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Chapter 1

ndia has built something the world has not seen
before. Over the past decade, a single developing
country — managing 140 million farm households
across seventeen distinct agro-climatic zones,' in
more than twenty languages, on more than three
hundred crops from Himalayan apple orchards to
coastal shrimp ponds — has deployed forty-one
artificial intelligence applications across eleven
functional domains of agriculture. Satellite systems
now monitor crop conditions across 557 districts in
twenty states.! A national weather advisory service
reaches every district in twelve languages at zero
farmer cost. A toll-free helpline staffed by qualified
agricultural experts handles several thousand farmer
queries every month in twenty-two languages. A
soil health programme has sampled twenty-five
crore farm plots. A digital farmer identity system
has created 9.20 crore Farmer IDs. ' A Digital Crop
Survey has mapped 23.5 crore plots with verified
crop data. A national electronic market connects
1,656 commodity trading mandis.” These are not
pilots. They are operational systems at national scale,
representing a public investment in agricultural
intelligence without peer in the developing world.
The purpose of this monograph is with not
merely to enumerate this achievement but to
understand it fully — to document what has
genuinely been delivered, to apply the one analytical
lens that agriculture demands above all others (the
causal lens), and to use what that lens reveals to chart
the path forward. The assessment is positive in spirit
and precise in analysis. It begins with the evidence

of what has genuinely been achieved, because India
deserves that recognition. It then applies a causal
framework to explain why certain applications have
produced peer-reviewed verified outcomes while
others have produced impressive deployment scale
with thinner evidential support. And it concludes
with a forward-looking argument: that agriculture is
a causal domain governed by physical and biological
mechanisms, that the verified evidence base of
this portfolio points unmistakably toward causal-
deterministic advisory systems as the next frontier,
and that the components of that frontier are already
assembled in India's institutions, data infrastructure,
and scientific knowledge base.

Eleven chapters carry this argument. Chapters
1 through 3 document the landscape, the
achievements, and the analytical framework.
Chapter 4 presents the five failure modes of
statistical pattern-matching systems. Chapter 5
applies that framework to the full performance
evidence. Chapter 6 presents all forty-one
applications with individual assessments, each
leading with contributions and each concluding
with a forward-looking summary. Chapters 7
through 9 address structural observations, data
governance, and policy priorities. Chapters 10
and 11 distil ten lessons and conclude with an
invitation. Throughout, the standard is evidence —
peer-reviewed, independently verified, analytically
grounded — and the spirit is constructive. India has
done the hard work of building the foundation. This
monograph argues for what must now be built on it.



Chapter 2

The Landscape —
Forty-One Applications
across Eleven Clusters

ez

he forty-one applications span eleven functional

clusters mapping the complete advisory chain
from field observation to market outcome. Cluster
I, five satellite and remote sensing applications,
includes FASAL — covering eleven major crops
across 557 districts’ — along with KSSCM,
CHAMAN, CropinSmartFarm, and SatSure Sage.
Cluster II, four weather applications, includes the
IMD Agromet Advisory Service, Meghdoot, Skymet,
and the withdrawn IBM Watson Agriculture pilot.
Cluster ITI, six crop monitoring and disease detection
applications, includes Plantix, Wadhwani Al

DeHaat, Microsoft FarmBeats, Ninjacart's quality
grading Al and AgriWatch drone monitoring.

Clusters IV through VI span market intelligence,
supply chain management, and soil and precision
agriculture. The electronic National Agriculture
Market connects 1,656 mandis.” The Soil Health
Card has sampled 25 crore farm plots in 22 languages.
i ICAR's Krishi-DSS runs DSSAT and APSIM.
Clusters VII through XI cover finance, extension,
fisheries, aquaculture, government administration,
and Bharat-VISTAAR." AgriStack has generated
9.20 crore Farmer IDs.*



Chapter 3

griculture is a causal domain. A crop achieves

its yield potential through a sequence
of causally connected events: soil chemistry
determines nutrient availability, nutrient availability
determines plant growth rate, growth rate and
temperature  determine photosynthesis, and
photosynthesis and phenological timing together
determine yield. At every link, the relationship is
mechanistic — governed by plant physiology, soil
chemistry, agroclimatology, microbiology. When
any link breaks — through nutrient deficiency, water
stress, pest pressure, temperature extremity — the
outcome changes in a predictable, mechanistically
understandable way. This is not a theoretical
observation. It is the most important empirical
fact about agricultural systems, and it is why causal
reasoning rather than statistical correlation is the
appropriate standard for agricultural advisory AL

A system that understands the causal
mechanisms of yield determination generates
recommendations that are correct regardless of
whether the specific combination of soil, weather,
variety, and management has ever appeared in its
training data. A system that has learned statistical
correlations between input variables and historical
outcomes generates recommendations that are
accurate within the conditions represented in
training data, and that degrade when conditions
change. In Indian agriculture, conditions change
constantly: new crop varieties released every
year, new pest species establishing in novel

geographies as climate patterns shift, policy changes
restructuring commodity prices in ways that break
historical relationships. A portfolio built primarily
on statistical pattern-matching is calibrated for the
agricultural conditions of the past and asked to
advise in the agricultural conditions of the future.

This  paper employs a five-archetype
classification along a spectrum of causal quality.
Archetype I — Remote Observers — classify
using satellite or sensor data without encoding
mechanistic understanding of the processes being
observed. Archetype II — Pattern Learners — use
machine learning to learn statistical associations
from historical training data and apply them to
new situations. Archetype III — Human-Anchored
Hybrids — use AI for query routing but place
human agricultural experts at the point of actual
advisory generation. Archetype IV — Physical
Causal Models — encode physical and biological
mechanisms in mathematical models, deriving
recommendations from mechanisms rather than
correlations. Archetype V. — Deterministic Rule
Systems — encode validated expert agricultural
knowledge as explicit IF-THEN rules that are
fully traceable, explainable, and auditable. The
classification exists not to rank applications by
worth but to clarify the nature and limits of reliable
advisory that each archetype can provide, and to
identify where the gap between what an application
can reliably do and what it is being asked to do is
analytically significant.



Chapter 4

ive analytically distinct failure modes

characterise the performance boundaries of
statistical pattern-matching systems when applied
to agricultural advisory. Each has been empirically
observed in deployed applications in this portfolio.
They are structural properties of Archetype I and
IT advisory systems — present to varying degrees
whenever statistical learning is the mechanism for
advisory reasoning in a domain governed by causal
mechanisms. Documenting them with precision
explains why the verified outcome evidence is
concentrated in Archetypes IV and V, and defines
exactly what must be built to extend that evidence
base across the full advisory domain.

Statistical models learn to approximate the causal
mechanisms of agricultural systems within the
domain covered by their training data. Within
that domain they perform well. Outside it, they
have no mechanism for knowing that their learned
approximations no longer hold. The IBM Watson
Agriculture withdrawal from India is the most
consequential case in this portfolio: a sophisticated
ML platform trained on large-farm North American
agricultural data failed to generalise to Indian
smallholder monsoon conditions because the
distributional distance was too large. This is not an
engineering failure. It is a structural consequence of
the fact that statistical models cannot extend their
performance guarantees beyond the distribution of
their training data — and that Indian agriculture's
continuous novelty (new varieties, new pests,
climate shifts) systematically violates distributional
stability.

Statistical models learn correlational relationships
from observational data without necessarily
identifying the causal direction of those relationships.
When the causal direction is incorrectly identified,
recommendations for interventions will be
systematically wrong in ways invisible to the model.
The most analytically important case in this portfolio
is the use of satellite vegetation index in agricultural
credit scoring. Low NDVT is predominantly caused
by economic constraint — farmers who cannot
afford quality inputs have lower crop biomass.
Economic constraint causes low NDVI; low NDVI
does not cause credit risk. A credit scoring model
that treats low NDVI as an upstream predictor of
default risk will systematically assign high risk to
farmers whose low vegetation index was caused by
the absence of credit — producing adverse selection
against the most credit-needy farming communities
and directly contradicting the stated purpose of
agricultural financial inclusion.

Deep statistical learning systems generate outputs
through sequences of matrix operations whose
individual steps cannot be rendered intelligible to
a domain expert. This opacity has three distinct
practical consequences in agricultural advisory.
First, it prevents expert validation: an agronomist
cannot determine whether an opaque model's
recommendation reflects genuine agronomic
science or a spurious correlation. Second, it prevents
farmer trust: a farmer who cannot understand why



a recommendation was generated cannot assess
whether it applies to their specific conditions. Third,
it prevents regulatory compliance: India's Digital
Personal Data Protection Act of 2023* establishes
that automated decisions affecting individuals must
be explainable to those individuals — a requirement
that post-hoc approximation methods cannot satisty
because they generate linear approximations to the
model's computation rather than faithful accounts
of the actual reasoning.

Statistical language models generate responses
by predicting the most statistically plausible
continuation of input text. In specialist domains
— including agricultural advisory — queries fall
routinely outside the well-represented training
distribution, and models generate responses that are
statistically fluent but factually incorrect. Academic
literature consistently documents hallucination
rates above 40 per cent for specialist domain
queries in large language (inductive) models. In an
agricultural advisory context delivered by voice to
farmers who have no alternative source for cross-
checking, a 40 per cent specialist error rate is a
structural advisory risk. The voice channel amplifies
this risk because the confident, natural tone of a
voice response provides no signal distinguishing

Five Failure Modes — The Analytical Case for Causal Architecture

a correct recommendation from an incorrect one.
Deterministic rule systems cannot hallucinate: their
outputs are fully determined by validated expert
rules, so the only possible error is a rule error —
auditable, correctable, and stable across queries.

Statistical models trained on data that reflects
historical collection biases learn to perform well
for over-represented communities and poorly for
under-represented ones. In Indian agriculture, data
collection infrastructure — agricultural surveys,
experimental station records, satellite imagery
labelling, smartphone-based disease photographs
— is systematically biased toward commercially
connected, digitally accessible, and formally
documented farming communities. Smallholder
farmers with sub-hectare holdings, rainfed farmers
in dryland zones, women farmers without land titles,
tribal cultivators of traditional varieties, and farmers
in north-eastern states with distinct agro-climatic
conditions are underrepresented in virtually every
training dataset used by applications in this portfolio.
The resulting degradation of model performance for
these communities is systematic, directional, and
predictable — it degrades performance precisely for
the farming communities with the greatest advisory
need and the fewest alternative information sources.



Chapter 5

he performance evidence across forty-one

applications, subjected to consistent evidence
standards, reveals a pattern that is both clear and
analytically significant. Four levels of evidence
quality distinguish what has been verified from
what has been claimed: Level 1 is peer-reviewed
independent verification; Level 2 is government
audit or official programme monitoring; Level 3 is
rigorous commercial disclosure with transparent
methodology; Level 4 is unsubstantiated commercial
assertion without disclosed methodology or
comparison group. When this standard is applied
consistently, the pattern is unambiguous: every
application that has produced Level 1 peer-reviewed
positive farmer outcomes is classified as Archetype IV.

That said, 76 per cent of the portfolio in
Archetypes I and II have not produced comparable
evidence. Plantix's 90 per cent disease diagnosis
accuracy for  well-represented  crop-disease
combinations is a real achievement.® eNAM's 5
to 7 per cent price realisation improvement is a
documented benefit! The Soil Health Card's 8
to 10 per cent fertiliser efficiency improvement in
adopters is real. ™ The pattern is not that Archetype
I and I applications deliver nothing — it is that the
advisory outcome evidence that justifies continued
national scaling investment is concentrated entirely
in applications whose architecture is grounded in
causal mechanisms. This is the central diagnostic
finding of this assessment.

Scale must be assessed with equal care.
PM-KISAN's several crore beneficiaries are a
genuine achievement in welfare delivery, but
PM-KISAN isatransfer payment system — its metric
is a beneficiary count, not an advisory interaction.
eNAM's 1.80 crore registered farmers are genuine,
but active trading participation is estimated at 15 to
25 per cent of registrations and average active user
farm size significantly exceeds India's median 1.1
hectare holding.*"

India's agricultural AI decade has produced
achievements that deserve full and unqualified
recognition. The IMD Agromet Advisory Service
has been built to national scale: covering all
agro-climatic zones, delivering in twelve regional
languages, at zero farmer cost, through broadcast
television, all India Radio, SMS, and mobile
applications. Individual analysis projects that the
potential annual advisory benefits could exceed
USD 430 billion to the agromet advisory system
across India's agricultural households.

AgriStack's 9.20 crore Farmer IDs™ and the
Digital Crop Survey's 23.5 crore™ plot-level
data represent a digital agricultural identity
infrastructure that no other economy of India's
agricultural scale has assembled. These are the
foundations for something larger than what they
have individually delivered — they are the platform
on which the causal advisory revolution can now
be built.



Chapter 6

he assessments that follow cover all forty-one

applications (please see Annex 1 for detailed
analysis) across eleven functional clusters. Each
assessment begins with what the application has built
and its contributions, then examines performance
through the causal lens established in Chapter 3.

FASAL® s India's first and only independent
national pre-harvest crop production forecasting

system: eleven major crops across 557 districts
in twenty states, integrating ISRO optical and
microwave satellite data with IMD weather inputs
and econometric models.

KSSCM is India's systematic national
monitoring system for kharif season irrigation
water availability and crop vigour. SAR integration
gives KSSCM cloud-penetrating capability during
monsoon months when agricultural decision-
making most depends on current field information
— a capability that pure optical systems cannot
achieve.

Forecasting Agricultural output using Space, Agro-meteorology and Land-based observations

| — Remote Observer

Strengths: Provides an independent check on state agricultural statistics, reducing bias in official
estimates. SAR integration enables monsoon-season monitoring that optical satellites cannot achieve.
Three-decade operational continuity has created a unique time-series record of India's agricultural
landscape. Recently extended to lentil and rabi sorghum. Directly informs government procurement
planning with documented accuracy gains over the pre-FASAL baseline.

Analytical Limitations: FASAL advises government planning systems, not individual farmers —
its outputs are district-level production forecasts rather than farm management recommendations,
giving it zero direct farm advisory value. The spectral classification models face a structural accuracy
limit in smallholder fragmented landscapes: plots below approximately one hectare fall below reliable
classification resolution, creating systematic underrepresentation precisely for the farming communities
most in need of farm-level data. Mixed cropping systems common in tribal and north-eastern India
generate spectral confusion that degrades accuracy further. Models require recalibration for each new

crop variety release.

Forward Summary: A genuine and significant achievement in agricultural intelligence infrastructure.
The frontier is integration with physical crop growth models — DSSAT and APSIM — that could
transform FASAL from a classifier of what was grown into a system that understands why yield varied,
generating causal insights that would strengthen both forecasting accuracy and the farm-level advisory

that currently lies beyond its scope.
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Kharif Season Soil and Crop Monitoring | | — Remote Observer

Strengths: SAR integration enables monsoon-season monitoring; 85 to 90 per cent classification
accuracy validated against ground surveys in structured field conditions; weekly bulletins support state
water resource departments; continuous monitoring across the kharif season rather than point-in-time
observations.

Analytical Limitations: Classification accuracy degrades significantly in smallholder fragmented
landscapes where individual plot sizes fall below satellite spatial resolution™ — systematic
underrepresentation at the farm scale that characterises 86 per cent of Indian agriculture. The system
classifies vegetation vigour but cannot causally diagnose why vigour is high or low: a healthy crop, a
water-stressed crop, a weed-infested crop, and a recently harvested field can produce similar spectral
signatures that classification alone cannot distinguish.

Forward Summary: A solid national remote sensing capability with genuine contribution to irrigation
planning. Integration with soil water balance models that can move from observational classification to
causal interpretation of management implications is the natural next step.

CHAMAN™ is a national satellite-based filling a genuine and long-standing data gap. Before
horticultural area estimation system covering CHAMAN, horticultural statistics in India were
21-plus crops across all major producing states, produced through subjective, delayed, inconsistent

state reporting. CHAMAN provides independent,
satellite-verified estimates that have measurably
improved national horticultural planning data

Coordinated Horticulture Assessment and quality.

Management using geoiNformatics | CropinSmartFarm™ is one of India's commercial

I — Remote Observer precision agriculture platforms, integrating satellite
imagery, weather data, IoT inputs, and ML-based

Strengths: Area estimates for mango, banana, yield prediction for agribusiness clients.

grapes, and tomato verified within 7 to 12 per
cent of ground survey results. Directly informs
NHB export planning and price stabilisation.
Enables vyear-on-year trend analysis that Commercial Precision Agriculture Platform
sporadic ground surveys cannot support. | I-Il — Remote Observer + Pattern Learner

Analytical Limitations: CHAMAN observes
canopy area and vigour but cannot assess
fruit quality, disease incidence, or input-use
efficiency — the variables that determine
whether an observed canopy produces a
commercially viable harvest. Mixed homestead
orchards common among small and marginal

horticultural ~ farmers are systematically Analytical Limitations: The commercial
underestimated. model is business-to-business — Cropin advises

agribusinesses who may or may not relay
advisory downstream to smallholder farmers.
The 86 per cent of Indian farmers below two
hectares benefit only indirectly, if at all. ML
yield prediction faces distributional brittleness
when new varieties, new geographies, or
altered growing conditions shift inputs outside
the training distribution.

Strengths: Strong enterprise integration across
the agribusiness value chain; sophisticated
multi-source satellite imagery processing;
well-calibrated for commercially managed
large-field crop systems; growing international
footprint demonstrating technology quality.

Forward Summary: An important national
planning tool that has materially improved
horticultural  statistics  credibility. ~ The
complementary investment needed is a
causal horticultural advisory system that can
move from area monitoring to management
recommendations for individual farmers.



Forward Summary: A technically capable
commercial agriculture platform with genuine
agribusiness value. Integration of causal crop
growth models would improve advisory
transferability across varieties and conditions
without retraining.

SatSure Sage™ is one of India's commercial
satellite-based agricultural analytics platforms,
applying deep learning to multi-source imagery for
crop type mapping, yield forecasting, and credit risk

assessment.

Satellite-Derived Agricultural Intelligence |
I-Il — Remote Observer + Pattern Learner

Strengths:  State-of-the-art  multi-source
satellite imagery processing; strong crop type
classification for well-represented systems;
genuinely useful for lenders needing portfolio-
scale collateral verification without field visits.

Analytical Limitations: The credit scoring
application contains a specific and analytically
important causal inversion: low NDVI is
caused by economic constraint, not predictive
of default risk. A model that treats low NDVI
as an upstream credit risk predictor will
systematically assign high risk to the farmers
whose low vegetation index was caused by the
economic exclusion that credit would remedy
— producing adverse selection against the
most credit-needy farming communities and
contradicting the stated purpose of agricultural
financial inclusion.

Forward Summary: A sophisticated satellite
analytics platform with genuine commercial
and planning value. Replacing the NDVI-
based correlational credit predictor with
mechanistic indicators of farm system
productive capacity would both improve
model accuracy and ensure credit decisions
serve rather than exclude the farming
communities most in need of access.

All Forty-One Applications — Individual Assessments

IMD Agromet Advisory Service™" is the
benchmark application for this entire portfolio.
A weather-to-farm-advice translation system
reaching every district in twelve regional languages
at near zero cost, delivered through Doordarshan,
All India Radio, SMS, and Meghdoot.

National Weather-Based Crop Advisory |
V — Deterministic Rule System

Strengths: Simultaneously achieves national
scale, twelve-language equity, zero farmer cost,
and advisory quality.

Analytical Limitations: Delivery depends
on state extension systems that are severely
understaffed in most states. District-level
advisories  average over  micro-climate
variation that determines farm-level relevance.
Bi-weekly bulletin cycle is too slow for rapidly
evolving pest emergencies and post-cyclone
management requiring daily response. These
are delivery and operational limitations, not
architectural ones.

Forward Summary: India's  genuine
agricultural AI achievement. The design
principles — deterministic rules grounded

in validated agronomic science, free delivery
in multiple languages, national equity
reach — are exactly the principles the next
generation of advisory systems must extend
to soil management, pest advisory, irrigation
scheduling, and crop selection.

Skymet Weather Services™ is one of India's
commercial weather intelligence platforms providing
3 to 5 km grid weather forecasting, monsoon analysis,
and crop weather risk modelling for insurance
companies, commodity traders, and agribusinesses.

9
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Commercial Agricultural Weather Intelligence | Il — Pattern Learner

Strengths: Higher spatial resolution than IMD district bulletins; strong monsoon forecast track record
with commercial validation through insurance payouts; important infrastructure for India's crop
insurance ecosystem.

Analytical Limitations: Commercial subscription model excludes smallholder farmers. The translation
from meteorological precision to agrometeorological advisory depth — what the weather means for
specific crops at specific growth stages — requires causal agronomic knowledge that weather modelling
alone does not provide.

Forward Summary: A technically capable commercial platform whose spatial precision would
be most valuable when integrated with IMD-AAS's causal agronomic rule system — combining
Skymet's resolution with IMD's validated advisory logic for a net improvement in farm-level advisory

precision.

Meghdoot App™ is the mobile delivery channel
for IMD-AAS advisory content: GPS-location-
specific five-day weather forecasts with crop
advisory overlays in twelve languages, and free.

Mobile Agrometeorological Advisory |
V — Deterministic Rule System

Strengths: GPS-location-specific rather than
district-average; free; twelve-language; inherits
the fully validated quality of IMD-AAS rule
tables; Soil Health Card integration enables
soil-aware personalisation.

Analytical Limitations: Digital literacy
requirements narrow the accessible population
further, with women farmers and older
cultivators particularly affected.

Forward Summary: The design principle —
personalisation through GPS location and soil
data improves advisory relevance — should
guide the next generation of causal advisory
delivery systems.

IBM Watson Agriculture™" was an ambitious
attempt to bring IBM's globally sophisticated
agricultural ML platform to Indian farming,
piloting with state agriculture departments a cloud
ML platform integrating weather, satellite, soil, and
market data for enterprise agricultural intelligence.

Commercial Precision Agriculture Platform
(Withdrawn from Indian Operations) |
Il — Pattern Learner

Strengths: Technically sophisticated global
cloud infrastructure with strong multi-source
data integration. Demonstrated genuine
capability in North American large-farm
contexts. Institutional partnership approach
with state departments offered a productive
model for public-private collaboration.

Analytical Limitations: The India experience
is the clearest case of distributional brittleness
in the portfolio. Models trained on large-farm
North American data — structurally different
soils, monsoon regime, crop variety mix,
intercropping prevalence, smallholder scale —
failed to generalise to Indian conditions. This
is not an engineering failure. It is the structural
consequence of deploying statistical models
trained on one agricultural distribution into a
fundamentally different one, without the causal
understanding that would transfer correctly
across contexts.

Forward Summary: An instructive case
demonstrating that agricultural advisory Al
must be built from the agronomic science and
data of its deployment context — not adapted
from models trained on different agricultural
systems. The lesson argues for causal models
grounded in Indian agronomic science as the
foundation for reliable advisory across India's
diverse farming systems.



Plantix™> is a large crop disease image diagnosis
platform: large annual active users, accessing
free diagnosis that requires only a smartphone
photograph of a crop symptom. Plantix has
democratised access to diagnostic capability that
previously required an expert visit.

Al Crop Disease Diagnosis Platform |
Il — Pattern Learner

Strengths: Largefarmer user base of any private
agricultural AT application in India. Free access
removes the economic barrier. Intuitive interface
accessible  without technical background.
Community features enable farmer-to-farmer
knowledge sharing. Most evidence-transparent
private platform in the portfolio.

Analytical Limitations: The reported high
accuracy figure applies to crop-disease combi-
nations well-represented in training data dom-
inated by commercially grown South and West
India crops. For traditional varieties, underrep-
resented crops and regions, mixed-symptom
presentations, and poor photography condi-
tions, accuracy falls significantly. The CNN
classifies visual patterns associated with dis-
eases without modelling disease progression: it
cannot distinguish a primary infection from a
secondary opportunistic infection of different
aetiology requiring different treatment.

Forward Summary: A genuine contribution
to farmer access to disease diagnosis at
remarkable scale. Integration with causal
disease epidemiology models that contextualise
visual classification within host-pathogen-
environment dynamics would improve
reliability for underrepresented crop-disease
combinations and move from symptom
classification toward causal diagnosis.

DeHaat™ is one of India's most deliberately
equity-oriented private agricultural platforms:
concentrating in Bihar, UP, Odisha, and West

All Forty-One Applications — Individual Assessments

Bengal — states systematically underserved by
South-India-centric platforms — combining
Al-routed advisory, input supply, output
marketing, and credit facilitation through rural
micro-entrepreneurs enabling advisory access for
non-digital farmers.

