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ABSTRACT

Global agriculture faces profound challenges, including resource scarcity, climate change, and a 70%
increase in food demand by 2050, resulting in 20-40% annual crop losses. Artificial intelligence (Al) is a
key transformative force, integrating machine learning (ML), deep learning (DL), and the Internet of
Things (IoT) to deliver data-driven solutions for precision agriculture, enhancing productivity,
sustainability, and resilience. This systematic review, based on a comprehensive search in databases
like Web of Science, Scopus, and Google Scholar focusing on peer-reviewed English-language articles,
analyzes Al applications in crop yield prediction (with over 96% accuracy via satellite imagery), pest
and disease detection (using CNNs), soil and environmental monitoring (with IoT sensors), market
price forecasting (with LSTM), and smart mechanization (such as autonomous tractors). In Iran, Al
shows promise in managing strategic crops (such as wheat using RF and SVM), soil assessment (erosion
mapping), and livestock (disease prediction), though challenges like data scarcity, weak infrastructure,
and socioeconomic barriers hinder its expansion. Research gaps include insufficient integration with
post-harvest management, a lack of longitudinal studies, and the absence of ethical standards. This
paper, by proposing future paths such as interdisciplinary collaboration and supportive policies,
emphasizes Al's potential for achieving sustainable agriculture and food security, boosting national

food security by up to 20%, positioning Iran as a regional leader in the next generation of AgriTech.

1. Introduction

Agriculture faces significant statistical challenges in
efficiently using scarce resources, coping with the complex
effects of climate change, and meeting a growing global
population’s needs. Estimates suggest that by 2050, global food
demand will rise by almost 70% as cultivable land becomes
scarce due to urban expansion and soil degradation (Valin et al,,
2014). Unpredictable weather patterns and pests intensify these
challenges, accounting for 20% to 40% of global crop damage
annually. This underscores the need for innovative, data-driven
strategies to improve agricultural resilience and productivity
(FAO, 2021; Savary et al, 2019). Given these challenges, it is
crucial to identify how Al can bridge problems to solutions. By
integrating advanced technology into agriculture, Al directly
addresses these issues by enhancing resilience and productivity
through data-driven solutions. This paradigm shift extends to
smart agriculture, where 10T leverages artificial intelligence (Al)
and big data analytics. This integration enhances global
effectiveness while minimizing ecological impacts and optimizing
resource use. loT-based systems provide current soil moisture
levels, pH, and nutrient breakdown (Talaviya et al., 2020). Such
systems enable precise scheduling of irrigation and fertilization,
which is vital for sustainability.

Additionally, agricultural decision-making relies heavily on
forecasting, which empowers farmers with predictive analytics to
choose the most suitable crops, manage irrigation, and control
pests. Seasonal climate forecasting reduces the risks of extreme

weather events, such as droughts or heavy rainfall, stabilizes
yields, and minimizes economic losses. Estimates of forecasting
effectiveness are often constrained by long-standing issues,
including data quality and the successful delivery of probabilistic
forecasts to end users (Joseph et al,, 2025). By addressing these
limitations, we can fully realize the potential of agriculture-based
forecasting. Al has emerged as a transformative force in modern
agriculture, offering sophisticated solutions for predictive
analytics, resource optimization, and automated decision-
making. Leveraging machine learning (ML), Al-driven
technologies are increasingly deployed for applications such as
crop health monitoring, pest detection, and yield prediction.

A notable example is the use of Al algorithms to analyze
satellite imagery, enabling the early detection of crop stress and
facilitating timely interventions (Shaikh et al, 2022). These
advancements underscore Al's capacity to revolutionize
agricultural practices, paving the way for more efficient,
sustainable, and resilient farming systems. Figure 1 presents a
conceptual diagram that delineates the interplay between the
statistical challenges facing agriculture and the innovative
solutions enabled by Al and smart technologies, highlighting
their transformative potential in this domain.

