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Abstract—This paper presents a comprehensive review of the
use of Generative Artificial Intelligence (GAI) in the field of
precision agriculture (PA). It explores both the benefits and
challenges associated with GAI adoption in agricultural practices.
Precision agriculture, as examined in this study, is a key technique
aimed at maximizing input efficiency, minimizing waste, and
promoting sustainable farming. The implementation of GAI has
enabled innovative solutions in crop production, yield prediction,
and pest and soil management. This review synthesizes findings
from 24 recent studies, providing insights into emerging trends,
current limitations, and directions for future research. To support
the analysis, three tables are included: Table I categorizes the
various data sources and their specific purposes; Table II high-
lights the benefits of automated decision-making in agricultural
contexts; and Table III illustrates the impact of GAI on crop
productivity and resource optimization. The paper emphasizes
the transformative potential of GAI in precision agriculture while
critically addressing the barriers to its effective adoption.

Index Terms—Generative AI, Precision Agriculture, Sustain-
able Farming, Machine Learning, Crop Cultivation, Smart Farm-
ing

I. INTRODUCTION

Precision agriculture (PA) reflects a new paradigm in con-
temporary agriculture that uses digital technologies to optimize
productivity and sustainability. It includes a family of high-
level techniques such as remote sensing, Internet of things
(IoT)-based sensors/devices, machine learning algorithms and
automation for optimizing the use of agricultural inputs (water,
fertilizers, and pesticides). The introduction of generative
artificial intelligence (GAI) in PA has, in turn, introduced
new levels of data processing and decision-making potential,
including predictive analytics, synthetic data creation, and
smart recommendation functionalities.

Gaussian Process (GP) and Generative Adversarial Net-
works (GANs) and Variational Autoencoders (VAEs) can be
used to produce realistic simulations of crop growth in differ-
ent environmental conditions. These abilities enable farmers
and scientists to virtually test a variety of farming approaches,
and then actually apply them in the field that would oth-
erwise involve too much risk and therefore too much loss
of efficiency. Moreover, the use of AI-based, synthetic data

augmentation has the capability of coping with the problem
of small-scale real-world data that helps increase the predictive
ability of yield forecasting and pest detection models.

Despite the promise, the application of GAI in agriculture
is limited by several challenges, such as, high computational
task, data privacy and the requirement of specific domain
knowledge. In this paper, the research status of GAI applica-
tions in PA is summarized, and some major trends, problems
and future directions of related research are discussed to better
utilize its research outcome in facilitating sustainable farming
practice.

II. APPLICATIONS OF GENERATIVE AI IN PRECISION
AGRICULTURE

GAI encompasses deep learning techniques, including Gen-
erative Adversarial Networks (GANs), transformers, and vari-
ational autoencoders (VAEs). These models facilitate data-
driven insights for farm management, enabling predictive ana-
lytics, automated monitoring, and intelligent decision support
systems.

A. Crop Yield Prediction

GAI-based models can produce cross-validated estimates of
rice yield that have greater accuracy when the downscaling
steps include all remote sensing products, soil chemical prod-
ucts, and climate products [1]. These models improve decision-
making for optimal resource allocation. Generative models are
also used to model climatic output variability and its associated
effects on cereal yield, and used as a decision tool for policy
and farm management purposes.

B. Soil Health Monitoring

Sophisticated AI techniques can be used not only to read soil
properties, but also to provide real-time nutrient-management
and erosion-control advice [2]. GANs have also been applied
to synthetic soil profile generation in order to solve the
problem of data holes [3]. Moreover, AI-based soil mapping
increases the specificity and precision of agricultural practices,
that is, by identifying the correct deficiency of specific defined
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panels of nutrients, and by generating specific and concrete
suggestions for fertility improvement.

