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decision-making involves optimizing sowing windows, irrigation scheduling, 
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conditions. Artificial Intelligence (AI) offers algorithmic frameworks capable of 
synthesizing heterogeneous datasets—ranging from multispectral/hyperspectral 
satellite imagery (e.g., Sentinel-2, RISAT-1A), UAV-acquired high-resolution 
imagery, in-field IoT sensor data, and weather reanalyses to market intelligence—
into actionable, site-specific recommendations.

Machine Learning (ML) algorithms such as Random Forests (RF) and Gradient 
Boosted Machines (XGBoost) have demonstrated robustness to mixed data types 
and missing values, outperforming linear baselines in yield estimation (e.g., maize, 
wheat, potato; RMSE reductions up to 14%). Deep Learning (DL) architectures—
including Convolutional Neural Networks (CNNs) for vision-based disease 
detection and Transformer-based multimodal fusion models—enable high-accuracy 
classification and segmentation (e.g., PlantVillage CNN achieving >98% accuracy 
across 26 diseases; UAV-MobileNetV2 pipeline detecting cashew anthracnose with 
95% accuracy). Temporal models (LSTM, Bi-LSTM) improve yield forecasting 
by exploiting sequential dependencies in weather–vegetation index time series. 
Reinforcement Learning (RL) frameworks have outperformed rule-based control in 
irrigation scheduling within APSIM simulations.

Field deployments show quantifiable impacts: AI-guided smart sprayers reduced 
herbicide usage by ~90% in Florida strawberry plots; drone-based nutrient/pesticide 
application in Karnataka ragi and tur dal achieved 90% water savings and yield gains 
of 5–10%; satellite-guided advisory systems (Cropin + World Bank) increased farm 
incomes by up to 37%. FAO-led platforms such as WaPOR and ASIS operationalize 
AI for continental-scale water productivity monitoring and drought early warning.

Persistent challenges include spatial–temporal domain shift in model generalization, 
smallholder access constraints, and the environmental footprint of large-scale model 
training. Addressing these demands localized model calibration, low-cost edge ML 
deployments, explainable AI frameworks, and governance structures ensuring farmer 
data ownership. AI’s integration with agronomic expertise and institutional support 
can enable scalable, sustainable intensification while mitigating environmental 
impacts.
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WHY AI AND AGRICULTURE?

Agriculture is inherently information-intensive, requiring constant decision-
making across multiple dimensions — from determining optimal sowing 
dates and irrigation schedules to deciding precise fertilizer applications 
and implementing timely pest management strategies. These decisions are 
influenced by a complex interplay of factors, including weather conditions, 
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soil health, crop growth stage, pest and disease incidence, and volatile 
market dynamics. Traditionally, farmers have relied on experience, local 
knowledge, and seasonal trends to make these choices, but such approaches 
often face limitations in precision and scalability, particularly in the face of 
climate variability and global market pressures.

In this context, Artificial Intelligence (AI) offers transformative 
capabilities to revolutionize agricultural decision-making. By integrating and 
analyzing heterogeneous data sources — such as high-resolution satellite 
and drone imagery, in-field IoT sensor readings, real-time weather forecasts, 
soil analytics, and market intelligence — AI systems can generate data-
driven, context-specific recommendations for farmers, agronomists, and 
agribusinesses. These insights can optimize input use, improve crop yields, 
reduce post-harvest losses, and enable timely interventions that minimize 
environmental impact.

International bodies, including the Food and Agriculture Organization 
(FAO), along with multiple systematic reviews, have highlighted the potential 
of AI to increase agricultural productivity, reduce waste, and promote 
sustainable practices. However, they also emphasize that the full benefits of 
AI can only be realized if solutions are adapted to local agro-climatic and 
socio-economic conditions and are accessible to farmers across scales, 
from smallholders to large commercial enterprises. Ensuring equity in access, 
building digital literacy, and addressing infrastructural gaps are therefore critical 
for the inclusive growth of AI-powered agriculture.

