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Abstract: India feeds 1.4 billion people using an agricultural system that wastes roughly 40 percent of its irrigation water, loses 30 percent
of harvested grain to post-harvest spoilage, and operates largely on the accumulated intuition of farmers whose grandfathers farmed the same
land with essentially the same methods. Meanwhile, fourteen of the world’s twenty most polluted cities are Indian, the Ganges carries industrial
effluent alongside religious offerings, and groundwater tables across the Indo-Gangetic Plain are dropping at rates that terrify anyone who
bothers to look at the data. This paper investigates how artificial intelligence and data-driven innovation are being deployed and could be
further deployed to address India’s converging environmental crises. Through field investigation across eleven AI-enabled environmental
projects spanning seven Indian states, analysis of operational data from three large-scale smart agriculture platforms serving over 340,000
farmers, and semi-structured interviews with fifty-three professionals in agricultural technology, water resource engineering, air quality
science, and environmental policy, we document both genuine achievements and uncomfortable limitations. Al-optimized irrigation advisory
systems reduce water consumption by 22-38 percent in pilot deployments. Machine learning air quality forecasting achieves 84 percent
accuracy for 48-hour PM2.5 predictions in Delhi’s complex atmospheric environment. Satellite-based crop health monitoring covers 12 million
hectares across six states. Yet adoption remains concentrated among larger, better-resourced farmers, data infrastructure gaps limit model
accuracy in precisely the region’s most environmentally stressed, and the institutional capacity to translate Al insights into policy action
remains underdeveloped.
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I. INTRODUCTION

Let us start with a number that should stop you cold. India extracts 251 cubic kilometers of groundwater annually. The next
closest country the United States, with a comparable agricultural footprint extracts 112. India pumps more than twice as much
groundwater as any other nation on earth, and a substantial fraction of that extraction exceeds natural recharge rates. The Central
Ground Water Board’s 2024 assessment classified 1,186 of India’s 6,881 assessment units as ‘overexploited” aquifers being drained
faster than rainfall can replenish them. In Punjab and Haryana India’s breadbasket states the water table drops by one to three
meters every year. That is not a metaphor. That is a measurement. And it represents an environmental catastrophe unfolding in
slow motion beneath the feet of people who depend on it for survival.

Now place that crisis alongside three others that are equally urgent and deeply interconnected. First, air quality: Delhi’s
winter PM2.5 levels routinely exceed WHO guidelines by factors of ten to twenty. The Lancet Commission estimated that air
pollution causes 1.67 million premature deaths annually in India more than tuberculosis and malaria combined. Second, agricultural
productivity: despite the Green Revolution’s historical gains, Indian crop yields for rice and wheat have plateaued at levels 30—40
percent below agronomic potential, while soil carbon content declines and fertilizer efficiency stagnates. Third, climate
vulnerability: India experiences more extreme weather events per capita than virtually any comparable economy 410 flood events
between 2000 and 2023, cyclone frequency increasing in the Arabian Sea basin, heatwaves that now regularly kill hundreds in
Bihar and Odisha.

These crises share a common characteristic: they are data problems as much as physical problems. Groundwater depletion
could be mitigated if every farmer had real-time information about soil moisture, crop water requirements, and aquifer conditions
instead of irrigating by schedule because that is what their father did. Air quality management requires identifying pollution sources,
predicting dispersion patterns, and targeting interventions impossible without dense monitoring networks and predictive models.
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Agricultural productivity gains require understanding field-level variability in soil, microclimate, and pest pressure information
that exists in satellite imagery and sensor data but reaches farmers as generic district-level advisories rather than farm-specific
guidance.

This paper investigates how artificial intelligence and data innovation are beginning to address these information failures.
We do not approach this as technology optimists. Three years of fieldwork across seven Indian states has taught us that the gap
between what Al can technically achieve in controlled settings and what it delivers to a smallholder farmer in rural Madhya Pradesh
or a municipal air quality officer in Lucknow is enormous. Technology exists. Infrastructure to deliver it at scale does not not yet.
Our contribution is documenting both sides of this equation honestly: the genuine technical achievements and the institutional,
infrastructural, and equity barriers that limit their impact.

The paper is structured as follows. Section 2 reviews the landscape of Al-for-environment initiatives in India. Section 3
describes our methodology. Section 4 presents findings organized around three domains: agriculture, water, and air quality. Section
5 discusses cross-cutting barriers. Section 6 proposes a framework for scaling impact. The conclusion reflects on what data-driven
innovation can and cannot do for India’s environmental future.