2. Review Methodology and Scope

This examination focuses on how Al can help agriculture
address the complex problems farmers face today. It aims to
investigate the current state of Al in agriculture, identify key
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technological breakthroughs, and propose potential research
paths to improve farming productivity, efficiency, and
sustainability. To achieve this goal, a comprehensive literature
review was conducted across scholarly databases, including Web
of Science, Scopus, and Google Scholar. The study incorporated a
blend of terms such as artificial intelligence, machine learning,
deep learning, precision agriculture, precision farming, crop
monitoring, yield monitoring, yield prediction, and pest detection.
The review included only peer-reviewed journal articles,
conference papers, and book chapters. Research was filtered for
relevance to Al in agricultural applications, methodological rigor,
and the practical value of its findings. The selected works were
classified by the type of Al technology used (ML, computer vision,
deep learning) and by the opportunities and challenges identified
in each domain. This systematic classification enabled an in-
depth analysis of dominant trends, technical approaches, and
outcomes across various agricultural settings. Nevertheless, the
review's limitation is possible selection bias due to its sole
consideration of English-language articles and research indexed
in the databases cited.

3. Overview of Al Methodologies

Al comprises computational methods that learn from data,
improve over time, and enable more intelligent decision-making.
In agriculture, the most commonly used techniques include ML,
deep learning, artificial neural networks (ANNSs), decision trees,
support vector machines (SVMs), and ensemble learning
methods. ML algorithms are widely applied to structured
datasets for regression, classification, and clustering. Decision-
tree-based models, such as random forests and gradient boosting
machines, are preferred for their high predictive power and ease
of interpretation (Liakos et al, 2018a). Additionally, SVMs have
demonstrated remarkable success in binary classification tasks,
such as identifying crop diseases and soil types (Talaviya et al.,
2020).

Deep learning, a powerful sub-discipline of ML, uses multi-
layered neural architectures to identify complex patterns in data.
CNNs are highly effective at analyzing image data and have been
used to detect plant diseases, identify weeds, and track growth
stages with precision (Kamilaris & Prenafeta-Boldti, 2018; Zhang
et al, 2017). Temporal sequence modeling has employed
recurrent neural networks (RNNs), particularly long short-term

memory (LSTM) networks, in applications such as weather and
commodity price prediction (Zhang & Tang, 2024). Additionally,
the hybrid multi-learning Al paradigm is becoming more
prevalent. The ability of CNN-LSTM models to encode both
spatial and temporal dependencies is a significant improvement
for crop monitoring systems (P. Chen et al,, 2023).

4. Applications of Artificial Intelligence in the
Agricultural Industry

Over the last decade, Al has emerged as a game-changing
tool in the agricultural sector, offering advanced, data-driven
solutions to persistent issues such as crop rotation patterns and
pest outbreaks. The utilization of Al in precision agriculture has
significantly boosted productivity and resource efficiency and
promoted environmentally friendly farming practices.

4.1. Crop yield prediction

Food security, supply chain optimization, and policy
development rely heavily on yield prediction. AI models that
integrate satellite imagery, climatic data, and historical
agricultural data have been shown to accurately predict yields.
By training deep learning models on multispectral remote
sensing data, researchers have accurately estimated yields of
major crops such as wheat and maize (Jabed & Azmi Murad,
2024). With 96% accuracy, these models can alert farmers two
weeks earlier than conventional estimates, enabling timely
management actions such as adjusting irrigation schedules,
optimizing fertilization plans, and preparing logistics for harvest.
This advanced notice allows farmers to make informed decisions,
potentially increasing yields and reducing losses.

4.2. Pest and disease detection

Preventing the spread of crop diseases and pest infestations
can significantly reduce agricultural losses and pesticide use.
CNNs trained on annotated field images have been shown to
reliably detect symptoms of common diseases such as blight,
rust, and powdery mildew, surpassing traditional diagnostic
techniques (Simhadri et al.,, 2025). Also, real-time pest diagnosis
can be achieved through Al-powered pest classification systems
that use aerial or smartphone images (Pierre Nyakuri et al., 2024;
Silva et al,, 2024).
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4.3. Environmental and soil monitoring

Environmental and soil monitoring via IoT and wireless
sensor networks enables dynamic observation of variables such
as soil moisture, temperature, and humidity. These systems
enable predictive analytics for precision irrigation and nutrient
management, facilitating more efficient water use and directly
contributing to improved water-use efficiency as a key
sustainability metric (Guebsi et al, 2024). Furthermore, high-
resolution field data is captured by drone-mounted multispectral
cameras and processed using ML algorithms to identify water
stress, nutrient deficiencies, and plant activity, thereby reducing
the carbon footprint by optimizing resource allocation and
minimizing unnecessary inputs (Matese et al., 2024).

