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Abstract

The Eastern Himalayas, considered one of the most tectonically active and climate-
sensitive mountain systems globally, have experienced a rapid increase in the number of glacial
lakes over the past thirty years. This trend is driven by accelerated glacier retreat, changing
precipitation patterns, and unregulated human activities. Such transformations significantly
amplify the risk of Glacial Lake Outburst Floods (GLOFs), which pose severe threats to
downstream communities, infrastructure, and ecosystems by releasing large volumes of water
and debris. Current risk assessments often depend on a limited set of glaciological and
hydrological parameters. They tend to underrepresent the impact of geomorphic, seismic, and
multi-hazard factors, and rarely incorporate the quantification of predictive uncertainty. These
limitations reduce their effectiveness for decision-making in high-mountain environments that

are characterised by scarce data and ongoing dynamism.

This thesis develops a unified, probabilistically informed framework for GLOF hazard and
risk assessment in the Eastern Himalayas, integrating geomorphological interpretation, deep
learning, multi-criteria decision analysis, and Bayesian inference in a sequential manner. For
the selected study area in the Eastern Himalaya, a total of 12,968 gridded open-source images
are derived from Google Earth. The work predicts the probability of glacial lake formation
(PGLF), targeting the shortcomings of climate-dominated models that neglect
geomorphological controls. Erosional features — cirques, valleys, flow channels, retreating
glaciers, and neighbouring lakes — were combined with topographic parameters such as
elevation, slope, and curvature, derived from high-resolution Google Earth imagery and shuttle
radar topography mission (SRTM) 30 m digital elevation model (DEM) data within a 3 x 3
neighbourhood grid. Logistic Regression (LR), Artificial Neural Networks (ANNs), and
Bayesian Neural Networks (BNNs) are evaluated, with the BNN achieving the highest
accuracy (AUC = 0.878) while quantifying both aleatoric and epistemic uncertainties (1073 to
10~%). Spatial probability maps highlight glacier fore-fields and cirque basins as key formation

hotspots, establishing a geomorphology-driven baseline for subsequent hazard assessment.

Building on these predicted glacial lake formation sites, the second component focuses on
automating the detection and hazard classification of existing lakes and erosional features — a
process traditionally reliant on labour-intensive manual mapping. An EfficientNet-B0
convolutional neural network (CNN) is trained on labelled Google Earth imagery (2015 —
2022) and tested on 12,968 image tiles, achieving intersection-over-union (IoU) scores above
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0.88 for all feature classes. The CNN identified 2,647 glacial lakes in the region, which were
then classified using a heuristic hazard scoring system into 235 extremely dangerous, 357 very
highly dangerous, 175 highly dangerous, 1,269 moderately dangerous, 99 low dangerous, and
512 non-dangerous lakes. It also pinpointed 174 geomorphically suitable locations for future
lake development, facilitating proactive monitoring and aiding the shift from potential to actual

hazard realisation.

The third component advances from hazard identification to deterministic risk assessment
by incorporating a broader range of hazard drivers that have been largely absent from previous
models — specifically, seismic and landslide factors. Thirteen parameters, including lake
morphometry, proximity to active faults, seismic exposure, landslide occurrence, historical
GLOF events, land cover, and anthropogenic exposure, were integrated into a hybrid Multi-
Criteria Decision Analysis (MCDA) framework. Parameter weights were derived through a
combination of Analytic Hierarchy Process (AHP) and SE, fused using Kullback—Leibler (KL)
divergence to balance expert knowledge with data-driven variability. The Technique for Order
Preference by Similarity to Ideal Solution (TOPSIS) and Fuzzy C-Means (FCM) clustering
classified 432 lakes as low-risk, 368 as moderate-risk, 227 as high-risk, and 117 as very high-

risk, with 95.1% of classifications exceeding 80% confidence.

Recognising that deterministic classifications do not convey uncertainty essential for
decision-making, the final component transforms the framework into a probabilistic domain.
A BNN was trained on 14 parameters encompassing geomorphology, topography, hazard
proximity, climatic extremes, and anthropogenic exposure. Bayesian hyperparameter
optimisation achieved 93.4% classification accuracy, with predictive variance below 0.1 for
87.77% of lakes and no case exceeding 0.164. The resulting probabilistic maps revealed that
very high-risk lakes are often large, high-elevation proglacial bodies situated near active faults,
landslide-prone slopes, and hydropower infrastructure, where seasonal and monsoonal

variability amplifies hazard potential.

By progressing from predicting where lakes are likely to form to automated mapping and
hazard classification of existing lakes, multi-hazard deterministic risk assessment, and finally
uncertainty-aware probabilistic modelling, this thesis delivers the most comprehensive GLOF
risk framework to date for the Eastern Himalayas. The results identify spatial hotspots, quantify

confidence levels, and provide a transferable methodology for other high-mountain regions

viii
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where field-based observation is constrained, thereby supporting targeted monitoring, early

warning systems, and climate-resilient infrastructure planning.
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Chapter 1

Introduction

1.1 Background

Glaciers are substantial masses of ice that move under the influence of gravity due to their
own weight. They form as a result of snow accumulation, primarily in high-latitude and high-
altitude regions (Cuffey et al., 2010). Presently, glaciers occur on every continent except
Australia and are distributed across both polar and high-mountain regions. The largest ice
masses are located in Antarctica and Greenland, while substantial glacier coverage also exists
in the Arctic regions of Canada, Alaska, Iceland, Svalbard, and the Russian High Arctic.
Outside the polar zones, major mountain glacier systems persist in the European Alps,
Scandinavia, the Caucasus, the Andes, East Africa, New Zealand, and High Mountain Asia,
including the Himalaya—Karakoram—Tibetan Plateau region. Together, these glacierized areas
cover approximately 14.9 million square kilometres, representing nearly 10% of the Earth's
land surface (Flint, 1971; Hamlet et al., 1999; Meier et al., 1996; Rignot et al., 2019; Vaughan
et al., 2014). More than 95% of the glaciated area is situated in the polar region (Dyurgerov et
al., 2005). Glaciers in non-polar regions support ecosystems involving large populations in
many countries. Lakes or glacial water in rivers are the major source of fresh water for fulfilling
the needs of the ecosystem, and various activities of agriculture, industry, hydro-power plants,
wildlife and domestic works (Barnett et al., 2005; Bolch, 2017; Kaser et al., 2010). For
example, during the summer months, precipitation in Central Asia and South Asia is
insufficient to meet the water demands for irrigation, domestic use, cattle farming, and other
activities. In such circumstances, mountain glaciers serve as a crucial water source for a

substantial population and act as a vital resource (Bolch, 2017).

In recent decades, the Earth's temperature has increased at an unprecedented rate, primarily
due to the rapid emission of greenhouse gases (carbon emissions) resulting from accelerated
industrialisation, deforestation, heightened vehicle pollution, and other anthropogenic
activities. As a consequence, glaciers worldwide have been retreating at an accelerated pace
since the 20th century. For example, the Siachen Glacier (located in the Eastern Karakoram
region, Gangotri, Himachal, Chenab, Parbati, and Baspa basins of the Western Himalaya), the
glaciers of the Qinghai-Tibetan Plateau in China, and the northern slope of Qomolangma

(Mount Everest) are exhibiting retreat rates ranging from 5 meters per year to 27 meters per
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year (Prasad et al., 2009). In the future, glacier retreat is expected to accelerate primarily as a
consequence of climate change, including rising temperatures, alterations in precipitation
patterns, and increasing anthropogenic activities (Barandun et al., 2022; Chaturvedi et al.,

2014; Immerzeel et al., 2012; Lutz et al., 2014; Shea et al., 2015).

Glacier retreat is a fundamental driver in the evolution of high-altitude hydrological
systems and geomorphic processes. The progressive down wasting and frontal retreat of
glaciers create depressions in the surrounding topography, which gradually evolve into
proglacial or supraglacial cavities (Gardelle et al., 2011; Shrestha et al., 2010; Wessels et al.,
2002). As meltwater accumulates within these depressions, they develop into glacial lakes,
whose size and depth increase in response to sustained glacier retreat and enhanced ablation
(Carrivick et al., 2016; Richardson et al., 2000). Over time, the hydrodynamic balance of these
lakes is determined by the inflow from glacial melt, precipitation, and ice or snow avalanches,
against the storage capacity of the natural dam, typically composed of unconsolidated moraine

or ice-cored sediments.

When inflows exceed the hydraulic or structural capacity of the impounding barrier, either
by gradual overtopping or sudden failure, the integrity of the lake dam can be compromised.
The most common failure mechanisms include piping, slope instability of the dam material,
ice-core melting, and shear failure triggered by hydrostatic pressure (Emmer et al., 2016;
Westoby et al., 2014). Such failures release large volumes of water and entrained debris in a
highly energetic process known as a Glacial Lake Outburst Flood (GLOF). These events can
mobilize enormous quantities of sediment and boulders, often producing destructive floods that
propagate rapidly downstream, damaging infrastructure, agriculture, and human settlements

(Gurung et al., 2017; Sattar et al., 2021).

GLOFs may be triggered by a range of external and internal processes. External triggers
include seismic shaking, landslides or rockfalls into the lake, ice and snow avalanches, and
extreme meteorological events that accelerate glacier melt (Allen et al., 2016; Richardson et
al., 2000). Internal processes such as moraine degradation, permafrost thaw, and freeze—thaw
cycling weakens the dam and supply loose sediment to the valley system. Although sediment
input can influence lake stability, the presence of easily erodible material within the moraine
and along the downstream valley floor largely controls the erosive and transport capacity of
the resulting flood. Once a breach develops, this sediment is quickly entrained, which enhances
the geomorphic impact and downstream hazard (Haeberli et al., 2017).

2
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In parallel with these physical processes, the exposure of downstream populations to
GLOFs has increased in recent decades. Settlements, hydropower facilities, road networks, and
tourism infrastructure are expanding into higher-altitude valleys. Many of these developments
lie close to potential GLOF flow paths and narrow mountain corridors where flood energy
remains high. Recent global assessments estimate that more than nine million people across
High Mountain Asia live within zones that could be affected by GLOFs, making the region one
of the world’s most exposed mountain systems (Taylor et al., 2023). Similar patterns have been
documented in Nepal, where approximately 1.5 million people reside within 3 km downstream
of moraine-dammed lakes (Chen et al., 2025). This upward expansion of human activity,
combined with rapid lake growth, underscores that GLOF risk is shaped not only by changing
glacier dynamics but also by the evolving distribution of people, livelihoods, and critical

infrastructure in these vulnerable downstream corridors.

Understanding these processes requires situating GLOFs within broader hazard and risk
frameworks. Hazard is defined as a process, phenomenon, or human activity that may cause
loss of life, injury or other health impacts, property damage, social and economic disruption,
or environmental degradation (United Nations Office for Disaster Risk, 2017). Hazards are
commonly characterised by attributes such as their location, intensity or magnitude, frequency,
and probability (United Nations Office for Disaster Risk, 2017). Risk, by contrast, emerges
from the interaction of hazards with the exposure and vulnerability of human or ecological
systems. Here, exposure refers to the presence of people, infrastructure, economic activities, or
ecosystems in locations that may be adversely affected by a hazard. Vulnerability represents
the propensity or predisposition of exposed elements to be harmed, and reflects physical, social,
economic, and environmental conditions that influence their sensitivity and capacity to cope.
Consistent with the [PCC AR6 framework, risk refers to the potential for adverse consequences
and is conceptualised as a function of hazard, exposure, and vulnerability (Intergovernmental

Panel on Climate, 2023).

Within this context, GLOFs represent one of the most severe cryosphere hazards in high
mountain environments. Their increasing frequency and magnitude—driven by accelerated
glacier retreat under contemporary climate change—pose escalating risks to downstream
communities, ecosystems, and infrastructure across the Himalaya, Andes, and other glacierized

regions worldwide.
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These changing exposure patterns have also shifted the nature of impacts associated with
GLOFs. Even moderate-sized GLOFs can cause severe damage when they intersect densely
settled valleys or major infrastructure such as hydropower plants, bridges, and highways.
Events such as the 1985 Dig Tsho flood in Nepal and the 2023 South Lhonak GLOF in Sikkim
illustrate how downstream development amplifies the consequences of lake failures (Vuichard
et al., 1987; Zhang et al., 2025). As development continues to expand into steep terrain and
valley floors, regional exposure is projected to increase, heightening the need for integrated
assessments that consider both physical hazard characteristics and the spatial distribution of

exposed communities.

Since 1990, there has been a significant global increase in the number of glacial lakes by
53%. Additionally, the areas and volumes (sizes) of these lakes have expanded by 51% and
48%, respectively (Shugar et al., 2020). These scenarios are further increasing the triggering
frequency of GLOF events, which are very dangerous for human beings and the environment
due to their high speed and potential along the flow path. For instance, based on remote sensing
and geomorphological analysis, Cenderelli et al. (2003) find that the GLOF discharges are 7 to
60 times greater than normal floods derived from snowmelt runoff, glacier meltwater, and
monsoonal precipitation. This high discharge resulted in specific stream power values ranging
from as low as 1900 W/m? in wide, low-gradient valley segments to as high as 51,700 W/m? in
narrow, high-gradient valley segments bounded by bedrock. Simultaneously, GLOF
significantly modifies the channels and valleys by eroding, transporting, and depositing large
quantities of sediment along the flood routes. These transformations channelize the spatial

transformation and evolution of glacial lakes at lower elevations.
1.2 Motivation

Accelerating retreat of glaciers under contemporary climate change is contributing to the
rapid formation and expansion of glacial lakes, particularly in the Eastern Himalayas (Kaushik
etal., 2024; Shugar et al., 2020; Siddique et al., 2023; Wang et al., 2015). Observations indicate
that smaller lakes expand at higher rates compared to larger ones, reflecting complex feedback
between glacial melt, geomorphology, and hydrology. For example, Bolch et al. (2011)
recorded an increase in lakes from 66 to 132 in the Northern Tien Shan region of China between
1970 and 2007. Similarly, Raj et al. (2013) identified 85 new lakes forming in the Sikkim
Himalaya, raising the total from 266 to 320 from 2003 to 2010. Kumar et al. (2020) observed
that glacial lakes grew from 215 to 255 between 2002 and 2017. Likewise, Ahmed et al.
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(2021a) noted an increase from 253 lakes in 1990 to 322 in 2018, with a growth rate of 21.4%.
This rising number of glacial lakes presents notable hazards, as demonstrated by the increasing
frequency of GLOFs in the Himalayas during recent decades (Nie et al., 2021). Importantly,
the Eastern Himalaya shows the highest concentration of such events, with GLOF frequency
reported to be nearly three times higher than in other Himalayan sectors (Veh et al., 2020). An
example of such destruction is the 1985 Dig Tsho GLOF in the Nepal Himalaya, which resulted
in multiple fatalities and extensive damage over an area of more than 60 km downstream. The
flood destroyed the Namche hydropower plant, located about 12 km from the lake, significantly
impacting the livelihoods and survival of the local population (Vuichard et al., 1987). Another
case is South Lhonak Lake in Sikkim, India, known as one of the fastest-growing glacial lakes
in the region, which experienced a catastrophic outburst in October 2023. This event led to the
destruction of the Teesta III Dam (see Figure 1.1) and caused widespread downstream damage

(Sattar et al., 2021; Sharma et al., 2018).

ez :
TEESTA 3 DAMAK& e
BEFORE & AFTER gme™

Figure 1.1: Pre and Post GLOF condition of Teesta 3 Dam as indicated by before and
after flood image (Source: SANDRP (2023)).

Another recent incident occured in August 2024, when the Sangnga Nehgu Lake in Tawang

district, Arunachal Pradesh, experienced a glacial lake outburst flood (GLOF) resulting from
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rapid glacier melt, which washed away vital infrastructure such as log bridges and caused

damage to traditional Brokpa pathways.

The vulnerability of the Eastern Himalayas to glacial lake outburst floods (GLOFs) is
shaped by a combination of climatic, geomorphological, and tectonic factors. Beyond the well-
established influence of climate change on glacier retreat, the region’s susceptibility is
compounded by its geodynamic setting. The ongoing convergence of the Indian and Eurasian
plates, with the Indian plate advancing northward at an estimated rate of ~45 mm yr', generates
one of the most seismically active continental collision zones globally (Bilham et al., 2001;
Bilham et al., 2017; Kumar et al., 2019; Liu et al., 2020; Molnar et al., 1975; Afroz Ahmad
Shah, 2013). This tectonic interaction drives crustal shortening, uplift, and frequent seismicity,
which in turn impose substantial destabilizing forces on glacial systems and their associated
proglacial lakes. Earthquakes can directly trigger GLOFs by destabilizing moraine dams,
inducing landslides into lakes, or accelerating glacier calving, thereby acting as critical

compounding hazards in the region (Avouac, 2003; England et al., 2015).

In addition to seismic activity, other natural processes—including rapid glacier retreat,
intense precipitation events, avalanches, and large-scale landslides—are recurrent triggers of
GLOFs (Carey, 2005; Jain et al., 2013; Wang et al., 2015; Yongping, 2004). The destructive
potential of these events is magnified by the hydrological connectivity between glacial lakes
situated along the same valley system. When an upstream lake fails, its floodwaters can
propagate downstream, overtopping or breaching successive moraine dams, thereby creating a
chain reaction of cascading GLOFs. Such sequential failures have been shown to amplify flood
magnitude, extend the hazard footprint over hundreds of kilometres, and increase both
geomorphic and socioeconomic impacts downstream (Carrivick et al., 2016; Emmer et al.,

2016).

The hazard is further intensified by the rapid proliferation of glacial lakes across the Eastern
Himalayas, driven by accelerated glacier mass loss under contemporary warming. In the
literature, inventories document both a sharp increase in the number and areal extent of glacial
lakes, many of which are situated near densely populated valleys and critical infrastructure
(Bajracharya et al., 2009; Bajracharya et al., 2007; Bolch et al., 2011; Gardelle et al., 2011;
Song et al., 2016; Wang et al., 2015). This spatial overlap between high-magnitude cryospheric

hazards and vulnerable downstream populations highlights the urgent need for comprehensive
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monitoring, hazard assessment, and risk evaluation of glacial lakes across the region (Carrivick

et al., 2016; Rinzin et al., 2023; Taylor et al., 2023).

However, the Eastern Himalayas pose formidable challenges for field-based monitoring of
glacial lakes due to their rugged topography, limited accessibility, and harsh climatic
conditions. In this context, remote sensing techniques have emerged as indispensable tools,
providing systematic, large-scale, and repeatable observations of glacial features in otherwise
inaccessible terrain. The recent integration of machine learning (ML) methods into cryospheric
research represents a transformative advancement. ML is a data-driven approach that enables
models to learn patterns directly from datasets, unlike conventional statistical methods that rely
on predefined relationships. This flexibility allows ML techniques to capture complex, non-
linear processes characteristic of glacial and geomorphic systems. ML algorithms have been
increasingly applied for automated detection, classification, and temporal tracking of glacial
lakes, as well as for predicting lake expansion potential and assessing associated hazards
(Qayyum et al.,, 2020). These models facilitate the efficient processing of large Earth
observation datasets, improve the accuracy of lake detection and hazard prediction, and

incorporate probabilistic assessments that address uncertainties inherent to GLOF forecasting.

By supporting real-time monitoring, multi-criteria risk assessments, and the design of early
warning systems, remote sensing coupled with ML enhances regional disaster preparedness
and adaptive capacity. Such integrative, data-driven approaches are essential for safeguarding
high-altitude communities and infrastructure that remain increasingly exposed to GLOF
hazards under current trajectories of climate change and tectonic activity. The following
chapter provides a detailed review of ML-based algorithms applied in GLOF research, with a

focus on their methodological strengths, limitations, and emerging applications.
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Chapter 2

Literature Review

2.1 Introduction

Glaciers are dynamic bodies of ice that deform and move downslope primarily under the
influence of their own mass and gravity (Cuffey et al., 2010). Their movement exerts a
powerful erosional force on the underlying bedrock, driven by processes such as abrasion,
plucking, and scouring (Boulton, 1979). As glaciers advance, they entrain and transport a wide
range of sediments, from fine clay particles to large boulders, thereby reshaping the landscape
(Benn et al., 2014). Over time, this erosional activity creates basins and depressions that serve
as potential sites for water storage once the glacier retreats (Benn et al., 2014; Sugden et al.,
1976). When glaciers extend into lower altitudes or warmer climatic zones, ablation intensifies,
and the resulting meltwater accumulates within these depressions, giving rise to glacial lakes

(Carrivick et al., 2016).

The spatial distribution of glacial lakes is influenced by both ice dynamics and topography.
They typically develop in areas characterized by low surface slope and reduced ice flow
velocity, where meltwater can accumulate without being rapidly evacuated (Huybrechts, 2002;
Quincey et al., 2007). Such accumulation zones often coincide with topographic depressions
formed by erosional processes or by subtle variations in ice thickness caused by differential ice
flow speeds and directions (Cook et al., 2012; Huybrechts, 2002). As a result, distinct
hydrological and geomorphological conditions govern lake initiation, persistence, and

evolution in glaciated environments (Haeberli et al., 2017; Richardson et al., 2000).

In addition to glacial lakes, a variety of other landforms are produced by glacial processes,
reflecting both erosional and depositional dynamics. These include moraines, arétes, horns,
foliations, eskers, hanging glaciers, kettles, drumlins, kame terraces, U-shaped valleys, cirques,
meltwater channels, and outwash plains. Such features collectively provide critical evidence of
past and ongoing glacier—landscape interactions and are central to reconstructing the history of

glaciation and associated hazards.

This chapter seeks to synthesize current knowledge on glacial lake formation and
associated GLOF hazards, while identifying methodological gaps in the literature. By
consolidating state-of-the-art research and analytical approaches, it highlights both the physical
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processes leading to glacial lake development and the broader implications of GLOF risk in
high mountain regions. The following section discusses the principal factors influencing glacial

lake formation and their role in triggering GLOFs.
2.2 Influencing factors for glacial lake formation and GLOF

The formation of glacial lakes is governed by a complex interplay of interdependent factors
that can be broadly classified into three categories: (i) above-surface factors, such as
atmospheric temperature, rainfall-induced melting, and anthropogenic influences; (ii) surface
factors, including geomorphology and topography; and (iii) subsurface factors, such as seismic
activity. These categories are not isolated but rather mutually reinforcing, together shaping the

initiation, expansion, and persistence of glacial lakes.

2.2.1 Above-Surface Factors

Atmospheric drivers play a critical role in determining the rate of glacier melting and
consequent lake development. Rising temperatures and excessive precipitation, influenced by
both natural climate variability and anthropogenic activities, are among the most dominant
above-surface factors. Temperature increases caused by natural processes such as variations in
solar radiation or volcanic activity led to enhanced heat absorption by ice, accelerating ablation
and meltwater generation. Long-term studies spanning nearly three decades (1979-2007)
indicate that a unit increase in global mean temperature (°K) corresponds to approximately a
95% increase in precipitation intensity, underscoring the strong climatic coupling between
temperature and hydrological input to glacier systems (Liu et al., 2009; Liu et al., 2000).
Meltwater generated by these processes accumulates in topographic depressions under the

influence of gravity, giving rise to glacial lakes.

Rainfall also directly contributes to glacial lake formation in two distinct ways. First,
rainfall warmer than the ice surface transfers heat, intensifying surface melt and thereby
supplementing meltwater inflows. Second, alterations in precipitation regimes can result in
rainfall replacing snowfall at high elevations, a process referred to as rainfall-induced basal
melt. This phenomenon not only augments meltwater supply but also reduces snow
accumulation, further destabilizing glacier mass balance and promoting lake formation (Liu et

al., 2009).

Anthropogenic influences significantly amplify these natural processes. The combustion of

fossil fuels, deforestation, and other land-use changes release greenhouse gases, intensifying
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the greenhouse effect and driving long-term warming trends. The associated rise in
temperatures accelerates glacial melting and enhances precipitation variability, resulting in the
expansion and proliferation of glacial lakes. In particular, changes in atmospheric moisture
content, driven by human-induced warming, contribute to more frequent and intense

precipitation events, further augmenting lake volumes.

The incidence of extreme weather phenomena, notably cloudbursts, has also increased in
recent years in response to global warming. Cloudbursts are intense, localized precipitation
events typically associated with steep topography, local heating, and rapid uplift of moisture-
laden air. The subsequent development of cumulonimbus clouds at high altitudes produces
severe thunderstorms and concentrated rainfall. Such events can rapidly increase lake inflows,
heightening the risk of overflow or dam instability (Anand et al., 2025; Ganjoo et al., 2025;
Nath et al., 2024; S. Singh et al., 2021). Consequently, cloudbursts represent a critical factor

linking climate dynamics, regional topography, and glacial lake hazards.

2.2.2 Surface and Subsurface Factors

Surface factors, particularly geomorphology and topography, define the locations where
meltwater accumulates. Glacial lakes are often classified into cirque lakes and valley lakes,
which are types of glacial erosional lakes. Cirque lakes form within concave, amphitheater-
shaped depressions carved by glacial erosion, whereas valley lakes develop along U-shaped
valleys created by extensive glacial downcutting. These landforms provide natural depressions

that act as reservoirs for accumulating meltwater.

Subsurface processes, particularly seismicity, influence glacial lake systems mainly
through their role as external triggers rather than as drivers of lake formation. In steep,
tectonically active mountain terrain, earthquakes can initiate landslides, rockfalls, or ice—rock
avalanches that enter a lake and generate impact waves capable of overtopping or weakening
a moraine dam (Kargel et al., 2016; Keefer, 1984; Roback et al., 2018). These short-term
disturbance processes may affect the immediate stability of a lake, but current evidence does

not support a significant, long-term reshaping of lake morphology due to seismicity.

In summary, glacial lake formation results from the coupled effects of atmospheric,
geomorphological, and tectonic factors, with anthropogenic climate change amplifying their
impacts. Above-surface processes such as temperature rise, altered precipitation patterns, and
extreme weather events interact with geomorphic depressions and seismic activity to accelerate

lake formation and expansion. These interconnected processes, illustrated in Figure 2.1,
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highlight the multi-scalar nature of glacial lake dynamics and underscore the necessity of

integrated approaches for assessing glacial hazards.

Above Surface Climate change b
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Surface
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Figure 2.1: Schematic illustration of above-surface, surface, and sub-surface factors
influencing glacial lake dynamics and associated hazards.

Figure 2.1 highlights the interconnected nature of glacial lake development, where
atmospheric drivers (climate change and precipitation), surface conditions (geomorphology,
topography, human activity), and subsurface dynamics (seismicity and tectonics) combine to
shape hazard potential. Importantly, it emphasizes that no single factor operates in isolation;
instead, the cumulative interaction of climate change, geomorphological setting, and tectonic

activity determines the formation, expansion, and eventual outburst risk of glacial lakes.

Glacial lakes are encircled by various geomorphic features like moraines, cirques, debris
cover, eroded channels, and floodplains along the flow. Breaching of moraines, which act as
natural dams, due to the drainage of meltwater, results in hazardous events like GLOFs. In
some regions, geothermal heat from the Earth's interior also melts ice from below, aiding in
the formation of subglacial lakes. Thus, increasing global warmth leads to a higher rate of
glacier melting, supplying a significant source of water flow to these lakes. Additionally, sub-
surface factors like seismic events, causing earthquakes, and impacting glacial lake formation

are other minor factors. Earthquakes trigger ice calving or ice avalanches, as well as landslides,
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which, in turn, intensify the GLOF potential. The next section discusses the key aspects of the

full GLOF hazard-risk continuum in the state-of-the-art literature.
2.3 Research dimensions of GLOF studies

Over the past few decades, research on GLOFs has expanded from basic glacial lake
inventories to comprehensive frameworks that address the full hazard-risk continuum. The
scientific focus has progressively evolved in four interconnected domains: (i) mapping of
GLOF features. After extracting the details of crucial GLOF features, as mentioned in the
subsequent section 2.3.1, the study progresses towards (i1) modelling and prediction of glacial
lake formation (section 2.3.2), which identifies and monitors existing lakes while forecasting
potential new lake sites, (iii) hazard assessment (section 2.3.3), which evaluates the likelihood
and potential of a glacial lake outburst based on lake and moraine dam characteristics as well
as triggering mechanisms, and (iv) risk assessment (section 2.3.4), which integrates hazard
information with downstream exposure to estimate probable impacts on communities,
infrastructure, and ecosystems. This framework covers the state-of-the-art GLOF studies,
essential for early warning, disaster management and mitigation plans. Together, these research
streams form the foundation for proactive monitoring, early warning systems, and mitigation
planning, enabling targeted intervention in regions most vulnerable to GLOF impacts. The
following sub-sections discuss four domains of glacier research, highlighting various research

dimensions and research gaps.

2.3.1 Mapping of GLOF features

Mapping of various features or parameters related to GLOF hazard and risk in the
downstream region, such as location of the glacial lake and its feeding glacier, moraine dams,
ice cores, mass movements, evolution of the lake, downstream area, population, infrastructure,
potential flood propagation parameters, etc, is a critical aspect in GLOF studies. The mapping
can be used to create risk evaluations, monitor the spatio-temporal evolution, and guide the

creation of mitigation plans for GLOF hazards.

The following three sub-sections present approaches used in mapping the GLOF features

associated with GLOF hazard and risk mapping.

2.3.1.1 Remote sensing methods
Glaciers may be mapped up using remote sensing techniques by employing satellite images

or aerial images. Based on the dataset retrieval method, remote sensing approaches are broadly
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divided into two types: (i) terrestrial remote sensing methods, and (ii) satellite-based remote
sensing methods. The terrestrial remote sending method uses Global Positioning System
(GPS), Total Station (TS), and Ground Penetrating RADAR (GPR). Whereas, depending on
the type of sensor used for mapping, the satellite-based remote sensing method derives
information from multiple types of images, namely (i) Optical images (optical bands
combination by using sensors like Landsat and Sentinel-2), (ii) Synthetic Aperture Radar (SAR
or microwave) images, (iii) Thermal images and (iv) Gravity and satellite altimetry (Bhambri
etal., 2011; Karimi et al., 2012; Shukla et al., 2010). In addition, high-resolution maps obtained
from airborne LiDAR data are also used. Above, terrestrial-based, aerial-based, and satellite-
based techniques are used for reviewing the stability of glaciers. For example, GPS and GPR
results are in well agreement with in-situ profiling of glaciers that are used for the monitoring
of snow accumulation and snow depth in glaciers, glacier boundary detection, englacial and
subglacial debris mapping, ice thickness and volume detection (Ai et al., 2014; Belum et al.,

2011; Ma et al., 2010; Machguth et al., 2006).

Satellite-based methods provide certain benefits over the terrestrial and airborne remote
sensing methods, like massive area coverage in a short duration, repeatable assessments,
multispectral multi-magnification, better spatial resolution, and safety. Further, optical
methods, SAR and LiDAR are used for precisely tracking the transformations in the glacial
landscape and lake (Alifu et al., 2020; Bertone et al., 2019; Chelamallu et al., 2014; Feyisa et
al., 2014; Fischer et al., 2015; Janke, 2013; Kumar et al., 2012; Panwar et al., 2023; Shen et
al.,2010; Zhang et al., 2021). Next, thermal remote sensing has certain advantages over LIDAR
and SAR-based approaches, like the detection of internal ice features such as subglacial lakes
and ice layers and direct assessment of ice temperature. Further, gravity and satellite altimetry
techniques are applied for analysing the glacier mass and volume change (Velicogna et al.,

2006).

Indices-based methods are the most primitive remote sensing methods that utilizes the
surface reflectance property through spectral band values of the satellite-based image data
directly for the development of feature (water, snow, vegetation, and ice) based index. The
index method is applied for evaluating the spatiotemporal variation in the surface area of the
glacial lake. The value of band ratios was normalized: (i) to avoid the effect of topography
(relief), illumination and atmosphere of the pixels, and (ii) to bring index values in a -1 to 1
range. Various methods like band ratios (Wessels et al., 2002) and multi-band index ratio like
Normalized Difference Water Index (NDWI) (McFeeters, 1996), Normalized Difference Snow
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Index (NDSI) (Hall et al., 1995), modified NDWI (Xu, 2006), Automatic Water Extraction
Index (AWEI) (Feyisa et al., 2014), Water Ratio Index (WRI) (Shen et al., 2010), and Land
and Water Boundary Enhancement Index (LBWEI) (Khalid et al., 2021) are applied for

automatic extraction of waterbody.

Each of these indices represents a step forward in the remote sensing of water bodies,
addressing specific limitations of their predecessors and enhancing the capability to monitor
and analyze glacial lakes and water dynamics, critical for understanding the impacts of climate
change on glacier-fed river systems and the broader environment. The NDWI and the NDSI
laid the foundational groundwork by enhancing the detection of water bodies (in comparison
to vegetation and soil) and snow cover, respectively. Despite their innovation, the NDWI and
NDSI techniques have certain limitations. One major challenge is spectral mixing, where the
presence of multiple materials within a single pixel can lead to inaccurate classifications.
Additionally, variations in snow grain size can significantly affect the reflectance values
captured in satellite imagery, making it challenging to differentiate between snow and various
other surface types. These surfaces primarily include densely vegetated areas, bare soil, and
urban materials. Thus, snow reflectance varies not only with grain size but also with the snow's
age and contamination level, leading to a spectral signature that can sometimes mimic or
overlap with those of other surface materials under certain conditions. This spectral similarity
can complicate the accurate classification and analysis of snow-covered landscapes, especially
in regions where these different surface types are nearby. Another difficulty arises in the
detection of water bodies covered by ice, as the spectral characteristics of ice can closely
resemble those of snow or clouds, leading to potential misclassification. Furthermore, cloud
cover can obscure the view of water bodies, making it difficult to accurately identify and
classify them using these indices (Hall et al., 1995; McFeeters, 1996; Zhang et al., 2021; Zhang
et al., 2015). Addressing these limitations, the MNDWI emerged, offering improved
discrimination of water bodies by adjusting the spectral bands used, thus reducing
misclassifications associated with vegetation and built-up areas (Xu, 2006). Building on this
progress, the WRI and LBWEI were developed to refine water detection further and enhance
the delineation between land and water boundaries, crucial for accurately mapping shoreline
changes. The AWEI represents the latest stride in this evolution, incorporating multiple bands
to minimize the misclassification of water with shadows and vegetation, showcasing the
continuous effort to improve accuracy in water body detection. Despite its advancements,

AWEI still struggles to distinguish between turbid water and other surface types like pavements
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and agricultural fields flooded for irrigation purposes. Further, LBWEI showed extended
accuracy for all types of seasons in comparison to other multi-band water body classification
indices (NDWI, MNDWI, NDMI, AWEI, NWI and WRI) that were finding it difficult to
eliminate the non-water body pixels like snow, shadow, and dark pixels (Khalid et al., 2021;

Sarp et al., 2017).

