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Abstract: Climate change poses escalating risks to India's environment, infrastructure, and society. This
paper integrates a comprehensive analysis of climate change impacts across key regions in India with a
conceptual framework for leveraging Artificial Intelligence (Al) and Machine Learning (ML) to build
climate resilience. In the first part, we examine five critical case studies of climate impacts: increasing
landslides in Uttarakhand, irregular water levels in the Ganga River, recurrent flooding of Varanasi’s
riverfront ghats, rapid melting of Himalayan glaciers, and extreme rainfall events in Kolkata. These case
studies illustrate the multifaceted challenges — from geophysical hazards to water resource volatility — that
climate change is amplifying in India. In the second part, we propose an Al-driven resilience framework,
detailing how improved data infrastructure, clearly defined institutional roles, robust governance guidelines,
cross-sector collaborations, and AlI/ML applications can mitigate these impacts. Global examples (such as
Al-based flood forecasting and climate-smart agriculture systems) and emerging Indian use cases (from early
warning systems to resource optimization tools) are discussed to demonstrate the framework’s practical
relevance. The integrated approach emphasizes that pairing climate impact knowledge with technological
innovation can enhance adaptation and preparedness. The paper concludes with recommendations for
policymakers on operationalizing Al-driven climate resilience in India.
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(ML), Extreme rainfall events, Flood risk, Himalayan glacier retreat, Water security, Ganga River basin,
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ABOUT THE AUTHORS

This paper is the result of an interdisciplinary collaboration among three co-authors, each bringing a distinct
but complementary expertise to the study of social science and the application of Artificial Intelligence (Al).

The first author, Dr. Seema Sukhija, a senior academic and Ph.D. in Political Science, provides the
overarching theoretical and policy framework of the paper. Her contribution ensures that the arguments
remain firmly rooted in established traditions of social sciences and public administration. By enumerating
the current state of ecological and environmental effects of climate change, she establishes the political and
strategic context that guides the analysis.
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The second author, a doctoral researcher in Political Science, Mr. Anupam Singh, builds upon this foundation
by conducting detailed case analyses, synthesizing contemporary scholarship, and interpreting the effects of
climate change on society.

The third author, Mr. Chandras Batheja, a doctoral researcher specializing in Artificial Intelligence,
contributes the technical and conceptual innovations that distinguish this paper. His expertise lies in mapping
Al and Machine Learning (ML) tools onto the challenges identified by the context. The third author has led
the design of the conceptual framework that integrates Al/ML into how technological innovation can mitigate
the adverse impact of climate change in various regions. Most importantly, there is an enumeration of real-
world use cases and the relevant steps taken by India in addressing the climate change issues using
homegrown AI/ML applications.

This division of scope coupled with healthy collaboration reflects the inherently interdisciplinary character
of the subject. While the social science perspective establishes the stakes and context of climate change, the
AI/ML perspective opens pathways for novel, data-driven solutions. The collaboration therefore bridges
theory and technology, offering both conceptual depth and strategic innovation.

INTRODUCTION

India faces an unprecedented convergence of climate-related challenges, from intensifying disasters in the
Himalayas to water stress in its great river basins and climate extremes in densely populated cities. As a
developing nation with varied geographies — high mountains, fertile plains, long coastlines, and megacities
— India is exceptionally vulnerable to the impacts of global climate change (IPCC, 2022, p. 629).
Observations show that extreme weather events are increasing in frequency and intensity across South Asia,
consistent with climate model projections that heavy precipitation events will become more frequent (IPCC,
2022, p. 629). The consequences are already visible: catastrophic flash floods and landslides in mountainous
regions, erratic river flows oscillating between drought and flood, heatwaves and heavy rainfall paralyzing
cities, and the gradual but grave loss of Himalayan glaciers that sustain perennial rivers. These impacts
threaten lives, livelihoods, and economic development, calling for urgent adaptive measures.

Forests, which contain a major share of global biodiversity, are experiencing-significant losses. A global
assessment shows that North and Central America maintain around the 33% forest-cover threshold needed
for ecological stability, whereas Africa, Asia, and Oceania fall below this level. Asia is the only region
displaying recent forest recovery, mainly through plantations, even as primary forests continue to shrink
worldwide. Plantations occupy only about 4% of global forest area, with most grown for timber and thus
offering limited biodiversity benefits. India reflects these global patterns. Its varied ecosystems—from the
Western Ghats to the Himalayas—support roughly 81,000 animal species, amounting to 6—7% of global
fauna. India’s extensive network of about 100 national parks and nearly 500 wildlife sanctuaries help
conserve this richness, yet total forest cover remains about 20%, below the ~33% ecological benchmark. Key
hotspots such as the Western Ghats and Himalayas harbor high endemism. Threats remain significant: 86
mammals, 70 birds, 25 reptiles, and several other groups are classified as vulnerable or endangered. Habitat
conversion, resource overuse, and climate variability continue to erode ecosystems and the life-support
services they provide (Singh, et al., 2009, p. 6-10,17-19,24-26)

This integrated paper addresses two interrelated dimensions of the problem. First, we analyze five
emblematic case studies of climate change impacts in India. These cases — landslides in Uttarakhand,
irregular water levels of the Ganga, flooding of Varanasi’s ghats, melting Himalayan glaciers, and extreme
rainfall in Kolkata — offer insights into how different climate stressors are playing out across India’s diverse
landscapes. Each case study highlights specific vulnerabilities and the observed or projected changes
attributed to a warming climate. Together, they underscore the breadth of India’s climate risk profile, from
sudden-onset disasters (flash floods, cloudbursts) to slow-onset changes (glacial retreat, shifting hydrological
cycles).
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Second, recognizing that traditional responses are proving insufficient against the scale of these challenges,
we explore how Atrtificial Intelligence (Al) and Machine Learning (ML) can enhance climate resilience.
Advanced data analytics, predictive modeling, and automation — if appropriately harnessed — offer powerful
tools to improve climate risk management. We propose a conceptual framework that identifies key enablers
for Al-driven climate adaptation in India: strengthening climate data infrastructure, defining institutional
roles and coordination mechanisms, establishing governance and ethical guidelines, fostering cross-sector
collaborations, and learning from global best practices and local pilot projects. Within this framework, we
discuss practical Al/ML applications (e.g. early warning systems, resource optimization, climate-informed
planning tools) that align with the needs highlighted by the case studies.

Crucially, the paper aims to bridge scientific evidence of impacts with actionable solutions. The case studies
provide the context — a clear imperative for intervention — while the AI/ML framework provides forward-
looking pathways to bolster resilience. We adopt a policy-oriented, academic approach, using APA-style
citations with page references to ensure rigor and traceability of information. The discussion that follows
integrates these two components, illustrating how technology and governance innovations can target the very
climate pressures that India is experiencing. In sum, this paper contributes an integrated perspective that
combines climate impact analysis with an Al-driven resilience strategy, ultimately guiding policymakers in
developing informed, tech-enabled responses to climate change in India.

PART-1. CLIMATE CHANGE IMPACTS IN INDIA: CASE STUDIES FROM KEY REGIONS

India’s varied geography means climate change impacts are heterogeneous, manifesting in region-specific
ways. This section presents five case studies that exemplify the range of impacts: from Himalayan disasters
to riverine and urban flooding. Each case study is grounded in recent research or observational data,
illustrating how rising global temperatures and changing precipitation patterns are already affecting India’s
physical environment and communities.

1.1 Landslides and Flash Floods in Uttarakhand

The Himalayan state of Uttarakhand has emerged as an epicenter of climate-exacerbated disasters. In recent
years, extreme rainfall events — often concentrated in intense cloudbursts — have triggered frequent landslides
and flash floods across Uttarakhand’s rugged terrain (Nandi, 2025, p. 190). Scientific studies confirm a
significant uptick in such incidents since the late 20th century. Over the last decade alone, flash floods and
landslides have claimed at least 705 lives in Uttarakhand, with flash floods accounting for 389 deaths and
landslides 316 (Talwar, 2025, p. 184). In total, nearly 3,500 people perished in natural disasters in the state
in the past ten years, underscoring the human toll of these events (Talwar, 2025, p. 188). Researchers have
identified Uttarakhand as a “hotspot of extreme hydro-meteorological events” — a trend closely linked to
climate change (Nandi, 2025, p. 190).

Warmer air holds more moisture, and the Himalayas’ steep orography lifts this moisture-laden air, yielding
torrential rains. “Higher temperature increases the water-holding capacity of the air... This leads to
cloudburst,” explains Anil Kulkarni of the Indian Institute of Science, connecting rising temperatures to
more intense downpours (Nandi, 2025, p. 181). A recent study by Sundriyal et al. (2025) analyzed four
decades of data (1982—-2020) and found a marked increase in extreme events in Uttarakhand after 2010,
especially during the monsoon (Nandi, 2025, p. 190). Another 2025 review of Himalayan cloudburst events
(1970-2024) found their frequency escalating across Uttarakhand, Himachal Pradesh, and Jammu &
Kashmir, with Uttarakhand the most affected (Nandi, 2025, p. 203). The physical mechanism driving this
is an intensification of the monsoon hydrological cycle: heightened evaporation and moisture convergence
leading to deluges far above historical norms.

The consequences are evident in recurring disasters. For example, in February 2021, a flash flood in
Chamoli district (Uttarakhand) — likely triggered by a glacier collapse — killed over 80 people and
destroyed two hydropower project sites. In June 2013, extreme rainfall around Kedarnath caused
devastating floods and landslides, killing approximately 4,000 people in one of India’s worst natural disasters
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(Nandi, 2025, p. 173). More recently, on 5 August 2025, a suspected hanging-glacier collapse in
Uttarkashi’s Dharali region unleashed flash floods that flattened villages (Nandi, 2025, p. 163). These
events highlight the interplay between climate change and local geography: retreating glaciers create unstable
“hanging” ice masses and glacial lakes, while severe cloudbursts deliver the triggering shock. Researchers
have documented dozens of hanging glaciers in Uttarakhand’s high valleys, warning they are increasingly
prone to sudden collapse under warming conditions (Nandi, 2025, p. 219). The recession of Himalayan
glaciers (discussed further below) compounds flood risk by making ice and debris avalanches more likely,
as seen in the Dharali incident.