4.4 Market intelligence and price forecasting

Fluctuations in commodity prices directly impact farm
profitability. Advanced Al-based time series models, particularly
LSTM and Gated Recurrent Units (GRU), can effectively model
complex temporal dependencies, offering more accurate and
timely market forecasts than traditional statistical methods such
as ARIMA (Kouakan Adanin & Balungu, 2025; Manogna,
Dharmaji, and Sarang, 2025; Paul et al,, 2025). Figure 2 shows the
projected market size for Al in agriculture.

5. The Role of Mechanization in the Transformation of
Modern Agriculture

Agricultural mechanization is known as the engine driving
productivity in the agricultural sector. With modern machinery,
traditional processes such as planting, tending, harvesting, and
product processing are carried out faster, more accurately, and
more efficiently (Akter et al, 2024). Especially in conditions of
water resource crisis, human resource shortages, and climate
change, increasing mechanization is not only a choice but also a
necessity (Balai et al,, 2025). In recent years, technologies such as
Al, Internet of Things (IoT), renewable energy, and remote
control systems have given a new dimension to agricultural
mechanization. The introduction of self-driving tractors,
pesticide-spraying drones, harvesting robots, and intelligent
resource  management systems represents significant
advancements in this field (Mim et al, 2025). These intelligent
devices reduce the need for human intervention while enabling
uninterrupted operation, greater precision, and real-time
condition analysis (Shamshiri et al.,, 2018).

Furthermore, Al is crucial for evaluating plant and animal
health, allowing for early detection of diseases and pests from
field or animal images, which facilitates more effective
prevention measures (Younas et al, 2025). As agricultural
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mechanization evolves, emerging technologies have significantly
transformed the design, deployment, and maintenance of
machinery. To expedite the adoption of autonomous tractors in
smallholder settings, a structured pathway can be followed:
initial implementation in pilot plots to refine technology in
realistic conditions; development of cooperative sharing models
where farmers can access tractors collectively, reducing
individual financial burden; and finally, scaling up with
government and private sector support to broaden reach and
impact. Table 1 illustrates the most prominent innovations, such
as Al the 10T, renewable energy integration, and robotics. These
technologies have proven to improve efficiency, reduce labor
dependency, and lower operational costs across diverse
agricultural contexts (Sami et al,, 2025; Hajian et al,,2025; Kaur,

Nehra, and Bhushanwar, 2025).

In developing nations, the process of mechanization faces
several obstacles, including infrastructure deficiencies and social
unrest. Table 2 summarizes the most pressing problems. Three
primary sectors can be utilized to achieve a sustainable and
widespread mechanization:

e Infrastructure development and access. Important steps
include the establishment of appropriate rural roads,
dependable electricity supply through repair stations,
machinery repair centers, and solar energy stations (Balai et
al, 2025).

e Shared and subsidized models. Shared machinery models,
such as the "Uber for agricultural machinery,” are being
implemented in densely populated nations. In this model,
ownership costs are significantly reduced as farmers rent
machines (Akter, 2024).

Table 1. Technologies in Al and their application in agriculture

Technology Main Application in Key Benefits & References
Agriculture Outcomes

Artificial Intelligent machine Error reduction, Akter (2024);

Intelligence control, equipment increased Younas et al.