On the other hand, indices-based methods require the selection of appropriate threshold
values to effectively discriminate between water bodies and surrounding landscapes. These
threshold values, however, are not universal and can vary significantly depending on the
specific geographic location and environmental characteristics of the study area. In general, the
value of NDWI varies from 0.1 to 0.5 for the detection of potentially dangerous glacial lakes.
For instance, in the Himalayas, researchers set a higher threshold for indices like NDWI and
MNDWTI to account for the high reflectance of snow and ice, often using values above 0.3 to
ensure water bodies are accurately distinguished from the surrounding snow and ice cover (Xu,
2006). In contrast, in the Andes or the Alps, where glacial lakes are often surrounded by dense
vegetation, slightly lower thresholds are used, around 0.2 to 0.3, to differentiate water from
vegetated areas effectively (Feyisa et al., 2014). Similarly, the NDSI index with the shortwave
infra-red band is used in the Himalaya for classifying the debris cover from snow and ice, with
a threshold value ranging from 0.17 to 0.20 (Bolch et al., 2011; Kulkarni et al., 2002). For
NDSI, a common threshold value is 0.4, as established in studies focusing on snow cover in
mountainous regions, including those in North America and Europe (Hall et al., 1995).
Moreover, these threshold values are often determined empirically and may be adjusted based
on the specific objectives of the research, the temporal aspects of the satellite data (e.g.,
seasonal variations), and the spectral characteristics of the imagery. Furthermore, the index-
based methods show optimal results with satellite imagery that has minimal snow and cloud
cover to ensure clear visibility of glacial lakes. Typically, such data is most readily available
only during the months of September, October, or November in the Himalayas (Khalid et al.,
2021; Nijhawan et al., 2016). Apart from the above limitations, index-based methods are

restricted to identifying a particular class or feature at a time.

While remote sensing indices have proven effective for large-scale monitoring, they are
limited by spectral ambiguities and threshold dependence. To overcome these challenges, ML

approaches have been increasingly adopted, as discussed in the following subsection.
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2.3.1.2 Machine learning (ML) based methods

ML-based techniques are an apt and suggestive approach for the regions where the classical
approach of classification tends to show limitations. Ensemble learning, ML, and deep learning
are the major modern classification techniques. ML techniques like support vector machine
(SVM), random forest (RF), naive bayes (NB), gradient boosted machine (GBM), K-nearest
neighbor, and decision tree find a wide applications in image classification (Wu, 2017; Wu et
al., 2008; Zhang et al., 2019). The SVM approach shows higher accuracy in water body
extraction than the index-based methods like MNDWI, NDWI and AWEI (Sarp et al., 2017).
Next, the RF method, which is a pixel-based classification approach, is the most appropriate
technique for clearly delineating the object boundaries in comparison to the aforementioned
methods (Alifu et al., 2020; Khan et al., 2020). However, the RF method lacks generalization
for the classification problem of linear fractionable feature data sets, which can be improved
by selecting a large pixel size, leading to high computational cost in the classification of high-
resolution images. With large data, deep learning is primarily suitable for object detection,
feature similarity-based image segmentation, and image classification by incorporating the
repeating patterns and embedded texture information (Lu et al., 2021; Robson et al., 2020;
Thati et al., 2022; Xie et al., 2020). Deep learning (DL) is a specialised branch of machine
learning that employs neural networks with multiple hidden layers to learn data representations
at increasing levels of abstraction. While ML methods rely on input features that are manually
selected or engineered, DL models extract hierarchical features automatically from the raw
data through stacked non-linear transformations. The fundamental distinction lies in this
representation learning capability: ML captures patterns from predefined variables, whereas
DL derives both the features and the predictive relationships directly from the data. A
convolutional neural network (CNN) is one such deep learning approach applied for the
mapping of glacier features. In recent research, a model that combines CNN and object-based
image analysis was suggested to automatically map the rock glaciers (Indolia et al., 2018;
Robson et al., 2020). The efficiency of CNN for feature extraction depends on the number of
hidden layers in the framework. CNN uses a large amount of training data, which leads to over-
fitting, and makes it uncertain in detecting the boundaries at some locations (Lu et al., 2021).
Recently, an improved method of CNN, named channel attention U-Net, has been used for the
cartography of glaciers. Also, relative to basic U-Net and GlacierNet, the findings demonstrate
that the channel-attention U-Net distinguishes glaciers with a comparatively high degree of
accuracy (Tian et al., 2022; Xie et al., 2020). However, limitations like the presence of debris

and seasonal snow cover reduce the accuracy of tracing the clear outline of the glacier in these
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methods (Huang et al., 2021; Zhang et al., 2019). Recent research by Lu et al. (2021) finds that
the RF-CNN method, which is an ML-based model, is advantageous for the distinct
identification of active and inactive debris-covered glaciers. Hence, ML-based techniques can
improve the understanding of vital processes of glacier change by supplementing the traditional

mapping approach with massive data analysis and interpretations.

Features like glacial lakes, cirque, debris, snow cover, moraines and ice affect the stability
of water management resources. Therefore, mapping of the GLOF features is performed in two

steps: (i) Feature extraction, and (ii) Classification techniques

A. Feature extraction

Color, shape and texture are the basic anatomic characteristics of a feature, and the process
of feature extraction complies with these characteristic properties. It formulates the inherent
qualities of a feature like entropy, pigment, and pattern in accordance with the spatial
distribution of pixel intensities (Mutlag et al., 2020). In general, glacial feature extraction is
carried out to extract information about the ice cover, snow, lakes, cirques, and debris. Various
tools are developed for extracting glacial features, for example, a texture filter named as Gabor
filter is applied over the rock glaciers for the automatic identification of flow patterns. Here,
the terrain attributes assist in the mapping of flow patterns with unique surface patterns and
little spectral difference from the surrounding areas (Brenning et al., 2012). Further, the
mapping of drumlins by object-based technique, which can cluster the pixel values and spatial
parameters (shape, texture and surrounding relations) and provides an appropriate substitute
for manual digitization (Saha et al., 2011). Similarly, principal component analysis (PCA) fits
well for the digitization of the glacier features like crevasses and supra-glacial lakes, providing
easy monitoring of the features. Also, PCA-based fusion is better than the instant hue
saturation-based fusion technique (Kumar et al., 2012). Further, an automated algorithm, Auto
Cirque, developed in Python, has been used for the mapping of cirque bodies. This tool
considerably improves the analytical process and reduces subjectivity, providing a generalised
framework for cirque delineation (Li et al., 2022). However, its effectiveness remains
constrained by DEM resolution, region-specific threshold calibration, and challenges in
complex or tectonically modified terrains, limiting its full transferability across mountain
regions. Ice, snow, debris, lake, cirque, hills, flow channels, and moraines are some of the
features which change with the influence of climate change. Hence, regular monitoring of the

spatial and temporal coverage of the features will indeed be beneficial for an early warning.
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B. Classification techniques

Various approaches of the classification techniques like unsupervised, supervised, and
object-based characterization, provide a faster and efficient method for the extraction and
identification of glacier surface features. An unsupervised classification technique operates by
clustering without using the training datasets. K-means and iterative self-organizing data
analysis (ISODATA) are the most common classifiers that employ this clustering approach for
the change detection. Next, in supervised learning, each class is given training data (class
prototypes) and decision rules are directly established to aid with classification. Further, object-
based classification involves a two-stage process: multi-resolution segmentation and segment
categorization based on knowledge (linguistic, geographic, spectral and textural data). For
example, an unsupervised classification technique based on the interferometric coherence
signal is used for analysing the displacement of rock glaciers and distinguishing the moving
and non-moving (without discernible displacement) rock glaciers (Bertone et al., 2019).
Further, Spectral Unsupervised Feature Extraction (or SpecUFEX) is applied to trace the
contribution of englacial and supraglacial lakes to the GLOF, by monitoring the icequakes and
seismic noise. In this method, unsupervised learning forms the clusters of cryo-seismic signals
with similar traits, demonstrating the state of immediate flood and post-flood melt flow (Sawi
et al., 2022). Next, object-based methods are used to determine the change in glacier cover,
and their accuracy surpasses the application of sub-pixel-based categorization (shadow
problem) and the index-based supervised classification (Nijhawan et al., 2016; Saha et al.,
2011). Also, high, mid, and low percolation, exposed ice, and debris-cover zone are some of
the essential features of PDGLs that are identified and categorised with relatively high accuracy
using GF-DNN and SVM (Panwar et al., 2023). Despite that, precise landform categorization
of satellite-based datasets is still a challenge for researchers, owing to the problems raised by
satellite datasets, computational errors in image processing, and miscellaneous influences of

terrain.

Given the strengths and weaknesses of both classical and ML-based approaches, recent
studies increasingly employ hybrid methods that combine multiple techniques for improved

accuracy

2.3.1.3 Hybrid methods

The hybrid approach involves the combination of discrete techniques to achieve higher
accuracy over the application of the individual method. The classical methods face difficulty
in delineating the boundary of features from the surrounding bedrock, shadow and snow cover
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(Lu et al., 2021). Multifarious hybrid models are often applied by researchers to extract the
features and develop a deep insight into the impacts induced by climate change. For example,
a composite model of CNNs and the RF method was applied for demarcating the Himalaya
glaciers with debris cover. The accuracy of this approach supersedes the individual application
of artificial neural network (ANN), RF and SVM methods (Nijhawan et al., 2018). Further, the
producer’s accuracy for the maps generated by the composite model frameworks has shown a
considerable increment in classification with high-resolution images (Robson et al., 2020).
Similarly, Xie et al. (2022) developed the multi-model learning for alpine glacier mapping.
This multi-model process images data from two types of CNNs, named GlacierNet, followed
by DeepLabV3+, to detect the snow-covered accumulation zone. Moreover, a recent study on
the Gyirong Zangbo watershed evaluated both individual ML algorithms and hybrid models—
Logistic Regression (LR), SVM, genetic algorithm—SVM (GA-SVM), and certainty factor-
GA-SVM (CF-GA-SVM)—to map debris flow susceptibility. Among these, the CF-GA-SVM
model demonstrated the highest predictive accuracy (precision = 0.8) and the best model
performance (AUC = 0.945), making it the most suitable approach for generating debris flow
susceptibility maps (Qiu et al., 2022). Besides this, the hybrid ML method, Particle Swarm
Optimization—Extreme Learning Machine—Adaptive Boosting (PSO-ELM _AdaBoost), was
compared with conventional ML techniques such as Back-Propagation Neural Network
(BPNN), SVM, Extreme Learning Machine (ELM), and PSO-optimized Extreme Learning
Machine (PSO-ELM). The PSO-ELM_AdaBoost model demonstrated superior performance
in estimating potential debris-flow volumes, achieving a mean absolute percentage error of less
than 0.10 (Huang et al., 2020). Overall, hybrid methods of glacier mapping and monitoring can
yield very precise and comprehensive briefing about the glacier extent, topography, landforms,
and anatomic characteristics of features. By blending diverse forms of datasets and
measurement approaches, a problem which was coarser in outputs can be simplified to finer

results and will assist the researchers in better understanding of glaciers behavior.

2.3.2 Modelling and predicting Glacial Lake Formation

The prediction of glacial lake formation is a critical first step in understanding and
mitigating GLOF hazards. It requires not only the detection and monitoring of existing lakes
but also the identification of potential sites where new lakes may develop in deglaciated zones
under continued glacier retreat. Advances in remote sensing and ML have greatly enhanced
this process, enabling the detection of spatio-temporal trends, quantification of morphometric

attributes, and forecasting of lake emergence based on climatic, glaciological, and
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geomorphological factors. Remote sensing technologies—particularly satellite and airborne
products such as optical imagery, precipitation, and temperature data—have become state-of-
the-art tools for glacial studies. In data-rich contexts, field observations and in-situ
measurements further support Al-driven semi-automated systems. Such foresight enables early
intervention in areas prone to hazardous lake development, thereby strengthening preparedness

and mitigation planning.

2.3.2.1 Glacial lake formation

Studies predicting glacial lake formation or lake presence have concentrated on climatic
drivers—such as atmospheric warming, changes in precipitation regimes, and glacier mass loss—
as primary factors influencing lake genesis and expansion (Veh et al., 2020; Wang et al., 2015).
While these drivers govern meltwater production, they do not fully account for the spatial
distribution of glacial lakes. Increasing evidence shows that geomorphological and topographic
controls play an equally decisive role in determining where lakes form. Erosional and
depositional landforms—such as cirques, U-shaped valleys, flow channels, moraines, and
glacier snouts—create natural depressions that act as basins for meltwater accumulation. The
slope, curvature, and elevation of these basins dictate meltwater routing, lake connectivity, and
seasonal hydrological responses. Empirical analysis of over 200 glacial lake sites (Mal et al.,
2020) The Eastern Himalaya demonstrates that the coupled dynamics of retreating glaciers,
cirques, valleys, and flow channels fundamentally control lake occurrence, growth patterns,
and stability. These geomorphic features also influence sediment delivery, which can alter lake

turbidity, basin infilling rates, and dam stability—factors that directly affect hazard potential.

Approaches for predicting glacial lake formation can be broadly categorized into

geomorphological, statistical, and ML-based methods.

A. Geomorphological modelling method

Methods proposed by Furian et al. (2021) reconstruct subglacial bedrock depressions
beneath retreating glaciers to locate potential lake sites. While physically grounded, they often
apply minimum area thresholds (e.g., > 0.1 km?). Morphological scoring systems (T. Zhang et
al., 2022b) use weighted indicators like slope, crevasse density, and glacier proximity but rely
heavily on expert judgement, which makes them prone to subjective bias and the omission of

key features such as cirques or flow channels.

In addition to morphological scoring frameworks, several studies have applied physically

based approaches to predict where new lakes may form beneath retreating glaciers. The most

21
TH-3942_206104003



widely used among these is the GlabTop (Glacier Bed Topography) and GlabTop2 modelling
framework, which reconstructs glacier bed geometry by combining glacier outlines, surface
slopes, and estimated ice thickness to map potential over-deepenings. These overdeepenings
represent sites where future lakes are likely to develop as ice retreats. Linsbauer et al. (2012)
applied GlabTop2 across the Himalaya and Karakoram to identify likely future lake basins,
highlighting the spatial clustering of overdeepened zones beneath debris-covered glaciers.
Drenkhan et al. (2018) extended this approach to the Peruvian Andes, integrating GlabTop
outputs with regional glacier-retreat scenarios to map future lake formation hotspots. These
studies show that physically based reconstructions of subglacial topography provide critical
foresight into lake emergence patterns and complement geomorphology-based and ML-based

predictive frameworks.

B. Statistical models

LR has been used to relate lake presence to climatic, glaciological, and topographic
predictors (Mohanty et al., 2022). However, LR or any linear model often captures a subset of
predictors (around 50% in some studies) as statistically significant variables for various factors,
namely, multi-collinearity, low predictive power of certain variables, or limited sample

variability.

C. ML-based approaches

ANNs have demonstrated the ability to capture non-linear dependencies and complex
feature interactions, successfully applied in glacier boundary mapping, meltwater modelling,
snow cover prediction, and ice thickness estimation (Anilkumar et al., 2023; Baumbhoer et al.,
2019; Bolibar et al., 2020; Dobreva et al., 2011; Haq et al., 2021; Hou et al., 2014; Kim et al.,
2016; Mohajerani, 2019; Zaier et al., 2010). However, their deterministic nature and lack of
built-in uncertainty quantification can limit reliability in hazard-sensitive applications.
Bayesian Neural Networks (BNNs) address this limitation by integrating probabilistic
inference into neural network architectures. They quantify both aleatoric (data-driven) and
epistemic (model-driven) uncertainties, capture interdependencies among diverse input
variables, and are less prone to overfitting when trained on limited datasets—a common
challenge in high-mountain regions. Studies have shown BNNs to be effective in incorporating
sparse field measurements, multi-source remote sensing inputs, and derived geomorphic
indicators for robust hazard forecasting (Gopalan et al., 2018; Guillet et al., 2023; Hartmann et
al.,2021; W.Renetal., 2018; W. W. Ren et al., 2018; Rounce et al., 2020; Werder et al., 2020).
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Given the rapid pace of environmental change, regularly updating glacial lake inventories
is crucial for effective predictive modelling. While the integration of high-resolution, multi-
sensor remote sensing datasets—such as Google Earth imagery, optical and SAR data, LiDAR,
and UAV photogrammetry—with advanced ML frameworks offers significant potential, their
application remains limited in many studies, particularly in data-scarce mountain regions.
Furthermore, despite the critical role of erosional features in glacial lake evolution, these
variables are often underrepresented, further constraining the ability of predictive models to
anticipate the formation of hazardous lakes in complex terrains. Addressing these gaps is
essential, as robust predictive mapping underpins PDGL classification, hazard assessment, and

the development of targeted monitoring strategies.

2.3.3 Hazard assessment of glacial lakes

Hazard assessment of glacial lakes is a critical component of GLOF studies, aimed at
identifying lakes with the potential to generate damaging outburst floods. It quantifies the
likelihood of failure and the magnitude of potential outburst. Methodologically, GLOF hazard
assessment has progressed from simple geomorphic inventories and empirical thresholds,
through indicator-based and multi-criteria classification, to more advanced process-chain
modelling that integrates triggers, breach mechanics, and flood routing (Allen et al., 2016;
Emmer et al., 2016; Huggel, 2004; Huggel et al., 2002; Kougkoulos et al., 2018; Rounce et al.,
2017; Worni et al., 2013).

2.3.3.1 Hazard Assessment techniques

A. Geomorphic screening:

Early hazard assessments relied on remote sensing to extract morphometric attributes (lake
area, volume, freeboard), dam characteristics, and glacier proximity. Empirical rules—such as
moraine width-to-height ratios, rapid lake expansion, and steep hanging glaciers nearby—are
then used to identify potentially dangerous lakes (Bolch et al., 2008; Huggel et al., 2002; Veh
etal., 2020). These approaches remain valuable for rapid regional screening but depend heavily

on subjective thresholds and cannot capture complex triggers or internal dam properties.

B. Multi-Criteria Decision Analysis (MCDA) frameworks

To manage large lake inventories, researchers have developed indicator-based scoring
systems integrated with MCDA. Studies in the Himalaya and Andes combine morphometry,
dam composition, dynamic setting (e.g., avalanche/landslide potential), and historical activity

into composite hazard indices (Emmer et al., 2016; Kougkoulos et al., 2018). Weighting is
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achieved through expert elicitation by the Analytic Hierarchy Process (AHP) method, objective
methods by Shannon Entropy (SE), or hybrid schemes. These frameworks produce
reproducible hazard rankings, though these are sensitive to indicator selection and weighting

assumptions.

C. Process-chain analysis methods:

Recognising that many GLOFs are triggered by external forces such as ice/rock avalanches,
landslides, or seismic activity, recent studies incorporate process-chain modelling in a series of
steps: avalanche dynamics, impact wave generation, dam overtopping and erosion, breach
hydrograph, and downstream flood routing (Somos-Valenzuela et al., 2015; Worni et al.,
2013). These physics-based models provide scenario-specific hazard estimates, but require
high-quality DEMs, dam material data, and computational resources, making them best suited
for high-priority lakes identified in earlier screening. Beyond the Himalaya, several studies
from the European Alps and the Andes have advanced probabilistic and scenario-based
approaches for glacial lake hazard assessment. In the Swiss Alps, Huggel et al. (2004) proposed
a semi-quantitative procedure that evaluates both the magnitude of glacial hazards and their
probability of occurrence, integrating these elements into hazard maps and risk levels.
Nussbaumer et al. (2014) extended this line of research by coupling glacier-retreat modelling,
possible future lake formation, and flood simulations to estimate scenario-based GLOF risks
in Alpine valleys. In the Peruvian Andes, Somos-Valenzuela et al. (2016) developed a full
GLOF process-chain model for Lake Palcacocha, simulating mass movement initiation, lake-
impact waves, dam overtopping or breach, and downstream flooding for multiple scenarios.
These studies illustrate the global shift toward probabilistic, process-chain, and scenario-based
modelling frameworks, providing broader international context for the uncertainty-aware risk

evaluation developed in this thesis.

D. Breach and outburst modelling

Estimating potential peak discharge and flood volume is central to hazard assessment.
Empirical relations link lake volume and dam height to peak discharge (Clague et al., 1973;
Huggel, 2004; McKillop et al., 2007), while process-based models (e.g., BREACH,
BASEMENT) simulate erosion, widening, and hydrograph evolution (Worni et al., 2013).
Empirical tools are efficient for regional use, whereas process models capture erosion dynamics

but require detailed input data.
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E. ML methods

ML methods are being increasingly applied to automate lake outline extraction, detect
avalanche source zones, and even rank hazard potential based on multiple predictors. For
example, RF and SVM have been used to classify potentially dangerous lakes in the Himalaya
(Ahmed et al., 2022a; Ahmed et al., 2021b; Qayyum et al., 2020). Deep learning approaches,
including CNNs and U-Net segmentation, show promise for detecting irregular lake geometries
and debris-covered glaciers (Xu et al., 2023). However, ML-based hazard models are limited
by the scarcity of labelled “failure” vs. “non-failure” datasets and require careful uncertainty

treatment.

Despite these advances, many state-of-the-art methods continue to emphasise the geometric
relationship between a lake and its neighbouring glacier, often overlooking the influence of
broader erosional features that strongly control lake formation and stability. Detecting such
complex landforms remains challenging because of their irregular shapes, variable scales, and
spectral similarity to surrounding terrain. Recent progress in neural networks—particularly
CNNs and segmentation models—has shown improved capabilities in capturing these patterns.
For instance, Qayyum et al. (2020) and Xu et al. (2023) successfully apply CNNs to delineate
glacial lake shapes from Sentinel (10 m resolution) and PlanetScope (3m resolution) imagery,
while Scuderi et al. (2022) demonstrate the detection of irregular cirques using bounding box
segmentation. These developments suggest that integrating advanced feature-extraction
methods into hazard assessment frameworks could significantly improve the accuracy and

comprehensiveness of GLOF hazard evaluation.

2.3.3.2 Hazard classification schemes

A key outcome of hazard assessment is the classification of glacial lakes into hazard
categories, which enables prioritisation for monitoring and mitigation. Several approaches exist
across the literature. Early frameworks relied on binary classification, where lakes were
designated as potentially dangerous glacial lakes (PDGLs) if they exceeded thresholds for area,
dam condition, or susceptibility to triggers. (Huggel et al., 2002) and subsequent inventories in
the Himalaya and Andes widely applied this approach. To provide greater nuance, researchers
later developed ordinal classification systems that rank lakes into low, medium, high, or very
high hazard classes, as demonstrated by Allen et al. (2016) for the Himalayan glaciers and
Bazai et al. (2021) in the Karakoram glaciers. Building on this, scoring and index-based
methods combine multiple indicators into composite hazard indices, such as the 15-parameter
system proposed by Emmer et al. (2016) in the Cordillera Blanca and MCDA-based schemes
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applied in the Himalaya (Kougkoulos et al., 2018; Rounce et al., 2017). More recently, process-
based classification has been employed, where lakes are categorised according to simulated
breach scenarios and modelled outcomes of overtopping probability and peak discharge
(Somos-Valenzuela et al., 2016; Worni et al., 2013). Together, these approaches demonstrate
a methodological evolution from rapid binary screening to physics-based hazard classes, with
most studies adopting a tiered approach that uses initial screening to shortlist lakes for more

detailed modelling.

Despite these advances, many hazard assessment frameworks continue to focus primarily
on measurable morphometric parameters and trigger indicators, while underrepresenting the
influence of broader geomorphic and glaciological processes—such as cirque development,
valley deepening, moraine dynamics, and glacier retreat—that fundamentally control lake
stability. Effective hazard assessment, therefore, requires not only precise quantification of lake
characteristics but also explicit integration of these interconnected landscape processes and

their temporal evolution.

2.3.4 Risk Assessment

Risk assessment builds upon hazard assessment by integrating information on the physical
likelihood and intensity of a potential GLOF with the spatial distribution of downstream
exposure. It estimates the probable consequences of an outburst by accounting for the location
and vulnerability of populations, infrastructure, and economic assets along potential flood
paths. By translating hazard indicators into expected socio-economic and environmental
impacts, risk assessment enables the delineation of high-risk zones and supports the
prioritisation of mitigation, early warning, and preparedness strategies. While hazard
assessment focuses on the likelihood and magnitude of an outburst, risk assessment translates
these into consequences by explicitly integrating exposure and vulnerability. The following

sub-sections discuss various approaches to risk assessment for GLOF.

2.3.4.1 Glaciological and hydrological-based risk assessment of glacial lakes
Current approaches to glacial lake risk analysis can be broadly classified into

Hydrodynamic, statistical, MCDA and ML.

A. Hydrodynamic and statistical models
Hydrodynamic models such as Hydrologic Engineering Center — River Analysis System
(HEC-RAS) represent a quantitative class of tools that simulate flood wave propagation,

downstream inundation extents, and infrastructure impact, using parameters like lake volume,

26
TH-3942_206104003



channel geometry, and flow roughness—most of which can be derived from remote sensing
products such as DEMs, optical imagery, and land cover maps. While highly accurate for site-
specific analysis, these models require precise DEMs, field calibration, and often struggle in
steep or densely vegetated terrain (Hazra et al., 2022; Klimes et al., 2014). Statistical models,
on the other hand, offer semi-quantitative, probabilistic risk estimates based on historical
GLOF frequencies, lake area change rates, glacier retreat, and climate variables, but are limited

by their dependence on past events and inability to capture novel triggers (He et al., 2022).

B. Multi-Criteria Decision Analysis (MCDA)

MCDA methods offer a scalable and interpretable framework for integrating diverse hazard
and exposure parameters—such as lake expansion rate, dam type, proximity to infrastructure,
avalanche/snowpack risk, and population density—into a single prioritisation index. Remote
sensing plays a key role here, with time-series optical/SAR imagery for lake monitoring, DEMs
for topographic and avalanche-prone slope analysis, and nighttime lights for settlement
mapping. Within MCDA, subjective techniques like the AHP and Delphi method rely on expert
judgment, potentially introducing bias (Agustina et al., 2023; Das et al., 2024; Kumar et al.,
2022; Mohanty et al., 2022; Zulkarnain et al., 2021), whereas objective methods such as SE
derive weights from data, reducing subjectivity but potentially overlooking nuanced contextual
knowledge (Arora et al., 2021; Chen et al., 2023; Zorlu et al., 2023). Hybrid weighting schemes
aim to merge these advantages, but many rely on simple linear combinations lacking a rigorous
theoretical framework (Kougkoulos et al., 2018; Malczewski et al., 2015). Furthermore, most
MCDA-based models do not incorporate uncertainty quantification, limiting their operational

reliability for risk-informed decision-making.

C. Machine Learning (ML)

ML methods range from traditional algorithms—such as LR, decision trees, and RFs—to
advanced deep learning architectures like CNNs and ANNs (Allen et al., 2019; Jena et al.,
2021). These models can integrate large, multi-source datasets and capture complex, non-linear
relationships between hazard and exposure variables. ML-based frameworks, which include
ML-based methods, have been applied for lake detection, hazard scoring, and susceptibility
mapping, sometimes in combination with MCDA to incorporate expert knowledge. For
example, (Mondal et al., 2025) used ANNs trained on AHP-derived parameters, improving
interpretability. However, the study still lacks explicit uncertainty estimation—an essential

component for disaster risk reduction in data-sparse, hazard-prone environments.
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Recent advances in probabilistic ML models—including BNNs, Monte Carlo (MC) dropout,
and deep ensemble methods—address this gap by jointly modelling predictions and
uncertainties, capturing both aleatory and epistemic components (Guillet et al., 2023; Jospin et
al., 2022). These approaches generate calibrated confidence intervals on hazard predictions,
enabling prioritisation of monitoring and intervention where in-situ validation is infeasible.

However, their adoption in GLOF risk assessment is still rare.

Given the strengths and weaknesses of hydrodynamic methods, statistical methods, MCDA
methods, and ML methods for the purposes of glacial lake formation and mapping, hazard
assessment, and risk assessment, contemporary frameworks increasingly combine them—for
example, statistical models for initial high-probability lake screening, hydrodynamic models
for downstream impact mapping, and ML models for integrating multi-source hazard and
exposure datasets with uncertainty quantification. Such integrated, uncertainty-aware, multi-

hazard modelling represents a critical research frontier for advancing GLOF risk assessment.
2.4 Aims and Objectives of the Study

GLOFs have emerged as one of the most severe cryospheric hazards in high-mountain
environments, particularly in the Eastern Himalaya, where rapid glacier retreat, complex
geomorphology, and dynamic climatic conditions converge. The Eastern Himalaya,
particularly the state of Arunachal Pradesh and its surrounding areas, remains one of the most
understudied yet highly vulnerable regions to GLOFs. Although it reports a GLOF hazard rate
nearly three times higher than other Himalayan regions, comprehensive scientific
investigations are lacking (Veh et al., 2020). This gap is particularly concerning given that a
long-term glacial lake inventory (1970-2013) revealed a dramatic rise in both the number and
area of glacial lakes—showing up to a 1,000% increase in area in certain zones—and identified
61 lakes as critical or potentially hazardous (Thomas, 2023). Supporting this, another detailed
spatial inventory found that 82.8% of the region’s glacial lakes are erosion-type, which are
generally more unstable and prone to outbursts (Mal et al., 2020). Furthermore, a sector-wide
assessment of the Indian Himalayan Region (IHR) ranked Arunachal Pradesh second only to
Jammu and Kashmir (J&K) in the number of very high and high danger lakes, with 388
identified, compared to 556 in J&K and 219 in Sikkim (Mal et al., 2021). The limited and
mostly regional nature of existing studies, coupled with significant data scarcity, underscores

the urgent need for focused, large-scale research in this region.
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In addition to the minimum number of studies, the Himalayan region is characterised by
seismic activity, highly undulating terrain, limited accessibility, and scarce data from experts.
These factors underscore the urgent requirement for modern, data-efficient methodologies to
evaluate GLOF hazards (Afroz A Shah, 2013; Shah et al., 2025; Shah et al., 2024a; Shah et al.,
2024b). Such approaches necessitate the integration of earthquake hazards as potential drivers
of GLOF events. Though field observations are essential as ground-truth, benchmarking, and
validation, they are insufficient to match the requirements of measuring the rate and scale of
environmental changes for a large study area. Modern remote sensing technologies,
complemented by advanced ML methods, now allow lake prediction, hazard assessment, and
risk assessment at local and regional scales and in near-real time, offering a pathway toward
more effective disaster risk reduction in vulnerable mountain regions. However, many existing
GLOF risk assessment studies in the same regions also (e.g. (Rounce et al., 2016; Rounce et
al., 2017; T. Zhang et al., 2022b)) adopt a relatively narrow scope, concentrating primarily on
glaciological and hydrological parameters while underrepresenting other critical triggers and
amplifiers. For example, T. Zhang et al. (2022b) assessed lake risk using only five parameters
and omitted key seismic and geomorphic drivers such as earthquakes, active faults, and land
cover (Afroz Ahmad Shah, 2013). Similarly, Rounce et al. (2016), and Rounce et al. (2017)
avoided accounting for topographic characteristics (slope, elevation), and tectonic activity.
Although Kougkoulos et al. (2018) integrated thirteen parameters, including certain seismic
indicators, their framework excluded landslides and proximity to faults—factors known to
substantially influence GLOF initiation. As a result, the combined influence of earthquakes,
active faults, landslides, and historical GLOF events remains insufficiently explored, limiting
the comprehensiveness and predictive strength of current models. The above-mentioned
disparities demand the critical need for a GLOF-related comprehensive study in the Eastern

Himalayan region, especially for study areas located in Arunachal Pradesh and nearby areas.

In view of the above, this thesis considers rapid changes in glacier dynamics serving as
critical indicators of emerging hazards, particularly GLOFs, which pose significant threats to
downstream communities. The development, stability, and potential failure of glacial lakes are
influenced by multiple interacting and interconnected factors. Among the three categories of
factors, (i) climate change drivers such as rising temperatures and precipitation variability, (ii)
anthropogenic influences, geomorphological features and topographic characteristics, and (iii)
seismic activity (earthquake, tectonic faults, landslides) are prominent and play important roles.

The interplay of these multiscale factors determines lake evolution and outburst potential, yet
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several remain underrepresented or insufficiently integrated in current hazard and risk
assessment studies. Consequently, given the accelerating impacts of climate change —
manifested in the expansion of many glacial lakes and the rising likelihood of GLOFs — there
is a need for ML-based multiple frameworks that allow prediction of lake formation, hazard
assessment, and risk assessment in an innovative, accurate, and scalable manner. Moreover,
the developed ML-based frameworks should support robust, scalable, and adaptive early-
warning systems in data-scarce high-mountain environments like the Eastern Himalayas. This
thesis proposes to develop ML-based GLOF risk assessment frameworks for the Eastern

Himalayas. Objectives of the thesis are as follows:

1. Identifying the critical features influencing the glacial lake formation using ML-based
mathematical models.

2. To predict the likelihood of glacial lake formation using local neighbourhood (geomorphic
and topographic features) influence.

3. To evaluate the hazard level associated with existing glacial lakes under the influence of
geomorphology (specifically erosional features) using deep learning and a heuristic
framework.

4. To determine risk levels associated with glacial lakes in a tectonically active Eastern
Himalayan region through a hybrid weight of influencing factors obtained from the fusion
of both data-driven and expert opinion-based approaches.

5. To predict the comprehensive GLOF risk (probabilistic) under the climate change

conditions and other variables included in objective 4.
2.5 Organisation of Thesis

This thesis is structured into eight chapters to provide a coherent progression from
conceptual foundations to applied analyses and final synthesis. Chapter 1 introduces the
research problem, rationale, and scope, situating the study within the broader context of
cryospheric hazards and risk management. Chapter 2 presents a critical review of the existing
literature, consolidating current knowledge, identifying research gaps, and defining the specific
objectives addressed in this work. Chapter 3 outlines the overall methodology, including the

theoretical framework, data sources, analytical tools, and computational approaches employed.
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Chapter 4 focuses on the identification of key governing features influencing glacial lake
formation. In this chapter, future glacial lake development is also predicted using machine
learning (ML) techniques, integrating terrain and geomorphic parameters to enhance predictive
accuracy. Chapter 5 presents a hazard assessment of existing glacial lakes, employing a hybrid
methodological framework that combines ML models with heuristic evaluation to capture both
data-driven and expert-informed perspectives. Chapter 6 extends this analysis to deterministic
risk assessment through Multi-Criteria Decision Analysis (MCDA), where integrated expert
judgment and quantitative data-driven weights are applied to prioritize lakes based on their

potential hazard levels.

Building on these findings, Chapter 7 presents a comprehensive probabilistic risk
assessment of Glacial Lake Outburst Floods (GLOFs). This chapter incorporates uncertainty
quantification in predictive models, thereby providing a robust framework for probabilistic risk
estimation. Finally, Chapter 8 synthesizes the overall findings, draws key conclusions, and
highlights the broader implications of this research. It also outlines future research directions,
emphasizing methodological advancements and applied perspectives for enhancing hazard

monitoring, risk assessment, and disaster preparedness in high-altitude regions.

31
TH-3942_206104003



TH-3942_206104003



Chapter 3
Methodology and Study Area

3.1 Introduction

The first stage focuses on the identification and visualization of critical features associated with
glacial lake formation in the region of interest (ROI). Erosional and topographic features
influencing local lake development are systematically selected and analyzed. These identified
features serve as predictors or input variables for machine learning (ML) models—specifically
Logistic Regression (LR), Artificial Neural Networks (ANN), and Bayesian Neural Networks
(BNN)—to estimate the Probability of Glacial Lake Formation (PGLF). Comparative
evaluation of model performance enables the selection of the most suitable predictive
framework for mapping potential lake formation sites. In parallel, the relative contribution of
each input feature is quantified, thereby isolating the most influential drivers of glacial lake
formation.