Importantly, climate change is not the sole factor —unplanned development has magnified the impact of these
events. “Uncontrolled anthropogenic activities” such as road construction on unstable slopes,
deforestation, and expansion of settlements in flood-prone river valleys have increased vulnerability (Nandi,
2025, p. 231). A study in the Journal of the Geological Society of India noted that areas which were sparsely
populated in the 1970s are now densely built-up, so similar magnitude floods now cause far greater damage
(Mishra etal., 2022, p. 1232). For instance, the 1978 Uttarakhand floods (peak water level 73.9 m) resulted
in relatively limited losses, whereas the 2013 floods (72.9 m peak, slightly lower level) caused massive
destruction because floodplains had since been heavily urbanized (Mishra et al., 2022, p. 1236). This stark
comparison, drawn from flood records, illustrates how exposure has grown even as hazards intensify.

Uttarakhand’s diverse forests—from subtropical sal to high-elevation conifers—provide key resources and
carbon storage but face rising climate stress. Warming alters tree phenology, limits regeneration, and forces
species to shift upward, though fragmentation restricts migration. Alpine meadows are shrinking as shrubs
expand upslope, reducing mosses, lichens and habitat for cold-adapted species like the Himalayan pika.
Invasive plants such as Lantana and Eupatorium are spreading rapidly with warmer temperatures, further
weakening native biodiversity. Without improved connectivity and management, major forest and alpine
species remain at risk. (Thadani, 2015, p. 11-13,21-22)

Agriculture supports most rural households, yet productivity is constrained by small fragmented farms,
limited irrigation and climate variability. Erratic rainfall, cloudbursts and shifting monsoon peaks
increasingly damage crops, while warmer winters reduce fruit yields and push cultivation zones upward.
Some high-altitude areas are now growing crops once limited to lower hills. Traditional mixed-cropping
systems like Baranaja have declined sharply, weakening climate resilience. Rising temperatures, new pests
and reduced snowmelt threaten water availability and food security, prompting out-migration. Strengthening
irrigation, soil conservation and crop diversification is essential. (Thadani, 2015, p. 37-41)

Uttarakhand’s ~1,000 glaciers are retreating quickly, forming unstable moraine-dammed lakes that increase
the risk of glacial lake outburst floods. Glaciers currently provide crucial dry-season river flow—up to half
of runoff in some basins—but accelerated melting temporarily raises flood risk before long-term declines
reduce water availability. As glaciers shrink, spring snowmelt and total flows are projected to drop,
threatening agriculture, hydropower and downstream communities that rely heavily on meltwater for reliable
water supply throughout the year. (Thadani, 2015, p. 50-61)

Even modest warming may endanger a large share of Himalayan species. Field observations show shrubs
and trees advancing into alpine meadows like those in the Valley of Flowers, reducing grasslands and altering
soils. Cold-adapted species such as the Himalayan pika may lose habitat as warming compresses their range
upward. Invasive plants—including Lantana and Parthenium—are spreading across disturbed landscapes,
outcompeting native flora. Combined with habitat fragmentation, these shifts threaten unique forest and
alpine biodiversity unless habitat connectivity, restoration and invasive-species control are strengthened.
(Thadani, 2015, p. 21-22)

In summary, Uttarakhand’s plight exemplifies the synergy of climate and vulnerability. Rising temperatures
and shifting monsoon patterns (long-term mean rainfall is decreasing in some seasons, but extreme rain spells
are increasing) have made cloudbursts and flash floods more common (Nandi, 2025, p. 175). Consequently,
landslide incidence has spiked as saturated soils and fractured rock give way on steep slopes. In 2023 alone,
the state recorded over 1,500 landslides, largely triggered by heavy monsoon rains (Editorial Team, 2024,
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p. 105) — a dramatic acceleration of slope failures. Satellite data reveals that between 1988 and 2023,
Uttarakhand experienced 12,300+ landslides, with a clear upward trend in recent years (Editorial Team,
2024, p. 114). The state now has the highest landslide density in India, with some districts like Rudraprayag
facing frequent slope collapses that threaten roads, homes, and lives (Editorial Team, 2024, p. 108). These
findings echo global observations that the frequency of flood disasters has more than doubled since the year
2000, driven partly by an “accelerating hydrological cycle” due to anthropogenic warming (Nearing et al.,
2024, p. 559). Uttarakhand’s experience thus serves as a warning and microcosm of climate change impacts
in mountain regions, illustrating the urgent need for enhanced disaster preparedness, sustainable land-use
planning, and targeted adaptation measures.

1.2 Irregular Water Levels of the Ganga River

Spanning the Himalayas to the Bay of Bengal, the Ganga (Ganges) River system is India’s most important
freshwater resource and a cultural icon. Climate change is disrupting the Ganga’s flow patterns, leading to
irregular water levels characterized by extreme swings — severe floods in some periods and unprecedented
low flows in others. These fluctuations pose severe risks to water security, agriculture, hydropower, and
ecosystems in the Ganga basin, which supports over 600 million people (Chuphal et al., 2025, p. 107). Two
concurrent climate-driven processes underlie this volatility: (1) changes in the monsoon rainfall regime, and
(2) accelerated melting of upstream snowfields and glaciers that regulate the river’s baseflow.

On one hand, the basin is witnessing more frequent heavy rainfall events that cause floods. Intensified
monsoons and cloudbursts can produce large surges in river discharge. For example, the Ganga and its
tributaries have repeatedly overflowed their banks in recent years. In 2019, extremely wet monsoon
conditions led to widespread flooding across North India, and in 2020 and 2021, heavy rains again pushed
the Ganga above danger levels at several locations. Varanasi — a populous city on the Ganga — has recorded
high-magnitude floods submerging its riverfront ghats multiple times over the past decade (Mishra et al.,
2022, p. 1230). A one-meter rise in the Ganga’s flood level can inundate extensive areas; modelling indicates
that a flood of 74 m at Varanasi (just ~1 m above the official danger mark) would impact about 442,000
people over 17 km?, and a 75 m flood would engulf 9 km? more and affect an additional ~232,000 people
(Mishra et al., 2022, p. 1231). With extreme rainfall events becoming more common, such high-end flood
scenarios are no longer remote. Indeed, a recent flood in August 2025 saw the Ganga reach ~71.0 m at
Varanasi, crossing the warning level of 70.26 m and submerging all 84 ghats (PTI, 2025, para. 2). This
inundation disrupted daily life and even halted traditional rites — iconic riverbank aartis (prayer ceremonies)
and cremations had to be shifted to rooftops and higher ground (PTI, 2025, para. 1). Upstream dams and
embankments offer some flood moderation, but as rainfall becomes more erratic, existing infrastructure may
prove inadequate for extreme events.

Conversely, during non-monsoon seasons and drought years, the Ganga is experiencing unprecedented low
flows (“drying”). A recent study in Proceedings of the National Academy of Sciences found that the river’s
discharge from 1991-2020 was the lowest in at least the past 1,300 years (Chuphal et al., 2025, p. 123).
The researchers reconstructed historical flows using tree-ring records and observed that the 1991-2020
drying was 76% more severe than the worst drought of the 16th century (Chuphal et al., 2025, p. 123).
This extraordinary drying trend has been attributed primarily to a weakening of the Southwest Monsoon,
alongside unsustainable water use (Chuphal et al., 2025, p. 127). Rainfall data show a significant decline
(~9.5% decrease in total monsoon precipitation from 1951-2020) in parts of the Ganga basin, especially its
western region (PT1, 2025, para. 347). The weakening monsoon has been linked to human-caused climate
drivers, notably rapid warming of the Indian Ocean and increased aerosol pollution over the Indian
subcontinent, both of which can suppress monsoonal rainfall (Chuphal et al., 2025, p. 130). Groundwater
over-extraction for irrigation further exacerbates low river flows, by reducing baseflow contributions (PTI,
2025, para. 355).

The implications of these changing patterns are profound. During dry spells in recent decades, parts of the
Ganga’s vast network — including tributaries and delta channels — have nearly run dry, disrupting irrigation
and municipal supplies. A 2025 analysis concluded that the ongoing drying of the Ganga basin “threatens
water and food security for millions”, calling it unprecedented in the past millennium (PTI, 2025, para.
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323-331). Farmers in some regions have observed declining yields due to water shortages, while power
plants face generation shortfalls when river levels drop. Riverine ecosystems and fisheries also suffer from
altered flow timing and quantity.

At the same time, when the monsoon does arrive, it often comes in sudden bursts rather than steady rains,
leading to flash flooding followed by periods of scant rain — a pattern of extremes. This intra-seasonal
variability challenges traditional water management. For instance, in 2022, after a weak early monsoon,
an intense late-season downpour caused the Ganga to rise above the danger mark in cities like Patna
and Allahabad within days, catching communities off guard. Such erratic behavior — swings between
drought and deluge — is a hallmark of climate change’s impact on monsoonal rivers.

The Ganga’s irregular water levels are also tied to changes in the cryosphere feeding it. The Himalayan
glaciers and snowpack that sustain the Ganga’s dry-season flow are shrinking rapidly. Warmer
temperatures mean less snow accumulation and earlier snowmelt, as well as retreating glaciers (discussed in
a subsequent section). In the short term, enhanced glacial melting in summer can boost river flows
(potentially contributing to floods if combined with rain), but in the long term, continued ice loss portends
reduced flow. The concept of “peak water” is relevant: the Ganga and its tributaries may experience a peak
in meltwater contribution around the mid-21st century, after which flows will decline as glaciers lose mass
(ICIMOQOD, 2023, p. 119). The HI-WISE report by ICIMOD projects that water availability in the Indus-
Ganges-Brahmaputra basin will peak by mid-century due to accelerated glacial melt, then diminish
(ICIMOQOD, 2023, p. 119). This scenario could aggravate dry-season water scarcity for downstream users in
India’s Gangetic plains. Indeed, Chuphal et al. (2025) stress that climate models often fail to capture the
observed drying trend, suggesting that current projections may underestimate future water deficits
(Chuphal et al., 2025, p. 136). They call for improved modeling of regional monsoon dynamics and for
adaptive water management strategies to cope with likely shortfalls (Chuphal et al., 2025, p. 138—139).

In summary, the Ganga basin is experiencing heightened variability: record-breaking drought tendencies
on decadal scales punctuated by episodic extreme floods. Climate change is a key driver of this variability —
through monsoon weakening and erratic rainfall, plus cryospheric changes — interacting with human
pressures like groundwater depletion. The “new normal” for the Ganga may be one of unreliable flows,
requiring more flexible and forward-looking water governance. Investments in storage, irrigation efficiency,
and flood management will be needed. The case of the Ganga highlights why climate adaptation must
contend not just with incremental changes (e.g., slight temperature rise) but with greater uncertainty and
variability in vital natural systems.

