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ABSTRACT: This paper analyzes how artificial intelligence is transforming current-day agriculture with improved monitoring,
prediction, and decision-making systems. It discusses how models of machine learning, remote sensing, and data-driven solutions
are making it possible to have more efficient crop management, detect stressors earlier, and more accurately use water and other
resources. The review examines the main uses of Al in precision agriculture, namely, disease detection, yield forecasting, soil
analysis, and nutrient analysis, as well as climate adaptation strategies. The most important technological solutions, including
convolutional neural networks, multispectral imaging, and sensor-integrated platforms, are studied to reveal their potential and
real-life constraints. The paper also takes into account the issues that hinder the massive adoption of Al for crop health monitoring
solutions. Furthermore, the discussion provides future development opportunities, including the role of better datasets, hybrid
methods, and low-cost field-ready solutions in increasing Al contribution to global agriculture. In general, the article contends
that although AI will not be able to take over traditional farming knowledge completely, it can contribute a lot to agricultural
systems in the aspect of decision-making and resilience when used in a responsible manner.
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B Introduction

Farming uses nearly 70% of the world’s freshwater supply,
and a significant portion of this water is wasted because of in-
efficient irrigation methods and outdated farming practices.!
The challenges that farmers across the world have to face in
their work continue to make it difficult to derive stable crop
outputs due to persistent issues with pest and disease detec-
tion, inefficient resource usage, labor shortages, inaccurate yield
predictions, and climate changes that are difficult to predict.
Conventional approaches to farming, including visual check-
ing of crops, fixed watering systems, and estimation of yield
in accordance with historic averages, are not always effective
in optimizing agriculture. Traditional methods of crop health
monitoring make it difficult to identify threats in time, misuse
resources, and are slow to react to environmental pressure.?

The emergence of artificial intelligence (Al) as a new op-
portunity at the end of the 2010s has provided the answer
to this long-standing question: Can smart algorithms and
sensor-driven systems assist farmers in overcoming these chal-
lenges to make agriculture more precise, efficient, and resilient?
Al is also efficient at handling large amounts of data, such as
satellites, drones, and ground sensors, and finding the pat-
terns that might possibly have passed unnoticed by a human.
As an example, Al-powered drones would be able to survey
fields and detect the initial signs of crop stress, pest outbreaks,
and nutrient deficiencies- then it would become possible to
do something before significant harm is caused.’® Similarly,
real-time irrigation optimization by sensor-based system in-
tegration of soil-moisture data sets, weather forecasting, and
crop models is capable of reducing the wastage by a signif-

icant factor, but preserving and/or enhancing the health of
the plants.* Robotic systems are also alleviating labor short-
ages, an issue of growing concern in most agricultural areas,
by allowing weed and pest elimination with extreme accuracy,
eliminating human-intensive fieldwork, including advanced
drone prototypes.® In the meantime, Al-trained yield-forecast-
ing models combine past data with real-time environmental
data to increase the prediction accuracy by as much as 30 per-
cent compared to traditional approaches. And lastly, as climate
variability emerges as the new reality, Al solutions are helping
to ensure climate resilience, simulating the response of crops to
changing conditions and advising on how to plant or manage
crops in the future.® As Gupta ez al. state, “[ Al] supports farm-
ers in adapting to climate change by analyzing vast amounts of
environmental data to predict weather patterns, droughts, and
other climate shifts.”® Al is becoming an increasingly valuable
asset to farmers.

Though there are several review articles that explore the
potential of Al in precision agriculture, the majority of them
concentrate on a single area, i.e., optimization of irrigation or
monitoring with drones. The current review is unique in its
systematic coverage of the five interrelated challenge areas, in-
cluding the late pest/disease detection, inefficient resource use,
labor shortages, yield-prediction errors, and climate adaptation,
all in the prism of central coverage of crop health monitoring.

B Methodology

This paper examines the implementation of artificial intel-
ligence in precision agriculture to solve problems, including
the identification of pests and diseases, managing resources,
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predicting yields, and adapting to climate change. In order to
have a balanced and comprehensive view, academic databas-
es such as Google Scholar, ScienceDirect, PubMed Central,
and ResearchGate, and reputable industry publishers, such as
Nature and MDPI, were used to collect research articles. The
search terms involved the use of the keywords: "Al in precision
agriculture,” "Al crop yield prediction," "crop monitoring with
drones," "Al pest and disease detection in agriculture,” and
"Al climate resilience in agriculture.”

