataset captures overall drought
trends, it exhibits significant deviations, particularly
underestimating  mild-to-moderate  droughts  while
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exaggerating some extreme events. The spread of points
around the 1:1 line highlights these discrepancies, suggesting
biases in CMIP6 drought simulations. The SPI-1 variations
indicate that Nepal experienced wet conditions between
1998-2004 and dry conditions between 1990-1993 and after
2005. The frequency and severity of droughts have increased,
with major events recorded in 1992, 1994, 2005, 2006, 2009,
and 2012. Compared to observations, the historical dataset
underestimated drought duration and severity, but
overestimated drought frequency, suggesting a bias towards
capturing shorter but more frequent dry spells.
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Figure 6: Correlation Calculation

3.1.1 Projected Drought Condition

Future climate projections under SSP2-4.5 and SSP5-8.5
scenarios indicate an increasing trend in drought frequency,
severity, and duration across Nepal. The SPI-1 heatmaps for
the 21st century (Figures 7 and 8) shows a clear shift towards
drier conditions, with more frequent extreme droughts
projected under the high-emission scenario (SSP5-8.5). The
results suggest that the early 21st century (2025-2060) will
experience more severe and prolonged droughts than the late
21st century (2061-2100). Under SSP2-4.5 (Figure 7), drought
events remain persistent, though slightly less intense
compared to SSP5-8.5 (Figure 8). The projected extreme
drought frequency is 3.7However, SSP5-8.5 (Figure 8) projects
more intense and prolonged droughts, with extreme SPI
anomalies reaching -4.43 by the late 21st century. The
frequency of drought events is expected to peak around
2040-2055, coinciding with a projected decline in
precipitation and rising temperatures. The cumulative SPI
frequency distributions confirm that moderate to extreme
drought conditions will become more common, particularly
in the premonsoon and winter seasons, when water
availability is already limited.
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4. Discussion

The results of this study underscore the growing vulnerability
of Mustang, Nepal, to worsening drought conditions, both in
terms of historical trends and future projections. Historical
SPI trends indicate that Mustang has experienced multiple
severe drought episodes, particularly during the late 1980s,
early 1990s, and post-2005 periods. Although both observed
and modeled data show similar patterns, the CMIP6 models
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tend to overestimate extreme droughts while underestimating
milder dry periods. This discrepancy suggests that while the
models effectively capture broader drought trends, certain
biases remain, especially in representing the full range of
drought intensity. The social and environmental impacts of
these historical droughts have been profound. Communities
in Mustang, such as Dhye and Samdzong, have already faced
forced migration due to prolonged drought conditions,
making them some of Nepal's first climate refugees.
Additionally, erratic precipitation patterns, including
unexpected heavy rainfall, have led to rapid drought-to-flood
transitions, complicating water resource management in the
region.Looking ahead, climate projections for Mustang
indicate an even more challenging scenario. Under both
SSP2-4.5 and SSP5-8.5 emission pathways, the frequency and
intensity of droughts are expected to increase significantly.
The increasing severity of droughts will further strain
Mustang’s limited water resources, posing a serious threat to
agriculture, biodiversity, and local communities. Reduced
precipitation, coupled with rising temperatures, will
exacerbate soil moisture deficits, making traditional farming
methods unsustainable. The growing unpredictability of
precipitation patterns will also make it harder for
communities to plan agricultural cycles and manage water
resources efficiently. Beyond climate change, several natural
and human-induced factors also contribute to Mustang’s
drought vulnerability. Located in the rain shadow of the
Himalayas, Mustang receives minimal annual rainfall due to
the obstruction of monsoon clouds by mountain ranges. The
region’s natural aridity is compounded by limited water
infrastructure and inefficient traditional irrigation systems,
which further exacerbate water scarcity.  Additionally,
overgrazing and land degradation reduce soil moisture
retention, while drying springs and unsustainable agricultural
practices strain water availability. The expansion of tourism
and infrastructure development has also led to increased
water demand, adding pressure to the region’s fragile water
system.

Implications for Adaptation and Mitigation Strategies Given
the anticipated increase in drought conditions, there is an
urgent need for proactive adaptation measures to protect the
water security of Mustang and agricultural sustainability.
Potential strategies include:

¢ Enhancing Water Conservation and Storage Systems:
Rainwater harvesting, improved reservoir capacity, and
efficient irrigation technologies can help mitigate water
shortages.

e Promoting Climate-Resilient Agriculture: Shifting
towards drought-resistant crop varieties and
sustainable farming techniques will be crucial in
adapting to prolonged dry spells.

e Strengthening Community-Based Adaptation Initiatives:
Local knowledge and traditional water management
practices should be integrated into climate resilience
policies.

* Advancing Climate Policy and Regional Cooperation:
Addressing long-term drought risks requires national
and international collaboration on climate adaptation
and mitigation strategies.

5. Conclusion

This study provides critical insights into the evolving drought
conditions in Mustang, Nepal, by analyzing historical and
future SPI trends using CMIP6 models. The results indicate
that Mustang has already experienced significant drought
events, with an increasing trend projected for the coming
decades. Under both moderate and high emissions scenarios,
drought frequency, severity, and duration are expected to
worsen, posing a serious threat to water availability,
agriculture, and local livelihoods. Given the increasing risks
associated with climate-induced aridity, immediate action is
required to develop sustainable water management practices
and climate adaptation strategies. The findings emphasize the
necessity of integrating scientific research, policy
interventions, and community-based resilience-building
measures to mitigate the long-term impacts of drought in
Mustang and similar high-altitude regions. Future research
should focus on improving the accuracy of climate models,
assessing socio-economic vulnerabilities, and developing
integrated solutions for sustainable water resource
management in Nepal’s trans-Himalayan region.
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