ILBACKGROUND AND LITERATURE REVIEW
India’s Environmental Data Landscape

Understanding what Al can do for Indian environmental sustainability requires understanding the data infrastructure that
Al must work with. India’s environmental monitoring infrastructure is simultaneously impressive at the national scale and woefully
inadequate at the local scale where decisions happen. The Indian Space Research Organisation operates one of the world’s most
productive Earth observation constellations: Resourcesat-2A, Cartosat-3, INSAT-3D, Oceansat-3, and supporting missions provide
multispectral, thermal, and microwave imagery covering the entire subcontinent. The Central Pollution Control Board operates 904
continuous ambient air quality monitoring stations across 523 cities sounds adequate until you realize that covers approximately 8
percent of Indian urban settlements.

Ground-level agricultural data is worse. India has approximately 140 million operational farm holdings. The proportion
with any form of digital soil testing, weather monitoring, or crop sensing is below 3 percent. The Soil Health Card scheme launched
in 2015 with genuine ambition has distributed over 230 million cards, but the testing infrastructure produced assessments based on
block-level sampling (one sample per 10 hectares in irrigated areas) that cannot capture within-field variability. A farmer in
Vidarbha receives a soil health card based on a sample taken from a field three kilometers from his own, representing soil conditions
that may bear no resemblance to what lies beneath his crops.

Al in Indian Agriculture: Current State

India’s agricultural Al ecosystem has grown rapidly since 2018. Cropln, one of the larger platforms, claims coverage of
over 16 million acres across 56 countries with significant Indian operations. Microsoft’s Al Sowing App, developed with ICRISAT,
provides sowing date advisories to approximately 4 million farmers in Andhra Pradesh and Karnataka. Google’s flood forecasting
initiative covers Indian river basins serving populations exceeding 300 million. IBM’s Watson Decision Platform partnered with
state agricultural departments in Maharashtra and Madhya Pradesh for pest prediction. Startups like SatSure, Gramophone, DeHaat,
and Fasal provide varying degrees of Al-enabled advisory services.

The academic literature on these deployments is growing but suffers from a pattern we found frustrating: overwhelming
emphasis on model accuracy metrics and underwhelming attention to adoption, impact, and equity. A paper demonstrating 92
percent accuracy in wheat disease detection from drone imagery tells us what the technology can do in controlled conditions. It
tells us nothing about whether farmers in Uttar Pradesh can access drones, interpret the output, or afford the recommended
interventions. The translation gap between proof-of-concept and scalable impact is the central challenge, and the literature has
barely begun to address it.

IHILMATERIAL AND METHODS
Research Design
We conducted a multi-site qualitative and quantitative investigation between March 2023 and January 2026, combining
field investigation, operational data analysis, and stakeholder interviews across three environmental domains: smart agriculture,
water resource management, and air quality monitoring.

Site Selection and Field Investigation

Eleven Al-enabled environmental projects were selected for detailed investigation across seven states: Punjab, Haryana,
Maharashtra, Madhya Pradesh, Andhra Pradesh, Tamil Nadu, and Delhi NCR. Selection criteria required: (a) operational
deployment beyond pilot phase, (b) Al or machine learning as a core component rather than peripheral feature, (c) explicit
environmental sustainability objective, and (d) willingness to grant research access to operational data and personnel. Six projects
focused on agricultural applications (irrigation optimization, crop health monitoring, pest prediction), three on water management
(groundwater monitoring, river water quality prediction, urban water demand forecasting), and two on air quality (pollution source
apportionment, health impact prediction).

Data Sources
Operational data was obtained from three large-scale smart agriculture platforms collectively serving approximately
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340,000 registered farmers across six states. Data covered crop advisory issuance, farmer engagement metrics (advisory read rates,
action rates), irrigation scheduling compliance, and crop yield outcomes for participating versus non-participating farmers over
three consecutive cropping seasons (Kharif 2023, Rabi 2023-24, Kharif 2024). Air quality data was sourced from CPCB continuous
monitoring stations supplemented by data from three low-cost sensor networks deployed by research partners in Delhi, Mumbai,
and Bengaluru. Groundwater data came from CGWB piezometric records and from three 10T -based monitoring networks operated
by project partners in Punjab, Haryana, and Maharashtra.

Interviews

Semi-structured interviews were conducted with fifty-three professionals: eighteen agricultural technology practitioners
(platform developers, data scientists, field agronomists), twelve water resource engineers and hydrologists, eight air quality
scientists, nine environmental policy officials (state and central government), and six farmer representatives from farmer producer
organizations. Interviews averaged fifty-eight minutes, were recorded with consent, and analyzed using thematic coding.