Inclusion criteria were that the studies must be published
between 2015 and 2025 with a specific interest in Al-based
agricultural applications, typically with a quantifiable outcome,
i.e.,accuracy data, efficiency gains, or verified cases of applica-
tion in real agricultural settings. The studies that talked about
generic automation without Al elements or those dated earlier
than 2015 were usually not considered to guarantee relevance
to contemporary technological developments.

The papers were filtered based on their technical aspects
(e.g., machine learning models, computer vision, loT-enabled
sensing) and the application in agriculture (e.g., optimizing ir-
rigation, detecting crop health, predicting yields). Results were
then divided into five broad problem areas, which are late pest
and disease detection, inefficient utilization of resources, la-
bor shortage, inadequate yield forecasting, and climate change
resilience. This methodological structure facilitated the direct
comparison between the Al methods and their practical ef-
fects.

Lastly, the focus on multiple research works and the narrow-
ing down of literature to Al-based studies with measurable
outcomes creates a coherent and precise image of how Al is
changing the methods of health management and farm oper-
ations of crops. The given methodology also preconditions the
discussion of the important findings and their implications in
terms of practice, policy, and further research.

B Discussion

Precision Agriculture and Crop Health Surveillance:

Precision agriculture (PA) is one of the revolutionary moves
in contemporary farming that involves a more data-driven and
antipassive approach to decision-making by using state-of-
the-art sensing, imaging, and Al-based analytics.”® Although
the traditional system is mostly based on human control and
regular routines, PA combines satellite shots, drone technology,
and IoT devices to offer twenty-four-hour and high-resolu-
tion data on crops. This enables stress, disease, or pest presence
to be detected prior to it becoming visible or causing economic
harm %1

In a carefully controlled study, it was shown that deep convo-
lutional neural networks could identify 26 diseases in 14 crop
species with almost perfect accuracy.” Findings of the authors
point to the possibility of Al being faster and more accurate
than human beings. Nevertheless, they also note a severe draw-
back: in the case of models being presented to uncontrolled
conditions in the field, performance can decrease to a signif-
icant degree. This dissimilarity represents one of the research
gaps, which is the ability to translate laboratory-level accuracy
to real-life, heterogeneous settings, and remains a critical issue.

It also highlights the need to have strong and adaptable mod-
els, which are critical to their deployment in various climates
and geographies.

The combination of multi-source datasets allows machine
learning models to make optimal decisions on irrigation, fer-
tilization, and pest control. Practically, it implies that the farm
managers will be able to introduce site-specific management
approaches, which may lead to decreased levels of both unnec-
essary application of chemicals and water wastage. However,
a combination of several data streams (e.g., weather, soil, crop
stage, etc.) can be challenging to calculate and logistically dif-
ficult, especially in developing countries, where fast internet
and sensor networks are not widely available.*”!!

In addition, the implementation of decision support systems
(DSS) into PA enables farmers to make uncertain decisions
proactively. DSS platforms are not only capable of simulat-
ing various management situations but also offer probabilistic
results that are better at risk assessment and planning. This
represents a major change in agronomic thinking: farmers
can predict their problems in advance, in contrast to having
to respond to problems that can be observed. This is extended
by robotics and autonomous field platforms that can conduct
routine monitoring at high spatial and temporal resolution
without requiring human labor and allowing greater scalabil-
ity.*

More importantly, the adoption gap is still broad, although
the evidence is positive concerning the promise of PA. Most of
the studies are limited to either pilot-scale implementations or
specific crop species,” which does not allow us to generalize.
It is also stated in the literature that the interdisciplinary na-
ture of PA demands coordination: agronomists, data scientists,
engineers, and policymakers need to be coordinated to achieve
success.!” The lack of consideration of this may hinder adop-
tion even where technological potential is illustrated.

To conclude, PA is not only a tool but a change in crop man-
agement paradigm. It allows conducting interventions earlier,
to use resources more efficiently, and to obtain higher yields
because it changes the reactive to predictive practices. How-
ever, the most important thing is to reduce the gap between
the experiment performance and the actual field operational
reliability to make sure that these systems are flexible, un-
derstandable, and available to different farms and areas. The
evidence indicates that although PA is transformative, to reach
the consistent benefits, attention must be paid to technologi-
cal, environmental, and social aspects.

