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ABSTRACT

Agriculture is undergoing a major transformation driven by artificial intelligence (AI), shifting traditional farming
toward a more data-driven and technology-enabled system. This review explores the role of AI in modern agriculture,
focusing on its key components, applications, benefits, limitations and future prospects. AI technologies such as
machine learning, deep learning, computer vision, natural language processing, robotics, predictive analytics, IoT
and cloud-edge computing are increasingly integrated into agricultural systems to enhance decision-making,
productivity and sustainability. These technologies enable precision farming, crop monitoring, disease detection,
forecasting, automation and supply chain optimization, improving efficiency while reducing resource wastage.
However, AI adoption remains limited due to high costs, lack of technical skills, data and infrastructure gaps,
regulatory uncertainties and concerns about privacy and adaptability. Additional challenges include farmer resistance
and the potential loss of traditional agricultural knowledge, highlighting the need for a balanced integration of
technology and human expertise. Looking ahead, advances in autonomous systems, multimodal data integration
and adaptive learning are expected to make agriculture more resilient, inclusive and sustainable. Overall, AI offers
strong potential to improve productivity and strengthen global food security under changing environmental
conditions. Continued investment in research, digital infrastructure and capacity building will be essential to
realize the full potential of AI for sustainable agricultural development.
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INTRODUCTION

Agriculture has long been a fundamental
activity for human civilization, providing essential
sustenance for individuals and communities (Rafael
2023). In many developing countries, it remains the
backbone of the economy, with a large share of the
population depending on it directly or indirectly.

Over time, farming systems have shifted from
traditional subsistence methods to more input-intensive
and industrial approaches, largely driven by the green
revolution (Evenson and Gollin 2003, Pingali 2012).

While these advancements have significantly
increased food production, they have also led to
unintended consequences such as soil erosion,
excessive reliance on chemical inputs, depletion of

water resources, environmental pollution and increased
vulnerability to climate change (Tilman et al 2002, Foley
et al 2011).

Today, the global agricultural sector is under
growing pressure from population growth, climate
change and land degradation, all of which threaten
long-term food security (Chen 2025). Rapid
population increase has intensified demand for food
while available farmland continues to shrink, further
strained by extreme weather events such as
droughts, floods and frosts.

Climate change remains one of the most
persistent challenges, reshaping agricultural systems
and increasing uncertainty for farmers worldwide
(Zhao et al 2017, Seleiman and Kheir 2018). These
conditions highlight the urgent need for modern,
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knowledge-based agricultural strategies that improve
efficiency and resilience. Modern agricultural
technologies offer promising solutions by optimizing
inputs, reducing waste and adapting production
systems to environmental stress (Simsek 2025).

In this context, artificial intelligence (AI) has
emerged as a transformative technology capable of
addressing multiple agricultural challenges
simultaneously. Recent advancements in AI have
significantly reshaped the agricultural industry,
particularly in areas such as precision farming and
supply chain management (Arjun 2013).

Technologies like unmanned aerial systems
(UAS) are increasingly used for disease detection, yield
estimation, growth prediction and weed management.
Similarly, internet of things (IoT) sensors combined with
AI algorithms are improving soil monitoring and
enabling precision irrigation, thereby maximizing
resource efficiency (Tsouros et al 2019).

AI refers to the development of machines
capable of performing tasks that typically require
human intelligence, such as learning, perception and
decision-making (Kurzweil 1990). Unlike traditional
decision-support systems, AI systems can improve their
performance through adaptive learning and can process
large volumes of structured and unstructured data in
real time (Godfray et al 2010). This capability supports
more accurate and timely decision-making in
agricultural management. The ability to analyze big data
has further advanced precision agriculture, enabling
farmers to make informed decisions that improve yields
and resource efficiency (Hussein et al 2025).

The integration of AI in agriculture represents
a shift from experience-based decision-making to a
more data-driven and predictive system. AI applications
can improve weather forecasting, monitor soil and crop
health using sensors and satellite imagery and optimize
irrigation, fertilization and planting schedules. These
improvements enhance productivity, reduce waste and
strengthen resilience to climate-related stresses
(Arshad and Martin 2002). By combining data from
weather patterns, soil characteristics, crop stages,
remote sensing and historical yields, AI provides
farmers with actionable insights for crop selection,
planting time, input use, pest management and
harvesting strategies (Liakos et al 2018, Kamilaris and
Prenafeta-Boldu 2018).