C. Pest and Disease Detection

Artificial intelligence (AI)-powered image processing al-
gorithms detect pre-necrotic plant pathologies and pests and
hence reduce chemical pesticide application [4]. GAI improves
augmented data production used in a training of robust pest
detection models [5]. Moreover, generative AI can also be used
to model alternative courses of disease progression, allowing
farmers to take prophylactic actions before the infection be-
comes epidemic.

D. Smart Irrigation Systems

Generative models forecast water use based on current
environmental information and adjust the irrigation schedule
so as to reduce the consumption of this water [6]. It is
reported that with the use of meteorological and soil moisture
data, the AI-based irrigation system determines the appropriate
irrigation strategies and consequently water is not only saved,
but also the crops are well watered.

E. Autonomous Machinery and Robotics

GAI driven robotic farms help in autonomous harvesting,
planting, and control, thus increasing the efficiency of farm
labor [7]. Such unmanned devices, with their driving directions
programmed by AI generated model plans, help boost the field
operations, identifying crop maturity, weed infestation and soil
state with great precision. AI-based robotic realization offers
at first a real-time feedback of the decisions and at second, its
capacity to respond to environmental changes and will thus
accelerate agriculture.

F. Synthetic Data Generation for Training Models

Obtaining a high-quality an annotated dataset for training
artificial intelligence (AI) models is one of the challenges
addressed in precision agriculture. Generative AI (i.e., GAN)
may be used to generate realistic synthetic agricultural data
sets to improve model training and performance [8]. These
artificial datasets have the possibility to model many different
environmental conditions and to enable the models to gener-
alize across a broad spectrum of agricultural conditions in a
more useable way.

G. Climate Resilience and Adaptation Strategies

Climate change poses a significant challenge to agriculture.
Generative AI is used to brainstorm adaptation strategies by
simulating the effects of climate variability on agriculture [9].
Using the ability to create synthetic climate scenarios, GAI
provides researchers and policy makers the means to assess
and design responses for durable agricultural practices.

H. Supply Chain Optimization

AI-based models predict demand and logistic ordering of
cereal supply chain logistics on one side and on the other
side, based on weather and crop production. Generative AI can
be used to model different market outcomes, and to provide
farmers and distributors with strategies (e.g., how to optimize
production from farm to shelf, or to minimize post-harvest
losses).

I. Weed Detection and Management

GAI Models are used to achieve optimal weed detection
with high-spatial-resolution image data and used to apply
herbicide in a site-specific manner, i.e., at targeted farm fields
areas of field and not the whole field [10].

J. Livestock Health Monitoring

Without GAI early disease prediction in any animal is
enhanced by use of behavior, motion, and biometric data and
in turn, medical care is provided [11].

K. Farm Financial Planning and Risk Assessment

Generative models may be applied to support farming
financial planning, for example, economic risk forecasts, price
fluctuations of markets and yield of various cropping technolo-
gies [12].

L. Pollination Modeling and Bee Health Analysis

To study pollinator community health, population-level es-
timates of bee population size made using population models
[13] and computationally optimal design of pollination strate-
gies to maximize crop yield.

M. Optimization of Greenhouse Environment

Due to this, AI based models give climate control rec-
ommendations in greenhouses that will allow for control of
temperature, humidity and light in the greenhouse that will
aid maximum vegetative growth [14].

N. Precision Fertilization and Nutrient Management

GAI models are used to optimize point of application
measurement of soil nutrient deficiency fertilization thereby
maximizing yield with minimal environmental impact [15].

III. CHALLENGES IN DEPLOYING GENERATIVE AI FOR
AGRICULTURE

A. Data Availability and Quality

Agricultural datasets are generally incomplete or biased,
which leads to the degradation of model performances. Data
augmentation with GAI methods can overcome this challenge,
however, refinements are still needed [16].

B. Computational and Infrastructure Constraints

HPC and insufficient rural digital infrastructure are creating
a barrier to the use of AI based solutions among farming
communities [17].
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C. Ethical and Environmental Concerns

AI-based automation elicits questions about labor displace-
ment as well as long-term environmental consequences [18].