Traditional Methods: Limitations and the Need for AI:

Conventional methods of crop control rely heavily on hu-
man labor, inspection, and predetermined irrigation and
fertilization timetables.”® The approaches are reactive in na-
ture and can only identify stress or disease when the symptoms
are visible. They are efficient in small and homogeneous plots,
but they become inefficient in large or diverse fields, where
crops are subject to unnoticed pressure or pests.”!

Human examinations are unclear and unstable. Even experi-
enced scouts may fail to detect the early symptoms of a disease
or even fail to notice the minor nutrient deficiency, depending
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on the conditions of the environment. The FAO measures the
effect of reactive management, stating that one of the primary
reasons for crop loss and resource wastage in the world is the
misallocation of water and fertilizer. These are exacerbated by
labor shortages, the typical occurrence during peak seasons of
farming activities in most areas.’

The solution to these problems is provided by Al and ma-
chine learning (ML) technologies through the data solution.
With sensors, drones, and satellite images, Al systems will be
able to identify even the slightest shifts in the health of crops
well in advance of their appearance.”’ It was demonstrated
that Al is able to give accurate recommendations on irrigation,
fertilization, and pest management to take timely and loca-
tion-specific measures. This minimizes resource wastage and
enhances the resistance to unpredictable environmental fac-
tors, making it a great shift towards reactive to predictive crop
management.

Nevertheless, there are critical limitations and adoption bar-
riers that are identified in the literature as well. A large number
of Al projects in the experimental stage are specific to partic-
ular crops, making them less generalizable to other regions or
types of crops.”? Smaller farms usually have difficulties access-
ing the required IoT network, drone technology, or high-speed
internet, which prevents real-world use.* Moreover, many Al
algorithms are of a black-box nature, which can diminish user
trust.” Clarifying Al models is indispensable to establishing
trust in farmers to make the recommendations provided by the
system understandable and practical.’

In a bigger perspective, these constraints demonstrate that
the social and infrastructure obstacles to using Al are no less
significant than the technological barrier. The implementation
has to be successful by investing in sensors and connectivity,
training the farmers and extension agents, and finding effec-
tive ways of integrating the Al recommendations into the
traditional farming way of operations.’®" More importantly,
Al is not to substitute agronomical knowledge but to comple-
ment human decision-making by allowing farmers to use their
skills in applying it to bigger and more complicated processes.

Overall, traditional practices form the basis of farming, but
are unable to support the demands of large-scale, modern, and
high-value agriculture. Precision agriculture through Al can
be used as an alternative, and it enhances detection, resource
use, and predictive control. To achieve these benefits, however,
there have to be practical obstacles that are overcome, such
as technological, financial, and social barriers. Al should be
developed in such a way that it is not a substitute for human
knowledge. The evidence shows that the development of Al
is a socio-agronomic problem and technological innovation,
which must be carefully incorporated into the current systems
to achieve maximum benefits and equity.

Al Applications in Key Problem Areas:

Early Pest and Disease Detection:

Precision agriculture requires the identification of pests and
diseases early. It has a direct influence on crop yield, and it
assists in minimizing the use of chemicals. The conventional
scouting mechanisms are based on the use of periodic manual

inspections, which are slow and subjective. They tend to over-
look early infestations, particularly in big or diverse fields.”®
Artificial intelligence devices, in particular, computer vision
and deep learning, can be used to automate alarming and pro-
vide alerts in near real-time. This enables farmers to act before
outbreaks deteriorate.

Researchers applied a deep convolutional neural network
to the PlantVillage dataset in a controlled environment study
(Figure 1). It had a 99.35 percent accuracy in the controlled
environment when identifying 26 crop diseases in 14 species.
This demonstrates how Al is able to outcompete human scouts
regarding speed and precision. Nevertheless, the experiment
also revealed an alluring decline in accuracy (to approximately
31 percent) when it was directed to images that were taken in
uncontrolled environments, including images from trusted on-
line sources and academic agriculture extension services. This
refers to the difficulties of extrapolating Al models. In any
real-life scenario, Al should be able to support environment,
lighting, and crop development cycle variations to be effective
in critical scenarios.’