The second stage builds directly on these findings by addressing the hazard potential of existing
glacial lakes within the ROI defined in Stage 1. Advanced feature extraction and pattern
recognition techniques are employed, with Convolutional Neural Networks (CNNs) applied to
remote sensing datasets to capture the spatial coherence between existing lakes and geomorphic
features such as erosional landforms. This analysis highlights dynamic processes, including
lake expansion, shrinkage, and the emergence of new lakes. The extracted spatial patterns are
then incorporated into a heuristic rule-based framework that integrates geomorphic indicators,
topographic characteristics, and geometric attributes of lakes to estimate hazard potential. This
stage results in the classification of existing glacial lakes into six hazard categories: Non-
Dangerous (ND), Low-Dangerous (LD), Moderately-Dangerous (MD), Highly-Dangerous
(HD), Very Highly-Dangerous (VHD), and Extremely Dangerous (ED). Simultaneously,
potential sites of future lake formation are identified and mapped.

The third stage advances the analysis toward a deterministic and regionally comprehensive risk
assessment framework. Here, the scope of the ROI is expanded to incorporate multi-hazard
influences, extending beyond local geomorphic factors. This stage accounts for regional drivers
such as historical Glacial Lake Outburst Floods (GLOFs), landslide activity, seismicity (faults,

landslides, and earthquakes), and anthropogenic exposure. A hybrid weighting scheme—
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combining expert-based Analytic Hierarchy Process (AHP) with the objective SE method—is
applied to assign relative importance to these variables. The weighted variables are then
integrated using the Technique for Order Preference by Similarity to Ideal Solution (TOPSIS)
and Fuzzy C-Means (FCM) clustering, resulting in the classification of glacial lakes into four
discrete risk categories: Low Risk (LR), Moderate Risk (MR), High Risk (HR), and Very High
Risk (VHR). This stage marks a conceptual transition from localized hazard evaluation to
regional-scale risk synthesis.

The final stage integrates the findings from all previous stages into a comprehensive,
uncertainty-aware probabilistic risk assessment model. Critical geomorphic, topographic, and
geometric features identified in Stages 1 and 2, together with anthropogenic and multi-hazard
variables derived from Stage 3, are combined with climate-related parameters, including
precipitation, temperature, and glacier proximity. These combined predictors account for both
geophysical and climatic forcing mechanisms influencing lake stability and outburst potential.
At the core of this stage is a BNN model, selected for its superior performance in Stage 1,
which is trained using risk class labels generated through the composite MCDA framework
developed in Stage 3. The outputs of this stage include both a risk classification of glacial lakes
into four levels—Low Risk (LR), Moderate Risk (MR), High Risk (HR), and Very High Risk

(VHR)—and an associated uncertainty map. The uncertainty mapping enhances interpretability
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and provides critical insights into the robustness and confidence of the classification, thereby
strengthening its utility for decision-support and risk-informed policy formulation.

The overall methodology adopted in this thesis is summarized in Figure 3.1, which outlines the
four-stage framework for GLOF risk assessment in the Eastern Himalaya using advanced ML-

based approaches.

| Machine Learning based Pipeline for Glacial Lake Risk Assessment |
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Figure 3.1: ML-based integrated pipeline for Glacial Lake Risk Assessment in the
Eastern Himalaya.

The framework incorporates influencing factors categorised into local lake-related factors
(geomorphology, topography, geometric attributes) and regional factors (historical hazard
proximity, tectonic activity, anthropogenic influences, and climate variables). The pipeline
progresses through four major stages for the four objectives of the thesis: (i) prediction of
glacial lake formation probability using LR, ANN, and BNN with critical feature identification,
(i1) hazard assessment of existing glacial lakes via CNN and heuristic approaches, classifying
lakes into hazard levels from ND to ED, (iii) deterministic risk assessment using hybrid MCDA
(AHP, SE, TOPSIS, and FCM), producing risk classes from LR to VHR, and (iv)
comprehensive probabilistic risk assessment with uncertainty estimation using BNNs,
integrating climate and exposure information for robust decision support.
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3.2 Study Area

In this thesis, two distinct study areas are considered: a Region of Interest (ROI)
representing a local or regional scale, and an Extended-ROI that expands the analysis to
incorporate broader, global influences. The work begins with the first two objectives in Stage
1 and Stage 2, focusing on the initial ROI, where the emphasis is on geomorphological and
topographical factors within a relatively confined geographic area. For the next two objectives
achieved in Stages 3 and 4, the study area broadens to the Extended-ROI, allowing for the
integration of additional variables such as geological structures, geomorphic features, tectonic
activity, and anthropogenic influences. The ROI used in Stages 1 and 2 is presented in Section

3.2.1, while the Extended-ROl is explained in Section 3.2.2.

3.2.1 Region of Interest (ROI)

The study is performed over the Eastern Himalayan site, having an approximate area of
1,17,796 km?, spanning across 28°28'N to 31°13'N latitudes and 92°55’E to 98°17'E
longitudes located in Arunachal Pradesh (India) and some parts of Tibet. The study area is
reported to have temperate weather conditions. Also, elevation values of glaciers vary from
4000 to 7600 meters above mean sea level (Bajracharya et al., 2014). The precipitation patterns
and glacier dynamics in the study area are primarily influenced by atmospheric moisture flux
from the Indian monsoon and, to a lesser extent, the East Asian monsoon, with transitional
zones between these systems playing a key role in regulating precipitation variability, and
glacier accumulation-melt processes (Yao et al., 2018). In recent decades, glaciers on the site
have undergone rapid retreat, increasing the number of glacial lakes (Gardelle et al., 2013; Ojha
et al., 2016) formed in the depressions caused by both glacier retreat and erosion. Moreover,
the region exhibits diverse landforms that vary with elevation — cirques and retreating glaciers
are observed at higher elevations than the other three features (valleys, flow channels, and
glacial lakes). The glaciers feed several perennial river streams, which flow through
mountainous regions and eventually join the Brahmaputra, supporting agriculture, hydropower
generation, and community livelihoods. Figure 3.2 shows the ROI with Google Earth image
and elevation profile obtained by using the global Shuttle Radar Topography Mission (SRTM)
30 m (1 Arc Second) digital elevation model (DEM).
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Figure 3.2: Location and topographic overview of the study area in the Eastern Himalaya,
covering parts of Arunachal Pradesh (India) and adjacent regions of Tibet. The top
panels illustrate the regional context, the specific study boundary, and the grid overlay
used for spatial analysis. The bottom panel shows a high-resolution digital elevation
model (DEM) of the study area, with elevation ranging from 340 to 7,252 meters. The
region exhibits complex mountainous terrain, extensive valley networks, and high-
altitude zones where glacier retreat and glacial lake formation processes are active.

The region exhibits complex mountainous terrain, extensive valley networks, and high-
altitude zones where glacier retreat and glacial lake formation processes are active. Google
Earth images of the ROI are collected from the years 2018 to 2022 by overlaying a grid over
the ROIL. However, if image scenes captured during the years 2018 to 2022 were obscured by
cloud cover or distortion, additional image data from 2015 to 2018 was incorporated to ensure
comprehensive coverage. Each image tile within a grid maintained a resolution of 1024 pixels
x 768 pixels, corresponding to a size of 3.5 km x 2.63 km (approximately 11m? resolution) on
ground. This resulted in a dataset comprising 12,924 images for the entire ROI.
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3.2.2 Extended-ROI

The extended region of interest (Extended-ROI) is a larger spatial extent that encompasses
the ROI and is studied in Chapters 6 and 7 for risk assessment studies. The Extended-ROI lies
within the Eastern Himalaya and spans parts of northeastern India, Bhutan, Nepal, northern
Myanmar, and the southeastern Tibetan Plateau. This transboundary region is characterized by
pronounced elevation gradients and active tectonic systems, including the Main Central Thrust
(MCT), Main Boundary Thrust (MBT), and Main Frontal Thrust (MFT), and falls
predominantly within Seismic Zone V-India’s highest seismic hazard -classification.
Influenced by a monsoon-dominated climate and subject to accelerated cryospheric changes,
the region exhibits rapid glacial retreat and increasing glacial lake activity. As the source area
for several major transboundary rivers, it holds critical importance for downstream water
security and is highly vulnerable to GLOF-related hazards. The Extended-ROI allowed a
comprehensive GLOF risk assessment beyond hazard evaluation to include broader regional
influences. Specifically, the extension allows for the integration of key drivers such as tectonic
activity, climatic variability, and anthropogenic exposure, which are critical for understanding
the spatial heterogeneity of GLOF risk assessment. A detailed discussion about the Extended-
ROl is provided in Chapter 6 for reference.

After presenting the methodological overview in this chapter, the thesis advances to address
the stage 1 objective in Chapter 4. Subsequently, the objectives of stages 2, 3, and 4 are
discussed in detail in Chapter 5, Chapter 6 and Chapter 7, respectively.
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Chapter 4

Prediction of Glacial Lake Formation

4.1 Introduction

Glacial erosional features are geomorphic evidence of the glacial processes shaping the
landscape and hydrology of a site. A glacial lake forms when flow channels direct glacier
meltwater or precipitation into lower-elevation depressions. These depressions may evolve into
cirque lakes or valley lakes depending on their geomorphic setting. Consequently, glacial lakes
appear in various morphologies and spatial configurations, typically occupying over-deepened
basins formed by glacial erosion or subsequent ice retreat. Their irregular or elongated shapes
reflect intense glacial sculpting, and their presence highlights regions of significant ice mass

loss and topographic modification.

Cirques are steep-walled, amphitheater-like hollows located near the origins of former
glaciers. These high-elevation features act as natural accumulation basins for snow and ice, and
upon retreat, often give rise to small tarns or nascent glacial lakes. At lower elevations, U-
shaped valleys dominate the landscape and represent the primary conduits for meltwater and
sediment transport, linking high-altitude glacierized zones with downstream river systems and

lowland catchments.

Interpretations drawn from satellite observations also highlight active glacial retreat and
related hydrological responses. Retreating glaciers, as evidenced by exposed bedrock and
thinning ice tongues, indicate the rapid pace of ice loss driven by regional climate warming
and leading to the expansion of proglacial lakes. The flow channels observed in deglaciated
and vegetated terrains — ranging from braided streams to incised river networks—demonstrate
how meltwater reconfigures the landscape. In several areas, these channels traverse steep
gradients and narrow valleys, signaling the potential for high-energy hydrological events such
as debris flows, sediment surges, and GLOFs. Sediment transport further modifies lake
characteristics, impacting their volume, turbidity, and potential instability. Consequently, the
geomorphic configuration of the landscape—including the spatial arrangement and interaction
of cirques, valleys, flow channels, and retreating glaciers—regulates water accumulation,
drainage pathways, and sediment transport. These processes not only establish the likely
locations for the formation of new glacial lakes but also influence the transformation of pre-

existing lakes.
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Recent efforts to predict glacial lake formation have utilised geomorphological, statistical,
or machine learning (ML) approaches, with varying success. Physically based
geomorphological methods, such as those employed by Furian et al. (2021)Furian, Loibl14,
identify potential lake sites by reconstructing bedrock depressions beneath retreating glaciers.
However, these approaches are constrained by size thresholds (area greater than 0.1 km?) and
often exclude smaller, yet hazardous, lakes. Morphological scoring models (e.g., (T. Zhang et
al., 2022a))incorporate expert-assigned weights for features such as slope, crevasses, and
glacier proximity but are subject to subjective biases and exclude critical geomorphological

variables or features such as cirques and flow channels.

ML-based approaches offer improved capacity to capture complex relationships among
influencing factors. Mohanty et al. (2022) applied logistic regression (LR) models
incorporating climate, topography, and glacier features. However, only 50% of the features
used were statistically significant (p-value < 0.05) for lake formation. The insignificance of the
remaining features could be attributed to factors such as multicollinearity, weak association
with the target variable, or limited data variability. Moreover, LR assumes linear relationships
that inadequately capture the inherently non-linear and dynamic processes governing lake

formation.

Artificial Neural Networks (ANNs) have demonstrated advantages over linear models by
effectively capturing non-linear dependencies and complex interactions in glaciological
applications, including glacier boundary detection, meltwater modelling, snow cover
forecasting, and ice thickness estimation (Baumhoer et al., 2019; Hou et al., 2014; Kim et al.,
2016; Mohajerani, 2019). However, both ANN and traditional statistical regression models
(e.g. LR in (Mohanty et al., 2022) study) lack inherent mechanisms to quantify prediction
uncertainty or capture correlations among influencing factors, which can lead to biased or
unreliable outcomes. In hazard-sensitive scenarios, such as glacial lake formation, this
uncertainty may result in either unnecessary resource allocation due to false positives or

unanticipated catastrophic events due to false negatives.

Bayesian Neural Networks (BNNs) address these challenges by integrating Bayesian
probability principles with the structural advantages of neural networks. BNNs not only address
uncertainty inherent in environmental data and predictions but also effectively capture
correlations among a broad range of input features in glaciology. Additionally, it uses small

amounts of field data combined with Bayesian inference to train a network, which helps prevent
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overfitting — a common problem with more ‘data-hungry’ models (e.g. (Gopalan et al., 2018;
Guillet et al., 2023; Jospin et al., 2022)). Therefore, this study presents a novel, data-driven
framework for probabilistic prediction of glacial lake formation in the Eastern Himalaya using
erosional and topographic features within a BNN modelling approach. To our knowledge, this
represents the first application of BNNs for forecasting glacial lake occurrence, explicitly
integrating geomorphological controls alongside established topographic variables.
Comparative assessments are conducted using LR, ANN, and BNN models, with predictive
performance evaluated through receiver operating characteristic (ROC) curves and uncertainty
quantification metrics. Our results identify critical geomorphological and topographical
features influencing glacial lake formation and demonstrate the superior predictive accuracy
and uncertainty management capabilities of the BNN approach. The probabilistic risk maps
generated herein provide a valuable tool for hazard mitigation, infrastructure planning, and
sustainable water resource management in GLOF-prone regions. On a broader scale, this
methodology offers a transferable framework for application in other glaciated mountain
systems globally, contributing to improved disaster risk reduction, early warning systems, and
climate adaptation strategies. This study is performed over the study area illustrated by Figure

3.2 in the previous chapter.
4.2 Methodology and Materials

The proposed framework adopts a data-driven approach to predict the probability of glacial
lake formation (PGLF) by integrating geomorphological and topographic indicators within
machine-learning models. High-resolution Google Earth imagery and the 30 m SRTM DEM
were used to delineate the features in the study area and extract relevant spatial information.
To enable systematic data extraction, the study area was subdivided into a square grid. Google
Earth imagery was analysed using a grid-based visualisation format in which each tile (1024 x
768 pixels) represented an area of approximately 3.5 km x 2.63 km. This scale was well suited
for identifying macroscale geomorphic features relevant to glacial lake formation—such as
cirques, valleys, flow channels, retreating glaciers, and neighbouring lakes—which cannot be
interpreted reliably at smaller viewing extents. In contrast, local-scale topographic variables
including slope, elevation, profile curvature, and plan curvature, which influence the formation
of depressions or cavities and large features, were derived from the SRTM DEM. Together,
these datasets provide complementary information: Google Earth imagery captures large-scale
geomorphology, while the DEM represents microscale surface characteristics. Glacial lake

presence was then mapped to classify each grid cell as either ‘lake’ or ‘no lake’. The flowchart,
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representing the complete process of obtaining the likelihood maps of glacial lake formation,

is shown in Figure 4.1.
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Figure 4.1: Flowchart showing the methodology to model glacial lake formation.
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4.2.1 Data Preparation

For the three techniques (LR, ANN, and BNN), input and output data are systematically
prepared by measuring the occurrence of erosional features (cirques, valleys, retreating
glaciers, flow channels), glacial lakes, and topographical features (elevation, slope, profile
curvature, and plan curvature) in each of the 12,924 images. A neighbourhood of 3x3 grids was
considered to extract feature values for each grid associated with glacial lake location or non-
lake location, forming the primary dataset for model development. Descriptions of erosional
prediction features are as follows (Dar et al., 2017; Evans et al., 1974; Flint, 1971; Yongping,
2004):

1. Glacial lakes (GLs) are uniformly textured water bodies of various sizes and forms,
ranging in colour from deep blue to green or brown. They display differences in depth,
sediment content, and sunlight exposure. This study considers all types of lakes,
regardless of their dam conditions, such as bedrock-dammed, ice-dammed, moraine-
dammed, and other erosion lakes.

2. For a glacial lake, a neighbouring lake situated at a higher elevation is defined as an
upstream lake, whereas a lake at a lower elevation is considered downstream. However,
it is less likely that two adjacent lakes share the same elevation. When lakes are at the
same elevation, they form due to the partitioning of inflow at that level. Therefore, in
this study, lakes at the same elevation are regarded as part of the downstream lake.

3. Cirques (C) are usually identified by a bowl or armchair shape, with a steep headwall,
a gently inclined or over-deepened floor, and a convex slope break marking the
transition from the cirque to the lower valley.

4. Valleys (V) are broad, elongated U-shaped depressions with gently rising slopes as you
move upwards, located among hills and often crossed by meandering or braided flow
channels.

5. A retreating glacier (RG) is characterised by rough surfaces, crevasses, striations, and
the emergence of rocky terrain and moraines, formed by glacier melting and glacio-
fluvial erosion.

6. Flow channels (FC), which serve as pathways for water across glaciers, can have either
a smooth or rough texture depending on whether they are filled with water.
Additionally, their colour is affected by sediment load, while their flow pattern (such

as braided or meandering) is determined by the surrounding topography.
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Figure 4.2 and Figure 4.3 show typical examples of feature variables associated with

geomorphology.

Glacial Lake

Figure 4.2: Representative examples of mapped glacial erosional features in the Eastern
Himalaya based on high-resolution Google satellite imagery. Yellow lines delineate the
boundaries of (top) glacial lakes, (middle) cirques, and (bottom) glacial valleys. These
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features govern the spatial occurrence, expansion, and hydrological connectivity of
glacial lakes, influencing downstream flood hazards and landscape evolution. The
systematic mapping of these features forms a critical input for the probabilistic prediction
of glacial lake formation..

Retreating Glacier

Flow Channels

Figure 4.3: Mapped glacial erosional features in the Eastern Himalaya are shown using
high-resolution Google satellite images. Visual examples of retreating glaciers (top two
rows) and associated flow channels (bottom two rows) in a high mountain region. Yellow
lines delineate glacier margins and hydrological flow paths. Retreating glacier images
show ice thinning, exposed rock surfaces, and the formation of proglacial lakes, indicative
of significant ice loss. Flow channel images illustrate the evolution of drainage networks
in response to glacial recession. These visual observations provide contextual support for
identifying terrain susceptible to glacial lake formation and hydrological transformation.

In Figure 4.2, yellow lines delineate the boundaries of glacial lakes (upper row), cirques
(middle row), and glacial valleys (lower row). Whereas, in Figure 4.3, yellow lines delineate
glacier margins and hydrological flow paths. Retreating glacier (RG) images show ice thinning,
exposed rock surfaces, and the formation of proglacial lakes, indicative of significant ice loss.

Flow channels in images illustrate the evolution of drainage networks in response to glacial
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recession. These features govern the spatial occurrence, expansion, and hydrological
connectivity of glacial lakes, influencing downstream flood hazards and landscape evolution.
Thus, visual observations provide contextual support for identifying terrain susceptible to
glacial lake formation and hydrological transformation. Systematic mapping of these
geomorphological features forms a critical input for the probabilistic prediction of glacial lake

formation.

On the other hand, topography variations influence glacial meltwater dynamics and
essentially govern the process of lake formation. Feature variables associated with topography
variations, namely slope, elevation, profile curvature and plan curvatures for each grid are
estimated using the global SRTM DEM in ArcMap 10.8. Slope influences speed of meltwater
flow— steeper slopes cause faster runoff and higher erosion rates, increasing the risk of sediment
transport to lower valleys and vice versa. Elevation significantly influences melt rates, as higher
elevations retain colder temperatures, slowing the melting of ice. In contrast, lower elevations
are warmer, resulting in increased meltwater flow and a higher likelihood of lake formation
and downstream impacts. Profile curvature measures the curvature along the direction of
maximum slope, which affects how glacial meltwater flows down slopes. Areas with positive
profile curvature (upwardly concave, cup-shaped or depression) accelerate flow speed, leading
to erosion, while areas with negative profile curvature (upwardly convex, cap-shaped or ridge)
decelerate the meltwater movement, encouraging the deposition of sediments. Plan curvature,
measuring curvature perpendicular to the slope, affects how meltwater spreads across the
terrain. Positive plan curvature (sidewardly convex) areas cause divergent flow, dispersing
meltwater and reducing saturation. Conversely, negative plan curvature (sidewardly concave)
areas lead to convergent flow, where meltwater collects and increases the potential for ponding
or soil saturation (No€l et al., 2014). Notably, if the profile or plan curvature is zero, it
represents the linear surface along the associated direction. Accordingly, Figure 4.4 This paper
presents the nine different combinations of profile and plan curvature that occur in the hillslope

and influence the flow pattern and flow direction.
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Hillslope form

Profile Curvature

Plan curvature

1

[

Concave (+); Accelearated
Concave (+); Accelearated
Concave (+); Accelearated
Linear (0); Uniform
Linear (0); Uniform)
Linear (0); Uniform)
Convex (-); Decelerated
Convex (-); Decelerated

Convex (-); Decelerated

Concave (-) ; Convergence
Linear (0); Uniform
Convex (+) ; Divergence
Concave (-) ; Convergence
Linear (0); Uniform
Convex (+) ; Divergence
Concave (-) ; Convergence
Linear (0); Uniform

Convex (1) ; Divergence

Figure 4.4: Representation of different combinations of plan curvature and profile
curvature of the hillslope.

4.2.1.1 Feature Diagnostics and Multicollinearity Assessment

To ensure uniform scale and stability during model training, all topographic features were
standardised to zero mean and unit variance prior to analysis. Simultaneously, erosional
features were encoded as binary indicators (1 for presence and O for absence). Further, the
presence of multicollinearity among predictors was assessed using the variance inflation factor

(VIF). Results are summarized in Table 4.1 below.

Table 4.1: Multicollinearity check using VIF value

Features VIF value
Neighbourhood Lakes 1.5400
Cirque 1.0230
Flow channels 1.2040
Retreating glacier 1.2710
Valley 1.1230
Elevation 0.5130
Slope 0.6460
Profile curvature 2.1580
Plan curvature 2.0720

All features exhibit VIF values below the conservative threshold of 5, confirming the
absence of multicollinearity within the dataset. Specifically, neighbourhood lakes (VIF = 1.54),
cirques (1.02), flow channels (1.20), retreating glaciers (1.27), and valleys (1.12) show lower
VIF wvalues, indicating minimal interdependence while retaining their independent
contributions to glacial lake formation modelling. Among the topographic variables, elevation
(0.51) and slope (0.65) demonstrate particularly lower VIFs, reflecting their orthogonality and
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numerical stability following standardisation. Curvature metrics — profile curvature (VIF =
2.16) and plan curvature (VIF = 2.07) — present higher VIF values, yet their values remain
within accepted limits, indicating moderate associations with other features without
introducing redundancy or instability into the models. Moreover, the absence of multi-
collinearity among features strengthens the interpretability and statistical robustness of the
models, ensuring that parameter estimates are stable and free from variance inflation
distortions. These results confirm that all selected features contribute as non-redundant,
independent, and uncorrelated information to the modelling framework for the prediction of
PGLF.
4.2.2 Logistic Regression

LR is a multivariate nonlinear statistical analysis method suitable for binary categorical
problems with multiple control features expressing relationships between an output or
dependent feature and independent (or explanatory) features (Aloisio et al., 2023; Feby et al.,
2020; He et al., 2022; Witteveen et al., 2018; Zhong et al., 2024). In this study, the presence of
a lake is an output feature or dependent feature (where 1 indicates the presence of a lake in the
grid, 0 represents the absence of a lake in the grid). Further, independent or explanatory features
can be either discrete or/continuous values depicting the influencing features of lake
occurrence. The LR model uses a logistic function (also known as a sigmoid function), which
predicts probability values of the output feature between 0 and 1. The LR model works by
fitting a linear equation to the input features and applying the logistic function to the result of

the linear equation. The linear equation defines log-odds (Y) as:

Y =By + Bix1 + Boxz + -+ Boxg (D)

where, X4, X5, ..., X9 The input features are in binary (1 for the presence of erosional features,
else 0) and continuous form (here, it is a continuous value for topography features). In this
chapter, nine influencing features or independent variables are used, such as the neighbouring
lake, cirque, flow channel, retreating glacier, valley, elevation, slope, profile curvature, and

plan curvature.

B1, B2, -, B9 = Coefficients of the corresponding independent variable or influencing features

as indicated from x4, to xo,
Po = Intercept term

Y = Log odds of outcome probability (logit function is the natural logarithm of the odds ratio).
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The logistic function is applied to the log-odds (determined by equation 1) to convert them to
probabilities P(Y):
1 (2)
P(Y) =
) 1+e7Y

where, P is the probability of a log-odds of a glacial lake occurrence under the presence of the

five erosional features and four topography features.

4.2.3 Artificial Neural Network (ANN)
An ANN is a computational model inspired by the structure and function of the human

brain (Aloisio et al., 2023; Kalimullah et al., 2023b). Figure 4.5 shows ANN architecture.

oo

CE-X-)

Input Layer Hidden Layers Output Layer

Figure 4.5: ANN architecture.

ANNs aim to determine an underlying function linking inputs and output features by
processing a large number of data points through weighted connections and activation
functions. The data from the layer of input features is transferred from one layer of
interconnected nodes (or neurons) to the next, where each neuron processes the received
information and passes it further to the following layer until the final output is generated. To
explain an ANN mathematically, consider a dataset D = {x;, ¢;}),, where x; € R% and ¢; €
{c1, cq, ..., ck }. Here, ¢, represents a one-hot encoded vector, where only the k-th element is
one and the others are zero. The number of different classes is denoted by K (two classes: lake
and no-lake class), the sample size by N (12924 grids), and the dimension of input features by

d (9 influencing features or input variables).

ANNSs define model likelihood using a neural network with L hidden layers. For each layer j €

{1,2, ..., L + 1}, let K% € R% be the pre-activated output, expressed as:
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h¥) = fe(j)(h(j_l)) = W(j)¢(h(j—1)) + pW) 3)

where, W) € R%*4-1 is the weight matrix and b0) € R% is the bias vector for the j-th layer,
and ¢ (-) denotes an element-wise non-linear activation function. By stacking these layers, the

output of the ANN is:
fo(x) = fg(L+1) ° fg(L) °...0 fg(l) (x) 4)

where, 0 = [(Vec(W(l)), ...,vec(W(“l))),(b(l), ...,b(“l))] represents entire set of
network parameters, and vec(W) denotes vectorization of matrix W. Given the final K-

dimensional output fg(x) = ( fo1 (%), ..., fox (x)), the likelihood p(%|x, @) is written as:

exp (fe,k (x)) )
;{=1 €xp (fe,j (x))

p(y = cklx,0) =p(y = cx | fo(x)) =

During training process, the ANN learns to adjust its parameters 8 by minimizing a chosen loss
function, which quantifies difference between predicted outputs of the network and measured
target outputs. For classification tasks, cross-entropy loss function is preferred, which is
expressed as:
1 (6)
£L(O) = —Z ¢jlogp(y = c;|x, 0)
j=1

Training of an ANN involves backpropagation algorithm, which adjusts the network
parameters iteratively by propagating error (calculated by loss function) backwards through the
network layers. This process enables the network to learn from the error between predicted and
labelled outputs to improve its performance over time. The following algorithm expresses

functioning of ANN (De et al., 2020).

Algorithm — Training a ANN and probability estimation for a feature class

1:  procedure Training an ANN for Classification Task

2: Initialize the learnable parameter @ in the neural network.

3: while @ does not converge do

4: # from training dataset D randomly sample a mini-batch {x;, ¢;}'~,.
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5: # Compute cross-entropy loss.

1 M K
L(0) « ——z lz Cj logp(yi = ¢jlx;, 0) )
M Laj=q | Laj=yq

6: # Update @ with gradient Vo £(@) and learning rate a.

0 —0—aVyL(0).

7: end while

8:  procedure Probability estimation of a Class

9: #let @ be the optimised parameter after training the network.
10: # for a new input x*, estimate the probability of each class.

p(y" 1 x,8) = fa(x).

4.2.4 Bayesian Neural Network (BNN)

BNN is a probabilistic approach to neural networks, quantifying uncertainty in predictions
and model parameters. Unlike the conventional neural networks (ANN), which provide point
estimates for predictions, BNNs provide a distribution of predictions, allowing for more robust
decision-making in uncertain environments. Moreover, ANN frequently encounters overfitting

during training due to unbounded weight values and fixed fully connected structures

(Kalimullah et al., 2023a; Zhang et al., 1998).

To mitigate this issue and enhance generalization capability, the BNN model is
developed for predicting the probability of the glacial lake formation (p(¢ = c;)) using the
influencing features of lake occurrence as input features (x) to the network. Here, binary
classification is performed with classes c; and c, representing ‘lake’ and ‘no-lake’ classes.
Similar to ANN, the BNNs consist of interconnected layers, including input, hidden, and output
layers. However, in BNNs, each weight and bias parameter in the network is treated as a

random variable with a prior distribution.

During training, BNNs learn the posterior distribution, capturing uncertainty in model
parameters as well as uncertainty in data. A prior distribution p(@) is placed on the parameter

0 € 0 in the Bayesian framework, which computes posterior distribution as:
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p(DIO)p(0) TIiL,p(y:lx;, 6) p(6) (7)

PO ="0my T @

and for given p(0@|D) and a new input x*, predictive distribution for a new output ¢ is given

by:
p(y’|x",0) = f p(y'|x",0)p(8]D)de. (8)
0

Calculating the posterior p(8|D) is often intractable due to need for integrating over the entire
parameter space ©. To address this challenge, studies employ two primary methods for model
learning: Markov Chain Monte Carlo (MCMC) and stochastic variational inference. MCMC
methods proposed by Welling et al. (2011) and Chen et al. (2014) require significant memory
for training deep networks, making them less practical in certain cases. Stochastic variational
inference is more attractive as it approximates posterior distribution with a simpler and
tractable distribution g, (@), parameterized by . It finds the closest distribution to true
posterior from a family Q = {q,l, (CRAS ‘P}, making it computationally feasible for large-

scale models. This closeness is measured by the Kullback—Leibler (KL) divergence:

9
KL(a4(@)I(0ID) ) = [ ay(®)1og q(";,(w)) e. ®

Minimizing the KL divergence equates to minimizing evidence lower bound (ELBO):

L) = ~Eq, o) [10gp(glx, 0)] + KL (94(O)IIp(6)), (10)

where, E[-] is expectation operator.

In practice, it becomes:

T N (11)
L)~ ~ 7). Y 1ogp0nlxi, 00+ KL (4@ b)),

where, 8;~q " (@) and T is the number of Monte Carlo samples.

For classification, the network’s final layer outputs class (c) logits z € R¥, followed by a

softmax transformation:

e’ (12)
py=clx8) =g—rp , =12,k

j=1¢
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The softmax output yields normalized class probabilities, representing the model’s estimated
likelihood for each risk category. These probabilities are used during training to compute the
categorical cross-entropy loss, which measures the divergence between the predicted
probability distribution and the true class label. During inference, the same softmax outputs

provide the predictive class probabilities for new inputs.

After the model hyperparameters optimization, predictions for a new input x* are obtained by

averaging over the 7 samples from the approximate posterior:

r (13)

L
P 12 = [ py 15,0) g (0040 1> ply 15°,0),

=

where 8;~qy,-(0) and T is the number of Monte Carlo samples.

The next sub-section discusses methods for quantifying uncertainty in classification tasks using
BNNs by the stochastic variational inference introduced by Gal et al. (2016) and further
developed by Kendall et al. (2017).

4.2.4.1 Uncertainty Quantification in Lake Prediction using BNN
Variational predictive distribution, which approximates the predictive distribution (posterior

probability p(¢*|x*, D)), is defined by Monte Carlo estimator as:

N A i (14)
Py(y” 1 x7) = ;Z Py(y’ 1 x7,0,),

t=1
where {0,}7_, are samples drawn from optimized variational distribution qy(8). According to
the weak law of large numbers, this estimator converges in probability to g, (%" | x*) as the

number of samples T increases. Once the variational parameters ¥ are optimized by

minimizing the ELBO, the estimator becomes:

~ * * 1 f * * 15
py(y Ix)=;zt_1p(y | £,8,), )

Aleatoric and Epistemic Uncertainties: Optimised network parameter 8 is obtained after

training a network. Predictive uncertainty Var,, £ 9) (#*) can be computed by incorporating

r(y

negative correlation structures among classes, as proposed by Kwon et al. (2020):
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Varp(y*lx*,g) (’y-*) (16)

1 T - —~
==Y [dioglp(y 12,8}~ p(w 15,8)%" ]
T 4ai—y

aleatoric

17 .
+;Zt=1[p(y» | 27,8,) — pg(y" | x7)

epistemic

]@2

where, Var[-] is the variance operator, u®? = uu’ and diag(u) is the diagonal matrix with
elements of u. Predictive uncertainty, Var, 4+, ¢)(#") is decomposed into aleatoric (data)
uncertainty and epistemic (model) uncertainty (as shown in equation 13). Aleatoric uncertainty
arises from inherent randomness in the data, while epistemic uncertainty comes from
uncertainty in the model parameters (Jospin et al., 2022). Following is the algorithm for

calculations of posterior probability and predictive uncertainty.

Algorithm 2 Training BNN and uncertainty quantification with variational inference

1:  procedure Training a BNN

2: Initialize the learnable parameter ¥ in the neural network
3: while ¥ does not converge do
4: # from training dataset D randomly sample a mini-batch {x;, ¢;}'., .
5 # draw Ty, samples {Bt}?:rl from the variational distribution g,,(8).
6: # Compute negative ELBO.
1 ™ 1 —M
L) = " | =5 logp(yili80) + KL (ay(801In(80) |
Ttr t=1 M i=1

7: # Update ¥ with gradient V,, £L(3) and learning rate a.

PYe—p— aV¢L(lI}).

&: end while

9:  procedure Uncertainty Quantification

10: # let 1 be the optimised parameter after training network.
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I # draw T samples {9}};1 from optimised variational distribution qy;(8).
12: # for a new input x£*, compute the uncertainties
13: # aleatoric uncertainty:
1 T : * * 0 * « 7 \®2
7. |diaglp(y 12,0} - p(y 127,8)%" ]
t=1
14: # epistemic uncertainty:
1 z * * D ~ * « 192
;z [p(y 1 27,8,) —py(y 1 x7) ]
X1
15: andp(y* | x,0,) = fp,(x7).

4.2.5 Optimization of Hyperparameters

Optimizing hyperparameters is a critical stage in ML algorithms, as it directly influences
the model's predictive performance. Configuring the right set of hyperparameters often requires
a mix of specialized knowledge, intuition, and trial-and-error experimentation. Bayesian
optimization identifies the optimal hyperparameters that minimize the validation error. Let X
represent the space of possible hyperparameters and f denote the objective function for

minimizing validation error. The optimization process can be expressed as:
x* = argmin f(x), (17)
XEX

here, x* represents the set of hyperparameters that produce the minimum value of the objective

function, while x refers to any value within the space X.