(AD failure prediction,
data analysis for
farming decisions

productivity & yield (2025)
optimization

Internet of  Connecting sensors Real-time Kaur et al.
Things (IoT) to machinery and monitoring, precise (2025)
farm equipment and timely decision-
making
Renewable  Powering light Reduced fuel Hajian et al.
Energy machinery & consumption, (2025); Sami
equipment with environmental etal. (2025)

solar panels and
clean sources

sustainability, lower
energy costs

$16.92

$13.72

$11.13

$9.02

$7.32
$5.94
s $4.81
3.90
$2.57 si’ I I

, 1N
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Source: https:/Naww.precedenceresearch.com/artificial-intelligence-in-agriculture-market

Figure 2. Al in agriculture market size 2023 to 2034 (million USD)
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e Education and awareness. It is essential to establish technical
training centers in rural areas and provide training courses
for agricultural machinery maintenance to improve the skills
of maintenance and operators. These trainings will help
agricultural service providers to become competitive and
provide better services. In many rural areas, technical
knowledge and regular training are recognized as major
obstacles to agricultural mechanization (L. Chen et al,, 2023).
In addition, agricultural machinery service organizations are
responsible for providing technical training and safety
training. To meet modern training needs, virtual reality-like
technologies are being developed for complex agricultural
machinery maintenance training (Akinfiresoye & Agbetoye,
2013).

6. Advances and Empirical Evidence in Agriculture

Empirical research on the use of Al in agriculture has grown
over the past two years. This body of research highlights the
integration of transformer architectures, federated learning, and
reinforcement learning, with applications specific to high-tech
and resource-limited settings, while also acknowledging
geographic and contextual diversity. According to a comparative
analysis of high-impact studies published in 2024 and 2025,
there has been a reversal in both model sophistication and
domain specificity. To advance this field, emerging scholars
should prioritize addressing the lack of integration between
existing Al models and post-harvest management applications, as
well as ethical and regulatory challenges. Providing clear
direction on these key issues can significantly enhance the
effectiveness and applicability of Al technologies in agriculture.

Al has become a revolutionary force in agriculture, enabling
precision, automation, and sustainability across many fields.
Precision agriculture has embraced Al, with recent surveys
highlighting the use of ML, computer vision, and IoT for crop
management, disease detection, and resource optimization
(Hossen et al., 2023). Additionally, a study explored how Al can
enhance agricultural decision-making by utilizing real-time data
collection and analysis for pest management and crop monitoring
(Liakos et al, 2018b), among other things. However, another
study on disruptive Al in agriculture examined the potential of
these technologies to enhance agricultural production, pest
control, and soil quality monitoring, while also considering the
ethical issues and environmental consequences of their use
(Hemming et al,, 2019).

Table 2. Challenges and Barriers to Adopting Smart Agriculture /
Precision Farming Technologies

Category Main Challenges / Barriers Key References
Economic High costs of purchasing Akter (2024)
advanced machinery, equipment,
and spare parts
Infrastructure Lack of suitable roads, limited Balai et al.

access to service workshops, and (2025)
insufficient fuel stations

Social and Cultural Resistance to new technologies  Akintuyi,
among traditional farmers,and ~ (2024); Patel,
fear of job losses due to (2023)

automation

Educational Limited technical knowledge and Mim et al.
skills for repair, maintenance, (2025); Kaur et
and optimal use of smart al. (2025)

machines and systems

Political and Legal Absence of supportive Younas et al.
government policies, high import (2025)
tariffs, and taxes on advanced
agricultural machinery

Furthermore, a comprehensive analysis evaluated Al's
contributions to food safety and security through outbreak
detection, risk prediction, and food supply chain optimization,
including applications in sustainable food systems, such as
alternative protein production. Real-time monitoring of
environmental parameters, such as soil moisture and
temperature, even in areas with inadequate network
connectivity, has been the focus of research integrating Al and
[oT for irrigation and pest control (Hemming et al.,, 2019).

