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Abstract

Artificial Intelligence (AI) has become a transformative force in global agriculture, addressing issues of
productivity, sustainability, and resilience in the face of climate change and population growth. This study
examines the application of Al in agricultural sciences and crop improvement, integrating global and Indian
case studies. Using secondary data and simulated comparative analysis, this research explores how machine
learning, computer vision, and predictive analytics are applied in precision farming, plant breeding, and
disease management. The results highlight that Al adoption can increase crop yield by up to 25—30%, reduce
resource waste by 20—40%, and significantly enhance breeding efficiency. India’s AI-based initiatives through
organizations such as ICAR, ISRO, and agri-tech startups demonstrate growing capacity in digital
agriculture. Despite challenges such as limited digital literacy, data fragmentation, and high initial costs, Al-
driven agricultural innovation holds vast potential for achieving sustainable food security.
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1. Introduction

Agriculture sustains nearly 60% of the world’s
population and contributes substantially to national
GDPs, particularly in developing economies such
as India (Acharya, 2006; Joshi, 2015). However,
rising population pressures, climate variability, soil
degradation, and pest infestations threaten global
food production (Rhodes, 2014; FAO, 2023). To
ensure sustainable agricultural productivity, modern
science has turned toward digitalisation and
automation—fields where Artificial Intelligence
(AI) plays a transformative role.

Al in agriculture refers to the application of
machine learning (ML), deep learning (DL),
computer vision, robotics, and data analytics to
enhance decision-making and optimise agricultural
operations (Kamilaris & Prenafeta-Boldu, 2018;
Mishra & Mishra, 2023; Padhiary & Kumar, 2025).
These technologies analyze complex datasets
derived from sensors, satellites, drones, and
genomics to detect patterns, predict outcomes, and
automate tasks (Liakos et al., 2018; Andronie et al.,
2022; Borah et al., 2024).

In India, agriculture contributes approximately
18.3% to the GDP and employs more than 40% of
the workforce (Gulati & Juneja, 2020; NITI Aayog,
2023). The integration of Al into Indian
agriculture—via precision farming, smart irrigation,
soil mapping, and crop disease detection—has
begun to revolutionise traditional practices.
Globally, nations such as the United States, China,
and the Netherlands have advanced Al-based smart
farming systems, including robotic harvesting,
automated greenhouse monitoring, and predictive
breeding models (Zhou et al., 2021; Maraveas,
2022; Kumari et al., 2025).

This study aims to evaluate the potential and
application of Al in agricultural sciences and crop
improvement by comparing international and
Indian advancements, identifying challenges, and
proposing directions for future innovation.

2. Materials and Methods

2.1 Research Design

This study adopts an exploratory—comparative
research design, analyzing secondary data from
published literature, institutional reports, and
simulated data trends to understand the
implementation and impact of Al in agriculture
globally and in India.

2.2 Data Sources

Data were compiled from reputable sources
including the Food and Agriculture Organization
(FAO), Indian Council of Agricultural Research
(ICAR), NITI Aayog, and peer-reviewed journals
from 2015-2024. Global datasets were drawn from
reports by the United Nations, World Bank, and
international Al-agriculture consortia.

2.3 Analytical Framework

Al applications were categorised into five domains:
1. Precision agriculture — involving irrigation,
fertilisation, and yield prediction.

2. Crop disease and pest management — using
image recognition and diagnostics.

3. Crop breeding and genetics — integrating Al with
genomics and phenomics.

4. Climate adaptation modelling — simulating crop
response to stress.

5. Agri-economics and supply chain optimisation.
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Simulated data were used to estimate potential
yield gains and resource savings from Al adoption,
based on existing studies (Liakos et al., 2018;
Pantazi et al., 2016).

3. Results and Discussion

3.1 Global Perspective: Al in Agriculture

Globally, Al applications have transformed the
agricultural landscape. The United States and
Europe have extensively deployed autonomous
tractors, Al-driven drones, and deep learning crop
models. For instance, John Deere’s See & Spray
system uses Al-based sensors to identify weeds,
reducing herbicide use by up to 80% (Deere & Co.,
2022). In China, Al-powered satellite systems
monitor crop health and water stress across 50
million hectares, supporting national food security
(Zhou et al., 2021).

In plant breeding, Al accelerates gene selection
through genomic prediction models. Deep learning
algorithms can predict phenotype outcomes from
genetic data, shortening the breeding cycle by
nearly 30% (Crossa et al., 2017). Moreover,
predictive models assist in designing climate-
resilient crop varieties by simulating gene—
environment interactions.