As AI adoption accelerates globally, it is essential to examine emerging 
trends, practical applications, persistent challenges, and future 
opportunities in this domain. This article explores how AI is reshaping 
agricultural landscapes, the barriers that must be addressed, and the innovations 
that will define the future of sustainable food production.



4	 Journal of Applied Biology and Agriculture • ISSN: 3048-4588

Core AI technologies used in agriculture

Technology What it is Typical Algo-
rithms & Roles

Representative
Examples

Concrete Cases When to Use

Machine 
Learning (ML) 
— Regression 
& Classifi-
cation (RF, 
XGBoost)

Classical supervised 
learning mapping 
structured inputs 
(weather, soils, 
management, RS 
indices) to numeric 
outputs (yield) or 
classes (disease/no 
disease).

• Random 
Forests (RF) 
— Ensemble 
of decision 
trees, robust 
to mixed data 
types, missing 
values, and 
useful for 
feature impor-
tance. Widely 
used for yield 
estimation & 
spatial variabil-
ity analysis.
• XGBoost 
/ GBM — 
High-perfor-
mance gradi-
ent-boosted 
trees; strong in 
tabular yield 
tasks, often 
outperform 
simpler 
models.

• RF captures 
climate/soil drivers 
and outperforms 
linear baselines 
for maize, wheat, 
potato. (PLOS)
• XGBoost com-
petitive vs DL for 
yield prediction; 
reduced errors when 
combined with 
detrending+feature 
selection. (Science-
Direct, Taylor & 
Francis)

• RF + crop 
models 
improved 
winter wheat 
& oilseed rape 
predictions 
in Bavaria. 
(Frontiers)
• Indian 
operational 
projects using 
RF/XGBoost 
for farm-level 
yield forecast-
ing with RS + 
weather+man-
agement in-
puts. (IJSRET, 
itm-conferences.
org)

Tabular 
heterogeneous 
data; need for 
interpretability, 
fast training, or 
moderate-sized 
datasets.

Deep Learn-
ing (DL) 
— CNNs, 
Transformers 
& Multimodal 
Fusion

Representation 
learning from raw 
inputs (images, 
sequences, multi-
spectral). CNNs for 
vision, Transformers 
for sequence & mul-
timodal fusion.

• CNNs — 
Leaf/canopy 
classification, 
segmenta-
tion, feature 
extraction (dis-
ease detection, 
biomass).
 • Transform-
ers — Fuse 
multiple mo-
dalities (image 
+ timeseries 
+ tabular); 
large-scale RS 
tasks.

• PlantVillage 
CNNs on 54k 
leaf images for 26 
disease classes — 
smartphone-based 
diagnosis. (Frontiers) 
• FarmBeats 
integrates sensors, 
imagery, ML for 
multimodal decision 
support. (Microsoft)

• Smartphone 
disease apps 
using CNN 
transfer 
learning for 
extension 
agents. 
• Multimodal 
harvest-plan-
ning with 
transformers 
to improve 
yield forecasts 
& explain data 
drivers.

Large labeled 
image datasets; 
raw sensory in-
puts dominate; 
need to learn 
complex spatial 
patterns.
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Technology What it is Typical Algo-
rithms & Roles

Representative
Examples

Concrete Cases When to Use

Computer 
Vision — 
Detection & 
Segmentation

Object detection, 
instance/semantic 
segmentation on 
UAV, tractor, or 
phone imagery.

• One-stage 
(YOLO, SSD) 
— Real-time 
detection 
(weed vs crop, 
pests). 
• Two-stage 
(Faster 
R-CNN) & 
segmentation 
nets (Mask 
R-CNN, 
UNet) — 
Fine-grained 
tasks (leaf 
segmentation, 
lesion area 
estimation).