1.3  Flooding of Varanasi’s Ghats

Varanasi, one of the world’s oldest continuously inhabited cities, sits on the banks of the Ganga and is
renowned for its 84 ghats — the stone stepped embankments leading to the river used for bathing, worship,
and cremation. These ghats are not only cultural and religious touchstones but also integral to the city’s
economy and identity. However, in recent years, Varanasi has grappled with increasing floods that
submerge these iconic riverfronts, indicating a troubling interaction between climate change, urbanization,
and river dynamics.

Traditionally, Varanasi’s ghats have been seasonally inundated during the peak monsoon (late summer) when
the Ganga swells. But locals observe that floods have become more frequent and unpredictable,
sometimesarriving earlier or lasting longer than in the past. In August 2013, Varanasi experienced its second-
highest flood of the century at 72.94 m above sea level, just shy of the record 73.90 m in 1978 (Mishra et al.,
2022, p. 1232). Although the 2013 flood’s water level was about 1 m lower than 1978’s, it caused far greater
damage — more houses and neighborhoods submerged — due to denser urban development on low-lying land
(Mishra et al., 2022, p. 1236). By 2013, many areas that were open fields or sparsely built in 1978 had been
filled with settlements. Thus, even a somewhat smaller flood translated into extensive losses, illustrating how
exposure has risen (Mishra et al., 2022, p. 1238). The same trend continued with the August 2016 flood
(peak 72.56 m), which inundated newly developed parts of the city; buildings in the 70—74 m elevation range
were submerged up to 2—3 m above their plinths (Mishra et al., 2022, p. 1246). The creeping encroachment
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of Varanasi’s urban footprint into what used to be natural flood zones means that high water now reaches
deeper into the city’s fabric.

Climate change contributes to this flooding in multiple ways. As noted earlier, the monsoon has grown more
erratic — short bursts of very heavy rain can rapidly raise river levels. The Ganga’s basin upstream of Varanasi
spans thousands of kilometers; extreme rainfall anywhere upstream (or high releases from dams in response
to rainfall) can send a surge downstream. Studies indicate an increase in extreme rainfall days in the central
and upper Ganga basin, which is consistent with projections of more intense precipitation under global
warming (IPCC, 2021, p. 29; Mishra et al., 2022, p. 1223). Moreover, the timing of river floods has shifted.
Varanasi saw major floods not only in the traditional monsoon months but also from back-to-back events —
e.g., a moderate flood in 2020 was followed by a larger flood in 2021, suggesting that what used to be
occasional high floods can now recur in consecutive years given the right conditions.

Urban factors compound the climate signal. Vanishing local water bodies and inadequate drainage amplify
flood impacts. Research by Mishra et al. (2022) found that Varanasi’s urban expansion has led to the
disappearance of most of its historical ponds and wetlands. In 1822 there were ~94 ponds or kunds in the city
region; by today, only 22 remain, the rest having been filled in or built over (Mishra et al., 2022, p. 1138).
These ponds once acted as natural sponges, capturing rainwater and overbank flows; their loss means water
now has nowhere to go but into streets and structures (Mishra et al., 2022, p. 1140). During heavy rains,
stormwater combines with rising river levels to cause severe waterlogging. Because Varanasi lacks a separate
stormwater drainage system (relying on old combined sewers that often backflow), even moderate floods
now lead to prolonged urban inundation (Mishra et al., 2022, p. 1225). In 2013 and 2016, floodwaters
lingered in parts of the city long after the Ganga’s level receded, due to poor drainage and blocked outfalls
(Mishra et al., 2022, p. 1258).

The cultural implications of ghat flooding are significant. When ghats are submerged, daily rituals are
disrupted. In the 2025 flood, the famous Ganga aarti (evening prayer ceremony involving fire lamps) at
Dashashwamedh Ghat had to be moved to an elevated terrace for weeks, as the platforms and steps were
under water (Aron, 2025, p. 211). Similarly, at Manikarnika Ghat — where cremations occur — fires were
relocated to temporary setups on higher ground (Aron, 2025, p. 207). Residents and pilgrims were ferried by
boats over what used to be walkable ghats. The repeated inundation and drying can-also structurally weaken
these centuries-old ghats. Stone revetments, temples, and riverbank buildings suffer water damage; indeed,
conservationists warn that 20-25 of the ghats are at risk of collapse if not properly restored (Aron, 2025,
p. 243). Erosion during floods scours the base of ghats, and some protective features (like the historic burj
structures designed to deflect currents) have been undermined by persistent high flows (Aron, 2025, p. 239).

Another worrying trend is that floods in Varanasi are occurring with shorter return periods. Earlier, a
major flood (above 70 m) was a relatively rare event (e.g., 1978, then 35 years until 2013). But since 2013,
high floods have recurred every few years (2016, 2021, 2025, etc.). This could be a statistical cluster or
indication of a new frequency under climate change. One study noted that with continued extreme rainfall
trends, a flood between 74—75 m (which would be catastrophic) is a plausible scenario, and even a >76 m
flood cannot be ruled out by century’s end (Mishra et al., 2022, p. 1231). If such a flood happened, it is
estimated that three-fourths of the city could be submerged (Mishra et al., 2022, p. 1231). This puts into
perspective the need for improved flood defenses and urban planning — for instance, enforcing a buffer zone
along the river where new construction is limited, raising plinth heights of buildings in floodplain areas
(minimum 4-5 m above ground as recommended, though this is often flouted) (Mishra et al., 2022, p. 1294),
and maintaining drainage channels.

In conclusion, the flooding of Varanasi’s ghats exemplifies the intersection of climate change (intensified
monsoon extremes) with urban vulnerability (loss of natural buffers and high exposure). The city’s
experience underscores the importance of integrating climate projections into urban infrastructure design.
Protecting Varanasi’s heritage will require not just cultural preservation efforts but also climate resilience
measures — from restoring wetlands and ponds, improving drainage, to developing early warning systems
and emergency response plans for when the Ganga again swells beyond its banks. The case also highlights a
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theme seen across Indian cities: extreme rainfall and river floods testing the limits of aging infrastructure, a
challenge that climate change is making more acute.

14 Melting Himalayan Glaciers and Water Security

High in the Himalayas, climate change is perhaps most visibly and dramatically manifested in the rapid
melting of glaciers. The Indian Himalaya, along with the broader Hindu Kush Himalayan (HKH) region,
contains thousands of glaciers that form the headwaters of major rivers like the Indus, Ganga, and
Brahmaputra. These glaciers have been often termed the “Third Pole” or the “Water Towers of Asia” because
they store vast quantities of ice and release water steadily, buffering seasonal cycles. However, global
warming is causing these glaciers to recede and lose mass at unprecedented rates, posing long-term threats
of water scarcity and nearer-term hazards like glacial lake outburst floods.

Over the past few decades, satellite and field observations have documented accelerating glacial retreat.
Between 2011 and 2020, Himalayan glaciers lost mass 65% faster than they did in the preceding decade
(2001-2010), indicating a sharp acceleration in melt rates (ICIMOD, 2023, p. 29). Many glaciers that were
stable or only slowly receding in the late 20th century have now entered a phase of rapid decline. New high-
resolution mapping and declassified historical satellite images reveal that the area of Himalayan glaciers has
shrunk by approximately 40% since the Little Ice Age (circa400-700 years ago), with a significant portion
of that loss happening in recent decades (Yale E360, 2022, p. 1). Moreover, the Hindu Kush Himalaya is
projected to lose a substantial fraction of its ice by the end of this century. A comprehensive 2023
assessment by ICIMOD warns that, on current high-emission trajectories, glaciers in the HKH could lose up
to 75-80% of their current volume by 2100 (ICIMOD, 2023, p. 53; Dickie, 2023, para. 187-194). Even
under more optimistic scenarios that meet the Paris Agreement targets (limiting warming to 1.5-2 °C above
pre-industrial levels), the region is still likely to lose about 30—-50% of glacial volume (Dickie, 2023, para.
208-214). The Eastern Himalaya (encompassing parts of India’s Northeast, Bhutan, and Nepal) is expected
to be especially hard-hit, potentially losing up to 75% of ice by 2100 if warming hits ~3°C (Dickie, 2023,
para. 211-215).

Several factors drive this rapid melting. Rising air temperatures in mountain regions mean more days above
freezing, even at high altitudes, leading to longer melt seasons. In addition, changing precipitation patterns
affect snow accumulation — some areas are receiving less snowfall or more rain instead of snow, which
reduces the replenishment of glacier mass. Black carbon (soot) pollution from industrial and agricultural
burning can deposit on ice surfaces and decrease their albedo (reflectivity), causing them to absorb more
sunlight and melt faster. The net result is a consistent trend of thinning ice-and retreating glacier fronts. For
example, in the Indian state of Sikkim (eastern Himalaya), studies show that medium-sized glaciers have
retreated significantly with average frontal retreats of tens of meters per year in recent decades (Kulkarni et
al., 2021, p. 5). In Uttarakhand and Himachal Pradesh (western Himalaya), glaciers like Gangotri (a source
of the Ganga) have retreated by more than 1.5 km since the 1970s, and Chhota Shigri or Pindari glaciers
show marked mass loss (Azam et al., 2021, p. 2). The Uttarakhand disaster of February 2021 was
attributed to a collapsing portion of the Nanda Devi glacier (or a hanging glacier adjacent to it) — a stark
example of how warming-induced instability can lead to sudden catastrophes (Nandi, 2025, p. 161-169).

The melting of Himalayan glaciers carries two broad categories of impacts: hazard risks and water supply
changes. In terms of hazards, as glaciers melt, they often leave behind or enlarge glacial lakes — bodies of
meltwater trapped behind natural dams of moraines or ice. These lakes can burst their boundaries (due to
overflow or dam failure), causing glacial lake outburst floods (GLOFs) that send torrents of water and
debris downstream. As of now, around 200 glacial lakes in the HKH are identified as dangerous or prone to
potentially bursting (ICIMOD, 2023, p. 129). With continued warming, the risk of GLOFs is expected to
spike by the end of the century, which is worrisome for mountain communities and infrastructure
(ICIMQOD, 2023, p. 129). Such events have occurred in the past (e.g., a GLOF in Bhutan in 1994, multiple
in Nepal), and in India, potentially the 2021 Chamoli event was linked to a glacial lake or hanging glacier
release. Landslides can also be exacerbated: thawing permafrost and destabilized slopes lead to more frequent
and massive landslides in high mountains (ICIMOD, 2023, p. 59). The combination of these factors means
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Himalayan states face compound hazards — e.g.,, a GLOF can trigger flash floods and landslides
simultaneously.