Importantly, AI is not limited to large-scale
commercial farming. It is increasingly accessible to
smallholder farmers through smartphones, cloud-based
platforms, mobile applications and AI-powered advisory
systems. These tools provide region-specific
recommendations and help bridge the gap between
farmers and research institutions. This growing
accessibility supports the development of a more
inclusive and equitable agricultural system (Karim et
al 2025, Foley et al 2011).

In precision farming, AI integrates GPS, IoT
sensors, data analytics and machine learning to enable
intelligent, data-driven farm management. It optimizes
inputs, improves monitoring of soil and crops and
enhances sustainability and productivity (Tiwari 2025).
AI also aligns closely with the goals of climate-smart
agriculture by promoting efficient resource use,
reducing dependence on agrochemicals and conserving
water resources. As a result, AI is contributing to the
development of more sustainable and resilient food
systems (Belwal et al 2025). With continued investment
from governments, researchers and agri-tech
innovators, AI is expected to play a central role in
strengthening global food security in the future.

This article, therefore, examines the key
components, applications, socioeconomic impacts,
limitations and future prospects of AI in agriculture.
Overall, it is evident that AI has the potential to
transform agriculture by enhancing productivity,
improving resource efficiency and empowering farmers
in an increasingly uncertain global environment (Wolfert
et al 2017, Liakos et al 2018).

Core components of AI
AI is an assemblage of interrelated computing

components that work together to imitate certain
aspects of human intelligence and support informed
decision-making, rather than functioning as a standalone
or fully autonomous technology (Wolfert et al 2017).
These components enable machines in agricultural
systems to observe field conditions, process and
interpret large volumes of data, learn from past
experiences and take appropriate actions (Liakos et al
2018). The following section explains the basic
components of AI.

Data acquisition and sensing systems: Data is the
foundation of any AI-powered system. In agriculture,
it is collected from multiple sources such as soil
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sensors, weather stations, satellites, drones, farm
machinery and smartphones. This data helps capture
key information on crop growth stages, pest activity,
temperature, humidity, rainfall, soil moisture, nutrient
levels and historical production patterns. Through smart
sensors, data analytics and intelligent systems, raw
agricultural inputs like soil, water and crop data can be
transformed into actionable insights for nutrient
management and sustainable production (Dhakal et al
2026).

By integrating digital technologies with
biofortification, food safety and decision-support tools,
AI and IoT-based systems enable a more nutrition-
sensitive and health-oriented approach to agriculture,
improving both productivity and public well-being. The
IoT and modern sensing technologies also support
continuous and real-time farm monitoring. Smart
farming combines AI and IoT within cyber-physical
systems to enable integrated farm management
(Sharma and Shivandu 2024).

AI models can detect field variability and
generate precise, site-specific recommendations at high
resolution. However, their performance is often
affected by challenges such as limited data availability,
imbalanced datasets and difficulties in data fusion (Li
et al 2025). Ultimately, the effectiveness of AI systems
depends heavily on the strength of the sensing
infrastructure, as reliable and high-quality data inputs
are essential for accurate and meaningful outcomes.

Machine learning algorithms: Machine learning is
used to enable computers to perform tasks that humans
can carry out more effectively (Arel et al 2010). It
allows systems to automatically access data and
improve their performance over time through
experience. In agriculture, it has become an essential
tool that simplifies complex decision-making processes
and supports efficient farm management (Benos et al
2021).

Machine learning is a key analytical
component of AI, enabling systems to learn from data
without explicit programming. It helps identify complex
patterns and relationships in agricultural systems, such
as links between crop growth, soil conditions and
weather patterns. These algorithms are widely applied
in irrigation planning, pest detection, disease forecasting
and crop yield prediction. Their accuracy improves as
more data becomes available, allowing them to adapt
effectively to changing environmental conditions.

Unlike conventional tools, machine learning systems
continuously improve through learning from data over
time.

Deep learning and neural networks: Inspired by
biological mechanisms of the human brain for
processing natural signals, deep learning (DL) has
gained significant attention in recent years due to its
strong performance in areas such as speech
recognition, collaborative filtering and computer vision
(Mishra and Gupta 2017).

Today, DL is widely regarded as a key area
within machine learning, AI and data science because
of its ability to learn directly from large datasets (Sarker
2021). It is based on artificial neural networks, which
form its core structure. These networks consist of
multiple layers that process information hierarchically,
allowing systems to recognize and interpret complex
patterns in data.