3.2 Indian Perspective: Al in Agriculture

India’s agricultural digital transformation has
gained momentum since 2018 through initiatives by
ICAR, ISRO, and NITI Aayog. ISRO’s satellite
imagery aids soil moisture and crop stress

detection, while ICAR promotes Al for pest
forecasting and precision irrigation. The “Al for
Agriculture” mission launched by the Ministry of
Agriculture and Microsoft (2021) leverages Azure
cloud analytics to predict crop yields in states like
Andhra Pradesh and Karnataka.

Private agri-tech startups such as Cropln, Fasal,
BharatAgri, and Intello Labs employ Al for farm
advisory, pest diagnosis, and weather-based
decision  support. These platforms have
demonstrated a 20-25% increase in productivity
and a 30% reduction in fertilizer inputs among pilot
farmers (NITI Aayog, 2023).

3.3 Simulated Impact Assessment

The application of Al in agricultural sciences has
produced measurable gains in productivity, early
disease detection, and precision management.
Across global studies and pilot implementations,
Al-enabled systems improved yield prediction
accuracy by 18-35% compared to traditional
statistical models. In India, Al-assisted platforms
reported 20-25% increases in water-use efficiency
and 15-22% reductions in pesticide use through
targeted advisories. The following subsections
present comparative model performance, disease
detection outcomes, genomic selection
improvements, climate-responsive applications, and
socio-economic impacts. The potential impacts of
Al applications were analyzed based on aggregated
data and simulation.

Table 1. Comparative Impact of Al Applications in Agriculture

Parameter Global Average India (Pilot Studies) Observed Improvement (%)
Crop yield (per ha) 5.6 tons 4.8 tons +25-30%
Water use efficiency 65% 55% +35%
Fertilizer use optimization 60% 50% +30%
Pest/disease loss reduction 40% 25% +20-25%
Breeding cycle reduction 5 years 7 years -30%
Production cost reduction 20% 18% -

These simulated values suggest that if Al
technologies are systematically implemented across
Indian farms, productivity could approach or
exceed global averages.

(Note: Values are aggregated from published pilot
projects and literature and represent conservative
estimates of potential improvements with

systematic Al adoption).

3.4 Al Models and Algorithms Used
Machine learning (ML) and deep learning (DL)
form the backbone of Al applications in agriculture.
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Table 2. Common Al Algorithms and Their Agricultural Applications

Algorithm

Application

Example Study

Convolutional Neural Networks (CNNs)

Plant disease detection

Ferentinos (2018)

Random Forest (RF)

Yield prediction, soil fertility
classification

Liakos et al. (2018)

Long Short-Term Memory (LSTM)
modeling

Weather prediction, crop growth

Zhou et al. (2021)

Support Vector Machines (SVM)

Pest identification, phenotypic
classification

Pantazi et al. (2016)

K-Means Clustering

Soil texture analysis and land
segmentation

Kamilaris & Prenafeta-Boldu (2018)

These models demonstrate that AI’s strength lies in pattern recognition, predictive accuracy, and adaptability

to multi-dimensional datasets.

Table 3. Comparative Performance of Al Models in Crop Yield Prediction

Crop Model Used Study Region Accuracy (%) Key Findings
Wheat Random Forest Punjab, India 87.6 I"redlcted.yleld usm.g.ND\.lI, soil
moisture; rainfall sensitivity included.
Rice LSTM Neural Tamil Nadu, India 914 ' C'a'ptu.red temporal monsoon
Network variability improving season forecasts.
Maize CNN (satellite Midwest, USA 932 Detected stress zones qssomated with
imagery) nitrogen deficiency.
- . Enabled early-season yield forecasting
Cotton SVM Xinjiang, China 88.7 and optimized fertilizer distribution.
Soybean ANN Brazil 90 1 Improved forgcastlng ox:)er linear
regression by ~28%.
Deep learning architectures (LSTM, CNN) 3.5 Disease Detection and Pest Forecasting

consistently perform well for temporal and spatial
tasks respectively. Model accuracy in India is

Convolutional Neural Networks (CNNs) applied to
image datasets (e.g., PlantVillage) show high

promising but affected by data gaps and classification accuracy. Field implementations
heterogeneity. using UAV imagery and edge inference have
enabled earlier detection and targeted interventions,
reducing pesticide use and preventing yield loss.
Table 4. Disease Detection and Pest Forecasting
Disease Al Technique Accuracy (%) Platform/Region Impact
Early detection 10-12 days
Rice Blast CNN (ResNet-50) 94.2 Telangana, India | before visible symptoms;
targeted spraying.
Potato Late Transfer Learning Reduced fungicide use;
Blight (VGGI16) 96.1 Netherlands | Vented 14% yield loss.
Maize Leaf | YOLOVS + Drone 927 Kenva Detected  hotspots;  reduced
Spot Imagery ' Y insecticide use by 18%.
Tomato Leaf Mobile CNN ‘ P'rov1ded farmer-level diagnosis
. . 92.0 Maharashtra, India | via smartphone app; reduced
Curl (Lightweight) crop loss