Integrated Farmer Services Platform |
Il — Human-Anchored Hybrid

Strengths: Eastern India focus reaches farmers
in states largely absent from other private
coverage. Bundled services create commercial
incentive for advisory quality — bad advice
reduces input sales. Agronomist escalation
provides genuine causal expert reasoning.
Micro-entrepreneur network enables voice
advisory for non-digital farmers. Sustained
commercial growth demonstrated by Series D
funding.

Analytical Limitations: Advisory quality
depends on individual agronomist and
micro-entrepreneur calibre across the
network, creating geographic variability that
is difficult to audit centrally. Commercial
bundling of advisory with input sales creates a
structural incentive tension that independent
audit of recommendation quality has not yet
resolved.

Forward Summary: One of the most
strategically important private platforms in
India by virtue of its deliberate eastern India
focus. Independent advisory quality auditing
against agronomic  benchmarks would
strengthen credibility and ensure the advisory-
commerce incentive tension is managed in
farmers' interests.

Wadhwani AI Pest Surveillance™™ is a pest
advisory system in the portfolio. Camera traps
photograph insects; CNN counts pest species — a
perception task well-suited to pattern recognition;
when count crosses the Economic Injury Level
threshold validated by entomologists, a rule triggers
a treatment recommendation with correct pesticide
type, timing, and dosage. ML for perception;
deterministic rules for decision.

11
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Economic Injury Level Pest Monitoring | V — Deterministic Rule System

Strengths: Peer-reviewed validation: 15 to 20 per cent reduction in unnecessary pesticide
applications and improved treatment timing reducing cotton bollworm damage. EIL threshold is
grounded in entomological science — pest density at which economic loss exceeds control cost,
from experimental research rather than historical treatment patterns. Non-profit structure enables
outcome transparency.

Analytical Limitations: Physical trap installation requirement limits scalability. Coverage restricted to
trap-capturable insect species; soil-borne pests, airborne fungal spore loads, and systemic diseases are
outside monitoring scope.

Forward Summary: The architectural template for all agricultural AI advisory: pattern recognition
for the perception layer, validated causal knowledge for the decision layer. This division should be
the design standard for crop disease, irrigation, soil management, and nutrient advisory across the

portfolio.

Microsoft FarmBeats™ is a low-cost precision
agriculture system using in-field sensor data
and a soil water balance model — not historical

correlations — to generate irrigation scheduling
recommendations grounded in measured field
conditions.

IoT-ML Precision Farming Platform |
IV — Physical Causal Model

Strengths: Soil water balance model derives
recommendations from the physics of soil
water movement and crop water uptake —
correct for new varieties because it uses physical
relationships, not training data. Low-cost sensor
innovation reduces the hardware cost barrier.

Analytical Limitations: Sensor costs of INR
15,000 to 25,000 per farm prevent direct
smallholder access without subsidy. Five-plus
years at 500 to 800 farms demonstrates the
commercialisation challenge at smallholder
scale.

Forward Summary: Technically excellent,
peer-reviewed, causally grounded. The scaling
pathway requires public sensor hardware
subsidly — an investment whose returns
in water savings and yield stabilisation are
documented and quantifiable from the existing
evidence base.

Ninjacart Quality AT is an automated produce
grading system processing approximately 1,400
tonnes of fresh produce daily at procurement
centres in South and West India, reducing human
grader variability that has historically been a source
of price inconsistency and manipulation at the point
of commercial procurement.

Automated Produce Quality Grading |
Il — Pattern Learner

Strengths: Documented improvement in
grading consistency. Faster throughput. Real-
time auditable camera system provides price
mechanism transparency that manual grading
cannot match.

Analytical Limitations: Visual grading
cannot assess internal quality attributes — brix
content, acidity, pesticide residues, internal
bruising — that determine retail value. Grade
standards are defined by Ninjacart as the buyer,
creating buyer-defined specifications without
full transparency to the farmer.

Forward Summary: A genuinely useful quality
management tool that improves grading
consistency. Its contribution to farmer welfare
depends on competitive market conditions
ensuring consistency improvements benefit the
seller.



AgriWatch Drone-Al isa DGCA-licensed drone-
based monitoring service providing centimetre-
scale multi-spectral and thermal field imagery for
commercial agricultural clients and government
crop survey contracts.

Drone-Based Crop Monitoring |
I-Il — Remote Observer + Pattern Learner

Strengths:  Centimetre-scale  resolution
enables field-level stress detection invisible to
satellite. Thermal imagery identifies irrigation
malfunction and water stress zones with high
precision. Real value for commercial variety
trials and precision variable-rate application
mapping.

Analytical Limitations: Per-survey
economics of INR 800 to 1,500 per acre and
DGCA compliance costs structurally limit
access to farms above approximately ten
acres, excluding 86 per cent of Indian farmers.
Like satellite, drone observation classifies
symptoms of stress without mechanistically
diagnosing their cause.

Forward Summary: A technically capable
service with real value for commercial
agriculture. As hardware costs decline,
integration with causal agronomic models
that interpret visual observations in terms of
specific management actions will extend its
contribution to advisory beyond observation.

eNAM™¥ is one of the world's largest agricultural
digital trading platforms: 1,656 mandis connected,
1.80 crore registered farmers, INR 4.82 lakh crore in
total trade volume since (as on February 26, 2026).
i Ttg price discovery mechanism has demonstrably
increased price transparency within connected
mandis.

Agmarknet™" is the foundational free price
transparency infrastructure for Indian agricultural
markets: daily price data from 3,000-plus regulated
markets for 300-plus commodities, freely accessible
through web, SMS, and open APL

All Forty-One Applications — Individual Assessments

Electronic National Agriculture Market |
Il — Pattern Learner

Strengths: Genuine price transparency
improvement as per government audits. FPO
onboarding has enabled collective bargaining
for smallholder groups. INR 4.82 lakh
crore total trade volume represents genuine
commercial activity.

Analytical Limitations: Active trading
participation estimated at 15 to 25 per cent
of registrations; average active user farm size
significantly exceeds India's 1.1 hectare median.
The price forecasting module cannot account
for structural breaks from policy events — the
moments when price forecasting has highest
value and historical patterns are least reliable.

Forward Summary: A landmark market
infrastructure achievement with documented
farmer income benefit. The gap between
registration scale and smallholder active
participation requires not better technology
but investment in the physical aggregation
and logistics infrastructure that would make
smallholder marketing on digital platforms
practically feasible.

National Agricultural Market Price Portal |
I — Remote Observer

Strengths: Free, open, national, API-accessible:
the most equitably designed marketinformation
platform in the portfolio. Underpins official
price statistics. Enables third-party integrations
including eNAM and commodity exchanges.
Widest geographic and commodity coverage of
any Indian market data system.

Analytical Limitations: Data timeliness — often
24 to 48 hour lag — reduces real-time decision
value. Mandi prices do not capture farm-gate
margins, transport costs, or commission fees
determining net farmer receipt.

Forward Summary: Essential  public
information infrastructure. Improving
timeliness and adding farm-gate margin
transparency would increase direct advisory
value for farmers making selling decisions.
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Digital Commodity Trading and Price Intelligence | Il — Pattern Learner

Strengths: Government procurement integration provides price floor protection; warehouse receipt
financing offers credit without land title — a genuinely pro-equity innovation; digital quality

documentation reduces price dispute frequency.

Analytical Limitations: ML price prediction shares structural brittleness under policy-driven price
changes. Minimum lot sizes and connectivity requirements limit direct smallholder access.

Forward Summary: A commercially viable platform with genuine procurement integration. Causal
price formation models that understand supply-demand-policy mechanisms would improve the
reliability of price advisory under structural market changes.

AgriBazaar™ is a digital commodity trading
platform with government procurement partnerships
under PM-AASHA and PSS, warehouse receipt
financing integration, and ML-based price
intelligence.

Jai Kisan Arya (Arya.ag)™ is an innovative
post-harvest financing model using stored
commodity as collateral for agricultural loans
— enabling farmers with produce but without land
documentation to access formal credit for the first time.

Warehouse Receipt Financing and
Commodity Intelligence | Il — Pattern
Learner

Strengths: Warehouse receipt financing
is genuinely pro-equity: collateral is the
commodity, enabling credit for farmers

without formal land title. 900-plus partner
warehouses across 15-plus states. Documented
improvement in post-harvest storage periods
enabling better price-timing decisions.

Analytical Limitations: ML commodity price
trajectory forecasting faces brittleness under
policy-induced price changes. Farmers who
follow price-hold recommendations during
commodity price crashes face losses that model
confidence did not warrant.

Forward Summary: A genuinely innovative
and pro-equity financing model. Price advisory
should communicate uncertainty bounds
reflecting policy event sensitivity, so farmers
can make informed decisions about whether to
follow model recommendations.

Jio-BP AgriConnect is a concept for using Jio-
BP's 1,400-plus rural fuel stations as logistics
hubs for agri-input distribution and farm produce
aggregation, with ML route optimisation and
demand forecasting.®* Currently at pilot stage.

Agri-Input and Produce Logistics Platform |
Il — Pattern Learner

Strengths:  Existing rural fuel station
network provides ready-built infrastructure
at zero marginal real estate cost. Jio's digital
connectivity ~enables real-time tracking.
Multifunction rural infrastructure concept has
genuine strategic value.

Analytical Limitations: Agricultural produce
logistics differs fundamentally from fuel logis-
tics: perishability demands cold chain infra-
structure absent from standard fuel stations;
price volatility requires dynamic procurement
decision-making; seasonal demand concentra-
tion is unlike fuel's stable demand profile. Pilot
evidence has not yet demonstrated whether
these gaps can be bridged.

Forward Summary: An infrastructure concept
with genuine potential awaiting agricultural
logistics validation. The pilot evidence will
determine which challenges the fuel station
network model can address and which require
complementary cold chain investment.



All Forty-One Applications — Individual Assessments

Al-Powered Post-Harvest Cold Chain Management | IV — Physical Causal Model

Strengths: Post-harvest loss reduction independently verified by TNAU. Price realization improvement
is another positive. Physical causal model generates correct recommendations for any commodity
because it reasons from thermodynamics and biochemistry, not from historical data. IFC investment
with full due diligence provides independent validation of technical quality and commercial
sustainability.

Analytical Limitations: Cold chain hub infrastructure investment of INR 15 to 25 crore per hub
limits geographic expansion without institutional financing. FPO membership requirement excludes
independent smallholder farmers outside FPO networks.

Forward Summary: The gold standard application in India's agricultural AI portfolio. Its physical causal
architecture demonstrates why Archetype IV applications produce verified outcomes that statistical
systems cannot replicate. Scaling is financially rather than technically constrained — addressable

through NABARD and IFC institutional financing mechanisms.

WayCool Foods™ is a rigorously evidenced
agricultural Al application in the portfolio. WayCool
models produce spoilage as a physical function of
temperature-dependent biological respiration rate,
humidity-driven microbial growth, and ethylene-
mediated ripening acceleration — the biochemical
mechanisms that actually cause quality loss, not
historical spoilage correlations.

NAFED Procurement AI*™* is ML for
procurement planning and logistics optimisation
across NAFED's national oilseed and pulse
procurement operations, generating documented
efficiency improvements in truck fleet deployment,
storage allocation, and anomaly detection.

Soil Health Card AI" is a systematic agricultural
soil data infrastructure: 22 crore soil samples,
14 crore farm holdings, advisory in 21 languages.
i Deterministic fertiliser recommendation rules
derive crop-specific nutrient recommendations
from measured soil chemistry — causally grounded
in validated soil science and crop nutrition
relationships.

Al-Assisted Government Commodity Procurement | Il — Pattern Learner

Strengths: Government audit-documented 8 to 12 per cent logistics efficiency improvement. ML
anomaly detection for leakage identification has genuine anti-corruption value. Scale of government
procurement means efficiency improvements have large absolute value.

Analytical Limitations: The system advises procurement operations rather than farm households.
Farmer benefit is indirect through the price floor stability that efficient procurement sustains.

Forward Summary: A legitimate and well-performing operational AI application for procurement
efficiency. Transparent public reporting of Al-assisted procurement decisions would strengthen
accountability in an institution directly affecting smallholder income floors.
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National Soil Testing and Advisory Programme | I-V Hybrid: Statistical mapping + Deterministic
rules

Strengths: Unprecedented global scale of soil data — 22 crore samples is a world record. 21-language
delivery is the most linguistically equitable application in the portfolio. Peer-reviewed 8 to 10 per
cent fertiliser efficiency and 5 to 7 per cent yield improvement in adopters. Deterministic rules are
scientifically valid, traceable, and auditable. Free to all registered landholding farmers.

Analytical Limitations: Three-year sampling cycle is insufficient for dynamic nutrient management
in intensive cropping systems where soil chemistry changes within a growing season. Laboratory
quality varies significantly across states. Cards are frequently delivered after sowing begins, reducing
timeliness. Women and tribal farmers without formal land records are structurally excluded from
registration.

Forward Summary: One of the most impressive agricultural data and advisory infrastructure
achievements in the world. Priority investments — increased sampling frequency, laboratory quality
consistency, and inclusion of land-undocumented communities — would compound its already
substantial value.

ICAR Krishi Decision Support System™! is a
high quality agricultural advisory system. DSSAT

Fasal IoT is a precision agronomy system
for commercial horticulture deriving irrigation

and APSIM simulate photosynthesis, phenological
development, soil water dynamics, nitrogen cycling,
and yield formation from the first principles of plant
physiology, soil science, and agroclimatology —
validated by decades of global research and calibrated
by ICAR for Indian crop-soil-climate combinations.

scheduling and disease risk alerts from real-time
field measurement and physical modelling. Soil
moisture, temperature, humidity, leaf wetness, and
solar radiation sensors feed a soil water balance
model and epidemiological threshold models
grounded in plant pathology research.

Mechanistic Crop Simulation for Agricultural Advisory | IV-V: Physical Causal Models +
Deterministic Rules

Strengths: DSSAT and APSIM are validated by decades of global research; recommendations transfer
to new varieties, soils, and climate conditions because they derive from biological mechanisms, not
historical data. Peer-reviewed accuracy within 10 to 15 per cent of experimental Indian yields. Publicly
owned — not locked in proprietary systems. Directly used for national climate change adaptation
planning.

Analytical Limitations: The most strategically significant gap in the portfolio: this world-class causal
advisory system is accessible only to ICAR researchers and KVK coordinators. There is no voice
interface, no mobile application, no SMS delivery, no vernacular language output making its advisory
available to the 140 million farm households who need it most. This is not a technology gap — it is a
policy decision gap that remains unaddressed.

Forward Summary: The most important opportunity in India's agricultural AI landscape. Voice-
enabling Krishi-DSS — converting DSSAT and APSIM simulation outputs into deterministic advisory
rules in all twenty-two scheduled languages, delivered through KCC's toll-free infrastructure and
Bharat-VISTAAR's voice interface — would place the world's best causal crop advisory in every Indian
farmer's hands at zero marginal cost per query. This single policy decision represents more farmer
welfare improvement per rupee than any other available action.



All Forty-One Applications — Individual Assessments

Microclimate-Based Precision Agronomy | IV — Physical Causal Model

Strengths: IIT Bengaluru peer-reviewed 25 to 40 per cent irrigation water savings and 15 to 20 per cent reduction in
fungicide applications. Disease risk alerts use pathogen germination temperature-humidity thresholds — biological
constants that are correct for new seasons and conditions. Seventy per cent-plus subscription renewal rate. Physical soil
water balance model is causally valid for new crop varieties without retraining.

Analytical Limitations: Subscription costs of INR 8,000 to 15,000 per year are inaccessible to smallholder staple crop
farmers constituting 80 per cent of India's farm population.

Forward Summary: Technically excellent precision agronomy with peer-reviewed causal grounding. The physical
modelling approach — soil water balance and epidemiological thresholds — should be the blueprint for publicly funded
precision advisory systems targeted at smallholder farmers.

Tata Rallis Parag AT is a digital advisory service
integrating soil health card data, satellite NDVI, and
crop growth stage information to generate fertiliser
and micronutrient recommendations, delivered

through Tata Rallis's dealer network.
NABARD FarmSathi is an institutional commitment

to expanding agricultural credit access through
Al-assisted scoring that aims to reduce reliance on
land collateral, incorporating satellite data, weather
history, and crop area estimates alongside traditional
financial indicators.

Precision Crop Nutrition Advisory |
Il — Pattern Learner

Strengths: Dealer network distribution reaches
farmers outside direct digital connectivity. Soil
health card integration builds recommendations

on laboratory-verified soil chemistry. Indian Al Credit Scoring for Rural Agricultural

agronomic training data from Tata Rallis field
trials. Delivered without requiring smartphone
access.

Analytical Limitations: Commercial bundling
with input sales creates a structural incentive
tension: recommendations reducing input use
are agronomically correct but commercially
counterproductive. The ML nutrient model
does not mechanistically model soil chemistry
processes —  pH-dependent  solubility,
microbial transformation, competitive ion
dynamics — limiting reliability across India's
wide range of soil types.

Forward Summary: A  commercially
distributed service with genuine distribution
reach. Independent audit of recommendation
quality and mechanistic soil chemistry
modelling would both strengthen advisory
reliability and manage the commercial
incentive tension.

Lending | Il — Pattern Learner

Strengths: NABARD institutional backing
ensures regulatory framework. Human credit
officer retains final decision authority. The
intent to reduce collateral requirements
is genuinely pro-equity. Potential to bring
excluded farmers into formal credit is an
important social objective.

Analytical Limitations: The use of satellite
vegetation index in credit scoring contains
a specific and analytically important causal
inversion. Low NDVI is predominantly
caused by economic constraint — the absence
of inputs that raise crop biomass. Economic
constraint causes low NDVI; low NDVI does
not cause credit risk. A scoring model that
treats low NDVT as predictive of default risk
will systematically assign high risk to farmers
whose low vegetation index reflects the economic
constraint that credit is designed to address.
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This adverse selection is not a calibration
issue — it is a structural causal inversion that
contradicts the stated purpose of agricultural
financial inclusion and requires correction
before national scaling.

Forward Summary: An important institu-
tional initiative whose causal architecture
requires a specific and actionable correction:
replace NDVI with mechanistic farm system
productive capacity indicators — soil quality,
water access, crop system diversity, market
linkage — that stand in a causal rather than
correlational relationship with repayment
capacity. This change would both improve
model accuracy and ensure FarmSathi serves
rather than excludes its intended beneficiaries.

Samunnati Financial Intermediation™ is a
sophisticated FPO-level agricultural finance model
extending credit based on collective governance
quality and commodity contract performance
rather than individual land title. Several thousand-
plus FPO partnerships across 18 states; INR several
thousand crore cumulative disbursements; NPL
rates below sector average.

Al-Powered FPO Credit and Value Chain
Finance | Il — Pattern Learner

Strengths: FPO-level lending is causally sounder
than individual NDVI-based scoring: collective
governance quality and procurement contract
performance are direct indicators of repayment
capacity rather than upstream symptoms of
constraint. Commodity price-linked repayment
reduces farmer stress during price downturns.
Commercial viability demonstrated by below-
sector NPL performance.

Analytical Limitations: FPO membership
covers approximately 15 to 20 million of India's
140-plus million farm households. Eighty
per cent of smallholder farmers without FPO
membership are structurally excluded.

Forward Summary: A sophisticated and
genuinely inclusive agricultural finance model
for the FPO segment. Expanding FPO coverage
depth is the priority developmental investment
that would extend its equity reach.

Digit Insurance Crop Insurance® is a parametric
crop insurance product using satellite and weather
triggers to determine payouts — eliminating field
assessment delays and enabling 3 to 5 day claims
settlement versus 30-plus days for traditional
products.

Al-Powered Parametric Crop Insurance |
Il — Pattern Learner

Strengths: Parametric mechanism eliminates
field assessment delay and moral hazard.
Rapid settlement reduces farmer cash flow
stress. IRDAI regulatory compliance. Genuine
innovation in insurance product design.

Analytical Limitations: Basis risk is the
defining structural limitation: the trigger
threshold may not correspond to actual
farm-level crop loss. A flood leaving NDVI
unchanged while destroying a crop will not
trigger an NDVI-based payout. The gap
between parametric trigger and actual loss
mechanism is predictable from trigger design
and creates systematic misalignment between
payout and welfare need.

Forward Summary: An innovative design with
real operational advantages. Strengthening the
causal connection between trigger and loss
mechanism — moving toward indices directly
measuring crop water deficit and biological
stress — would reduce basis risk and improve
alignment between payouts and actual farmer
losses.

Kisan Call Centre AI Triage™ is India's most
important agricultural advisory infrastructure and
the equity benchmark for this entire portfolio. Toll-
free. Twenty-two languages. Twenty-four hours.
Human expert causal reasoning. Fifteen crore total
contacts. Five lakh monthly queries. No smartphone.
No internet. No digital literacy. No technology
barrier between the farmer and agricultural expert
advice.



All Forty-One Applications — Individual Assessments

National Farmer Advisory Helpline | lll — Human-Anchored Hybrid

Strengths: Simultaneously achieves national scale, 22-language equity, genuine smallholder
accessibility, and expert advisory quality. Human experts apply mechanistic agronomic, plant
pathological, and veterinary reasoning; ask clarifying questions; integrate tacit local knowledge;
acknowledge limits of knowledge. ICAR-validated 85 per cent query resolution and 78 per cent
farmer-reported action rate. Structurally inclusive of every Indian farmer regardless of income,
connectivity, or digital literacy.

Analytical Limitations: Expert throughput constrains scale: five lakh monthly queries with 140 million
farm households implies one advisory contact per 23 farmer-years at current capacity. No systematic
follow-up mechanism to verify implementation or capture outcome data for advisory improvement.

Forward Summary: The gold standard for agricultural advisory equity in India and a genuine world-
class achievement in farmer-accessible advisory design. Integrating KCC infrastructure with voice-
enabled ICAR Krishi-DSS — deterministic rules handling routine advisory, human experts handling
complex cases — would expand effective throughput while preserving the causal quality that makes

KCC the portfolio benchmark.

AgroStar™ is a private farmer-facing advisory
platform: large active users across nineteen states,
combining Al-triage-routed agronomist advisory
with digital input commerce through a mobile
application, agronomist network, and community
forum.

Al-Powered Agronomy and Input Commerce
Platform | lll — Human-Anchored Hybrid

Strengths: Large user base across nineteen
states. Agronomist network delivers genuine
causal expert reasoning. Community forum
extends advisory through peer-to-peer sharing.
Bundled commerce creates commercial
incentive for advisory quality.

Analytical Limitations: Commercial bundling
of advisory with input sales creates a structural
incentive tension — advisory reducing input
use is agronomically correct but commercially
counterproductive. Independent quality audit
has not been published.

Forward Summary: A commercially successful
large-scale platform with real agronomist
advisory value. Independent advisory quality
auditing would strengthen credibility and
ensure the advisory-commerce incentive is
managed in farmers' interests.

iKhedut™ is Gujarat's integrated digital
advisory and scheme delivery portal combining
deterministic scheme eligibility rules with crop-
specific advisory, weather information, and crop
insurance support. Two million registered users in
Gujarat.

Integrated Farmer Advisory Portal |
V — Deterministic Rule System

Strengths: Deterministic scheme eligibility
rules prevent discretionary gatekeeping. Con-
sistent advice across all agricultural officers
because recommendations flow from validated
rules rather than individual judgment. Gujarati
language. Government audit documenting pro-
cessing time reduction from 30-45 to 7-10 days.

Analytical Limitations: Geographic limitation
to Gujarat means this effective model has not
yet informed national replication. Advisory
granularity is constrained by state-wide
standardisation, missing district-level agro-
climatic variation within Gujarat.

Forward Summary: An effective state portal
built on precisely the right architectural
principles — deterministic rules that are
transparent, consistent, and auditable. National
replication with state-specific rule sets would
advance consistent, equitable, causally grounded
government advisory across all of India.
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Agri-Commodity Intelligence and Trader Network | Il — Pattern Learner

Strengths: Addresses genuine information asymmetry in the commodity trader layer. Verified
counterparty network reduces fraud risk. Dispute resolution lowers contract enforcement costs. Trader
credit scoring from transaction history uses commercially observable performance data that is causally
more grounded than vegetation index-based farmer scoring.

Analytical Limitations: Bijak serves traders, not farmers directly. Its equity impact depends on market
power dynamics determining whether trader efficiency gains translate to higher farm-gate prices — a
relationship the platform cannot control.

Forward Summary: A useful commodity intelligence platform for the trader segment. Its farmer
welfare impact is structural rather than direct.

Bijak"* is a B2B agricultural commodity
intelligence platform connecting approximately
500,000 traders and commission agents across North
India through verified counterparty networks,
ML-based price intelligence, and dispute resolution
mechanisms.

