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Abstract
E-mail:
m.abbod@homs-univ.edu Economic prosperity and human health heavily depend upon a stable food
supply chain in agriculture. This essential network is fortified by modern
Received: 18/04/2026 farming techniques through boosted productivity and durability. Novel
Revised: 27/07/2026 approaches are necessitated by the escalating worldwide need for nutrition.
Acceptance: 04/08/2026 Consequently, agricultural practices and food security are positioned to be
Available Online: 07/08/2026 profoundly transformed by Artificial Intelligence (AI) and Machine Learning
Published: 01/01/2027 (ML). In this review, cutting-edge applications of Al in agriculture were

investigated. A specific focus on precision crop management, optimized
resource use, climate-resilient farming systems, and advanced livestock
monitoring was undertaken. The article highlights how operational efficiency
and decision-making are enhanced across all phases of any agricultural
production system, such as planting, irrigation, pest control, harvesting,
aquaculture, food safety, and post-harvest handling. This efficiency is attributed
Keywords: Artificial to the massive, heterogeneous datasets usually evaluated by Al frameworks to
produce practical conclusions. Despite this promise, critical hurdles must be
resolved to unlock the complete capabilities of Al in agriculture. Such barriers
involve restricted access to high-quality data alongside computational
security limitations in developing regions. Serious ethical concerns regarding data
privacy, algorithmic bias, and labor market disruptions also demand immediate
attention. The deliberate mitigation of these complications is required to
unlock the full potentials of Al for building a sustainable, fair, and food-secure
tomorrow.
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1. Introduction

A stable food supply is one of agriculture’s primary contributions to economic prosperity and human well-being [1].
Modern farming techniques aim to increase production, reduce costs, and build long-term resilience. Agriculture also
supports human health by providing sustainable livelihoods and contributing to community well-being. Nevertheless,
the sector faces substantial obstacles in meeting present and future food needs, including labor-intensive practices,
biodiversity loss, climate change impacts, land degradation, and poverty coupled with rural population decline [2].

The urgency of increasing global crop yields has intensified due to these persistent challenges and a growing
population. In this context, scientific innovations, agricultural data, and the technological revolution in artificial
intelligence offer a path forward [3]. Consequently, modern technology, particularly artificial intelligence (Al) and
machine learning (ML), is increasingly recognized as relevant to addressing agricultural problems, with the potential
to improve practices and significantly boost production yields [4].
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The adoption of novel technologies such as Al and ML represents a critical shift toward precise, intelligent, and
sustainable agriculture [3][4]. This sector is undergoing an imminent transformation, as Al can rapidly evaluate large
datasets from weather, soil, crop, and pest epidemiology reports. While traditional farming relies primarily on
experience and historical knowledge, Al-assisted analysis provides precise forecasts that support decision-making in
planting, irrigation, fertilization, and pest control [4][5].

This review examines the integration of Al and ML into modern precision agriculture across the following areas: (i)
the evolution from traditional farming to precision agriculture; (ii) core Al and ML concepts relevant to agricultural
applications; (iii) major applications of Al in smart agriculture; and (iv) challenges and opportunities in implementing
Al solutions.

2. From traditional farming to precision agriculture

Agricultural technology evolution is a representation of a major shift from labor-intensive agricultural practices to
high-tech Al-based agricultural technologies. Early methods involved manual hand tools, while the industrial
revolution saw the emergence of mechanization, such as tractors and harvesters which significantly improved
productivity levels. Later on, the introduction of chemical fertilizers and high-yielding crop varieties further boosted
yields while reducing overall costs [4][5].

Building on this foundation, the contemporary agricultural society has adopted precision farming that harnesses the
capacities of satellites and sensors in optimizing resource allocation. The application of artificial intelligence takes this
concept to more advanced levels with predictive analytics for disease detection, automated irrigation based on real-
time soil moisture data, and robotic ripeness detecting and harvesting [5][6]. Ultimately, this technological trajectory
speaks to a sustained commitment, not only to enhancing productivity but also to minimizing environmental impact
and ensuring global food security (Table 1).