An integrated analysis of Al in agriculture categorized it into
different areas related to soil, crop, and livestock management,
highlighting advancements in methods such as weed detection,
disease diagnosis (Wang et al,, 2025), or yield prediction, with
important implications for increased productivity and
sustainability. A systematic review examined Al's ability to
address climate change and pest infestations, affirming its role as
the primary driver of sustainable farming (Kaur et al, 2025).
Moreover, the use of Al in tools such as innovative irrigation
systems, automated fertilizer application systems, and self-
driving farming machinery has demonstrated greater
effectiveness and accuracy than conventional methods (Talaviya
et al, 2020). A research study used convolutional neural
networks (CNNs) to explore onion crop patterns, achieving
classification accuracies of 90%-99.92%, highlighting the
potential of Al to improve irrigation methods and promote
healthy crops (Lépez-Martinez et al, 2024). Table 3 lists a
summary of key studies on Al applications in agriculture.

7. Al in Agricultural Mechanization in Iran:
Opportunities and Challenges

According to recent studies, Al brings both significant
challenges and promising opportunities to the mechanization
and modernization of agriculture in Iran. The country is
recognized as one of the leading nations in Al research applied to
agriculture (Ruiz-Real et al., 2020).

7.1. Opportunities

Given the growing challenges of water scarcity, climate
change, and declining soil productivity, Iran faces unprecedented
opportunities to transform traditional agriculture into an
advanced and sustainable system (Emami et al, 2018). Al and
digital technologies can play a vital role in this transformation.
One of the most important opportunities is to improve water
resource management through precision and smart irrigation
systems (Lakhiar et al, 2024). Using IoT sensors and ML
algorithms, these systems can reduce water consumption by up
to 30 percent while maintaining crop productivity. Powering
smart irrigation systems with renewable energy, especially solar
energy, is well suited to Iran’s climatic conditions, thereby
increasing productivity and reducing energy costs (Daraz et al,,
2025). On the other hand, developing rain-fed agriculture with
new and more effective strategies can be highly effective in Iran's
mountainous and semi-arid regions (Firoozzare et al., 2023).

Table 3. Summary of key studies on Al applications in agriculture

Study Field Method Aim
Nimmala et Precision ML, CV, IoT Crop/disease/resource
al. (2024)  farming optimization

Sinhaetal. Disruptive Al, ML Productivity, pest/soil

(2025) technologies & monitoring, and ethical
ethics concerns

Rugji etal. Food safety and Predictive Early warnings, risk analysis,

(2024) security Al and sustainable food systems

Indira etal. IoT-based Al IoT Irrigation optimization, low-

(2023) monitoring network applicability

Lopez- Deep learning in CNN Up to 99.92% accuracy in

Martinez et crop
al. (2024) management

crop pattern classification




Agricultural mechanization is another opportunity to boost
productivity and reduce labor costs. Intelligent, automated
machines, especially in transplanting, planting, irrigation, and
harvesting, can reduce manual labor and improve work quality.
Al algorithms can diagnose plant diseases, determine the precise
nutritional needs of crops, and predict yields based on climatic
conditions and soil characteristics. These capabilities help
Iranian farmers make data-driven decisions and optimize
resources. However, implementing these technologies requires a
comprehensive approach that includes appropriate training, the
development of digital and information technology
infrastructure, and supportive government policies (Becerra et
al, 2023). Small and medium-sized farmers in Iran are
particularly in need of applied training programs and joint
technology use, since individual investment is not feasible for
each farmer. Al-based recommender systems and mobile and
web-based applications can provide practical guidance for
improving farming practices without the need for complex
hardware. Developing communication infrastructure and the IoT
in rural areas, engaging the private sector and NGOs, and
pursuing inclusive policymaking that protects farmers’ rights and
interests are the foundations for the successful implementation
of these technologies in Iran. By following this path and drawing
on the successful experiences of other developing countries, Iran
can achieve digital transformation in its agriculture and ensure
the country’s food security.

7.2 Challenges

Despite its great potential, agricultural mechanization in
Iran faces several obstacles that hinder the widespread adoption
of Al technologies. Economic and Managerial Challenges: Major
obstacles include farmers’ limited financial capacity and the
inefficiency of subsidy programs for purchasing machinery
(Behpouri et al.,, 2023). The absence of a clear, practical strategy
for mechanization development is also a persistent problem.
Additionally, a shortage of specialized management remains a
barrier (Hormozi et al, 2012). Technical and Infrastructural
Challenges: A large number of outdated machines and incomplete
tractor equipment represent major technical issues (Bagheri and
Moazzen, 2009). Unequal distribution of mechanization across
regions also restricts the expansion of Al-based technologies
(Zha, 2020).