For water resources, Himalayan glaciers act as natural reservoirs. During dry months or drought years, they
release meltwater that sustains rivers. If glaciers shrink, there is a concern for long-term water availability
in rivers like the Indus, Ganga, and Brahmaputra, which collectively support hundreds of millions of people
in India and neighboring countries. Research indicates that many rivers will reach “peak flow” in coming
decades. For instance, in the Indus basin, glacial melt currently provides about 40% of the flow; this
contribution might increase slightly till mid-century (as melting accelerates), but then as glacier volumes
diminish, the contribution will decline (ICIMOD, 2023, p. 53-57). The same is true for the Ganga’s
headwaters from Nepal and Uttarakhand and the Brahmaputra’s from Tibet and Arunachal — after mid-
century, a reduction in meltwater is expected. Modeling studies project that annual runoff in the upper
Ganga basin could decrease towards late 21st century despite increased rainfall, because the loss of
glacier ice buffering in dry seasons outweighs rain gains (Hock et al., 2019, p. 2). This could mean more
seasonal water stress: wetter monsoons but drier non-monsoon periods. As noted, the recent PNAS study
underscored that the Ganga’s drying trend is already apparent and that many climate models did not fully
account for the monsoon weakening due to regional aerosol and ocean warming influences (Chuphal et al.,
2025, p. 134-138).

The communities in the Himalayas are already noticing changes. Traditional irrigation systems fed by glacial
streams (such as “kul” channels in Himachal or “guls” in Uttarakhand) report lower flows or earlier
seasonal dry-out. Farmers at lower elevations, who rely on steady river flows for irrigation in the winter and
summer, may face shortages. Hydropower projects in the Himalayan foothills could also see altered flow
regimes — possibly higher flows in late spring (from earlier snowmelt) but reduced flow in late summer if
glaciers contribute less at the tail of the monsoon. The ICIMOD (2023) report emphasizes that many impacts
will be “beyond the limits of adaptation” for local communities without major support, given how
fundamental water resources are being transformed (ICIMOD, 2023, p. 63). It calls for urgent adaptation
funding to help those communities adjust — e.g., changing cropping patterns, enhancing water storage, and
preparing for more hazards.

One silver lining is that improved monitoring and remote sensing provide better-data to plan adaptation.
Scientists now maintain glacier mass balance observatories and use satellite data (like NASA’s declassified
spy images) to precisely track ice changes. This improved knowledge base can inform early warning systems
for GLOFs (e.g., installing lake level sensors and alarm systems) and strategic planning (such as designing
reservoir operations that account for future inflow changes). Nonetheless, the overarching necessity is
mitigation: only by reducing global greenhouse gas emissions can the most catastrophic glacial loss scenarios
be averted. Even at 1.5-2 °C warming, significant glacier loss is locked in (Dickie, 2023, para. 207-215),
but beyond 3—4 °C, the Himalayas would be nearly unrecognizable in terms of ice cover — losing over two-
thirds of ice mass (ICIMOD, 2023, p. 53-54). This would profoundly alter river systems and regional climate
feedbacks.

In conclusion, melting Himalayan glaciers serve as a stark indicator of climate change and a critical factor
in South Asia’s water future. The implications of their decline — heightened disaster risks and long-term
water insecurity — extend far beyond the mountains, affecting the densely populated plains of northern India.
Addressing these challenges requires integrated approaches: climate mitigation globally, plus regional
adaptation strategies including robust transboundary water cooperation, engineering interventions (like
controlled lake drainage), and community-based adaptation in mountain areas. The glacier story also
exemplifies how data and science must inform policy: anticipating the timing of peak water and subsequent
declines could allow India to proactively adjust its water infrastructure and allocation policies for the Ganga
and other rivers,

1.5  Extreme Rainfall and Urban Flooding in Kolkata

Kolkata, a megacity of ~14 million people and capital of West Bengal, lies in the Ganga-Brahmaputra Delta
near the Bay of Bengal. The city is low-lying (only a few meters above sea level on average) and crisscrossed
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by canals and drainage channels. Climate change is increasingly exposing Kolkata to extreme rainfall
events, which, combined with its aging infrastructure and coastal location, results in frequent urban flooding
and associated socio-economic disruption.

One of the most dramatic instances of extreme rainfall occurred recently. On September 23, 2025, Kolkata
was struck by an intense cloudburst-like event, recording 180 mm of rain in just three hours (Basu,
2025, p. 72). This cloudburst-equivalent downpour caused severe waterlogging across the metropolis. Streets
from residential neighborhoods to major thoroughfares were submerged under knee to waist-deep water for
hours (Basu, 2025, p. 85-88). Tragically, at least 10 people lost their lives, mostly due to electrocution as
power lines fell into water or electrical infrastructure shorted (Basu, 2025, p. 75-78). The city’s drainage
system, which can typically handle about 6 mm of rain per hour, was simply overwhelmed by rates exceeding
60 mm/hour at the peak of the storm (Free Press Journal, 2025, p. 3). Even with hundreds of pumps deployed,
the runoff had nowhere to go because high tides in the adjacent Hooghly River (a Ganga distributary)
prevented the drainage gates from releasing water (Basu, 2025, p. 129-137). Officials noted that at low tide
they expected water to recede, but the river level remained unusually high even at supposed low tide,
hampering drainage (Basu, 2025, p. 151-157). This points to a compound climate risk: heavy rainfall
coinciding with tidal cycles, potentially exacerbated by sea level rise, which keeps river levels elevated.

Importantly, this 2025 event validated climate scientists’ warnings. The Intergovernmental Panel on Climate
Change (IPCC) Sixth Assessment Report (2021) specifically projected that “short-duration heavy rainfall
episodes” would increase in cities like Kolkata (Basu, 2025, p. 93-96). Rising sea surface temperatures in
the Bay of Bengal inject more moisture into the atmosphere, which can lead to intense convection and rainfall
when conditions align (Deccan Herald, 2025, p. 59-60). Dr. Roxy Mathew Kaoll, a climate scientist, explains
that a warmer Bay of Bengal has fueled more high-intensity cyclones and extreme monsoon
depressions, which in turn can batter Kolkata with heavy rain (PreventionWeb, 2022, p. 54-58). The physics
is straightforward: warmer oceans evaporate more water, and a warmer atmosphere holds more moisture,
leading to storms with greater rainfall potential. Indeed, meteorologists have reported a trend of heavier
downpours over shorter periods in Kolkata over the past two decades (Chitale, 2023, para. 12). For
example, the city’s record 24-hour rainfall was broken in 2021 and again in 2025, highlighting an upward
shift in extremes.

Kolkata’s vulnerability to such rainfall is heightened by its infrastructural and planning issues. The city’s
drainage network was designed over a century ago and covers only. portions of the city adequately.
Urbanization has encroached on wetlands and lakes that once buffered floods. Studies show that Kolkata
has lost a large portion of its wetlands and water bodies due to urban expansion, reducing natural
drainage capacity (Basu, 2025, p. 98-100). The effect is that even moderate rain (50-100 mm in a day) now
causes waterlogging in many neighborhoods. When extreme rain strikes, the impact is severe and
widespread. Additionally, land subsidence from groundwater extraction and the weight of buildings is
causing some parts of Kolkata to sink gradually, exacerbating flood risk amid rising sea levels (World Bank,
2021, p. 44). Projections of sea level rise indicate that by 2050, parts of Kolkata’s outskirts could be
permanently inundated or far more flood-prone (Earth.Org, 2023, p. 1).

Another climatic threat to Kolkata is tropical cyclones, which bring both heavy rain and storm surge. The
Bay of Bengal has seen several super-cyclones and extremely severe cyclonic storms in recent years (e.g.,
Cyclone Aila in 2009, Amphan in 2020). Cyclone Amphan (May 2020) devastated the Sundarbans region
and caused Kolkata to receive torrential rains along with wind damage, knocking out power and water supply
for days. Climate studies predict that cyclones in the Bay of Bengal may become less frequent but more
intense (Category 4-5 storms) under global warming (Deccan Herald, 2025, p. 59-60). This means
Kolkata could face the dual challenge of catastrophic surge flooding (if a cyclone’s track hits near the city)
and extreme pluvial (rain) flooding. The city’s exposure is high: millions of people, including many in
informal settlements, live in low-lying areas that would be underwater in a big flood. A UN-backed study
singled out Kolkata (along with Mumbai and coastal cities) as highly vulnerable to future flooding and heat
stress, and warned that the city is underprepared to handle compounding crises (PreventionWeb, 2022, p.
59-67).
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Heatwaves are another side of the coin in Kolkata’s climate risks (as noted in the PreventionWeb report,
Kolkata could face heatwave conditions annually akin to the deadly 2015 heatwave, p. 59-62). While not the
focus of this case study, it’s worth noting the interplay: heat extremes can weaken public health and
infrastructure resilience such that when extreme rain follows, the capacity to respond is diminished (for
instance, a city already strained by heat-related power outages may struggle during a flood).

In response to these emerging challenges, there have been some local initiatives. The Kolkata Municipal
Corporation has begun investing in pumping stations and is exploring nature-based solutions like restoring
portions of the East Kolkata Wetlands that act as the city’s “kidneys” by naturally treating sewage and storing
floodwater. There’s also discussion of installing real-time weather monitoring and an app-based alert
system for citizens (PreventionWeb, 2022, p. 83-86). Notably, in late 2021 Kolkata joined a pilot project
with the UK Met Office to improve urban flood forecasting using high-resolution weather models and Al-
based nowcasting, aiming to give a few hours of lead time for extreme rain warnings. This is a clear instance
where technology (discussed further in the next section) is being leveraged to adapt to climate change
impacts.

In conclusion, Kolkata’s experience with extreme rainfall and flooding exemplifies the acute climate risks
facing India’s urban centers. A combination of climate change (heavier rains, stronger cyclones, sea level
rise) and human factors (poor drainage, loss of wetlands, subsidence) has made the city increasingly flood-
prone. The 2025 intense rainfall event — the worst single-day rain in 40 years — and its fallout (immense
waterlogging, fatalities, power outages) demonstrate how close to the edge the city’s resiliency currently is
(Basu, 2025, p. 102—-110). As climate projections foretell even more erratic and intense precipitation (IPCC,
2022, p. 234-236), Kolkata and similarly vulnerable cities must urgently invest in resilient infrastructure,
updated climate-informed urban planning, and robust emergency response systems to safeguard their
populations and economies.