• YOLO weed 
detection reliable 
in real-time for 
spot-spraying; 
lightweight 
YOLO variants for 
embedded devices. 
(ScienceDirect, Wiley, 
MDPI)

• Spot-sprayers 
triggering mi-
crosprays only 
on detected 
weeds; reduced 
herbicide 
use in trials. 
(Wiley, Spring-
erLink)

Visual, 
high-resolution 
tasks where 
localisation 
matters and 
speed/latency 
are key.

Time-series 
Models — 
LSTM / Tem-
poral Models

Models learning 
temporal depen-
dencies (weather, 
RS time series) for 
forecasting yields, 
phenology, pest 
timing.

• LSTM / 
Bi-LSTM / 
1D-CNN 
— Handle 
multi-year 
or seasonal 
sequences.
• Ensembles 
— Combine 
LSTM with 
trees/statistical 
models for 
robustness.

• LSTM + meteoro-
logical + vegetation 
indices improves 
wheat yield esti-
mates. (ScienceDi-
rect, Frontiers) 
• Explainable LSTM 
highlights weeks/
features influencing 
yield. (Frontiers)

• Seasonal 
yield forecast-
ing using Sen-
tinel NDVI 
+ LSTM 
ensembles for 
early warning.

When dynamics 
over time are 
critical to the 
prediction 
target.

Reinforcement 
Learning (RL) 
— Automated 
Control

Learns control pol-
icies via trial/error 
in simulation or 
field; rewards encode 
agronomic/economic 
goals.

• Deep RL 
(DQN, PPO, 
actor-critic) 
for irrigation 
scheduling, 
variable rate 
application, 
autonomous 
control.

• DRL irrigation 
outperforms rule-
based control in 
APSIM simulations. 
(PLOS, arXiv) 
• RL for multi-valve 
orchard irrigation 
control. (Open-
Scholar)

• Pilot RL 
irrigation trials 
promising but 
require realistic 
simulators & 
safety con-
straints.

Sequential de-
cision problems 
with long-term 
rewards and a 
safe simulator/
trial setup.

Edge & 
TinyML — 
On-device 
Lightweight 
Models

Compressed/
quantized ML 
models running on 
microcontrollers, 
phones, SBCs for 
local inference.

• Model 
compression, 
pruning, 
quantization, 
distillation. 
• Targets: 
ARM 
Cortex-M, 
Raspberry Pi, 
Jetson Nano, 
smartphones 
(TF Lite).

• TinyML detects 
maize leaf disease on 
low-cost hardware 
with good accuracy. 
(ResearchGate, 
MDPI) 
• Raspberry Pi 
used for disease 
detection, irrigation 
control, low-cost 
logging.

• On-tractor/
drone-mount-
ed models for 
weed spotting 
& spraying. • 
Offline smart-
phone disease 
triage for 
extensionists.

Poor connec-
tivity, critical 
latency, privacy 
concerns, or 
cost constraints.
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MAJOR AGRICULTURAL APPLICATIONS OF AI

Precision Crop Management

AI combines remote sensing (satellite, drone) and field sensors to map spatial 
variability within fields (soil moisture, nutrient stress). Models generate 
prescription maps for variable rate application of seed, fertilizer and water, 
increasing input efficiency and reducing environmental losses. Numerous 
reviews show substantial water and input savings when AI is used to guide 
irrigation and fertilization. 

•	 Driverless machinery & targeted spraying: Autonomous tractors 
(GPS-guided) now perform tilling, fertilizing, and pesticide spread 
with minimal human input. Some models even use lasers to eliminate 
weeds or selectively apply herbicides, reducing fertilizer usage by up 
to 30% 

•	 Smart sprayer for weeds: Researchers under Jack Rechcigl at 
University of Florida developed an AI-driven “smart sprayer” that 
targets weeds in strawberry and vegetable plots, cutting herbicide use 
by ~90% 

Pest and Disease Detection and Diagnosis

Computer vision models trained on labeled images can detect leaf disease, insect 
damage, or nutrient deficiencies early — often before they are obvious to the 
human eye. Early detection enables targeted interventions and reduces blanket 
pesticide use. Recent deep-learning models show high accuracy in constrained 
datasets; however, generalization across geographies remains a challenge. 