MPEDA Multi-species Fisheries and Aquaculture
Intelligence System is a disease advisory system in
Indian aquaculture: a rule system encoding expert
pathology knowledge providing 48 to 72 hour
prediction lead time for WSSV, EMS, vibriosis,

and AHPND — pathogens that destroy entire
shrimp crops within 96 hours of clinical onset.
Forty thousand registered farms across five major
aquaculture states.

Eruvaka Technologies' is a sensor driven
aquaculture advisory system. Floating sensor
buoys measure dissolved oxygen, temperature,
salinity, pH, and turbidity. A physical causal
model simulates dissolved oxygen dynamics from
Henry's Law for temperature-dependent oxygen
solubility, biological oxygen demand kinetics for
bacterial populations and feed decomposition,
and photosynthetic oxygen production from
phytoplankton density. The model predicts DO two
to four hours ahead and activates or recommends
aeration management.

Disease Management and Production Advisory | V — Deterministic Rule System

Strengths: NFDB reports 20 to 30 per cent reduction in disease-related crop loss in adopter farms.
Rules grounded in pathology science — water quality biochemistry and pathogen epidemiology.
Export compliance rules reduce antibiotic residue violations.

Analytical Limitations: Coverage limited to MPEDA formal registration network, leaving informal
and inland aquaculture outside advisory reach. New disease strains require expert rule updates before
coverage extends to novel pathogens.

Forward Summary: An application of deterministic expert rule systems in a high-stakes, time-sensitive
domain. The 48-hour lead time grounded in pathogen biology rather than statistical prediction is
the defining demonstration of why causal-deterministic advisory outperforms pattern-matching
when error costs are catastrophic. Extension to freshwater aquaculture is the highest-priority scaling
investment in this cluster.



All Forty-One Applications — Individual Assessments

loT-Based Precision Aquaculture Management | IV — Physical Causal Model
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Strengths: Physical causal model generates correct predictions in any pond regardless of prior observation history because
dissolved oxygen physics are universal biological constants. IFC investment with full due diligence provides independent
validation of technical quality and commercial sustainability.

Analytical Limitations: Sensor hardware costs of INR 35,000 to 50,000 per pond require financing for smaller farmers.

Power supply limitations in remote areas can interrupt operation.

Forward Summary: Its performance derives from one fact: it is right for the right reason. Dissolved oxygen dynamics derived
from physical chemistry are correct in every pond because they derive from universal laws, not from historical patterns.

CMFRI Potential Fishing Zone Advisory" is
a national maritime advisory system reaching
150,000 fishing boats along India's 7,516 km
coastline in twelve coastal languages, delivering
48-hour fishing zone predictions grounded in
physical oceanographic models. The causal chain is
biologically grounded: upwelling brings nutrients

Satellite Ocean Physics for Fishing Zone
Prediction | IV — Physical Causal Model

Strengths: INCOIS peer-reviewed 20 to 30
per cent fuel savings and 15 to 25 per cent
improvement in catch per unit effort across
150,000-plus fishing boats. Free, toll-free,
SMS-based, twelve coastal languages —
maximum equity design for artisanal fishers.
Physical causal model transfers correctly to
new ocean conditions because it derives from
oceanographic science. The equity design is the
template that all government advisory systems
should aspire to match.

Analytical Limitations: Ocean conditions can
change faster than the 48-hour forecast cycle.
Concentration of fishing effort in predicted
zones creates potential for overfishing pressure
without corresponding fisheries management
coordination.

Forward Summary: A technically excellentand
equitably designed fisheries advisory system
demonstrating physical causal modelling
at scale in a large public application. Its
oceanographic causal model is the template for
bringing physical rigour to crop water balance,
soil chemistry, and pest population dynamics
advisory across the portfolio.

to the surface, nutrients drive phytoplankton,
phytoplankton supports zooplankton, zooplankton
attracts fish — a mechanistic chain connecting
observable ocean physics to fish location.

PM-KISAN AI Verification is one of the world's largest
Al-assisted welfare delivery systems: processing
verification for over 9 crore beneficiaries, reducing
payment cycles from 60-plus to 14 to 21 days.

Beneficiary Verification for Direct Benefit Transfer |
Il — Pattern Learner

Strengths: Genuine scale. Documented leakage reduction. Payment
cycle acceleration delivers cash flow benefit to eligible farmers.
Fraud detection and deduplication are appropriate ML tasks —
pattern recognition for identifying duplicates and ineligible profiles
across large administrative databases is exactly the kind of task for
which statistical learning is well-suited.

Analytical Limitations: Exclusion errors fall disproportionately
on farmers with name spelling inconsistencies across Aadhaar,
land record, and bank systems — concentrated in states with lower
digitisation quality and among women whose names may differ
across administrative records. Agricultural labourers who lease
rather than own land are excluded by programme design rather
than Al error.

Forward Summary: A legitimate and well-performing Al
application for welfare delivery integrity. The priority complement
is a grievance redress mechanism operating at the same scale and
speed as the verification system, ensuring eligible farmers excluded
by data errors are reinstated quickly.
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Digital India Land Records ModernisationProgramme | Il — Pattern Learner

Strengths: 6.23 crore records digitised; significant reduction in land record disputes; credit access
improvement for farmers with digitised titles; foundation for PM-KISAN, SHC, and AgriStack
integration; GIS mapping enables spatial precision in agricultural data analysis.

Analytical Limitations: OCR accuracy on damaged or handwritten records averages 85 to 90 per cent,
leaving 10 to 15 per cent requiring manual correction. Tribal community land rights in Schedule V
areas are frequently misrepresented or absent — a gap reflecting pre-existing documentation exclusions
that digitisation has not corrected.

Forward Summary: Essential digital infrastructure for India's agricultural governance. The equity
gap — communities with weakest historical land documentation benefit least — requires parallel land
rights reform recognising occupancy and use rights alongside formal title.

DILRMP' is India's digital land records participation; the Digital Crop Survey covering 23.5

infrastructure: 6.23 crore records digitised across
thirty states, GIS mapping in 226 districts, title
verification reduced from days to minutes.
Foundational infrastructure for agricultural credit,
scheme eligibility, and the personalised advisory
that AgriStack enables.

AgriStack/IDEA™  is  the  foundational
identity and data infrastructure that personalised
agricultural advisory requires: 9.20 crore Farmer
IDs linking land records, bank accounts, and scheme

crore plots with verified crop data; the Farmer Land
Registry and Farmer Identity Register as a federated
data architecture.

NFSM Diversification AI"™ is an evidence-based
targeting system using district-level soil health
card data, satellite crop cover, and weather history
to identify where crop diversification from rice-
wheat would be agronomically viable — directing
diversification support where it will work rather
than applying blanket coverage.

Indian Digital Ecosystem of Agriculture | Infrastructure Layer

Strengths: 9.20 crore Farmer IDs are the world's largest farmer identity infrastructure. Digital Crop
Survey at 23.5 crore plot scale is unprecedented. Federated architecture enables data sharing across
government systems. Direct integration with PM-KISAN, crop insurance, procurement, and credit
creates genuine data network effects.

Analytical Limitations: The consent and data governance architecture — the mechanism by which
farmers grant and revoke permission for specific uses of their AgriStack data — is not yet implemented
at the granularity the Digital Personal Data Protection Act 2023 requires. A centralised federated farmer
data system at this scale without robust consent management creates risks of commercial exploitation
of farmer data without farmer knowledge or benefit.

Forward Summary: The most strategically important infrastructure initiative in India's agricultural
digital landscape. With robust consent management — granular farmer control, instant revocation,
public audit trail — AgriStack will enable the personalised causal advisory this monograph argues for.
The Agricultural Data Passport is the governance complement that completes this system.



All Forty-One Applications — Individual Assessments

National Food Security Mission Crop Diversification Advisory | II-V Hybrid: ML targeting +

Deterministic rules

Strengths: Evidence-based targeting represents an advance over uniform scheme delivery. Integration
with soil health card data provides agronomically informed basis for identifying diversification zones.
Deterministic scheme eligibility rules ensure consistent delivery once targeting identifies eligible
farmers.

Analytical Limitations: Diversification advisory is only as actionable as the accompanying value chain
support — seeds, markets, extension, price assurance. Advisory without these structures has limited
adoption regardless of advisory quality.

Forward Summary: A conceptually sound application of data-driven scheme targeting. Its impact
depends on the completeness of the non-advisory support ecosystem that makes diversification
practically feasible for smallholder farmers who bear the risk of departing from established crop

systems.

Bharat-VISTAARY is a toll-free voice agricultural
advisory system requiring no smartphone, no
internet, and no digital literacy — the most equitable
access design in the entire portfolio. A farmer dials

a toll-free number, speaks their question in Hindi
or English, and receives a voice response. This
delivery architecture correctly identifies voice as the
modality that reaches every Indian farmer regardless
of the digital divide, and replicates the Kisan Call
Centre's equity design without the expert throughput
constraint. The delivery architecture is right.

Al-Powered Farmer Advisory through Large Language Model | Il — Pattern Learner

Strengths: The delivery design is the most equitable in the portfolio: toll-free, voice-only, no hardware,
no internet, no literacy required. This is the correct vision for how agricultural advisory should reach
national scale with genuine equity. The government's investment in this architecture deserves to be
built upon and extended to all twenty-two scheduled languages immediately.

Analytical Limitations: Large language models generate responses by predicting the most statistically
plausible token sequence given training data — not by computing answers from validated agricultural
knowledge. In specialist domains, academic literature consistently documents hallucination rates
above 40 per cent. In an agricultural advisory context delivered by voice to farmers without alternative
cross-checking sources, this is a structural advisory risk: a 40 per cent specialist error rate means a
meaningful fraction of advisory interactions deliver wrong recommendations expressed with the same
confident voice tone as correct ones. The farmer has no mechanism to distinguish them. The voice
delivery channel amplifies rather than attenuates this risk because confident spoken delivery provides
no epistemic signal.

Forward Summary: Bharat-VISTAAR has built the right delivery architecture for national-scale
agricultural advisory. Replacing the LLM advisory engine with ICAR-validated deterministic rules —
while retaining the voice delivery design in its entirety — would create the most important agricultural
advisory application in India's history: toll-free voice access, no technology barriers, causal advisory
grounded in validated agronomic science, delivered in all twenty-two scheduled languages. This is
achievable, affordable, and urgent.
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Chapter 7

our structural observations emerge from the

assessments of the forty-one Al applications.
Understanding them precisely defines the frontier
of what must be built in India's second decade of
agricultural AL

Seventy-six per cent of the portfolio
approximately thirty of the forty-one applications
reviewed — operates in Archetypes I and IL:
observational or statistical pattern-matching
systems. This is not a criticism of their engineering
quality or their contribution within appropriate
domains. It is a diagnosis of the boundary of their
reliable advisory reach. The central analytical
finding of this assessment is that every application
which has produced peer-reviewed, independently
verified positive farmer outcomes is classified as
Archetype IV or V. The 27 per cent of the portfolio
in Archetypes IV and V has generated 100 per cent
of the verified evidence base.

This pattern is not coincidental and it is not
a statistical artifact. It is the direct, predictable
consequence of the epistemic properties of causal
versus correlational advisory in a domain governed
by physical and biological mechanisms. When a
system derives recommendations from mechanistic
understanding of the physical and biological
processes governing agricultural outcomes, its
recommendations are correct for a reason that does
not expire when conditions change. A soil water
balance equation correctly schedules irrigation for
a crop variety released last year because it uses the
physics of water movement in soil, not the observed
irrigation schedules of varieties released decades
ago. When a system derives recommendations
from statistical patterns in historical data, its
recommendations are accurate under the conditions

represented in that data and degrade — sometimes

gradually, sometimes abruptly — as conditions
evolve.
In Indian agriculture, conditions evolve

continuously. More than 1,500 new crop variety
notifications were issued by ICAR and state
agricultural universities in the five years to
2024 alone. New pest species establish in novel
geographies every monsoon season as climate
patterns shift northward and upward in altitude.
Policy events — MSP revisions, import duty
changes, export bans, subsidy restructuring —
restructure commodity price relationships in ways
that break historical correlations. An agricultural
advisory portfolio built predominantly on statistical
pattern-matching is calibrated for the conditions of
the past and asked to advise in the conditions of the
future. The next wave of development investment
must be directed toward the Archetype IV and V
causal coverage that the evidence demonstrates
produces verified outcomes.

The applications with the deepest causal grounding
and the strongest verified outcomes — ICAR
Krishi-DSS, Eruvaka, WayCool, IMD-AAS, CMFRI
PFZ, MPEDA MAIS, Wadhwani Al — do not yet
reach the full scale of India's 140 million farm
households. Some are accessible only to researchers.
Some require hardware investments beyond
smallholder economics. Some are geographically
concentrated. The applications with the widest reach
— PM-KISAN verification, FASAL, eNAM — are
not primarily farm advisory tools. This creates what
might appear to be a trade-off between quality and
scale, but the appearance is misleading.



India already possesses all of the components
necessary tobuild a national causal advisory systemat
KCC scale and IMD-AAS equity. ICAR's DSSAT and
APSIM models are validated for Indian conditions.
IMD has the weather forecast infrastructure.
MPEDA and CMFRI have demonstrated that expert
rule systems work at scale for specialised domains.
Wadhwani AI has demonstrated the correct
architectural pattern for combining ML and causal
rules. Eruvaka and WayCool have demonstrated
that physical causal modelling achieves commercial
sustainability alongside peer-reviewed outcomes.
KCC has demonstrated that toll-free voice can reach
every farmer regardless of connectivity. Bharat-
VISTAAR has demonstrated that voice delivery
can scale beyond expert throughput limits. The
components exist and are proven. What does not
yet exist is their integration into a unified national
causal advisory architecture. That integration is
a policy and engineering decision, not a research
frontier.

The agricultural finance cluster contains a specific
and analytically precise causal concern that is
both important and correctable. When satellite
vegetation index — NDVI — is used as a primary
predictor in agricultural credit scoring models,
the causal direction of the relationship is inverted.
The observational correlation is real: farmers with
higher NDVI do, on average, repay agricultural
loans at higher rates. But the causal mechanism
runs in the opposite direction to the one the model
assumes. Farmers have low NDVI primarily because
economic constraint prevents them from purchasing
the quality seeds, fertiliser, and irrigation access that
raise crop biomass. Low NDVI is a downstream
symptom of economic constraint — not an upstream
cause of credit risk.

A credit scoring model that treats low NDVIas an
upstream predictor of default risk will systematically
assign high-risk scores to the farmers whose low
vegetation index was caused by the economic
exclusion that credit access would remedy. This
produces adverse selection against the most credit-
needy farming communities — the opposite of the
financial inclusion purpose that agricultural credit
policy is designed to achieve. The same structural
issue applies to parametric crop insurance using
NDVT triggers: when the trigger is a downstream

What More Needs to Be Done — Four Structural Observations

symptom rather than a direct measure of the loss
event, the parametric threshold may fail to fire
when actual losses are severe, and may fire when
actual losses are minimal. The correction in both
cases is specific, actionable, and requires no new
legislation. For credit: replace NDVI as a primary
predictor with mechanistic indicators of farm
system productive capacity — soil quality, water
access, crop system diversity, input market access
— that stand in a causal rather than a correlational
relationship with repayment capacity. For insurance:
move trigger design from NDVI-based thresholds
toward mechanistic crop water deficit and biological
stress indices that are causally connected to the
actual loss mechanism.

India has assembled the data infrastructure for
personalised causal agricultural advisory at scale:
9.20 crore Farmer IDs linking land," banking, and
scheme records; 25 crore soil samples;" 6.23 crore
digitised land records;"' 23.5 crore Digital Crop
Survey plots.™ No other agricultural economy of
India's scale has assembled comparable farmer-level
data assets. These assets could, in principle, enable
a causal advisory system that knows each farmer's
soil chemistry, their crop history, their market
linkages, their credit exposure, and their weather
micro-climate — and generates personalised causal
recommendations calibrated to their specific farm
system.

The use of these assets without a robust farmer
consent and data sovereignty framework would
both violate India's own legal requirements under
the Digital Personal Data Protection Act of 2023
and undermine the farmer trust that makes
sustainable data collection possible. The DPDP
Act requires that automated decisions affecting
individuals be explainable, that data processing
be consent-based and purpose-limited, and that
consent be withdrawable at will. AgriStack does not
yet implement the granular consent architecture
these requirements demand. The Agricultural Data
Passport — a farmer-controlled consent mechanism
specifying which data elements are shared with
which advisory services for which specific purposes,
with instant revocation and a publicly auditable
consent ledger — is the governance complement
that transforms this data infrastructure from a
regulatory risk into a foundation for legitimate
personalised advisory.
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Chapter 8

en policy priorities follow directly from
the evidence assembled across forty-one
applications. Each is specific and actionable within
the existing authority of an identified institution.
None requires new primary legislation. Each is

Priority
1

grounded in the assessment evidence rather than
in general principle. Together they constitute a
programme that would realise the full potential of
what India's decade of agricultural AT investment

has built.

Policy Action Lead Authority Timeline
Voice-enable ICAR Krishi-DSS (DSSAT/APSIM) for | Ministry of 2026-
toll-free farmer advisory in all 22 scheduled languages, | Agriculture + 2028
integrated with KCC infrastructure and Bharat-VISTAAR | ICAR
voice delivery. Estimated development cost INR 80-120
crore.
Redesign Bharat-VISTAAR: retain voice delivery | Ministry of 2026-
architecture entirely; replace LLM advisory engine | Agriculture + 2027
with ICAR plus other sources validated IF-THEN | Private Sector
deterministic rules at the reasoning layer; retain LLM for | partnership
natural language understanding and generation only.
Mandate toll-free voice fallback for all government & Ministry of 2026
agricultural advisory schemes. Voice channel must be | Agriculture
maintained at full capacity alongside digital channels — | circular
not substituted by them. to all state

governments
Fund IoT soil moisture and microclimate sensor subsidies | Ministry of 2027-
for smallholder farmers through PM-KISAN DBT | Agriculture 2029
infrastructure. Prioritise water-scarce districts where | + DBT +
irrigation savings are highest. NABARD
Implement Agricultural Data Passport with granular | MeitY + 2026-
farmer consent management and instant revocation | Ministry of 2027
under DPDP 2023 framework. Integrate with AgriStack | Agriculture +
Farmer ID as the primary consent interface. DPDP regulator
Mandate data localisation for all commercial platforms | Ministry of 2026

processing Indian agricultural farmer data. Apply to
current cross-border data operations within 12 months
of notification.

Agriculture +
data protection
authority



Policy Priorities — Ten Actions that the Evidence Supports

Priority  Policy Action Lead Authority Timeline

7 Require independent peer-reviewed outcome verification | Ministry of 2026
as a mandatory condition for all government-funded | Agriculture
agricultural Al contracts. Outcome metrics must include | procurement
farmer-level yield, income, or input efficiency change — | policy update
not deployment counts.

8 Establish ICAR Agricultural AI Validation Centre for | ICAR + 2027-
pre-deployment advisory accuracy certification. All | Ministry of 2028
government-contracted agricultural advisory AI must | Agriculture +
receive certification before deployment. DST

9 Mandate explainability audit for all AI-driven agricultural | RBI + IRDAI 2026
credit and insurance decisions under DPDP 2023. | joint regulatory
Automated decisions must be explainable in causal terms | circular
to the individual farmer affected.

10 Remove NDVI as a permissible primary predictor | RBI+ NABARD | 2026

in agricultural credit scoring models. Replace with
mechanistic farm system productive capacity indicators.
Apply to all NABARD-refinanced and RBI-regulated

joint circular to
all agricultural
lenders

agricultural lending.

The first two priorities are the most
consequential and the most immediately achievable.
Voice-enabling ICAR Krishi-DSS — developing
the API layer that converts DSSAT and APSIM
simulation outputs into deterministic advisory
rules in all twenty-two scheduled languages and
integrating them with the Kisan Call Centre's toll-
free infrastructure — would place the world's best
causal crop advisory system in every Indian farmer's
hands at zero marginal cost per query. The estimated
development cost of INR 80 to 120 crore is less than
0.1 per cent of the Ministry of Agriculture's annual
budget. No comparable return on investment exists
anywhere in India's agricultural policy portfolio.

Redesigning Bharat-VISTAAR's advisory engine
— retaining the toll-free voice deliveryarchitecture in
its entirety while replacing the LLM reasoning layer
with ICAR-validated deterministic rules — would
create the most important agricultural advisory
application in India's history. The design would be:
the farmer speaks their question; the LLM parses
the natural language into a structured agricultural
query; the deterministic causal rule system
computes the answer from validated agronomic
knowledge; the LLM converts the structured answer

back into natural spoken language. The farmer
experiences a natural conversation. The advice
they receive derives from validated science. Neither
step of this architecture is technically novel. Both
components exist and are proven. The integration is
an engineering and policy decision.

Priorities three and four address delivery equity:
ensuring that the voice and physical sensor channels
that make advisory accessible to every farmer,
regardless of digital literacy or economic position,
are funded and mandated alongside the digital
channels that serve connected farmers. Priorities
five and six address data governance: implementing
the consent framework that makes personalised
advisory legally legitimate and building the data
sovereignty architecture that sustains farmer trust
in data sharing. Priorities seven and eight address
evidence quality: establishing the institutional
mechanisms that distinguish genuinely effective
agricultural AI from deployment-scale claims
without outcome evidence. Priorities nine and
ten address the credit causal correction — each
actionable through existing regulatory authority in a
single joint circular, without new primary legislation,
within the current parliamentary session.
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Chapter 9

he evidence from forty-one applications, across

eleven clusters, over a decade of deployment,
converges on a single architectural conclusion:
India's next chapter in agricultural AI must be the
systematic development of causal-deterministic
advisory systems that reason from validated
scientific knowledge of agricultural mechanisms
rather than from learned statistical patterns in
historical data. This conclusion does not diminish
what has been built. It defines what must be built

upon it.
Machine learning for satellite  image
classification, disease photograph recognition,

commodity price aggregation, and beneficiary
deduplication all contribute genuine value within
their appropriate domains, and that value should be
preserved and extended. The point of the analytical
framework in this monograph is not that ML should
be replaced everywhere — it is that ML is not the
right architecture for the advisory reasoning layer,
and that the advisory reasoning layer is where
the difference between good and bad agricultural
outcomes is determined. The advisory reasoning
layeris thelayer that takes observations —ameasured
soil moisture level, a disease symptom photograph,
a five-day weather forecast, a pond dissolved oxygen
reading — and generates a recommendation that
tells a specific farmer what to do, when to do it,
how much to apply, whether to wait or act now.
That layer requires causal knowledge, not statistical
correlation, for three specific and non-negotiable
reasons.

First, recommendations must be correct when
conditions change. A causal rule that says: IF
measured soil moisture at root depth falls below the
crop-specific wilting point threshold AND the five-

day forecast shows no rainfall above 10 mm THEN
irrigate to field capacity — is correct for any crop
variety, any soil type within the validated range,
and any season, because it derives from the physics
of plant water relations, not from the observed
irrigation schedules of farmers in similar conditions
in previous years. A statistical model that learned
irrigation timing from historical observations
is correct for conditions similar to historical
conditions and degrades when conditions depart
— a degradation that is systematic, predictable, and
invisible to the model itself.

Second, recommendations must be explainable
to the farmer who will act on them. A farmer who
understands why they are being told to irrigate today
rather than tomorrow — because the soil moisture
sensor reading indicates that the crop will cross
the water stress threshold in 36 hours and no rain
is forecast — can evaluate whether the advice fits
their specific circumstances, can challenge it if their
field conditions differ from what the system knows,
and can build the causal understanding that makes
them a more effective decision-maker over time. A
farmer who receives a recommendation from an
opaque model has no basis for evaluation and no
mechanism for improvement. The explainability
requirement is not a regulatory nicety — it is the
foundation of a productive advisory relationship
between the system and the farmer.

Third, recommendations must be traceable to
validated science that can be audited and updated.
When ICAR releases new yield response data for a
new crop variety, a deterministic rule system can be
updated by an agronomist in hours, and the update
propagates immediately to all advisory generated
from that rule. When a new pest species establishes



The Architecture of What must be Built — Causal-Deterministic Advisory at Scale

in a new geography, a deterministic rule encoding
the Economic Injury Level for that pest can be
added to the system and becomes immediately
operational. When climate data reveals that a
historical temperature threshold needs revision,
the rule can be corrected and the correction is
immediately and transparently reflected in advisory.
These updates are not possible in an opaque ML
system without retraining on new data, validating
model performance across the full portfolio,
and deploying a new model version — a process
measured in months, not hours.