D. Interpretability and Trust in AI Models

Farmers and agricultural stakeholders could be reluctant to
implement GAI-based solutions because of the black-box-like
feature of deep learning models. Interpreting models more
accurately is a key factor for their wider acceptability [19].

E. Regulatory and Policy Barriers

The introduction of AI in agriculture is governed by differ-
ent legal and regulatory apparatus, therefore slowing down the
adoption and innovation process [20].

F. High Initial Costs and Economic Barriers

However, the adoption of AI-based precision farming is a
heavy lift, requiring significant financial commitments in terms
of hardware, training and upkeep, which may not be feasible
for small-area farmers [21].

G. Cybersecurity and Data Privacy Concerns

AI-based agricultural systems are data-hungry and hence
vulnerable to cyber attacks, data leaks and the misappropria-
tion of confidential farm information [22].

H. Adaptation to Diverse Agricultural Environments

GAI models, trained on particular datasets, may lack gen-
eralization across a range of climates, soils and cropping
systems, and therefore necessitate large scale model tailoring
[23].

I. Integration with Traditional Farming Practices

There are still a lot of farmers who use only folk knowledge
and manual methods to farm. Closing the gap between AI-
enabled and traditional farming methods continues to be a
challenge [24].

IV. METHODOLOGY

This research employs machine learning techniques trained
on diverse agricultural datasets that encompass climate pat-
terns, soil characteristics, and crop performance indicators.
These models are designed to produce predictive insights that
assist farmers in making informed decisions.

Table I categorizes the various data sources used in the
study and outlines the types of data collected, along with their
respective purposes.

To further enhance agricultural productivity, the study in-
tegrates Generative AI models that support predictive an-
alytics and facilitate automated decision-making processes.
The advantages of automated decision-making in agricultural
applications are presented in Table II.

Additionally, the impact of applying Generative AI models
on crop fields, particularly in improving productivity and
optimizing resource usage, is illustrated in Table III.

TABLE I
DATA SOURCES USED IN AI MODEL TRAINING

Data Source Type of Data Purpose

Satellite Images Remote Sensing Crop Health Monitoring
Soil Sensors Moisture, pH, Nutrients Soil Quality Assessment

Weather Reports Temperature, Rainfall Climate Prediction
Yield Records Historical Crop Data Yield Optimization

TABLE II
AI APPLICATIONS IN FARMING

AI Application Benefit Example
Disease Detection Early pest/disease ID CNN-based image analysis

Irrigation Management Water use optimization Sensor-based irrigation
Yield Prediction Maximized crop output AI forecast models

TABLE III
IMPACT OF AI ON CROP YIELD

Crop Type
Traditional

Yield
(kg/ha)

AI-Optimized
Yield

(kg/ha)

Improvement
(%)

Wheat 2500 3200 28
Rice 2800 3600 28.5
Corn 3100 4000 29

V. CHALLENGES

Despite the numerous advantages AI offers to the agricul-
tural sector, its widespread adoption is hindered by several
significant challenges. Key issues include limited availability
of high-quality and region-specific data, inadequate digital
infrastructure in rural areas, and the high costs associated with
deploying and maintaining AI technologies.

Table IV presents a summary of these challenges, detailing
their specific impact on agricultural practices and the barriers
they create for effective AI integration.

Although modern farming practices enhanced by AI have
shown potential benefits such as improved productivity and
resource efficiency, as illustrated in Table V, these outcomes
are often unevenly distributed. Many farmers, especially in
developing regions, struggle to access or utilize these technolo-
gies due to financial, technical, and educational constraints.