•	 Plantix mobile app: Uses deep learning to detect over 800 symptoms 
across 60 crops. Farmers upload photos and receive real-time diagnosis 
and treatment advice in their language—plus outbreak tracking by 
region (e.g., pink bollworm in Maharashtra, brown planthopper in 
Telangana) 

•	 IIT Kharagpur’s mobile robot: A tracked ground-based manipulator 
identifies pest damage and applies precise pesticides via on-board 
cameras; covers approx. 3 m/min, with 1.5 h battery life and three 
4-litre tanks 
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•	 Drone-based cashew disease detection: UAVs with MobileNetV2 
can detect cashew anthracnose with 95% accuracy and healthy leaves 
at 99%, enabling rapid early-stage intervention 

•	 Vineyard drones in California: Multispectral drone imaging analyzed 
by AI improved disease and water stress detection in grapes—boosting 
yields by ~20% while reducing water use 

Yield Prediction and Forecasting

AI models predict yields using weather, soil, management, and remote sensing 
data. Progress in hybrid and ensemble approaches has improved performance 
in many cropping systems; such forecasts are valuable for farmer decisions 
and supply chain planning. Recent systematic reviews highlight how newer 
architectures (transformer-based or fused ML models) are raising accuracy, 
especially when paired with high-frequency satellite data. 

•	 CNN for winter wheat in Germany: A 1D CNN model using 
weather, soil, and phenological data improved yield predictions—
achieving up to 14% lower RMSE and up to 50% higher correlation 
than traditional models 

•	 CNN-RNN model for US Corn Belt: Predicted corn and soybean 
yields with superb accuracy—errors as low as 8–9% of average 
yields—while generalizing across environments 

•	 Greenhouse yield prediction: LSTM-based RNN models forecast 
tomato yield and plant growth accurately using climate and growth 
metrics in Belgian & UK greenhouses.

•	 Time-series & ML models: ARIMA/SARIMA predict yields and 
crop prices; Random Forests (RF) and SVMs forecast market trends; 
and LSTM/CNN models (including hybrid variants) enhance 
forecasting across spatial-temporal dimensions, aiding both yield and 
supply chain planning 

Smart Irrigation and Water Management

AI uses soil moisture sensors, weather forecasts, and crop models to schedule 
irrigation precisely, saving water and reducing energy. Field demonstrations 
and pilots show measurable water savings in diverse climates when AI-based 
scheduling is adopted. 
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•	 COALA project in Australia: Satellite data via cloud systems helped 
farmers in Murray–Darling Basin save ~20% on water through 
optimized irrigation 

•	 General smart irrigation systems: Sensor-based, AI-controlled 
irrigation schedules can cut water usage by up to 20–30% depending 
on deployment 

•	 Cluster AI Farming in Vidarbha, India: AI systems monitor soil, 
moisture, nutrients, weather, and disease across farmer clusters and 
send tailored advice (sowing, irrigation, fertilizer, pest control). A 
pilot sugarcane plot achieved 140 t/acre yield

Agricultural Robotics and Automation

Robots and autonomous machines (tractors, planters, harvesters, robot weeders) 
are increasingly using AI for perception, navigation, and task control. Use cases 
include selective harvesting, autonomous spraying, and mechanical weeding — 
reducing labor dependence and enabling round-the-clock operations. Integration 
of reinforcement learning and advanced perception is accelerating capabilities. 