Figure 1: Leaf Samples from the PlantVillage Dataset. This figure illustrates
the type and visual diversity of input data used to train convolutional neural
networks for automated disease classification, highlighting both the potential
and the generalization challenges when models trained on controlled images
are applied to field conditions. Adapted from: https://www.frontiersin.org/
journals/plant-science/articles/10.3389/fpls.2016.01419/full

Drone imaging, when paired with Al, can support the
high-resolution regulation of extensive fields quite well. The
use of multispectral imaging on drones and processing with
the convolutional or recurring neural networks can detect the
slightly obvious signs of pest or disease infestations that can
be very small and can be impossible to notice.’® Drones could
also help alleviate the problem with localized pest manage-
ment. This will help in the minimization of pesticide overuse.
Alazzai supports this and demonstrates that by integrating the
UAV data with ground sensor networks, predictive analytics
can be implemented.

Although these systems are promising, they come with bar-
riers to their implementation. Annotated datasets, which are
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high-quality, are essential to the development of Al models,
yet such datasets are frequently unavailable for some crops, dis-
eases, or environmental factors.”’ Also, smallholder farmers do
not necessarily have access to drones, [oT sensors, or computer
resources to implement them.*" Therefore, although Al has
serious theoretical and experimental advantages, the practical
implementation must concentrate on infrastructure, training,
and model flexibility regarding early pest detection.

There is an indication that Al may transform the way the
early detection of pests and diseases is done, yet the rate of
adoption will be uneven. Al can help in curbing the losses of
crops and chemical costs in high-value or large-scale farming,
where infrastructure and funding are available. In smallholder
settings, Al must be combined with readily available hardware,
low-priced sensors, and a straightforward interface to offer fair
and practical gains. It is also required that research be con-
ducted on transferable models that will be accurate in other
regions, crops, and environments.

Inefficient Resource Usage:

Using water, nutrients, and other farm inputs efficient-
ly remains a major problem in conventional agriculture.
Old-fashioned ways of irrigation and fertilization are usually
worked out according to timings or the intuition of the farmer.
It may result in under- and over-application of needed resourc-
es for plants.? The excessive use of fertilizers and water reduces
the economic performance and damages the environment by
reducing soil nutrients, contaminating water, and contributing
to greenhouse gases.

Precision agriculture through Al provides resourceful data
management. Al-enabled irrigation systems that utilize soil
moisture sensors, weather forecasts, and crop growth models
can reduce water consumption by a factor of up to 30 percent
without affecting yields.® On the same note, machine learning
models have the ability to adjust the application of fertilizers
to the targeted sites by estimating the amount of certain nu-
trients each site requires to maintain a healthy crop without
causing overuse.’

By combining IoT sensors and predictive analytics, it is
possible to monitor soil nutrients, moisture, and plant health
indicators in real time.*"* To illustrate, Al algorithms will be
able to turn on irrigation only when the moisture in the soil
decreases to a certain amount, depending on the crop, or rec-
ommend the use of nitrogen only after considering realistic
plant requirements and not previous average levels. These
recommendations can be performed precisely by robotics and
automated systems and lead to additional waste reduction.’

Although the results seem to have definite advantages, there
are challenges in the practical implementation. The cost of
sensors, loT networks, drones, and automated systems may
not be easy to meet at the beginning, particularly in the case
of smallholder farms.*' Also, a large number of Al models
are trained with pilot-scale or high-resolution datasets, which
might not be relevant to new types of soil, crop, and climatic
conditions. This poses some important questions regarding the
dependability and extensibility of the resource optimization
models to diverse farming systems.

The human aspect of adoption is another important factor.
Farmers need to believe in Al advice and understand how to
respond to it, even with the technology in place. Explainable
Al systems are essential to converting predictive results into
practical choices that are consistent with the local farming
experience and conditions.”” This may otherwise be achieved,
meaning that failure to do so may lead to under-utilization or
mis-utilization and hence cause restriction in the efficiency
gains.

Finally, Al can significantly enhance efficacy in resource
use, which is not only cost-effective but also environmental-
ly friendly. Nonetheless, fair deployment must put into focus
infrastructures, expenses, model universality, and confidence
among users. It is crucial to bridge the research-practice gap,
and future research must investigate cost-efficient, scalable,
and comprehensible Al applications in various agricultural
contexts.