Table 1. Comparison between the traditional and precision agriculture outputs

Feature Traditional Agriculture Precision Agriculture References
Inconsistent application; high Targeted, data-driven application; optimized
Resource use pp g g .. PP P [7]
waste efficiency
Yield Variable; High volatility due to More stable and optimized through precise [61[7]
weather and soil variations. management.
L Visual inspection; slow, Continuous sensor/remote sensing; real-time,
Monitoring pect / o & [61[7]
subjective objective
. . . Automation reduces labor needs; increases
Labor Highly labor-intensive - [4]
efficiency.
Cost Low initial investment; high High initial investment (technology); lower [6]
operational (labor) costs. long-term costs.
Decision- Reactive; based on experience . . . .
. . P Proactive; data-driven predictive analytics. [7]
making and intuition.

Artificial intelligence allows computer systems to handle learning and problem-solving tasks that require human
intelligence [8]. Al is transforming diverse scientific fields, including drug discovery [9], materials science [10], climate
science [11], education [12], economics [13], and agriculture [14]. Machine learning (ML), a core subset of Al, focuses
on algorithms that learn from data rather than following explicit instructions [15]. ML encompasses three main
paradigms (Fig. 1): (i) supervised learning, which uses labeled data for prediction [16][17]; (ii) unsupervised learning,
which identifies hidden patterns in unlabeled data [16][18]; and (iii) reinforcement learning, where an agent learns
optimal actions through trial-and-error interactions [19][20]. Deep learning (DL), an advanced ML subfield employing
multi-layered neural networks, has driven recent breakthroughs by efficiently processing massive datasets [21][22].
These Al/ML tools are now transforming agricultural practices [23].
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Figure 1. Machine learning (ML) approaches

3. Al and ML applications in agriculture

3.1. Crop production and plant protection

3.1.1. Yield prediction and monitoring

e e e

Al and ML tools process historical data, climate patterns, soil characteristics, and satellite imagery to predict crop
yield dynamics (Table 2 and Fig. 2), thereby informing decisions about planting, irrigation, and harvesting [24][25].
However, prediction accuracy varies with the type of data used and the applied ML algorithm. For instance, Random
Forest (RF) outperformed competing algorithms for sunflower and wheat yield prediction [25], whereas Recurrent

Neural Networks (RNN) successfully predicted apple harvest dates, contributing to cost reductions [26].

Table 2. Related studies in Al and ML for crop yield prediction

Crop Methodology/algorithms Findings Reference
. Combining Random Forest with Neural Network The model. showcased a strong 98%
Rice (RaNN) methodology. correlation l.Jetwee.n actual and [27]
predicted yields.
RF, Support Vector Regression (SVR), Light
Cotton Gradient Boosting Machine (LightGBM), Multiple accuracy of 97.75% for RF with 28]
Linear Regression (MLR), and NN based on RMSE of 55.05 kg/ha
climatic change, soil, cultivars, and fertilizers
Utilizing algorithms such as Counter-Propagation
Artificial Neural Networks (CP-ANNs), Supervised XGBoost model demonstrated the
Maize Kohonen Networks (SKNs), Extreme Gradient highest accuracy of 92.1% on the [29]
Boosting (XGBoost), and Support Vector Machine training set.
(SVM) with spatio-temporal training data.
Employing linear regression, regression trees, K-nearest neighbor method achieved
Alfalfa SVMs, neural networks, Bayesian regression, and an R value exceeding 0.95 on [30]
K-Nearest Neighbor (k-NN) based on weather and average, with mean absolute error
historical yield data. below 200 Ibs. /acre.
Implementing Gradient Boosting Regression and The model attained a generalization
Tomato  Support Vector Regression techniques using soil error of 9.02 ton/ha for MAE and [31]
properties, weather conditions, and fertilizer data. 13.5 ton/ha for the RMSE
Wheat Leveraging CP-ANNs, XY-Fused Networks (XY-Fs), SKN model exhibited the best overall
and SKNs with online soil data and satellite performance with an accuracy of [32]

imagery for crop growth characteristics.