Limitations

We should acknowledge upfront that our sample is biased toward projects that survived long enough and succeeded
sufficiently to grant research access. Failed Al environmental projects and there are many are underrepresented because their
operators are unavailable or unwilling to discuss failure. Survivorship bias is real and should temper interpretation of our positive
findings.

IV.RESULT
Smart Agriculture: Water Savings and Yield Impacts

We will start with what works, because it genuinely does. Three Al-driven irrigation advisory platforms we studied covering
collectively 187,000 farmers across Punjab, Haryana, Maharashtra, and Andhra Pradesh demonstrated measurable water
consumption reductions. The most rigorous assessment, from a platform operating across 43,000 paddy farms in Punjab, compared
advisory-following farmers against matched controls using propensity score matching to control for farm size, soil type,
groundwater access, and landowner demographics.

Results: advisory-following farmers reduced irrigation water application by an average of 31.4 percent (95% CI: 26.7-36.1
percent) while maintaining yield within 2.3 percent of control farms. The mechanism is straightforward farmers in Punjab
traditionally flood-irrigate rice paddies on a fixed schedule (every three to five days regardless of conditions). The Al system,
integrating soil moisture sensor data, weather forecasts, and crop growth stage models, recommended irrigation only when soil
moisture dropped below crop-specific thresholds. In a region where rice cultivation consumes approximately 5,000 liters of water
per kilogram of grain produced, a 31 percent reduction translates to approximately 1,550 liters saved per kilogram water that stays
in the aquifer.

The second platform, serving 89,000 farmers in Maharashtra and Madhya Pradesh growing cotton, soybean, and pulses,
showed more variable results: water savings ranged from 18 to 38 percent depending on crop, district, and degree of farmer
compliance. Critically, full compliance with Al advisories following all recommendations for the entire season occurred in only 34
percent of registered farmers. Partial compliance (following some recommendations, ignoring others) characterized 41 percent.
The remaining 25 percent registered on the platform but never meaningfully engaged with advisories. Water savings among fully
compliant farmers averaged 35.7 percent; among partially compliant farmers, only 14.2 percent.

This compliance gradient matters enormously. The technology works when used. The challenge is that a third of registered
farmers do not use it, and nearly half use it inconsistently. Interview data reveals why: advisories delivered in English or formal
Hindi that semi-literate farmers struggle with; recommendations requiring irrigation scheduling flexibility that tenant farmers
dependent on shared pump access cannot implement; suggestions to delay irrigation during periods when neighbors are irrigating,
creating social pressure to conform. The Al optimizes agronomically. It does not optimize socially.

Satellite-Based Crop Health Monitoring

Large-scale crop health monitoring using Sentinel-2 and Resourcesat imagery processed through machine learning
classification has achieved operational maturity across approximately 12 million hectares in six states. The system generates
district-level crop health assessments every five days during the growing season, identifying areas of vegetation stress, moisture
deficit, and anomalous growth patterns. At district level, classification accuracy for distinguishing healthy from stressed crops
exceeds 87 percent against ground-truth data.

Where this system creates genuine environmental value is in early warning for crop failure enabling intervention before
farmers abandon stressed fields and plow understanding crops, a practice that accelerates soil carbon loss and increases erosion.
The Maharashtra Agriculture Department’s integration of satellite crop health data into its drought declaration process reduced the
average time from crop stress onset to official drought declaration from 67 days (historical average) to 23 days in 2024 enabling
faster deployment of relief measures and reducing distress-driven land degradation.

Water Resource Al: Groundwater and River Quality

Three Al-based groundwater monitoring initiatives we studied deploy 10T piezometric sensors connected via cellular
networks, feeding machine learning models that predict aquifer behavior under different extraction scenarios. The most mature a
network of 1,200 sensors across Punjab’s Malwa region has accumulated four years of continuous data, enabling predictions of
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seasonal groundwater level changes with an error margin of approximately 0.4 meters (compared to 1.8 meters for CGWB’s
traditional observation well network in the same region).

The practical impact: water resource managers can now identify which specific blocks within a district are approaching
critical depletion thresholds and target demand management interventions crop diversification incentives, micro-irrigation
subsidies, and community water budgeting at the blocks where they matter most rather than applying district-wide policies that
disproportionately burden communities that are not causing the problem.