PART-II. Al AND MACHINE LEARNING FOR CLIMATE RESILIENCE: A CONCEPTUAL
FRAMEWORK

The above case studies underscore the scale and complexity of climate change impacts in India — from fast-
moving disasters in the Himalayas to creeping environmental changes and urban infrastructure stress.
Traditional approaches alone (e.g. conventional engineering, historical data-based planning) may prove
insufficient against these evolving challenges. This is where Artificial Intelligence (Al) and Machine
Learning (ML) offer transformative potential. By harnessing vast data, pattern recognition, and predictive
analytics, AlI/ML tools can significantly enhance how we predict, prepare for, and respond to climate risks.
However, realizing this potential requires more than just technology — it demands supportive infrastructure,
clear institutional frameworks, robust governance, cross-sector cooperation, and learning from best practices.
In this section, we outline a comprehensive conceptual framework for deploying Al and ML to mitigate and
adapt to climate change effects in India. The framework covers five pillars: (1) Strengthening climate data
infrastructure; (2) Defining institutional roles and capacity; (3) Establishing governance and ethical
guidelines; (4) Promoting cross-sector collaboration; and (5) Implementing Al/ML solutions through global
examples and Indian use cases. At the end we also make an attempt to enumerate some of the real-world use
cases as well as list some of the challenges ahead.

2.1  Strengthening Climate Data Infrastructure

At the heart of any Al application is data. Effective use of AI/ML for climate resilience hinges on the
availability of high-quality, granular, and timely data on weather, climate, hydrology, land use,
infrastructure, and socio-economic variables. Currently, India possesses extensive datasets — e.g., over a
century of meteorological records, remote sensing data from satellites, flood and drought statistics, etc. — but
much of this data is siloed, inconsistent, or not readily accessible to innovators (Ikigai Law, 2023, p. 88-93).
The first step in the framework isto build a robust climate data infrastructure characterized by comprehensive
data collection, open sharing protocols, and standards for interoperability.

IJCRT2601447 \ International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org \ d661


http://www.ijcrt.org/

www.ijcrt.org © 2026 IJCRT | Volume 14, Issue 1 January 2026 | ISSN: 2320-2882

Key actions in this pillar include:

Modernizing Observation Networks: Expand and upgrade the network of automatic weather
stations, river gauge sensors, landslide sensors, air quality monitors, and ocean buoys across India.
For instance, more dense rain-gauge coverage in the Western Ghats and Northeast could feed better
precipitation data into ML models for flood forecasting. The Ministry of Earth Sciences’ Atmosphere
& Climate Research-Modelling Observing Systems & Services (ACROSS) program already aims to
deploy advanced observation systems and could be leveraged to gather Al-ready datasets (Ikigai Law,
2023, p. 37-40). Likewise, installing 10T sensors in critical infrastructure (like dams or urban drains)
provides real-time data streams that Al systems can analyze for anomalies or failure risks.

Creating Central Data Platforms: Establish unified data platforms or registries where relevant
climate and disaster data from different ministries and departments are pooled. The Government of
India in 2022 rolled out a National Geospatial Data Registry under the National Geospatial Policy,
to ease private sector access to geospatial data (Ikigai Law, 2023, p. 136—140). Similarly, a National
Climate Data Platform could host datasets like historical flood maps, drought indices, crop yields,
health surveillance (for climate-sensitive diseases), etc., in standardized formats. NITI Aayog noted
that a lot of valuable data sits fragmented in different ministries (climate data in MoES/IMD, remote
sensing in ISRO, soil data in agriculture, etc.), and recommended inter-operable data sharing
mechanisms with appropriate privacy safeguards (lkigai Law, 2023, p. 89-93). Implementing the
proposed National Data Governance Framework Policy — which promotes sharing of government
data with startups and researchers — will be crucial (Ikigai Law, 2023, p. 139-142).

Standards and Data Quality: Develop standards for data collection (what variables, frequency,
resolution) and quality control protocols. Al models are “garbage in, garbage out”, so ensuring data
accuracy and representativeness is vital (Ikigai Law, 2023, p. 65-73). This includes documenting
metadata, calibration of instruments, and bias correction. The framework could encourage uniform
formats (such as netCDF for climate data, geoJSON for spatial data) so that diverse datasets can be
merged in analysis. Since climate impacts often vary locally, equitable data collection is needed — not
just focusing on urban or well-off regions. Government-backed programs might incentivize data
collection in under-represented areas (e.g., Northeast hills, tribal districts) to avoid Al models being
skewed towards data-rich areas (Ikigai Law, 2023, p. 77-85).

Compute and Storage Infrastructure: Al applications require significant computational resources,
especially for big data analysis and training complex models (like deep learning networks for climate
predictions). Strengthening data infrastructure means investing in high-performance computing
(HPC) and cloud storage dedicated to climate analytics. India’s recent cooperation agreement with
the EU on High-Performance Computing and Climate Modeling is a step in this direction,
envisaging joint efforts to bolster computing power for weather and climate forecasts (Ikigai Law,
2023, p. 177-185). Establishing climate-focused HPC centers (or cloud services like a “Climate Data
Lake”) accessible to research institutions and startups would accelerate model development.

By focusing on data infrastructure, India sets the stage for Al innovation. A positive example is the Indian
Meteorological Department’s modernization, which has greatly improved cyclone track forecasts through
better data assimilation — these improvements have saved lives by enabling timely evacuations (World Bank,
2021, p. 22). Al can take this further by handling disparate data (satellite images, social media feeds, sensor
data) in real time. But without robust data backbone, Al tools will either underperform or be impossible to
develop. Hence, this pillar is foundational: build the “digital plumbing” so that data flows smoothly from
sources to Al models to decision-makers.
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2.2

Institutional Roles and Capacity Building

Implementing Al-driven climate resilience is not just a technical endeavor; it requires clearly defined roles
for institutions and capacity building among stakeholders. This pillar of the framework addresses who will
do what — delineating responsibilities across government agencies, private sector participants, academic
institutions, and communities — and how to strengthen their ability to effectively use Al tools for climate

action.

Key considerations and actions include:

Government Leadership and Coordination: At the national level, a nodal agency or inter-agency
task force could coordinate Al-for-climate initiatives. For example, NITI Aayog (the government’s
think tank) has been steering India’s national Al strategy (#AlforAll), and it could integrate a climate
focus by convening ministries like Earth Sciences, Environment, Agriculture, Urban Development,
and disaster management authorities (NDMA) to align on Al projects. Union Minister statements
reflect high-level recognition: in 2022, India’s Science & Technology Minister declared Al would be
a “key pillar” in a new Climate Science Mission (Ikigai Law, 2023, p. 47-50). Translating this into
action might involve setting up a Center of Excellence for Climate Al under MoES or DST
(Department of Science & Technology) that coordinates R&D and deployment across departments.
Additionally, state and local governments need defined roles — e.g., state disaster management
agencies could be primary users of Al-based early warning systems, while municipal bodies use Al
for infrastructure planning.

Capacity Building in Agencies: Many government staff may not be trained in AI/ML. A concerted
effort is needed to build capacity so that officials can procure, understand, and maintain Al tools.
This might include training programs for meteorologists in ML modeling, for urban planners in using
Al-driven decision support systems, and for disaster response teams in interpreting Al -based forecasts
or damage assessments. The Science and Engineering Research Board (SERB) in India has already
initiated calls to set up Centers of Excellence on AI/ML in weather and climate prediction (Ikigai
Law, 2023, p. 53-58). Once these centers develop models, training programs can disseminate
knowledge to operational agencies (like IMD, CWC, etc.). International partnerships can help: the
2022 Indo-US Science & Technology Forum discussed joint workshops on Al for sustainability
(Ikigai Law, 2023, p. 181-189). Leveraging such partnerships could bring global expertise to upskill
Indian scientists and engineers.

Role of Private Sector and Startups: The private tech sector is a crucial player in developing and
scaling Al solutions. Startups bring innovation, agility, and often, cutting-edge Al techniques. The
government should create mechanisms to involve startups in climate resilience — through challenge
grants, public-private partnerships, or innovation incubators focused on climate tech. The Union
Finance Minister has acknowledged the role of startups in Al solutions for climate (Ikigai Law, 2023,
p. 49-52). To operationalize this, the government could, for example, host hackathons on specific
problems (like “Al for flood management in Assam”) with support and data provided. It could also
offer incentives such as fast-track regulatory approvals or tax breaks for companies developing
climate resilience Al tools. Additionally, large tech companies (domestic and multinational) can
contribute via Corporate Social Responsibility or by providing platforms (cloud credits, APIs). For
instance, Google’s Al team collaborated with the Central Water Commission to implement an Al-
based flood forecasting system across India[1][2]. Institutionalizing such collaborations (perhaps via
MoUs facilitated by NDMA or State governments) can sustain and expand these efforts.

Academic and Research Institutions: Universities and research institutes play a dual role —
advancing foundational research in Al/climate science, and serving as training grounds for skilled
professionals. The framework should encourage interdisciplinary research: climatologists working
with data scientists, hydrologists with computer engineers. Dedicated funding for academic research
at this intersection is key. The establishment of CoEs by SERB as mentioned is promising; in addition,
academic curricula should incorporate data science into environmental studies and vice versa. A
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student in civil engineering focusing on hydrology might benefit from courses in machine learning
to handle big climate datasets. Building a pipeline of “climate data scientists” will ensure sustained
capacity. Institutions like the Indian Institutes of Technology (11Ts) and the Indian Institute of Science
(11Sc) are already involved in climate research and could anchor national efforts. For example, 1T
Gandhinagar’s work in reconstructing Ganga flows with advanced modeling (Chuphal et al., 2025,
p. 115-123) shows academic capability that can be further directed to Al-driven insights.

e Community and Local Institutions: Ultimately, resilience is local. Panchayats (village councils),
urban resident welfare associations, farmer cooperatives, etc., need to be stakeholders in deploying
Al tools on the ground. For instance, an Al-based drought prediction tool’s success depends on
farmers trusting and using its advisories. Thus, capacity building must extend to user education. Local
extension officers (in agriculture, health, etc.) should be trained to interpret Al outputs and
communicate effectively to communities, possibly in local languages. Involving communities in
citizen science (e.g., reporting weather observations via smartphones which Al can integrate) both
improves data and builds buy-in. Clear roles for local institutions might include hosting participatory
workshops to refine Al tool design (ensuring they meet actual needs) and providing feedback loops
on tool performance.

In summary, this pillar ensures that the human and organizational systems are in place to support Al
interventions. Just as building a road requires engineers, contractors, maintenance crews, and regulators,
deploying an Al-driven early warning system requires skilled data handlers, responsive government users,
supportive policies, and informed end-users. India’s governance structure is multi-layered, and aligning them
towards tech-enabled climate action is no small task — but defining roles and enhancing capacity at the outset
lays a solid foundation. Without this, even the best algorithms might languish unused or be implemented
incorrectly.