India has every component necessary for
the architecture. ICAR Krishi-DSS runs DSSAT
and APSIM — mechanistic crop growth models
validated for Indian conditions that generate
advisory from plant physiology and soil science
rather than historical crop data. IMD has the five-
day numerical weather prediction system that feeds
IMD-AAS's deterministic advisory rule tables.
MPEDA and CMEFRI have demonstrated expert
rule systems for aquaculture pathology and fisheries
oceanography at national scale. Wadhwani AI has
demonstrated the correct hybrid architecture —
ML for perception, deterministic rules for decision
— in cotton pest management with peer-reviewed
outcomes. Eruvaka and WayCool have demonstrated
physical causal modelling at commercial scale with
independently validated outcomes. The Kisan
Call Centre has demonstrated that toll-free voice
advisory can reach every farmer in every language at
zero cost. Bharat-VISTAAR has demonstrated that
voice delivery can scale beyond expert throughput
limits.

The assembly of these components into an
integrated national causal advisory architecture is
not a research challenge. It is a systems integration
and policy challenge. The system would work as
follows. A farmer calls a toll-free number or speaks
to the Bharat-VISTAAR voice interface. The natural
language understanding layer — using a natural
language understanding module (which may
include an LLM strictly for query parsing, not for
advisory generation) — parses their query into a
structured agricultural question: crop, growth stage,
location, observed symptom or decision context.
The structured query is routed to the appropriate
causal advisory module: DSSAT/APSIM for
crop management, the IMD-AAS rule tables for
weather-responsive decisions, the MPEDA/CMFRI

rule system for aquaculture and fisheries, the
Wadhwani AI EIL rules for pest management, the
Soil Health Card fertiliser recommendation rules
for nutrient management. The module computes
a deterministic answer from its validated rule base
and the farmer's specific parameters. The natural
language generation layer — which can again be an
LLM — converts the structured answer into natural,
fluent, grammatically correct speech in the farmer's
language. The farmer hears a natural-sounding
conversational response. The advice they receive is
grounded in validated Indian agronomic science.
The recommendation is fully traceable to its rule
source, fully auditable by ICAR, and fully updatable
when new science becomes available.

This architecture eliminates every failure mode
documented in Chapter 4. Distributional brittleness
is eliminated because the causal rules are valid across
all conditions within their domain of validated
science, not within a training distribution. Causal
direction inversion is eliminated because every
rule encodes a validated causal relationship, not a
learned correlation. Epistemic opacity is eliminated
because every recommendation is traceable to its
exact rule and the scientific evidence that validates
it. Hallucination is eliminated because deterministic
rule systems cannot generate outputs that are not
determined by their validated inputs. Bias against
marginal communities is eliminated because causal
relationships in plant physiology, soil chemistry, and
pest biology apply equally to all farmers, all varieties,
and all geographies within the validated domain.

The investment required is modest relative to
what has already been spent. The development
cost for voice-enabling ICAR Krishi-DSS and
integrating it with KCC and Bharat-VISTAAR
delivery infrastructure is estimated at INR 80 to
120 crore — comparable to the cost of three to
four months of eNAM marketing and outreach.
The policy decisions — redesigning Bharat-
VISTAAR's advisory engine, correcting the NDVI
credit inversion, establishing the ICAR Validation
Centre — require no capital expenditure beyond
existing institutional budgets. India has already
made the expensive investments: building the data
infrastructure, training the agronomic scientists,
creating the delivery channels, demonstrating the
causal modelling approaches. What remains is the
decision to assemble what has been built into the
system that India's farmers need.
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Chapter 10

en lessons emerge from the evidence grounded rather than general. Each carries a
assembled across forty-one applications and direct implication for investment and policy
eleven clusters. Each is specific and evidence- decisions in the years ahead.

Achievements Must
Be Recognised
Before Gaps Can Be
Addressed

Causal Architecture
Is the Most
Important Design
Decision

The Kisan Call
Centre Is the Equity
Benchmark, Not a
Legacy Technology

ICAR Krishi-DSS Is
the Most Important
Latent Asset in the
Portfolio

Bharat-VISTAAR's
Delivery
Architecture Is
Right; Its Advisory
Engine Must Be
Upgraded

India's portfolio has produced genuine, peer-reviewed, farmer-beneficial outcomes. Recognising them
fully is not optimism. It is evidence. And it is the foundation from which honest diagnosis of remaining
gaps becomes credible. The same evidentiary rigour that establishes what has worked is the rigour that
identifies what must be built next.

Every application producing peer-reviewed positive farmer outcomes in this portfolio uses physical
causal models or deterministic expert rules. Every application with analytically documented reliability
limitations uses statistical pattern-matching. This pattern, consistent across all eleven clusters and
forty-one applications, is not coincidental. It is the predictable consequence of epistemic architecture
in a domain governed by physical and biological mechanisms. Future investment should be guided by
this finding: ML for perception tasks, causal models and deterministic rules for advisory reasoning.

KCC's design — toll-free, 22 languages, no hardware, no connectivity, no digital literacy, causal expert
reasoning — defines what equity-maximising advisory looks like. Every new advisory application
should be evaluated against this benchmark: does it extend KCC's equity reach or create new access
barriers? Smartphone-dependent platforms unable to match KCC's equity profile should be positioned
as complements to voice and broadcast channels, not replacements.

ICAR's DSSAT and APSIM models are validated for Indian conditions and represent the highest
epistemic quality causal agricultural advisory available anywhere in the world. They are accessible only
to researchers. Voice-enabling their advisory outputs for toll-free delivery — at an estimated INR 80 to
120 crore — is the single highest-leverage policy investment available to the Ministry of Agriculture: the
world's best causal crop advisory at zero marginal cost per farmer query.

Bharat-VISTAAR has correctly identified voice delivery as the equity-maximising modality. The LLM
advisory engine carries documented hallucination risk incompatible with agricultural advisory quality
requirements. The solution — LLM for language understanding and generation, ICAR-validated
deterministic rules for agricultural reasoning — preserves every equity advantage of the delivery design
while grounding advisory in validated science. This is the most urgent architectural upgrade in the
portfolio.



Ten Lessons from India's Agricultural AI Decade 31

Using satellite vegetation index as a primary agricultural credit predictor inverts the causal direction: low
NDVT is caused by economic constraint, not predictive of default risk. A model built on this inversion
systematically denies credit access to the farmers most in need of it. The correction is specific: replace
NDVI with mechanistic farm system productive capacity indicators. This is correctable through a joint
RBI-NABARD circular without new legislation — the most analytically precise and most immediately
actionable regulatory finding in the portfolio.

India's portfolio has generated impressive deployment metrics. These reflect real institutional effort
that should be recognised. They should not be conflated with verified farmer welfare improvement.
The discipline of separating deployment scale from verified outcome impact is essential for honest
investment decision-making. The evidence standard that this monograph applies — peer-reviewed,
independently verified, at farmer-level — should be the standard for all future government agricultural
Al investment decisions.

Eruvaka's IFC investment, WayCool's institutional financing, and Fasal's commercial subscription
demonstrate that physical causal models are commercially viable in agricultural advisory. The argument
that rigorous causal modelling is too expensive for commercial deployment is refuted by these cases.
Causal quality is itself a commercial advantage: peer-reviewed outcomes attract institutional capital that
sustains scale, and advisory correct for the right reason retains customers more reliably than advisory
that performs only under stable conditions.

India has built extraordinary agricultural data assets that could power personalised causal advisory for
every farm household. Using these without farmer consent and without robust data sovereignty violates
India's legal requirements and undermines farmer trust. The Agricultural Data Passport — farmer-
controlled consent with instant revocation and public audit trail — is the governance foundation
without which personalisation cannot be realised legitimately or sustainably.

Every component of the causal advisory transformation described in this monograph exists today:
ICAR's mechanistic models, KCC's voice infrastructure, Bharat-VISTAAR's delivery architecture,
Eruvaka's dissolved oxygen physics, WayCool's spoilage thermodynamics, AgriStack's identity layer,
DPDP's legal framework. What remains is the policy decision to assemble them. India has done the
harder work of building the components. The transformation is the decision to connect them.

The NDVI Credit
Scoring Inversion
Must Be Corrected

Scale Without
Verified Outcomes
Is Infrastructure
Achievement,

Not Advisory
Achievement

Physical Causal
Models Are Both
Technically Superior
and Commercially
Viable

Data Governance
Must Precede
Personalisation

The Causal Advisory
Transformation s a
Policy Decision, Not
a Technology Wait



Chapter 11

ndia has built something remarkable. A decade

of public investment, private entrepreneurship,
institutional ~ capability = development,  and
international collaboration has produced an
agricultural Al portfolio of genuine breadth, genuine
technical quality, and genuine early impact. The
satellite systems providing independent national
production forecasts. The weather advisory service
delivering peer-reviewed yield improvements in
twelve languages at zero farmer cost. The aquaculture
platforms whose physical causal models produce
validated outcomes. The Kisan Call Centre whose
fifteen crore contacts demonstrate that equitable
advisory infrastructure is achievable. The soil health
data whose twenty-five crore samples have no peer
anywhere in the world. These achievements deserve
recognition not as a conclusion but as a foundation.

The analytical finding of this assessment is clear:
verified positive farmer outcomes at peer-reviewed
rigour are concentrated entirely in the applications
that use physical causal models or deterministic
expert rules — the 27 per cent of the portfolio
that reasons from mechanisms rather than from
statistical patterns. The 76 per cent of the portfolio
that uses pattern-matching approaches delivers
genuine value in appropriate domains but cannot
reliably generate causal advisory when conditions
change, which in Indian agriculture they constantly
do. This is not a verdict on what has been built. It is
a diagnosis of what must be built next.

The case for causal-deterministic advisory
is built on peer-reviewed evidence: Eruvaka's
dissolved oxygen physics, WayCool's spoilage
thermodynamics, CMFRI's oceanographic
modelling, IMD-AAS's weather-to-rule translation,
Wadhwani AI's Economic Injury Level pest
management. These systems work because they
are right for the right reasons. They tell farmers
what to do based on mechanistic understanding of

the systems governing their farm outcomes — not
based on patterns from conditions that may never
recur. In Indian agriculture's continuously evolving
landscape of new varieties, new pests, and changing
climates, being right for the right reason is not a
marginal advantage. It is the difference between
advisory that holds and advisory that fails precisely
when conditions depart from historical norms.

The opportunity before India is not to replace
what has been built but to build upon it. Voice-
enable ICAR's world-class mechanistic crop models
and deliver them through Bharat-VISTAAR's
excellent toll-free architecture, with ICAR-validated
rules replacing the LLM advisory engine. Extend
the Wadhwani AI architectural model — ML for
perception, causal rules for recommendation —
to crop disease, soil management, and irrigation
advisory. Correct the causal inversion in agricultural
credit scoring. Implement the Agricultural Data
Passport. Establish ICAR's Agricultural Al Validation
Centre. These are not aspirational. They are specific,
costed, institutionally feasible, and supported by the
evidence assembled across forty-one applications.

India has made the harder investments already.
The satellite systems took decades to build. The
soil data took years to collect. The KCC required
sustained  institutional =~ commitment  across
administrations. The peer-reviewed causal models
required agronomic science that ICAR has been
developing for generations. The transformation from
this foundation to a national causal advisory system
is, by comparison, an achievable and affordable
step — a policy decision rather than a technology
investment. And it would deliver to India's 140
million farm households the advisory intelligence
they need, that the evidence shows is achievable,
and that the nation has the capability to provide.
India has done the hard work. The transformation
is within reach.



Annex 1

Al Applicationsin
Indian Agriculture

How to Interpret This Table

Nine columns evaluate each of the 41 applications.

function. The analysis presents

readers to draw their own conclusions.

The table is organised into eleven clusters by advisory

documented
characteristics and scientific observations, allowing

1 | Application Name, = Identity and institutional origin
Organisation, Year
2 Cluster < Which of the eleven advisory clusters this application belongs to, and
its advisory role within it
3 AI/ML Type = The specific class of Al or machine learning used — CNN, LSTM,
NWP, rule engine, LLM, etc. — with a description of how it generates
advisory output
4 Role of Satellite / < Where satellite remote sensing fits in this system — primary data
Primary Data source, supplementary input, or absent — and what the actual
primary data sources are. Satellite is not present in all systems; this
column clarifies its specific role where it does appear
5 Strengths = What the system demonstrably does well, with reference to published
evidence where available
6 Weaknesses < Systematic architectural, coverage, and operational limitations stated
as scientific observations
7 Causal Limitations = Specifically which causal mechanisms the system does not model
— what it observes at the terminal end of a causal chain without
representing the mechanism that produced the observation
8 What Needs to Be < Specific, named technical developments that would extend the
Done system's advisory utility toward deterministic causal performance
9 Summary Assessment | = A synthesising paragraph that captures the system's contribution, its
architectural constraints, and the specific development path toward
more complete advisory
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Comprehensive Evaluation Table — All 41 Applications

CLUSTER | — Satellite & Remote Sensing Advisory (5 Applications)

FASAL I — Satellite & Multi-spectral ML Satellite is the National coverage of all 28
ISRO/IMD/IASRI Remote Sensing Regre'ssion — supervised PRIMA'RY data' source. states without exclusion —
learning on IRS IRS-series multispectral unprecedented reach for any
2015-2026 satellite imagery, NWP sensors provide NDVI, single agricultural Al system
meteorological data, and | LAI, and reflectance .
. . . . Sovereign ISRO
historical yield records bands. Time-series )
- . infrastructure removes
to produce district-level | stacking of 20+ years .
. commercial vendor
pre-harvest estimates of Resources at data
. dependency
forms the training
foundation. Satellite 20+ year satellite time-
overpass frequency and series provides the most
cloud cover directly comprehensive spectral-yield
determine advisory archive in India
labilitv.
availability Directly integrated into
PMFBY crop insurance for
automated loss assessment
Free access to all government
departments; peer-reviewed
methodology published
KSSCM I — Satellite & Statistical Change Sentinel-2 (ESA) 10-metre resolution is the
Kisan Suvidha Satellite Remote Sensing Detec‘gon — anorpaly and Resourcesat—‘z at highest routinely avall.able in
Crop Monitoring detection comparing 10-metre resolution any government satellite crop
NDVI/EVI/LAI against form the data advisory system in India
2016-2026 seasonal baseline; backbone. Satellite

thresholds trigger alerts
via mobile app delivery

provides the sole input
— no soil sensor or IoT
integration. At 10m,
each pixel covers 100
m? and may contain
multiple sub-plots on
highly fragmented
Indian holdings.

Cloud cover is a direct
operational constraint.

4 crore+ registered farmers
receive alerts at no cost via
Kisan Suvidha app

Automated change detection
removes the manual
interpretation bottleneck of
traditional remote sensing
advisory




A Weaknesses
(architectural &
operational)

Advisory outputs are at
district and state scale — no
individual farm receives
personalised guidance from
this system

Cloud cover during kharif
monsoon degrades imagery
precisely when rice and
cotton advisory is most
critical

Latency of 10-15 days
between satellite overpass
and actionable district
estimate prevents real-time
advisory

New crop variety releases
are outside spectral training
history — NDVI-yield
relationships learned for one
variety do not automatically
transfer to a new one

Reliance on a single spectral
channel (NDVT) compresses
multiple biological and
management variables into
one number

The system flags that
something has changed
spectrally — it cannot tell the
farmer what has changed,
why it changed, or what to do
about it

Sub-hectare plots are below
meaningful resolution: a
0.4-acre plot may occupy
one-quarter of a 10m

pixel, making plot-level
discrimination physically
impossible

© Causal
Limitations

© The statistical model learns

which NDVI trajectories
have co-occurred with which
yield outcomes historically
— it does not model the
biological chain: soil
moisture > root water uptake
- stomatal conductance

- chlorophyll activity >
canopy reflectance > yield.
Consequently, the same
spectral signature from two
farms with different varieties
or soil types generates the
same forecast despite having
different causal origins

© Reverse causality cannot be

distinguished: early harvest
due to economic distress
reduces NDVTI identically to
crop failure from drought.
The model treats both
situations as equivalent

© Government policy changes

— procurement revisions,
crop insurance scheme
changes — alter farmer
behaviour and therefore the
NDVI-yield relationship.
Statistically trained

models have no structural
mechanism to accommodate
these regime shifts

© Statistical anomaly detection

identifies deviation from
historical baseline without
attributing a cause. The
farmer who receives a "stress
alert" faces the complete
diagnostic challenge of
determining which of four or
five possible causes applies
to their plot — which the
system cannot resolve
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» What Needs
to be Done

>

Integrate DSSAT/APSIM
mechanistic crop growth
simulation alongside spectral
inputs so that variety-specific
physiological parameters are
modelled explicitly rather
than assumed constant across
all training varieties

Add a causal attribution
layer that uses soil moisture
satellite products, rainfall
data, and growth-stage
calendars to distinguish
drought stress from disease
stress from management-
driven anomalies in the
spectral signal

Reduce the update cycle to
near-real-time through SAR
satellite integration for cloud-
penetrating imagery during
kharif monsoon periods

Add a causal attribution
module that uses additional
inputs — satellite soil
moisture (SMAP/Sentinel-1
SAR), rainfall anomaly from
IMD, growth stage calendar
— to probabilistically
narrow the cause of each
spectral anomaly to 2-3 most
likely options with specific
advisory for each

* Summary
Assessment

FASAL has built the most
institutionally embedded crop
monitoring infrastructure in
India and delivers genuine value
to food security policy and crop
insurance administration. The
system excels within the range
of conditions its training data
covers: standard varieties in
well-represented regions under
typical seasonal patterns. The
architectural transition from
statistical spectral regression to
mechanistic crop simulation —
incorporating variety-specific
physiology and soil type —
would allow FASAL to serve
advisory roles at farm level
that its current design cannot
support.

KSSCM creates a valuable
first-mile signal: it tells farmers
and extension workers where

in India crop conditions are
deviating from normal. This
spatially distributed monitoring
capability has genuine public
value for early warning systems.
The system would benefit
substantially from a second layer
of causal reasoning that converts
the "something is wrong here"
signal into "here is the most
likely cause and the appropriate
response” — transitioning from
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e Available in regional
languages; covers both Rabi
and Kharif seasons

CHAMAN I — Satellite & Deep Learning Sentinel-2 and o First dedicated satellite AI
ISRO-NHB Remote Sensing Classification — CNN Resourcesat multi- system for horticultural
and LSTM applied temporal imagery intelligence in India — fills
2018-2026 to multi-temporal are the sole inputs. a statistics gap that ground
Sentinel-2 imagery Deep learning extracts surveys cannot address at
for crop-type pixel spectral-temporal national scale
classification; trained on | signatures sPec1ﬁc « Published accuracy above
labelled ground-truth to each horticulture . .
. . 85% in peer-reviewed NHB
horticulture polygons crop type. Satellite o .
. validation studies
provides area and
biomass proxy; no o Directly informs National
farm management Horticulture Mission
data or market data is production targets and
integrated. compensation schemes

o Covers high-value export
crops (mango, apple, banana)
with significant national
economic importance




A Weaknesses
(architectural &
operational)

> Drought stress, waterlogging,
pest infestation, and early
harvest produce similar
NDVI anomalies — the alert
is identical regardless of
cause

> No alert quality validation
study has been published;
false alert rate is unknown

» Smartphone-only delivery
excludes digitally excluded
farming households who may
need advisory most

> 15% misclassification
rate is not random — it
concentrates in north-eastern
states, tribal hilly areas,
and intercropped orchards
where training data is sparse,
systematically underserving
the most marginalised
horticulturalists

» New variety releases alter
spectral signatures; the
model generates biased
statistics for new hybrids
until the next model
retraining cycle, which may
lag by one to two full crop
seasons

» No farmer-facing interface
— outputs reach government
planners only; individual
orchardists receive no
advisory from this system

» Performance in intercropped
orchard systems is not
documented; mixed canopy
is a significant real-world
condition

© Causal
Limitations

© The same spectral anomaly in
different districts may reflect
structurally different events:
drought in a water-stressed
region and waterlogging in
a flood-prone region both
appear as NDVI decline. A
causal system would route
different advisories to each;
this system routes the same
alert to both

© Classification assigns a
label to a pixel based on
spectral similarity to training
examples. It does not model
why a mango orchard has a
specific spectral signature —
which depends on variety,
canopy age, pruning history,
and soil type. Consequently,
it cannot advise on what
management changes would
alter the spectral health
signal

© Orchard health classification
observes the terminal
spectral output without
representing the agronomic
management inputs
(fertilisation, irrigation,
pruning) that produced it
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» What Needs
to be Done

» Couple the alert system to
the KCC helpline routing so
that a KSSCM anomaly alert
automatically opens a KCC
advisory session with context
pre-loaded for the specialist

» Integrate sub-district
meteorological data to
stratify alerts by likely cause
before delivery

» Develop a farm management
advisory layer linked
to the orchard health
classification — encoding
ICAR horticultural package
of practices as explicit IF-
THEN rules that translate
a health classification into
a specific management
recommendation for the
detected crop type

» Extend ground-truth
validation to north-eastern
states and tribal hilly areas
through partnerships
with state horticulture
departments to close the
content coverage gap

» Create a direct farmer-facing
output interface, even at the
village level, so that orchard
health maps reach growers
rather than remaining
in government planning
systems

* Summary
Assessment

an anomaly detector to an
actionable advisory system.

CHAMAN has created genuinely
new national horticultural
intelligence, enabling NHM
planning and compensation
decisions that previously
depended on unreliable ground
surveys. The system's current
form is a valuable statistics and
monitoring tool. Extending it
toward farmer-level advisory
would require adding an
agronomic knowledge layer
that interprets spectral health
classifications in terms of their
likely management causes and
recommended responses — the
difference between telling a
planner "orchard health is
below normal in this district”
and telling a farmer "your
orchard shows stress consistent
with water deficit; here is

the recommended irrigation
schedule.”
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through ensemble
classifiers to produce
field-level credit and
insurance risk scores for
30+ financial institutions

at) forms the primary
observable. Time-series
spectral trajectory is
the core input — how
NDVI evolves across

a crop season. Satellite
provides the only
farm-level observation;
no management

data, market data, or
household income data
is included.