River water quality prediction models, deployed on the Yamuna (Delhi stretch) and Godavari (Maharashtra), use upstream
monitoring data, weather conditions, industrial discharge patterns, and historical quality trends to forecast dissolved oxygen,
biochemical oxygen demand, and coliform levels 48—72 hours ahead. Accuracy: 79 percent for critical threshold exceedance
prediction (whether water quality will breach drinking water standards). This enables pre-emptive alerts to downstream
watertreatment plants and, in one documented case, prevented a contaminated water supply incident affecting an estimated 400,000
residents of a peri-urban settlement along the Yamuna.

Air Quality: Prediction and Source Apportionment

Al-driven air quality forecasting in Delhi arguably India’s highest-profile environmental Al application has achieved
operational maturity through three complementary systems: the Indian Institute of Tropical Meteorology’s SAFAR system (System
of Air Quality and Weather Forecasting and Research), the Centre for Science and Environment’s machine learning augmented
source apportionment model, and a research system operated through IIT Delhi’s Centre for Atmospheric Sciences.

The SAFAR system’s 48-hour PM2.5 forecasts achieve 84 percent accuracy for categorical prediction (whether levels will
be ‘good,” ‘moderate,” ‘poor,” ‘very poor,’ or ‘severe’ under India’s National Air Quality Index). This informs the Graded Response
Action Plan (GRAP) Delhi’s emergency protocol that triggers construction halts, truck bans, and school closures at different
severity levels. Before Al forecasting, GRAP actions were triggered reactively after pollution levels were already severe. With 48-
hour forecasts, actions can be triggered pre-emptively. Our analysis of GRAP implementation data between 2019 and 2025 shows
that pre-emptive activation enabled by Al forecasting correlates with 11-15 percent lower peak PM2.5 levels during pollution
episodes compared to reactive activation under similar meteorological conditions.

Source apportionment identifying which pollution sources contribute what proportion of ambient pollution is the more
scientifically novel application. A machine learning model trained on source-specific chemical tracers, meteorological conditions,
and temporal patterns identifies six primary sources in Delhi’s winter pollution: vehicular emissions (28 percent), crop residue
burning (19 percent, but spiking to 44 percent during October—November), industrial emissions (16 percent), construction dust (12
percent), biomass burning for heating (14 percent), and secondary aerosol formation (11 percent). This granularity matters for
policy: knowing that stubble burning contributes 19 percent annually but 44 percent during the crisis period directs intervention
resources more effectively than annual averages would suggest.

V.DISCUSSION
The Equity Gap: Who Benefits from Al-Driven Environmental Innovation?

Here is the finding that troubled us most. Across all agricultural Al platforms we studied, adoption was strongly and
consistently correlated with farm size, education level, smartphone ownership, and connectivity quality. The median farm size
among active platform users was 3.2 hectares nearly three times India’s overall median of 1.1 hectares. Users with smartphone
access and reliable 4G connectivity constituted 78 percent of active participants despite representing a much smaller proportion of
the farming population.

This is a significant problem because the environmental crisis is most acute precisely where Al adoption is lowest. The
most severe groundwater depletion occurs in areas with the smallest farms, the poorest connectivity, and the lowest digital literacy.
The communities most vulnerable to climate variability are those least able to access adaptation technologies. Al innovation, left
to market forces, risks creating what one policy official described as ‘a two-speed environmental transition technology-enabled
sustainability for those who can pay, continued degradation for those who cannot.’

Infrastructure as Binding Constraint

Multiple Al systems we studied were limited not by algorithmic capability but by data infrastructure. The Punjab
groundwater monitoring network’s 1,200 sensors cover a state with 12.5 million hectares of agricultural land one sensor per 10,417
hectares. Effective aquifer modeling at management-relevant resolution requires one sensor per 500-800 hectares. The gap is not
conceptual; it is physical. Filling it requires orders of magnitude more sensors, cellular connectivity in rural areas that currently
lack it, and maintenance systems for hardware exposed to harsh agricultural environments (three interview subjects noted sensor
failure rates exceeding 15 percent annually from dust, moisture ingress, and animal damage).

Air quality monitoring faces identical constraints. Delhi, with 40 CPCB stations, has among India’s densest monitoring
networks. Kanpur which regularly competes with Delhi for worst air quality in the world has six stations for a metropolitan area
of5.5 million people. Varanasi has four. Patna has three. Al can interpolate between sparse monitoring points, but interpolation
accuracy degrades rapidly when the monitoring network is too thin and in most Indian cities, it is far too thin.

Institutional Capacity: The Last Mile Problem
Even where Al systems produce actionable intelligence, the institutional capacity to act on that intelligence is frequently
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absent. Consider the groundwater case: an Al system identifies that Block X in District Y is extracting at 140 percent of sustainable
yield and will breach critical thresholds within three years. Who acts on this information? The Block Development Officer? The
District Magistrate? The State Ground Water Authority? The Central Ground Water Board? The farmer? In practice, the
information circulates through multiple agencies, each acknowledging the problem and none possessing the combination of legal
authority, political will, and operational resources to implement effective demand management.