81.65%.
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In this regard, studies reveal considerable variation in model accuracy across different crops (Table 2), ranging from
81.65% for wheat using SKN [32] to 97.75% for cotton using RF [28]. This variation suggests that model success
depends not only on the algorithm's inherent power, but also on the nature and homogeneity of input data and its
relevance to crop-specific factors. For instance, the cotton model [28] benefited from integrated climatic and soil data,
while the wheat model [32] relied on satellite imagery which may be less homogeneous. Consequently, generalizing a
successful model from one crop to another requires retraining with local data, a key challenge in agricultural Al
applications.

( Input variables (multi-source data) )

Agronomic
Spectral reflectance Climatic time-series Edaphic properties management
(RGB, multi-spectral, (temperature, rainfall, (soil moisture, (planting density,

Genotypic/phenotypic
traits
(cultivar type, plant

hyperspectral) solar radiation) nitrogen, pH, texture) irrigation, fertilizer el et e

schedule)

N

[ Feature engineering and preprocessing
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Spatial resampling Temporal alignment Dimensionality reduction
(pixel aggregation / (growth stage segmentation / (PCA / t-SNE for spectral
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Traditional ML Deep learning spatial DL Hybrid models }

Figure 2. Integrated machine learning framework for crop yield forecasting using multi-source agricultural data
3.1.2. Postharvest quality

Al, ML, and DL technologies are increasingly integrated into postharvest quality assessments, including ripeness
evaluation, defect detection, and storage condition monitoring [33][34]. In this regards, hyperspectral imaging is a
valuable tool, as clustering algorithms leveraging this technology enabled non-destructive grading of Pleurotus
eryngii [35], while SVM achieved 94.01% accuracy in predicting blueberry freshness using gas sensors during cold
storage [36].

3.1.3. Plant breeding

Al can be utilized in plant breeding tasks to predict plant performance from complex data and highlight the best
genetic combinations for optimized results [37][38]. Al-driven phenomics, which operates through digital sensors and
hyperspectral cameras, generates detailed and high-level data on the various aspects of plant growth and their
responses to stress factors, ultimately aiding in improving yield and resilience to biotic and abiotic stressors [39].
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3.1.4. Plant disease, pest detection and weed control

Al and ML technologies offer significant benefits for plant protection by improving the efficiency and accuracy of
disease, pest, and weed detection (Table 3) [40][41]. Al algorithms excel at the early detection of disease symptoms,
enabling prompt and effective intervention and reducing fungicide dependency [42][43]. Various ML algorithms,
including SVM [44], RF [45], and Neural Networks [46], are widely used for disease identification. For example, a deep
learning model achieved 91.56% accuracy in detecting Panama wilt disease in banana leaves [47], while SVM
outperformed Convolutional Neural Network (CNN) in potato blight detection when working with smaller datasets
[44].

From an entomological point of view, traditional insect identification methods are labor-intensive and require
specialized taxonomic expertise [48]. Al addresses this limitation through tools like YOLO (You Only Look Once)
algorithms, which successfully detect multiple small insects in large images [49]. Hybrid approaches combining SVM,
RF, and ANN with deep learning features (ResNet152, InceptionV3, DenseNet201) have also proven effective for
classifying chili pests and diseases [50].

Moreover, Al enables site-specific identification and mapping of weeds, reducing herbicide use and improving
sustainability [51][52]. Weeds compete with crops for resources, causing significant economic losses [51]. An
integrated approach combining YOLO v4-based weed detection with cover crop strategies demonstrated potential for
improving control while reducing herbicide reliance [53].