In agriculture, deep learning has become
especially important for image-based applications such
as fruit grading, weed detection, plant disease diagnosis
and yield estimation. For instance, DL models can detect
early stages of plant diseases by analyzing leaf images,
enabling timely intervention. This capability also
supports automation and advanced image recognition
in smart farming systems. Overall, the ability of deep
learning to handle large and complex datasets has
opened new opportunities for agricultural data analytics
and decision-making (Mukherjee et al 2025).

Computer vision: Computer vision is a branch of AI
that enables machines to capture, process and interpret
visual information from images or videos, allowing them
to make decisions or perform tasks in a way that
resembles human visual perception through algorithms
and mathematical models. It relies on high-quality visual
data for accurate analysis and is widely used in areas
such as agricultural automation, autonomous driving and
medical imaging (Cao et al 2025).

In agriculture, computer vision analyzes images
collected from drones, satellites or cameras mounted
on farm machinery (Zhang and Kovacs 2012). These
systems support crop assessment, detection of nutrient
deficiencies, monitoring of crop growth and estimation
of biomass. In addition, real-time applications such as
precision spraying and robotic weeding use computer
vision combined with deep learning algorithms to
improve field operations. Similar to how human vision
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depends on eyes, computer vision systems rely on
cameras and other visual sensors to collect and
interpret visual data (Chen et al 2020). Overall, this
technology improves accuracy and efficiency in farming
while reducing the need for manual crop inspection.

Natural language processing (NLP): NLP is a
branch of AI that enables machines to understand,
interpret and communicate in human language. It
supports voice-based and text-based systems that allow
farmers to interact with technology in their local
languages, ask questions and receive relevant, easy-
to-understand responses. By simplifying complex
information, NLP makes agricultural knowledge more
accessible and practical for end users.

NLP plays a significant role in improving
technology adoption among smallholder farmers by
overcoming barriers related to literacy and language.
As a result, it helps bridge the gap between farmers
and expert agricultural knowledge, making decision-
support tools more inclusive and user-friendly.

Predictive analytics and decision support
systems: Predictive analytics uses historical data, real-
time weather conditions, soil information and other
relevant variables to forecast future outcomes. In
agriculture, it helps estimate how current environmental
and farm conditions will influence crop performance
and yield. It combines both past and real-time data to
support more accurate forecasting, including crop yield
prediction, disease outbreaks and pest infestations
(https://www.thetatechnolabs.in/blog-posts/ai-in-
agriculture-predictive-analytics-for-crop-yield-
optimization).

AI-based predictive analytics models are
widely used in agricultural decision-making to reduce
uncertainty and improve planning. These systems are
often integrated with decision support systems (DSS),
which translate analytical outputs into practical
recommendations for farmers. For example, they may
suggest adjustments in irrigation schedules or provide
insights on expected water availability, helping farmers
take proactive rather than reactive decisions.

DSS is an integrated combination of software
and hardware designed to support organizational
decision-making processes. It is primarily data-driven,
relying on the continuous collection and analysis of
relevant information to generate useful insights
(Waghmode and Jamsandekar 2014). Overall,

predictive analytics and DSS together play a key role
in improving farm planning, reducing risks and
supporting more informed agricultural decisions.

Robotics and automation systems: The functional
basis of this technology in agriculture is robotics, which
refers to meaningful actions performed through digital
intelligence. In modern farming, routine operations such
as planting, weeding, spraying, harvesting and sorting
are increasingly carried out by robots and autonomous
vehicles. Advanced sensing systems and navigation
technologies enable these machines to operate with
high precision and efficiency (Kamilaris and Prenafeta-
Boldu 2018).

Robotic technology offers several advantages,
including higher productivity, timely execution of farm
operations and addressing labour shortages, particularly
in developing and rural regions. A field crop robot is
defined as a mobile, autonomous, decision-making
mechatronic system that performs crop production
tasks such as soil preparation, seeding, transplanting,
weeding, pest control and harvesting under human
supervision but without direct manual labour
(Lowenberg-DeBoer et al 2020).

Overall, robotics in agriculture enhances
efficiency, reduces human workload and supports more
precise and automated farming systems.

Cloud computing and edge computing: AI requires
significant processing power and data storage capacity.
Cloud computing supports the scalability of AI
applications by enabling the analysis of large datasets
through powerful remote servers. It also offers
advanced analytics capabilities, making it suitable for
handling complex agricultural data. At the same time,
edge computing reduces dependence on continuous
internet connectivity by processing data closer to the
source, ensuring faster response times and
uninterrupted operation in field conditions.