Labor Shortages:

Labor shortage is a regular problem in agriculture, particu-
larly during the important times such as planting and harvest.
Operations such as scouting, weeding, and harvesting that were
previously done by manual labor are not as sustainable as they
used to be. This is especially accurate in regions where there
is migration to cities, an aging agricultural sector, or season-
al labor shortages.”’® This deficiency limits the productivity
of farms and postpones the timely response to pests, diseases,
and a lack of nutrients, which directly affect the outputs and
profits.®1

Robotic systems powered by Al offer a potential solution.
Drones, weeding robots, and monitoring systems can effective-
ly perform repetitive or labor-intensive duties by autonomous
harvesters. Robotic strawberry harvesting machines are equally
accurate at their work as human workers, indicating the pos-
sibilities of robotics in sensitive farming jobs.’ In addition to
harvesting, autonomous robots equipped with imaging sensors
can be used to carry out constant measurements, eliminating
human field inspection, and allowing crop stress to be identi-
fied earlier.'®"?

In spite of these developments, there are huge challenges to
the adoption of these technologies. Small and medium farms
cannot afford the high initial costs and continual maintenance
costs.*!! Moreover, Al-powered robotics may need special
skills to operate and maintain, and farmers with no access to
training or support find it difficult to operate them. There are
also crop-specific restrictions: not all crops can be effectively
harvested and controlled using robots at the moment because
of structural complexities or sensitivities.

In a broader view, Al and robotics may change the place
of work in farming. They are able to make human work less
monotonous, more supervisory, decision-making, and analyt-
ical. The change has the potential to improve the efficiency
of farms, reduce labor shortages, and provide more opportuni-
ties to respond to the stress of crops or problems with pests in
time.””® Nonetheless, the implementation of robotics should
not ignore economic and social realities to guarantee that the
benefits are reaped without increasing the disparities between
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large farms run by industrial enterprises and smaller ones. Fur-
ther studies are required to develop more affordable yet flexible
and user-friendly robotic systems to reduce the gap that cur-
rently exists between technology and its practical application
in different farming environments.

Yield Prediction Inaccuracies:

Precise forecasting of yields is crucial in the management
of farms and also in larger-scale agricultural planning. The
conventional forecasting techniques involve the average of the
history, farmer surveys, and the use of simple estimates based
on previous yields. Nevertheless, these techniques are not al-
ways able to reflect the spatial change, temporal change, and
real-time environmental dynamics.”® This may lead to making
bad decisions concerning planting, harvesting, and marketing,
which may eventually damage profits and food supply stability.

The use of Al-based models can significantly enhance the
accuracy of prediction by adding analysis on top of remote
sensing, soil maps, climate factors, and crop growth models.
Deep neural networks were developed to predict maize yield
for the Syngenta Crop Challenge with root mean square er-
rors (RMSE) of about 12% of the average yield (Figure 2)."”
This points to the advantages of Al analysis. The models assist
farmers in estimating the level of production, optimizing sup-
ply chain planning, and reducing post-harvest losses.

&

e
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Figure 2: The Maize Hybrid locations across the United States were collected
from the 2018 Syngenta Crop Challenge. Adapted from: https://www.
frontiersin.org/journals/plant-science/articles/10.3389/fpls.2019.00621/full

Integrating various sources of data increases the reliability
of a model as well. A combination of satellite imagery and
IoT sensor data increases spatial resolution.’® This is because
it provides the opportunity to have field-level specific yield es-
timates, instead of general regional estimates. This also allows
models to capture microclimate and soil variability across the
area. This provides a stronger and more adaptive agricultural
system that is able to cope with resources and interventions.

Even though conventional yield forecasts take into account
the past yield averages, they often fail to capture field-specific
variability, which results in inaccuracies in various crops, soils,
and climates.”? The limitations can be overcome through
Al-based models by incorporating multi-source data, such as
satellite imagery, soil properties, climate conditions, and inputs

from IoT sensors. This combination provides more accurate
prediction and makes it possible to forecast dynamically and
at the field level.»1!

Despite these improvements, challenges remain. One of the
factors that can affect the trust and adoption of Al is that com-
plex Al algorithms like deep neural networks might not be
easily interpretable by farmers or policymakers.’ To achieve
the greatest benefits of Al in yield prediction, the models
should be generalizable, interpretable, and have a strong data
infrastructure. The availability of open-access datasets and ex-
plainable Al models is essential to making sure that the yield
predictions enabled by Al can help advance the management
of resources, mitigate risks, and decision-making in a variety of
agricultural environments.'!?