2.3 Governance and Ethical Guidelines

The use of Al and ML in climate resilience must be underpinned by strong governance frameworks and
ethical guidelines. These ensure that technological solutions are deployed responsibly, transparently, and in
service of the public good. Key governance considerations include data governance, algorithmic
transparency, accountability, and addressing the potential negative externalities of Al (like carbon footprint
or biases).

Important elements in this pillar are:

e Data Governance and Sharing Protocols: As data is the fuel for Al, its governance is critical. The
framework should embed the principles of open data with safeguards. Government data relevant to
climate (weather records, disaster loss databases, satellite imagery from ISRO, etc.) should be shared
in a manner that is FAIR — Findable, Accessible, Interoperable, and Reusable — except where
sensitive. This might involve creating licensing models (such as India’s remote sensing data policy
recently did, making <5m resolution freely available) or open APIs for live data (e.g., IMD could
provide a public API for certain datasets). The National Data Governance Framework Policy
(NDGFP) draft suggests making anonymized government datasets accessible for innovation (Ikigai
Law, 2023, p. 139-142). Implementing NDGFP will be a cornerstone: it should clarify issues of
privacy (for any personal data, e.g., if mobile data or social media is used for disaster response),
security (preventing misuse of sensitive infrastructure data by malicious actors), and pricing (ensuring
data is free or low-cost for social applications like climate resilience). Clear standards should also be
set for data quality and metadata documentation to build trust in the data feeding Al systems
(Ikigai Law, 2023, p. 147-155).

e Algorithmic Transparency and Validation: Al models, especially in critical applications like flood
forecasting or heatwave prediction, should be transparent or at least interpretable to stakeholders.
While not every user needs to understand the neural network, the agencies deploying them should
insist on explainability where possible. This means Al developers should document model

IJCRT2601447 \ International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org \ d664


http://www.ijcrt.org/

www.ijcrt.org © 2026 IJCRT | Volume 14, Issue 1 January 2026 | ISSN: 2320-2882

assumptions, input variables, and known limitations. Third-party validation of models should be
encouraged — for example, academic peer review of a new ML model for monsoon forecasting, or
pilot testing with historical back-calculation to see how it would have performed on past events.
Transparency also builds public trust. If an Al system warns of evacuation, people are more likely to
heed it if they know it’s based on robust science rather than a “black box.” Governance could include
guidelines akin to “Al model audit” before deployment in public systems, ensuring they meet
reliability benchmarks.

e Ethical Use and Equity: Al solutions must be designed and deployed with an ethical lens to avoid
perpetuating or worsening inequalities. Climate impacts often disproportionately affect marginalized
communities; Al should help bridge gaps, not widen them. For instance, if an Al-powered crop
advisory is only in English, it may exclude farmers who speak Hindi or Bengali. Guidelines should
emphasize inclusivity — such as multi-language support, accessibility for people with disabilities, and
fairness across regions. Moreover, special care should be taken to avoid algorithmic biases. If
training data for a drought model mostly comes from, say, western India, the model might
underperform in the Northeast due to bias in representation (Ikigai Law, 2023, p. 77-85). Thus,
curation of diverse training data and bias correction steps should be mandated in model development.
Ethical Al frameworks (like those in NITI Aayog’s Al strategy promoting transparency,
accountability, and non-discrimination) need to be applied in the climate context explicitly (Mondal,
2023, p. 2-3).

e Accountability and Liability: When decisions are driven or informed by Al (e.g., releasing water
from a dam based on Al forecasts, or issuing a cyclone evacuation alert), clarity in accountability is
needed. The governance framework should delineate that Al is a decision-support tool — the
accountability for decisions remains with the human authorities. However, if an Al system fails (false
negatives/positives causing harm), mechanisms for review and redress should be in place. For
example, after an extreme event, a post-mortem analysis might be required to see if Al predictions
were accurate or if errors occurred. If an error is traced to data or algorithm issues, processes to fix
and update the model should be triggered. In critical applications, redundancy should be built in —
Al advice cross-checked with expert judgment or multiple models used ensemble — to avoid single
points of failure.

e Sustainable Al — Energy and Emissions: Paradoxically, Al itself can have a significant carbon
footprint, especially large models requiring intensive computation. Training a single big neural
network can emit as much CO: as several cars do in their lifetimes (Ikigai Law, 2023, p. 115-123).
For India’s climate mission, it’s important that the solution doesn’t become part of the problem. Thus,
governance should encourage green Al practices: using energy-efficient hardware (GPUs/TPUs
powered by renewable energy where possible), optimizing code to reduce computations, and even
exploring simpler models (not everything needs deep learning if a regression suffices with similar
accuracy). As suggested by Ikigai Law (2023), policies could mandate tracking and disclosure of the
carbon footprint of major Al projects (Ikigai Law, 2023, p. 211-217). Setting an example,
government Al infrastructure could be run on solar-powered data centers or during off-peak grid
hours.

In essence, this governance pillar ensures that as we embrace powerful Al tools, we “do no harm” and
maximize public benefit. Consider the historical analogy of GIS (Geographic Information Systems) in urban
planning: once a specialized tool, now it’s governed by policies on data sharing, standards, etc., because it
influences important decisions. Al is far more potent; hence proactive governance is not just advisable but
necessary. Encouragingly, India has begun moves like the Digital India Act (draft) which may cover aspects
of non-personal data and automated systems (Ikigai Law, 2023, p. 143-148). The climate resilience domain
should actively shape these broader policies with its specific needs — for example, asserting that life-saving
Al (for disaster alerts) should prioritize openness and interoperability over proprietary secrecy.
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Cross-Sector Collaboration and Partnerships

Climate change challenges cut across traditional sectoral boundaries — they are as much about agriculture as
about water resources, as much about urban development as about public health. Similarly, implementing Al
for climate resilience requires breaking out of silos and fostering collaboration across various sectors,
disciplines, and even national borders. This pillar emphasizes the importance of creating networks and
partnerships for knowledge transfer, resource sharing, and coordinated action.

Key facets of cross-sector collaboration include:

National Inter-Sectoral Collaboration: Within India, different ministries and departments should
jointly work on Al projects that address multi-faceted climate issues. For instance, consider drought
management: it involves the Agriculture Ministry (crop impacts), Water Resources (irrigation
management), Rural Development (drinking water, employment schemes), and the Meteorological
Department (rainfall forecasts). A collaborative Al solution might be a drought early warning and
response platform that integrates IMD’s forecast models, ISRO’s satellite imagery (to detect
vegetation stress), ground reports from Agriculture Extension officers, and the databases of water
levels in reservoirs. Achieving this requires not only data sharing (as discussed earlier) but active
coordination — possibly via a Climate Resilience Task Force comprising members from relevant
ministries that meets regularly to oversee joint Al projects. An example of cross-sector success is the
Energy Data Task Force in the UK, which integrated data across the energy sector to further climate
goals (Ikigai Law, 2023, p. 161-168). India could replicate this in priority domains, say a Flood
Management Data Task Force linking CWC (water), IMD (weather), NRSC (remote sensing), and
NDMA (disaster response) to drive a unified Al-based flood forecasting and response system (Ikigai
Law, 2023, p. 161-169).

International Cooperation and Knowledge Transfer: Climate change is a global problem, and so
is Al advancement. Collaborating with other countries and international institutions can greatly
enhance India’s capabilities. The Paris Agreement specifically encourages technology development
and transfer — India can leverage this by partnerships focusing on Al for climate.. The 2022 Intent of
Cooperation between India and the EU on HPC and climate modeling is one such avenue (Ikigai
Law, 2023, p. 175-183). Under it, the EU-India Trade and Technology Council (TTC) can facilitate
expert exchanges, joint research on Al applications like climate-smart infrastructure or monsoon
modeling. Similarly, the Indo-US Science & Technology Forum discussions on emerging tech for
sustainable development (Ikigai Law, 2023, p. 181-184) should translate into joint projects — perhaps
inviting US universities or companies to pilot Al tools in Indian contexts (e.g., leveraging NASA’s
earth observation with Indian Al talent to improve heatwave prediction). International organizations
like WMO (World Meteorological Organization) or UNEP can also be valuable partners, offering
frameworks for data exchange and even funding support. Cross-border river basins (Indus, Ganga-
Brahmaputra) would benefit from shared Al systems for flood forecasting involving India, Nepal,
Bangladesh, Bhutan, and China — multilateral cooperation here could save lives by giving
downstream nations more lead time.

Public-Private Partnerships (PPP): The synergy of public mandate and private innovation can
accelerate scaling of Al solutions. PPP models might involve, for example, a tech firm developing an
Al platform with government-provided data and domain expertise from an academic institution, with
the resulting service used by a government agency. A successful case of this in climate context is the
Google Flood Forecasting Initiative: Google worked with India’s Central Water Commission to
integrate ML models into public flood warning systems, which now cover all of India and have
expanded to Bangladesh. This partnership leverages Google’s Al expertise and cloud infrastructure
with government’s on-ground knowledge and communication networks. The framework should
encourage more such PPPs — perhaps through outcome-oriented procurement (the government states
a problem and desired outcome, and companies compete to provide an Al solution, with clear terms
for data use and public benefit). Another area could be insurance and finance: public-sector insurers
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teaming up with Al startups to better model climate risks (flood risk maps, crop loss predictions)
which then inform insurance products or disaster relief targeting.

e Cross-disciplinary Collaboration: Within the research and academic community, bridging
disciplines is essential. Al experts, climate scientists, ecologists, economists, and sociologists should
have platforms to collaborate. The complex nature of climate resilience (involving human behavior,
ecosystems, and engineered systems) means no single discipline has all answers. Setting up
interdisciplinary research hubs (physically or virtually) where, say, an ML scientist sits together
with a hydrologist and a city planner to solve urban flooding, can lead to holistic innovations.
Conferences, joint workshops, and cross-training programs help fertilize ideas. For instance, training
programs that bring district disaster managers together with data scientists could spark practical
solutions that are both technically sound and operationally relevant.

e Community and NGO Partnerships: Collaborating with non-governmental organizations and
community groups ensures solutions are grounded in reality and equitably reach those in need. NGOs
often have deep local presence and trust — their involvement in deploying Al-powered tools can
improve acceptance. For example, an Al-driven climate information service (like farm advisories via
SMS) might partner with a well-known farmers’ cooperative or NGO for outreach and feedback.
During disasters, volunteer networks like the Red Cross or local youth clubs could use Al-based
damage assessment tools (e.g., maps generated from drone/satellite imagery) to prioritize relief;
engaging them in design and training ensures these tools are user-friendly in crises. Such
collaborations break the top-down paradigm — making end-users co-creators of solutions.