Edge computing brings data processing
geographically closer to the user and can function as
an intermediate node that distributes computational
tasks across multiple devices. A key advantage is that
sensitive data can be processed locally without being
transmitted to the cloud, enhancing privacy and security.
It also reduces data transfer volume, thereby, lowering
bandwidth usage and operational costs (Serena et al
2022, Tianqing et al 2022). Edge computing is
particularly useful in real-time applications that require
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low latency, such as industrial and security systems
(Qian and Coutinho 2022).

In contrast, cloud computing provides high
flexibility in data storage and computing power. Many
providers offer pay-as-you-go models, which reduce
initial investment costs by charging users based on
actual usage.

Cloud platforms also manage hardware
maintenance and provide user-friendly interfaces,
making advanced services more accessible. Their
scalability allows easy expansion of storage and
computing resources, even temporarily, which is
essential for handling fluctuating workloads (Gutierrez-
Torre et al 2022, Shin et al 2022).

Feedback and learning mechanisms: Feedback
loops are a fundamental concept in AI that enable
continuous learning and adaptation. In machine learning
based systems, AI processes data, generates
predictions or decisions and then improves its
performance by learning from the outcomes.
Feedback loops support this process by allowing
models to adjust their algorithms based on the
difference between predicted and actual results.

This iterative learning mechanism is similar
to human learning from experience and is essential
for building intelligent systems capable of operating
in complex environments (https://
www.fastercapital.com/content/Feedback-loops--
Feedback-in-Artificial-Intelligence--Learning-
Machines--Feedback-in-Artificial-Intelligence.html).

AI systems in agriculture rely heavily on
continuous feedback from field data. Over time, models
refine their predictions by comparing expected
outcomes with real-world results, leading to more
accurate and location-specific recommendations. This
adaptive learning process improves applications such
as disease forecasting, nutrient management and
irrigation planning, making AI systems more reliable
and better aligned with farmers’ needs (Wolfert et al
2017).

AI in agriculture: key areas of application
AI is being applied across every stage of

the agricultural value chain, from pre-sowing
planning and crop management to post-harvest
processing and market integration. By transforming
traditional farming into a smart and data-driven

system, AI improves precision, increases
productivity and promotes sustainability in agriculture
(Kamble et al 2020). The following sections discuss
the major areas of AI intervention that are reshaping
modern agriculture.

Precision farming: One of the most important
innovations in modern agriculture is precision farming,
which uses AI to support site-specific crop management
(Gebbers and Adamchuk 2010, Bongiovanni and
Lowenberg-DeBoer 2004). Precision farming combines
data from soil sensors, drones, satellite imagery,
weather stations and farm machinery to monitor field
conditions accurately and guide farming operations.
Unlike conventional methods that apply uniform
treatments across entire fields, AI enables the
application of inputs such as water, fertilizers and
pesticides according to the specific needs of different
areas within the field. This approach improves resource
efficiency, lowers production costs and reduces the
environmental impacts associated with excessive
chemical use.

AI-powered smart irrigation systems are a
major example of precision farming in practice. These
systems monitor factors such as soil moisture,
evapotranspiration and short-term weather forecasts
in real time to determine the exact timing and quantity
of water required. By using real-time data for irrigation
management, farmers can conserve water, prevent
waterlogging and maintain soil health and fertility more
effectively. Overall, precision farming enhances
productivity while promoting more sustainable
agricultural practices.

Crop monitoring and disease detection: AI-based
crop monitoring systems use deep learning and
computer vision technologies to assess plant health and
detect abnormalities at early stages. High-resolution
images collected from drones, satellites and smartphone
cameras are analyzed to identify signs of diseases, pest
infestations, nutrient deficiencies and other
physiological stresses, enabling timely and informed
interventions (Mohanty et al 2016).

Unlike traditional crop monitoring methods,
where action is often taken only after visible damage
has occurred, AI systems can detect subtle changes in
plant leaves and growth patterns that may not be
noticeable to the human eye. Early detection helps
reduce crop losses and prevents the spread of diseases
and pests. In addition, AI-supported disease diagnosis
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improves plant protection management by enabling
more accurate and targeted interventions, reducing
unnecessary chemical use and supporting healthier crop
production.