CropinSmartFarm I — Satellite & Supervised ML Multi-satellite fusion is Commercial-grade data
. Remote Sensing Ensemble — multi- the core differentiator: engineering achieving near-
Cropin Technology . . . . .
(B2B Commercial) source satellite fusion Sentinel-2 (free, 10m, real-time imagery processing
(Sentinel, Landsat, 5-day), Landsat-8 at national scale
2019-2026 Planet) with gradient (free, 30m), and Planet
. . Al farm boundary
boosting and random (commercial, 3m, . .
. . . delineation reduces the cost
forest for yield daily) are combined for N
- . . of farm digitisation for FPOs
prediction, health different resolution-
. and lenders
scoring, and farm frequency trade-offs.
boundary delineation; Satellite provides crop Adopted by major
continuous retraining health indices; no agricultural lenders (SBI,
ground IoT data is HDEFC Agri) with operator-
routinely integrated. reported NPA reduction in
enrolled portfolios
API architecture allows
embedding in third-party
platforms without direct
farmer acquisition costs
SatSure Sage I — Satellite & Probabilistic ML Multi-temporal Purpose-built for agri-
. Remote Sensing Risk Model — multi- commercial satellite credit risk — addresses a
SatSure Analytics .
temporal spectral imagery (Planet, documented gap where
2020-2026 trajectories processed Sentinel, Resources lenders have had no objective

farm-level assessment tool

Supports PMFBY loss
assessment with field-
level spectral evidence at a
scale that ground-survey
verification cannot match

30+ financial institution
adoption demonstrates
genuine market validation

RBI-compliant architecture
for agricultural lending
norms




A Weaknesses
(architectural &
operational)

» Subscription pricing
structurally excludes
individual smallholder
farmers — the system serves
institutions, not the farmers
it ultimately assesses

» No peer-reviewed accuracy
study for yield prediction has
been published for any Indian
crop; operator discloses yield
accuracy "varies considerably
by region and crop”

» Proprietary algorithm means
external scientific validation
is not possible — lenders
acting on risk scores cannot
independently verify the
model's assumptions

» Continuous retraining means
a farmer's risk score may
change between identical
seasonal conditions purely
due to model update — an
inconsistency that affects
lending decisions

» Risk scores are not disclosed
to the farmers being assessed
— they cannot understand,
contest, or improve their own
credit profile

» Chronically drought-
affected regions receive
systematically low scores
regardless of individual
farmer management quality;
geography proxies for
individual creditworthiness

» No false positive rate has
been published — the
proportion of legitimate
farmers incorrectly excluded
is unknown, which means
the equity impact cannot be
independently assessed

> No appeal mechanism has
been documented for farmers
whose credit applications are
declined based on Al scores

© Causal
Limitations

© Yield is the product of
four multiplicative factors:
variety genetic potential x
environmental modification
X management quality
x stress mitigation. The
spectral model collapses all
four into a single NDVI-
derived signal. It cannot tell
whether a yield prediction
reflects a well-managed farm
or a lucky season — and it
therefore cannot advise the
farmer which of the four
factors to improve

© Credit scoring from
spectral proxies means a
farmer who adopts a new
drought-tolerant variety
(changing their spectral
signature) receives a different
risk score, even if their
actual creditworthiness is
unchanged

© The causal chain from
biophysical stress to loan
default has four intermediate
links: stress event > yield
impact - farm income > debt
service capacity > default. The
model collapses all four into a
spectral-to-default statistical
association. A farmer who has
drought damage (biophysical)
and a farmer who has chosen
to under-irrigate for quality
reasons (management)
produce the same NDVI
trajectory but have different
creditworthiness — the model
cannot distinguish them

© Feedback causality: low
credit > reduced inputs >
lower yield > lower NDVI
- higher risk score > lower
credit. The model learns this
loop from historical data and
perpetuates it rather than
identifying it as a structural
equity problem
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» What Needs
to be Done

» Publish crop-level yield
accuracy benchmarks
with standard RMSE and
bias metrics for the most
common Indian crop-region
combinations, enabling
independent validation

» Add a causal factor
attribution layer that
identifies whether a
yield prediction is driven
by weather advantage,
management quality, variety
performance, or stress
mitigation — so that lenders
can distinguish temporary
weather-driven risk from
structural farm risk

» Develop a farmer-facing
advisory module built on
the same data infrastructure,
so that the farm intelligence
generated for lenders also
reaches the farmers whose
livelihoods it describes

» Publish false positive
rates transparently — the
proportion of eligible farmers
incorrectly excluded —
and establish a maximum
acceptable threshold that
triggers review

» Develop a farmer-accessible
risk profile that shows which
factors contributed to the
score and what changes
would improve it, giving
farmers agency over their
credit profile

» Extend the model to
incorporate household
income diversification
data from AgriStack and
alternative income sources,
so that creditworthiness
is assessed from the full
economic picture rather than
spectral crop health alone

* Summary
Assessment

Cropin has demonstrated that
commercial satellite intelligence
can meaningfully support
agricultural lending decisions

at scale. The institutional
adoption evidence is genuine.
The system'’s path toward more
complete validity would involve
publishing the accuracy evidence
that allows independent scientific
assessment, adding causal factor
decomposition to distinguish

the sources of yield variation,
and creating a pathway for the
intelligence generated about
farmers to reach those farmers
as advisory — completing a cycle
where farm data improves both
institutional and individual
decision-making.

SatSure has demonstrated

that satellite-based farm
viability assessment can reduce
information asymmetry in
agricultural lending — a
genuine contribution to a sector
where credit has been rationed
by physical collateral rather
than farm productivity. The
transition from a useful proxy to
an equitable credit assessment
requires three developments:
transparency about assessment
errors, farmer access to their
own profiles, and incorporation
of the economic causal factors
— income, household finances,
diversification — that determine
actual creditworthiness beyond
what satellite sensors can
observe.
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CLUSTER Il — Weather Intelligence & Climate Advisory (4 Applications)

component uses
published entomological
trigger thresholds,
making it partially rule-
based

is ingested for cloud
cover, sea surface
temperature, and

soil moisture. AWS
ground station network
provides ground truth
for validation. Satellite
is one of several NWP
inputs.

IMD Agromet Advisory | II — Weather NWP + Rule-Based Satellite contributes Covers all agricultural
Services (AAS) Intelligence Knowledge Matching soil moisture inputs districts in India — no
IMD-ICAR-MoAFW — N}mllerlcal Weather (SMAP, MODIS) geographlc exclusion; most
Prediction model as supplementary equitable coverage of any
2015-2026 outputs matched to data. Primary data advisory system in this study
ICA.R crop-stage souree s IMD y NWP ICAR validation documents
advisory rules; closest model, which is o
. . 8-15% yield improvement
to causal rule-based physically grounded in
. o X . for farmers who follow
architecture in this atmospheric dynamics. .
o . advisories — the most robust
cluster Satellite is a supporting . .
. outcome evidence in the
input rather than
- S weather cluster
primary driver in this
system. Delivers in 12 regional
languages via SMS and voice;
reaches farmers without
smartphones
ICAR knowledge base
provides genuine agronomic
science grounding, making
this more causally defensible
than purely statistical
weather-Al systems
Zero cost to farmers; 130+
district Agromet Field Units
provide institutional reach
Skymet Agriculture IT — Weather NWP-ML Ensemble + Satellite contributes 1-3 km resolution
Weather Intelligence Intelligence Entomological Threshold | to NWP through meaningfully exceeds IMD
Rules — proprietary assimilation of INSAT- district-level advisory for
h
Skyn.let Weather NWP enhanced by ML 3D, MODIS, and plot-level relevance
Services . .
downscaling to 1-3 Meteosat data. Indian Pest-pressure modelling uses
2018-2026 km grid; pest-pressure geostationary data P 8

published entomological
thresholds — a genuinely
causal component
distinguishing Skymet from
purely statistical weather
systems

API distribution to 50+
agribusiness platforms
achieves scale without direct
farmer acquisition

Rainfall prediction
independently validated
against AWS ground station
data — a genuine scientific
achievement




A Weaknesses
(architectural &
operational)

» District-level resolution
compresses eNOrmous agro-
ecological diversity into a
single advisory — farms with
heavy clay soils and sandy
loam soils receive identical
irrigation advice for the same
rainfall forecast

» Twice-weekly update cadence
is too slow for rapidly
developing extreme weather
events or pest outbreaks

» New crop variety releases
after the ICAR knowledge-
base update receive advice
calibrated for older varieties
with different physiological
thresholds

» The advisory assumes one
representative soil type and
one representative variety per
district

» Forecast accuracy in
orographic terrain (hilly and
coastal areas) is documented
as lower — a systematic
gap affecting a significant
farming population

» No peer-reviewed study has
validated whether Skymet
forecasts translate to better
agricultural outcomes than
district-level alternatives;
faster-updating hyperlocal
forecasts are a means, not a
proven end

» Proprietary algorithm cannot
be independently re-estimated
or tested — a scientific
transparency limitation

» Subscription cost creates
barriers to government and
NGO integration at full
national scale

© Causal
Limitations

© The ICAR rule layer encodes
"IF rainfall forecast is
below X mm at anthesis
stage, THEN irrigate" — a
genuine causal rule. But the
threshold X was calibrated
for a district-representative
soil, not for clay versus sandy
loam. The causal relationship
between rainfall and soil
moisture differs by a factor
of 3x between these soil
types, meaning the same
rule prescribes the wrong
intervention for a large
proportion of farmers within
the district

© Weather - soil moisture
- root zone availability >
crop water status - optimal
management: steps 2 and
3 are not modelled per
farm. The advisory bridges
directly from weather
forecast to management
recommendation without
simulating the farm-specific
soil-water dynamics in
between

© Pest-pressure models capture
the atmospheric trigger link:
conditions that favour fungal
sporulation or pest flight.
The downstream causal
chain — from atmospheric
trigger to local field
colonisation to actual crop
infection — involves host
plant susceptibility, natural
enemy populations, and field
management history that are
not in the model. Two farms
under identical atmospheric
conditions may have very
different actual pest pressure
based on their individual
agronomic histories
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» What Needs
to be Done

» Add soil-type
parameterisation as a
personalisation dimension: if
Soil Health Card soil texture
data is integrated with ICAR
advisory rules, irrigation and
fertiliser reccommendations
can be calibrated to
actual soil water-holding
characteristics rather than
district averages

» Integrate variety-specific
phenological thresholds
from the ICAR variety
characterisation database
so that advice for a new
drought-tolerant variety
is calibrated to its specific
physiological response, not
inherited from the previous
standard variety

» Extend pest-pressure
modelling to include
host plant phenology
(crop growth stage affects
susceptibility to specific
pathogens) and regional
natural enemy population
data, making the pest-
pressure advisory farm-
contextual rather than purely
atmospheric

» Publish independent
validation of agricultural
outcome improvements
attributable to the hyperlocal
forecast advantage over
district-level advisory, so
the science case for higher-
resolution weather advisory
is empirically grounded

* Summary
Assessment

IMD-AAS has the most
complete advisory architecture
in the weather cluster and the
strongest documented outcome
evidence in this study. Its ICAR
knowledge-rule foundation is
architecturally sounder than
any purely statistical ML
system. The system's evolution
is well-defined: personalise the
advisory to soil type and crop
variety, reducing the aggregation
error that occurs when district-
average parameters are applied
to individual farms with
different physical and biological
characteristics.

Skymet has advanced Indian
agricultural weather advisory

in two meaningful ways:
improving spatial resolution and
embedding entomological science
into pest-pressure modelling.

The pest-pressure component is
particularly valuable because it
encodes domain knowledge as
thresholds rather than relying

on pure statistical learning.
Extending this approach — using
more domain science rules
rather than more ML — would
strengthen the system's causal
validity and allow it to provide
crop and farm-specific advisory
rather than general atmospheric-
condition reporting.
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calibration

supporting role within
a larger multi-source
Al framework.

Meghdoot App II — Weather NWP + Rule-Based Satellite provides Institutional credibility of
IMD-ICAR-IARI Joint Intelligence ICAR Knowledge sup'pleme'ntary soil IMD, .ICAR, and. IARI jointly
Platform Matching — IMD moisture inputs to — unique combination
NWP forecasts matched | IMD-NWP. The app of meteorological and
2019-2026 to ICAR crop-stage itself is primarily a agronomic authority in one
knowledge base by knowledge delivery app
farmer-registered crop interface: the scientific .
A Personalisation by crop type
and location; the most content comes from and erowth stage makes the
causally grounded ICAR rules and IMD 8 8
) o . advisory more relevant than
farmer-facing app in this | NWP, not directly from .
. . generic weather reports
cluster satellite processing.
12 regional languages; free
access; zero smartphone or
data cost requirement
ICAR knowledge base
provides scientific grounding
that no purely ML advisory
app can match
IBM Watson IT — Weather Global ML Ensemble Satellite data (Landsat, Integrates weather, soil, and
Decision Platform for Intelligence — IBM's proprietary Sentinel, MODIS) crop decision support in one
Agriculture (India) multi-layer ML platform | contributes to soil and platform — technically the
IBM / Maharashtra & integrating weather, soil, crop model inputs. ¥BM mo~st C(.)mpr.ehenswe data
and crop models; global integrates commercial fusion in this cluster
Telangana Govt . : . ;
training data applied to satellite data alongside Enterprise-erade
2020-2026 Indian conditions; no AWS weather data. reli bﬁit ug time. and SLA
published India-specific Satellite plays a CHablity, uptume,

commitments suitable for
large agribusiness clients

Documented ROI metrics
for commercial cotton and
soybean value chain adopters
in organised agribusiness




A Weaknesses
(architectural &
operational)

» Soil type and variety are not
personalisation dimensions
— a farmer on heavy clay
and a farmer on sandy loam
receive identical advice for
the same weather forecast

» Offline functionality is
limited, excluding the most
remote farming households

» Download-to-active-
use retention rate is not
published; high download
numbers do not confirm
consistent advisory use

» Advisory quality is bounded
by IMD forecast accuracy,
which varies geographically

» No India-specific calibration
or validation study has been
published for any Indian
crop, variety, or agro-climatic
zone

» Enterprise pricing
structurally excludes all
smallholder farmers without
institutional subsidy

» Global training data is
heavily weighted toward
North American and
European commercial
farming — Indian
monsoon dynamics, local
varieties, and smallholder
management contexts are
underrepresented

» Azure cloud dependency
creates data sovereignty
concerns for long-term
government partnerships

© Causal
Limitations

© The ICAR rules represent the
average response of historical
field trials, not the response
of a specific farmer's variety
and soil. For a rice farmer
in Assam using a new
stress-tolerant variety on
waterlogged clay, the advice
is calibrated for a different
variety on different soil —
the causal mismatch may
lead to over-irrigation advice
on an already waterlogged
plot

© New varieties released after
the ICAR update cycle create
systematic advisory gaps
for early adopters who may
represent the most innovative
and productive segment of
Indian farming

© A model trained on
temperate commercial
agriculture is being applied
to tropical monsoon
smallholder systems —
structurally different causal
regimes in soil physics,
crop physiology, and farmer
decision-making. Sims
(1980) documented that
models estimated in one
structural regime fail when
applied to a different one.
Recommendations optimised
for a 500-acre Kansas
soy farm may be actively
misleading for a 1-acre
Vidarbha cotton farm with
entirely different constraints
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» What Needs
to be Done

» Integrate Soil Health Card
soil-texture data as a third
personalisation dimension
alongside crop and growth
stage — enabling water-
holding-capacity-adjusted
irrigation recommendations

» Add offline advisory
functionality with pre-
downloaded seasonal rules
for the registered crop and
location, so that farmers with
intermittent connectivity
receive consistent advisory
without depending on live
connectivity during critical
decision moments

» Conduct India-specific
mechanistic calibration using
ICAR trial data for the three
most important commercial
crops in each deployment
state, establishing a published
Indian performance
benchmark before
government programme
expansion

» Incorporate Indian
smallholder economic
constraints — credit
availability, family labour,
risk tolerance — as explicit
advisory variables rather
than assuming unconstrained
optimisation as in
commercial farming contexts

* Summary
Assessment

Meghdoot brings the most
institutionally authoritative
combination of meteorological
and agronomic science into a
[free, multilingual, farmer-facing
format. Its ICAR knowledge-base
foundation is one of the most
causally defensible advisory
architectures in this study.

The system's next evolution is
personalisation depth: extending
from two dimensions (crop

x growth stage) to four (crop

x growth stage x soil type x
variety) would dramatically
improve the accuracy of the
advisory for the individual
farmers who use it.

IBM Watson represents
sophisticated technology built
for a different agricultural
context. Its value in India is
demonstrated for organised,
commercial agribusiness chains
where the institutional and
economic context is closer to
its training domain. Extending
its utility to the smallholder
majority would require India-
specific mechanistic calibration
and the addition of economic
and social causal variables
that are absent from a system
designed for commercial farm
optimisation.
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CLUSTER lll — Crop Monitoring & Disease Detection (6 Applications)

Agri Entrepreneur

(AE) intermediaries
who verify AI
recommendations before
delivery; hybrid digital-
physical model

input alongside
farmer-submitted
photographs. Physical
field observation by
AEs supplements the
digital model.

Plantix III — Crop Convolutional Neural No satellite data. 2 crore+ registered Indian
PEAT GmbH Germany Monitor & Disease | Network (QNN) — Ground-level farmers — the larges.t ve.rlﬁed
. . deep learning image smartphone on-ground Al adoption in
(India Operations) e . : . .
classification trained photographs are the Indian agricultural advisory
2017-2026 illi - le i . The CNN
on 3 milliont geo soleinput. 1he C Published accuracy above
tagged smartphone processes RGB image
. 90% for the 50 most
photographs; inference patches extracted from . .
. prevalent diseases — meeting
runs on cloud servers farmer submissions. . N
. P clinical-level reliability
with results returned to Scale: from individual .
. standards for this subset
farmer device leaf to whole plant
canopy. Single photograph input; no
technical knowledge required
of the farmer
Free access in 10 Indian
languages; community peer
knowledge-sharing feature
DeHaat Disease & Pest III — Crop ML Classification No satellite data. Closes the diagnosis-to-
Management A Monitor & Disease | + Human Expert Ground-level crop input-delivery gap: AE
DeHaat Agri Services V.erlﬁcaFlon - MI.J images captured by network phy51c.ally delivers
disease identification Agri Entrepreneurs recommended inputs to
2018-2026 supported by trained form the primary farmer doorstep — the most

complete advisory-to-action
chain in this cluster

Serves Bihar, Jharkhand,

UP, and Odisha — states
underrepresented in most
digital agricultural platforms

State-specific knowledge
bases add local agronomic
context beyond generic
national recommendations

Independent evidence
documents input cost savings
for enrolled farmers




A Weaknesses
(architectural &
operational)

» Diagnostic accuracy for
diseases outside the top-
50 has not been published
— a systematic unknown
affecting a large portion of
the 400+ catalogued disease-
pest-deficiency combinations

» Recommendations are generic:
not calibrated to locally
available inputs, soil type, crop
variety, or growth stage

» Active user base is
documented as biased toward
urban and semi-urban
farmers (Biradar et al., 2020)
— raising coverage questions
for the rural majority

» No integration with
government extension or
input procurement systems;
the advisory chain terminates
at diagnosis

» Four-state coverage only —
the advisory value for the
remaining 24 states is absent

» AE intermediary quality
is variable and difficult to
audit at scale; the system's
effectiveness is bounded by
individual AE expertise

» Commercial input linkage
creates a structural conflict:
recommendations are
partially shaped by available
inventory, potentially
steering farmers toward
stocked products rather than
the agronomically optimal
choice

» No published diagnostic
accuracy rate — the
scientific reliability of
the ML diagnostic core is
uncharacterised externally

© Causal
Limitations

© Pathogen arrival >
germination - hyphal
penetration > colonisation
- visible lesion: the CNN
observes only the terminal
visual symptom. It cannot
advise on infection stage,
cannot distinguish early
from advanced infection,
and cannot tell the farmer
whether an intervention
is still within an effective
application window

© Nutrient deficiency
symptoms (particularly
nitrogen and iron deficiency)
visually resemble fungal
diseases — the CNN may
recommend a fungicide for
a condition that requires
fertiliser, producing a
reverse-causality error
with direct economic
consequences for the farmer

© Repeat disease occurrence
in the same plot across
multiple seasons is a causal
signal about underlying soil
health, variety susceptibility,
or water management —
the system advises on each
episode independently
without recognising the
cumulative pattern that
indicates a deeper agronomic
cause requiring systemic
intervention rather than
repeated episode treatment
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» What Needs
to be Done

» Develop a causal attribution
module that combines CNN
diagnosis with growth stage
data and recent weather
history to estimate infection
timing and advise on
whether the intervention
window is still open

» Extend the recommendation
layer from generic catalogue
advice to locally contextualised
guidance incorporating
available registered inputs, soil
type, and crop variety through
integration with eNAM
and state input registration
databases

» Create an extension worker
API that routes complex or
high-risk diagnoses to a KCC
specialist for expert causal
verification before the farmer
acts on the recommendation

» Encode experienced AE
causal reasoning into explicit
diagnostic rules — capturing
the local knowledge that the
best AEs apply when the ML
recommendation doesn't fit
the situation, so that causal
depth is reproducible across
the AE network regardless of
individual experience level

» Establish a transparent
separation between
agronomic recommendation
and commercial product
matching, with farmer-
visible disclosure of when a
recommendation includes
only stocked products versus
the full agronomic optimum

» Expand the knowledge base
to include multi-season
farm history so that repeat-
disease patterns trigger soil
health or variety-change
recommendations rather
than repeat treatment of the
same episode

* Summary
Assessment

Plantix has achieved the most
remarkable farmer adoption

of any agricultural Al system

in India. Its free, multilingual,
photograph-based diagnostic
capability serves 2 crore users
and delivers peer-reviewed 90%-+
accuracy for common diseases.
The system'’s next frontier is
completing the advisory chain:
moving from diagnosis to cause-
attributed, locally contextualised,
actionable management
guidance that tells the farmer
not just what the disease is, but
why it occurred and what specific
available inputs will treat it most
effectively.

DeHaat has made a structurally
important architectural choice:
the integration of physical Agri
Entrepreneurs who verify Al
recommendations and deliver
inputs closes the advisory-action
gap that renders most digital
advisory platforms practically
incomplete. The result is a system
whose farm-level impact is

more complete than technically
more sophisticated purely digital
systems. Systematically encoding
the causal reasoning of expert
AEs into the ML foundation —
while maintaining transparency
about commercial linkages

— would make this human-
grounded causal depth both
scalable and consistent.
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Wadhwani AI Pest
Surveillance

Wadhwani Institute
(Non-Profit)

IIT — Crop
Monitor & Disease

CV Trap Counting

+ EIL Rule Engine

— computer vision
counts pests on physical
sticky trap images; the

No satellite data.
Physical sticky trap
cameras are the data

source. This is ground-
level IoT + CV, not

Economic Injury Level
threshold is a structurally
validated causal rule from
entomological science — one
of the very few genuinely

refinement above this
physical foundation;
hybrid architecture

streams; ground-level
IoT sensors are the
primary irrigation
advisory data source.

2019-2026 advisory trigger is an remote sensing. Trap deterministic advisory
Economic Injury Level placement density components in this study
threshold derived from and geographic radius e
L . . Non-profit institutional
agronomic science — a determine spatial
o - structure removes
deterministic causal rule, | advisory coverage. .
. commercial bias from
not ML inference .
recommendations; pest
advisory is not conflated with
pesticide sales
Documented pesticide
reduction from evidence-
based spray timing — a
positive environmental
outcome
ICAR and state department
collaboration provides
scientific institutional
backing
Microsoft FarmBeats I — Crop Soil-Water Balance Satellite contributes Soil-water balance model
(India Pilots) Monitor & Disease | Physics Model + NDVI crop health has genuine physical causal
Microsoft Research ML OYerlay - the inputs .alongs1de grounding — one of th.e most
(Azure) irrigation advisory IoT soil sensors causally defensible advisory
component uses a and drone imagery. architectures in this study
2020-2026 hysicall Multi-
physically grounded u ti source sensor Water savings of 20-40%
soil-water balance model | fusion is FarmBeats . .
s independently peer-reviewed
(Management Allowable | distinguishing in IIT collaboration studies
Depletion threshold); characteristic. Satellite
ML adds statistical is one of three data Sub-metre drone imagery

provides within-field
resolution unavailable from
any satellite system

Strong academic validation
through IIT partnership adds
scientific credibility




A Weaknesses
(architectural &
operational)

>

Three pest species across
a limited number of pilot
farms — coverage is too
narrow for national pest
management relevance

Deployment density is
insufficient for regional-scale
surveillance; each trap covers
a limited spatial radius;
immigration events from
distant source populations
are not captured

Physical trap hardware
requires logistics and
maintenance budgets that
many state agriculture
departments cannot sustain
at scale

IoT hardware cost (Rs
15,000-40,000 per farm)
structurally excludes all
smallholder staple-crop
farmers

Five years of pilots without
commercial or government
programme scaling — the
system has not found a viable
deployment model at Indian
smallholder economics

Validation confined to
three crops in three states;
generalisation unestablished

Azure cloud dependency
creates data sovereignty and
long-term cost concerns for
government programmes

© Causal
Limitations

© The EIL threshold captures

the direct causal link
between local trap-counted
population density and
economic damage risk. The
indirect causal pathway —
atmospheric conditions
promoting long-distance
pest migration, natural
enemy population dynamics
that modify the damage
relationship, host plant
phenological susceptibility
windows — is not monitored.
These indirect causal factors
can make actual damage very
different from trap count
alone would suggest

© The MAD threshold models

the direct causal link from
soil moisture measurement
to irrigation trigger. The
downstream causal chain
— irrigation > optimised
stomatal conductance >
photosynthesis > carbon
assimilation - fruit
development > market
quality — is not modelled.
The system tells a farmer
when to irrigate but not
how irrigation management
translates to the quality
premium the produce will
command at market
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» What Needs
to be Done

» Expand the rule library

to cover the 20 highest-
economic-impact pests
across India's major crop
systems — the EIL threshold
architecture is replicable; the
constraint is entomological
calibration data for each
pest-crop combination

Develop a migration
monitoring layer using
low-cost atmospheric data
(wind direction, temperature
inversions) to flag when
regional pest pressure is
likely to exceed local trap-
density coverage

Partner with state
agriculture departments on
a cost-sharing model that
distributes trap hardware
costs across public pest
management infrastructure

Redesign the deployment
model around shared

sensor infrastructure: one
sensor cluster serving 10-15
adjacent farmers through

an FPO structure, reducing
per-farmer hardware cost to
within the economic range of
smallholder horticulture

Extend the advisory
downstream to connect
irrigation scheduling to
crop quality and market
price outcomes, creating an
economic feedback loop that
demonstrates the income
value of precision irrigation
management to farmers
considering the hardware
investment

* Summary
Assessment

Wadhwani Al's most important
contribution is architectural:

it demonstrates that a
deterministic causal threshold
rule — the Economic Injury
Level — can be operationalised
in an affordable, field-deployable
advisory system. This is the
correct template for agricultural
AL encode validated domain
science as explicit causal rules,
deploy through appropriate
sensing infrastructure, and
ensure commercial independence
so that advisory serves farmer
welfare rather than input sales.
Scaling this template across
more pest-crop combinations
would create the national pest
intelligence infrastructure India
lacks.