Climate Change Adaptation:

Modern agriculture is challenged by climate-related vari-
ability and extreme weather events. The growth in cases of
droughts, unpredictable precipitation, stress, and the emer-
gence of new pests complicate the process of yield projections
and endanger the producers.’® Artificial intelligence (AI)
and associated data technologies are also being viewed as a
necessity, in this case, not only in terms of efficiency but also as
the means of farm resilience construction. The literature that
already exists constructs the role of Al in adaptation in the
context of three main capabilities, namely: (1) the ability to
identify risks and issue early warnings at the field level, (2) the
ability to provide decision support based on scenarios, which
can integrate climate forecasts alongside agronomy, and (3) the
ability to provide adaptive operational control (such as irriga-
tion and fertilization) to lower centrality to extreme events,
which may be achieved through Geographical Information
Systems.*1315

Early warning systems and risk detection systems are based
on various sensors and pattern recognition. Machine learning
models are fed with high-frequency remote sensing (satellites
and UAVs) and in-field IoT data (soil moisture and canopy
temperature). These models are able to find abnormalities in
the health of crops before they become visible.” The recent
reviews point out that the combination of these sources of
data makes the risk map more accurate, and the producer can
understand that this or that particular area is likely to experi-
ence drought stress or pest outbreaks according to the future
weather patterns.'®? The practical advantage is obvious: the
preventive measures could be used where the need is most,
and it would help to save water and reduce the losses in yields
caused by unpredictable and changing climate.

Scenario simulation is another field where AI is useful
because it can be used to simulate various management pos-
sibilities against climate forecasts to estimate their possible
results. New decision-support systems enable users to experi-
ment with different aspects, including planting dates, planting
drought-resistant varieties, or more or less frequent fertiliza-
tion, and view the potential effects on yield, water use, and
profits.*!° It is a major change: instead of only reacting to the
emerging issues, farmers are able to rely on evidence-based
knowledge to change their operations in advance. These
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scenario tools are especially beneficial on the landscape lev-
el, where a coordinated response (such as staggered planting
among producers, or changing regional water distributions)
can reduce systemic risks.

Operational adaptation relates forecasts and situations to
automated or semi-automated steps. By incorporating soil
moisture sensors, weather data, and simple crop-water models,
precision irrigation systems that can apply water only to stressed
zones, depending on specific thresholds, can be connected.’"
In case of robotic applicators and variable-rate machinery, the
mitigation strategies could be applied with highly accurate
control in the following cases, in which Al could apply biocon-
trols in areas at risk or shade vulnerable plots. This minimizes
unwanted inputs in sub-optimal situations.'>"

There are, however, several limitations cautioned in the lit-
erature. First, high-quality long-term data, based on which
local climate extremes and reactions of crops can be record-
ed, is required to achieve model reliability; not all regions are
covered by such data, making it impossible to calibrate models
and adapt them to local conditions.'™® Second, weather pre-
diction is always unpredictable, and its integration with Al
adds complexity to the model, which may pose a problem in
interpretation and build confidence among the users.* Third,
some smallholder farmers might not afford the equipment
and connection required to maintain continuous observation
and automated responses (such as UAVs, dense sensor net-
works, edge/cloud computing), which results in the unequal
distribution of adaptation benefits.”!" Finally, the social and
institutional factors, including the ownership of data, its main-
tenance capacities, and the extension services, are critical in
determining whether predictive signals would be implemented
in practice or not.'

Three priorities are recommended in recent reviews to make
it more applicable and fair. The first is localization, which en-
tails coming up with mechanisms that enable models that are
trained in dense data to adapt fast to local conditions with-
out the need to have much new data.’® The second attempt
is to make models easy to use and understand through the
demonstration of probabilistic forecasting and actionable rec-
ommendations with defined confidence levels. This assists
farmers in making effective choices without any need for in-
tense expertise.'®? The third priority is designing sensing
solutions that are scalable and low-cost, such as low-cost soil
probes and smartphone-based imaging, to ensure that technol-
ogy is accessible to risk producers.!

To sum up, Al is an important aspect of climate adaptation,
which improves early detection, informative decision-making,
and automation of adaptive responses. Nonetheless, to grow
resilience fairly, it is necessary to pay attention to the quality of
data, its transferability, interpretability, and access to infrastruc-
ture in such a way that smallholders and areas with limited
resources can benefit, along with more resourced ones.