Predictive analytics: Predictive analytics is an
important AI tool that helps farmers anticipate future
conditions and make informed decisions accordingly
(Shamshiri et al 2018). Using machine learning
techniques, these systems analyze large datasets that
include weather conditions, soil characteristics, crop
growth patterns and historical yield records to generate
highly accurate forecasts.

The insights produced through predictive
analytics support farm planning, crop management and
resource allocation. They also assist farmers in making
financial and marketing decisions by providing advance
estimates of production outcomes and potential market
conditions.

In addition, predictive analytics plays a valuable
role in managing agricultural risks associated with
climate change by reducing uncertainty related to
weather variability, pest outbreaks and market
fluctuations. Overall, it helps farmers adopt more
proactive and resilient farming strategies.

Robotics and automation: Robotics and automation
represent one of the most practical applications of AI
in agriculture, particularly for labour-intensive and
repetitive tasks such as planting, weeding, spraying,
trimming, harvesting and grading (Kamble et al 2020).
Equipped with computer vision, machine learning and
advanced sensor technologies, these systems can move
through fields, identify crops and weeds and perform
operations with high precision and efficiency.

For example, AI-powered robotic weeders can
mechanically remove unwanted plants while protecting
crops, reducing the dependence on chemical herbicides.
Automation also ensures that farm operations are
carried out at the right time, improving overall efficiency
and helping address labour shortages in agricultural
areas. In horticulture and vegetable production, robotic
harvesting systems help reduce post-harvest losses and
maintain uniform product quality, thereby, increasing
market value and productivity.

Supply chain optimization and market analysis:
AI plays a crucial role in agricultural supply chain

management by supporting data-driven decision-making
and resource optimization (Saxena et al 2023). Its
applications extend beyond crop production and are
increasingly important in improving the efficiency and
reliability of agricultural supply chains. AI systems
analyze key data related to production volumes, storage
conditions, transportation and market demand to
support better planning and coordination across the
supply chain.

Effective supply chain management is essential
for ensuring the timely delivery of agricultural
products to markets while reducing losses caused by
overproduction and poor demand forecasting. AI-
based forecasting tools help predict market
demand more accurately, enabling farmers and
distributors to make better production and
storage decisions. In addition, AI technologies can
support real-time product tracking from farm to
consumer, improving traceability, quality control and
food safety.

AI also creates opportunities for more direct
connections between farmers and consumers,
potentially increasing farmers’ profits by reducing
dependence on intermediaries. Technologies such as
machine learning, deep learning and the Internet of
Things IoT contribute significantly to demand
forecasting, logistics management and efficient
resource allocation within agricultural supply chains
(Angayarkanni et al 2025). The growing use of AI-
driven supply chain systems has influenced not only
agriculture and the food industry but also sectors such
as manufacturing and the automotive industry (Wang
et al 2024).

Comparison of key AI technologies in agriculture:
Table 1 provides a summary of fundamental AI
technologies and their primary functions in agricultural
applications.

Benefits of AI in agriculture
AI offers several benefits in agriculture by

improving decision-making, optimizing resource use and
promoting sustainable farming practices. The
integration of AI technologies helps farmers address
productivity challenges while reducing environmental
impacts and improving the overall efficiency of
agricultural systems. Through data-driven insights and
automation, AI supports more precise, resilient and
sustainable farm management.
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The following sections discuss the major
benefits of AI in agriculture in detail.

Enhanced efficiency and productivity: AI enhances
agricultural productivity by enabling precision farming,
optimizing resource use, automating farm operations
and improving crop health monitoring and yield
prediction through data-driven decision-making (Hassan
et al 2022, 2023, Adinarayana et al 2024, Delfani et al
2024). One of the greatest advantages of AI is its ability
to increase production and operational efficiency across
agricultural systems.

AI can rapidly process large volumes of data
from soil conditions, weather patterns, imaging
technologies and historical farm records, tasks that
would require much more time using conventional
methods. This faster analysis allows farmers to make
timely and informed decisions. AI systems also provide
recommendations for improving practices such as pest
management, fertilizer application, irrigation scheduling
and planting density, helping farmers achieve higher
yields through more efficient resource management.

In addition, AI-driven technologies and
automated machinery perform farm operations with
greater precision and fewer errors compared to
traditional approaches. By reducing time losses and
improving efficiency, AI enables higher agricultural
output while using the same or even fewer inputs,
ultimately contributing to increased productivity and
profitability.