Transfer learning improves model performance
when local datasets are small. Edge Al (on-device

inference) reduces latency and enables offline use
in low-connectivity areas.
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3.6 Al in Crop Breeding and Genomics
Al-based genomic selection uses marker data and
phenotypic records to predict breeding values and

algorithms  capture  nonlinear = marker—trait
interactions, improving selection accuracy and
shortening field-testing durations.

accelerate selection cycles. Machine learning
Table 5. Al in Crop Breeding and Genomics
. Prediction

Crop Model Target Trait Accuracy (1) Country/Program

Rice XGBoost Drought tolerance 0.81 ICAR - India (simulated)
Maize Random Forest Yield 0.78 USA (CIMMYT/US program)

Chickpea Bayesian Ridge Protein content 0.72 ICAR - India
Wheat SVR Grain size 0.80 Australia (simulated)

Al-assisted genomic selection can outperform
traditional BLUP under complex traits.

Integration with high-throughput phenotyping
(HTP) platforms increases prediction reliability.

3.7 Al for Climate-Responsive Agriculture
Al-driven climate and weather forecasting models

(LSTM, ensemble approaches) improve prediction
of extreme events and guide adaptive interventions
(irrigation scheduling, crop insurance triggers).
Satellite platforms integrated with Al enable
regional drought monitoring and early-warning
systems.

Table 6. Al for Climate-Responsive Agriculture

Parameter Al Model Region Improvement (%)
Rainfall Forecast Precision LSTM + Ensemble India 26
Pest Outbreak Prediction Random Forest China 34
Temperature-Yield Correlation ANN Europe 29

Improved forecast accuracy enables better
allocation of irrigation resources and timely
advisories, reducing vulnerability to climate
extremes.

3.8 Socio-Economic and Environmental Benefits
The adoption of Al reduces labor dependency,
promotes sustainable resource use, and improves
profitability. For instance, Al-enabled irrigation
systems like Fasal’s Smart Irrigation Sensors have
cut water usage by 30-40% in Maharashtra.
Similarly, Al-driven pest detection through
smartphone apps has enabled early interventions,
reducing pesticide expenses.

Globally, Al-driven agriculture is projected to
contribute an additional USD 12 billion annually to
the agri-economy by 2030 (World Bank, 2022). In
India, scaling AI to 50% of arable land could
potentially generate USD 5-6 billion in added
value through enhanced yield and reduced input
costs.

3.9 Challenges and Limitations

Despite its potential, the widespread adoption of Al
faces multiple challenges:

1. Data fragmentation and lack of standardisation:

Agricultural data vary across regions and crops,
affecting model accuracy.

2. High implementation cost: Sensors, drones, and
computing infrastructure remain unaffordable for
smallholders.

3. Limited digital literacy: Farmers need training to
interpret Al-based advisories effectively.

4. Connectivity gaps: Rural areas still lack stable
internet infrastructure.

5. Ethical and data security concerns: Use of farm
data requires transparent governance.

Overcoming these challenges will require
integrated policy support, rural digitalization, and
collaborative research.

3.10 Integration with Genomics
Improvement

Al’s role in crop improvement extends beyond
management into molecular breeding. By
integrating genomic and phenomic data, Al can
predict gene interactions that influence yield, stress
tolerance, and nutritional traits.

For example, Al-based genomic selection models
have successfully predicted drought tolerance in
rice and wheat with 85% accuracy (Crossa et al.,
2017). In India, the ICAR-NRRI Cuttack has

and Crop
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initiated machine learning—based modeling of gene
networks in rice for salinity resistance. These
models accelerate breeding by identifying
promising genotypes without lengthy field trials.

4. Conclusion

Artificial Intelligence has proven to be a catalyst
for transforming agriculture from a labor-intensive
to a knowledge-driven sector. This study
demonstrates that the integration of Al in
agricultural sciences and crop improvement—
through data-driven management, predictive
breeding, and sustainable resource optimization—
offers substantial benefits.

Globally, Al-enabled precision agriculture has
enhanced productivity, minimized waste, and
strengthened food security. India’s progress,
although nascent, is promising, particularly through
public—private partnerships and startup ecosystems.
To fully realize the potential of AL a robust
framework involving data integration, capacity
building, and policy incentives is essential. Al’s
convergence with genomics, climate science, and
remote sensing will define the next era of
agricultural research—where sustainability,
precision, and innovation work hand in hand to
secure the global food future.
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