3.1.5. Pesticides developing

Al accelerates pesticide development by Table 3. Overview of recent Al-based plant protection systems

analyzing datasets, predicting efficacy, and Studied Al/ML task Crop Method Reference

identifying synergistic mixtures [54][55]. For

| h d SVR and ANN t Stem rust detection Wheat DL method [58]
example, resea.rc.ers.use ] an' . 0 Foliar disease detection Apple CTPlantNet [59]
model synergistic interactions in binary Hvoerspectral
fungicide = mixtures, aiding  resistance Sedge weed detection Rice yienslz)rs [60]
management [54]. Similar ML approaches Weeds real-time
(SVM, GPR) predicted fungicide interactions detection Corn CNN [61]
against Macrophomina  phaseolina [56] and Tomato Leaf Miner
improved toxicity prediction for honeybees detection tomato YOLO [62]
57]. .

[57] Insects monitoring orf(lz.ll:;d Y-Net model [63]
The promising results from computational Leaf diseases Deep hybrid
models predicting synergistic interactions [54- P Olive [64]
p g synerg classification models

56] provide a valuable foundation for pesticide Panama wilt disease

: . Banana CNN [47]
development. However, the ultimate detection
performance of these optimized mixtures under Real-time weed )
real-world field conditions, where soil identification Oil Palm CNN [65]
variability, climatic factors, and microbial Insect identification Multiple YOLO [49]
communities interact, remains to be fully Leave disease detection Wheat CNN [66]

explored.  Therefore, integrating these
computational predictions with field validation studies represents a critical direction for future research.

3.2. Phyto-microbiome research

The integration of Al and ML with microbiome research provides significant capabilities to process complex microbial
datasets and identify beneficial or detrimental plant-microbe interactions [67][68]. One such way in which ML is
increasingly being used is in predicting plant traits like stress response, genotype, and productivity from microbiome
data [69][70]. The prediction of the overall phenotype based on the whole microbial consortia, including its
interactions with the plant’s genotype and the environment, rather than on individual microbial taxa, is emerging as a
focus of research with several studies demonstrating this potential [69]. Machine learning (random forests and
bagging models) was used to analyze citrus microbiome data, achieving accurate prediction of HLB disease status
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based on bacterial profiles in the rhizosphere and phyllosphere [71]. Similarly, Random Forest classifiers trained on
soil microbiome data successfully predicted drought stress in grasses with 92.3% accuracy at the genus level [72].

3.3. Soil and water management

Soil and water management are key elements for sustainable agriculture, with both contributing to future productivity
and sustainability of the land resources [73]. The field of soil and water management has seen remarkable
advancements with the development of Al technologies by analyzing the bulk datasets regarding soil type, moisture,
nutrient content, and pH to produce predictions [73].

Machine learning algorithms have been successfully applied to diverse soil-related challenges. Researchers evaluated
several algorithms for soil organic carbon prediction and mapping, demonstrating that Deep Neural Networks (DNN)
outperformed other models in accuracy [74]. In irrigation management, a Fuzzy Neural Network integrated with
wireless sensor networks successfully determined crop water requirements, enabling precise irrigation and fertilizer
application with high accuracy [75]. For soil erosion assessment, erosion pins were combined with Artificial Neural
Networks to identify splash erosion as the primary driver of soil loss on lower slopes, highlighting Al's value in
understanding spatial erosion patterns [76]. Table 4 summarizes key Al applications in soil and water management.

Despite these promising applications, most of the currently available models have been trained with localized data.
Thus, their ability for generalization to other agroecological zones needs to be investigated. For instance, a DNN
model, which successfully mapped soil organic carbon in Northern Iran [74], may not perform equally in the other
mineralogical soils and climatic conditions unless trained using the local soil data. This would be similar to what is
reported for the prediction of crop yield, where the sophistication of an algorithm is far more or less important than
the quality of input data. Future studies would thus need to focus on training comprehensive models with
representative multi-regional data, so that they could be transferred to varying soil and environmental conditions.