Cross-sector collaboration essentially acts as a force multiplier. When knowledge and resources flow
seamlessly between sectors, the resulting solutions are more robust and comprehensive. A case in point: the
Climate Adaptation and Resilience for South Asia (CARE) program funded by the World Bank brings
together governments, tech companies, and academia to develop climate-resilient tools (World Bank, 2021,
p. 5-8). Under CARE, an example project is an end-to-end flood warning system integrating global weather
models, local community alerts, and economic analysis of impacts — something no single entity could deliver
alone. By institutionalizing collaboration through formal networks, joint funding schemes, and regular
information exchange, India can accelerate its climate resilience gains.

2.5 Global Examples of Al-Driven Climate Resilience

Learning from global best practices can guide India in applying Al and ML effectively. Around the world,
innovative projects have demonstrated how Al can address specific climate and disaster challenges. This
section of the framework highlights a few exemplary cases that India can emulate or draw inspiration from,
illustrating the art of the possible:

e Al for Flood Forecasting (Global-Local Integration):

Global Example: Google’s Al-based flood forecasting in South Asia is a standout success. By leveraging
machine learning models (specifically LSTM neural networks) trained on hydrological data and
weather forecasts, Google and its partners achieved 5-day flood forecasts in data-scarce regions at
accuracy levels comparable to traditional methods in data-rich regions (Nearing et al., 2024, p. 90—
99). The system, now operational as FloodHub, covers over 80 countries and provides river flood
forecasts up to 7 days ahead with high spatial resolution. It was made possible by combining global
datasets, satellite terrain mapping, and local gauge data, and using Al to fill gaps where no gauges exist
(Nearing et al., 2024, p. 131-136).

Relevance for India: This is already being used in India. We can deepen such efforts by integrating these
Al forecasts directly into national and state emergency systems. The European Centre for Medium-
Range Weather Forecasts (ECMWF) collaborated in model evaluation - similarly, Indian agencies
(IMD/CWC) can formally collaborate with tech firms to continually improve these models. The key
lesson is that Al can bridge data gaps - India has many ungauged or poorly gauged catchments where
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conventional models struggle, but a single Al model trained on many basins can predict floods in
ungauged basins by learning regional patterns (Nearing et al., 2024, p. 133-136).

e Smart Energy Grids (Using Al to Integrate Renewables):

Global Example: In the United States and parts of Europe, Al is used to forecast energy demand and
renewable energy supply, optimizing grid operations. For instance, Google’s DeepMind partnered with
the UK National Grid to predict wind farm output 36 hours ahead using ML, leading to 20%
improvements in forecast accuracy (Goswami, 2024, p. 138-142). Similarly, in Australia, Al-driven
demand response systems adjust cooling loads during heatwaves to prevent blackouts.

Relevance for India: As India scales up solar and wind energy to meet climate goals, balancing the grid
becomes crucial. Al can help predict solar generation (considering cloud cover) and wind production,
and match it with usage patterns, reducing the need for fossil-fuel backup and preventing outages. It can
also optimize maintenance — ML models analyze sensor data from turbines or panels to predict faults
(Goswami, 2024, p. 144—-146). Given India’s ambitious renewable targets, deploying such Al in power
utilities would enhance resilience against heatwaves (which spike electricity demand) and ensure cleaner
energy integration (mitigation co-benefit).

e Agricultural Risk Management (Al for Crop Resilience):

Global Example: The International Rice Research Institute (IRRI) and partners have used Al to develop
a “crop yield forecasting” system in Southeast Asia. By feeding satellite imagery, weather data, and
farm management info into ML models, they can predict yields and detect drought stress or pest outbreaks
early. Another example is IBM’s Watson Decision Platform for Agriculture, used in Kenya to advise
farmers on planting times via a mobile app, which employs Al to interpret weather forecasts and soil
data.

Relevance for India: Agriculture employs over half of India’s workforce and is highly climate-sensitive.
Al can bring precision: e.g., Wadhwani Al (an Indian nonprofit) developed an Al tool that detects pest
damage from smartphone photos to help farmers act promptly, reducing crop losses. Scaling this, India
could have a national Al platform where farmers receive personalized advisories — “plant this salt-tolerant
variety because our model predicts a high chance of flood in your district” or “apply irrigation next week,
drought risk is rising”. This intersects data (IMD rainfall outlook, ISRO soil moisture maps, etc.) and
local knowledge. By collaborating with agri-tech startups and the Ministry of Agriculture’s extension
network, such tools could dramatically improve climate adaptation in agriculture. Precision farming
through Al not only shields farmers from climate variability but also optimizes resource use (water,
fertilizers), indirectly mitigating emissions and conserving groundwater (Goswami, 2024, p. 164-168).

e Urban Planning and Infrastructure (Al for Resilient Cities):

Global Example: Several cities globally are applying Al to enhance urban resilience. For example,
Rotterdam in the Netherlands uses Al models in its climate adaptation strategy to simulate where flooding
would occur if sea level rises or heavy rain falls, helping design parks and roads that can act as water
storage. In Singapore, authorities use Al-based surveillance of drainage systems — cameras and sensors
feed into an Al that predicts where choke points will cause floods, prompting preemptive cleaning or
road closure.

Relevance for India: Cities like Mumbai, Chennai, and Delhi could deploy similar systems. Mumbai,
which faces flooding every monsoon, could benefit from Al models that integrate rainfall radar data and
drainage network status to predict waterlogging street by street and manage traffic or pump
deployment accordingly (Rajagiri, 2023, p. 1-2). Smart city projects in India can incorporate climate
resilience modules: e.g., using ML to optimize the operation of urban floodgates or pumping stations
(ensuring they activate just in time), or to identify heat hotspots within a city to guide tree planting and
cool-roof programs (CEEW, 2021, p. 3). Al can also assist infrastructure design — using generative design

IJCRT2601447 \ International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org \ d668


http://www.ijcrt.org/

www.ijcrt.org © 2026 IJCRT | Volume 14, Issue 1 January 2026 | ISSN: 2320-2882

algorithms to propose road or pipeline layouts that minimize disruption from floods or landslides,
essentially climate-proofing critical infrastructure.

These global examples show that Al-driven solutions are not theoretical but already making impact. A
common thread is that they combine cutting-edge technology with domain expertise and are tailored to user
needs. India can jump-start many of its efforts by adapting these proven approaches. However, it’s crucial to
tailor them to local context — for example, flood prediction models must consider the quirks of Indian rivers
and data availability; farm advisory Al must speak local languages and account for Indian crop varieties and
practices. Global cooperation (as mentioned, via knowledge transfer) will help in this localization process.

By showcasing and learning from global successes, Indian policymakers and practitioners can be more
confident and ambitious in embracing Al for climate resilience. It also helps avoid reinventing the wheel,
focusing instead on innovating where there are unique challenges. For instance, while Al flood forecasting
exists, India might innovate on last-mile alert delivery in rural areas using Al to decide the optimal
communication channel for each village (SMS vs. community radio, etc.). Global templates provide a
foundation upon which India-specific solutions can be built.

2.6 Real-World Use Cases in India

While the framework and global examples provide a broad vision, it is equally important to highlight
emerging homegrown AI/ML applications in India that address climate-related issues. These real-world
use cases offer practical insights into how the conceptual framework can translate into tangible outcomes on
the ground. They also demonstrate the enthusiasm and capability within India to deploy Al for societal good,
which can be further scaled and supported.

Some notable Indian use cases include:

e Flood Forecasting and Early Warning in Bihar: In collaboration with Google, the Government of
Bihar has been leveraging an Al-powered flood warning system over the last few monsoons (Indian
Express, 2019, p. 2). Patna and surrounding districts, which are flood-prone from rivers like the
Ganga and Kosi, have benefited from Google’s ML-driven alerts that are disseminated via
smartphone notifications and through local government channels[8][9]. By 2020, this system
was credited with providing at least 24-48 hours advanced warning for dozens of floods, helping
evacuate or prepare communities and saving lives. The use case underscores effective institutional
roles: Google provided the tech and model, while the Central Water Commission and Bihar’s Disaster
Management Department ensured data (gauge readings) were fed in and that warnings were
communicated to the public. This joint effort aligns with our framework pillars of cross-sector
collaboration and data infrastructure.

e Climate-Smart Agriculture in Maharashtra: The state of Maharashtra, facing recurrent droughts
in certain regions (Vidarbha, Marathwada), launched a pilot project using Al to advise farmers on
optimizing crop choices and resource use. Partnering with IBM’s Al Labs, the state developed a
system that analyzes weather forecasts, soil health data, and market price trends to give farmers
recommendations via a mobile app (IBM India, 2020, p. 5). For example, if a below-normal monsoon
is predicted (drought likelihood), the Al might advise shifting from water-intensive sugarcane to
hardier millet varieties, along with guidance on sowing dates to maximize yield. Early results showed
participating farmers reducing water usage by ~20% and still maintaining yields, illustrating
improved resilience (IBM India, 2020, p. 7). The success of this use case depends on data (weather,
soil) and institutional support (agriculture extension officers helping farmers interpret and trust Al
recommendations), tying into the data and capacity pillars of the framework.

e Landslide Risk Mapping in Himachal Pradesh: Researchers at II'T Mandi, in partnership with the
Himachal Pradesh government, have used ML algorithms to create high-resolution landslide
susceptibility maps for the state’s hilly terrain (Kumar et al., 2021, p. 3). The model ingests
topographic data, land cover, historical landslide records, and rainfall patterns to output probability
scores of landslide occurrence for local slopes (Kumar etal., 2021, p. 8). These maps, now integrated
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into the state’s road planning and village preparedness programs, help authorities prioritize slope
stabilization projects and conduct targeted community awareness where risk is high. This is a clear
example of Al aiding planning and prevention. It also showcases cross-disciplinary collaboration:
geotechnical engineers worked with data scientists for feature selection in the model, and local
administration provided ground truth data on past events to train it. Over time, as climate change
might alter rainfall intensity, the model can be retrained with new data, making it a dynamic tool.