Sustainable resource use: The long-term
sustainability of agricultural productivity depends on
the efficient management of natural resources and AI

plays an important role in achieving this goal. AI-
assisted precision farming enables the accurate
application of water, fertilizers and herbicides only
where and when they are needed. This targeted
approach helps reduce environmental pollution, prevent
nutrient loss through leaching and minimize the
excessive use of agricultural inputs.

AI-controlled systems also optimize water use
by considering factors such as crop growth stages, soil
moisture levels and weather conditions. In addition, AI
supports the cultivation of sustainable and
environmentally friendly farming systems by reducing
dependence on chemical inputs and improving the
resilience of agriculture to changing climatic conditions.
Through better resource management and reduced
waste, AI contributes to the development of more
climate-resilient and sustainable agricultural practices.

Precision agriculture and AI further promote
environmental sustainability by optimizing the use of
resources such as water, fertilizers and pesticides,
thereby, minimizing waste and reducing environmental
impacts (Majumder et al 2021). Research also shows
that precision agriculture can help lower greenhouse
gas emissions by improving resource efficiency and
reducing unnecessary input use (Smith et al 2020).

Improved risk management: Agriculture is
inherently risky because it depends heavily on weather
conditions, biological processes and market
fluctuations. AI strengthens agricultural risk
management by providing accurate forecasts and early
warning systems. AI-based technologies, combined
with satellite imagery and predictive analytics, help
farmers take preventive action before challenges such

Table 1. Core AI technologies and their functions in agricultural applications

AI technology Primary function Agricultural application

Machine learning Pattern detection and prediction Yield forecasting; weather risk assessment
Computer vision Image analysis from drones and Crop health monitoring; disease/pest

sensors identification
Robotics and automation Performing physical farm tasks Weeding, spraying, harvesting, autonomous

autonomously tractors
Predictive analytics Forecasting trends based on historical Crop planning; irrigation scheduling

and real-time data
Internet of things (IoT) Network of connected sensors Soil moisture, pH, nutrient monitoring

gathering real-time data
Natural language processing Communication with farmers Chatbot advisory systems
(NLP)
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as irregular rainfall, pest outbreaks and soil degradation
lead to serious losses (Seth 2026).

Machine learning systems analyze large
volumes of historical and real-time data to predict
disease outbreaks, pest infestations, extreme weather
events and yield fluctuations. This early detection
enables farmers to adopt mitigation measures before
significant damage occurs. For example, weather
forecasts can help farmers adjust planting and
harvesting schedules, while pest activity alerts support
timely intervention and crop protection.

By reducing uncertainty and minimizing
potential losses, AI improves the resilience of farming
systems and supports more stable agricultural
production under changing climatic conditions. In
addition, AI-driven solutions help farmers achieve
higher efficiency and better economic returns while
reducing environmental impacts through more precise
and sustainable farm management practices
(Murugesan 2024).

Accessibility for smallholder farmers: AI offers a
significant opportunity to bridge the knowledge gap
between smallholder farmers and agricultural research
systems. AI has the potential to transform agricultural
production in low- and middle-income countries by
improving productivity, strengthening climate resilience
and reducing the labour burden on farmers (Anon
2025).

Through tools such as chatbots, mobile
applications and digital advisory platforms, farmers can
receive timely and relevant information directly on their
mobile devices. Many of these systems are designed
to be accessible even for users with low literacy levels,
often using voice-based or simplified interfaces that
are suitable for rural contexts. As a result, AI platforms
help expand access to agricultural knowledge by
providing expert guidance on crop selection, pest and
disease management and market trends.

Overall, AI contributes to more inclusive and
equitable agricultural development by ensuring that
high-quality, research-based information is more widely
accessible to smallholder farmers, supporting better
decision-making and improved livelihoods.

Challenges and limitations
AI has the potential to significantly transform

agriculture; however, several challenges continue to

limit its effective implementation (Anon 2022). Despite
its promise, the adoption of AI in agriculture is still
constrained by financial, technological and
infrastructural barriers, particularly for smallholder
farmers. The main challenges affecting the successful
deployment of AI in agriculture are discussed in the
following sections.

High initial investment: The high cost of advanced
technologies is one of the major barriers to the adoption
of AI in agriculture. Implementing AI requires
substantial technological infrastructure, which is often
unaffordable for many farmers, particularly in
developing countries. This includes investments in
sensors, robotics, data analytics systems, drones,
automated machinery, smart irrigation systems and AI-
based software platforms (Sharma et al 2022, Qazi et
al 2022).