The institutional last mile converting Al insight into environmental action is not a failure of artificial intelligence. It is a failure of
governance. And it is one that no amount of algorithmic improvement can resolve. Better models predict more accurately.
Prediction without response capability is surveillance without consequence the environmental equivalent of a fire alarm in a
building where nobody knows where the extinguisher is.

Data Sovereignty and Privacy Considerations

India’s Digital Personal Data Protection Act 2023 creates consent-based frameworks for personal data processing.
Agricultural data which farm produces what, at what yield, with what input costs is commercially sensitive. Farmers increasingly
recognize that their data has value, and several farmer producer organizations we interviewed expressed concern that agricultural
Al platforms extract valuable data from farmers (planting decisions, input usage, yield outcomes) while returning relatively modest
advisory value. The asymmetry is real: platforms aggregate millions of farmers’ data to build proprietary models with commercial
value; individual farmers receive generic advisories. Data cooperatives where farmers collectively own and govern their agricultural
data are emerging as a potential rebalancing mechanism but remain nascent.

VI.PROPOSED FRAMEWORK FOR SCALING IMPACT

Based on our findings, we propose four interconnected interventions that address the barriers identified above.
Public Data Infrastructure Investment

India needs an environmental data infrastructure comparable in ambition to its digital payments infrastructure (UPI) or
biometric identification system (Aadhaar). A National Environmental Data Stack open-access, interoperable, maintained as public
infrastructure rather than dependent on private platform investment would provide the foundation upon which multiple Al
applications could build. Core components: a soil information system at field-level resolution (one sample per hectare rather than
per 10 hectares), dense air quality monitoring through subsidized low-cost sensor networks in Tier 2 and Tier 3 cities, real-time
groundwater monitoring at aquifer-management resolution, and standardized APIs enabling interoperability between public data
and private advisory platforms.

Equity-Centered Design Mandates

Public funding for agricultural Al should require demonstrated adoption and impact among smallholder farmers (below 2
hectares), not merely farmer count metrics that are inflated by easy-to-reach larger farms. This means: vernacular language advisory
delivery (not merely translated culturally adapted), voice-based interfaces for farmers with limited literacy, offline-capable systems
functional in areas with intermittent connectivity, and advisory content calibrated to the resource constraints of small farmers
(recommending affordable interventions, not optimal-but-expensive ones).

Institutional Connection Architecture

Al environmental intelligence must be institutionally embedded connected to specific decision-making processes with
defined response protocols. The GRAP system in Delhi provides a model: Al forecasts trigger pre-defined policy actions at pre-
defined thresholds through pre-defined institutional channels. Similar trigger-based architectures are needed for groundwater
management (forecast breach of sustainable yield triggers mandatory demand management), crop failure response (satellite-
detected stress triggers district-level assessment), and river water quality (predicted threshold exceedance triggers downstream
treatment plant protocol changes).

Data Governance for Agricultural Data

India should develop agricultural data governance frameworks that protect farmer interests while enabling beneficial Al
development. Elements include: farmer consent requirements for data collection with meaningful choice (not take-it-or-leave-it
terms of service), data portability rights enabling farmers to transfer their data between competing platforms, transparency
requirements for how agricultural Al models use farmer data, and revenue-sharing mechanisms where aggregated farmer data
creates commercial value.

VII.CONCLUSION

India’s environmental crises are urgent, interconnected, and at their root information problems amenable to data-driven
solutions. Al-optimized irrigation saves water. Machine learning air quality forecasting enables pre-emptive pollution management.
Satellite crop monitoring detects failure weeks before traditional systems. These are real achievements with real environmental
value.

But the gap between technical capability and scaled impact remains vast. Al systems that work brilliantly in controlled
demonstrations struggle with the messy realities of Indian environmental management: sparse data infrastructure, fragmented
institutional responsibility, deep equity gaps in technology access, and governance systems that can predict environmental harm
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with increasing precision but lack the mechanisms to prevent it.

What India needs is not more Al models. India has talented data scientists building excellent models. What India needs is

the connective tissue between model output and environmental outcome: public data infrastructure, institutional response protocols,
equity-centered design, and data governance that balances innovation with fairness. The algorithmic intelligence exists. The
institutional intelligence to deploy it at 1.4-billion-person scale is the binding constraint. And that constraint is human,
organizational, and political not computational.
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