This process is classified as a global optimization of black-box functions, where the
function expressions and their derivatives are unknown (Snoek et al., 2012). It utilises a
surrogate probabilistic model based on Bayes' theorem , where the selection of values for
subsequent iterations is guided by the outcomes of previous ones (Brochu et al., 2010).
Bayesian optimization is especially effective because the surrogate model is computationally
cheaper to evaluate than the actual target function. It strategically narrows down the search
space by using prior evaluations, avoiding the inefficiencies of grid search or random search,
which often waste time exploring poorly performing areas (Wu et al., 2019). This makes

Bayesian optimization highly suitable for optimizing expensive or black-box functions, such
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as deep learning model tuning or scientific simulations. For a more comprehensive
understanding on the Bayes optimization process, a detailed article by Williams et al. (2006)

can be referred. There are six stages in Bayesian optimization as follows:

1. Start by evaluating the objective function at a few initial hyperparameter points and
construct a surrogate probabilistic model.

2. Use an acquisition function (e.g., Expected Improvement or Upper Confidence
Bound) to determine the next hyperparameter set to explore, balancing exploration
and exploitation.

3. Evaluate the objective function (e.g., model accuracy or error) for the selected
hyperparameters.

4. Update the surrogate model with the new observation, refining its approximation of
the objective function.

5. Repeat steps 2—4 for a specified number of iterations or until a stopping criterion is
met.

6. Select the hyperparameters with the best-observed performance as the final

configuration.
4.3 Simulation

In the ROI, 12,924 gridded images are used. For each of the five erosional features, namely,
glacial lake, cirque, valley, flow channel and retreating glacier, images in overlaid grid are
visualized from bottom row to top row in a column of the overlaid grid. Once information from
all images in a column is collected, the same process is repeated for the next column till all

images in the study area are observed.

Next, for a location, a dataset for model training is prepared by observing the occurrence
of neighbouring lakes and erosional features within the 3 X 3 neighbouring grids' images
around the central grid. Simultaneously, the dataset for topography features of the central grid
is also included for the same location. The central grid image location contains two types of
scenarios: either it contains ‘lake’ or it contains ‘no lake’. As a few images contain multiple
lakes, it is found that 2,462 image locations contain 2,638 lakes, while the remaining 10,462
images show ‘no lake’ occurrence. For neighbourhood lakes, a lake occurring either upstream
or downstream with respect to a central grid plays a unique role in lake formation. Upstream
lakes act as a reservoir for the lake in the central grid position and provide water through
overflow or drainage for the lake formation, while downstream lakes indicate established
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drainage pathways and geomorphic suitability like cirque or valley formations, suggesting
favourable conditions for water accumulation in the central grid. Therefore, the input features
dataset is prepared by adding information for the presence of neighbourhood lakes, cirque,

valley, retreating glaciers and flow channels in the neighbourhood of the central grid.

Input features of topography (slope, elevation, profile curvature and plan curvature)
associated with ‘lake’ and ‘no lake’ locations are retrieved by using SRTM DEM through
ArcGIS. The prepared dataset of the nine features shows information about the surrounding
erosional features and topography variations. The dataset shows an imbalance for the two
classes, i.e. 2,462 ‘lake’ and 10,462 ‘no lake’. Out of these 12,924 data locations, 60% data is
randomly collected and used to train the three models, and 40% data is used for testing.
Training with the imbalanced data may result in a biased model that favours the majority class.
However, an ideal model should distinguish between both classes accurately. Therefore, to
improve the predictive power of the three models, class weights are considered. Although
under-sampling is a valid method for class imbalance, it was not used to avoid discarding
valuable spatial patterns present in the majority class (no-lake), which are essential for correctly
identifying regions unfavourable for lake formation. Afterwards, the trained models are applied
to the remaining dataset for computing the probability of lake formation in the entire study
area. The following sub-sections discuss the details of optimisation of model hyperparameters

and training of the three models.

4.3.1 Hyperparameter Optimisation

This sub-section discusses the optimisation of hyperparameters using Bayesian
optimization, including penalty, solver, regularisation (C), and maximum iterations for LR
models, as well as the number of hidden layers, neurons per layer, epochs, learning rate,
activation function, and mini-batch size for ANN and BNN models. Table 4.2 shows the option
details for LR model hyperparameters, and Table 4.3 presents the varying range of
hyperparameters for the ANN and BNN models.

Table 4.2 Description of LR model hyperparameters

Hyperparameters for optimization Option details

Penalty type L1 (lasso), L2 (ridge), elasticnet, none
Solver saga, liblinear, 1bfgs, newton-cg
Regularization (C) 107% — 10*
Maximum iterations 50 — 500
Class weights balanced, none
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Table 4.3: Range of Hyperparameters for tuning the ANN and BNN models

Hyperparameters for optimization Range

Number of hidden layer 1-6

Neurons per hidden layer 10 — 100

Epochs 100 — 500

Mini batch size 50 — 150

Learning rate 0.0001 - 0.1
Activation function Tanh, ReL U, Sigmoid
Class weights balanced, none

Hyperparameter optimization is conducted by minimizing the cross-entropy loss using k-
fold cross-validation, where the training data (which corresponds to the complete dataset,
excluding the test dataset) is divided into k subsets. Each subset is used once as a validation
set, while the remaining subsets are used to train the model. This process is repeated until all &
subsets have been used as the validation set. The average validation error across all & folds is
calculated and used to identify the optimal hyperparameter combination (Qiu et al., 2022). In
this study, £ is set to 5, determined through an ablation study that balanced computational cost

against accuracy for higher & values.

The hyperparameter tuning process begins with initial trials using random combinations of
hyperparameters within the defined search space. Following the initial trials, each subsequent
iteration involves fitting a Gaussian process and utilizing the posterior distribution, combined
with an exploration technique, to identify the next set of hyperparameter combinations to
evaluate (Snoek et al., 2012; Williams et al., 2006). This process continues until the specified
number of trials and iterations is completed. Table 4.4 shows the optimal hyperparameters
values for the LR model, while Table 4.5 presents the optimal hyperparameters for the ANN

and BNN models, both selected by minimising the negative accuracy (maximising accuracy).

Table 4.4: Optimal hyperparameter values for LR model

Hyperparameters for optimization Option details

Penalty type L2 regularization
Solver Lbfgs
Regularization (C) 0.0001
Maximum iterations 369
Class weights Balanced
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Table 4.5: The optimised values of hyperparameters for the ANN and BNN models

Hyperparameters for optimization Tuned values for Tuned values for

ANN BNN
Number of hidden layer 3 3
Neurons per hidden layer 99 71
Epochs 173 292
Mini batch size 88 105
Learning rate 0.0021 0.0026
Activation function (Hidden layer) Sigmoid Sigmoid
Class weights Balanced Balanced

The optimal hyperparameter combinations are then utilized to train the model on the entire
training dataset, and the resulting outputs are evaluated on the test set. A detailed discussion of
the test results of all the three models (LR, ANN and BNN) are provided in the subsequent

section.

4.3.2 Model simulation

4.3.2.1 Logistic Regression (LR) Model for lake prediction:
Using the optimal hyperparameters, the LR model is trained, and the model coefficients (8
values) of influencing features or variables (x;) are determined with their p-values. Table 4.6

mentions model coefficients (8, to ) and p-values show statistical significance.

Table 4.6: Coefficients of the LR model with p-values

Input prediction features Feature Coefficient p-value
(Coefficients) description estimate
Intercept (Bo) not applicable -2.156 2.55%1071
Neighbourhood Lakes (f;) presence 2.2522 0
Cirque (8,) presence 0.40431 1.05x10%®
Flow channels (f53) presence -0.12984 0.01427
Retreating glacier (f,) presence 0.16427 0.00143
Valley (S5) presence 0.13453 0.02979
Elevation (f¢) Metre -0.00022 7.85x1073
Slope (87) Degree -0.18355 2.28x1071
Profile curvature (fg) degree per metre -0.00051 0.01815
Plan curvature (o) degree per metre 0.00042 0.08371
Y = —2.156 + 2.2522x; + 0.40431x, — 0.12984x; + 0.16427x, (18)
+ 0.13453x5; — 0.00022x — 0.18355x, — 0.00051x4
+ 0.00042x,.
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Probability values of glacial lake formation are calculated by model equation (19) and
equation (2). Coefficient values with sign (or beta values) indicate the direction and strengths
of the nine predictor features for the lake formation outcome, while p-values assess the
statistical significance of the features. A p-value less than 0.05 suggests that a feature
significantly contributes to the model. Also, a negative value of the model's intercept (S,) is
—2.156 (with a p-value less than 0.00001), with other predicting coefficients zero, indicates
that glacial lake formation is least likely to occur (P = 0.1) in the absence of erosional features

and appropriate topography.

Among the erosional features contributing positively, neighbourhood lakes have the most
substantial positive impact (f; = 2.2522 with p-value= 0). The proximity of neighbourhood
lakes can affect hydrological dynamics by contributing to groundwater seepage or surface flow
between neighbouring lakes. This clustering of lakes can create a cumulative effect, whereby
lakes collectively influence local water levels and stability, supporting lake formation in nearby
basins as upstream lakes play a critical role in transferring water to depressions such as cirques
or valleys at lower elevations through flow channels or seepage. Also, overflow or drainage
from these upstream lakes can lead to the formation of new lakes in downstream regions.
Similarly, the occurrence of downstream lakes indicates established flow paths, suggesting the
presence of erosional depressions formed during water inflow. These interconnected
hydrological processes emphasize the significant role of neighbourhood lakes in facilitating

lake formation.

Compared to neighbouring lakes, cirques, retreating glaciers, and valleys have relatively
smaller contributions, as reflected by their coefficient values of 0.40431, 0.16427, and 0.13453,
respectively. Nevertheless, their positive coefficients indicate that their presence still increases
the likelihood of lake formation. Cirques, with the highest coefficient value among the three,
provide natural basins that can accumulate meltwater. However, their ability to form lakes
depends heavily on water input from external sources, such as upstream lakes. Retreating
glaciers contribute meltwater from glaciers, but the rate of production is slower and less

concentrated than the substantial reservoir-like releases from upstream lakes.

A small value of the valley coefficient compared to the cirques indicates that the presence
of valley landforms has less significance for lake formation. Valleys, shaped as elongated
troughs, primarily act as pathways for water flow rather than accumulation, dispersing

meltwater and limiting the formation of stagnant water bodies. Moreover, valleys often
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undergo significant sediment transport and deposition, which can fill potential basins and
prevent lake formation. In contrast, sediment deposition in cirques is less impactful due to their
steeper slopes and enclosed nature, preserving the over-deepened basin structure for water
retention. A study by Mal et al. (2020) also highlights that the cirque lakes are more dominant

in occurrence than the valley lakes or other erosion-related lakes in the Eastern Himalaya.

On the other hand, a negative coefficient value of flow channels (3 = —0.12984) shows
that the absence of flow channels will increase the probability of glacial lake formation. This
signifies that if flow channels are absent, flow transfers early over a shorter distance to a lake,
increasing the likelihood of lake formation. On the contrary, if flow channels are present (they
appear more in number and length), it indicates that meltwater will flow for a longer route or

pathway, accumulating at downstream regions with substantial delays.

Elevation has a negative coefficient, suggesting that higher elevations decrease the
likelihood of lake formation, because most of the lakes occur in the elevation range of 4000 m
to 5000 m within the study area. Notably, this elevation is below the equilibrium line of altitude,
which ranges from 5500 m to 6000 m in the Eastern Himalaya (Nunchhani et al., 2023). This
also indicates that most of our study area with lakes is in the environment of an ablation zone
that promotes the likelihood of lake formation. However, the effect of elevation is minimal due

to the small coefficient size.

Slope, with a significant negative coefficient (f; = —0.18355), indicates that as the slope
increases (steeper slopes), it reduces the likelihood of lake formation as it helps in water
drainage rather than retention. Contrarily, flatter areas are more favourable for water
accumulation and support lake formation. Profile curvature, with a negative and significant
coefficient (p-value = 0.0181), shows that regions with convex surface profiles favour lake
formation, as they promote water movement to the depression and retention in one place.
Finally, plan curvature (horizontal terrain curvature) has a very small positive coefficient, and
it is the only feature which is statistically insignificant (p-value > 0.05), implying that plan

curvature has a minor influence on the likelihood of lake formation in this model.

4.3.2.2 Artificial Neural Network (ANN)

ANN architecture was defined with nine features in the input layer, followed by three fully
connected hidden layers, each with 99 neurons and sigmoid activation functions to introduce
non-linearity. Finally, a fully connected layer contains two neurons corresponding to two

classes (lake and non-lake), and the class outputs are converted to class probability values by
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a softmax function. The output from the softmax layer is passed to the classification layer,
where the model is trained by minimizing the cross-entropy loss as given in the equation (6).
Class weights are applied to handle any class imbalance, giving more importance to
underrepresented classes in the training process. Training data labels, initially represented by
0 and 1 (for lake and non-lake, respectively) are converted to a one-hot encoded vector. The
model is trained using the Adam optimizer for up to 173 epochs with a mini-batch size of 88,
and an initial learning rate of 0.0021. Additionally, validation data is provided to monitor the

model's performance throughout the training process.

4.3.2.3 Bayesian Neural Network (BNN)

In BNN, weights and biases are varied by a Gaussian distribution. NV (u, 02), where u
represents the mean and o2 the variance. During training, the BNN learns the means and the
variances of Gaussian distributions, which ultimately determines the distribution of the weights

and biases.

In this thesis, scale mixture of two Gaussian distributions is proposed as the prior, where
both distributions have a zero mean but different variances. The mixture distribution is given

by:
p(0@) = N (0,62) + (1 — m)N(0,03), (19)

where, 67 and 67 are variances of two mixture components. The first component has a higher
variance (07 > 0,), leading to a broader prior distribution with a heavier tail. The second
component has a small variance (0, < 1), concentrating many of the prior values around zero
(Blundell et al., 2015). The variances are decided by learning during training. The prior
distribution follows a Gaussian mixture model with u =0, g; = 1, g, = 0.5 and mixing

proportion T = 0.5.

The BNN architecture includes a feature input layer with nine units corresponding to the
input features. Following this, three Bayesian fully connected layers, each with 71 neurons and
Sigmoid activation functions, participated. These layers computed average weights and biases
of the weight distribution during training. The Last Bayesian fully connected layer has two
neurons corresponding to the two output classes (lake and non-lake), with a softmax function

converting the output into class probabilities.

The BNN is constructed, and small values of specific learning rate are applied to ensure the

Bayesian parameters remain close to their initial values. An initial learning rate for the priors
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is set to 0.25 to update the prior probabilities of the weight distributions, while a learning rate
of 0.0026 is used to update the means and variances of layer weights and biases. The training
is carried out over 292 epochs with a mini-batch size of 105. The Adam optimizer is employed
for updating the network parameters, and both the Evidence Lower Bound (ELBO) loss and
validation loss are monitored continuously. After training, the developed BNN model is applied
to the entire ROI, providing a spatial probability map for lake formation. Additionally,
uncertainty estimates are generated through posterior sampling, aiding in more informed

decision-making for predicting lake formation.
4.4 Results and Discussion

4.4.1 Model Performance and Accuracy Assessment

After training the LR, ANN and BNN models using predictor variables, the accuracy
analysis of the models is performed by using the ROC curves. Figure 4.6 presents the ROC
curves, which present the performance of the LR, ANN and BNN models for classifying 'lake'
and 'no lake' instances for the test dataset. The ROC curve represents the trade-off between true
positive rate (sensitivity) and false positive rate across varying classification thresholds, with
the AUC serving as a metric for overall model discrimination. The LR model achieved an AUC
of 0.829, indicating moderate capability in distinguishing 'lake' from 'no lake' locations (Figure
4.6 a). The ANN model improved marginally upon this result, with an AUC of 0.837, reflecting
enhanced ability to capture non-linear relationships between predictor variables (Figure 4.6 b).
The BNN model exhibited the highest classification accuracy, achieving an AUC of 0.878
(Figure 4.6 c). The ROC curve for the BNN model closely approaches the top-left corner,
indicating high sensitivity and a low false-positive rate, both critical attributes for reducing
resource expenditure and operational risks during field validation in remote, high-altitude
environments. Comparative analysis shows that all models perform substantially above random
classification (AUC = 0.5), with the BNN model significantly improving predictive accuracy
and reliability over LR and ANN.
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Figure 4.6: Model accuracy based on ROC curve for the test dataset: (a) LR, (b) ANN,
and (c) BNN.

4.4.2 Spatial Prediction and Uncertainty Quantification

This chapter uses the spatial distribution of existing glacial lakes as reference labels to train
models that predict the likelihood of glacial lake formation in the surrounding terrain. The
presence of existing lakes provides empirical examples of where glacial and geomorphic
conditions have already favoured lake development. The predictive models developed here
therefore do not replicate the current lake inventory; instead, they generate continuous
probability surfaces representing the potential for future or incipient lake formation based on

terrain characteristics and erosional features.

Continuous probability maps generated using kriging (Vashistha et al., 2023) interpolation
illustrate the spatial distribution of glacial lake formation likelihood across the Eastern
Himalaya (Figure 4.7, Figure 4.8 and Figure 4.9). These maps classify probabilities into five
distinct ranges: very low (0-0.2), low (0.2—0.4), moderate (0.4—0.6), high (0.6-0.8), and very
high (0.8-1.0). Regions of very high probability, delineated in red, correspond to areas with
geomorphological conditions conducive to lake formation. Contrarily, very low likelihood
regions (0 to 0.2) are marked with green colour, indicating the locations where lakes are least

likely to form.
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Figure 4.7: LR based probability map of glacial lake formation. The LR-derived map
shows colour-coded probability, where red indicates high and dark green low
probabilities of lake formation. These maps provide critical information for identifying
existing glacial lakes, predicting regions susceptible to future glacial lake formation, and
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Figure 4.8: ANN model-based probability map of glacial lake formation. It displays
colour-coded probabilities, where red indicates high and dark green low chances of lake
formation. This map offers essential information for locating existing glacial lakes,
forecasting areas vulnerable to future glacial lake development, and guiding hazard
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Figure 4.9: BNN model-based PGLF and its associated variance. The top panel shows
PGLF values categorised from very low (0.0-0.2, green) to very high (0.8-1.0, red),
indicating areas with varying likelihood of glacial lake development. The bottom-left
panel depicts variance in PGLF predictions at a scale of 107, while the bottom-right panel
shows variance at 1073. Higher variance areas (purple to light brown) indicate greater
uncertainty in model predictions and identify zones requiring further investigation.

The LR-based probability map (Figure 4.7) shows a spatially constrained cluster of high-
probability locations, whereas the ANN model (Figure 4.8) displays broader, more spatially
distributed zones of elevated lake formation likelihood. The BNN model (Figure 4.9a)
demonstrates the most extensive and spatially coherent representation of very high-probability
regions, reflecting its superior ability to resolve complex spatial patterns associated with glacial

lake development.
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Figure 4.9 illustrates the spatial distribution and associated uncertainty of the PGLF across
the study area. The upper panel (Figure 4.9 a) presents the PGLF values, categorized into five
probability classes as mentioned in the previous paragraph. High to very high probabilities
(orange to red regions) are predominantly found in central, southeastern, and some
southwestern zones, indicating favorable conditions for glacial lake development. These areas
are likely influenced by glacial retreat, steep topography, and high meltwater input. In contrast,
the northwestern and some central areas show lower PGLF values (green), suggesting a limited
likelihood of lake formation due to less favorable geomorphological or climatic conditions.
The bottom two maps illustrate the variance associated with the PGLF estimates, which reflects
the uncertainty in model predictions. Figure 4.9 b) shows epistemic uncertainty with variance
(0®)the order of 10, while Figure 4.9 (c) represents aleatoric uncertainty with higher
magnitude variance on the order of 107. The areas with higher variance (light brown to purple
shades) are mostly located in the southern and southwestern parts of the study region,
suggesting increased uncertainty possibly due to limited input data, higher terrain complexity,
or model sensitivity in those areas. Regions with lower variance (green to yellow) correspond
to zones with more consistent environmental and topographic characteristics, indicating higher
model confidence. The total uncertainty of the prediction is estimated by adding epistemic and
aleatoric uncertainty. Estimates of the total uncertainty can be used further for evaluating the
upper and lower bounds of the confidence interval. This suggests that the BNN model is the
most effective in explaining the complex and non-linear relationship between the erosional

features and the lake formation compared to the other two models (LR and ANN).

4.4.3 Probability Distribution and Feature Influence

PGLF distributions for 'no lake' (n = 10,462) and 'existing lake' (n = 2,462) grid locations
reveals key patterns. Table 4.7 presents the number of ‘no-lake’ grid locations falling within
specific probability ranges of glacial lake formation (PGLF), as predicted by the ML models,

thereby representing the spatial likelihood of future lake formation.

Table 4.7: PGLF for ‘no lake grid locations’ (total grids = 10,462)

PGLF-based grid distribution

Model 0.0-0.2 0.2-0.4 0.4-0.6 0.6-0.8 0.8-1.0
(Very Low) (Low) (Moderate) (High) (Very High)
LR 4853 2207 927 1658 817
ANN 5322 1444 1253 1762 678
BNN 4908 2116 1323 1571 544
67

TH-3942_206104003



In 'no lake' grid locations (Table 4.7), all models consistently identify substantial portions
of the ROI within the very low (0-0.2) and low (0.2—-0.4) probability ranges, with LR predicting
4853 and 2207 locations, ANN identifying 5322 and 1444, and BNN predicting 4908 and 2116,
respectively. This indicates that at these locations, the models have predicted a lower chance
of likelihood of glacial lake formation, reflecting minimal influence. Notably, 4105 locations
in the very low probability range (0.0 to 0.2) are consistently identified by all three models. It
is found that neighbouring lakes are not present in all these locations and on steep slopes. In
contrast, within moderate probability regions (0.4-0.6), the BNN model predicts 1323 grids,
marginally higher than ANN (1253) and LR (927), reflecting increased model sensitivity to
transitional conditions where lake formation potential is uncertain. Of particular relevance are
the very high probability (0.8—1.0) regions, where 334 locations are consistently identified by
all three models within 'no lake' areas, suggesting geomorphological conditions highly
favourable for future lake formation despite the current absence of surface water bodies. These
locations predominantly feature neighbouring lakes and cirques, with varying occurrences of
retreating glaciers (280 locations), valleys (286), and flow channels (196), all coinciding with

gentle slopes.

Table 4.8: PGLF for ‘existing lake grid locations’ (total grids = 2,462)

PGLF based grid distribution

Model 0.0-0.2 0.2-0.4 0.4-0.6 0.6-0.8 0.8-1.0
(Very Low) (Low) (Moderate) (High) (Very High)
LR 117 199 286 1049 812
ANN 126 141 310 1093 792
BNN 78 155 187 1017 1025

Table 4.8 presents the number of existing lake grid locations falling within specific
probability ranges of glacial lake formation (PGLF), indicating the model-predicted likelihood
of lake presence. In the very low (0 to 0.2) to low (0.2 to 0.4) probability ranges, LR predicts
117 and 199 locations, ANN identifies 126 and 141, and BNN predicts 78 and 155 locations.
The predictions with low probability suggest low confidence in lake formation at these grids
and indicate that lake-forming characteristics are less pronounced here. Notably, BNN predicts
the least number of existing lakes (true positive lakes) locations with a very low probability.

Whereas LR and ANN predict a higher number. In the moderate probability range (0.4 to 0.6),
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the number of predicted locations increases, with LR identifying 286, ANN predicting 310,
and BNN identifying 187, representing transitional regions with moderate favourability for
lake formation. In high range (0.6 to 0.8) and very high range (0.8 to 1.0) of probabilities, LR
predicts 1049 and 812 locations, ANN predicts 1093 and 792, and BNN identifies 1017 and
1025, suggesting a strong influence from lake-forming features. Further, prediction of a higher
number of lake locations (true positive lake locations) by BNN, followed by ANN and LR in
a very high probability range, presents the BNN model's superior effectiveness and reliability

in understanding the non-linear complex influence of all the predictor variables.

Notably, 492 locations in the very high probability range (0.8 to 1.0) are common across
all three models, indicating a strong likelihood of lake formation driven by predictor features,
particularly erosional features. As the LR model indicated dominance of erosional features in
lake formation, the occurrence of influencing features in these locations is further observed.
The neighbouring lake and cirques are the most critical features, which occur in the
neighbourhood of all 492 locations. Further, among these 492 locations, 406 feature valleys,
381 contain retreating glaciers, and 304 exhibit flow channels with a gentle slope and varying
occurrence of remaining topography features. These findings also highlight the significant role
of erosional features, particularly neighbouring lakes, cirques, valleys, retreating glaciers, and

flow channels in determining lake formation probabilities.

4.4.4 Discussion

This chapter provides the first quantitative demonstration of the predictive value of
erosional and topographic features—cirques, valleys, flow channels, retreating glaciers, and
neighbouring lakes—for assessing glacial lake formation likelihood in the study area using an
ML-based framework. This builds upon, but significantly extends, earlier efforts that relied on
either linear statistical approaches (e.g., (Mohanty et al., 2022) or subjective geomorphological
assessments (Furian et al., 2021; T. Zhang et al., 2022a). The limitations of LR models,
including assumptions of linear relationships and statistical insignificance of parameters, are
evident in the constrained spatial prediction and lower AUC performance observed here.
Similarly, while ANNs capture non-linear relationships more effectively, their inability to
quantify predictive uncertainty undermines their reliability in operational settings, particularly
where hazard management and resource allocation are concerned (Anilkumar et al., 2023;
Bolibar et al., 2020). In contrast, BNNs incorporate both epistemic and aleatoric uncertainty
into the prediction process (Gopalan et al., 2018; Guillet et al., 2023), offering not only
improved classification accuracy but also critical information on model confidence. This

69
TH-3942_206104003



capability is essential for high-altitude hazard assessments, where ground-truth validation is
logistically challenging, resource-intensive, and potentially hazardous. Comparison with
alternative uncertainty-aware models, including Monte Carlo Dropout and Deep Ensemble
Neural Networks, reinforces the advantage of the BNN approach. Although these models
improved upon standard ANN performance (AUC of 84.31% and 83.89%, respectively), they
remain inferior to BNNs both in predictive accuracy (AUC = 87.8%) and principled uncertainty
estimation, which is consistent with previous applications in glaciological hazard forecasting
(Rounce et al., 2020; Werder et al., 2020). The findings also provide empirical support for the
central role of geomorphological controls in glacial lake development. Specifically, the
consistent association of neighbouring lakes and cirques with high lake formation probabilities
aligns with established theories of glacial erosion, overdeepening, and meltwater accumulation

(Mal et al., 2020; Veh et al., 2020).
4.5 Chapter Conclusion

The rapid growth of glacial lakes in the study site, driven by climate-induced glacier retreat,
increases GLOF risk. Genesis, evolution, and alteration of glacial lakes are primarily governed
by terrain morphology and erosional features such as cirques, valleys, flow channels, and

retreating glaciers. The following are the specific conclusions drawn from this chapter:

(1) Integrating high-resolution geomorphological data with advanced probabilistic
modelling offers a scalable, transferable approach to predicting glacial lake
formation under data-sparse, high-uncertainty conditions. LR, ANN, and BNN
models include the presence of features like cirques, valleys, flow channels,
retreating glaciers, nearby lakes, and numerical values of geometric parameters of
glacial lakes (elevation, slope, and curvature) to predict the probability of glacial
lake formation at a location.

(i1))  Comparative analysis of the three predictive models illustrated that BNN provides
the most reliable predictions, achieving an AUC of 0.878. This outperforms LR
(AUC = 0.829) and ANN (AUC = 0.837), underscoring the advantage of Bayesian
frameworks in capturing complex, non-linear processes governing glacial lake
formation. Notably, BNN uniquely quantifies both aleatoric (data-driven) and
epistemic (model-driven) uncertainties, ranging between 107 and 107, thereby
enhancing forecast reliability, a crucial requirement for hazard mitigation planning

in the Himalaya.
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(iii)) LR identifies the relative influence of geomorphic predictors, highlighting
neighbouring lakes, cirques, slope, and retreating glaciers as key controls; its
limited accuracy restricts its practical application. In contrast, BNN successfully
identifies 2,042 true-positive glacial lake locations, particularly within zones where
neighbouring lakes, cirques, gentle slopes, and active glacial retreat coincide.
Notably, all three models converge to 492 existing glacial lake locations, validating
the geomorphic controls influencing the glacial lake formation processes.

(iv)  Maps generated from the three ML models provide critical information for
identifying existing glacial lakes, predicting regions susceptible to future glacial
lake formation, and informing hazard mitigation strategies related to GLOFs.
Moreover, these maps offer essential information for locating existing glacial lakes,
forecasting areas vulnerable to future glacial lake development, and guiding hazard
mitigation measures related to GLOFs. Furthermore, work presented in this chapter
advances glacial hazard forecasting by explicitly integrating geomorphology into a
transferable, uncertainty-aware modelling framework. The findings not only
support improved monitoring of glaciofluvial erosion and lake development but
also inform proactive disaster risk reduction strategies in rapidly evolving mountain
environments.

V) Among the three ML-based models, the BNN model provides an essential tool for
GLOF risk assessment, early warning system design, and sustainable development

planning in the Eastern Himalaya and other glaciated mountain systems globally.

Finally, while this chapter focuses on the likelihood of glacial lake formation, it does not
evaluate the hazard levels associated with these lakes. Not all lakes pose equal threat; some
may evolve into high-hazard systems, while others remain benign. Next, Chapter 5 extends this
work by assessing the hazard potential of existing glacial lakes. This is accomplished through
spatial extraction of key geomorphic features and their integration into a heuristic classification
framework, thereby transitioning from formation likelihood to hazard categorization within the

broader GLOF risk assessment pipeline.
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Chapter 5

Hazard Assessment of Glacial Lakes

5.1 Introduction

As evident from Chapter 4, the formation and transformation of glacial lakes are influenced
by erosional features, including cirques, retreating glaciers, flow channels, valleys, slopes, and
the presence of nearby glacial lakes. Nonetheless, the computational detection of these features
presents inherent challenges due to their morphological complexity, spatial variability, and the
absence of well-defined geometric boundaries. Unlike clearly segmented land cover classes,
erosional features such as cirques and flow channels are characterized by gradual elevation
transitions, heterogeneous surface textures, and overlapping terrain signatures. Their forms are
often non-uniform and dependent on local topography and glacial dynamics, thereby
diminishing the effectiveness of traditional image classification or threshold-based methods.
Furthermore, the spectral similarity of erosional features with surrounding terrain in
multispectral satellite imagery constrains the discriminative capacity of conventional remote
sensing algorithms. To address these limitations, this chapter introduces a hazard assessment
methodology utilising deep learning techniques to extract and interpret the dynamic
relationships between these complex erosional features and the evolving glacial lakes amidst
glacier retreat. Particular attention is given to glacial lakes at higher elevations (GLHE), which
provide a steep gradient promoting water flow toward lower-elevation lakes and thereby
heightening hazard potential. The proposed approach models the spatial response of glacial
lakes to the varying dynamics of key erosional features to assess the hazard potential of existing
lakes. Additionally, it extends the spatial coherence of these key features within a logical
framework designed to predict locations where glacial lakes are currently absent but are likely
to form in the future. The primary objectives of this hazard assessment are as follows:

(1) Extracting glacial lakes and erosional geomorphic features (cirques, valleys,

retreating glaciers, and flow channels) by deep learning,

(i1) Integrating combinations of extracted erosional features with glacial lake
parameters and implementing the heuristics rules for determining the hazard
potential of the glacial lakes, and

(ii1))  Detecting locations of future glacial lakes (new glacial lakes) using the presence

and dynamics of erosional features.
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In this chapter, the term ‘existing lake’ is used to represent glacial lakes that are currently
present in the ROI. Whereas the term ‘future lake’ is used for the locations where currently
no lake is present, yet lakes are likely to emerge in future. The term ‘retreating glacier
(RG)’ refers to the geomorphic imprint of a glacier that has already retreated, rather than
the active ice body undergoing climatic retreat. RG denotes the newly exposed terrain—such
as polished bedrock, proglacial surfaces, and remnant ice-contact features—that records the
former extent of the glacier. This surface acts as a key erosional indicator because its
morphology and position strongly influence meltwater routing, basin formation, and
potential sites of glacial lake development. The work discussed in this chapter has been

published in (Vashistha et al., 2025a).
5.2 Methodology

5.2.1 Glacial lake hazard monitoring

A glacial lake is surrounded by any three of the four erosional features (cirque, valley, flow
channels, and retreating glaciers), with a GLHE. These erosional features display certain
characteristics that can serve as visible clues for their identification on satellite images. Water
from melting glacier ice and seasonal precipitation gathers in glacial lakes (located in cirques)
at higher elevations, also called cirque lakes. Flow channels (FC), emerging from a cirque lake
or GLHE, carry continuous streams of water and sediments that erode and pluck underlying
rocks, transforming V-shaped river valleys into broad U-shaped valleys. The water finally
reaches the lakes in the valley (valley lakes) and lower elevations. Therefore, lakes in valleys
tend to be deeper and larger than cirque lakes because of the greater volume of water resulting
from glacio-fluvial erosion and other processes (Liu et al., 2014). As a glacier retreats over
time, RG appears as crevasses, striations, or scratch-like features on the exposed ground surface
between the glacial lake and the glacier. Thus, RG connects the glacier terminus to an existing
lake or a valley. Footprints of ice adjacent to scratch-like marks of RG indicate the existence
of glaciated ice in the past on the exposed ground surface. Figure 5.1 illustrates interlinked and

interconnected erosional features guiding glacial lake formation.
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Figure 5.1Erosional features and glacial lake formation are marked on Google Earth
imagery of the Bayi district (Nyingchi, Tibet, China) in the Eastern Himalaya.

As shown in Figure 5.1, a wide, large, and elongated valley (V1), which is bounded by the
two high hills and marked by a red line, shows evidence of RG movements in the southeast
and southwest directions (towards the bottom right corner of the image, indicated by orange
arrows). In the valley (V1), meltwater and debris flow enter from point M into the valley lake
and exit from point T. Additionally, several cirques (C1, C2, C3, C4, C5, and C6), which appear
lateral to the flow in the valley and are surrounded by hills, contribute water through FC to the
glacial lake in the valley. Also, an FC (F1) can be observed as an emerging stream from the
valley lake (at point T) that carries the lake water towards the downstream region and may

form a future lake.

Hazard state of an existing lake is evaluated in a specific order according to the presence
of GLHE and RG, the size of the lake, and the presence of the lake itself in the valley. Glacial
lakes are first categorized into small, medium, and large sizes based on specified upper and
lower threshold values on the lake area. Lakes with an area greater than the upper threshold
value are classified as large-sized lakes, those with an area between the lower and upper

thresholds are considered medium-sized lakes, and lakes with an area less than the lower
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threshold are defined as small-sized lakes. Moreover, the criteria mentioned by Quincey et al.
(2007) are adopted. Accordingly, an RG connecting spatially to a glacial lake shows glacier
flow movements and thus indicates that the lake is currently active. Conversely, if RG is not
present, the existing glacial lake is considered inactive. The following are two fundamental
rules defining non-dangerous lakes (or ND lakes), dangerous lakes and locations of future

glacial lakes:

(1) ‘Inactive lakes’, typically where RG is not present, are either stable or shrinking.
Therefore, an existing lake, which is inactive and has an area less than a small-sized
lake, indicates a non-dangerous lake. Conversely, an active small-sized lake is a
dangerous lake. Also, irrespective of being active or inactive, a lake with a
minimum area of a medium-sized lake is also a dangerous lake.