•	 Mechanical weeder (FarmWise Titan FT-35): Uses AI & computer 
vision to autonomously remove weeds from vegetable fields, 
distinguishing crops from weeds using machine learning. Offered via 
per-acre service 

•	 LaserWeeder, ecoRobotix, IBEX, Blue River’s See & Spray: 
Examples of robots that either mow, laser, or selectively spray weeds—
significantly reducing chemical use or labor 

•	 Multipurpose bots: Platforms like FarmBot (DIY CNC farming), 
Thorvald (Saga Robotics), and ROS Agriculture enable automated 
seeding, spraying, and weeding across various terrains and applications 

Supply Chain Optimization and Market Intelligence

AI forecasts demand, simulates storage needs, and optimizes logistics, helping 
reduce post-harvest loss and stabilize prices. Market intelligence platforms 
combine weather, yield forecasts, and demand indicators to advice traders and 
policymakers. FAO highlights these systems as crucial to reduce waste and 
improve food security. 
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•	 Land O’Lakes (US co-op): Uses AI to analyze weather, yield history, 
and market trends to forecast prices and optimize inventory—
reducing waste and stabilizing supply

•	 ML for price forecasting: Random Forests and SVMs help predict 
market dynamics, aiding planning and risk mitigation 

Some real-world examples and case studies illustrating how AI is impacting 
agriculture across three focus areas

1.	 FAO & Global Initiatives

FAO’s AI-driven digital tools and platforms

•	 WaPOR (Water Productivity through Open-access Remotely 
sensed data): A portal for monitoring agricultural water productivity 
over Africa and the Near East. It offers maps, time-series data, and 
analytics delivered in near-real time.

•	 ASIS (Agricultural Stress Index System): Uses satellite data and 
AI to provide early warning of water stress or drought in croplands 
globally, enabling timely responses.

•	 Hand-in-Hand Geospatial Platform: Integrates soil, water, climate, 
crop, livestock, forestry, fisheries, trade, socio-economic data using AI 
and machine learning to support global agrifood decision-making.

•	 Digital Services Portfolio: Includes tools like Ugani Kiganjani (mobile 
advisories for Tanzanian farmers on weather and farming actions) and 
FLAPP, which maps where food loss occurs to inform interventions. 

•	 Smart Agriculture Competition (China): Supported by FAO, this 
AI-powered greenhouse contest achieved 196 % higher strawberry 
yield and 75 % better cost efficiency compared to traditional farming 
in 2020. 

2.	 Drones & Precision Spraying

Global examples

•	 Precision AI (Canada): Developed autonomous fixed-wing spray 
drones that detect and spray individual weeds with herbicide. 
Recognized at the World Agri-Tech Summit and selected for John 
Deere’s Startup Collaborator program. 
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•	 The Watercress Company (UK): Investing in DJI Agras T50 
drones to efficiently apply fertilizer/seed, reduce labor and increase 
sustainability. 

India-specific case studies
•	 Leher (across India): AI drones reduce pesticide use by up to 30 %, 

detect crop stress early, cover 50 acres per day, and spray an acre in 
under 10 minutes, reducing reliance on labor. 

•	 Vaimanika Aerospace (Indian farmers)

	 •	 Ludhiana, Punjab (Rajesh Kumar, paddy): 20 % yield boost, 25 % 
pesticide reduction—saving ₹5,000 per acre

	 •	 Ratnagiri, Maharashtra (Lakshmi Devi, mango orchard): 15 % 
yield increase, 30 % savings in water and fungicides. 

	 •	 Tumkur, Karnataka (Anil Sharma, vegetables): 20–25 % yield 
improvement, saving ₹3,600 per acre in fertilizer and earning 
₹15,000 more per acre. 

•	 University of Agricultural Sciences, Bengaluru (Karnataka): Trials 
on ragi and tur dal showed drones reduced spraying water by ~90 % 
(from 500 to 55 L/ha), increased yields by 5 % (ragi) and 10 % (tur 
dal). 

•	 Uttar Pradesh government initiative: Launched drone spraying of 
nano-urea and pesticides across six districts, covering 3–12 acres per 
hour, enhancing precision and farmer training.

3.	 Space & Satellite Data for India

India’s satellite & agritech applications
•	 Cropin + Syngenta: Enabled farmer Lokeswara Reddy in Andhra 

Pradesh to increase net profit from ₹5,000–10,000 to ₹20,000 per 
acre by providing insights on sowing timing, irrigation, and pest 
control via satellite data

•	 Cropin + World Bank & Govt: Digitized 30,000+ plots, increasing 
yields by 30 % and incomes by 37 %. 