Educational and Extension Challenges: The slow adoption of
modern technologies by farmers and the inefficiency of
agricultural education and extension programs are other
significant limitations (Bagheri & Moazzen, 2009). Developing
mechanization requires government support for research and
development, hiring young graduates, and strengthening
educational programs (Omid et al, 2008). Crop-Specific
Limitations: In some instances, biological characteristics of crops,
such as the low height of saffron plants, limit mechanization
more than economic or social factors (Hayati & Marzban, 2025).
To overcome these challenges, researchers suggest enhancing
producers’ and machinery operators’ technical = sKills,
strengthening agricultural organizations, and improving financial
mechanisms (Bagheri & Moazzen, 2009).

8. Research Gaps in Al-driven Agriculture

Despite rapid advancements, several critical gaps continue
to limit the full realization of Al's transformative potential in
agriculture. While Al has proven effective for crop monitoring
and irrigation, its integration with nutrient management and
intelligent sensing remains limited. The intersection of these
areas is essential for the development of sustainable agricultural
systems (Bannerjee et al,, 2023). Besides, Al and [oT adoption are
hindered by high infrastructure costs, non-interoperability, and
unreliable connectivity, especially in rural and developing
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regions. This is hindering inclusive access to intelligent farming
technologies (Guebsi et al.,, 2024).

Precision agriculture research is currently dominated by
crop research, whereas Al-based livestock monitoring
applications are underdeveloped. A balance must be redressed to
permit comprehensive agricultural development (Hemming et al.,
2019b). Perhaps the greatest challenge is the lack of high-quality,
domain-specific data, particularly for specialty crops and growth-
stage classification, which undermines Al model training and
performance (Benos et al,, 2021).

As another research gap, data privacy, algorithmic
transparency, and accountability are poorly researched. More
importantly, there is insufficient standardized international
regulation for Al deployment in agriculture (Kaur et al,, 2025).
Infrastructural inequalities, limited digital skills, and cultural
resistance to automation widen the digital divide, especially
among marginalized farming communities (Talaviya et al., 2020).
Al research has not yet emphasized post-harvest areas such as
cold chain optimization and food quality monitoring, although
these are significant for reducing food loss (Fadiji et al., 2023).
The lack of cross-disciplinary collaboration, especially among
robotics, ML, and environmental sciences, hinders the
development of comprehensive Al systems for agriculture
(Matese et al, 2024). Variety in Al models and evaluation
processes hinders comparability. Having benchmark standards is
essential to ensure standard, transparent, and scalable
deployments of Al (Kalokyri et al., 2025)

9. Application of Al in the Agriculture of Iran

Agriculture remains a cornerstone of Iran's economy,
contributing significantly to food security, employment, and rural
development. However, the sector faces mounting pressures
from water scarcity, climate variability, soil degradation, and the
need for higher productivity to support a growing population. Al,
including ML and deep learning techniques, is emerging as a
powerful tool to address these challenges in Iran. Recent
research demonstrates the active and promising applications of
Al across crop management, soil assessment, livestock
production, and precision farming, although most efforts remain
in the research and model development phase rather than in
widespread on-farm deployment.

9.1 Al in crop management and yield prediction

In Iran, ML models are increasingly used to improve crop
mapping, yield estimation, and resource optimization,
particularly for strategic crops such as wheat, barley, and maize.
These approaches leverage satellite imagery (e.g, Landsat-8,
Sentinel-2) and time-series data to enable accurate monitoring
and decision-making. A key advancement is the development of
machine-learning-driven crop-mapping frameworks that use
Landsat-8 time series and classical algorithms, including Decision
Tree (DT), Random Forest (RF), Rotation Forest (RoF), Support
Vector Machine (SVM), and Dynamic Time Warping (DTW). As
illustrated in Figure 3, these methods have achieved high
accuracy (approximately 96%) in crop classification, supporting
sustainable agriculture by enabling the estimation of cultivated
areas and annual yields of strategic crops (Khosravi, 2025).