Table 4. Al and ML applications in soil and water management

Category Description Reference
Soil nutrients monitoring Al identifies nutrient deficits to enhance yields. [77]
Soil mapping and classification Predicting soil types from satellite, sensor, and historical data. [78]
Soil property analysis Predicting texture, pH, nutrients, and organic matter for optimized [79]
management.
Soil erosion modeling Analyzes terrain, rainfall, and soil to predict erosion risk. [76]
Intelligent Irrigation Control Optimizes scheduling based on weather, soil moisture, and crop [80]
needs.
Water quality and pollution Predicts pH, dissolved oxygen, and turbidity from multi-source 81]
monitoring data.
Drought management Al predicts conditions and recommends conservation strategies. [82]
Flood Prediction Combines ML and GIS for urban flood prediction [83]

3.4. Climate impact assessment

Al and ML are increasingly recognized as vital tools for addressing climate change risks in agriculture. By analyzing
large datasets, these technologies enhance weather and climate modeling, enabling the quantification of risks from
extreme events such as floods, droughts, heatwaves, and wildfires [11][84].

In the practical application, the scope of Al in farming can be further detailed. Weather-based prediction of yields uses
an algorithm to monitor moisture, temperature, and soil moisture content, thereby refining the forecasting of crop
yield under different climate conditions [84]. Early warning systems use imagery from satellites, data from weather
stations, and historical records to simulate potential future climate conditions and thus assist farmers in planning
preemptively [85][86]. On a macro-level, Al-assisted satellite imagery analysis enables the detection of deforestation,
indicating areas that may need protection against agricultural expansion, helping farmers to keep pace with climate
change-related land usage [87]. Also, it can aid in monitoring changes in soil, hence provides information for land
management practices to retain carbon sequestration capacity [85][88].
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Although machine learning models can predict crop yields accurately based on historical climate data, many models
fail when trying to predict crop yields under novel climate scenarios that have never been seen before. For example,
Bayesian ensembles showed that even if a black-box model had a decent prediction capability, it may be doing so for
the wrong relationships, rather than capturing the true link between climate and crop performance [84]. This is a
major problem for the accuracy of predicting crop yields under a future climate, since even if a model is providing
accurate predictions under current conditions, this does not necessarily mean it will perform well under novel
conditions. Consequently, researchers emphasize the need for interpretable machine learning models that help
understand underlying mechanisms, rather than focusing solely on getting a high prediction accuracy.

3.5. Livestock monitoring and management

Al solutions are having an effect on several areas of livestock management, from nutrition optimization to healthcare
monitoring [89]. Precision feeding involves using Al and ML to build individualized animal profiles based on animal
age, weight, production status, and health condition. This approach allows optimal nutrition delivery for optimum
growth and reduced expenses, since feed is one of the primary expenditures in any livestock operation [89]. Animal
healthcare has improved through wearable sensors monitoring temperature, heart rate, activity, and respiration rates
to anticipate problems [90] and using face recognition software to detect illness from the animal's facial cues and
behavior [90][91].

Al application in controlling the environment with infrared thermography helps optimize the atmosphere for animal
comfort and production sustainability [92]. The process of sex identification, which was labor-intensive and
inaccurate before, has been refined by the application of Al utilizing video and sensor inputs, which allows more
accurate detection of sex at earlier stages [93][94]. Examples within the dairy industry which apply the mentioned
technologies include the application of Al into robotic milking stations to predict yield, optimize resource utilization,
and identify potential health problems at an early stage, thereby greatly enhancing the competitiveness of the industry
[95][96].

3.6. Impact of Al on aquaculture

The rapid growth of global seafood demand has positioned Al and ML as essential tools for balancing productivity,
animal welfare, and environmental sustainability in aquaculture [97-100]. Water quality management, critical for fish
health, has been enhanced through Al-powered sensors and Internet of Things (IoT) systems. For instance, an AloT
platform was developed using Simple Recurrent Unit (SRU) models that accurately predict water quality parameters
(temperature, pH, dissolved oxygen), enabling proactive pond management [97].