TABLE IV
CHALLENGES IN AI ADOPTION FOR AGRICULTURE

Challenge Impact Possible Solution
Data Availability Inconsistent Training Data Improved Data Collection

High Costs Expensive AI Models Government Subsidies
Technical Barriers Lack of Farmer Training AI Education Programs
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TABLE V
SUMMARY OF AI BENEFITS IN AGRICULTURE

Benefit Impact on Farming Practices
Data Availability Higher Productivity

Resource Efficiency Reduced Water and Fertilizer Usage
Sustainability Environmentally Friendly Methods

Cost Reduction Lower Operational Costs

VI. FUTURE DIRECTIONS

A. Improving AI Model Interpretability

Why it matters: AI models, especially complex ones like
deep learning, often function as ”black boxes,” making it dif-
ficult for users to understand how decisions are made. Never-
theless, for small-scale producers whose technical knowledge
may be limited, this lack of transparency can be a barrier to
trust and uptake.

Future focus: Research should focus on the creation of
explainable AI models making actionable outputs. For ex-
ample, explainable AI (XAI) techniques can provide farmers
a better understanding of the reasoning behind a model’s
recommendations for a farmer to plant a crop, or change
the hours that it is watered, through aCrop Rotation. This
transparency can facilitate farmers’ decision making process,
and build trust in AI-based solutions.

B. Integrating Multi-Modal Datasets

Why it matters: Agriculture is associated to multiple data
modalities (e.g., satellite image, weather data, soil biological
and chemical data, and crop yield data). The majority of
current AI models is based on Gen AI, which imposes a
constraint on the accuracy and utility of the models.

Future focus: Future studies should be designed to integrate
multi-modal data in a bid to create increasingly integrative
AI systems. For example, it will be possible to improve crop
health/yield estimates by combining satellite imagery, surface-
level sensor data from the field, and a sense of prior weather
information. This hybridization may lead to more powerful
and situation-aware AI systems that can learn the small-scale
farmer’s wants.

C. Ensuring Equitable AI Adoption in Small-Scale Farming
Communities

Why it matters: Small-scale farmers, particularly in devel-
oping regions, often face barriers to adopting AI technologies,
such as limited access to technology, high costs, and lack of
digital literacy. If these challenges are not addressed, it may
be that AI progress itself risks making existing inequalities
worse.

Future focus: Research should be directed towards the
development of low-cost, easy-to-use, AI tools which small
scale farmers can also access. This includes low-cost hard-
ware development, providing training courses, and artificial
intelligence (AI), the development of systems that can oper-
ate under low-resource conditions (i.e., low internet usage).

Policymakers and researchers need to work together in order
that the benefits of AI are fairly apportioned to all farming
communities.

D. Developing Sustainable AI Frameworks

Why it matters: AI, and in particular, big models, are
computationally/environmentally costly. This is inconsistent
with the goal of sustainable agriculture.

Future focus: Future research is likely to focus on the
design of energy-efficient and economical AI algorithms and
infrastructures. By means of model pruning, quantization and
exploitation of solar and wind power in data centers, CO2
emissions of AI systems can be reduced. Moreover, AI models
are to be developed so as to encourage sustainable caring
farming, planning in terms of resource optimization (water,
fertilizers) and minimization of waste.

E. Minimizing Environmental Impact

Why it matters: The environmental impact of AI extends
beyond energy consumption. For example, the hardware that
is used to implement AI systems can produce, or dispose of,
electronic waste, and exhaust natural resources.

Future focus: Studies looking at methods to minimize the
environmental impact of the AI throughout its existence,
from inception to deployment are needed. This encompasses
the incorporation of environmentally friendly materials, the
implementation of modularized, upgradable, hardware, and
the adoption of circular economy principles for the core
infrastructure of AI.

VII. CONCLUSION

Generative AI is promising for precision agriculture to better
serve as a decision-making tool, for sustainability and resource
optimization. Yet, data, infrastructure, and ethical challenges
need to be overcome for the responsible AI deployment
in agriculture. Further research and the joined actions of
academia, industry and government all are highly necessary
to achieve the ultimate potential of GAI in agriculture.
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