Critical Evaluation, Contradictions, and Limitations:

Precision agriculture based on artificial intelligence (Al) has
a high potential in various aspects, such as disease detection,
resource utilization, yield prediction, labor assistance, and cli-

mate-change adaptation. Still, a more careful examination of
the literature available shows a complex situation with numer-
ous caveats and unanswered questions.

Generalizability and reliability are the first issues of con-
cern. High-quality datasets and controlled experiments, such
as those of Mohanty ez al., have high predictive accuracy in
disease diagnosis at controlled imaging conditions. However,
when these models encounter real-life variations, e.g., lighting
variations, heterogeneous crop species, different soil quality,
and unsystematic imaging, they tend to reduce the accuracy
significantly. In the same vein, Chlingaryan e# a/. and Khaki
and Wang state that models of crop yields created based on
past data might not work in adverse environmental conditions.
This points out the constraints of data-only solutions unless
they are locally adjusted or calibrated.

Second, there are major problems with data infrastructure
and quality. As a number of studies note, the performance of
Al requires large quantities of high-resolution, well-labeled,
and timely datasets.!!>!8

As a matter of fact, in most regions, particularly small farms
in developing nations, there is neither historical nor current
agricultural information, and thus the extent to which such
models can be utilized. The presence of noise or data gaps,
even with the assistance of sensors, UAVs, and remote sensing
tools, may affect the reliability of recommendations, even in
cases where the instrument does not operate correctly, requires
maintenance, or is connected.*!3

Third, the price and the availability of technology restrict the
applicability. Robotics systems, loT-based sensors, UAV plat-
forms, and cloud analytics are expensive to start and maintain.
Although the bigger commercial farms might be able to recoup
the invested capital in terms of enhanced efficiency, the small
ones may not be in a position to embrace such technologies.
This poses a further problem of productivity and resilience
inequalities.’®>" With potentially promising cheap sensors
or smartphone imaging, these technologies demand technical
skills, maintenance, and regular data input, which may be hard
to achieve in resource-strained regions.'

Fourth, the explanation of the functioning of Al models and
their development of trust is one of the biggest challenges. A
lot of useful Al tools, in particular, deep learning models used
to identify diseases or forecast yields, are black boxes.' There is
not much transparency regarding the decision-making process
in these models. Al can also be resisted by farmers who would
not implement the models even when technically valid, with-
out proper explanations. It is important to mention that the
literature emphasizes the increased attention to explainable Al
frameworks that can deliver confidence scores, visual reasoning,
or simplified outputs to enhance trust and usability.**®

Fifth, the environmental and social implications of Al uti-
lization are not clear yet. Efficiency gains, including less water
and fertilizer, control of pests in a more targeted way, and less
labor, are documented in many studies. Nevertheless, the eco-
logical impact of Al-enhancing agriculture in the long term
is largely unexplored.” An example is that automated irriga-
tion and fertilization may result in soil depletion if models
are short-term optimal, or Al-controlled monoculture may
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increase the problem of pests and diseases in the long term.
More so, disparities in access to Al may exacerbate the current
disparities between large mechanized farms and smallholders
and have more widespread social and economic implications.’

Lastly, there is a wide difference in scientific reproducibility
and evaluation standards. In the 19 credible sources utilized for
this review, approaches vary: some of the studies concentrate on
the study of individual crops, whereas others consider regional
scenarios. The definition of accuracy and the gain of efficiency
are also different. Such a variance makes it difficult to compare
results and perform meta-analysis, which restricts the potential
to generalize the results to other agricultural systems. The liter-
ature always recommends a standardized evaluation procedure,
open datasets, and multi-year research to prove Al tools in ac-
tual agricultural environments successfully.

To summarize, the close analysis of reliable literature
demonstrates that although Al can revolutionize the field of
precision agriculture, it is not a panacea. The researchers and
practitioners need to solve the problems of generalizability, lack
of data, costs and availability, credibility and interpretability,
social and environmental impacts, integration challenges, and
disproportionate assessment rate. Addressing these issues in a
systematic way based on local adjustment, better explanation
of Al scalable and cost-efficient infrastructure, and long-term
research will be essential in realizing fair, sustainable, and resil-
ient application of Al technologies to agriculture.