(i1))  Locations of future glacial lakes are detected by the presence of FC, which are
thought to emerge from an existing lake (cirque lake or valley lake), yet not reach
other existing lakes at lower elevations. Additionally, the presence of RG or GLHE
contributing meltwater, not reaching an existing lake, also indicates the possibility

of future lake formation.

It should be noted that we are ignoring contributions by seepage and minor channels below
the ground surface. Figure 5.2 demonstrates the methodology of hazard evaluation of existing

glacial lakes and the detection of locations of future glacial lakes.
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Figure 5.2: Methodology for hazard modelling of glacial lakes.

For a dangerous lake, its hazard potential is increased by the presence of GLHE and RG,
as both contribute sediments and water inflow to the lake. Thus, according to the presence of
erosional features and GLHE in the neighbourhood, and the size of lakes, dangerous lakes in
the ROI are further classified into five classes: 1) low dangerous, ii) moderately dangerous, iii)
highly dangerous, iv) very highly dangerous, and v) extremely dangerous. Specific rules for

classifying a dangerous lake into five classes are as follows:
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(1) Low dangerous (LD): A small-sized active lake, which is neither present in the
valley nor has GLHE in the neighbourhood, is classified as ‘low-dangerous’. In
addition, if GLHE is not present in the vicinity or neighbourhood of medium-sized
and large-sized inactive lakes, these lakes are also classified as ‘low dangerous’.

(i1) Moderately dangerous (MD): If GLHE is present, inactive medium-sized and
large-sized lakes are considered ‘moderately dangerous’. Also, medium-sized
active lakes, which are not present in the valley and do not have GLHE in the
surrounding area, are classified as ‘moderately dangerous’. At the same time, a
small-sized active lake either present in a valley or having GLHE in the
neighbourhood (or both are present) is considered ‘moderately dangerous’.

(iii))  Highly dangerous (HD): A large-sized active lake, not having GLHE in the
neighbourhood, or the lake itself is not present in the valley, is classified as ‘highly
dangerous’. Also, a medium-sized active lake, which is either present in a valley or
has GLHE in the neighbourhood, is also categorised as ‘highly dangerous’.

(iv)  Very highly dangerous (VHD): A large-sized active lake with either GLHE in the
surrounding area or the lake itself present in a valley is defined as ‘very highly
dangerous’. In addition, a medium-sized lake present in the valley and having
GLHE in the neighbourhood is also classified as ‘very highly dangerous’.

V) Extremely dangerous (ED): A large-sized active lake situated in a valley with

GLHE in the neighbourhood is classified as ‘extremely dangerous’.

Future lakes: With respect to a location, the presence of erosional features at higher
elevations and GLHE in the neighbourhood supports the formation of new glacial lakes at that
location. The minimal condition for triggering the formation of a new lake is that any three
erosional features (among cirque, valley, FC, and RG) in conjunction with GLHE in the
neighbourhood are present. Moreover, new lakes start to form at a point of minimum elevation.
Figure 5.3 illustrates a flowchart for the hazard assessment of existing lakes and the detection

of future lakes.
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Figure 5.3: Detailed flowchart for the hazard assessment of existing glacial lakes and
detection of future lakes.
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5.3 Simulation

The methodology is implemented in three steps: (i) extraction of geomorphic erosional
features and lakes using CNN, (ii) hazard assessment of the identified lakes using other
extracted lakes and erosional features in the neighbourhood, and (iii) predicting locations of
future lakes using the extracted lakes and erosional features. Section 5.3.1 discusses the
detailed implementation of EfficientNet-BO CNN for feature extraction. Next, section 5.3.2

discusses the hazard assessment of identified lakes and the detection of future lakes.

5.3.1 Feature extraction

A. Feature recognition

The process of feature extraction by the EfficientNet-BO CNN starts with feature
recognition to capture unique textures, patterns, and colour diversity within selected training
images. Locations of glacial lakes and erosional features are selected from neighbourhood of
200 locations from the inventory of Mal et al. (2020). To identify, detect, and mark descriptions

of erosional features are as follows:

Cirque and Valley: Cirque can be identified as bowl-shaped, steep-walled basins with flat
bottoms, typically located at high elevations and occasionally containing a small lake covered
with ice. Valleys usually appear as elongated U-shaped depressions with a steep slope that
exists between two higher hills. The shape and boundaries of a valley can be marked at the
ridge of hills, which may show steep and slanting walls of hills containing FC originating from
the ridge portion of the hills. Moreover, a valley is also characterized by either green vegetation,

bare brown hillsides, ice-covered slopes, or a combination of these patterns.

Retreating Glacier (RG) and Flow Channel (FC): RG can be identified by striations,
which are scratches or grooves on bedrock caused by glacial movement. FC originating from
the snout of glaciers due to melting can vary in shape and form, ranging from small streams to
large rivers. These channels, while transitioning to dendritic patterns downstream, often exhibit
meandering or braided patterns upstream. Depending on the sediment load, water colour and
its tonal variations in FC, its colour varies from blue, green, brown or their combinations.

Sometimes, FC may emerge from existing lakes and extend downstream.

Glacier Lake: Glacial lakes appear circular, oval, or irregular, with blue or green colours

influenced by depth and sediment content.
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By recognizing these key characteristics and patterns, erosional features and glacial lakes
are marked manually with high accuracy on training images. FC features are marked by water
levels on two sides of a channel. Secondary and higher-order FC features are also marked.

Further, sediment banks above the water level are not included as part of an FC feature.

B. Feature extraction by EfficientNet-BO0 CNN

Feature extraction on extracted image tiles is performed using EfficientNet CNN, which is
a family of networks, containing 8 models (B0 to B7), and provides a pre-trained CNN. The
network also contains deeper networks and complex architectures like ResNet and U-Net. The
network uniformly features three scaling dimensions: width, depth, and resolution parameters.
The depth represents the total number of layers, the width indicates the number of filters or
channels in a layer, and the resolution depicts the quality (number of pixels) or size of input
images. The baseline model, B0, contains approximately five million parameters, while the
largest model, B7, has 66 million parameters. Also, the network allows for the participation of
an image or a set of images with specified probability, i.e. the network will select an image
with specified probability. This probability is defined as ‘participating probability’ for the

forthcoming discussion in this chapter.

Among 8 models of CNN (from B0 to B7), the EfficientNet-BO model is selected for
detecting erosional features because it can achieve better results with fewer parameters and
shorter training times (Basit et al., 2022; Jain et al., 2024; Qayyum et al., 2020). Moreover,
compared to deeper networks like ResNet and more complex architectures such as U-Net,
EfficientNet-BO demonstrates competitive performance on image classification and feature
detection tasks with significantly lower computational cost, making it well-suited for large-
scale geospatial image analysis where resource efficiency is essential (Rao et al., 2023; Shree
et al., 2024; Tan et al., 2019). U-Net is primarily designed for pixel-wise segmentation tasks.
However, EfficientNet-B0 performs better for the patch-based detection task, which focuses
on identifying the presence or absence of erosional features or lakes in image tiles (Shree et al.,
2024). ResNet, although effective, lacks the compound scaling optimization present in
EfficientNet, which results in higher parameter redundancy and longer training times for
similar performance levels (Rao et al., 2023; Tan et al., 2019). Apart from that, EfficientNet-
B0 also achieves faster convergence, reduced overfitting due to its regularized architecture, and
robust generalization across diverse input conditions, including both the presence and absence

of geomorphic features.
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The EfficientNet-BO model for erosional features and glacial lake detection was trained,
validated, and tested on a workstation with an Intel(R) Xenon processor (speed 3.20GHz),
64GB RAM, and an 8GB graphics card. The next sub-sections explain the training, validation,
and testing of the EfficientNet-B0 network.

C. Training and Validating EfficientNet-B0 for Feature Extraction

To train the EfficientNet-BO CNN model, binary masks were created by marking each
feature on training images manually by precise digitization. A mask (or binary mask) is a binary
colour coding of a training image — white representing a feature of interest and black
representing a non-feature or background. As mentioned earlier, training images are collected
from the neighbourhood of the observed 200 glacial lakes, which were obtained from the
glacier lake repository (Mal et al., 2020). Images are selected such that each feature depicts
maximum variability for its appearance with respect to colour, texture, pattern and surrounding
environment. For the five features (glacial lake, cirque, valley, FC, and RG), 183, 208, 200,
266, and 266 training images and corresponding binary masks were prepared. In addition, an
equal number of non-feature images with black masks were also prepared. Model training for
the five features is performed using both feature images and non-feature images and
corresponding masks (i.e. 336,416, 400, 532, and 532 number of images and the same numbers
of binary masks) for the glacial lake, cirque, valley, FC, and RG, respectively, ensuring an
equal representation of feature-present and feature-absent scenarios. This helps the CNN model
learn that not all the input images contain features. Moreover, it gives clarity in understanding

the environment where the feature is present or absent.

The automated feature extraction process of EfficientNet-B0 includes image pre-processing
that adjusts image resolution by resizing each of the original 1024x768 resolution images and
the corresponding masks to 224x224-pixel images in each of the three bands to meet the input
layer requirement of the CNN model. For generalize feature detection, which may appear in
any shape and orientation, a data augmentation process is applied. Accordingly, images and
their masks are flipped horizontally and vertically (mirroring about vertical and horizontal
edges) with participation probabilities of 0.28 and 0.2, respectively. This introduced variability
of the training images in two orthogonally oriented directions, expanding diversity and
robustness of the training dataset against a variety of real-world scenarios. Apart from that,
implementing random brightness contrast adjustments with a probability of 0.2 enabled the

resilience of the EfficientNet-B0O model to variations in lighting and contrast.
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Training the EfficientNet-BO model also includes fine-tuning various hyperparameters,
namely learning rate, batch size, and number of epochs, to achieve desired accuracy levels.
Various methods like grid search, random search, and Bayesian hyperparameter optimization
are commonly used to tune neural network hyperparameters (Kalimullah et al., 2023b). The
grid search method and trained the CNN model are employed by varying learning rate (from
0.001 to 0.0001), epochs (from 50 to 200), and batch size (from 12 to 18). The optimal
hyperparameter values of 0.001 for the learning rate, 200 for the epochs, and the batch size in
the range of 12-14 images were selected, providing minimum training and validation losses.

Figure 5.4 plots training loss versus epoch for the trained CNN model.
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Figure 5.4: Performance summary plot of the optimisation algorithm during the fine-
tuning of the EfficientNet-B0 model.

Figure 5.4 illustrates that as epochs tend to 200, training loss converged to a minimum
value (< 0.1), showing that the model has appropriately learned the training data. Reducing the
learning rate further below 0.001 did not improve the network performance significantly. As a
result, the model was trained for 200 epochs with a 0.001 learning rate. To prevent overfitting,
early stopping was implemented with an interval of 20 epochs, monitoring the validation loss.
However, the validation loss continued to improve throughout training, and early stopping was

not ever triggered.

Training performance of the EfficientNet-BO model for feature detection is evaluated by
the ToU (Intersection over Union) score (Tang et al., 2024). The IoU score for a feature is
calculated as the ratio of the area of intersection of the feature in the output and input images
to the total area occupied by the feature in the two images. Thus, the IoU score is a metric

which measures the overall shift of a feature’s boundary in the output image with respect to the
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original image. Value of the IoU score ranges from 0 to 1, where a value close to 1 represents
the efficient prediction (promising performance of the CNN model) while a value close to 0
represents poor performance of the model. For a feature, an average of the IoU score for all
input images is calculated to predict the accuracy of the training set and validation set. Values
of training loss, validation loss, and IoU scores of training and validation for each feature

achieving optimal performance for the EfficientNet-BO model are mentioned in Table 5.1.

Table 5.1: Hyperparameters optimal values for training the EfficientNet-B0 model

Features Batch  Training Validation IoU Score of IoU Score of
size loss loss training set  validation set
Lake 12 0.025 0.032 0.934 0.919
Cirque 12 0.062 0.128 0.843 0.816
Valley 12 0.065 0.195 0.826 0.799
Flow Channel (FC) 14 0.087 0.193 0.896 0.864
Retreating glacier (RG) 14 0.038 0.044 0.902 0.865

The CNN model demonstrates the capability of high accuracy for detecting lakes and RG
with IoU scores of 0.934 and 0.902 in the training set, and 0.919 and 0.865 in the validation
set, respectively. Higher accuracy of the CNN model for detecting lakes and RG can be
attributed to relatively distinct and well-defined characteristics of these features. Lakes
generally have clear boundaries and consistent shapes, making them easier for the model to
identify. Similarly, RG often exhibits distinct surface patterns and textures that stand out from
the surrounding terrain, facilitating accurate detection. On the other hand, the moderate IoU
scores, i.e., 0.896 for training and 0.864 for validation, are achieved for FC. This is due to flow
variations like contraction and expansion of FC during a flow in a year, causing varying width
and less distinct boundaries. Further, lower IoU scores for cirques and valleys are due to the
inherent complexity of the two features, due to irregular shapes, varying depths and subtle
boundaries that merge into the surrounding terrain, making them difficult for the model to
delineate precisely. It should also be noted that the training process of the CNN model for each
feature demanded a maximum of 8 hours on the workstation. This indicates the potential utility
of the proposed method for practical applications for GLOF feature detection. The next phase
deploys the trained CNN model on a large dataset of 12,924 images to identify erosional
features and lakes in the ROL.
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D. Feature detection on test images

With the trained EfficientNet-B0O model, we detected all five features in 12,924 images and
analysed accuracy by cross-verification. A confusion matrix is populated with true positive,
true negative, false positive and false negative case scenarios for each feature. Subsequently, a
series of metrics, namely overall accuracy, precision, recall, and Fl-score, are evaluated,
demonstrating the quantitative performance of feature detection. Mathematical expressions of

the performance indicators are as follows (Goutham et al., 2022; Kaushik et al., 2022):

0 A = ThA TN X 100 (20)
verakt ALUraY = P TN +EP + FN
et TP (21)
Precision (Pg) = TP T FP
TP (22)
Recall (Re) = TP+—F1V
2(R.P 2
F1 score = —( eFr) 23)
(Re - PR)

Table 5.2 shows specific values of performance metrics for the detection of individual features

in test images.

Table 5.2: Performance metric evaluation of 12,924 test images based on the
EfficientNet-B0 model

Feature Overall Accuracy Precision Recall F1-score

Lake 93.26 0.81 0.83 0.82
Cirque 91.31 0.86 0.86 0.86
Valley 86.36 0.77 0.80 0.78
FC 92.67 0.84 0.92 0.88
RG 92.30 0.75 0.84 0.79

Overall accuracy percentage in Table 5.2 presents the ability of the EfficientNet-BO CNN
model to correctly extract features and non-features for a feature class. For instance, the CNN
model achieves a high overall accuracy score of 92.67% for FC, indicating the effectiveness of
the model for the identification of FC. The precision metric assesses the accuracy of predictions
for a specific feature class, while recall signifies the proportion of correctly identified instances
within the feature class. It is found that cirques are extracted more precisely with 0.86 precision.
On the other hand, FC shows a high recall value of 0.92, suggesting a strong ability of the CNN
model to capture the most positive instances of this feature. Additionally, the F1 score is the
harmonic mean of precision and recall. If the F1 score is significantly lower (e.g., below 0.5),

it indicates a substantial imbalance between precision and recall — either precision or recall is
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much lower than the other. F1 scores in the range of 0.78 to 0.86 for all five features indicate
a balance between precision and recall and highlight the equilibrium in the model performance.
Lakes, cirques, and flow channels achieve F1 scores of 0.82, 0.86, and 0.88, respectively, due
to their distinct shapes and clear boundaries, which reflect a good balance between precision
and recall. In contrast, retreating glaciers and valleys with their complex dynamic features and
less defined edges, as well as their resemblance to bare hillsides, are harder to detect accurately,

resulting in lower F1 scores of 0.79 and 0.78, respectively.

Figure 5.5 below depicts an example of feature extraction by the trained CNN
(EfficientNet-B0) model for the validation set. The loU scores of features like cirque, FC, RG,
valley and lake are 0.88, 0.94, 0.92, 0.90 and 0.97, respectively, for the case shown by the
Figure 5.5.
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Figure 5.5: Detection of cirque, flow channel (FC), retreating glacier (RG), valley, and
glacial lake by trained EfficientNet-B0 model for the validation set.
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The next phase of the study analyses the collective presence of the extracted erosional
features and the glacial lakes with thresholds to understand how these features, when occurring

in specific combinations, indicate hazard classes and potential locations of future glacial lakes.

5.3.2 Hazard assessment and future lakes

This section implements the classification of detected lakes (true positive cases) and
identifies the location of future lakes based on neighbourhood features, within a specified grid
of image data. In a grid of 3 X 3 images, the neighbourhood is defined as 8 images around the
central image. In locations where RG and FC appear in multiple connected images, the
neighbourhood is extended to 5 X 5 images for the detection of the two features. A minimum
lake area of 0.004 km? is detected, corresponding to at least 341 pixels on an image covering
3.5 km x 2.63 km at a resolution of 1024 x 768 pixels. For hazard classification by lake area,
we adopted the criteria of Wang et al. (2015) and Washakh et al. (2019). Accordingly, a lake
of area 0.05 km? or less is a small-sized lake and a lake larger than 0.1 km? is a large-sized lake.
Further, we defined medium-sized lakes as having an area larger than 0.5 km? and smaller than
0.1 km?. Therefore, we adopted 0.05 km? and 0.1 km? values for the lower threshold and the
upper threshold of lake areas, respectively. Lakes are further classified into six sub-hazard

classes according to heuristic rules discussed in the section 5.2.1.
5.4 Results and Discussion

This section is divided into two sub-sections 5.4.1 and 5.4.2. Section 5.4.1 discusses hazard
assessment for glacial lakes. Next, sub-section 5.4.2 discusses future lake predictions in the

study area.

5.4.1 Hazard Assessment of Glacial Lakes

The proposed method identified a total of 2647 glacial lakes (each of area > 0.004 km?)
using available Google Earth images (from years 2018-2022). Out of these, 2135 glacial lakes
are active lakes, and the remaining 512 lakes are inactive. The identified glacial lakes (true
positives scenarios or existing lakes) are further classified based on proposed heuristic criteria,
incorporating the erosional features and geometric parameters (area and elevation) of lakes.

Figure 5.6 show locations of hazardous lakes with different hazard levels in the ROI.
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Figure 5.6: Spatial distribution of classified lakes: (a) non-dangerous (ND), (b) low
dangerous (LD), (c) moderately dangerous (MD), (d) highly dangerous (HD), (e) very
highly dangerous (VHD) and (f) extremely dangerous (ED) lakes.

Table 5.3 shows the distribution of lakes based on area and hazard levels.

Table 5.3: Distribution of lakes based on area and hazard level

Area ND LD MD HD VHD ED
Small-sized 512 35 908 0 0 0
(Inactive)  (Active) (Active)
Medium-sized - 39 188 147 180 0
(Inactive) (Inactive) (Active) (Active)
173 (18
Large-sized - 25 Active; 28 177 235
(Inactive) 155 Inactive)  (Active) (Active) (Active)
Total Lakes 512 99 1269 175 357 235
88
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The following inferences are drawn from the results presented in Figure 5.6 and Table 5.3:

(1) Results indicate that 19.34% of the lakes (512 lakes) are classified as non-dangerous
(Figure 5.6(a)), consisting entirely of small-sized inactive lakes with a total area of
12.1 km?. Being stable or recently formed, these lakes, therefore, require ‘very long-
term monitoring’.

(i)  Ninety-nine (99 lakes or 3.74%) are categorized as low-dangerous (Figure 5.6(b)),
covering a total area of 10 km?, and 47.94% (1,269 lakes) are moderately dangerous
(Figure 5.6(c)), spanning 74.9 km? area. Low-dangerous lakes uniformly consist of
small, medium, and large-sized lakes, necessitating ‘long-term monitoring’. Among
these, 64 lakes are inactive, with no nearby GLHE, and are located either in valleys
or other areas, while the remaining 35 are small, active lakes situated outside valleys
without GLHE in the neighbourhood. In contrast, ‘moderately dangerous’ lakes are
predominantly small, active lakes (908 in total) with 774 occurring in both valleys
and cirques with nearby GLHE. The remaining 134 small lakes are located in
valleys without GLHE. Additionally, this class includes 361 medium-sized and
large-sized lakes, with 343 inactive lakes near GLHE, and 18 active lakes situated
in locations outside the valley without nearby GLHE. The moderate hazard posed
by these lakes necessitates short-term monitoring to mitigate potential risks.

(ii1))  Results further reveal that 6.61% (175 lakes) are highly dangerous (Figure 5.6(d)),
covering an area of 18 km?; 13.48% (357 lakes) are very highly dangerous (Figure
5.6(e)), encompassing 109.1 km?; and 8.87% (235 lakes) are extremely dangerous
(Figure 5.6(f)), with a total area of 71.34 km?. Highly dangerous lakes are active,
with 147 medium-sized lakes — 53 located in valleys without GLHE and 94
associated with GLHE but outside valleys. Additionally, 28 large lakes fall into this
hazard class, all situated outside valleys without nearby GLHE. Given their
significant hazard potential, highly dangerous lakes should be prioritized above
moderately dangerous lakes and require regular monitoring.

(iv)  Very highly dangerous lakes feature a nearly balanced mix of medium and large-
sized active lakes, with 180 medium-sized lakes located in valleys with nearby
GLHE, and 177 large-sized lakes split between 103 in valleys and 74 near GLHE
but outside valleys. Further, the extremely dangerous lakes consist entirely of large-

sized active lakes located in valleys with adjacent GLHE. Notably, very highly
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dangerous and extremely dangerous lakes demand the highest priority for field
investigations and necessitate immediate monitoring.

v) Study by Ahmed et al. (2022a) identified 12 potentially dangerous glacial lakes
(PDGL) situated in the valley of the Dibang river basin by using Landsat-8 and
Sentinel 2A data (the authors numbered these lakes from 1 to 12). However, with
the help of a high-resolution dataset (Google Earth images), our study assesses the
hazard levels of these lakes and identifies 10 more lakes existing in the
neighbourhood of these 12 PDGL locations. Characteristic details of these lakes are

mentioned in Table 5.4 below.

Table 5.4: Hazard Assessment and characteristics of potentially dangerous glacial lakes

Lake Latitude Longitude Area Elevation Hazard Class Hazard
(km?) (m) (Ahmed et al. Class
(2022a) (proposed
approach)
1 29°23'31"  96°01'59" 0.121 4522 PDGL VHD
2 29°23'21" 96°01'45" 0.032 4470 - MD
3 28°57'02" 96°29'33" 0.133 4513 PDGL VHD
4 28°57'30" 96°29'50" 0.065 4432 - VHD
5 28°57'07" 96°33'40" 0.140 4296 PDGL ED
6  28°56'53" 96°33'49" 0.051 4327 - HD
7 29°22'28" 95°57'10" 0.142 4312 PDGL ED
8 29°22'45" 95°57'21" 0.032 4387 - MD
9  29°18'10" 96°09'24" 0.258 4198 PDGL VHD
10 29°18'13" 96°08'37" 0.183 4393 - VHD
11 29°18'40" 96°09'32" 0.047 4164 - MD
12 29°20'06" 95°52'14" 0.215 4027 PDGL ED
13 29°19'24" 95°51'26" 0.128 4194 - ED
14 29°21'47" 96°07'23" 0.147 4015 PDGL VHD
15 29°20'17" 96°05'03" 0.256 4311 PDGL VHD
16  29°19'32" 96°05'57" 0.032 4336 - MD
17 29°13'51" 95°58'59" 0.278 4178 PDGL VHD
18  29°13'44" 95°57'48" 0.144 4313 - HD
19 29°13'53" 95°59'32" 0.049 4266 - MD
20 29°21'13" 95°55'42" 0.372 4373 PDGL ED
21 29°21'10" 95°54'53" 0.616 4359 PDGL ED
22 29°22'19" 95°52'22" 0.968 4375 PDGL VHD

Out of these total 22 lakes, 6 lakes are extremely dangerous, as these are large-sized active
lakes situated in valleys and connected with GLHE by FC. Further, 9 lakes are classified as
very highly dangerous, consisting of medium and large size active lakes with 2 lakes situated

in a valley without nearby GLHE, while the other 7 are located outside of valleys and are
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connected to GLHE by small streams. Additionally, the study found 2 highly dangerous lakes
and 5 moderately dangerous lakes in the close vicinity of PDGL. In the flow path of the PDGL
numbers 1, 3, and 9 in Table 5.4, a lake with moderate to very highly dangerous potential is
occurring within a maximum distance of 450 m. Also, except for the PDGL numbers 14, 20,
21, and 22, all lakes are connected to a GLHE through FC. In addition, currently, PDGL
number 15 has a neighbouring lake (number 16), which is moderately dangerous, but it is not

connected with the former one.

Small and medium-sized lakes with an area of less than 0.1 km?, occurring in a flow path
from an upstream lake or having a lake in its downstream flow path, can pose significant risks
to human settlements and localities downstream, particularly when lakes are combined with
hazardous processes such as cloudbursts, ice avalanches, and landslides. This was evident in
the 2013 Chorabari disaster in Uttarakhand due to heavy rainfall, resulting in over 6,000
fatalities and extensive damage to infrastructure and property (Mehta et al., 2012; Rafiq et al.,
2019). We have identified a total of 293 locations of human settlements occurring in the ROI,

and 40 lakes are situated near these settlements within a 3 X 3 grid space. Figure 5.7 shows the

grids of spatial occurrence of total settlement and neighbouring 40 lakes in the ROL.

B Settlement
B Lake

31°13'N

Latitude

28°28'N .
92°55'E Longitude 98°17'E

Figure 5.7: Grid based spatial representation of total settlement and 40 lakes near the
settlement.

Out of the 40 lakes, 17 are non-dangerous, 4 are low-dangerous, 9 are moderately

dangerous, 2 are highly dangerous, 5 are very highly dangerous, and 3 are extremely dangerous
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lakes. Lakes falling in the dangerous category (23 out of 40 lakes) require regular monitoring

to adopt necessary precautionary measures to safeguard people living downstream.
5.4.2 Future Lakes

Prediction of locations of future lakes in the ROI originated by observing 2638 numbers of
glacial lakes detected in 1540 image tiles. The presence of any of the three erosional features
with GLHE leads to the formation of a future lake. This rule devises five conditions by
combining a minimum of three erosional features and GLHE for the prediction of future lake
locations. Among 2638 lakes in 1540 image tiles, 1982 numbers of existing lakes (almost 75.12
%) occupying 1076 image tiles, are covered by these five conditions. Further, we identified
2,738 locations in the test dataset (across 2,738 images) where water reaches and yet the lake
has not started to form. Table 5.5 shows the distribution of locations (image tiles) for five
governing conditions.

Table 5.5: Grid count of existing and future lakes based on geomorphic features (lake
count is shown in brackets for the existing lake grid)

Geomorphic features in Number of grids Number of grids
neighbourhood tiles (image tiles) of (image tiles) of
existing lakes future lakes

Cirque, valley, FC, RG and 452 (882) 1206
GLHE
Cirque, FC, RG and GLHE 125 (238) 287
Valley, FC, RG and GLHE 17 (27) 66
Valley, cirque, RG and GLHE 248 (407) 514
Valley, cirque, FC and GLHE 234 (428) 665
Sum of grids or tiles: 1076 2738

Out of 2738 image tiles for future lakes, 1206 image tiles show locations where all the
governing features (presence of cirque, valley, FC, RG and GLHE) are present in their
neighbourhood. Each of the other four conditions contains less numbers of future lakes - 287
images (for presence of cirque, FC, RG and GLHE), 66 images (for presence of valley, FC,
RG and GLHE), 514 images (for presence of valley, cirque, RG and GLHE), and 665 images
(for presence of valley, cirque, FC and GLHE) are the remaining possible locations of future

lakes.

Analysing flow direction in local neighbourhoods at each of the 2738 image tiles using
SRTM DEM in the test dataset reveals that only 174 locations of the lowest elevations are

detected, where water will first accumulate and start forming the future lakes. Furthermore,
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visualising these locations in Google Earth Pro further revealed moraine formations in these
locations, supporting the formation of future lakes. Notably, these 174 locations form a precise
subset of the 334 high-probability lake formation locations predicted by all three models (LR,
ANN and BNN), as presented in Chapter 3 (see page 33). Figure 5.8 presents the locations and
distribution of 174 numbers of predicted future lakes in the ROL.
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Figure 5.8: Future lakes (174 in numbers) marked on SRTM DEM.

5.5 Chapter Conclusion

This chapter presents a semi-automated framework for glacial lake hazard assessment
based on the spatial and morphological characteristics of associated erosional features. The
proposed method incorporates the cumulative influence of four key geomorphic features—
cirques, valleys, flow channels, and retreating glaciers—that govern glacial lake formation and
evolution. These erosional features are extracted from open-source satellite imagery (Google
Earth Pro) using the EfficientNet-BO CNN model, and the resulting outputs are used to assess

the hazard level of glacial lakes.

The CNN model is trained by marking erosional features and glacial lakes on image tiles,
containing both feature presence and feature absence scenarios. The EfficientNet-B0O provided
reliable accuracy with (IoU) scores 0f 0.97, 0.88, 0.90, 0.96, and 0.92 for lakes, cirques, valleys,
FC, and RG, respectively, on the validation set. The variation in accuracy is due to irregular

shapes, varying widths, varying depths and subtle boundaries that merge into the surrounding
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terrain. The CNN model was then processed on a test dataset of 12,924 image tiles for
extracting erosional features and glacial lakes, achieving accuracies of 93.26%, 91.31%,
86.36%, 92.67%, and 92.30% for glacial lakes, cirques, valleys, FC, and RG, respectively.
Moreover, the CNN identified 2647 glacial lakes in test images of the study site located in the

Eastern Himalayas.

Next, the simulation exercise assesses the hazard levels of 2647 identified glacial lakes
(each with an area > 0.004 km?) by heuristic rules, analysing the presence of erosional features
(RG, GLHE, and valley) and geometric parameters of the lake (area and elevation). Out of
these lakes, 2135 are active, and the remaining are inactive lakes. Further, the hazard
assessment classified 235 lakes as ‘extremely dangerous’, 357 lakes as ‘very highly
dangerous’, 175 lakes as ‘highly dangerous’, 1,269 lakes as ‘moderately dangerous’, 99 lakes
as ‘low dangerous’, and 512 lakes as ‘non-dangerous’. Notably, extremely dangerous lakes
consist entirely of large-sized active lakes located in valleys with adjacent GLHE. Moreover,
23 dangerous lakes are occurring near the settlements in the ROI. Importantly, lakes classified
as extremely dangerous and very highly dangerous require immediate monitoring due to their
large size and location in valleys with nearby GLHE, which increases their hazard potential
significantly. Similarly, the remaining lakes need to be regularly monitored. Furthermore,
extending the derived analogy of the co-occurrence of key erosional features, including valleys,
cirques, RG, FC, and GLHE in the surroundings of existing lakes and further refined by
considering the local minimum elevation for flow accumulation and moraine formations, 174

new locations are identified where future lakes may occur.

This chapter discussed hazard classification of glacial lakes based on intrinsic geomorphic
and geometric factors, yet it avoids external factors—all of which influence the overall risk
posed by glacial lakes. Next Chapter 6 includes external hazard drivers such as historical
GLOFs, co-occurring landslides, seismic activity, and anthropogenic exposure and expands the
assessment framework by incorporating these multi-hazard and risk parameters across an
extended ROI. A hybrid MCDA approach is employed to classify lakes into risk categories,

thereby transitioning from hazard-focused evaluation to a GLOF risk assessment framework.
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Chapter 6
GLOF Risk Assessment

6.1 Introduction

As explained in Chapter 5, the hazard potential of glacial lakes in the ROI is strongly shaped
by geomorphic and erosional features such as cirques, valleys, retreating glaciers (RG), and
flow channels (FC). These factors play a central role in determining where lakes form and how
they evolve. However, these facyores exclude the full range of external processes that may
influence lake stability. Dynamic triggers such as landslides, ice—rock avalanches, and seismic
shaking can, in principle, modify dam conditions or introduce sudden mass inputs that elevate
outburst potential. These triggers are particularly relevant in tectonically active regions of the
Eastern Himalaya, where steep topography and high relief make slopes sensitive to disturbance

(Afroz A Shah, 2013; Shah et al., 2025; Shah et al., 2024a; Shah et al., 2024b).

Earthquakes are often suspected triggers because ground shaking can destabilise dams or
weaken ice—rock interfaces, potentially leading to GLOFs, especially in tectonically active
areas like the Himalayas and the Andes (e.g., Veh et al., 2020). However, recent research
indicates that earthquakes might be overestimated as triggers. Wood et al. (2024) found that,
although many earthquakes affect glacierized regions, only one GLOF has been confidently
linked to seismic activity. While this does not prove a direct causal link, a significant
earthquake occurring within the shallow crustal depths (0-20 km) near GLOF sites could
destabilise lakes and trigger flooding. This potential connection is supported by mapping
analyses and the relationships between earthquake faults and GLOF locations (Figure 6.2 and
Figure 6.5).

Evidence from past Himalayan earthquakes—including the 1950 Tibet—Assam event (Mw
8.6) and the 2015 Gorkha earthquake (Mw 7.8)—shows that strong shaking can induce
widespread landslides and destabilise unconsolidated sediment in high mountain catchments
(Bilham et al., 2017; Kargel et al., 2016; Priyanka et al., 2017; Roback et al., 2018). While
clear, documented cases of earthquake-triggered GLOFs remain rare in the published literature,
seismicity may still act as an indirect modifier of glacial lake stability through its effects on
surrounding slopes, moraine material, and sediment flux. For this reason, seismic and tectonic

indicators are considered in this study as contextual hazard drivers rather than primary triggers.
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Several glacial lakes in the ROI also lie close to major Himalayan structures such as the Main
Central Thrust (MCT), Main Boundary Thrust (MBT), and Main Frontal Thrust (MFT), which
mark zones of active deformation and heightened seismic hazard (Shah et al., 2025). These
regions are characterised by high rates of landslide activity and slope instability, which can
amplify local hazard conditions around lakes (Keefer, 1984). Taken together, these factors
highlight that GLOF hazard is shaped not only by intrinsic lake characteristics and geomorphic
setting but also by the surrounding landscape dynamics, including landslide-prone slopes,

tectonic activity, and the spatial distribution of past natural hazard events.

Notably, Chapter 5 only classifies the hazard state of a lake without identifying its potential
magnitude and impact. Therefore, a shift from hazard assessment to risk assessment is essential
for a comprehensive evaluation of GLOF threats in this seismically and geomorphologically
active region, where population clusters and critical infrastructure are increasingly encroaching
upon hazard-prone zones. The risk assessment in this chapter accounts for both the potential of
GLOF occurrence and the exposure of a glacial lake to vulnerable elements, such as

downstream built-up areas and infrastructure.

As seismic factors (proximity to faults, earthquake locations, landslide locations, etc) affect
a large area, the study area is expanded. The expanded study area is named ‘extended ROI’.
The work discussed in this chapter has been published in (Vashistha et al., 2025b). Next

sections describe extended ROI, methodology, results, discussion, and chapter conclusion.