Aquatic life health monitoring has advanced through computer vision and deep learning. The SalmonScan dataset,
combining images of healthy and infected salmon, enabled training of Generative Adversarial Networks (GANs) and
transfer learning models that successfully identify disease indicators from fish behavior and physiology [98]. Feeding
optimization represents another breakthrough, as researchers developed a deep learning system to analyze wave
patterns created during feeding, achieving 93.2% accuracy in determining when to dispense or stop feeding, thereby
minimizing waste and improving feed conversion [99]. Beyond health and feeding, automated sorting and
grading systems powered by Al vision are able to classify fish by size, weight, and species with unprecedented
efficiency. For example, a digital twin platform that uses AloT to monitor fish in aquaculture was developed [100].
This platform can count fish, assess their size, and monitor their health, showcasing the ongoing digital transformation
within the aquaculture industry.

Despite the various successful applications utilizing Al in aquaculture, implementing these technologies in commercial
farms is faced by numerous challenges. Most of these issues revolve around the expenses incurred in purchasing Al-
enabled sensors, which may be inaccessible to smaller farms that contribute to the majority of seafood consumed
worldwide. There are also questions regarding whether models built in highly optimized lab conditions would be
resilient enough to overcome the chaotic and unpredictable conditions in real farms. More importantly, farmers
should understand why the automated decision is being made, rather than blindly adopting it, which is essential to
establishing user confidence in technologies that lack transparency.
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3.7. Leveraging Al to enhance food safety

A safe food supply is a crucial factor of food security. However, food supplies are facing an increasing number of risks
including microbiological hazards, climate change, and supply chain disorders [5][101][102]. It appears that Al and
related technologies have the ability to prevent and monitor these risks from the field to the table (Table 5). By
integrating molecular test results with sample metadata, Al enhances source tracking and early risk detection,
facilitating the identification of foodborne pathogens before raw materials enter processing [102]. Automated systems
can execute quality control and product inspection throughout the processing stage, while machine learning enables
the precise analysis of sensory attributes such as taste. Furthermore, optimized storage protocols within managed
cold chains facilitate the maintenance of food freshness and the extension of product shelf life [5][101][102]. These
innovative technologies will gain wider applications if they are integrated into the existing food safety system
successfully.

Table 5. Al and ML applications for food safety and quality assessment

Application Area Al technology Reference
Food storage disinfection Self-powered Wireless Sensing [103]
Forecasting the quality and shelf life of Tiny Machine Learning (TinyML) and a multispectral [104]

packaged fresh fruits sensor

Analysis of adulteration in food raw materials Laser Direct Infrared (LDIR) imaging system [105]
Fresh fruit quality ML methods (KNN, K-means) [106]
Taste Profile Analysis CNN, Multi-Layer Perceptron (MLP) [107]
Virgin olive oil classification SVM method [108]
Shelf-life prediction Deep-CNN [109]

3.8. Biodiversity monitoring using Al technologies

Monitoring biodiversity is a crucial process to understand and safeguard the complex balance and interactions in farm
ecosystems. This process involves recording the occurrence, abundance, and distribution of different species, such as
plants, insects, birds, and mammals, to evaluate ecosystem’s resilience, and develop sustainable agricultural practices
[110]. AI can support biodiversity monitoring in several ways. Image recognition and acoustic monitoring enable
rapid and accurate species detection, while remote sensing and unmanned aerial vehicles (UAVs) aid in evaluating
habitat quality [110][111]. Al can also provide early warnings of pest and disease outbreaks, triggering specific
actions [110][111].

The mentioned applications can be seen through several research works. One study advocates for integrating Al
within the European Common Agricultural Policy to address climate and biodiversity challenges [111]. Another work
utilized Al-powered deep learning to analyze audio recordings from AudioMoth devices, revealing how different
farming practices affect biodiversity [112]. Additionally, studies have demonstrated the utility of affordable drones for
mapping plant diversity in woodlands and grasslands [113].