•	 Farmonaut-powered apps (My Gromor, Jeevn AI):

	 •	 Rice in Tamil Nadu: 20 % yield increase via irrigation alerts.
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	 •	 Cotton in Gujarat: 30 % pesticide reduction via early pest hotspot 
detection.

	 •	 Wheat in Punjab: 25 % fertilizer savings via soil-informed AI 
recommendations. 

•	 Farmonaut’s satellite monitoring (Punjab): For a 5,000-hectare 
wheat farm: 15 % yield gain, 20 % water savings, 30 % fertilizer 
reduction, early disease detection prevented 40 % crop loss. 

•	 IFPRI + Farmonaut collaboration (Maharashtra): Used satellite 
data to evaluate impact of agricultural extension services on soybean, 
soil, crop health, yield, and profitability. 

•	 ISRO satellites (HySIS, EOS-04/RISAT-1A): Provide hyperspectral 
and radar imaging useful for crop characterization, soil moisture, and 
all-weather monitoring. 

•	 Academic crop mapping (Himachal Pradesh): Machine learning 
on Sentinel-2 time-series imagery to generate cropland maps with 
~87 % accuracy. 

Benefits: Productivity, Sustainability, Resilience

AI can bring multiple gains:
•	 Productivity: Improved input timing and precision often increase 

yields per unit input.
•	 Resource efficiency: AI reduces water, fertilizer, and pesticide use 

through targeted application.
•	 Risk reduction: Better forecasts and early warnings reduce losses 

from droughts, pests, and disease.
•	 Traceability and quality: AI assists in monitoring storage and 

transport, improving food safety.
•	 Scale and personalization: From large commercial farms to 

smallholders (through mobile apps and local models), AI can provide 
tailored recommendations. 

KEY CHALLENGES AND LIMITATIONS

Data Availability, Quality, and Bias

AI models require labeled data of high quality. Many regions and crops lack 
sufficiently large, diverse datasets. Domain shift (model trained in one region 
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failing in another) is a major barrier. Systematic reviews highlight the need for 
more open, standardized datasets and careful validation. 

Smallholder Access and Equity

Most smallholder farmers lack continuous internet, sensors, or capital for 
robots. Solutions must be low-cost (SMS/mobile apps, edge ML), localized 
(language, crop varieties), and supported by extension services or public 
infrastructure to avoid widening inequality. FAO stresses inclusive design. 

Energy and Environmental Footprint

Large AI models and high-resolution satellite processing can be energy intensive. 
Sustainable AI design (smaller models, on-device inference, optimized training) 
is necessary to avoid swapping one environmental problem for another. Recent 
literature calls for “sustainable AI” in agriculture. 

Explainability, Trust and Adoption

Farmers (and regulators) need transparent models — “why” a recommendation 
was made — especially in regulated inputs like pesticides. Explainable AI and 
robust field validation increase trust. 

Governance, Data Ownership and Privacy

Who owns farm data? How is it shared between platforms? Policies must 
ensure farmers retain control over their data, get fair value, and that systems 
create public goods where private incentives fail. Reviews and FAO guidance 
recommend clear frameworks and interoperable standards. 

CONCLUSION: REALISTIC OPTIMISM

AI is not a magic bullet, but it is a powerful set of tools that — when combined 
with social, institutional, and infrastructural investments — can substantially 
improve agricultural productivity, reduce environmental impacts, and build 
resilience to climate variability. Success depends on good data, inclusive design, 
energy-efficient models, transparent governance, and a focus on locally relevant 
solutions. Over the coming decade, expect AI to continue moving from pilots 
to operational systems — from drones and sensors in the fields to national 
forecasting services — while some traditional, cultural, and artisanal practices 
remain primarily human.
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