FarmBeats represents the most
causally grounded sensor-based
advisory architecture in this
study. Its soil-water balance
foundation is physically correct,
its peer-reviewed validation is
rigorous, and its documented
water savings are substantial.
The gap between technical
quality and practical impact is
economic: hardware cost makes
individual farm deployment
unviable for smallholders. The
solution is a cooperative sensing
model that amortises hardware
investment across multiple farms
— a business model challenge
that is more tractable than the
scientific challenge, which has
already been solved.
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Ninjacart AI Quality
Assessment

Ninjacart (Reliance
backing)

2021-2026

IIT — Crop
Monitor & Disease

Computer Vision
Grading CNN — trained
on large Ninjacart
internal dataset of
graded produce images;
classifies colour, size,
shape, and surface
defects; runs at 850+
collection points at point
of procurement

No satellite data.
Camera images
captured at physical
collection points are the
sole input. The system
operates entirely post-
harvest, at the point of
procurement, not in the
field.

Eliminates grader
subjectivity — consistent
grading standards across
850+ collection points
reduces arbitrary rejection
and arbitrary price variation

Trained on Indian produce
variety data rather than
international datasets

Integration with price
discovery creates
documented transparent
pricing linkages at collection

Operational at significant
commercial scale with
verifiable transaction
evidence

AgriWatch Drone-Al
AgriWatchAgrotech
2022-2026

IIT — Crop
Monitor & Disease

Multispectral ML +
Empirical Calibration
Curves — drone-
mounted NDVI/
NDRE/thermal sensors
with Al stress zone
classification; variable-
rate prescription

maps generated from
empirically calibrated
spectral-to-nutrient
relationships

No traditional satellite
data. Drone-mounted
multispectral sensors
(3-5 cm resolution)
replace satellite remote
sensing for within-field
mapping. The drone IS
the sensing platform —
a low-altitude mobile
satellite equivalent at
plot scale.

Sub-5cm resolution captures
within-field variability that

is invisible to any satellite
system — the most spatially
precise advisory in this study

Variable-rate prescription
maps are agronomically
sound in principle: applying
more nutrient where the crop
needs it and less where it
does not, reducing waste

Documented commercial
adoption and ROI in Punjab
and Haryana large-farm
sector; post-2021 regulatory
clarity enables commercial
scaling




A Weaknesses
(architectural &
operational)

» Primary benefit is supply
chain efficiency; farmer-
side income benefit is
indirect and has not been
independently verified with
farm-gate price data versus
non-enrolled comparisons

» Quality parameters are not
aligned with AGMARK
national grading standards
— grades generated do not
correspond to the regulatory
system that governs formal
market access

» Accuracy for non-standard
regional varieties is not
published; local cultivars
outside the training dataset
receive grades calibrated for
different varieties

» No advisory is provided on
how farmers can improve
quality — the system
classifies what has been
produced but cannot help
farmers understand why or
how to improve

» 5-acre economic threshold
structurally excludes
the majority of Indian
farmers, whose holdings are
predominantly sub-2 acres

» No peer-reviewed validation
of variable-rate prescription
accuracy against yield
outcomes for any Indian crop

» A dry day before flight
reduces canopy water content
and alters NDRE readings,
potentially prescribing
nitrogen for a field
experiencing transient water
stress — the physical reason
for the spectral reading
matters for the prescription,
not just the reading itself

» Aviation fuel emissions
per flight accumulate
meaningfully at commercial
scale

© Causal
Limitations

© Soil nutrition > cell wall
structure > fruit firmness
> visual quality grade: the
CNN observes only the
terminal visual output. It
cannot inform farmers which
management decisions
— fertilisation, irrigation
timing, harvest maturity
— produced the observed
quality grade, and therefore
cannot help farmers improve
quality in future seasons

© NDRE calibration curves
relate spectral index to
nutrient status through
empirical correlation for
a specific variety-season
combination. The causal
chain from soil nutrient pool
through root uptake through
xylem transport through
leaf concentration through
chlorophyll to NDRE value
has multiple links that are
each affected by variables
not in the model: soil pH
affects uptake efficiency;
mycorrhizal associations
affect root access; canopy
microclimate affects
reflectance. The same NDRE
value in two adjacent fields
with different soils may
indicate different actual
nutrient needs
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» What Needs
to be Done

» Build a farm-quality
feedback system that links
post-harvest quality grades
back to farm management
records, creating an evidence
base for which practices are
associated with higher grades
for each crop-variety-region
combination

» Align quality parameters
with AGMARK standards
or develop a transparent
concordance table that allows
farmers to understand how
Ninjacart grades map to the
formal grading system they
encounter in other market
channels

» Develop a shared FPO drone
service model that aggregates
smallholder plot coverage
so that precision sensing
economics become viable for
sub-5-acre holdings

» Extend calibration to include
soil-type stratification so
that NDRE-to-nutrient
conversions account for
known soil physical and
chemical properties rather
than assuming homogeneous
growing conditions across
the prescription map

* Summary
Assessment

Ninjacart's quality AI delivers
genuine operational efficiency to
the supply chain and consistent,
objective grading that reduces
the exploitation enabled by
subjective manual assessment.
For the system to deliver
proportional value to farmers,

it needs a feedback loop: quality
grades at collection point need to
flow back to farm management
decisions in the field. This
connection — from market
quality observation back to
agronomic management advice
— would transform a supply-
chain efficiency tool into a farm
improvement advisory system.

Drone-based multispectral
advisory delivers the most
spatially precise crop sensing
commercially available in India,
and variable-rate application

is the logical extension of this
precision. The system's economic
model currently restricts it to
large commercial farms. An
FPO-based shared service
model — where drone surveys
cover multiple smallholder
plots in a single flight — would
make this precision accessible

to India’s smallholder majority
while maintaining the economic
viability of the service.
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CLUSTER IV — Market Intelligence & Price Forecasting (4 Applications)

300+ agricultural
commodities; 7-day and
30-day forecast horizons

eNAM Price Intelligence | IV — Market LSTM Neural Network No satellite data in 1.76 crore registered farmers
Al Intelligence + Demand-Supply the price prediction — the world's largest digital
— - . Satelli i
Govt of India (MoAFW) ML — Long Short component Satellite agricultural marketplace by
Term Memory neural soil moisture and farmer count
2016-2026 networks trained on 20+ | FASAL crop production .
o . . Price transparency across
years of mandi arrival estimates may inform "
. . . 200+ commodities and
and price series; buyer- arrival forecasts as )
. . 1,361 mandis demonstrably
seller matching through supplementary inputs, . .
. . . reduces information
collaborative filteringon | but the core model is
S . asymmetry between farmers
transaction history entirely market-data
. and traders
driven.
Free access to all registered
farmers and traders;
government mandate ensures
comprehensive mandi
coverage
The mandi integration
infrastructure — digital
payment, quality grading,
logistics coordination
— is a genuine public
good that benefits the
entire agricultural trading
ecosystem
Agmarknet AI Price IV — Market LSTM Neural Network No satellite data. Pure 20+ year historical dataset is
Prediction Intelligence — Long Short-Term market time-series the deepest price time-series
Govt of India Me.mory model model. foundatlo'n aval.lable to'any
. trained on 20+ years of platform in India — private
(Directorate of S . .
. historical mandi price or public
Marketing) . .
series; commodity- 300+ commodities and
2018-2026 specific models for

3,000+ mandis — the
broadest coverage of any
price prediction system

Free public access removes
all commercial barriers;
government credibility
encourages farmer trust

Stable seasonal commodity
price patterns are reasonably
captured for planning
purposes




A Weaknesses
(architectural &
operational)

» Price forecasts fail
structurally during the
events that matter most:
government export bans,
import duty changes, MSP
revisions, and procurement
announcements create
instant structural breaks that
the LSTM cannot anticipate

» No commodity-level price
accuracy study has been
published; farmer decisions
are guided by forecasts whose
reliability is uncharacterised

» The 30-day forecast horizon
is too short for sowing
decisions on seasonal crops
— the most consequential
agricultural market decisions
happen 6-12 months before
harvest

» Uneven state adoption means
the marketplace functions
well in some states and
poorly in others

» Perishable commodity
accuracy is known to be
lower (NITI Aayog reviews)
— but perishables are
precisely the commodities
where price volatility causes
the most farmer harm

» The 20-year training window
spans multiple policy
regimes; the LSTM estimates
a blended relationship
that may not represent the
current policy environment

» No commodity-level accuracy
breakdown is published;
aggregate performance
claims mask the crops where
forecasts are weakest

> No uncertainty bounds are
communicated to farmers
— a probabilistic forecast
presented as a point estimate
can be actively misleading

© Causal
Limitations

© Agricultural commodity

prices are causally
determined by a multi-level
system: production volumes
> arrivals > mandi supply-
demand balance > trader
positioning > government
procurement -> consumer
demand - price. The LSTM
observes only the end-
point price series without
modelling any of the causal
mechanisms above it. A
government export ban
creates an instantaneous
price discontinuity with no
historical precedent — the
model has nothing to say

at the most consequential
moment

© A 20-year price series

contains hidden within it
every major policy change,
every weather shock, and
every structural market shift
of that period. The LSTM
averages over all of these
without identifying them as
distinct structural regimes.
As climate change and
agricultural policy reform
continue to alter the causal
structure of commodity price
formation, the historical
relationships will diverge
from current reality —
making the deepest historical
dataset simultaneously the
greatest asset and the greatest
source of structural bias
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» What Needs
to be Done

» Develop a policy signal

monitoring module

that tracks government
announcements — export-
import notifications, MSP
revisions, procurement
tenders — and translates
their directional implications
into advisory in real time,
independent of historical
price pattern extrapolation

Build a production estimate
integration layer that
combines FASAL crop area
estimates with seasonal
rainfall to generate forward-
looking supply indicators
that can anchor price forecast
uncertainty ranges rather
than presenting a single point
prediction

Integrate policy-sensitive
variables — government
procurement volumes,
export-import parity prices,
buffer stock levels — as
explicit inputs alongside
the price series, moving
from a univariate pattern
model toward a causal price
formation model

Publish per-commodity
accuracy metrics with
confidence intervals,
enabling farmers and
extension workers to assess
which commodities have
reliable forecasts and which
require additional caution

* Summary
Assessment

eNAM's price transparency
function is one of the most
valuable agricultural public
goods created in India —
showing farmers actual current
prices across 1,361 mandis.

This factual transparency does
not require ML and is reliable.
The price forecasting layer, built
on LSTM pattern extraction,

is valuable for stable seasonal
patterns but structurally unable
to handle the policy-driven
price movements that cause the
greatest farmer financial harm.
Separating and strengthening
these two functions — price
transparency (which works) and
causal price intelligence (which
needs structural modelling) — is
the priority development path.

Agmarknet's 20-year price
database is a national asset with
no commercial equivalent. The
platform delivers genuine value
for stable commodity seasonal
planning. Its development
priority is incorporating the
structural causal variables —
government policy, production
fundamentals, external
market conditions — that
determine price movements
independently of historical
patterns, particularly for the
perishable commodities where
price volatility most harms
smallholder farmers.
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scoring; the design
correctly identifies
financial constraint as
the causal root of distress
selling and addresses

it with credit alongside
price intelligence

AgriBazaar Al Trading IV — Market ML Recommendation No satellite data. SEBI-recognised warehouse
Platform Intelligence Engine + CV Quality Transaction history and receipt financing directly
. . Grading — collaborative | collection-point camera addresses the financial causal
AgriBazaar India . . . . . .
. filtering on transaction images are the primary root of distress selling —
(Online FPO market) . . .
history for buyer-seller inputs. farmers can borrow against
2020-2026 matching; CNN quality stored produce rather than
grading at warehouse selling at low prices
collectl‘on points; SEBI- Direct buyer-seller
recognised warehouse .
; . connection reduces
receipt financing . L
. . intermediation steps and
integration .
documented distress sale
frequency
Real-time price alerts
provide actionable market
intelligence during selling
decisions
Regulatory legitimacy
through SEBI recognition
adds institutional credibility
for lenders and buyers
Jai Kisan Arya Credit- IV — Market ML Price Trajectory + No satellite data. Most causally complete
Market AI Intelligence Credit Scoring (Dual Warehouse inventory market platform design in
. . System) — separate records, commodity this study: correctly identifies
Arya.ag (FinTech-Agri) ML models for price price feeds, and that distress selling is caused
2021-2026 trajectory prediction transaction data are the by financial constraint, not
and FPO/farmer credit primary inputs. information absence alone,

and provides warehouse
credit to address the binding
cause

Warehouse receipt credit at
lower rates than informal
lenders delivers direct
economic benefit to enrolled
farmers

Price prediction calibrated
to MSP and export policy
signals — more policy-aware
than pure historical LSTM
systems

FPO-linked model extends
the reach to farmer
collectives




A Weaknesses
(architectural &
operational)

» New commodity types with
no platform transaction
history receive no matching
recommendation — the first-
entry paradox excludes FPOs
entering the digital market
for the first time

» Predominantly serves
commercially sophisticated
farmers; smallholder
participation in practice
is low and has not been
independently documented

» Quality grading not aligned
with AGMARK — grades
generated do not correspond
to the formal regulatory
quality standard

» Digital literacy requirements
exclude a portion of the
intended beneficiary
population

» Warehouse infrastructure
required to access credit
is absent in many districts
where the advisory would
be most valuable — the
intervention addresses
the right causal root but
is limited by physical
infrastructure

» Price predictions for
government-regulated
commodities (wheat,
rice under MSP) face the
fundamental limitation that
procurement decisions are
exogenous policy events the
ML cannot anticipate

» Geographic coverage limited
to few states; the credit-
market integration that is the
platform's core strength is
not yet nationally available

© Causal
Limitations

© The recommendation engine
learns which historical
buyer-seller combinations
have succeeded — it does
not model the economic
mechanisms of commodity
market formation: buyer
risk preferences, grade
standards evolution,
logistics constraints. A
recommendation based on
historical matching patterns
may become systematically
wrong when market
structure changes

© The design's causal insight
— financial constraint
causes distress selling, credit
removes the constraint — is
correct. The price prediction
ML component, however,
remains statistically trained
on historical patterns.
The most consequential
price events (policy
announcements, production
shocks) break the historical
patterns at precisely the
moment when the platform's
advice about whether to hold
or sell matters most
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» What Needs
to be Done

» Develop a dedicated FPO
onboarding pathway with
assisted first-transaction
support so that first-
time digital market
participants receive matched
recommendations based
on declared commodity
characteristics rather than
requiring transaction history

» Publish independent
evidence on whether enrolled
farmers receive better prices
than comparable non-
enrolled farmers, providing
the economic outcome
evidence that would validate
the platform's farmer income
benefit

» Extend warehouse-and-credit
infrastructure to underserved
districts through
partnerships with state
government warehousing
corporations, since physical
infrastructure availability is
the binding constraint on the
platform's impact

» Replace the pure LSTM
price prediction with a
causal model that explicitly
incorporates government
procurement signals,
seasonal production
estimates, and export parity
prices as inputs, making
the holding advisory more
reliable during structural
market events

* Summary
Assessment

AgriBazaar has created a
functional digital commodity
marketplace with the structurally
important addition of SEBI-
backed warehouse receipt
financing — addressing the
financial causal barrier to
optimal selling timing. The
platform's impact would be
extended by three developments:
making it accessible to first-time
FPO digital market entrants,
publishing independent

income outcome evidence, and
developing a post-sale quality
improvement feedback loop that
helps farmers understand what
drives the grades they receive.

Jai Kisan Arya has embedded
the most important causal
insight in the market cluster into
product design: the constraint is
financial, not informational, and
credit is the intervention. This

is analytically correct and the
design reflects it. The platform’s
development priority is
extending the warehouse-credit
infrastructure to the districts
where the price-market advisory
has the highest value and lowest
current access, and strengthening
the price prediction component
with causal structural variables
that hold during the policy-
driven events that most affect
selling decisions.
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Al /ML
Type & Architecture

Role of Satellite
& Primary Data

Application
Name, Org, Year

Advisory
Cluster

v Strengths
(documented)

CLUSTER V — Supply Chain &Logistics (3 Applications)

Jio-BP AgriConnect

Reliance Retail / Farmer

V — Supply Chain
& Logistics

ML Demand Forecasting
+ Route Optimisation
— demand forecasting

No direct satellite
data in supply chain
advisory. Jio telecom

Jio telecom infrastructure
provides data density and
real-time market signal

Ed
8¢ via ML on Jio retail data density (network quality unavailable to any
2018-2026 transaction history; usage, mobility competing platform
col(.i-c_hair} rout.e pat_terns) provide§ 2 Cold-chain Al route optimi-
optimisation using unique demand signal .
L . . sation produces measurable
logistics algorithms; advantage unavailable . .
. spoilage reduction — docu-
procurement price to other platforms. .
o mented economic benefit
determination through
procurement ML Direct procurement
contracts reduce the number
of intermediation steps
between farm and retail
End-to-end JioMart retail
integration creates supply
chain visibility that enables
demand-matched production
planning
WayCool AI Perishables | V — Supply Chain | Arrhenius Decay No satellite data. Cold- 67% post-harvest loss
Logistics & Logistics Physics Model + ML chain IoT temperature reduction is independently
WayCool Foods (South Demand Fore?asting — sensors and retail document.ed with Targil .
India) freshness scoring uses demand data are the Nadu Agricultural University
the physically grounded primary inputs. The validation — the strongest
2019-2026 Arrhenius kinetic model | physical Arrhenius supply chain impact metric
(temperature history model is the most in this study
determines biochem.ical causally grounded Arrhenius freshness model
reaction rate determines component of any . .

. . . has genuine physical causal
shelf life); demand supply chain system in rounding — temperature
forecasting uses ML on this study. grounding peratu

. causes reaction rate causes
retail patterns ) L
quality decay; this is
deterministic physics, not
statistical inference
Documented procurement
price certainty for enrolled
farmers reduces income
volatility
TNAU academic partnership
provides rigorous local
variety calibration
NAFED Procurement V — Supply Chain | ML on Historical No satellite data. Government mandate gives
Intelligence AI & Logistics Procurement Patterns — | Mandi price series and AT recommendations direct
NAFED / Govt of India learns from past I.\I{XFED historical procure@ent pohgf traction Wlthout .
procurement decisions records are the primary additional adoption barriers
2020-2026 and market conditions; inputs.

the model estimates
patterns of

NAFED's large historical
procurement dataset
provides depth no private
platform can match



/A Weaknesses
(architectural &
operational)

» Farmer benefit depends
entirely on Reliance's
contract terms, which are set
from a position of structural
power asymmetry —
efficiency gains may not flow
to farmers proportionally

» No farm-gate price outcome
data has been published
comparing enrolled versus
non-enrolled farmer income

» Proprietary system; not
independently auditable;
coverage limited to Reliance's
procurement geography and
crop mix

> South India geographic
concentration limits national
relevance

» New produce variety with
different cellular composition
receives shelf-life predictions
calibrated for a different
variety — a systematic edge
case as new varieties enter
commercial production

» No farmer income
comparison study between
enrolled and non-enrolled
producers has been published

» Demand forecasting
ML component inherits
structural instability during
retail market changes

» The most consequential input
variable — the government's
political decision to intervene
— is exogenous to the price
series and not in the model;
the ML can identify when
conditions have historically

© Causal
Limitations

© The system is optimised
for Reliance's procurement
cost — this is the designed
objective function. A long-
term causal feedback loop
exists: fair procurement
prices > sustained farmer
investment in quality >
better supply quality >
lower rejection rates > lower
system cost - sustainable
supply chain. Optimising for
current procurement cost
without modelling this multi-
period causal dynamic may
create sub-optimal long-term
outcomes for both parties

© The Arrhenius model
correctly represents the
thermal causal mechanism
for quality decay. The
upstream causal chain —
pre-harvest management
decisions affecting cell wall
structure, mineral content,
and hydration status at
harvest — is not modelled.
Produce that arrives with
sub-optimal biophysical
characteristics from farm
management decisions will
follow the Arrhenius decay
from a lower starting point,
but the model treats all
produce equivalently at the
moment of measurement

© Price stabilisation causality
is well-understood in
agricultural economics:
procurement timing > supply
withdrawal > arrival decline
- price support > farmer
income. The ML model
learns correlations between
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» What Needs
to be Done

» Publish farm-gate price
outcomes relative to
comparable non-enrolled
farmers as a standard
transparency metric,
enabling independent
assessment of farmer-side
benefit

» Integrate demand forecast
outputs as production
planning advisory to enrolled
farmers, so that Jio's unique
demand intelligence also
helps farmers plan what
to grow and when —
completing a cycle where
supply chain intelligence
benefits both buyer and seller

» Extend geographic coverage
beyond South India using the
TNAU partnership model
— establishing equivalent
academic partnerships in
Maharashtra, Gujarat, and
Andhra Pradesh for local
variety calibration

» Develop a pre-harvest quality
advisory that connects field
management decisions to
the post-harvest quality
outcomes, creating a full
advisory chain from farm
management through cold
chain to market quality and
enabling farmers to improve
quality at source rather than
only managing decay after
harvest

» Replace the ML-on-past-
decisions architecture with
an explicit causal economic
model encoding the price
stabilisation decision criteria
— at what price level relative
to cost of production does

* Summary
Assessment

Jio-BP AgriConnect has created
real operational supply chain
efficiency, and the Jio data
advantage creates genuinely
superior demand intelligence.
The system'’s farmer-side value
would be strengthened by
transparent income outcome
data and by extending the
demand intelligence downstream
to farmer production planning
— turning a buyer-optimisation
system into a mutually beneficial
agricultural intelligence
platform.

WayCool has built the most
scientifically grounded supply
chain Al in this study. The
Arrhenius freshness foundation is
physically correct, independently
validated, and produces genuine
environmental and economic
benefit through the 67% loss
reduction. The platform's next
evolution is connecting the
physical model backward to
farm management decisions —
building a full advisory chain
that helps farmers understand
how their cultivation and harvest
practices determine the quality
trajectory that the cold chain
then manages.