6.2 Extended Region of Interest (Extended ROI)

The Extended-ROI for this study is geographically bounded between 21.63°N to 31.36°N
latitude and 85°E to 98.73°E longitude, covering an area of approximately 147.12 million
hectares (14,71,200 km?) in the Eastern Himalaya. This region spans across northeastern India,
Bhutan, Nepal, northern Myanmar, and the southeastern Tibetan Plateau, and represents a
critical transitional zone between the high-altitude Tibetan Plateau and the tropical lowlands of
Southeast Asia. Topographically, the ROI exhibits an elevation gradient ranging from -117m
in the southern floodplains to 8781m in the northern mountainous terrain, encompassing
Kangchenjunga (8,586 m), the third-highest mountain peak in the world. The region is
tectonically active, located at the intersection of the Indian, Eurasian, and Burmese plates, and
is traversed by major fault systems such as the Main Central Thrust (MCT), Main Boundary
Thrust (MBT), and the Eastern Himalayan Syntaxis. This complex tectonic configuration
places the region predominantly in Seismic Zone V, the highest hazard zone classified by the
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Bureau of Indian Standards (Nath et al., 2008). Notable historical earthquakes, including the
1897 Assam and 1950 Assam-Tibet events (both > M8.0), underscore the region's seismic
vulnerability (Bilham et al., 2001; England et al., 2015; I. Singh et al., 2021). Climatically, the
ROl is influenced by a humid, monsoon-dominated system, receiving most of its precipitation
between June and September. Compared to the Western Himalaya, the region hosts smaller,
fragmented, and debris-covered glaciers, situated on steep slopes. Approximately 35-40% of
the area remains snow-covered during summer (Krishna, 2005), supporting numerous glacial
and periglacial features. This ROI is undergoing significant and disproportionate warming,
with an observed increase in annual mean temperature of approximately 0.01°C per year (Li et
al., 2016). This climatic trend is accelerating glacial retreat and contributing to the rapid
formation and expansion of glacial lakes. Hydrologically, the Eastern Himalaya serves as the
origin of major transboundary rivers, including the Brahmaputra, Teesta, and Manas, which
are vital for irrigation, hydropower, and water security across downstream regions in India,
Bhutan, Bangladesh, and China. The interplay of climate-induced changes, fragile glaciology,
and tectonic instability heightens the region's susceptibility to GLOFs, making it a focal point
for both climate resilience planning and hazard risk assessments. Figure 6.1 illustrates the

spatial extent of the study area using SRTM 30-meter resolution DEM data.
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Figure 6.1: Topographic and structural map of the Eastern Himalayan region, including
parts of India, Nepal, Bhutan, China, and Bangladesh., derived from SRTM 30-meter
resolution DEM data. Elevation ranges from —117 m in the south to 8781 m in the high
Himalayan ranges. Major fault structures, including the Main Frontal Thrust (MFT) and
Dauki Thrust, are shown as black lines, illustrating the region's tectonic complexity.
Glacial lakes, indicated in blue, are predominantly concentrated in high-altitude zones of
Nepal, Bhutan, and southeastern Tibet, highlighting areas of potential GLOF risk. The
region lies at the convergence of the Indian, Eurasian, and Burmese plates, making it one
of the most seismically active zones in the world.

6.3 Methodology and materials

6.3.1 Parameter selection and data generation

Among the geometric parameters of glacial lakes, lake elevation, area of lake, volume of
lake, and slope influence GLOF events (Ahmed et al., 2022a). The elevation, area, and volume
of a lake directly influence the stability and potential for GLOF events. High-altitude lakes are
more hazardous as the potential energy increases with the rise in elevation, which leads to
catastrophic outbursts once the breach occurs. Further, larger lakes with significant volumes
store more water, which increases the peak discharge during the flooding. Simultaneously, if
the area of a lake is larger while the volume is constant, it indicates a shallower depth,
suggesting weaker moraine or bedrock constraints and higher susceptibility to wave-induced

erosion and thermal exchange. Increased solar radiation absorption in large area lakes
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accelerates surface warming, leading to faster glacial melt and potential expansion of the lake.
Additionally, warmer water infiltrates moraine dams, weakening their structure and increasing
the risk of GLOFs (Harrison et al., 2018). The following are factors associated with seismicity
and tectonics, which are observed evidence and included logically to develop the model for the

risk assessment:

(i) Proximity to faults: Lakes located near active faults are at higher risk of disruption due
to seismic activity. Moreover, fault movement can lead to slope instability, lake expansion, or
sudden outbursts, increasing the likelihood of GLOFs. As the influence of fault displacement
will be maximum on the closest lake, this thesis considers the influence of the distance between
the lakes and the nearest major faults on GLOF risk assessment. Figure 6.2 presents the
mapping of faults over the study area. The focal plane solution reveals that thrusting is more

prominent on the eastern portion, whereas normal faulting is observed in the central region.
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Figure 6.2: The figures illustrate the topography of the Eastern Himalayas, with the
distribution of active faults (adapted from Taylor and Yin, 2009) overlaid. Additionally,
the earthquake centroid moment tensor (CMT) events are plotted to highlight the varying
types of seismic activity in the region, ranging from normal faults to strike-slip faults.
These visualizations provide a comprehensive view of the tectonic complexity and the
nature of earthquake mechanisms in this geologically dynamic area.
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(ii) Elevation difference with landslide location: Elevation difference between a lake and the
nearby landslide location also influences the GLOF events. When the elevation difference is
small, the landslide debris reaches the lake quickly with minimal energy dissipation, resulting
in a sudden and intense impact. This can generate large waves, known as impulse waves, which
may overtop natural or artificial lake barriers, increasing the likelihood of a GLOF. In contrast,
when the elevation difference is large, debris travels for a longer distance, allowing energy
dissipation due to friction, terrain obstacles, and dispersion. As a result, the impact force on the
lake is generally reduced, lowering the chances of immediate dam failure. While a greater
elevation difference can lead to higher acceleration and velocity of the debris, the energy loss
along the slope often mitigates the final impact compared to a shorter, more direct collapse.
Therefore, lakes located close to landslide-prone zones with small elevation differences are
generally at a higher risk of sudden outburst events. The data for landslide locations is obtained
through Kirschbaum et al. (2015) and Kirschbaum et al. (2010). The elevation difference is
measured by using the SRTM 30 m DEM. Figure 6.2 presents a spatial distribution of
landslides across the study area (extended ROI) and adjoining regions, classified by triggering
factors such as earthquakes, cyclones, freeze-thaw processes, rain, floods, human activity, and

others.
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Figure 6.3: Spatial distribution of landslides in the Eastern Himalayas and adjoining
regions, classified by triggering factors—earthquake, cyclone, freeze-thaw, rain, flood,
human activity, and others—overlaid on a shaded elevation map (—117 m to 8781 m).
Major active faults, including the Main Frontal Thrust (MFT) and Dauki Thrust, are
marked, showing strong spatial correspondence with landslide occurrences. Rain-
induced landslides dominate the region, particularly along the MFT, while earthquake-
and human activity-triggered landslides are prominent in seismically and
anthropogenically disturbed zones. The figure highlights the interaction between
topography, active tectonics, and climatic conditions in governing slope instability across
the Himalayan front.

The topography in Figure 6.3 above, shown via a shaded elevation map ranging from —117
m to 8781 m, indicates that most landslides are concentrated along the Himalayan front and
interior regions, particularly along the Main Frontal Thrust (MFT) and the Dauki Thrust—two
major tectonic structures. Rain-induced landslides (green dots) dominate the dataset, showing
high density along the MFT and extending eastwards across Arunachal Pradesh. Earthquake-
triggered landslides (red) are less frequent but appear in proximity to known faults, especially
near the eastern syntaxis and central MFT. Human activity (yellow) and flood-triggered
(orange) landslides are concentrated in the southeastern part, indicating anthropogenic
influence and floodplain instability. Cyclone-triggered (green) and freeze-thaw-related (blue)

events are sparse, suggesting regionally limited climatic influence. The spatial clustering of
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landslides along fault zones underscores the role of active tectonics, particularly the MFT and
Dauki Thrust, in preconditioning slopes for failure. The map highlights how both tectonic and
climatic drivers interact with topography to control landslide distribution across this

seismically active and densely populated mountain front.

(iii) Proximity to landslide locations: The proximity of a lake to landslide-prone areas is a
critical parameter for determining its susceptibility to sudden destabilization and potential
outburst floods (Kirschbaum et al., 2015; Kirschbaum et al., 2010). Lakes closer to active
landslide zones are at a higher risk of being directly impacted by mass movements, which can
trigger large impulse waves capable of overtopping or breaching the lake's natural dam. The
closer the landslide source, the greater the probability of significant wave generation, leading
to increased flood risk (Figure 6.3). In contrast, lakes located farther from landslide-prone
regions have a lower likelihood of direct impact, as the debris may dissipate its energy before

reaching the water body (Figure 6.3).

(iv) Proximity with earthquake locations: The study site in the Eastern Himalaya
encompasses five of the most seismically active regions: the Eastern Syntaxis, the Arakan
Yoma Belt, the Shillong Plateau (SP), the Himalayan Frontal Arc (HFA), and South Tibet.
Earthquakes in these regions are predominantly of shallow depth, with intermediate
magnitudes and spatially variable frequencies. Between 1964 and 2020, the Eastern Syntaxis
experienced 247 recorded earthquakes, the Arakan Yoma Belt 727 earthquakes, the Shillong
Plateau 83 earthquakes, the HFA 166 earthquakes, and South Tibet 124 earthquakes (Tiwari et
al., 2022). The prevalence of shallow, moderate-magnitude earthquakes poses a significant
threat to glacial lake stability, as seismic shaking can trigger moraine dam failures or landslides,
leading to GLOF events, as observed from the 2015 Gorkha earthquake (Cook et al., 2018).
Seismic activity in the vicinity of glacial lakes can induce ground shaking, destabilizing
moraine dams and triggering lake outbursts. Strong earthquakes can generate surface ruptures,
liquefy sediments, and create cracks in natural dams, increasing seepage and the likelihood of
structural failure. Additionally, seismic events can indirectly impact lakes by triggering
avalanches or ice calving, leading to sudden water displacement and impulse waves. Therefore,
the proximity of lakes to earthquake hotspots is a critical factor influencing their stability and
potential for outburst floods. The closer a lake is to a historically active earthquake zone, the
higher the probability of seismic-induced failure, making it essential to integrate seismic hazard

assessments into GLOF risk evaluations.
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(v) Magnitude and depth of nearest earthquakes: The magnitude and depth of an earthquake
are crucial in assessing the risk to glacial lakes. Shallow, high-magnitude earthquakes pose a
greater threat, as they can trigger moraine failures or destabilize surrounding slopes,
significantly increasing GLOF risks. Larger magnitude earthquakes generate stronger ground
shaking, potentially destabilizing lake banks and triggering landslides or GLOFs. Shallow
earthquakes, occurring at depths less than 70 km, tend to cause more intense surface shaking,
increasing the likelihood of landslides or lake ruptures. Deeper earthquakes, though less intense
at the surface, can still affect the region's tectonic stability, influencing lake dynamics. For
earthquake locations, magnitude, and intensity, updated earthquake data from 1960 to 2024
were sourced from the United States Geological Survey (USGS) database to ensure a
comprehensive evaluation. Accordingly, the proximity of glacial lakes to earthquakes is
estimated. Figure 6.4 presents the spatial distribution of earthquakes with their magnitude and

depth variation over the ROI.
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Figure 6.4: Seismotectonic Map of the Eastern Himalaya and Indo-Burmese Arc: Depth-
coded and magnitude-scaled earthquake epicentres plotted over shaded relief topography
highlight active tectonic boundaries, including the Main Frontal Thrust (MFT) and the
Dauki Thrust. The figure shows the distribution of earthquakes, which indicates
clustering in the eastern region with some earthquakes >70-100 km, indicating active
subduction. Shallow earthquakes (less than 70 km) are concentrated in the Himalayan
regions, typical of collisional tectonics. The shallow crustal seismicity initiates ruptures,
shaking, and landslides and could be dangerous for GLOFs (this study). Dense seismic
clustering in the Indo-Burmese region marks active oblique subduction of the Indian
plate beneath the Burma microplate. The variation in earthquake depths and topography
illustrates complex plate interactions and crustal deformation across this highly
seismically active region.

(vi) Proximity to historic GLOF locations: The nearest distance of lakes from previously
occurred GLOF locations is important for assessing the susceptibility of lakes to future outburst
events. Lakes in proximity to past GLOF sites may share similar geomorphological, climatic

and hydrological conditions, making them more vulnerable to similar triggering mechanisms.
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Additionally, past GLOFs changes the terrain, weakening moraine dams and creating pathways
for future flood events. Therefore, understanding this distance helps in risk assessment,
prioritizing lakes that may be influenced by cascading flood effects or connected hydrological
systems. The locations of past GLOF events are obtained by reviewing the Liitzow et al. (2023)
and T. Zhang et al. (2022b) study, identifying 75 GLOF events within the ROI. Figure 6.5
presents the locations of GLOF with their dam characteristics for reference. Most GLOF-
affected lakes are moraine-dam, and their occurrence is closely associated with areas around

the main frontal thrust, specifically along the normal faults.

86° E 88°E 90° E 92° E 94:’ E 96:’ E 98° E

30°N

z
)
N
> MAIN FRONTAL THRUST | =
) e, k
ELEVATION (m) DAUKI THRUST — |
- 8781 SHILLONG PLAT! .
S - A7 A
|| GLACIAL LAKES
GLACIER
Z | 0459 180 270 360 | =
INE m ‘ =
o 1 T T ‘l N
86° E 88° E 90° 92° 96° E 98° E

GLOF locations (@)

Figure 6.5: Mapping of historically occurred 75 GLOFs in the Extended-ROI. The map
also displays lake and glacier extents along with major tectonic structures.

(vii) Slope: The slope around a glacial lake influences water flow, sediment deposition, and
the potential for landslides. Further, steeper slopes near glacial lakes can promote rapid
downstream movement of floodwaters, increasing their erosive power and destructive impact.
For instance, Govindha Raj (2010) found that glacial lakes with downstream slopes greater
than 10° are potentially dangerous. Che et al. (2014) suggested that a steep slope (> 8°) between

the lake and glacier increases the risk of calving and outburst. Therefore, this study considers
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the steepest slope surrounding the lake within a 500 m buffer zone from the outside of the lake.
The buffer zone limit is obtained from the Kougkoulos et al. (2018) study. This parameter was
estimated from the DEM by using the ‘slope analysis” and ‘buffer’ tool in GIS.

(viii) Proximity to built-up: The distance of lakes from the nearest built-up is crucial in GLOF
risk assessment as it determines the potential impact on human settlements, infrastructure, and
evacuation time. Lakes closer to urban areas pose a higher risk due to faster flood propagation,
greater damage potential, and limited response time. This factor is integrated into hybrid
MCDA models to classify lakes into risk categories, aiding in disaster preparedness and urban
planning. Shorter distances increase vulnerability, while greater distances allow flood energy

dissipation and better emergency response.

(ix) Land cover type: Land cover type significantly affects hydrological dynamics, including
surface runoff, infiltration, and water retention. Vegetated areas contribute to slope stability
and reduce runoff velocity, thereby limiting erosion and sediment delivery into lakes. In
contrast, barren or impervious surfaces tend to accelerate runoff, potentially increasing lake
volume and the likelihood of flooding. This thesis uses a classified land cover map (Figure 6.6)
of the Eastern Himalaya comprising nine categories: water, built-up areas, rangeland, bare
ground, flooded vegetation, trees, crops, ice, and cloud cover. For each lake, the dominant land
cover type within a 500-metre buffer is identified using Sentinel-2 land cover data at 10-metre
spatial resolution. This analysis was conducted in ArcGIS using the ‘Buffer’ tool. Figure 6.6

shows the spatial distribution of land cover classes overlaid with major faults across the region.
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Figure 6.6: Land cover classification across the Eastern Himalaya and adjoining
foreland, based on Sentinel-2 imagery at 10-metre spatial resolution. The map shows nine
land cover categories, including forest, cropland, built-up area, water bodies, bare
ground, ice/snow, and others, overlaid with major tectonic structures such as the Main
Frontal Thrust and Dauki Thrust. The distribution of land cover types reflects the
influence of elevation, tectonic activity, and human land use, with implications for
hydrological processes, ecological stability, and vulnerability to GLOFs.

The landscape is characterised by sharp transitions in vegetation and surface cover across
prominent tectonic boundaries, notably the Main Frontal Thrust (MFT) and the Dauki Thrust.
Alpine and high-altitude zones north of the MFT are dominated by barren land (orange),
exposed rock, and patches of permanent snow cover (white), reflecting glaciated and
periglacial environments typical of high Himalayan elevations. Dense forest cover (dark green)
blankets the mid-slope regions south of the high mountains, providing stability to hillslopes
and playing a significant role in modulating hydrological responses. In contrast, the foothills
and foreland basins south of the MFT, including the Brahmaputra and Ganga plains, are
dominated by cropland (light green), interspersed with built-up areas (red) and surface water
bodies (blue). These lower-elevation regions are more densely populated and are
hydrologically connected to upstream glacial lake systems. The presence of impervious

surfaces and agricultural land increases surface runoff and reduces infiltration capacity,
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potentially exacerbating flood hazards downstream in the event of glacial lake outbursts. The
spatial alignment of major faults and thrusts with sharp land cover transitions underscores the
role of tectonic uplift and geomorphic partitioning in shaping ecological zones. Notably, the
Dauki Thrust, bounding the Shillong Plateau, separates forested uplands from densely
cultivated plains, reflecting a strong interaction between tectonic processes, topographic
gradients, and land use patterns.

In view of the above evidence, a total of 13 spatial parameters, including lake elevation,
area of lake, volume of lake, slope, land cover type, elevation difference between the lakes and
the nearest landslide’s location, and the nearest distance of lakes from faults, landslides, built-
up areas, and GLOF locations, are selected. Next, this chapter proposes a hybrid MCDA
framework for the numerical risk assessment of GLOF. Accordingly, the following are
challenges and measures adopted for implementing a robust risk assessment:

a) The input parameters are not only high-dimensional and heterogeneous in nature

but also differ in scale, units, and physical interpretation—some promote hazard
(positive indicators), while others reduce it (negative indicators). To ensure
comparability and coherent integration into a single model, all parameters are
normalized (both positive and negative indicators), reflecting their contribution to
GLOF risk.

b) Multicollinearity among parameters, such as between slope and elevation, can
distort weight assignment and affect model robustness. In addition, assigning
appropriate parameter weights is also difficult due to the contrast between
subjective expert judgment in the literature and objective statistical information. To
resolve this, a hybrid weighing approach is employed, combining AHP and SE
through KL divergences, thus balancing domain knowledge with data-driven
evidence.

C) The Absence of ground-truth risk labels makes supervised learning infeasible.
Hence, unsupervised classification is adopted, where risk scores are computed using
the TOPSIS. Further, risk scores are categorized into risk levels via FCM clustering.
The reliability of this classification is then tested using a-cut sensitivity analysis

and a validation test across 30 PDGLs, which are reported in the literature.

6.3.2 Data generation and procedure
Elevation, Area, Volume of Lake: This thesis uses the HydroLAKES v1.0 database to

evaluate risk parameters like elevation, area, and volume of the lakes (Messager et al., 2016).
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Notably, the study only considers lakes with an area greater than or equal to 0.1 km2 and
greater than or equal to 2450m for risk assessment through MCDA, as these lakes are

potentially dangerous (Wang et al., 2015; T. Zhang et al., 2022b).

6.3.3 Data processing of qualitative data

The ‘land cover type’ variable constitutes qualitative data, in contrast to the remaining
variables, which are quantitative in nature. To facilitate integration into the analytical
framework for GLOF risk assessment, the qualitative land cover data were converted into an
ordinal ranking system. This ranking, ranging from 1 to 9, reflects the relative susceptibility of
each land cover category to GLOF-related impacts in the vicinity of glacial lakes, with higher

values denoting greater risk (i.e. 1 indicates the lowest risk; 9 indicates the highest risk).

Water bodies (assigned a rank of 9) represent the highest risk category, as they facilitate
flood propagation by increasing volume and extending the inundation area (Huggel et al.,
2002). Built-up areas (rank 8) are particularly exposed due to the vulnerability of infrastructure
and human populations, as evidenced by the 2013 Kedarnath disaster (Carrivick et al., 2016).
Rangelands (rank 7) contribute to sediment mobilization, intensifying downstream impacts
(Sidle et al., 2023). While bare ground (rank 6), lacking vegetation, similarly exacerbates
sediment transport (Shugar et al., 2020). Flooded vegetation (rank 5) may temporarily impede
flow, but when uprooted, it enhances debris movement (Westoby et al., 2014). Tree cover (rank
4) offers moderate attenuation of flow but can also become a source of debris if destabilized
(Vezzola et al., 2016). Croplands (rank 3) tend to mitigate flow speed but primarily incur
economic losses without significantly contributing to flood dynamics (Huggel et al., 2002). Ice
surfaces (rank 2) pose a limited hazard unless accelerated melting occurs (Carrivick et al.,
2016). Finally, cloud cover (rank 1) has no direct influence on GLOF dynamics but impairs

remote monitoring and early warning systems.

6.3.4 Risk assessment of glacial lakes

The risk assessment of glacial lakes proceeds through a multi-step analytical framework.
First, parameters influencing GLOF susceptibility are identified and classified into either
positive or negative indicators, depending on whether they amplify or mitigate risk. Second,
the parameters are normalized to ensure comparability, after which multi-collinearity among
them is assessed. The relative importance of each parameter is then established through a
hybrid weighting approach: subjective expert judgment is operationalized via the AHP, while

objective data-driven weighting is derived from theSE method. The two weight sets are

109
TH-3942_206104003



subsequently integrated in a proportional manner to ensure a balanced and comprehensive
representation of parameter influence. Finally, glacial lakes are classified into distinct risk
categories using a combination of the TOPSIS method and FCM clustering. Sensitivity analysis
and validation are undertaken to test the robustness of the model. The overall framework is

presented in schematic form in Figure 6.7.
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Figure 6.7: Schematic representation of the proposed framework for glacial lake risk
assessment. Parameters shown in green denote positive risk indicators, while those in
light blue indicate negative risk indicators.

As the 13 parameters are originally expressed in different units and scales (e.g., lake area
in km? elevation in meters, and distance from faults in meters), these are rendered
dimensionally consistent and directly comparable by normalization. Further, the parameters
are categorized into positive (benefit) and negative (cost) indicators, allowing for appropriate
normalization and ranking within the risk assessment model. Of the thirteen parameters
employed, elevation, lake area, lake volume, slope, earthquake magnitude, and land cover type
are treated as positive indicators — meaning that higher values are associated with increased
GLOF risk. The land cover type parameter, originally categorical, has been converted into an
ordinal scale ranked from one to nine to reflect its relative contribution to hazard risk. This
scale ranges from cloud cover (1) to waterbody (9), progressing through ice, crops, trees,
flooded vegetation, bare ground, rangeland, and built-up areas, in alignment with their hazard

relevance.

On the other hand, the remaining parameters—namely, distance from active faults,

historical GLOF events, earthquake epicenters, landslides, and built-up areas, as well as
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earthquake focal depth and the elevation differential between landslide source and lake site—
are designated as negative indicators. Lower values correspond to increased risk, as closer

proximity or shallower depth implies greater susceptibility.

For a dataset comprising m lakes and # criteria, the normalization of positive indicators is

computed using the following formula:

= max(dj) — min (d;)

The formula for normalization of negative parameter is as follows:
r. | )
2 max(dj) — min (d;)

where, d;; corresponds to the performance value of the alternative i for the risk indicator j.
Also, r; represents the normalized value of the j-th indicator for the i-th evaluation
alternative, where i = 1,2,3,...,mand j = 1,2,3, ..., n.

After normalizing the influencing parameters, multi-collinearity was assessed using the
variance inflation factor (VIF) to evaluate potential redundancy among the variables. All VIF
values were found to be well below 5 (ranging from 0.755 to 3.051), indicating that no

significant multicollinearity exists in the model and that each factor contributes unique

information to the analysis.

6.3.4.1 Modelling framework

A. Estimating weights for AHP and Entropy method

The GLOF risk assessment model, designed to identify potentially hazardous lakes and their
associated risk levels, relies on estimating weights for the influencing parameters. This work
integrates the AHP, a subjective method based on expert judgment, with the SE method, an
objective data-driven approach, to determine parameter weights. Subsequently, MCDA is
applied considering multiple hazard factors. The detailed descriptions of these two weighting

approaches are discussed as follows:

AHP Method:
The AHP, developed by (Saaty, 2008), is a subjective, structured method based on

hierarchical pairwise comparisons. The steps for calculating AHP weights are as follows:
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1.

Establishing a hierarchical structure: The decision problem is organized into two levels:
(1) the Goal Level, representing the main objective — in this case, identifying potentially
dangerous lakes and their GLOF risk categories, and (ii) the Criteria Level, comprising
thirteen parameters that influence the GLOF risk of glacial lakes. This hierarchy
provides a systematic framework for weight estimation based on relative importance.

Constructing the pairwise comparison matrix: A pairwise comparison matrix is created
to assess the relative importance of each criterion using Saaty (2008) 9-point scale.

Each element q;; in the matrix quantifies the importance of criterion i relative to

criterion j. The matrix has the general form:

¥ 4™ ey (26)
! 1
A i’
1 1
R |
. o, |

The values (a;;) follow Saaty (2008)’s scale, where 1, 3, 5, 7 and 9 signifies the

equal, moderate, strong, very strong, and extreme importance respectively while 2, 4, 6

and 8 signifies the intermediate importance.

. Normalization and weight calculation: After constructing the comparison matrix, it is

normalized by dividing each element by the column sum. The priority vector (weights)
is derived by averaging the values in each row, representing the relative importance of
each criterion (risk indicator).

Consistency Check: To ensure the reliability of the judgement, the consistency index
(CI) and consistency ratio (CR) of the comparison matrix are estimated by using the

following equations:

cl = Amax —-n (27)
n—1
cl (28)
CR=—
RI
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where 4,,,, is the principal eigen value, n is the total number of criteria, and R/ is the
random index (determined based on the number of criteria). If CR < 0.1, the matrix is

considered consistent; otherwise, the comparisons need adjustment.

Shannon Entropy Method:

The SE method is an objective weighting technique used in MCDA to assess the importance
of each criterion based on its variability among alternatives. Originating from information
theory, entropy quantifies uncertainty or disorder within a dataset. In decision-making, criteria
with greater variability contain more information and are assigned higher weights (Arora et al.,

2021).

If a criterion shows high uniformity across alternatives, it has a high entropy value,
indicating low information content and warranting a lower weight. Conversely, criteria with
significant variation have low entropy values, reflecting higher information content and thus

higher weights.
The steps for evaluating the SE weights are as follows:

1. Construct the decision matrix: The decision matrix D consists of m alternatives (e.g.,

lakes) and n criteria (e.g., lake area, volume, slope, etc.):

dll d12 dln (29)
p=|® = T
dn1 dmz = dmn

Now, compute the normalized values for r;; by using (24 and (25 for positive and
negative parameter or indicator, respectively.
2. Compute the entropy for each criterion or risk indicator: The SE (E)) for each

criterion j is computed as:

m
E] = —kZTij lnTl’j
i=1

is a scaling factor ensuring 0 < E; < 1.

(30)

where, k = o

3. Calculate the entropy weights: The entropy weight w; for each of the j-th criteria is

estimated by using the following equation:

1-E;
. J 31)

J k=11—Ej
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B. Combined weights estimation

After obtaining the weights for the AHP and SE methods, Spearman’s Rank Correlation
is applied to verify the consistency of the results. Spearman’s Rank Correlation Coefficient
(p) measures the strength and direction of the monotonic relationship between two ranked
parameters. In this case, it checks the similarity between the rankings of weights from AHP
and SE. The formula for Spearman’s Rank Correlation Coefficient (p) is as follows:

L 63 R (32)
p= n(n? —1)

where, R; refers to the difference between the rank of weights from AHP andSE and n equals
to the total number of criteria or risk indicators. Notably, if p > 0.7 occurs, the two weight
sets are highly consistent and can be combined directly, while if 0.4 < p < 0.7 occurs, it
indicates the moderate agreement between the two weight sets and is to be added through a
weighted combination. However, if p < 0.4 occurs, it signifies the low agreement; further
analysis is required before combining the weights.

Further, after checking the consistency of two weight sets, the KL divergence is used for
combining the weights with a hybrid weighing approach. It is a statistical measure that
quantifies how much one probability distribution differs from another. The combination of
weights is performed in such a way that the KL divergence of the two weight sets

(Wanp and Wspannon entropy) from the combined weight (W,mpineq) 1s minimum.

For two discrete probability distributions P (SE weights) and Q@ (AHP weights), the KL

n P
Dk, (P||Q) = Zlen (Q_]>
il ’

divergence is defined as:

(33)

where, P; refers to theSE weight for the j-th criteria, Q; refers to the AHP weight for the j-th

criteria and n equals to the total number of criteria.

Thus, after minimizing the KL divergence of the two weight sets from the AHP andSE
method for a f§ combination, the combined weight (Wj(combimd)) of the j-th criteria is as
follows:

Vl/j(combined) = ﬁ VVj(AHP) + (1 - ﬂ ) VVj(Shannon entropy) (34)
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6.3.5 Risk classification

TOPSIS is used to compute risk scores by comparing each lake’s characteristics against an
ideal solution (highest risk) and a negative-ideal solution (lowest risk) (Z. Zhang et al., 2022).
It is a ranking technique that selects alternatives by minimizing their distance from the positive
ideal solution while maximizing their distance from the negative ideal solution. The process

begins by multiplying the normalized values (7;;) by the final hybrid weights (Wjcombinea))-
17ij = ij(combined)- rij (35)

Next, compute the distance of i-th alternative from positive ideal solution (S;"):

n (36)
S: i Z(vij — vj+)2
j=1
where, if j is a positive risk indicator, v;" equals to maximum of v;; else if j is a negative risk
indicator, v;” equals to minimum of v;; for i = 1, ..., m alternatives.

Further, the distance of i-th alternative from the negative ideal solution (S;) is calculated

as:

(37)

n
Si_ = Z(Uij — vj_)z
j=1

where, if j is a positive risk indicator, v;~ equals to minimum of v;; else if j is a negative risk
indicator, v;” equals to maximum of v;; for i = 1, ..., m alternatives. Finally, the risk score

(C;) is the relative closeness to the ideal solution such that higher is the C;value, higher will

be the risk. It is evaluated as:

Si (38)

These risk scores are further classified into four risk levels such as very high, high, medium,
and low risk lakes by using the FCM clustering algorithm. Unlike hard clustering methods,
FCM allows soft classification, meaning a lake can belong to multiple categories with varying

degrees of membership. Initially, four cluster centers are assigned, corresponding to the risk
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categories. Each lake is then assigned a membership value or confidence level (u;;) that

represents its likelihood of belonging to a particular category.

1 (39)
/ —
. (nci—ckn)Z v
=\l =gl

where, u;;, is the membership value of the lake i in cluster k (very high, high, moderate, low

Ui =

risk), C; is the risk score of the lake i obtained from TOPSIS, Cj is the cluster center for the
risk category k, ¢ is the total number of clusters, and f is the fuzziness factor. These
membership values are updated iteratively by recalculating cluster centers based on the
distribution of risk scores. The cluster centers are recalculated based on membership values as
follows:

m of C, (40)

ik
C, = —=——
k m uf
i=1

ik

where, Cp, s the updated cluster center for the k-th risk category and m equal to the total number
of lakes (alternatives). This process continues until the cluster centers stabilize, ensuring
accurate classification. Finally, each lake is assigned to the category with the highest

membership value.

6.3.6 Sensitivity analysis

The a-cut sensitivity analysis is a technique used in FCM clustering to analyze how
changes in the membership threshold (a-cut) affect the classification of alternatives (glacial
lakes in this thesis) (Phillips et al., 2011). It helps in determining the stability and robustness
of risk classification by controlling the level of uncertainty in membership values. In FCM,
each lake has a degree of membership (u;,) in multiple risk categories (Very High, High,
Moderate, Low), instead of belonging exclusively to one category. The a-cut threshold defines

a minimum required membership value for an alternative to be assigned to a category.

Alpha-cut: u;, > (41)

where « is the a-cut threshold. Generally, for high-risk decision making like GLOF risk, a
higher a-cut (= 0.6) is preferred. Therefore, if u;; is greater than or equal to alpha, the lake is

assigned to a risk class k. If a lake has multiple memberships above «, assign it to the highest
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membership risk class. This is followed by analysing the number of changes in risk categories
as the value of alpha increases. If the lakes frequently change risk classes with small changes
in a, it indicates that the classification is unstable and requires adjusting FCM parameters.
However, if classification remains stable over a range of a-cut, it signifies that the classification

results are robust and reliable.

The proposed method supports a scalable and interpretable GLOF risk assessment, capable
of handling diverse lake types, including moraine-dammed, ice-dammed, bedrock-dammed,
and composite lakes. The final outputs are mapped in GIS to visualize the spatial distribution

of potentially dangerous glacial lakes across the study site in the Eastern Himalaya.
6.4 Results and discussion

Weights of thirteen parameters are determined, and lakes are classified in four risk classes
by the proposed method. Results are validated by comparing the assessed risk levels with five
GLOF events reported by Rounce et al. (2016) in Nepal. Additionally, risk levels for 25
randomly selected GLOF events from T. Zhang et al. (2022b) are compared to further evaluate

the model’s performance.

6.4.1.1 Weights distribution of risk parameters
A. AHP method

The AHP was applied to estimate the weights of thirteen parameters influencing GLOF risk
assessment. The pairwise comparison matrix (Table 6.1) reflects expert judgments on the

relative importance of these criteria.
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Table 6.1: Pairwise comparison matrix used in the AHP to estimate weights (W 44p) for
various criteria influencing GLOF risk assessment. Each criterion is compared against
every other criterion based on expert judgment using Saaty’s 1-9 scale (and their

reciprocals)
A V H S DF DLs AE;; DE Mag d DG DB LC | Wyyp

A 1 172 5 5 5 5 5 5 5 5 5 6 6 0.2004
A% 2 1 7 7 7 7 7 7 7 7 7 7 7 0.2909
H /s 17 1 2 3 3 3 3 3 2 2 2 2 0.0842
S /s 7 12 1 3 3 3 3 3 3 3 3 3 0.0875
DF s 7 13 173 1 172 1 1 1 1 1 2 2 0.0371
DLs |I/5 1/7 173 13 2 1 2 2 2 2 2 2 2 0.0558
AE;q | 174 1/7 13 173 1 172 % 2 2 2 2 2 2 0.0482
DE |1I/5 1/7 173 13 1 172 172 1 1 2 2 2 2 0.0410
Mag | I/5 1/7 1/3 1/3 1 12 172 1 1 2 1 2 2 0.0382
D s 7 12 13 1 172 172 172 172 1 1 2 2 0.0328
DG |I/5 1/7 122 173 1 12 172 172 1 1 1 2 2 0.0342
DB |l/6 1/7 122 1/3 172 172 172 172 172 172 12 1 2 0.0258
LC |l/6 1/7 122 13 172 172 172 172 172 172 12 172 1 0.0233
where, A = Area, V = Volume, H = Elevation, S = Slope, DF = Nearest distance of lakes from Fault,
DLs = Nearest distance of Lakes from Landslides, AE; ¢ = Elevation difference of lakes from nearest
Landslide, DE = Nearest distance of lakes from Earthquake, Mag = Magnitude of earthquake, d =
Depth of earthquake, DG = Nearest distance of lakes from GLOF, DB = Nearest distance of lakes
from built-up, LC = Land Cover, and W,yp = Weights for risk criteria by AHP method.
Consistency Ratio (CR) = 0.0884

Calculated weights (W,yp) indicate that Volume (0.291) and Area (0.200) are the most
significant parameters contributing to the risk, highlighting the critical role of lake size in
hazard potential. Other parameters with moderate influence include Slope (0.088), Elevation
(0.084), and Distance from Landslides (0.056). Parameters related to earthquake characteristics
such as Magnitude (0.038), Depth (0.033), and distance from earthquake (0.041) have lower
weights, yet contributing effectively to the overall risk profile. Land Cover and proximity to
built-up areas received the lowest weights, indicating comparatively lesser influence in the

study area.