e Urban Heat Island Mitigation in Ahmedabad: Ahmedabad, a city in Gujarat, pioneered a Heat
Action Plan after deadly heatwaves in 2010. Recently, as part of enhancing this plan, the city
collaborated with an Indian analytics company to use Al to identify urban heat hot-spots using
satellite thermal imagery combined with land-use data (Ahmedabad Municipal Corp, 2022, p. 10).
The ML algorithm identified neighborhoods with scarce green cover and high built-up density that
consistently registered higher temperatures. Using this input, the city targeted those areas for planting
100,000 trees and installing reflective roofs on public buildings. It also uses Al to optimize where to
deploy water tankers and cooling centers during heatwaves (anticipating which localities will need
them most, based on the model’s predictions). This use case illustrates Al supporting climate
adaptation in cities, aligning with our framework’s emphasis on resilience planning and the use of
data (satellite imagery in this case). It also highlights ethical use — ensuring vulnerable areas (often
low-income neighborhoods) are the focus, which is an equity-driven outcome.

e Air Quality Forecasting and Health Advisory in Delhi: While air pollution is not solely climate
change (though climate can worsen it via stagnation episodes), it’s a related environmental stress. An
Al system nowcast and forecasts Delhi’s air quality 72 hours in advance using ML that combines
weather models, satellite aerosol data, and local emission inventory updates (SAFAR, 2021, p. 4).
This system, developed by IITM Pune and IBM, not only predicts pollution spikes but also issues
health advisories (like recommending school closures or cautionary measures for outdoor workers)
when needed. The use case demonstrates predictive analytics benefiting public health and can be seen
analogous to forecasting climate hazards. It involved collaboration across institutions: the Ministry
of Earth Sciences, CPCB (pollution board), and tech partners. Moreover, it required governance
clarity on how alerts translate to action (e.qg., the Graded Response Action Plan getstriggered by these
forecasts). Lessons from this — regarding data sharing (vehicle counts, factory emissions fed into
models) and inter-agency action—are instructive for other climate risk forecasts like those for extreme
rainfall or storms.

These instances, though varied in domain, all reflect the overarching theme: Al and ML are emerging as
valuable tools in India’s climate resilience toolkit. They validate the framework’s components. Where data
was available and shared (as in flood or air quality forecasting), Al provided actionable intelligence. Where
institutions collaborated (as in landslide mapping or agriculture advisories), Al outputs were effectively
implemented. Where governance mechanisms existed (as in Delhi’s pollution plan or Ahmedabad’s heat
plan), Al fit into decision-making with clear triggers. And in each, capacity and trust had to be built — farmers
had to trust the app’s advice, city officials had to trust the landslide model’s warnings, etc. Early successes
like these build momentum and confidence.

Scaling up and replicating these across the country is the next step. For example, every coastal city could use
a Kolkata-like rainfall Al model, every Himalayan state a landslide model, every agricultural region an Al
advisory tailored to its crops. The framework we propose would facilitate this by ensuring the prerequisites
(data, skills, collaboration, etc.) are in place.
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2.7 Challenges

Integrating the insights from climate impact analyses with Al-driven solutions yields several cross-cutting
themes and lessons. First, the multidisciplinary nature of climate challenges means that technology must be
paired with domain knowledge. The case studies highlighted specific vulnerabilities — e.g., how deforestation
in Uttarakhand exacerbates landslide damage, or how poor urban planning in Varanasi increases flood
exposure. Al solutions must account for these contextual factors: a landslide prediction model will be more
effective if combined with enforcement of land-use regulations; an urban flood Al system works best
alongside investments in drainage infrastructure. This underscores that Al is a tool, not a panacea — it
augments decision-making, but does not replace the need for sound policy and physical resilience measures.

Second, the time scales of climate change versus technological deployment need alignment. Some impacts,
like glacier melt, unfold over decades, giving time to plan Al-enabled adaptation (such as gradually adjusting
reservoir management with Al forecasts of river flow trends). Others, like extreme storms, present immediate
threats. Al’s ability to process data in real-time is a key advantage for fast-onset events — e.g., issuing timely
flood or cyclone warnings. However, the predictive power of Al is only as good as the data and models;
for unprecedented events (record-breaking extremes beyond historical experience), models may falter. This
calls for a culture of continuous learning and model improvement. It also calls for combining Al with
scenario planning — using Al to explore “what-if” scenarios beyond recorded extremes (for instance,
simulate how Mumbai’s drainage copes with 150% of the heaviest rain on record, to prepare for potential
future extremes).

Third, the deployment of Al and ML in climate resilience raises socio-economic considerations. There is a
risk of a “digital divide” where only well-resourced agencies or communities reap Al benefits, while
vulnerable groups are left behind. To avoid this, the integrated framework insists on equity and inclusion —
whether it’s making farmer advisories available to those with basic phones (via SMS or voice, not just
smartphones), or ensuring that early warnings reach remote villages (via radio or community networks, not
just internet alerts). In our discussion of governance, we emphasized ethical Al and fairness. The practical
execution might involve measures like subsidizing technology access in poorer districts, local language
interface for all tools, and participatory design (engaging communities in designing the alerting systems, so
they are user-friendly and culturally appropriate). A positive sign is that some Indian initiatives, like the
aspirational districts program, could dovetail with climate-tech deployment to ensure less-developed regions
get attention.

Another point is scalability and sustainability of these Al interventions. Pilot projects and isolated
successes (like those in the previous section) need to be scaled to have national impact. This requires
institutionalization — embedding Al capabilities into the mandates of agencies. For example, IMD could have
a dedicated Al division that works on all aspects of climate services. NDMA could formally incorporate Al
tools in its Standard Operating Procedures for response. Funding mechanisms must shift from one-off project
grants to stable budget lines for maintaining and updating Al systems (models need re-training, data storage
incurs ongoing costs, etc.). Public-private partnership models can help maintain systems (e.g., long-term
contracts with tech providers as seen in some smart city solutions), but government oversight is crucial to
keep the focus on public interest.

From a policy perspective, the insights from this integrated approach suggest some priority actions for Indian
policymakers: invest in data infrastructure as national critical infrastructure (treating things like the unified
climate data platform as essential as roads or power grids); update the National Disaster Management Plan
to highlight the role of emerging tech like Al in early warning and preparedness; and build regulatory
sandboxes to safely test new Al applications for climate (allowing, say, experimental use of drones+Al for
disaster damage assessment under monitored conditions). Additionally, as climate change is a moving target,
policies should be flexible and adaptive — encouraging innovation. India’s upcoming Al policy and existing
Climate Change Action Plans (both national and state-level) should explicitly call out and encourage Al/ML
solutions, giving a policy mandate that helps align efforts across ministries.
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It’s also worth discussing the potential synergies between climate change mitigation and Al. While our focus
was resilience (adaptation), some Al applications serve both — for example, optimizing energy use reduces
emissions (mitigation) and also makes society more resilient to energy shocks. India’s path to climate
resilience can thus be aligned with its sustainable development goals. Al can help design win-win solutions
(like green infrastructure placement optimized by ML to reduce urban heat and absorb floodwater while
improving livability). Such co-benefits should be identified and prioritized, as they attract broader support.

Finally, the integration of knowledge (impacts) and action (Al framework) in this paper highlights that
interdisciplinary and intersectoral dialogues are key. Policymakers, technologists, scientists, and
community leaders need platforms to discuss these insights collectively. Climate change must cease to be
the sole realm of environmentalists — it is a development, economic, and technological issue too. The
discussion we present could feed into forums like the National Disaster Management Authority’s annual
conferences, or the India Climate Conference, to foster common understanding. Likewise, including Al and
data experts in climate change task forces (and vice versa) would break down silos.

In conclusion of this discussion, the marriage of Al capabilities with the urgent demands of climate
adaptation emerges as not just desirable but necessary. The complexity and scale of climate impacts in India
— as documented in Uttarakhand’s tragedies, Ganga’s vagaries, Varanasi’s floods, Himalayan glacier retreat,
and Kolkata’s deluge — demand response systems that are equally complex-capable and scalable. Al provides
that edge, enabling predictive and preventive action. Yet, it must be wielded with care, conscious of the
human contexts it serves. The integrated framework for Al-driven resilience we propose is essentially a
blueprint to ensure technology is applied thoughtfully, equitably, and effectively to safeguard India’s future
in a changing climate.

CONCLUSION

India stands at a critical juncture where the realities of climate change are no longer abstract future scenarios
but daily experiences affecting millions. This paper has presented a dual narrative: first, a detailed exposition
of climate change impacts through five case studies, and second, a forward-looking framework for harnessing
Al and ML to bolster resilience against those impacts. By examining landslides in Uttarakhand, irregular
Ganga River levels, floods in Varanasi, melting Himalayan glaciers, and extreme rainfall in Kolkata, we have
seen how climate change is impacting diverse geographies and sectors — from mountains and rivers to cities
and farmlands. These impacts underscore an urgent need for adaptive strategies that are as dynamic and
interconnected as the climate threats themselves.

In parallel, the conceptual framework for Al-driven resilience lays out how India can innovate its way
through this crisis. The framework calls for robust data infrastructure, clearly delineated institutional roles,
sound governance with ethical guardrails, synergistic cross-sector collaborations, and the application of
Al/ML solutions informed by global best practices and on-ground use cases. Each element of the framework
is designed to address gaps revealed by the case studies — whether it’s the need for better prediction
(addressed by advanced data and Al models), faster response (through early warning systems), or long-term
planning (using Al for scenario analysis and resource optimization).

Crucially, this integrated approach highlights that technological solutions and policy planning must advance
hand in hand. It is not enough to develop sophisticated flood forecasting models; we must also ensure
communities trust and act on the warnings, local governments have protocols to use forecasts effectively,
and infrastructure is in place to disseminate alerts (Chaudhuri & Bose, 2025, p. 66). Similarly, Al can identify
where adaptation investments should go — such as which embankments to reinforce or where to plant
mangroves along the coast — but executing those projects requires political will, funding, and community
engagement. Therefore, we recommend that policymakers treat Al/ML as an integral part of climate policy,
embedded in national missions like the National Action Plan on Climate Change (NAPCC) and state climate
action plans. Dedicated funding (for example, under the National Adaptation Fund) should be allocated to
scale up Al-based tools across all climate-vulnerable sectors.
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In conclusion, the path forward for India involves leveraging its strengths — a strong scientific community, a
burgeoning tech sector, and a rich tradition of community action — to confront one of the greatest challenges
of our time. Climate change will test the resilience of our infrastructure, institutions, and communities. But
as this paper illustrates, we have new-age tools like Al that, if wisely and inclusively applied, can
significantly enhance our adaptive capacity. The integration of human insight and artificial intelligence
could become the cornerstone of India’s climate resilience journey. It is our hope that this integrated paper
provides both the rationale and the roadmap for such an endeavor, inspiring collaborative action that
safeguards India’s people and prosperity in the warming decades ahead.
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