NAFED's procurement Al
addresses one of India’s most
important policy challenges:
commodity price volatility that
simultaneously harms farmers
and consumers. The ML-on-
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politically constrained o Direct integration with
procurement behaviour Ministry of Agriculture
rather than the creates actionable advisory in
underlying economics of government decision-making
price stabilisation processes

e Dual objective — farmer
income support and
consumer price protection —
aligns with public interest

CLUSTER VI — Soil Health & Precision Agronomy (4 Applications)

Soil Health Card AI VI — Soil Health Agronomic Rule Satellite contributes e 22 crore soil samples
Recommendation & Precision Calculation + ML indirectly: district soil representing the world's
Engine Adjustment Layer maps and FASAL crop largest farm-level soil
Govt of India (MoAFW — core fertlhs.er area data supplenllent da.tabeiise — a national
recommendation uses the laboratory soil scientific resource of
/ ICAR) . . . .
the agronomically valid test inputs. The extraordinary value
2015-202 ient- i i i
015-2026 nutrient-gap ?alculaFlon primary data.source is o ICAR field trial studies
(measured soil deficit laboratory soil chemical

document yield improvement

X crop requirement = analysis — the most . .
o . and input cost reduction
application rate); ML direct measurement of .
. . for farmers following SHC
layer adjusts above this the relevant construct .
N, recommendations — robust
rule base in this study. .
outcome evidence
o Free access for all farmer
categories; direct integration
with PM-KISAN for digital
delivery
e Covers both macro and
micro-nutrients; the most
comprehensive soil chemistry
advisory available in India
ICAR Krishi-DSS VI — Soil Health Mechanistic Crop Satellite provides crop e The only application in
(Digital Agriculture & Precision Growth Simulation — area and phenology this study that explicitly
Mission) DSSAT/APSIM-based inputs. The primary models the causal biological
ICAR / MoAFW crop physlologlcal data sources are soil chalr.l fI‘OITI sowing through
models simulate the profile measurements, physiological development to
2018-2026 full causal chain from weather data, and ICAR harvest using DSSAT/APSIM
sowing to harvest; soil- field trial calibration — this is deterministic
water balance models databases. Satellite simulation, not statistical
represent the physics of plays a supporting role pattern matching

water movement; this in a mechanistically




A Weaknesses
(architectural &
operational)

triggered procurement, but
cannot predict when the
current government will
decide to act

» Model learns from politically
influenced past decisions
rather than from the
economic logic of price
stabilisation — it inherits
the decision patterns of past
administrations rather than
optimal economics

» System transparency and
auditability are limited; the
advisory basis is not publicly
available for scientific review

» Three-year update cycle
means recommendations are
based on soil data that may
be significantly stale for fast-
changing soil conditions

> Soil sampling quality varies
across states — output
recommendation quality is
directly bounded by input
sample quality, which is not
standardised nationally

» The recommendation calcu-
lates total nutrient application
but does not account for
plant-available fraction, which
depends on soil pH, organic
matter, and microbial activity

» Documented gap between
card delivery and farmer
action; card receipt does not
guarantee advisory uptake

> New variety releases require
genetic coefficient calibration
— a process that takes
years — creating systematic
advisory gaps for early
adopters of newly released
varieties

» KVK capacity is highly
variable; the quality of

© Causal
Limitations

market conditions and past
procurement decisions
without encoding this causal
logic. A rule-based system
encoding the economic
decision criteria would be
both more transparent and
more causally defensible

© Plant-available nutrient
fraction — what the crop can
actually access — differs from
total measured nutrient by a
factor determined by soil pH,
organic matter, and microbial
activity. A recommendation
to apply 120 kg N/ha may
produce very different
yield responses on a pH 5.5
acidic soil versus a pH 7.0
neutral soil, because nitrogen
availability is pH-dependent.
The recommendation engine
uses total measured nutrient
but does not model the
availability transformation
that determines whether the
applied nutrient reaches the
plant

© The Krishi-DSS models
biophysical yield outcomes
correctly. The economic
layer — input prices, credit
availability, market access,
risk tolerance — that
determines whether a farmer
can actually implement the
recommended management
practice is not modelled. A
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» What Needs
to be Done

procurement begin, at what
buffer stock level does release
begin, and how do import-
export parity prices modify
these thresholds

» Integrate real-time

»

production estimate data
from FASAL to give the
procurement advisory a
forward-looking supply
indicator, enabling proactive
rather than reactive buffer
stock management

Add organic matter and pH-
based availability adjustment
to the recommendation
engine: ICAR has published
the required soil chemistry
tables; encoding them as
rules would cost nothing
and would improve
recommendation accuracy
substantially for the high
proportion of Indian soils
with limiting pH or low
organic matter

Reduce the update cycle from
three years to one season

for participating farmers
through integration with
private-sector soil testing
laboratories that already
operate on annual cycles in
commercial farming districts

Develop a simplified farmer-
facing voice interface —
modelled on the Meghdoot
app delivery approach — that
translates DSS mechanistic
outputs into plain-language
advisory without requiring
technical intermediation,

so that the best available
agronomic science reaches
farmers directly

* Summary
Assessment

past-decisions architecture is a
reasonable starting point. The
platform’s evolution toward
more robust advisory requires
encoding the economic causal
logic of price stabilisation

as explicit rules rather than
learning it indirectly from
politically influenced historical
decisions — a transition from
inductive pattern matching to
deductive economic reasoning.

The Soil Health Card scheme has
created India’s most valuable
soil science database and the
agronomic calculation at its

core is conceptually sound. It
remains the most cost-effective,
widest-reach soil advisory
system in the world. Two specific
technical enhancements —
nutrient availability adjustment
for soil pH and organic

mattet, and annual update
cycles — would significantly
improve recommendation
accuracy without changing the
fundamental architecture. These
are engineering additions to a
sound foundation.

ICAR's Krishi-DSS is the
benchmark that all other
agricultural Al systems in this
study should aspire toward:
mechanistic crop growth
simulation that is deterministic,
explainable, scientifically
validated, and grounded in
decades of ICAR field trial data.
Its limitations are operational
rather than architectural — the
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is deterministic causal
simulation, not statistical
inference

grounded multi-source
system.

Same inputs produce same
outputs deterministically
within calibrated varieties
— the highest reliability
standard in this study

ICAR field trial database
provides the most
scientifically validated
agronomic calibration in
India

731 KVK Krishi Vigyan
Kendras provide institutional
last-mile delivery
infrastructure across every
state

Fasal AI IoT Irrigation VI — Soil Health MAD Threshold Physics | No satellite data. Farm- Management Allowable
Advisory & Precision Rule + ML Refinement level IoT soil moisture Depletion threshold is a
Fasal (India) — Management ' sensors (volumetric caus:?lly grounde.d soil
Allowable Depletion water content), leaf physics rule — direct
2020-2026 threshold for irrigation wetness, temperature, measurement of the relevant
trigger is a causally and humidity are physical construct, not a
validated soil physics the primary inputs. spectral proxy
rule; M].“ refines The physical sensor Water savings of 20-40%
scheduling around measurement replaces independentl ified
the threshold; hybrid satellite estimation with fndepencently verihe
deterministic-statistical direct ground-truth — among the strongest
architecture observation. docu.m e'nted .outcome
metrics in this study
Actual farm microclimate
data rather than regional
modelled estimates; advisory
triggered by physical reality
not statistical inference
Crop-specific calibration
validated for major
horticulture crops in three
states
Tata Rallis Parag AI VI — Soil Health Multi-Source ML Satellite NDVI from Multi-source integration
Nutrition Advisory & Precision Fusion + Rule Base Sentinel-2 adjusts provides more contextualised
Tata Rallis India + Commeréial Filter the agrqnomic rule advice than single-source
— soil nutrient gap calculation based systems
2021-2026 calculation (rule-based, on real-time canopy

causally valid) enhanced
by satellite NDVI (ML
statistical) and weather
adjustments (ML
statistical); commercial
portfolio filter applied
before recommendation
delivery

status. Satellite plays a
refinement role above
the soil chemistry
foundation.

Rallis agronomic research
foundation provides a
scientific basis for the
fertiliser reccommendations

5 lakh farmer reach through
established retail distribution
network — significant access
achievement




A Weaknesses
(architectural &
operational)

advisory delivered to farmers
depends on individual KVK
infrastructure and expertise
levels

» The DSS interface requires
trained agronomic expertise
to operate, making it
inaccessible without
technical intermediation

» ICAR components remain
fragmented; the integrated
DSS vision has not yet
produced a seamless farmer-
facing advisory experience

» IoT hardware cost (Rs
15,000-40,000 per farm)
excludes smallholder staple-
crop farmers entirely

» Coverage confined to high-
value horticulture in three
states; advisory for staple
crops (rice, wheat, pulses)
affecting the majority of
Indian farmers is absent

» Sensor drift degrades
reliability invisibly over
service life — the system has
no self-diagnostic capability
to alert farmers when sensor
readings are becoming
unreliable

> Battery replacement and
calibration maintenance
require field service visits that
are not routinely available in
remote rural areas

» Commercial portfolio
filter creates a structural
conflict between
agronomic optimality
and product availability
— recommendations are
shaped by stocked inventory
alongside scientific need; this
is not transparent to farmers
receiving the advice

© Causal
Limitations

recommendation to apply
150 kg/ha of fertiliser at a
specific timing is causally
complete from a crop
physiology perspective but
operationally incomplete

if the farmer cannot access
credit to purchase the input

© The MAD threshold causally
models soil moisture >
crop water stress with high
validity within its calibrated
domain. The downstream
chain — water stress
management > crop quality
- market price premium —
is not modelled. Fasal can
tell a farmer when to irrigate
but not how irrigation
timing precision translates
to the quality premium that
would justify the hardware
investment economically

© Optimal nutrient
management requires
considering organic matter
dynamics, microbial activity,
and multi-season soil health
trajectory alongside current-
season nutrient demand. A
recommendation optimised
for current-season yield
without modelling how that
application affects soil health
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» What Needs
to be Done

» Accelerate the genetic
coefficient calibration
pipeline through
partnerships with seed
companies and state
agricultural universities so
that new variety advisories
are available within one
growing season of variety
release rather than after a
multi-year calibration lag

» Develop a cooperative sensor
deployment model for FPO-
aggregated smallholder
clusters: one sensor cluster
serving 10-15 adjacent farms
reduces per-farmer hardware
cost to within staple-crop
economics

» Extend the advisory
downstream to connect
irrigation scheduling with
crop quality outcomes and
market price premiums,
creating an economic
feedback loop that
demonstrates the income
value of precision irrigation
management and builds the
business case for hardware
investment

» Establish a structural
separation between
agronomic advisory and
product matching: the
system should first compute
the agronomically optimal
recommendation, then
separately identify which
available products fulfil
that requirement — with
transparent disclosure to
farmers when the available
product match is partial

* Summary
Assessment

science is right. The development
priority is making this scientific
capability accessible to individual
farmers through simplified
interfaces, not improving the
underlying models which are
already the best available.

Fasal has built one of the most
physically grounded advisory
systems in Indian agriculture.
The MAD threshold architecture
is causally correct, the peer-
verified water savings are
substantial, and the approach

is theoretically extensible to

any crop-soil combination

with appropriate calibration.
The binding constraint on
impact is hardware economics.
A cooperative FPO-based
deployment model is the specific,
achievable development that
would extend these benefits to
the smallholder majority who are
currently excluded.

Tata Rallis Parag Al has created
a technically functional multi-
source nutrition advisory
reaching 5 lakh farmers. The
underlying soil nutrient gap
calculation is sound. The
system's primary limitation is
the structural conflict between
commercial and agronomic
objectives — inherent to an input
company's advisory platform.
Establishing transparent
separation between these
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o Three major commodity
crops (wheat, rice, cotton)
with documented agronomic
evidence

CLUSTER VIl — Agricultural Finance &Credit (3 Applications)
NABARD FarmSathi VII — Agricultural | ML Ensemble — Satellite | Satellite NDVIisa NABARD's institutional
Credit Intelligence Finance & Credit + Land + Repayment core credit scoring mandate makes this the most
History — combines input. This is the only influential agricultural credit
NABARD . . . . .
satellite NDVT crop cluster where satellite infrastructure in India — 1
2018-2026 health, land records, data is used to make crore applications validated
weather risk indices, and | financial rather than o .
o . . Satellite integration enables
historical repayment agronomic decisions — o
. L . farm viability assessment
data in an ensemble a significant expansion .
. - o beyond physical collateral,
credit scoring model; no | of the satellite's .
. ; . ) a genuine advancement for
causal economic chain original advisory role .
. . . smallholder credit access
is modelled between into consequential
these proxies and actual institutional decision- Documented NPA reduction
creditworthiness making. in pilot districts — evidence
that the system improves
lending quality for
institutions
Covers cooperative banking
typically excluded from
commercial fintech platforms
Samunnati Agri Value VII — Agricultural | ML on Transaction No satellite data. FPO-focused credit fills
Chain Finance Al Finance & Credit History + Price Trend Transaction history, a genuine gap — farmer

Samunnati Financial

2019-2026

Analysis — FPO and
agri-MSME credit
assessed through
commercial transaction
data, commodity price
trajectories, and supply
chain performance;
more causally

warehouse receipts,
and commodity

price trends are the
primary inputs — a
more economically
direct data foundation
than remote sensing
for enterprise credit
assessment.

collectives have historically
been excluded from
institutional finance despite
operating viable agricultural
enterprises

Transaction-data-based
assessment is more causally
direct than spectral proxies
for enterprise credit, since




A Weaknesses
(architectural &
operational)

» No independent third-
party validation of
recommendation optimality
relative to a neutral
agronomic standard has been
published

» Proprietary algorithm
prevents external scientific
review — the degree to
which commercial interests
shape recommendations
cannot be independently
assessed

» Long-term soil health
trajectory is absent from the
annual recommendation

» Credit scores are not
disclosed to the farmers
being assessed — they cannot
understand, improve, or
contest their own profile

> False positive rate (legitimate
farmers incorrectly excluded)
has not been published —
the equity impact cannot be
independently assessed

» Chronically drought-affected
regions receive systematically
low scores regardless
of individual farmer
management quality

> No appeal mechanism has
been documented

> South India geographic
coverage only — national
expansion has not occurred

» New FPO with no
transaction history cannot
be assessed — the first-
credit paradox excludes the
enterprises most in need of
initial capital to establish
themselves

© Causal
Limitations

in years 3-5 may produce
short-term performance
while eroding the soil's long-
term productive capacity

© Biophysical stress > yield
- income > debt service
> default: the model
collapses four causal links
into one spectral-to-default
association. It cannot
distinguish a farmer who
is experiencing temporary
weather stress from one
facing structural income
failure — yet these have
fundamentally different
credit implications. Feedback
causality: credit denial >
underinvestment > lower
yield > lower NDVI - higher
risk score > further credit
denial. The model learns and
perpetuates this loop

© FPO governance quality —
member cohesion, leadership
competence, democratic
process adherence — is the
most causally important
determinant of long-term
FPO viability and is entirely
absent from transaction-
based models. An FPO with
excellent transaction history
can have poor governance
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» What Needs
to be Done

» Add a soil health trajectory
monitoring function
that tracks changes in
organic matter, pH, and
micronutrient levels
across recommendation
cycles, extending advisory
from single-season yield
optimisation to multi-year
soil health stewardship

» Publish false positive rates
and establish a maximum
acceptable threshold that
triggers mandatory human
review for borderline cases,
protecting legitimate farmers
from systematic exclusion

» Provide farmers access to
their own risk profiles with
explanations of contributing
factors and achievable
improvement paths — giving
farmers agency over their
own financial profiles

» Incorporate household income
diversification data from
AgriStack alongside spectral
crop health, so that a farmer
with diversified income
sources is not penalised by a
single bad crop season

» Develop governance
quality indicators (member
meeting attendance, profit
distribution records, dispute
resolution processes) as
explicit credit scoring inputs
alongside transaction data —
capturing the most important
causal determinant of FPO
viability that financial history
alone cannot reveal

* Summary
Assessment

two layers, and publishing
independent validation
benchmarks, would allow

the genuine agronomic value
of the system to be assessed
independently of the commercial
interest and would give farmers
confidence that the advice they
receive is optimised for their
crops rather than for product
sales.

NABARD FarmSathi has
advanced the cause of data-driven
agricultural credit, replacing
pure collateral requirements

with farm viability assessment.
The institutional scale and
documented NPA improvement
are genuine achievements. The
transition to fully equitable

and causally valid credit
assessment requires transparency:
publishing false positive rates,
giving farmers access to their
profiles, and incorporating the
full economic causal picture

— income diversification,
household finances, management
quality — rather than reducing
creditworthiness to a spectral
proxy four causal steps removed
from the outcome being predicted.

Samunnati has built a credit
methodology specifically designed
for the institutional form — the
FPO — that represents Indian
farmers' collective economic
future. The transaction-data
foundation is more causally
appropriate for enterprise credit
than spectral proxies. Adding
governance quality assessment
alongside
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proximate to enterprise
creditworthiness than
spectral proxies

commercial history is a closer
proxy for commercial viability

Documented financial
inclusion of previously
unbankableagri-enterprises
— measurable social impact

South India depth with
Tamil Nadu, Andhra, and
Karnataka coverage

Digit Insurance AI Crop
Loss

Go Digit Insurance

2020-2026

VII — Agricultural
Finance & Credit

Post-Event Satellite ML
+ Weather Correlation
— satellite spectral
change after crop
damage events mapped
to loss magnitude
estimates for PMFBY
claim settlement;
weather station
correlation used for
validation

Satellite is the primary
post-event assessment
tool. Post-event spectral
change (NDVI before
vs. after damage event)
is the core input for

loss estimation. Cloud
cover timing relative to
damage event is a direct
operational constraint.

Settlement acceleration
from 60-90 to 15-20 days is
independently documented
— faster settlement after
crop loss events reduces the
period of farmer financial
hardship following disasters

Fraud reduction through
objective satellite assessment
addresses documented
human subjectivity in field
verification

Integration with PMFBY
infrastructure means benefits
flow through an existing
national programme without
requiring new beneficiary
enrolment

CLUSTER VIII — Extension Services & Advisory Platforms (4 Applications)

Kisan Call Centre
(KCC) AI Triage

Govt of India (MoAFW)
2016-2026

VIII — Extension
Services

NLP Classification

+ Knowledge Base
Retrieval — NLP
classifies farmer voice
queries into topic
categories and routes
to subject-matter
specialists; ICAR
knowledge base articles
surfaced to specialists
in real time; causal
agricultural advisory
delivered by human
experts, not by the Al
layer

No satellite data. Voice
queries and ICAR text

knowledge base are the
inputs.

5 lakh farmer queries per
month — the highest-
volume agricultural advisory
touchpoint globally

22 regional languages —
unique globally among
agricultural advisory systems

Voice access reaches farmers
without smartphones, data
connectivity, or digital literacy

Zero cost to farmers; human
specialist advisory provides
genuine causal reasoning that
no ML system can replicate




A Weaknesses
(architectural &
operational)

» Correlated default risk
during commodity price
shocks is structurally
underestimated: when a
commodity price collapses,
all FPOs in that commodity
experience simultaneous
financial stress that
individual-FPO models do
not capture

» No published credit default
accuracy study

» Sub-plot loss heterogeneity
is invisible to satellite assess-
ment — averaged satellite loss
estimates may under-com-
pensate heavily-damaged
plots while over-compen-
sating lightly-damaged ones
within the same field

» Post-event cloud cover pre-
vents satellite assessment
during monsoon season
events — precisely when
kharif crop damage occurs
most frequently

» No dispute mechanism for
farmers who disagree with au-
tomated assessments has been
documented

»> No published false denial rate
— the proportion of legitimate
losses incorrectly settled at
reduced amounts is unknown

» Al triage accuracy for
complex multi-issue queries
is limited — a query about
simultaneous soil, pest, and
weather concerns may be
routed to a single specialist
rather than the optimal
combination

» Rural telephony infrastructure
excludes the most remote
farming households — the
farmers most isolated from
advisory tend also to be those
most vulnerable

© Causal
Limitations

that creates the conditions
for sudden collapse; the
model cannot see this causal
factor

© PMFBY requires peril-
specific indemnity
calculation: drought,
flooding, and pest infestation
each trigger different policy
conditions. The ML maps
spectral change to loss
amount without identifying
the causal peril, creating a
legally ambiguous settlement
basis — the claim is settled
on a spectral proxy rather
than on the policy-specified
causal event

© The Al triage layer correctly
does not attempt causal
advisory — it classifies
and routes, which is what
NLP does well. The causal
agricultural advisory is
delivered by human subject-
matter specialists who can
reason about novel situations,
unusual combinations, and
locally specific conditions
that no training dataset
has covered. This is the
architecturally correct
division of responsibility
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» What Needs
to be Done

» Stress-test credit models
against simulated correlated
commodity price shocks
to characterise tail risk
more accurately and to set
appropriate credit limits for
concentration risk in single-
commodity FPO portfolios

» Develop a peril attribution
layer that uses IMD rainfall
data, soil moisture products,
and pest surveillance data
to attribute spectral damage
to its most probable causal
origin, aligning the loss
assessment with PMFBY's
peril-specific indemnity
structure

» Establish an accessible, time-
bounded dispute mechanism
through which farmers can
flag assessments they believe
are inaccurate, with a defined
review timeline and an
independent adjudicator for
contested claims

» Integrate AgriStack farmer
profile data into the specialist
interface so that incoming
calls automatically surface
the farmer's registered
crops, location, and soil
health card data — reducing
the information gathering
time and enabling more
personalised expert advisory
from the first call

» Develop quality feedback
loops that capture which
specialist advisories led

* Summary
Assessment

transaction history would
capture the most important
causal predictor of FPO success
that financial data alone cannot
reveal, and stress-testing against
commodity price shock scenarios
would produce credit limits that
are robust during the systemic
events that most threaten FPO
financial health.

Digit's automated claim system
delivers genuine welfare benefit
through faster settlement,

and fraud reduction through
objective assessment serves the
programme’s integrity. The two
developments most needed are
causal peril attribution — so
that settlements align with
policy terms rather than spectral
proxies — and a transparent
dispute mechanism — so that
farmers who receive incorrect
automated assessments have

a structured pathway to fair
resolution. Both are additions to
a functional system rather than
redesigns of the core architecture.

KCC has achieved what no purely
automated system has replicated:
free, voice-based, 22-language
expert advisory at national
scale. Its human specialist

model provides genuine causal
reasoning depth that ML cannot
match. The system's Al layer is
correctly scoped to classification.
The development priority is
enriching the specialist advisory
environment — giving human
experts better tools to provide
personalised, outcome-tracked,
causally grounded advice.
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AgroStar Al Advisory VIII — Extension ML AI + Human Satellite crop health 7 million active app users
Platform Services Agronomist Verification | data supplements — the largest commercial
- level di . .
AgroStar Agri (B2C Al gerllerate§ gll‘ound eve d1se%ase farn'1er advisory platform in
. personalised disease, diagnostics. Sentinel-2 India
Agritech) . .
pest, and nutrient NDVI is one of Human aeronomist
2018-2026 recommendations; several inputs into . 8 .
. . verification adds genuine
human agronomist the recommendation . o
o . . causal correction capability
verification before engine alongside
. . . . that purely automated
delivery; input delivery weather, location, and .
. . systems cannot provide
integration completes crop stage.
the advisory-action Advisory-to-input-delivery
chain; hybrid Al-human integration closes the action
architecture gap that leaves most advisory
platforms practically
incomplete
FPO integration extends
reach to farmer collectives
across four states
iKhedut Gujarat VIII — Extension Rule-Based Eligibility No satellite data. Addresses welfare scheme
Government Portal Services Engine + ML for Land records, crop awareness gap directly
. Borderline Cases — registration, and farmer — most eligible farmers
Govt of Gujarat L . . .
welfare scheme eligibility | social category data are miss entitlements due to
2019-2026 determination uses the primary inputs. complexity barriers, not

rule-based logic for
standard cases (most
causally appropriate for
legal determination);
ML applied to
borderline cases
introduces probabilistic
uncertainty into what is
fundamentally a binary
legal question

disqualification

1 crore+ annual interactions
confirms adoption at scale in
Gujarat

Gujarati and Hindi language
interface

Integration with land records
and PM-KISAN provides
verified data foundation for
eligibility determination




A Weaknesses
(architectural &
operational)

» Advisory is not personalised
to individual farm profile,
soil type, or crop history

» Call centre capacity creates
documented wait times
during peak planting and
harvesting seasons

» Human agronomist capacity
is the binding scalability
constraint — the most
causally valuable component
is also the least scalable

» Commercial input linkage
creates a structural advisory-
commercial conflict that the
farmer cannot independently
assess

» App dependency excludes
farmers without smartphones
in the portions of the target
population without digital
access

> Advisory consistency across
the agronomist network is
not independently audited

» Gujarat-specific only — no
national replication despite
demonstrated value and
replicable architecture

» Tenant farmers and informal
cultivators without registered
land records face systematic
exclusion from a system
designed to serve them

» Scheme rule maintenance bur-
den is high as policy changes;
outdated rule implementations
create advisory gaps between
policy announcement and sys-
tem update

» Digital literacy gap limits
self-service uptake for older
farmers

© Causal
Limitations

© Repeat disease in the
same farmer's plots across
multiple seasons is a
cumulative causal signal
about underlying soil health
or variety susceptibility.
The system advises on each
episode independently
without building a causal
narrative across seasons that
would enable the farmer to
address the root cause rather
than repeatedly treating
symptoms

© Welfare scheme eligibility
is a deterministic legal
determination — a farmer
either meets criteria or
does not. Applying ML to
borderline cases introduces
probabilistic outputs to a
binary legal question. A
transparent rule engine that
applies the same legal criteria
consistently, flags genuinely
ambiguous cases for human
review, and provides farmers
with explicit explanation of
which criterion they meet
or fail would be both more
accurate and more equitable
than ML uncertainty for legal
entitlements
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» What Needs
to be Done

to improved outcomes —
building a systematic
knowledge base from human
expert advisory that can be
encoded as rules for future
automated advisory support

» Encode the causal
reasoning that experienced
agronomists use to
override or contextualise
Al recommendations into
explicit rules — capturing the
local knowledge embodied in
expert overrides and building
it into the ML foundation
to reduce dependence on
individual agronomist
availability

» Establish a structural
separation between
agronomic advisory and
commercial product
matching, with visible
disclosure to farmers when
recommendations are
constrained to available
inventory

» Replace ML for borderline
cases with a transparent rule
engine that specifies the
legal criteria and provides
the farmer with an exact
explanation of which
criterion is met or not met,
with a documented pathway
to correct their records if the
determination is based on
incomplete data

» Develop a national
replication package that
codifies the iKhedut
architecture — rule engine,
language interfaces, data
integrations — for rapid
deployment in other states
where the welfare navigation
gap is equally significant

* Summary
Assessment

AgroStar has made the most
important architectural choice
in the commercial extension
cluster: human agronomist
verification means the system's
advisory quality is bounded by
expert judgment, not by ML
training data. This hybrid design
is more valuable than technically
superior purely automated
alternatives. Systematically
encoding expert override
reasoning into the ML base —
making causal depth scalable

— and establishing commercial
transparency are the specific
developments that would extend
this quality to the full 7 million
user base.

iKhedut has demonstrated at

1 crore annual interactions

that welfare scheme navigation
Al can achieve significant

scale and genuine farmer

benefit when designed with
appropriate language support
and data integration. The rule-
based eligibility architecture is
conceptually correct for legal
determinations. Replacing

the ML borderline case
component with transparent rule
application, and developing a
national replication pathway, are
the two developments with the
highest potential impact.
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Application
Name, Org, Year

Bijak AI Trade
Intelligence

Bijak Agri (B2B Agri
Trading)

2020-2026

Advisory
Cluster

VIII — Extension
Services

Al /ML
Type & Architecture

Factual Price Display

+ ML Matching + ML
Credit Scoring — mandi
price display is factual
reporting (not ML);
buyer-seller matching
and trader credit scoring
are ML on transaction
history

CLUSTER IX — Aquaculture & Fisheries Al (3 Applications)

MPEDA MAIS
Aquaculture
Intelligence System

MPEDA-NACA
2018-2026

Eruvaka Smart
Aquaculture Al

Eruvaka Technologies
(India)

2019-2026

IX — Aquaculture
& Fisheries

IX — Aquaculture
& Fisheries

Causal IoT Threshold
Rules + ML Disease
Risk — DO, pH,
ammonia thresholds
are causally validated
aquaculture science
rules (deterministic);
ML component
models complex multi-
parameter disease risk;
the core advisory is rule-
based, not ML

Biological Calculation +
ML Biomass Estimation
— feeding quantity =
biomass x stage-specific
feeding rate is a direct
biological calculation,
not ML; automated
aeration applies a
physically grounded DO
rule; ML is used only for
camera-based biomass
estimation

Role of Satellite
& Primary Data

No satellite data. Live
mandi price feeds and
transaction history are
the primary inputs.