The consistency of expert judgments was evaluated using the Consistency Ratio (CR),
which yielded a value of 0.0884, below the acceptable threshold of 0.10. This confirms the

reliability and coherence of the pairwise comparisons made.

Overall, these results emphasize that the physical attributes of the lakes (volume and area)

and their geomorphological context (slope, elevation, and proximity to landslides) dominate
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the assessment of GLOF risk, while seismic factors play a less significant role in the current

weighting scheme.

B. Shannon Entropy (SE) method
The SE method was applied to estimate the weights of thirteen parameters influencing GLOF
risk assessment, and the results were cross-compared with expert-derived rankings from AHP.

Table 6.2 presents the entropy weights (Wsg), standardized ranks (Rgg), and corresponding
AHP rankings (Ryyp)-

Table 6.2: SE weights (W) of the GLOF risk parameters along with comparative
ranks (Rgr and R 44p) derived from SE and AHP method. The table highlights the
relative influence of each parameter on GLOF risk, with higher weights.

GLOF Risk Parameters Wk Rsp Raup
Area 0.3441 2 2
Volume 0.3984 1 1
Elevation 0.0074 12 4
Slope 0.0815 3 3
Nearest distance of lakes from fault 0.0154 9 9
Nearest distance of lakes from landslides 0.0165 8 5
Elevation difference of lakes from nearest landslide 0.0174 7 6
Nearest distance of lakes from earthquakes 0.0115 10 7
Magnitude of earthquake 0.0337 5 8
Depth of earthquake 0.0057 13 11
Nearest distance of lakes from GLOF 0.0206 6 10
Nearest distance of lakes from built-up 0.0114 11 12
Land Cover 0.0363 4 13

The analysis reveals strong alignment in the top-ranking parameters. Lake volume carries
the highest weight (Wsg: 0.3984) and is consistently ranked first by both AHP and Entropy
methods. Lake area (Wsg: 0.3441) and slope (Wsg: 0.0815) follow closely, sharing top three
ranks across both approaches. This convergence affirms their central role in influencing GLOF

risk, particularly in terms of potential outburst magnitude and downstream hazard propagation.

Discrepancies between the two methods (AHP and SE) emerge in parameters with more
ambiguous roles. Elevation, for instance, is weighted lower by entropy method (Wsg: 0.0074;
Rgg: 12) but is ranked fourth in AHP, suggesting that expert assessments attribute more
significance to terrain positioning than is reflected by its statistical variability. Similarly, land
cover receives moderate weight in entropy (Wsg: 0.0363; Rgs: 4) but is ranked lowest in AHP,
possibly reflecting limited perceived relevance to outburst triggering despite its variation across

sites.
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Seismic parameters — including earthquake magnitude and proximity to epicenters — hold
moderate entropy weights but received lower ranks in AHP. This pattern suggests that while
seismic factors vary across the region, their perceived contribution to immediate GLOF
initiation is considered secondary. Both earthquake depth (Wgg: 0.0057;R4pp: 11) and
proximity to built-up areas (Wsg: 0.0114; Rypp: 12) consistently rank lower, indicating limited

influence at the basin level.

The comparative framework underscores the strength of combining quantitative data
analysis with expert-informed judgment. The results from both the AHP and SE methods show
strong agreement in the prioritization of key parameters such as lake volume, area, and slope,
indicating high confidence in their relative importance for GLOF risk. In cases where the two
methods differ, the discrepancies reveal the trade-off between statistical significance (captured
by entropy) and physical interpretability (informed by expert opinion). This highlights the
complementary nature of integrating objective data-driven insights with subjective expert

knowledge to achieve a more balanced and comprehensive GLOF risk assessment.

C. Hybrid weights for risk assessment

The combined weighting results (W, ompinea) and their rankings (R;.ompineq) provide a
synthesized assessment of GLOF risk parameters by integrating both data-driven (SE) and
expert-based (AHP) methods. The Table 6.3 presents the final combined weights (W,ompined)
and corresponding ranks (R.ompinea) Of the 13 GLOF risk parameters, obtained using a hybrid
weighting approach that integrates both subjective (AHP) and objective (SE) weights through

KL divergence minimization.

Table 6.3: Combined weights (W .o mpinea) and ranks (R ompinea) 0f GLOF risk

parameters
GLOF Risk Parameters W combined  Rcombined
Area 0.2940 2
Volume 0.3610 1
Elevation 0.0342 5
Slope 0.0836 3
Nearest distance of lakes from fault 0.0230 10
Nearest distance of lakes from landslides 0.0302 7
Elevation difference of lakes from nearest landslide 0.0282 8
Nearest distance of lakes from earthquakes 0.0218 11
Magnitude of earthquake 0.0353 4
Depth of earthquake 0.0152 13
Nearest distance of lakes from GLOF 0.0254 9
Nearest distance of lakes from built-up 0.0165 12
Land Cover 0.0317 6
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Lake volume (0.3610), area (0.2940), and slope (0.0836) rank as the top three parameters,
followed by earthquake magnitude (0.0353) and elevation (0.0342). These five parameters
collectively account for 80.81% of the total combined weight, underscoring their critical role
in GLOF susceptibility. This suggests that lakes characterized by large volume and area, steep
surrounding terrain, high elevations, and exposure to high-magnitude seismic activity are

particularly vulnerable to outburst events.

Mid-ranked parameters such as land cover (0.0317) and proximity to landslides (0.0302)
play supporting roles, while the remaining factors — including elevation difference from nearby
landslides, proximity to faults, previous GLOFs, and earthquake epicenters — have
comparatively lower influence (weights between 0.015 and 0.030). Earthquake depth (0.0152)
and distance from built-up areas (0.0165) were found to be the least significant. These results
suggest that proximity-related parameters may be locally relevant in triggering or amplifying
GLOF impacts; their lower spatial variability across the study area reduces their contribution

in the overall model.

To reconcile the differing weight estimations from SE and AHP, Spearman’s rank
correlation coefficient (p) was calculated, resulting in a moderate agreement (p = 0.4670). This
value (0.4 < p < 0.7) indicates partial correlation, insufficient to justify direct averaging.
Therefore, a hybrid combination was applied to minimize KL divergence, assigning 34.86%
weight to AHP-derived values and 65.14% to entropy-based values (B = 0.3486). This
optimized fusion ensures a balanced representation of expert judgment and data variability in

the final weighting structure.

Vl/j(combined) = 0.3486 VVj(AHP) + 0.6514 VVj(Shannon entropy) (42)

6.4.2 Risk classification and confidence levels

This thesis applies the TOPSIS method to evaluate the risk score for each of the alternatives
or candidate lakes by assessing the corresponding risk parameters. Then, Fuzzy C Means
clustering classifies the lakes into the four-risk classes (low, moderate, high and very high risk)
with different confidence levels or membership values. Notably, the risk class having the
highest confidence is considered the final risk class for a lake. After 49 iterations, there was
minimal improvement in the FCM clustering, and the result shows that out of the total 1144
lakes, there are 432, 368, 227, and 117 lakes of low, moderate, high and very high GLOF risk,
respectively. The occurrence of very high-risk and high-risk lakes is due to various common

factors like high elevation, steep slopes, large area, large volume, closeness to earthquakes and
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occurrence of rangeland or bare ground in the vicinity of lakes. On the other hand, moderate
risk and low risk lakes are of medium or small size in area, small volume, occurring at lower
elevation, and mostly located away from major faults, earthquakes, landslides, GLOF and built-
up areas. Figure 6.8 represents the spatial occurrence of these lakes with their different risk

levels.

86°E 88°E 90° E 92°E 94°E 96° E

VERY HIGH
"~ HIGH Elevation (m)

24° N

o Low
4080 160 240 320

22°N

86°E 88°E 90° E 92°E 94° E 96° E 98°E

Figure 6.8: GLOF risk assessment map of the Eastern Himalayas and surrounding
regions, based on SRTM DEM-derived elevation data. The glacial lakes are categorized
into four GLOF risk levels: Very High (dark red), High (orange), Moderate (yellow), and
Low (green).

6.4.3 Sensitivity analysis

Following the classification of lakes into pre-defined GLOF risk classes, the thesis assessed
the confidence level of these classifications using sensitivity analysis, as presented in Table
6.4. Each risk class includes the number of lakes assigned to it with a classification confidence
equal to or exceeding a defined alpha threshold, which in this case ranges from 0.65 to 0.9. An
additional “unassigned” category captures lakes with confidence values below the specified

alpha, indicating lower certainty in risk classification.
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Table 6.4: Sensitivity analysis of risk assessment of lakes for risk confidence >a value

= a Low Risk Moderate Risk High Risk  Very High Risk Unassigned

0.65 432 368 227 117 0
0.7 432 367 226 115 4
0.75 431 366 223 115 9
0.8 411 340 223 114 56
0.85 388 309 219 113 115
0.9 333 338 215 110 248

Results in the Table 6.4 show that as the alpha threshold increases, the number of lakes
falling into the unassigned category also rises, reflecting a stricter confidence requirement.
However, changes in the number of lakes assigned to each risk class remain relatively minor
across thresholds. Specifically, 4, 9, 56, and 115 lakes were unassigned at alpha levels of 0.7,
0.75, 0.8, and 0.85, respectively. Despite this increase in unassigned lakes at higher alpha
levels, a significant majority — 1088 out of 1144 lakes (95.1%) — were still confidently
classified into risk categories at an alpha of 0.8 or higher. This indicates that the risk assessment

framework maintains high reliability and stability under varying confidence thresholds.

6.4.4 Validation

Results are compared with those available in the literature to evaluate the robustness of the
proposed risk assessment framework. Among the 30 observed lakes, the model classifies 17 as
very high risk, 9 as high risk, 2 as moderate risk, and 2 as very low risk. Notably, 27 of these
predictions carry a confidence level exceeding 80%, while the remaining 3 are above 70%,

indicating strong overall reliability.

Among the 17 lakes in the very high-risk category, most lakes (12) are large (area > 0.1
km?), with the remainder comprising 3 medium-sized (0.05 < area < 0.1 km?) and 2 small lakes
(0.01 < area < 0.05 km?). In terms of surrounding land cover, 8 are bordered by bare ground, 7
by rangeland, and the remaining 2 by ice and water, respectively. High-risk lakes similarly
exhibit a predominance of large size (7 lakes), with one medium and one small lake. Their
immediate surroundings include bare ground (5 lakes), waterbody (2 lakes), rangeland, and ice

(1 each).

The two lakes in the moderate-risk class are both small and situated near either bare ground
or ice. The two low-risk lakes include one medium and one small lake, both with bare ground
in their vicinity. Across the very high and high-risk categories, several common characteristics

emerge: steep slopes, higher elevation, and proximity to geological and geomorphological
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triggers such as faults, GLOF locations, earthquakes, and landslides. Figure 6.9 illustrates this
validation, where part (A) shows the spatial distribution of assessed risk, part (B) depicts the
corresponding confidence levels, and part (C) presents the classification outcomes based on the

reference studies by T. Zhang et al. (2022b) and Rounce et al. (2016).
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P1: Imja Tsho P9: Cualong P16: Upper Chokham Tsho P23: Nagma Pokhari
P2: Taraco P10: Degaco P17: Qiongbihema Tsho P24: Langmale Tsho
P3: Tsho Rolpa P11: Zarico P18: Kongyangmi La Tsho  P25: Tam Pokhari
P4: Barun Tsho P12: Lureco P19: Geiq P26: Nare Lake
P5: Lumding Tsho P13: Luggye Tsho P20: Yindapuco P27: Changri Shar
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Figure 6.9: Comparison of GLOF risk assessment for 30 glacial lakes in the Central-
Eastern Himalayas. (A) Proposed risk classification, (B) Confidence level corresponding
to each lake’s predicted risk level, and (C) Existing risk assessment from literature
(Rounce et al., 2016; T. Zhang et al., 2022b).
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The comparative findings align well with those reported by and (Rounce et al., 2016) and
(T. Zhang et al., 2022b). The high degree of correspondence between the model predictions
and literature-derived classifications supports the reliability and practical applicability of the

proposed framework.

Despite the overall alignment, several notable differences emerge. Six lakes — Taraco (P2),
Lureco (P12), Luggye Tsho (P13), Langmale Tsho (P15), Changri Sar (P27), and Dacangco
(P30) — are identified as very high-risk in this study, whereas T. Zhang et al. (2022b) classified
them as high-risk. Similarly, Imja Tsho lake (P1) is categorized here as high-risk, compared to
its earlier classification as moderate-risk by Rounce et al. (2016). Zhemaico (P7) and Nare
(P26) lakes are now classified as moderate-risk lakes, a shift from their previous classification
as low-risk by T. Zhang et al. (2022b). Zanglha North (P28) lake, deemed very low-risk by T.
Zhang et al. (2022b), is assessed as low-risk. These variations are due to differences in both

type of parameters included and methods adopted.

T. Zhang et al. (2022b) employed a Fuzzy consistent matrix approach, using a limited set
of five parameters focused primarily on glacial and geomorphological characteristics, such as
glacier slope and moraine geometry. However, the method does not account for critical factors
like lake area, volume, land cover, and proximity to GLOFs, earthquakes, landslides, or human
settlements. Moreover, it applies to a single weighting approach and lacks integration of both
expert judgment and data-driven variability, limiting its adaptability across diverse settings. In
contrast, this thesis applies to a hybrid methodology that combines AHP with SE, weighted
through KL divergence. This allows for a more flexible and generalized framework that
captures both subjective knowledge and objective data patterns. Similarly, Rounce et al. (2016)
used a heuristic rule-based model focused on downstream impacts and dam stability, but the
analysis was limited to only six lakes and did not incorporate statistical weighting or broader

geospatial variables such as fault proximity or elevation.

The higher risk class assigned to lakes in this work are attributed to the inclusion and
significant weighting of parameters like lake volume, area, slope, earthquake magnitude, and
elevation. Additionally, the proposed model integrates proximity to active geomorphic and
seismic hazards, such as faults, GLOFs, landslides, and earthquakes, along with land cover
type. With a total of 13 risk parameters when applied as indicators across 1144 lakes, and
classification confidence levels exceeding 80% in most cases, this framework provides a more

comprehensive and robust basis for GLOF risk assessment. The methodological breadth and
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inclusion of a confidence metric support improved reliability and decision-making for hazard

management in glacial environments.

6.4.5 Discussion

The results presented here address a critical gap in current GLOF risk assessments in the
Eastern Himalayas by incorporating a diverse set of parameters and methodological
innovations. As highlighted in the introduction, existing studies often prioritize glaciological
and hydrological parameters while wunderrepresenting the role of tectonic and
geomorphological triggers such as active faults, earthquakes, and landslides (Kougkoulos et
al., 2018; Rounce et al., 2016; T. Zhang et al., 2022b). This work integrates 13 parameters —
including lake volume, area, slope, elevation, seismic attributes, and proximity to hazards —
into a unified framework, thereby offering a comprehensive understanding of GLOF

susceptibility.

The hybrid weighting methodology proposed in this thesis — combining expert-based AHP
and data-driven SE using KL divergence — represents a methodological advancement over
conventional MCDA approaches that rely on either subjective or objective techniques in
isolation. The moderate Spearman correlation (0.467) between AHP and entropy rankings
confirmed the need for such an integrated approach, which allows the model to leverage both

expert insight and statistical variation.

The results show a high degree of internal consistency and external reliability. Lake volume
(0.3610), area (0.2940), and slope (0.0836) parameters emerged as dominant GLOF predictors,
collectively accounting for over 80% of the combined weight. This reaffirms the findings of
earlier studies that emphasize the influence of physical lake characteristics, but our model
further refines this by demonstrating the additive role of seismic and proximity-based
parameters. Through FCM clustering and TOPSIS-based scoring, we classified 1144 lakes into
four risk categories, with the majority of high- and very high-risk lakes exhibiting common
traits such as large volume, steep slopes, high elevation, and proximity to faults and past GLOF
events. The robustness of these classifications is further supported by sensitivity analysis,

which shows that 95.1% of lakes retained their classification at an alpha level of 0.8 or higher.

A direct comparison with the literature highlights the novelty and enhanced predictive
power of our approach. For example, lakes like Taraco, Lureco, Luggye Tsho, and Langmale
Tsho were classified as very high risk by our model. However, these lakes were earlier deemed

high-risk by T. Zhang et al. (2022b). These discrepancies stem from our inclusion of seismic
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and terrain-related parameters that were omitted in prior studies. Likewise, the classification of
Imja Tsho and Zhemaico lakes reflects a more dynamic and realistic risk estimation due to a

broader parameter base.

The validation exercise, involving a subset of 30 lakes, underscores the framework's
reliability: 27 predictions had confidence levels above 80%, and the remaining three exceeded
70%. This is a substantial improvement over previous heuristic or single-weighting models,
which either lacked confidence metrics or were constrained by limited sample sizes and

parameter scopes (Rounce et al., 2016; T. Zhang et al., 2022b).

Despite the effectiveness of the proposed method, certain limitations remain. The current
framework relies on static geospatial and seismic datasets, which may not fully reflect the
dynamic and evolving nature of glacial lake systems. Temporal variability — such as seasonal
lake expansion, glacier retreat, or changes in surrounding hazard conditions — is not captured
in the present model. Future refinements should benefit from integrating real-time monitoring
systems, high-resolution remote sensing, and climate-driven projections of lake evolution.
Moreover, the classification component, currently based on FCM clustering, can be further
tested using alternative clustering algorithms to assess classification sensitivity and improve
robustness. While the combination of TOPSIS and FCM allows flexibility in evaluating
composite risk, the model may be expanded by incorporating additional dynamic parameters
such as lake growth rates, glacier-lake connectivity, and sediment transport dynamics. These
additions would strengthen the adaptability and relevance of the framework in the face of

accelerating cryospheric and tectonic changes in the region.

Nonetheless, it is widely recognized that no model can fully encapsulate the complex
interactions governing real-world hazards. This limitation applies to the work of this chapter
as well. However, the strong validation outcomes and high classification confidence levels
demonstrate that the proposed framework yields robust, reliable, and operationally useful

results for GLOF risk assessment in the Eastern Himalayas.
6.5 Transferability of the BNN model using transfer learning

The Bayesian Neural Network (BNN) model developed in this study is trained using data
from the Eastern Himalaya. The geomorphic and climatic conditions in this region shape the
distribution and influence of the predictors. Two methods can be adopted for transferability of

the developed knowledge and model: (i) identifying variables influencing the GLOF studies in
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another regions and developing a local BNN model, and (ii) adopting the BNN model of this
thesis and modifying for another regions. For the latter method, when the model is applied to
the Central or Western Himalaya, the underlying prediction task remains the same. The model
framework can therefore be reused through transfer learning. In this approach, the trained BNN
serves as the base model, and only selected layers or parameters are updated using new region-
specific data. This refinement allows the model to adjust to different glacier geometries, debris
conditions, and valley forms. Transfer learning reduces the need for training a new model from
the beginning and improves robustness. Successful transfer requires representative samples
from the target region and recalibration of predictor ranges. With these adjustments, the model

can be extended beyond the Eastern Himalaya.
6.6 Conclusion

This chapter presents a comprehensive and scalable framework for GLOF risk assessment
in the study area located in the Eastern Himalayas by integrating glaciological,
geomorphological, hydrological, and seismic parameters within MCDA approach. Addressing
a significant gap in existing literature, the proposed model expands the conventional parameter
set by including tectonic and proximity-related variables such as distance from faults,
earthquakes, and landslides — factors often overlooked in prior assessments. The novelty lies
in the hybrid weighting method, which combines expert-driven AHP and data-driven SE using
KL divergence. This integration allows the framework to leverage both subjective expertise

and objective data variability, resulting in a more balanced and interpretable assessment.

The key findings demonstrate that lake volume, area, slope, earthquake magnitude, and
elevation are the most influential parameters, together contributing over 80% of the total
combined weight. These parameters were consistently associated with high- and very high-risk
lakes, validating their dominant role in GLOF susceptibility. Using the TOPSIS method for
risk scoring and FCM clustering for classification, the study categorised 1144 glacial lakes into
four risk levels with a high degree of confidence — 95.1% of lakes remained confidently
classified at a > 0.8. Validation against 30 observed lakes and comparative analysis with
previous studies (e.g. (T. Zhang et al., 2022b) and (Rounce et al., 2016)) confirmed the
enhanced accuracy and reliability of the proposed framework. The broader parameter base and
methodological rigor allowed the reclassification of several lakes to higher risk categories,
indicating that earlier assessments may have underestimated potential hazards due to parameter

omissions or methodological limitations.
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The implications of these findings are significant. By offering a more robust and
generalisable framework, the study supports improved early warning systems, policy
formulation, and hazard mitigation planning in a region that is sensitive to both cryosphere and
tectonics. The spatial GLOF risk map produced can serve as a critical decision-support tool for

regional authorities and disaster risk managers.

Despite its strengths, the current framework is inherently deterministic and does not
account for model-based uncertainty or dynamic climate interactions — both of which are
essential for robust risk computation. In particular, the influence of meteorological conditions
such as precipitation and temperature, as well as proximity to the nearest glacier and presence
of neighbouring lakes, remains unexplored in the present risk quantification. To address these
limitations, the next chapter (Chapter 7) expands the framework by integrating meteorological
and glacial proximity variables into a BNN probabilistic model. The BNN is trained using the
risk labels generated using the same approach as mentioned in this chapter, enabling
probabilistic GLOF risk classification along with quantification of epistemic and aleatoric
uncertainties. This uncertainty-aware approach enhances the transparency and reliability of
GLOF risk mapping, offering deeper insights for decision-makers operating under high-risk

and data-scarce conditions.
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Chapter 7
Probabilistic GLOF Risk Assessment

7.1 Introduction

Although Chapter 6 developed a risk assessment framework that explicitly incorporates
geometric, geomorphic, and tectonic influences into GLOF hazard modelling. On the one hand,
the deterministic MCDA methods (AHP with TOPSYS) provide a structured way to
incorporate expert knowledge and multiple risk factors. However, on the other hand, its
deterministic classification framework lacks the capacity to quantify predictive uncertainty and
remains limited in modelling complex non-linear interactions among parameters. In addition,
as the adopted approach also lacks the influence of climate change within the risk assessment
framework, the approach is constrained by limited parameter selection, reliance on
deterministic threshold-based classification, exclusion of multiple hazard triggers such as
seismicity and landslides, and the inability to quantify predictive uncertainty (Vashistha et al.,
2025b). More specifically, these models are static in nature, unable to learn from new data or
adjust their decision boundaries dynamically. Their reliance on pre-assigned weights and rule-
based thresholds introduces subjectivity and rigidity, making them prone to inconsistencies
when applied to new geographical regions or evolving climatic conditions. Even hybrid
approaches like AHP-based ANNs, though data-driven, typically operate as black-box
predictors with fixed architectures trained on point estimates, failing to offer meaningful
insights into predictive uncertainty and lacking a predictive formulation to generalize beyond
the training dataset (Witteveen et al., 2018)Furthermore, the unification of model performance
with uncertainty for assessing risk across all lake types—moraine-dammed, ice-dammed, and
bedrock-dammed—while also integrating non-linear interdependencies among diverse
contributing factors, is not addressed. These deficiencies pose critical challenges to disaster
preparedness, especially in the data-sparse and rapidly evolving environments of the study site

situated in the high Himalayas.

This chapter presents an enhanced GLOF risk assessment framework based on a BNN
approach. The model is trained using risk labels generated through FCM clustering of TOPSIS
scores, which are computed from hybrid weights derived by combining the AHP and SE
methods, as detailed in Chapter 6. This integration of expert judgment with objective
information theory strengthens the robustness and interpretability of the MCDA process.
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The BNN model represents a significant advancement over conventional deterministic
approaches by enabling probabilistic risk predictions along with explicit uncertainty
quantification — an essential feature for informed hazard mitigation planning. Unlike the static,
rule-based models employed in Chapter 6, the BNN provides a flexible and generalizable
framework capable of learning complex, nonlinear interactions among geophysical, climatic,
and topographic variables. Furthermore, BNNs possess the capacity to adapt as new labelled
data become available, enhancing their applicability across diverse and evolving glacial
environments. This adaptability ensures that the model does not merely replicate predefined
decision rules, but learns underlying patterns from data, thereby improving its predictive
performance and enabling early identification of emerging or undocumented glacial lake

hazards.
7.2 Methodology

The proposed method consists of a machine-learning-based, data-informed, and
uncertainty-aware framework for the automated risk assessment of glacial lakes larger than
0.01 km?, suitable across all dam types. The method is implemented for the extended ROI,
defined in Chapter 6.

7.2.1 Parameter selection
The GLOF risk assessment is based on six key factors: geomorphology, physical and
geometrical characteristics of the lake, topography, spatial proximity to past natural hazards,

meteorological conditions, and anthropogenic exposure.

As the geomorphology of the candidate lake is influenced by neighbouring lakes, the
geomorphology of the region is incorporated for each candidate lake by including the proximity
of the candidate lake and the neighbouring lakes. Further, the factor of physical and geometrical
characteristics of the lake is subdivided into two parameters: (i) area of a lake and (ii) proximity
of the lake to glaciers. Similarly, the risk associated with topographic variation is influenced
by the elevation of a lake and the terrain slope. The following are details of spatial proximity,

meteorological conditions, and anthropogenic factors:

Spatial proximity: Spatial proximity to past natural hazards is subdivided into five
parameters, namely, (i) proximity to landslide locations, (ii) proximity to earthquake locations,
(ii1)) magnitude of nearest earthquake(s), (iv) depth of the nearest earthquake(s), and (v)
proximity to GLOF lakes.
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Meteorological conditions: Meteorological conditions are divided into two factors: (i)

precipitation seasonality and (ii) temperature seasonality.

Anthropogenic exposure: Anthropogenic exposure is subdivided into two factors: (i) land

use land cover (LULC), and (ii) proximity to a hydropower station.

The aforementioned factors lead to the selection of fourteen key parameters for GLOF risk
assessment. These parameters are decided based on free accessibility to data, non-recurring
influence, and relevance in the literature to update the risk model. Parameters like area of lake,
elevation of lake, terrain slope, proximity to landslide locations, magnitude and intensity of
earthquake with proximity to earthquake locations, and proximity to historic GLOF locations
are adopted from Chapter 6. The remaining parameters derived from the above-mentioned

factors are explained as follows:

Proximity of Neighbouring Glacial Lakes: The presence of neighbouring glacial lakes
around a candidate lake, either upstream or downstream, is a critical factor in GLOF hazard
assessment, as it can create cascading effects on lake failures and substantially amplify flood
impacts (Ahmed et al., 2022a; Islam et al., 2022). These events highlight the necessity of
considering neighbouring lakes in GLOF risk assessments, as their spatial proximity and
hydrological connectivity can significantly affect lake stability and the overall intensity of a
GLOF event. Therefore, the distance between a glacial lake and its neighbouring lakes are
incorporated. This is based on the rationale that a shorter inter-lake distance indicates a higher

potential risk due to the increased likelihood of cascading failures.

Proximity to glacier: Lakes that are located near the glacier terminus are often more
dynamic and hazardous due to their direct interaction with active glacial melt, ice calving, and
supraglacial water drainage. These pro-glacial lakes tend to expand more rapidly as the glacier
retreats, increasing hydrostatic pressure on moraine dams. They are also more vulnerable to
sudden inputs such as icefalls or subglacial discharge, which can initiate overtopping waves or
destabilize the dam structure. In contrast, lakes farther from the glacier are generally older,
potentially more stable, and less influenced by active ice processes. However, they can still
present significant hazards depending on factors such as intense precipitation, inflow from
neighbouring lakes, or seismic triggers. In this chapter, the distance between each lake and its
parent glacier is measured from the outer edge of the lake boundary. Accordingly, glacier
extents are delineated by applying the Normalised Difference Snow Index (NDSI) on cloud-

free Sentinel-2 imagery, processed within the Google Earth Engine environment. An elevation
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threshold of 3500 meters was applied on SRTM DEM (30m) to refine glacier detection and

minimize false positives from seasonal snow or non-glaciated high-elevation areas.

Precipitation and temperature seasonality: Precipitation and temperature are key climate
change parameters of GLOFs — increased temperature accelerates glacier melt and ice calving,
while intense or variable precipitation can rapidly increase lake volume. Both parameters have
the potential to increase mass inflow into glacial lakes, thereby elevating the risk of outburst
events. This chapter considers two key BioClim variables, particularly BioClim 4 and BioClim
15, for long-term climatic assessment in GLOF-prone regions. BioClim 4 characterizes
temperature seasonality as it is calculated as the standard deviation of monthly mean
temperatures, and thus it effectively quantifies the degree of temperature fluctuation throughout
the year. Higher values of BioClim 4 indicate greater seasonal temperature variability, which
can influence glacier stability through repeated freeze—thaw cycles and variable melt rates.
BioClim 15, or precipitation seasonality, is defined as the coefficient of variation of monthly
precipitation totals—that is, the variability in the total amount of precipitation recorded for
each month across a year. This variable captures the extent to which precipitation is unevenly
distributed across the year. Higher values suggest more irregular or seasonally concentrated
precipitation, which may contribute to the rapid accumulation of lake water, increasing the
hydrostatic pressure on moraine dams and the likelihood of a GLOF event. Detailed

descriptions of these variables can be found in the study by O'Donnel et al. (2012).

LULC pattern: The type of land cover surrounding a glacial lake plays a key role in
influencing the local hydrological behaviour, particularly in terms of how water flows,
accelerated and resisted in the terrain. In this thesis, Sentinel-2 LULC data at 10-meter
resolution were used to identify the majority of the LULC classes within a S00m buffer distance
of the glacial lake boundary. The LULC class may vary as glacier, water, trees, crops, flooded
vegetation, rangeland, and built area, providing detailed insight for regional-scale analysis.
Further, this qualitative data was converted into a quantitative form by ordering the given
classes into an increasing risk order, which varies from 1 to 7, with 1 indicating the lowest risk

LULC class and 7 indicating the maximum risk LULC class.

Water bodies (7) pose the highest risk by expanding flood volumes, while built-up areas
(6) are highly vulnerable due to infrastructure and population exposure. Rangelands (5) lack
dense vegetation, leading to increased soil erosion and sediment transport into lakes, which can

weaken natural dams. Flooded vegetation (4) offers temporary hydraulic resistance but can
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worsen debris flow if uprooted during a flood. Tree cover (3) reduces the flood velocity through
canopy and root resistance, but uprooted trees may become hazardous debris. Croplands (2)
generally reduce flow speed but mainly contribute to economic loss rather than structural risks.
Ice-covered areas (1) are considered the least hazardous unless subjected to rapid melting,
which may raise lake volumes. Figure 7.1 illustrates the LULC class and glacial lakes across
the Eastern Himalayas, overlaid with major faults, glaciers, and hydropower stations,

highlighting regions where LULC may influence glacial lake stability and associated hazards.
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Figure 7.1: LULC map with overlaid hydropower stations (red circle) and major faults.

Proximity to hydropower station: GLOF can cause catastrophic damage to turbines,
dams, tunnels, and transmission systems if the flood reaches these installations. A hydropower
station located downstream of a potentially unstable glacial lake faces high economic,
structural, and human safety risks. Moreover, disruption of the electricity supply can affect
large populations and critical services. Therefore, assessing how close a lake is to such

infrastructure helps prioritize lakes for monitoring, early warning systems, and mitigation
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planning. Figure 7.1 presents a comprehensive view of hydropower stations and waterbodies.

The dataset for hydropower stations is obtained from Monitor (2024).

7.2.2 Risk assessment of glacial lakes

A two-stage framework is proposed for the GLOF risk assessment that synergistically
integrates MCDA with a probabilistic ML approach. In the first stage, a comprehensive set of
fourteen parameters influencing GLOF susceptibility was identified and categorized into
positive and negative risk indicators. These indicators were normalized, and their relative
importance was quantified using a hybrid weighting scheme combining the AHP and SE
methods. The resulting hybrid weights were incorporated into a TOPSIS-FCM clustering
framework to generate preliminary risk labels for each glacial lake, which subsequently served
as training targets for the supervised model. In the second stage, a BNN was trained to learn
the nonlinear and complex relationships between the fourteen input parameters and the multi-
class GLOF risk levels (low, moderate, high and very high risk). Bayesian optimization was
employed to fine-tune the model's hyperparameters, thereby enhancing predictive performance
over the validation set. The final BNN model thus offers a data-driven, uncertainty-aware
classification tool for robust risk classification of glacial lakes across the study area in the
Eastern Himalayas. A schematic flowchart of the proposed methodology is shown in Figure

7.2.
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7.3 Simulation

7.3.1 Estimation of hybrid AHP-SE weights

This chapter uses the same approach as mentioned in the section 6.3 of Chapter 6, for
generating the ground truth data or label data. The procedure begins by estimating the AHP
and SE weights. These weights are then integrated to capture the hybrid influence of
parameters, thereby combining expert judgment with data-driven insights. As mentioned in the
previous chapter (Chapter 6), this hybrid weighting scheme enhances the model’s learning
capability by incorporating both subjective and objective information. For training the model,
TOPSIS was employed to compute risk scores, which were subsequently classified into discrete
risk levels using FCM clustering. The resulting label data were then used to train the BNN

model.

7.3.2 BNN for Multi-Class GLOF Risk Classification

A BNN-based risk assessment framework integrates expert-informed and data-driven
perspectives through a hybrid weighting scheme, combining AHP and SE. By incorporating
Bayesian inference, the model not only captures complex, nonlinear interactions among
multiple variables but also provides probabilistic predictions with associated uncertainty
estimates. This represents a key advancement over conventional deterministic models, enabling
more informed and adaptive decision-making for hazard mitigation in high-risk, data-scarce

mountain environments.

7.3.2.1 Probabilistic modelling in BNN

In this chapter, the mechanism of the BNN model is followed from the section 4.2.4 of
Chapter 4. Accordingly, the proposed BNN model maps a 14-dimensional input vector x €
R*, comprising key physical characteristics, topography, geomorphological, exposure, and
climatic factors, to a probabilistic prediction (output variable y) over the four risk classes. In
other words, variable y represents the categorical output of a BNN model (four risk levels —
very high, high, moderate, low) with fourteen input parameters. These risk levels are indicated

by y € {1,2,3,4} denoting the four risk levels.

For multi-class classification, the network’s final layer outputs class (c) logits z € R*,

followed by a softmax transformation:
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e zc (43)
p(y—clx,B)—W , C—1,2,...,4-.
These probabilities are used during training to compute the categorical cross-entropy loss

and, during inference, serve as the basis for both class prediction and uncertainty estimation.

Following optimization of the variational parameters ¥ *, predictions are computed by

averaging over 7 numbers of Monte Carlo samples from the learned posterior distribution

qy+(0), as:

- (44)

i
B 12) = [Py 12,0y ©)d0 ~ 1> ply 15°,00),

t=

where 8;~qy,-(0).

The optimum hyperparameters for the model are obtained by using Bayesian optimization.

The detailed process of Bayesian optimization is followed from section 4.2.5.