9.2 Al in soil management and environmental
monitoring

Al plays a vital role in soil-related assessments, which are
crucial for Iran's arid and semi-arid regions. Applications include
digital mapping of soil properties and downscaling satellite data
for precise environmental monitoring. Notable examples include
digital mapping of the soil erodibility factor in northwestern Iran
using ML models, generating risk maps to guide land
management and erosion control (Khosravi Aqdam et al., 2022),
as well as advanced spatiotemporal downscaling of MODIS land
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surface temperature data in Qazvin Province, combining
Sentinel-1 and Sentinel-2 imagery with Random Forest
regression on Google Earth Engine. This approach produces high-
resolution (10 m) daily LST maps, improving monitoring of
agricultural landscapes, irrigation needs, and crop stress (Faraji
et al, 2025). Figure 4 demonstrates a conceptual workflow of the
spatiotemporal downscaling process applied in Qazvin Province,
illustrating how multi-source satellite data are integrated with
Random Forest regression to generate high-resolution Land
Surface Temperature (LST) maps.

9.3 Al in livestock production systems

The livestock sector in Iran is beginning to benefit from Al
for animal health monitoring, feed optimization, and disease
management, though progress is primarily in model development
rather than large-scale implementation. Research employs data-
driven modeling, computer vision, 10T, and ML to classify
chewing and rumination in dairy cows from sound signals,
predict calving difficulty in Holstein cows using neural networks,
forecast brucellosis incidence, estimate body weight from images,
and model energy ratios in broiler production (Ghavipanje et al,,
2025). These applications aim to improve animal welfare, reduce
losses, and enhance productivity across dairy, poultry, and other
systems. However, most studies remain theoretical, with limited
on-farm deployment due to systemic barriers (Ghavipanje et al.,
2025).

100

9.4 Challenges and barriers to adoption

Despite promising research, widespread Al adoption in
Iranian agriculture is hindered by interconnected challenges:

e Data scarcity: Insufficient high-quality, large-scale datasets
for training and validating robust models.

e Economic and infrastructural limitations: High costs,
inadequate on-farm infrastructure (e.g, IoT connectivity),
and questions of feasibility for smallholder farmers.

e Regulatory and ethical gaps: Lack of clear frameworks for
data ownership, privacy, and ethical use, plus inconsistencies
in reported methods that complicate validation.

e Transition from research to practice: Most efforts focus on
model development without practical integration
(Ghavipanje et al., 2025).

To unlock Al's full potential, Iran needs multi-disciplinary
collaboration among veterinarians, computer scientists,
agronomists, engineers, and policymakers. A timeline with
specific milestones can serve as a catalyst for these collaborative
efforts, such as establishing a national shared dataset by 2027 to
drive data consistency and accessibility. Key recommendations
include: Building national datasets and improving precision
farming infrastructure. Developing localized, affordable Al
solutions tailored to Iran's agro-ecological diversity. Establishing
regulatory guidelines and ethical standards. Fostering
partnerships for field deployment, validation, and scaling. These
steps, anchored in a clear timeline, will pave the way for Al to
drive sustainable intensification, boost the circular economy, and
position Iran as a regional leader in smart agriculture.
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10. Conclusion

Finally, this review article highlights the transformative role
of Al in modern agriculture, demonstrating how advanced
technologies such as ML, deep learning, and the IoT can address
statistical, climate, and resource challenges. By examining key
applications of Al in crop yield prediction, pest and disease
detection, soil and environmental monitoring, and market
forecasting, it is clear that these technologies increase
productivity and lead to more sustainable and efficient
agriculture. Empirical evidence from recent studies (2024-2025)
confirms that integrating Al with mechanization, especially in
countries such as Iran, offers opportunities for economic
modeling, precise resource management, and attracting younger
generations to the agricultural sector, while challenges such as
infrastructural, economic, and educational constraints remain
significant obstacles.

Identified research gaps, including a lack of high-quality
data, ethical issues, and insufficient focus on post-harvest and
livestock applications, underscore the need for further research
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