In addition to the initial investment, farmers
also face ongoing costs such as installation,
maintenance and data storage, which further increase
the financial burden. As a result, small and medium-
scale farmers often find these technologies beyond their
economic capacity. The lack of adequate financial
support mechanisms, such as loans, subsidies and
insurance schemes for AI-based agricultural tools,
further discourages adoption. Consequently, the use
of AI in agriculture remains largely concentrated in
large-scale commercial farming systems, limiting its
wider accessibility and slowing its adoption across the
broader agricultural sector.

Requirement of technical expertise and training:
A major concern in the adoption of AI in agriculture is
the lack of technical proficiency among farmers and
agricultural workers to effectively use AI-based tools.
As a result, workforce training remains a critical barrier
to successful implementation (Morota et al 2018).

Although technological advancements in
agriculture are increasing, their adoption has been
relatively slow, mainly due to limited digital literacy and
insufficient technical expertise among farmers (https:/
/m.dailyhunt.in/news/india/english/analytics+insight-
epaper-anycinst/challenges+and+limitations+
of+ai+in+agriculture-newsid-n696312081).

Successful use of AI requires a certain level
of digital skills, including the ability to operate AI-
enabled tools, interpret data outputs and integrate
recommendations into routine farming practices.
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However, many rural communities lack access
to adequate training programmes, extension services
and technical support, which leads to hesitation and
reluctance in adopting these technologies. This
resistance is often stronger among older farmers and
those with limited experience in using digital platforms,
particularly when AI systems appear complex or
difficult to understand.

Without strong capacity-building initiatives, the
benefits of AI in agriculture cannot be fully realized.
Therefore, farmer-friendly system design, continuous
training and ongoing technical support are essential to
ensure effective and widespread adoption.

Data availability and connectivity constraints:
Another key challenge in the adoption of AI in
agriculture is the complexity of data management. AI
systems generate and depend on vast amounts of data,
which can be difficult to collect, store, process and
analyze effectively. This also requires farmers and
stakeholders to develop adequate skills in data handling
and interpretation (Idoje et al 2021).

High-quality and reliable datasets are essential
for developing effective AI models. However, in many
agricultural settings, especially in developing countries,
the availability of accurate farm data is limited. Factors
such as the lack of sensors, weak record-keeping
practices and minimal digital data generation
significantly restrict data availability. In addition, reliable
internet connectivity is crucial for the functioning of
many AI-based systems.

Unstable electricity supply and poor internet
infrastructure further hinder the adoption of cloud-
based AI solutions. In regions with low connectivity or
frequent outages, the effectiveness of AI-generated
recommendations is reduced, as timely data
transmission and access become difficult. As a result,
the benefits of AI in agriculture are often limited in
such environments, slowing down its widespread
implementation.

Data privacy and security concerns: The rapid
advancement of AI in agriculture has the potential to
outpace existing regulatory frameworks, creating
challenges for the safe and responsible use of these
technologies. A major barrier to the widespread
adoption of data-driven agricultural systems is the lack
of clarity regarding data ownership, privacy and

security, as well as the legal interpretation of
agricultural data (Wolfert et al 2017).

As AI systems increasingly collect and process
sensitive farm-level information, concerns about data
misuse, unauthorized access and exploitation by private
entities have become more prominent. These concerns
often make farmers hesitant to share their data, limiting
the effectiveness of AI applications. This situation is
further complicated by the absence of well-defined
regulations and policies governing the use, storage and
sharing of agricultural data. Strengthening legal
frameworks is, therefore, essential to build trust and
encourage wider adoption of AI in agriculture.

Limited adaptability across regions: AI models in
agriculture are often designed for specific crops,
climates or geographical regions, which can lead to
inconsistent performance when applied in different
agro-ecological contexts. If these models are not
properly localized and validated, their recommendations
may become inaccurate or irrelevant, ultimately
reducing farmer confidence in the technology.

The effectiveness and trustworthiness of AI
in agriculture depend largely on its ability to adapt to
local conditions. However, agricultural environments
vary significantly in terms of crop types, soil
characteristics, topography and weather patterns, even
across nearby farms. This high level of variability
makes it challenging for AI models trained on limited
or region-specific datasets to perform reliably in new
or diverse settings (Shrestha 2024).