7.3.2.2 Uncertainty analysis

Predictive uncertainty is a combination of aleatoric and epistemic uncertainty. This
uncertainty enables risk stratification with confidence intervals in the GLOF, aiding proactive
monitoring and response planning. The detailed process of uncertainty analysis is followed

from section 4.2.4.1.

7.3.3 Application

After developing the BNN model, this chapter predicts the probabilistic GLOF risk over
the 5 most frequently reviewed PDGLs, namely Imja Tsho, Tsho Rolpa, Barun Tsho, Luggye
Tsho, and South Lhonak lakes. The selection of these lakes is based on their criticality, which
is determined by a combination of factors such as rapid glacial retreat and lake expansion, the
presence of unstable moraine dams, historical records of outburst events or strong indications
of future risk, and their proximity to downstream populations, infrastructure, and hydropower
facilities. These lakes are geographically distributed across Nepal, Bhutan, and India,
representing different Himalayan sub-regions, allowing for a broader assessment of the model's

applicability.
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7.4 Results and Discussion

7.4.1 Estimation of AHP-SE weights

The relative importance of fourteen parameters influencing GLOF susceptibility was
determined using a hybrid approach that combines the AHP and SE methods. The AHP weights
were derived through 91 pairwise comparisons over eight iterations, resulting in a consistency
ratio (CR) of 0.074, which is below the acceptable threshold of 0.1 and confirms the reliability
of expert judgments. Simultaneously, the SE method was applied to quantify the variability
and information content of each parameter based on the distribution of input data, ensuring an
objective estimation of weights without expert bias. Following the individual weight
estimation, a consistency check was performed using Spearman’s Rank Correlation Coefficient
(p), which was found to be 0.5209. As the value of p falls within the range 0.4 < p < 0.7, the
weights from the AHP and SE methods show moderate agreement and cannot be directly
averaged. Therefore, a hybrid weighting scheme was adopted using a B-weighted linear
combination of SE and AHP weights, where B = 0.2625 was selected to minimize the KL
divergence between the combined (AHP-SE) weights and the individual weight distributions.
The final AHP-SE weights were obtained by combining 26.258% of the AHP weights and
73.742% of the SE weights, ensuring balanced representation of subjective expert input and
objective data variability. Table 7.1 presents the AHP weights, SE weights, and the resulting
AHP-SE hybrid weights along with their relative ranking.

Table 7.1: Parameters weights for AHP, SE and AHP-SE, and parameters rank

GLOF risk influencing AHP SE AHP-SE = AHP-SE
parameters weight  weight weight rank
Neighbouring lake (W1) 0.1064 0.0041 0.0310 11
Area (W2) 0.2136 0.2601 0.2479 1
Proximity to nearest glacier (W3) 0.0498 0.0193 0.0273 12
Elevation (W4) 0.1250 0.2121 0.1892 2
Slope (W5) 0.0247 0.0063  0.0111 14
Proximity to nearest landslides (W6) 0.0659 0.0429  0.0489 7
Proximity to nearest earthquakes (W7) 0.0563 0.0299  0.0368 10
Magnitude of earthquake (WS) 0.0572 0.0877  0.0797 4
Depth of earthquake (W9) 0.0434 0.0149  0.0224 13
Proximity to nearest GLOF (W10) 0.0540 0.0537  0.0538 6
Precipitation seasonality (W11) 0.0524 0.0746  0.0688 5
Temperature seasonality (W12) 0.0491 0.0484  0.0485 8
Land Cover (W13) 0.0666 0.0943  0.0871 3
Proximity to nearest hydropower plant  0.0352 0.0518 0.0434 9
(W14)
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As presented in Table 7.1, lake area emerged as the most influential parameter in GLOF
risk assessment, with a combined AHP—SE weight of 0.2479, followed by elevation (W4 =
0.1892), land cover (W13 = 0.0871), earthquake magnitude (W8 = 0.0797), precipitation
seasonality (W11 = 0.0688), and proximity to previous GLOF events (W10 = 0.0538). In
contrast, several parameters exhibited relatively lower importance, with weights below 0.05.
These include proximity to landslides (W6 = 0.0489), temperature seasonality (W12 =0.0485),
proximity to hydropower plants (W14 = 0.0434), proximity to seismic epicentres (W7 =
0.0368), presence of neighbouring lakes (W1 = 0.0310), proximity to glaciers (W3 = 0.0273),
and earthquake depth (W9 = 0.0224). Among all, slope (W5 = 0.0111) received the lowest
combined weight, indicating its comparatively limited influence on GLOF susceptibility in the
study region. Overall, the results align with the physical understanding of GLOF mechanisms,

supporting the effectiveness of the hybrid AHP—SE model in prioritising influential parameters.

After evaluating the hybrid AHP-SE weights, the labelled data of 4 classes (low, moderate,
high, and very high risk) is generated for training the BNN model using TOPSIS and FCM
clustering. The labelled data was selected after sixteen iterations, following which there was a

minimum improvement in FCM outcomes.

7.4.2 BNN model simulation

The BNN was trained on a curated dataset comprising fourteen input parameters (or
features) extracted. These features were standardized and mapped to discrete GLOF risk levels
— low, moderate, high, and very high, using hard labels derived from initial fuzzy
classifications. This dataset was randomly split into training and validation subsets using 80%
and 20% ratios to ensure stratified representation of all risk classes. As a result, 915 lakes were

used for BNN training and 229 lakes for validation.

In the proposed BNN framework, each weight and bias parameter is modelled as a random
variable following a Gaussian distribution, which was defined a priori with univariate standard
normal distribution V'(0, 1), with ‘zero’ mean and “unit’ variance. During training, the network
learns an approximate posterior distribution for each parameter by optimizing the mean and
variance of a variational Gaussian. To ensure optimal predictive performance and robust
uncertainty quantification, Bayesian optimization was employed to tune the BNN'’s
hyperparameters. The objective function for the optimization was defined as the average
validation loss computed via k-fold cross-validation, thereby improving generalization and

reducing sensitivity to any single data split. For each sampled hyperparameter configuration,
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the BNN was trained and evaluated across k& = 5 folds, and the mean validation loss was
returned to guide the optimization search. A predefined search space was established for tuning
of each hyperparameter, including the number of neurons in each hidden layer, learning rate,
and training steps (epochs). The optimization process iteratively updated a surrogate
probabilistic model to identify promising regions of the hyperparameter space. Table 7.2
presents the option details and the final optimized hyperparameter values used in the BNN

architecture.

Table 7.2: Option details and tuned hyperparameters of BNN model

Hyperparameters Option Tuned BNN
details hyperparameters
Neurons in 1% hidden layer 64 — 256 68
Neurons in 2" hidden layer 64 — 256 150
Training steps or Epochs 5000 — 50000 20000
Learning rate 107* —1072 0.00987

The proposed BNN model, as shown in Figure 7.3, comprises an input layer with 14
parameters, connected to a first hidden layer with 68 neurons, followed by a second hidden
layer with 150 neurons. Rectified linear unit (ReLU) activations are applied after each hidden
layer to introduce non-linearity. The final output layer maps the 150-dimensional latent
representation to 4 output logits, which are passed to a categorical likelihood function for multi-
class classification. Training was performed using full-batch optimization (i.e., the entire
dataset per gradient step) within the stochastic variational inference function, with the Evidence

Lower Bound loss (ELBO) as the optimization objective.

142
TH-3942_206104003



14 Input N =68 N=150
Parameters

:

Neighbouring lake

A
:
Vi
A

Area

Proximity to nearest glacier

i
7

dval

Elevation

Slope
Proximity to nearest landslides

(]
‘
:
%4
'Y
?/

Ny
f
il
i‘»

§V. Very High Risk

N
\\‘A

‘\\\-,. High Risk
‘
\&i‘ Moderate Risk

) Low Risk
Categorical
Likelihood for
multi-class
/ classification
Output Layer

Hidden Layer 1 (Hidden Layer2

Proximity to nearest earthquakes
Magnitude of earthquake
Depth of earthquake

Proximity to nearest GLOF
Precipitation seasonality
Temperature seasonality

Land cover

Proximity to nearest hydropower Stn.

Input Layer

ReLLU ReLLU

Figure 7.3: Graphical representation of the proposed BNN model (N = 68 number of
neurons).

The final model was retrained using these optimal hyperparameters, and the evolution of

the ELBO loss over training iterations is shown in Figure 7.4.
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Figure 7.4: Evolution of ELBO loss over training steps for optimal BNN configuration.

With 68 hidden layers, 150 neurons, and a learning rate of 0.00987, the steps are 20,000.
Both training and validation losses converge smoothly over 20,000 steps, suggesting stable

learning dynamics. As observed in Figure 7.4, both training and validation losses exhibit a
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consistent downward trend, with the gap between them remaining narrow, indicating stable

convergence and limited overfitting.

7.4.3 Accuracy and uncertainty estimate of GLOF risk predictions

Predictions of the trained BNN were generated using a maximum a posteriori (MAP)
estimation approach. Specifically, 100 Monte Carlo forward passes were drawn from the
predictive posterior distribution, and the class corresponding to the highest mean predicted
logit across these samples was selected as the final prediction. This provides a computationally

efficient and practical means of deriving point estimates from the probabilistic model.

Based on these MAP-derived predictions, classification performance was assessed using a

confusion matrix, as shown in Figure 7.5(a).
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Figure 7.5: Accuracy assessment of the BNN model on the validation set using the
confusion matrix (a) and ROC curves with AUC scores (b).

The confusion matrix in Figure 7.5(a) shows strong diagonal dominance, indicating a high
level of agreement between the predicted (through BNN) and reference class labels derived
from FCM clustering. Minor misclassifications were observed, mostly between adjacent GLOF
risk categories such as 'High' and 'Very High', which reflects the gradual transitions in risk
severity. Out of the 229 glacial lakes in the validation set (20% of the full dataset of 1144
lakes), the BNN model accurately classified 66 low-risk, 74 moderate-risk, 56 high-risk, and
18 very high-risk lakes, resulting in an overall classification accuracy of 93.4% in the validation

set.

To further assess the model's probabilistic performance, receiver operating characteristic

(ROC) curves were plotted for each risk class, as shown in Figure 7.5(b). The ROC curve plots
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the true positive rate against the false positive rate across varying classification thresholds,
providing insight into the model’s ability to distinguish between classes based on predicted

probability scores.

The model achieved an AUC (Area Under the Curve) of 1.00 for the ‘Low’, ‘High’, and
‘Very High’ risk classes, indicating perfect discrimination between positive and negative
samples for these classes. The ‘Moderate’ class also exhibited excellent performance with an
AUC of 0.99, suggesting a near-perfect ranking of probabilities even in the presence of a few
misclassifications. The micro-averaged AUC, which aggregates the performance across all

classes, was also 1.00, underscoring the model’s strong overall probabilistic performance.

Despite minor label-wise misclassifications noted in the confusion matrix, the high AUC
values indicate the model’s capacity to assign higher probability scores to the correct class
consistently. Thus, ROC-AUC presents the ranking performance rather than hard classification
accuracy. From Figure 7.5(a) and (b), it is confirmed that the BNN model not only delivers
high predictive accuracy but also produces well-calibrated probability distributions, supporting

its application in GLOF risk classification and decision-support systems.

Figure 7.6 presents the spatial occurrence of predicted outcomes of the BNN model for the
validation set, presenting very high-risk, high-risk, moderate risk and low-risk lakes. It also
presents the potentially dangerous glacial lakes such as Imja Tsho, Tsho Rolpa, Barun Tsho,

Luggye Tsho and South Lhonak lakes with their predicted risk levels.
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Figure 7.6: Spatial distribution of glacial lakes classified by BNN into four GLOF risk
levels across the Eastern Himalaya. Each point represents a lake location, color-coded
by predicted risk category: Low (blue), Moderate (green), High (yellow), and Very High
(red).

The spatial distribution of ‘high’ and ‘very high’ GLOF risk glacial lakes is found to be
primarily of a large area, located at higher elevation with majorly rangelands and flooded
vegetation in the neighbourhood. Additionally, these lakes are characterized by intense
precipitation, relatively higher magnitudes of earthquakes, and regional warming. The glacial
lakes farther from GLOFs, earthquakes, landslides with smaller area, mild slope and sparse
connectivity to hydropower plants are found to have ‘moderate’ to ‘low’ GLOF risk. These
findings are consistent with those reported in earlier research. For instance, studies like Sattar
et al. (2021) and Kaushik et al. (2024) also documented that glacial lakes such as Khanchung
and South Lhonak in Sikkim are particularly susceptible to GLOF events, influenced by factors

like glacier retreat, precipitation variability, and seismic activity.
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Figure 7.7 shows the spatial distribution of predictive uncertainty for glacial lakes in the
validation set, as estimated by the BNN. Each lake is plotted by its geographic coordinates,
with colour intensity representing the variance in predicted class probabilities. Most lakes
appear in blue shades, indicating low uncertainty and high model confidence, while a few

scattered locations in orange to red represent relatively higher uncertainty.
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Figure 7.7: Prediction uncertainty of the BNN model for glacial lakes in the validation
set across the study area.

Out of the total 229 lakes, 142 (62%) exhibit a variance below 0.05, 59 (25.76%) fall within
the range of 0.05 to 0.1, 25 (10.91%) lie between 0.1 and 0.15, and 3 (1.31%) show variance
between 0.15 and 0.165. Overall, all predictions lie within a narrow uncertainty range, with the
maximum variance not exceeding 0.165, indicating consistent classification performance
across the study region. Further examination of the input data reveals that lakes with elevated
uncertainty are typically very small in size, located at lower elevations, and situated near past
GLOF and landslide sites. Moreover, such lakes may have recently formed or undergone
morphological alterations following past failure events, further complicating their
identification. The limited representation of these lake types in the training dataset likely
contributes to the observed uncertainty. From a practical perspective, these uncertainty values
can guide prioritisation for field assessment. Lakes with predictive variance above 0.15 reflect

lower model confidence and may warrant ground verification. Lakes in the range of 0.10 to
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0.15 can be considered for targeted remote-sensing checks, while lakes below 0.10 reflect
higher model confidence and can be treated as lower priority for immediate field inspection.
This operational interpretation allows uncertainty metrics to be used alongside predicted

likelihoods for informed monitoring and decision-making.

7.4.4 Probabilistic risk predictions of selected PDGLs

The developed BNN model was applied to estimate the probabilistic GLOF risk levels for
five glacial lakes identified as highly critical due to their historical evolution, geomorphological
instability, and proximity to downstream settlements. These include Imja Tsho, Tsho Rolpa,
Barun Tsho, Luggye Tsho, and South Lhonak lakes. The model output provides a probability
distribution over four predefined risk classes low, moderate, high, and very high for each lake.
To interpret these results, violin plots were generated for each lake (Figure 7.8), where the
width of each violin represents the density of the predicted probabilities, and the overlaid

boxplot illustrates the interquartile range and median value within each class.
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Figure 7.8: Violin plots showing probabilistic GLOF risk classifications for five critical
glacial lakes ((a) Imja Tsho, (b) Tsho Rolpa, (¢) Barun Tsho, (d) Luggye Tsho, and (e)
South Lhonak) using the BNN model.
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As shown in Figure 7.8(a), Imja Tsho lake (area = 1.55 km?), located in Nepal, exhibits a
nearly bimodal probability distribution between the “High” (0.519) and “Very High” (0.48)
risk categories. This split reflects the model’s uncertainty and indicates a transitional stage from
‘high’ to ‘very high risk’. The total prediction uncertainty is medium at 0.0933. The elevated
risk is primarily due to its proximity to glaciers and its location in a seismically active zone,

necessitating annual monitoring.

The Figure 7.8 (b) presents Tsho Rolpa lake (area = 1.59 km?), also situated in Nepal, as a
clearly “Very High” risk lake, with a probability of 0.999. The distribution is sharply
concentrated, with negligible support for other risk categories, and an extremely low or
negligible uncertainty of 6.922 x 10712, Given its location near glaciers, the presence of the
Khimti hydropower plant (60 MW) downstream, active earthquakes (M5.4), the Chubung
glacial lake in the neighbourhood, and the potential destruction of trekking routes in the event

of an outburst, the lake requires quarterly monitoring.

In the Figure 7.8(c), Barun Tsho lake (area = 1.74 km?), located in Nepal, is predominantly
classified as “Very High” lake (risk probability = 0.788), with secondary support in the “High”
category (0.211). The total prediction uncertainty is 0.0564. This classification is consistent
with risk factors such as the presence of the Arun hydropower project (1061 MW) downstream,
earthquakes (M5.6), and the threat of cascading outbursts due to the nearby Upper Barun Lake
(Seto Pokhari). These factors highlight the need for regular monitoring, preferably quarterly.

Figure 7.8 (d) illustrates Luggye Tsho lake (area = 1.57 km?), located in the Lunana region
of Bhutan, as primarily “High” risk with a dominant probability of 0.975. The distribution is
tightly clustered with only a minimal tail into the “Very High” class, indicating strong model
confidence and a low total uncertainty of 0.0015. The lake's risk is linked to the presence of
neighbouring lakes, such as Druk Chung Lake, which could trigger cascading effects and the
downstream presence of the PHPA I & II hydropower projects along the Punatsangchhu River.
Also, the neighbouring lakes have a history of outburst floods, evidencing the need for annual

monitoring.

Finally, Figure 7.8 (e) classifies South Lhonak Lake (area = 1.69 km?), located in Sikkim,
India, as a “Very High” risk with a probability of 0.941. The distribution is sharply peaked with
a small tail extending into the “High” category (0.058), resulting in a low uncertainty of 0.0099.

The lake's very high risk is associated with its setting in the Teesta River basin, a region prone
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to intense rainfall, frequent landslides, pronounced effects of climate change, and the

occurrence of three hydropower plants downstream, necessitating quarterly monitoring.

In the literature, various studies provide different risk levels to the lakes. For instance,
Bajracharya et al. (2009), and Budhathoki et al. (2010) predicted Imja Tsho, Tsho Rolpa and
Barun Tsho lakes of Nepal as high-risk lakes. Further, a study by Rounce et al. (2016) predicted
Imja Tsho lake of moderate risk, Tsho Rolpa lake with high risk, and Barun Tsho lake with
very high risk. Next, studies like Sattar et al. (2021), Sharma et al. (2018), Wangchuk et al.
(2024), and Komori et al. (2012), to mention a few examples of evidence that Luggye Tsho
and South Lhonak lakes are potentially dangerous and need a risk assessment. Importantly, the
state of the lake changes with time, owing to climate change, varying glacier-lake dynamics,
topography and downstream exposure. Thus, the predictions of the risk probabilities in this
thesis, like Imja Tsho lake and Luggye Tsho lake as high-risk lakes, and Tsho Rolpa, Barun
Tsho and South Lhonak lakes as very high-risk lakes, are well agreed with the published

literature.

7.4.5 Comparative assessment of the adopted approach
The Bayesian neural network (BNN) framework developed in this study differs from Rounce

et al. (2016), Veh et al. (2020), and Ahmed et al. (2022) GLOF assessments in both scope and

methodology, while remaining broadly consistent with their main risk patterns.

7.4.5.1 Comparison with Rounce et al. (2016):

Rounce et al. (2016) proposed a fully remote, rule-based hazard and risk assessment for eight
proglacial, moraine-dammed lakes in Nepal, focusing on triggers and downstream impacts.
Their framework combines (i) dynamic triggers (snow/ice avalanches, rockfalls, and upstream
GLOFs), (i1) moraine stability (steep lakefront area and buried ice), and (iii) simple GLOF
routing (MC-LCP model) to derive lake-wise hazard ratings, and then couples these with

qualitative downstream impact classes to obtain overall risk (low, moderate, high).

Our approach is conceptually similar in aiming at a transferable, remote assessment, but differs

in three main ways:

1. Broader parameter space and lake types — The present study includes 14 parameters
spanning lake geometry, topography, proximity to landslides, earthquakes and past

GLOFs, climatic seasonality, neighbouring lakes, land use and proximity to
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hydropower infrastructure, and we apply the model to all dam types (moraine-, ice- and
bedrock-dammed) across the Eastern Himalaya. Rounce et al. (2016) focus on eight
moraine-dammed lakes and do not explicitly include seismicity, meteorological
extremes or anthropogenic exposure in their parameter set.

2. From heuristic thresholds to hybrid MCDA + ML — Rounce et al. (2016) rely on
deterministic thresholds and expert rules for classifying hazard and risk. In contrast, we
derive parameter weights from a hybrid AHP-Shannon Entropy scheme and use
TOPSIS + Fuzzy C-Means clustering to generate soft, data-informed risk labels, which
are then learned by a BNN. This combination allows non-linear interactions among
parameters (e.g. joint effect of earthquake magnitude, lake area and proximity to
hydropower) that are difficult to encode in rule-based schemes.

3. Uncertainty-aware predictions — Rounce et al. provide single risk labels per lake and
do not quantify predictive uncertainty. Our BNN yields full probability distributions
over four risk classes (low, moderate, high, very high) and explicitly decomposes total
variance into aleatoric and epistemic components, giving both a risk class and a
confidence measure (e.g. maximum variance 0.165 across the validation set, overall
accuracy 93.4%). This is particularly important for prioritizing follow-up fieldwork and

early-warning investments.

For the three lakes common to both studies (Imja Tsho, Tsho Rolpa and Barun Tsho), our
results are consistent with the relative risk ordering in Rounce et al. (2016), but with updated,
probabilistic classifications. Rounce et al. classify Imja Tsho as moderate risk (with future risk
high), Tsho Rolpa as high risk and Lower Barun Tsho as very high risk. Our model classifies
Imja as predominantly high risk with a strong tail into very high risk, Tsho Rolpa and Barun
Tsho as very high risk with sharply peaked probability distributions. This suggests that the
BNN reproduces the established hierarchy of hazardous lakes while reflecting recent changes

in lake size and downstream exposure.

7.4.5.2 Comparison with Veh et al. (2020):

Veh et al. (2020) use a Bayesian extreme-value framework to estimate regional-scale GLOF
hazard across 5,184 moraine-dammed lakes in the entire Himalaya. This study scales lake area
to volume using robust regression, runs billions of dam-break simulations with a physical
breach model, and combines these with historic GLOF rates to derive return-period curves for

flood volume and peak discharge (e.g. regional 100-year GLOF discharge and volume). Their
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key result is that the Eastern Himalayas are a hotspot of GLOF hazard, with 100-year flood

discharges ~3x higher than in other Himalayan regions.

Relative to Veh et al. (2020), our study operates at a different, complementary scale:

e Veh et al. quantify regional hydrologic hazard (return-period discharge/volume) but
do not assign lake-specific risk classes or consider local exposure.

e The present BNN framework provides lake-scale, categorical risk maps that integrate
both hazard proxies and exposure (LULC, hydropower proximity) across the Eastern

Himalaya.

Despite these differences, our spatial patterns agree with Veh et al. (2020): high and very-high
risk lakes are concentrated in the Eastern Himalaya (Nepal, Bhutan, Sikkim, Arunachal
Pradesh), which is also the region Veh et al. identify as having the highest 100-year GLOF

hazard. This cross-scale consistency provides an indirect validation of our risk maps.

7.4.5.3 Comparison with Ahmed et al. (2022b):

Ahmed et al. (2022b) focus on the Dibang River Basin (Eastern Himalaya, India), where they
(i) compile an inventory of 403 lakes, (ii) analyze area changes from 1985-2020, and (iii)
identify 12 PDGLs and classify them into low, medium and high hazard using a weighted index
method. The hazard index is built from six parameters: lake expansion rate, glacier proximity,
dam-front slope, potential ice/snow avalanche zone, upstream/downstream lakes and presence
of a calving glacier snout; each parameter is assigned discrete weights (0.25, 0.5, 1.0) for
low/medium/high hazard levels and summed to obtain cumulative hazard scores. The approach
is deterministic and does not explicitly include seismicity, climate variability or socio-

economic cxposure.

Our framework generalizes and extends this style of weighted-index assessment in several

ways:

e More comprehensive parameterization — Three of Ahmed et al.’s six parameters
(lake expansion, glacier proximity, cascaded lakes) are subsumed within our 14-
parameter set, but we additionally incorporate distance to past GLOFs, landslides,
earthquake proximity, earthquake magnitude and depth, temperature and precipitation
seasonality, land-use/land-cover and distance to hydropower facilities.
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e Objective—subjective hybrid weighting instead of fixed scores — Ahmed et al.
(2022b) allocate fixed weights to parameter classes based on literature and expert
judgement with equal-interval classification of cumulative scores. We explicitly
combine expert pairwise comparisons (AHP) with data-driven Shannon Entropy
weights to minimize divergence between the two, avoiding arbitrary index scaling and
improving reproducibility.

e Probabilistic, multi-class outputs — Whereas Ahmed et al. (2022b) yield single hazard
labels for 12 PDGLs in one basin, we produce probabilistic four-class risk predictions
for 229 lakes across the entire Eastern Himalaya, with quantified uncertainty and ROC-

based skill diagnostics (AUC = 1 for all classes).

Therefore, the proposed BNN framework can be viewed as a regional, uncertainty-aware
evolution of the weighted index methods used by Ahmed et al. (2022b) and similar PDGL

studies.
7.5 Chapter conclusions

This chapter presents a unified, uncertainty-aware probabilistic framework that represents
a significant methodological advance in GLOF risk assessment. By integrating fourteen critical
parameters across geomorphological, topographical, meteorological, and anthropogenic
domains, and by combining expert-driven AHP with the objectivity of SE, the chapter
establishes a hybrid multi-criteria decision-making model grounded in both domain knowledge
and data variability. The subsequent application of the TOPSIS method and FCM clustering

produces soft-labeled risk classes, enabling a nuanced classification of glacial lake hazards.

The introduction of a BNN, trained on these risk labels, further strengthens the framework.
The model captures nonlinear relationships and generates probabilistic predictions enriched
with explicit uncertainty quantification. Results from the assessment of 269 glacial lakes show
a high predictive accuracy of 93.4%. A total of 87.77% of lakes exhibit prediction variances
below 0.1, indicating stable behaviour of the model. The framework identifies Imja Tsho and
Luggye Tsho as high-risk lakes and classifies Tsho Rolpa, Barun Tsho, and South Lhonak as
very high-risk lakes. These outcomes are consistent with previous field-based assessments

while providing improved statistical confidence.
In addition to its methodological contributions, the framework has practical value for

institutions responsible for hazard assessment and planning. Regional governments and State
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Disaster Management Authorities can use the predicted likelihood maps to identify lake basins
that require periodic inspection. The National Disaster Management Authority (NDMA) can
incorporate the model outputs into their monitoring platforms to track changes in potentially
hazardous lakes and to update their risk inventories. Hydropower developers can apply these
predictions to assess upstream conditions during project planning and to modify safety
measures for existing structures where upstream lake development may pose a threat. The
uncertainty thresholds provide additional guidance by highlighting lakes that require field
verification or targeted remote-sensing checks. These examples show that the framework can
be integrated directly into existing monitoring and planning workflows used by government

and infrastructure agencies.

Overall, this chapter contributes a scalable and generalisable approach to GLOF risk
evaluation. It addresses a critical gap in current hazard modelling practice by linking scientific
prediction with operational usability. The framework supports the development of more
resilient early-warning systems and adaptive planning strategies to safeguard vulnerable

mountain communities in a warming climate.
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Chapter 8

Conclusions

Over the past three decades, the Eastern Himalayas have experienced a marked increase in
both the number and spatial extent of glacial lakes, driven by a combination of climate change,
seismic activity, dynamic hydrology, and evolving geomorphology and topography. These
transformations have significantly raised the risk of GLOFs, posing serious threats to
downstream communities, infrastructure, and ecologically sensitive mountain environments.
In response to the increasing numbers of glacial lakes and continued expansion of the existing
glacial lakes across the region, it has become increasingly important to update regional
inventories, identify potentially dangerous glacial lakes (PDGLs), and assess associated GLOF
hazards and risk levels to safeguard vulnerable high-altitude communities. Yet, most existing
studies remain constrained by a narrow set of parameters and limited integration of multi-

hazard drivers, while Al- and ML-based approaches, though promising, are still underutilized.

This thesis proposes a comprehensive, data-driven, and probabilistically framework for
assessing GLOF hazards and risks in the Eastern Himalayas. The thesis is structured around
four key objectives: (i) predicting glacial lake formation using ML, (i1) Hazard assessment of
glacial lakes using a heuristic approach through deep learning, (iii) probabilistic and
deterministic risk assessment of glacial lakes by integrating MCDA with hybrid weighting
techniques and climate variables. These objectives are addressed through a sequence of distinct
yet methodologically interconnected studies, culminating in a robust and scalable GLOF risk
assessment framework tailored to mountainous environments. Following are the four major

contributions of this thesis:

1. Glacial erosional features serve as critical geomorphic indicators of landscape evolution
and hydrological dynamics in the Eastern Himalaya. Satellite-based interpretations
further reveal active glacial retreat and its associated hydrological responses,
emphasizing the region’s rapidly transforming cryospheric environment. The spatial
configuration and interaction of erosional features directly influence water
accumulation, drainage pathways, and sediment transport—all of which govern the
likelihood of glacial lake formation. Chapter 4 establishes the geomorphological basis
of glacial lake formation, demonstrating that features such as cirques, valleys, flow

channel (FC), and retreating glaciers (RG) govern the spatial occurrence of glacial lakes
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in the ROI. Through a comparative analysis of LR, ANN, and BNN, the study finds
BNN to be the most robust model for predictive mapping, offering superior accuracy
(AUC = 0.878) and reliable uncertainty (variance), ranging between 1073 and 107,
This chapter highlights the value of combining high-resolution erosional and
topography features with probabilistic ML to forecast glacial lake formation under data-
scarce conditions. The PGLF maps produced by the three ML models offer valuable
insights for detecting existing glacial lakes, forecasting areas prone to future lake
formation, and supporting hazard mitigation efforts associated with GLOFs in the
Eastern Himalaya.

2. The spatial dynamics of glacial lakes in the Eastern Himalayas are strongly influenced
by the interconnectedness of key erosional features. In many actively evolving glacial
lakes, at least three erosional features, —cirques, retreating glaciers, flow channels, and
valleys—are observed in conjunction with nearby high-elevation lakes. This spatial
coherence plays a crucial role in shaping GLOF hazard, which depends not only on the
intrinsic characteristics of individual lakes but also on their geomorphic context and
presence of other glacial lakes at higher elevation (GLHE). However, most state-of-the-
art studies have focused on detecting either erosional features or glacial lakes in
isolation, without leveraging their spatial interrelationships for hazard assessment. To
bridge this gap, Chapter 5 develops a semi-automated hazard assessment framework
that incorporates the dynamic relationship between glacial lakes and geomorphic
features under ongoing glacier retreat. An EfficientNet-BO CNN based image
classification pipeline is employed to detect critical erosional features, namely cirques,
valleys, flow channels, retreating glaciers, and higher-elevation neighbouring lakes,
followed by a heuristic rule-based classification of 2,647 glacial lakes using parameters
such as area, elevation, and spatial coherence of geomorphic structures. The CNN
model achieves a high segmentation accuracy across all features and effectively
classifies glacial lakes into ‘extremely dangerous,” ‘very highly dangerous,” ‘highly
dangerous,” ‘moderately dangerous,” ‘low dangerous,” and ‘non-dangerous’ hazard
classes. The framework also uses the proposed geomorphic analogies to identify and
predict 174 potential sites, where glacial lakes are likely to form.

3. Dynamic geological processes, seismicity, and cryospheric changes cause sudden
releases of water from glacial lakes are typically triggered by external events such as
earthquakes, landslides, or rapid glacier melt, often resulting in catastrophic

downstream impacts To incorporate both hazard and exposure dimensions, Chapter 6
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proposes a hybrid MCDA framework for deterministic GLOF risk assessment across
an extended ROI. The framework integrates physical, geomorphic, anthropogenic,
historical, and tectonic indicators using a dual-weighting strategy: expert-based AHP
and data-driven SE, fused via KL divergence. Risk categorization is performed using
TOPSIS and FCM clustering, enabling a nuanced classification of 1,144 glacial lakes.
The results, validated against historical GLOF records, identify 432 lakes as low risk,
368 as moderate, 227 as high, and 117 as very high risk. This hybrid methodology
significantly enhances previous efforts by addressing key shortcomings such as
parameter omission, multicollinearity, and subjectivity in weighting schemes, thereby
offering a more robust and interpretable approach to GLOF risk assessment.

4. Despite the proliferation of flood risk assessment models in recent years, a persistent
lack of consistency among their outputs has hindered the translation of research into
effective policy and on-the-ground action—particularly in Eastern Himalayan region
where timely, credible risk information is essential. Chapter 7 presents a unified,
probabilistic risk assessment framework that couples the deterministic MCDA model
with BNNs. The proposed model captures the nonlinear and uncertain nature of GLOF
risk. The probabilistic model accurately classified 66 low-risk, 74 moderate-risk, 56
high-risk, and 18 very high-risk lakes, resulting in an overall classification accuracy of
93.4% and low uncertainty variance in the validation set. The proposed framework can
be used as a scalable, generalizable tool for probabilistic risk assessment in glaciated

mountain regions globally.

Conclusively, this thesis offers a scalable and uncertainty-aware framework that uses
satellite images, geomorphic, seismic, geological, and topographical data for GLOF hazard and
risk assessment for a large glaciated terrain. The developed models support scientific decision-
making by enabling prioritization of hazardous lakes for monitoring, mitigation, and early
warning interventions. The integration of meteorological triggers allows for dynamic, climate-
responsive risk evaluation, while predictive uncertainty enhances confidence in remote
assessments. The framework also aids in expanding glacial lake inventories by identifying
potential future lakes, guiding anticipatory adaptation. The methodologies presented here—
combining hybrid weighting, probabilistic deep learning, and fuzzy clustering—are transferable
to other high mountain systems such as the Andes, Alps, or Pamir-Tien Shan ranges, and
contribute as valuable tools for advancing cryosphere hazard research and climate resilience

planning.
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8.1 Future Scope:

While this thesis presents a comprehensive framework for predicting, assessing, and
probabilistically evaluating glacial lake outburst flood (GLOF) hazards in the Eastern
Himalayas, several avenues remain open for further investigation and methodological
refinement. A critical extension involves the integration of depositional geomorphological
features into hazard assessment. Specifically, detailed analyses of the chronology, geology, and
stratigraphy of moraine complexes, sediment transport dynamics, and valley-fill characteristics
could provide deeper insights into the long-term stability of glacial lakes and the mechanisms

governing potential outburst events.

Future research may also address the simplifying assumption of parameter independence
applied during the weighting process. Interactions among correlated variables—such as slope,
elevation, and seismic proximity—are complex, and oversimplification may compromise the
accuracy of risk assessments. Incorporating multivariate dependency structures or advanced

correlation modelling would therefore enhance the reliability of hazard evaluation.

Furthermore, the predictive capacity of probabilistic risk assessment can be expanded
through the application of advanced machine learning frameworks. Approaches such as Monte
Carlo dropout, deep ensemble neural networks, mixture density networks, and self-organizing
maps (SOMs) offer diverse strategies to capture both epistemic and aleatoric uncertainties,
thereby improving model robustness and interpretability. Beyond these data-driven methods,
physics-informed neural networks (PINNs) present a promising direction for integrating
physical constraints into learning architectures. By embedding glaciological and hydrological
principles directly into the modelling process, PINNs can ensure greater consistency between

computational outputs and real-world dynamics.
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