Implications for Practice, Policy, and Future Research:

Integration of the evidence based on confirmed research in-
dicates several practical consequences of farming, government
policy, and future research in Al-based precision agriculture.
At the practical level, artificial intelligence technologies give
specific advantages in the detection of pests and diseases at
early stages, the more effective management of resources, crop
yield prediction, and adaptability to climate change. As an
example, the identification of disease hotspots with the help
of UAV imagery, soil moisture sensors, and machine learning
models can be made accurate. This will enable the use of time
and minimize the use of pesticides that are not needed.!
Likewise, predictive irrigation can reduce water consumption
by 30 percent and provide the same quantity of crops, which is
beneficial to the environment and economy.’ Nevertheless,
the implementation of these technologies requires training and
guidance, particularly for the smallholder farmers who might
lack experience in making decisions based on data and the
technical infrastructure required to support constant monitor-
ing of AL

From a policy perspective, equitable use of Al in agriculture
must look at access and governance. To bridge the technology
gap among less resourceful farmers, open-access datasets, sub-
sidized sensor networks, and local training can be useful.®'®
Policymakers also need to consider developing policies that
would standardize data collection, model validation, and re-
porting. This will create trust in the results of Al and simplify
cross-regional data comparison. In addition, compatibility pol-
icies between IoT devices, UAVs, and cloud-based analytics
will enhance scalability and minimize fragmentation. It will

enable the application of Al to various farm sizes and farm
settings.!’

In the future, there are a number of research priorities. First
of all, the studies on localization and transferability are re-
quired. Such studies must also consider that the Al models that
have been trained on high-quality information in developed
regions can be efficiently transferred to smallholder farms with
little historical information.”*® Second, we ought to strive to
develop explainable Al models in such a way that the results
of the models become transparent and interpretable. It will as-
sist farmers in understanding the recommendations and ensure
they take action. Third, studies should evaluate the environ-
mental and social impact of the usage of Al over time. This
comes together with factoring in any unintended consequenc-
es, like disparity in access or overdependence on automation.*'
Cross-regional and multi-year studies are needed for model
validation across changing climatic conditions and across dif-
ferent farming systems. It will improve the predictability and
utility of policy.

In reality, these research and policy priorities give rise to
several particular strategies. Precision Al tools can be used to
direct farmers to concentrate their efforts, save resources, and
plan more closely based on the anticipated yields, and policy-
makers can encourage fair access and standardization. In their
turn, researchers should be more concerned with the improve-
ment of model reliability, clarity, and scalability. This will see to
it that technological advances can be measured to bring gains
in different agricultural settings. All of this is a holistic strategy
that, in addition to promoting productivity and sustainability,
can facilitate resiliency to climate change and economic fluc-
tuations. This parallels the broader objectives of food security
and sustainable development. 315

B Conclusion

This review of existing literature shows that precision ag-
riculture is undergoing a transformation through artificial
intelligence (AI), particularly regarding crop health moni-
toring. Deep learning, machine vision, and IoT-based sensor
networks are examples of Al methods used to identify pests
and diseases in their early stages, optimize resource utilization,
better yield forecasting, and assist in changing strategies that
adapt to climate variation. It has been shown that these types
of technologies are able to reduce the number of people needed
in labor, conserve valuable resources such as water and fertiliz-
er, and provide farmers with valuable insights that could not be
delivered by the conventional forms of monitoring.

However, challenges remain. Most models created with Al
are effective in controlled environments but are less accurate
in a variety of field situations. These question their capacity
to evolve and grow. The inability to access infrastructure is a
major problem: the lack of accessibility by smallholder farmers
and uncertainty in some of the algorithms remain a barrier to
its widespread implementation. The environmental and social
effects of introducing Al on a long-term scale are not entirely
comprehended. This highlights the importance of conduct-

55

DOI: 10.36838/IJHSR816.49



ijhighschoolresearch.org

ing more field research and coming up with clear models that
farmers can be guided by.

To conclude, precision agriculture powered by Al has mas-
sive potential to enhance the productivity, sustainability, and
resilience of farming. These benefits require consistent col-
laboration between research, policy, and practice. It involves
testing Al models in different scenarios, supplying the needed
infrastructure and training of farmers, and equitable data and
technology accessibility. These concerns will enable the tran-
sition of Al beyond its experimental concepts to the world of
real, scalable solutions that can ensure food security and sus-
tainable agricultural growth.
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