Resistance to change: Farmers’ resistance to change
has long been a barrier to the adoption of new
agricultural technologies. Many farmers are often
concerned about the reliability and complexity of
emerging tools, while others are reluctant to disrupt
established farming practices that they have relied on
for years. These concerns can slow down the
acceptance and integration of AI in agriculture.

However, pilot projects, demonstration farms
and real-world case studies that clearly show the
practical benefits of these technologies have been
effective in reducing skepticism. Involving farmers
directly in the development, testing and refinement of
AI solutions can also improve their relevance, usability
and cultural suitability. Such participatory approaches
help build trust and encourage wider adoption of AI-



based agricultural innovations (Mallinger and Baeza-
Yates 2024).

Concern about the loss of agricultural knowledge
in the age of AI: AI can significantly enhance
agricultural productivity; however, it may also reduce
the farmer’s direct role in decision-making by
transferring key responsibilities to automated systems.
As AI becomes more deeply integrated into farming
practices, there is a risk that farmers and agricultural
workers may gradually lose traditional skills and
experiential knowledge essential for effective crop and
livestock management.

This concern becomes more serious in the
context of potential system failures or cyber security
threats. Over-reliance on AI-based decision-making
systems may weaken farmers’ ability to interpret subtle
environmental signals such as changes in soil conditions,
weather patterns or pest activity, which are often
identified through long-term experience and intuition
(Sparrow et al 2021). As a result, maintaining a balance
between technological assistance and human expertise
is essential to ensure resilience and informed decision-
making in agriculture.

The future of AI in agriculture
AI is expected to play an increasingly

transformative role in shaping the future of agriculture,
where farms evolve into intelligent and adaptive
ecosystems. In this vision, AI moves beyond its current
role of assisting human decision-making and gradually
becomes integrated into fully autonomous farming
systems that can monitor, analyze and respond to field
conditions in real time.

Future agricultural systems are likely to rely
heavily on edge computing to ensure rapid, localized
decision-making even in areas with limited internet
connectivity. At the same time, robotics will work in
coordination with AI to carry out essential farm
operations such as planting, irrigation, weeding and
harvesting. These systems will continuously learn from
field experiences, improving their performance and
efficiency over time through adaptive learning
mechanisms.

A key advancement in this direction is
multimodal data fusion, where diverse data sources
such as satellite imagery, drone-based monitoring, soil
sensors, weather data and even genetic crop information
are integrated to generate a comprehensive

understanding of agricultural systems. By combining
these multiple data streams, AI models can produce
more accurate predictions related to crop growth, pest
outbreaks, yield estimation and resource requirements.

As these systems become more sophisticated
and data-rich, their predictive accuracy and reliability
are expected to improve significantly through
continuous self-learning. This will also enhance their
ability to generalize across different crops, climates
and geographical regions, making them more useful
for diverse farming contexts, including smallholder
systems in developing countries.

With increased innovation, collaboration and
technological advancement, AI-driven agriculture has
the potential to create a more inclusive, resilient and
efficient farming ecosystem. Ultimately, it can support
the development of agricultural systems that are not
only ‘smart’ and productive but also sustainable,
adaptive and economically viable for future
generations.Top of Form

CONCLUSION

Artificial intelligence is emerging as a
transformative force in agriculture, offering innovative
solutions to long-standing challenges related to
productivity, resource management and sustainability.
By integrating technologies such as machine learning,
computer vision, IoT, robotics and predictive analytics,
AI enables more precise, efficient and data-driven
farming practices. These advancements support
improved crop monitoring, optimized input use,
enhanced risk management and better supply chain
coordination, ultimately contributing to higher
productivity and reduced environmental impact.

However, the widespread adoption of AI in
agriculture is still constrained by several challenges,
including high costs, limited technical expertise,
inadequate infrastructure, data scarcity, regulatory gaps
and concerns over privacy and adaptability. Social
factors such as resistance to change and the potential
erosion of traditional farming knowledge further
complicate implementation. Addressing these
challenges requires targeted policy support, capacity
building, improved digital infrastructure and farmer-
centric design of AI tools.

In the future, AI is expected to evolve into
more autonomous and adaptive agricultural systems
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supported by edge computing, robotics and multimodal
data integration. These developments will enhance
decision-making accuracy and system resilience across
diverse agro-ecological regions. If implemented
responsibly and inclusively, AI has the potential to
create a smarter, more sustainable and equitable
agricultural system that strengthens global food security
while supporting farmers’ livelihoods in a changing
climate.
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