No satellite data. IoT
sensors in the pond
water are the primary
inputs: dissolved
oxygen, pH, ammonia,
temperature, salinity
measured at 15-minute
intervals. Ground-truth
physical measurement
replaces remote
estimation.

No satellite data. IoT
buoys and camera
systems in the pond

are the data sources.
End-to-end hardware
automation in the pond
environment is the
defining characteristic.

v Strengths
(documented)

Mandi price display
component is factual
reporting of actual prices

— high inherent accuracy
because it does not model or
forecast, it reports

Addresses the trader segment
absent from farmer-focused
platforms — improving
trader information quality
benefits farmers indirectly
through better price
negotiation environments

SME trader credit scoring
unlocks working capital

that improves supply chain
financing for the grain sector

48-72 hour disease early
warning is a validated causal
prediction from aquaculture
science, not a statistical
forecast — one of the very
few genuinely deterministic
causal predictions in this
study

DO threshold - gill hypoxia
causal chain is structurally
identified from aquaculture
physiology

FCR improvement
independently documented

MPEDA export quality
compliance integration
creates direct value for the
commercial shrimp industry

FCR improvement of
15-20% independently
documented across 4,000+
farms — the most robust
quantitative outcome
evidence in the aquaculture
cluster

Biomass X feeding rate
calculation is biologically
grounded, not ML — one of
the most defensible causal
calculations in this study



A Weaknesses
(architectural &
operational)

» Primary user base is traders;
documented farmer benefit
is indirect and has not been
independently measured

» North India concentration
means structural market
characteristics of other
regions are outside the
training coverage

» First-time traders without
transaction history cannot
be scored or matched —
systematic exclusion of new
market entrants

» Hardware cost (Rs
80,000-1,50,000 per pond)
excludes smaller aquaculture
operations from the
technology that delivers
proven disease prevention

» Freshwater species and
brackish-water polyculture
not covered

» Sediment layer H,S
accumulation — a major
cause of late-stage shrimp
mortality — is not monitored
by water-column sensors

» Hardware cost remains
prohibitive for smaller
aquaculture operations

» Network connectivity failure
disables automated physical
controls — automated
feeders and aerators
stop functioning when
connectivity is lost in remote
coastal environments

» Freshwater and fish species
not covered

© Causal
Limitations

© The mandi price display is
causally clean — it shows
actual prices, requiring no
modelling. The matching
and credit components face
standard ML structural
instability: new market
participants, new commodity
grades, and logistics changes
represent regime shifts for
which historical transaction
patterns are not predictive

© The water column DO
threshold causally predicts
the gill hypoxia pathway.
The sediment indirect
pathway — organic matter
decomposition > anaerobic
sediment > H,S diffusion >
gill irritation > susceptibility
— operates on a different
timescale and is invisible to
water column monitoring
alone. This is a systematic
causal gap for late-stage
mortality events

© Camera-based biomass
estimation is probabilistic
ML — a stunted batch with
abnormal morphology
produces an anomalous
image-to-biomass
relationship outside the
training distribution,
generating incorrect feeding
quantities. Sediment layer
organic loading > anaerobic
decomposition > H,S
diffusion — the most
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» What Needs
to be Done

» Extend price transparency to
include agricultural produce
sold to industrial buyers and
exporters — markets where
information asymmetry is
even greater than in mandis

» Develop a commodity-
specific advisory layer that
helps market participants
understand the structural
factors driving price
movements (seasonal
patterns, government
procurement timing,
weather-production
relationships) rather than
only showing current prices

» Extend sensor suite to
include bottom-water
dissolved oxygen and H,S
monitoring to capture the
sediment indirect causal
pathway that is currently
the primary undetected
mortality driver

» Develop a modular lower-
cost sensor configuration
targeting small and medium
aquaculture operations,
reducing the per-pond entry
cost to within the economic
reach of the operators most
likely to benefit from disease
early warning

» Develop a sediment oxygen
monitoring extension
that completes the causal
coverage from water column
to pond bottom, addressing
the indirect H,S mortality
pathway that currently
cannot be detected before it
triggers disease events

» Create a connectivity-
resilient offline mode that
allows automated hardware

* Summary
Assessment

Bijak's factual price display is

its highest-validity component
precisely because it reports reality
rather than modelling it. This
transparency benefit is genuine
regardless of the matching and
credit scoring components.

The platform'’s broader impact
would be extended by connecting
price transparency to the
structural factors that drive price
formation, helping both traders
and farmers understand not just
what prices are today but why —
which is the advisory question
that enables better decisions
about whether to sell, hold, or
seek alternative buyers.

MPEDA MAIS represents

one of the most causally
complete advisory systems in
this study: validated causal

rules grounded in aquaculture
science, deterministic threshold
outputs, peer-validated disease
prediction, and documented
FCR improvement. It is a
demonstration that deterministic
causal advisory works and
delivers measurable farm-level
benefit. Extending the sensor
coverage to sediment monitoring
and reducing hardware cost

for smaller operations are the
specific developments that would
extend this proven approach to
the full aquaculture sector.

Eruvaka has validated what the
aquaculture sector needed to
see: that automated, biologically
grounded pond management
produces measurable FCR
improvement at 4,000+ farm
scale. The biomass x feeding
rate calculation is the right
architectural model — domain
science encoded as calculation
rather than ML inference.
Extending this architecture to
sediment monitoring and
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End-to-end automation
reduces labour dependency
and eliminates human error
from feeding and aeration
management

Active 4,000+ farm user
community provides a data
ecosystem for continuous
calibration improvement

CMFRI Fish Catch
Prediction & PFZ Al

CMEFRI/ INCOIS
2020-2026

IX — Aquaculture
& Fisheries

Physical Oceanography
Model + ML Species
Distribution —

PFZ mapping uses
physically grounded
SST-chlorophyll-fish
aggregation relationships
from marine ecology;
ML models species
distribution within the
physical framework;
stock assessment adds
ML catch history
analysis

Satellite is the

PRIMARY data source.

MODIS, INSAT-3D,
and ocean colour
satellites provide sea
surface temperature,
chlorophyll-a
concentration, and
ocean productivity
maps. Satellite
oceanography is the
foundation of PFZ

mapping.

20-30% fishing vessel fuel
savings independently
documented — the

most calculable positive
environmental contribution
in this study

Physical oceanographic causal
chain (SST > chlorophyll >
phytoplankton - zooplankton
- fish aggregation) is
structurally grounded in
marine ecology science

INCOIS delivery
infrastructure provides reliable
multi-lingual coastal broadcast
to fishing communities

Stock assessment methodology
is peer-reviewed by CMFRI

CLUSTER X — Government, Policy & Welfare Platforms (4 Applications)

PM-KISAN Al
Verification

Govt of India (MoAFW)

2017-2026

X — Government
& Welfare

ML Fuzzy Matching
+ Multi-Database
Cross-Reference —
probabilistic name
and identity matching
across Aadhaar, land
records, and income
tax databases; ML
applied to a task that
is fundamentally a
deterministic legal
eligibility determination

No satellite data.
Government
administrative
databases are the
primary inputs.

2 crore+ ineligible entries
corrected — documented
protection of programme
integrity at national scale

11 crore beneficiaries
reached; multi-source
verification provides robust
fraud detection

Government mandate
ensures comprehensive
coverage across all states

Free to eligible farmers;
no technology cost to
programme beneficiaries




A Weaknesses
(architectural &
operational)

> Sediment quality
management not yet
integrated

» Northeast coast accuracy
documented as lower than
west coast — systematic
coverage gap

» Deep-sea fishing community
connectivity limits alert
reach where fuel savings
would be most economically
significant

» Climate change progressively
shifts PFZ patterns
outside historical training
distribution

» Illegal and unreported
fishing distorts catch data
used for stock assessment

» False positive rate (legitimate
farmers incorrectly excluded)
has not been published — the
equity impact on eligible
households cannot be
independently assessed

» Excluded farmers are not in-
formed of the specific reason
for exclusion or given a clear
pathway to correct their re-
cords

» Marginal farmers with
informal land documentation,
women with undivided joint
records, and recent inheritors
face systematic exclusion

» Appeal mechanism is
operationally slow and
inaccessible for rural
households without
administrative support

© Causal
Limitations

common pathway to late-
stage mortality — is not
monitored

© Surface satellite observations
cannot capture fish behaviour
at depth. Fish below the
thermocline are influenced
by deep-water conditions
that surface remote sensing
cannot observe. Diurnally
migrating species are at
surface level during certain
hours and at depth during
others — the PFZ prediction
based on surface conditions
at satellite overpass time may
not represent conditions at
the depth and time of actual
fishing

© PM-KISAN eligibility
is a deterministic legal
determination: a farmer
meets the criteria or does
not. Applying probabilistic
ML to this question
introduces stochastic
uncertainty where there is
none in the underlying legal
structure. A deterministic
rule engine that applies
legal criteria consistently,
flags genuinely ambiguous
cases for human review,
and provides farmers with
explicit explanations of
which criterion they meet or
do not meet would be more
accurate, more equitable,
and more auditable than ML
fuzzy matching for binary
legal entitlements
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» What Needs
to be Done

to continue operating on
locally stored advisory

rules during connectivity
outages — critical for coastal
aquaculture farms where
network reliability is variable

» Integrate Argo float
temperature and salinity
profile data to characterise
subsurface ocean conditions
and extend PFZ prediction
to fish-relevant depth layers
rather than only surface
conditions

» Develop connectivity
infrastructure for deep-sea
fishing communities through
coastal relay stations,
extending the documented
20-30% fuel savings to the
offshore fishing sector that
currently cannot receive
alerts

» Publish false positive rates
and establish a maximum
acceptable exclusion error
threshold — beyond which
excluded cases are routed to
mandatory human review
before finalisation

» Provide every excluded farm-
er with a specific, plain-lan-
guage explanation of which
data record appears inconsis-
tent, and a defined, accessible
process to correct records
within a specified timeframe

» Replace ML for standard
eligibility cases with a
transparent rule engine;
reserve human review for
genuinely ambiguous cases
such as undivided family land
or recent inheritance transfers

* Summary
Assessment

developing connectivity resilience
are the developments that would
address the two most significant
current limitations.

CMEFRI's PFZ advisory achieves
the most clearly documented
positive environmental outcome
in this study: 20-30% fuel
savings for fishing communities
through scientifically grounded
zone targeting. The physical
oceanography foundation is
robust. Extending predictions

to subsurface depths through
Argo float integration and
improving deep-sea alert delivery
infrastructure are the specific
developments that would bring
the same benefits to offshore
fishing communities currently
unreached.

PM-KISAN's Al verification

has served programme integrity
by identifying and removing
ineligible entries at a scale that
manual verification could not
achieve. The fraud detection
function is valuable. The
complementary equity challenge
— ensuring that the 1-2% of
legitimate farmers incorrectly
excluded have a fast, accessible
path to reinstatement — requires
transparency about error rates,
plain-language explanations

for exclusions, and accessible
appeal processes. These are policy
and process improvements, not
technical redesigns.



70 Al in Indian Agriculture

DILRMP Land Records
Modernisation AI

X — Government
& Welfare

AI-OCR + GIS Spatial
Matching + Dispute

Satellite imagery is used
for GIS georeferencing

e Land record quality

improvements multiply

Govt of India (MoRD / Det.ection ML — Al of land p.arcel ‘ across every downstremn
DoLR) optlcal.charac.te.r. boundan?s. Sentinel-2 Al system in th1s. study —
recognition digitises and LISS imagery more accurate eligibility
2018-2026 legacy documents; provide land cover verification, better
GIS georeferencing context for boundary credit assessment, more
matches parcels to validation. personalised soil advisory
spatial coordinates; — making DILRMP the
ML detects boundary highest-leverage enabling
anomalies suggesting investment in Indian
encroachment or dispute agricultural Al
30 crore parcel digitisation
is the largest Al-assisted
document processing in
Indian government history
GIS integration enables
spatial analysis of
landholding patterns that
was previously impossible at
national scale
AgriStack / IDEA (India | X — Government Data Federation No direct satellite Unified farmer digital
Digital Ecosystem of & Welfare Infrastructure + Open data — AgriStack is identity layer would
Agriculture) API — not an advisory data infrastructure, not create the world's most
Govt of India (MeitY / Al itself; a }mifled . a sen.sing sy§tem: Its .comprehensive farmer data
MoAFW) farmer .dlgltal identity satellite-derived 1.nputs %nfrastructure when fu.lly
layer with open API that | come from constituent implemented — enabling
2020-2026 enables private sector systems (FASAL, SHC, personalised advisory across
advisory innovation; land records) that all agricultural domains
advisory quality of contribute their data to

downstream applications
depends entirely on the
causal architecture of the
applications built on top

the federation.

Open API allows private
sector innovation on public
data foundation — the most
effective way to accelerate
advisory application
development

Cross-scheme deduplication
prevents benefit diversion
and protects programme
integrity

Integration with PM-KISAN
enables benefit delivery
without separate enrolment




A Weaknesses
(architectural &
operational)

>

State implementation quality
varies enormously — some
states have achieved high-
quality digitisation while
others have incomplete
coverage

Women's land rights

are systematically
underrepresented in the
underlying records being
digitised — a content validity
gap that propagates through
every downstream Al system

Tribal and common land
areas have the most complex
tenure arrangements and
remain the most poorly
covered

No national OCR accuracy
rate has been published

Consent and data privacy
framework was incomplete
when deployment began in
pilot states — a governance
sequencing concern

Tenant, landless, and
informally documented
farmers face structural
exclusion from a system
anchored in formal land
ownership

State implementation
quality varies dramatically;
a national advisory
infrastructure with uneven
geographic data quality
will produce systematically
unequal advisory across
states

Open API amplifies both the
benefits and limitations of all
advisory systems built on it

© Causal
Limitations

© Women's land rights gap

is not a technical problem

— itis alegal and social
problem upstream of the AI
system. But its consequences
propagate causally through
every downstream system:
PM-KISAN eligibility,
NABARD credit scoring,
SHC recommendations, and
AgriStack advisory quality
are all degraded for women
farmers by an upstream land
record gap that the Al system
inherits rather than creates

© AgriStack does not itself

have a causal model — it

is data infrastructure. Its
causal impact depends

on what is built on top.

If all applications using

the AgriStack API are
probabilistic ML systems,
AgriStack will amplify
probabilistic non-
deterministic advisory at
national scale. Embedding
a requirement that advisory
applications using AgriStack
data produce rule-based,
explainable, reproducible
outputs would be the most
powerful single governance
lever available for Indian
agricultural AT quality
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» What Needs
to be Done

» Prioritise legal reform and

administrative procedures
that enable women's land
rights to be formally
recorded — the Al system
cannot correct a gap in

the legal-administrative
record, but its downstream
consequences make the
upstream reform more
urgent

Publish per-state OCR
accuracy benchmarks so that
downstream AI systems can
characterise the reliability of
the land record inputs they
receive geographically and
apply appropriate uncertainty
handling

Complete the consent and
data protection framework
before national scale
expansion — farmer data
rights must be legally
protected before the API
opens to all private sector
applications

Establish an advisory

quality standard for API
applications: require

that advisory outputs be
explainable, reproducible

for identical inputs, and
grounded in validated
domain knowledge — so that
the quality of advisory built
on AgriStack data meets a
minimum scientific standard

Develop an explicit inclusion
pathway for tenant farmers,
landless labourers, and
women without formal land
records, so that the advisory
infrastructure serves all
farming communities rather
than only those with formal
documentation

* Summary
Assessment

DILRMP's land record
modernisation is the most
consequentially enabling

71

investment in Indian agricultural

AL Every system that uses land
records as input improves when
the data quality improves.

The women's land rights gap

is the most important equity
failure in Indian agricultural
Al infrastructure, with
consequences that cascade
through every downstream
system. Addressing it requires

legal and administrative reform,

not better OCR — but the
downstream Al systems make
the urgency of that reform
visible.

AgriStack represents the most
transformative potential
investment in Indian
agricultural Al infrastructure.
A unified farmer identity
layer that enables personalised
advisory across all domains

is exactly the foundation that
deterministic causal advisory
systems need to provide truly
individualised guidance. The
system's governance priority
— completing the consent
framework and establishing
advisory quality standards
for API applications — is the

binding constraint. The technical

architecture is promising; the

governance that ensures it serves

all farmers equitably and that
the advisory built on it meets
scientific standards is the work
that remains.
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NFSM Crop
Diversification AI

Govt of India (NFSM /
MoAFW)

2021-2026

X — Government
& Welfare

Multi-Factor
Correlational ML —
learns from historical
district diversification
outcomes and associates
them with soil, water,
market, and agro-
climatic variables; the
four causal barriers to
diversification are not
represented in the model

Satellite contributes soil
moisture and crop area
inputs to the multi-
factor analysis. Satellite
is one of several inputs
into a multi-source ML
model.

o Addresses one of India's

most important agricultural
sustainability challenges

— documented resource
depletion from rice-wheat
intensification in the Indo-
Gangetic Plain

Multi-factor analysis (soil,
water, market, climate) is

more comprehensive than
single-variable approaches

Linked to MSP policy
discussions — a rare
connection between Al
advisory and agricultural
policy reform

CLUSTER XI — Integrated Multi-Domain Conversational Platform (1 Application)

Bharat-VISTAAR
"Bharati" Voice Al

Govt of India (MoAFW
/ ICAR)

2026 (Feb) Pilot 2025

XI — Integrated
Conversational AT

Large Language

Model (LLM) / Large
NLP — stochastic text
generation from a large
neural language model;
same query may produce
different responses in the
same session; integrates
AgriStack, ICAR
practices, IMD weather,
and mandi price data

as context for language
generation

No direct satellite
sensing. Satellite-
derived data enters
through integrated
constituent systems
(IMD weather uses
satellite inputs; mandi
prices may reflect
production-area
signals). The LLM
processes data as
language context, not as
a sensor input.

Voice access via 155261

from any mobile phone at
no cost — the most equity-
aligned access architecture in
this study; reaches farmers
without smartphones

Integration of AgriStack,
ICAR, IMD, and mandi data
in one interface is the most
ambitious data federation in
Indian agricultural AI

Rs 150 crore government
commitment provides public
investment at scale

10 major government
schemes accessible through
one interface reduces the
navigation burden on
farmers




A Weaknesses
(architectural &
operational)

>

Low farmer adoption is
documented across all
implementation states — a
direct negative outcome
result

Market linkages for
recommended alternative
crops are frequently absent at
the time of recommendation
— the advice is technically
valid but operationally
incomplete

Financial de-risking for the
diversification transition year
is absent from the system

No evidence of
diversification attributable
to Al advisory has been
published

No accuracy benchmark,
validation study, or field
evaluation exists as of April
2026 — deployed to live
farmers without published
evidence of advisory quality

Same farmer query in the
same session may receive
differently prioritised
advisory due to LLM
stochastic generation — a
fundamental test-retest
reliability failure for life-and-
livelihood advisory

Hindi and English only at
launch — 74% of farmers
who primarily communicate
in other languages are not yet
served

LLM inference energy cost is
orders of magnitude higher
per advisory query than
deterministic rule systems
(Strubell et al., 2019)
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© Causal
Limitations

» What Needs
to be Done

© Crop diversification faces » Integrate market linkage

four simultaneous causal
barriers: (1) agroecological
suitability, (2) market access
for the alternative crop, (3)
technical knowledge for
unfamiliar cultivation, and
(4) financial risk during

the transition year. The Al
system addresses only barrier
one. Addressing barriers
two, three, and four requires
policy, market development,
and financial interventions
that the advisory system
alone cannot provide.
Farmers who correctly
assess that the other three
barriers are unaddressed are
making the right decision
when they do not adopt the
recommendation

© LLMs generate statistically

plausible text about
agricultural topics. They do
not model soil chemistry,
crop physiology, atmospheric
dynamics, pest ecology,
market mechanisms, or
scheme eligibility rules as
causal structures. The same
attention mechanism that
makes LLM:s fluent also
makes them incapable of
representing asymmetric
causal dependency — they
cannot know that drought
causes NDVI decline (not the
other way), or that financial
constraint causes distress
selling (not price ignorance).
They can generate text that
describes these relationships
without being able to reason
from them

availability data into the
recommendation — only
recommend alternative crops
for which a specific buyer,
procurement programme, or
FPO market linkage exists

in the district, so that the
advisory is both agronomically
and commercially viable

Pair every diversification
recommendation with

specific information about
available transition finance
mechanisms (NABARD
diversification credit products,
crop insurance for alternative
crops) and existing technical
support programmes, so that
the advisory addresses all four
causal barriers simultaneously
rather than only the first

Transition the advisory
generation layer from
stochastic LLM text
production to a deterministic
IF-THEN rule engine that
takes a farmer's specific
situation and derives a
reproducible advisory
response from validated ICAR,
IMD, and domain expert
knowledge — retaining the
voice interface, multi-language
delivery, and data federation
architecture while replacing
the advisory generation with a
causally grounded rule system

Conduct a published accuracy
validation study comparing
Bharat-VISTAAR advisory
quality against KCC specialist
advisory on a representative
sample of query types before
expanding beyond the current
pilot scale

Prioritise the 11 languages
targeted by May 2026 — the
voice access architecture is
the system's most important
strength and its language
coverage should match
India's linguistic diversity
before further scaling

* Summary
Assessment

NFSM's diversification advisory
correctly identifies one of India’s
most important agricultural
sustainability challenges and
provides technically sound
agroecological suitability analysis.
The low adoption outcome
reflects a causal completeness
problem, not a communication
problem: farmers are right that
agroecological suitability alone
does not make diversification
viable when market access,
technical knowledge, and financial
risk remain unaddressed. The
system’s evolution requires
integrating actionable information
about the other three causal
barriers — buyer linkages,
extension support, and transition
finance — alongside the
agroecological recommendation.

Bharat-VISTAAR's access
design is its most important
contribution to Indian
agricultural advisory: voice
access via 155261 from any
mobile phone, at no cost,
integrating the country's major
agricultural data systems. This
architecture is exactly what
national advisory needs. The
gap is between the access design
and the advisory engine: LLM
stochastic generation is not

the appropriate technology for
advisory that guides farmers on
planting, chemical application,
and financial decisions. The
transition from a promising
access infrastructure to a
reliable advisory instrument
requires directing the voice
interface and data federation
through a deterministic causal
rule engine — encoding India's
validated agricultural domain
knowledge as explicit IF-THEN
rules that produce reproducible,
explainable advisory. The access
architecture should be retained
and celebrated; the advisory
engine needs to be grounded in
causal domain science.
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