Although monitoring tools are becoming increasingly sophisticated, they are still not implemented widely for
agriculture. The expensive equipment, as well as costs related to data analysis, place the technology beyond the reach
of most smallholder farmers. Furthermore, linking biodiversity data to practical farm management decisions remains
difficult, and detecting pollinator declines will require further research and enhanced extension services.

3.9. Agricultural economics and market predictive analytics

Machine learning is also playing an increasingly important role in agricultural economics by supporting more adaptive
and predictive models of markets and agricultural production decisions within the context of advanced precision
agriculture technologies and highly granular environmental monitoring data [114]. ML methods contribute to
enhancing the econometric toolkit by processing high-dimensional observational data with many regressors while
also mitigating specification bias that often arises from assuming restrictive functional forms [114]. Regularization
and shrinkage techniques help address correlation and high dimensionality by imposing penalty functions that
constrain the parameter space and minimize a loss function. These methods typically rely on cross-validation to
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improve out-of-sample predictive performance [114]. More advanced tools in this class have been successfully applied
to characterize price discovery dynamics using long short-term memory (LSTM) networks in corn markets, capturing
nonlinear price behavior, short-term shocks, and regime shifts [115]. By estimating these features more accurately,
improvements in volatility prediction can potentially improve forecasts of supply chain shocks and reduce uncertainty
for investment decisions, especially when seasonality and long-run trend components in commodity price time series
are properly accounted for [115][116].

The marriage of field-level agronomic data and backward-looking costs permits econometric and subsequent cost-
benefit analysis of individual farmer costs and measures financial returns generated by adopting site-specific
management practices [117]. In conjunction with remote sensing, these same predictive tools support a novel form of
risk mitigation; fully automated index-based insurance where remote sensing values on index values drive timely
claim payment without manual verification [118].

On the macro level, researchers can carry out even more detailed causal inference with the predictive tools, allowing
policy makers to simulate and prepare for increasingly dire food security futures in a context of growing
environmental turbulence [114][118]. Operationalization over the long term delivers consistent markets and resilient
sectors.

4. Challenges and opportunities of AI/ML in smart farming

Precision farming marks a significant shift from traditional "one-size-fits-all" approaches to data-driven management.
By collecting detailed data on soil conditions and crop health, farmers can tailor practices to specific field needs. Al
enhances this through automated analysis and predictive insights from sensors and drones [119][120]. However,
widespread adoption faces several interrelated challenges.

Data accessibility and integrity remain a fundamental barrier. Access to high-quality data is limited in many regions,
particularly for smaller farms, which impedes the development of effective Al models. Integrating data from diverse
sources (sensors, drones, weather stations) also requires standardization, while ensuring accuracy is paramount as
errors can have significant consequences [14]. Computational power and infrastructure pose additional hurdles.
Analyzing massive datasets requires processing power that may be unavailable to small farms. Reliable internet
connectivity is equally essential for real-time processing and data transfer, yet remains lacking in many rural areas
[14][119].

Model generalizability presents a technical challenge, since algorithms trained on specific datasets often perform
poorly when applied to different environments or crop types. Adapting models to diverse conditions requires
extensive data collection and retraining, both costly and time-consuming processes that limit scalability of developed
models [120][121]. On the other hand, cost and adoption barriers are particularly acute for smaller operations. Initial
investments in sensors, infrastructure, and software, combined with ongoing expenses for data storage and
maintenance, can be prohibitive. The lack of affordable, accessible Al solutions further disadvantages farmers with
limited resources [14][121].

Ethical considerations in Al-driven agricultural applications demand urgent and focused attention. Protecting data
privacy and security is a major concern, since farm practices and yield data are susceptible to unauthorized access
[121]. Additionally, automation raises concerns about job displacement and socioeconomic effects on rural
communities [122]. Environmental implications of Al deployment, from resource use to ecological sustainability,
require careful examination [121]. Transparency and accountability in Al-driven practices are essential for fairness
[122]. Human-machine interface issues round out the challenges. Building trust in Al systems requires transparency
about their operation. Comprehensive farmer training is needed to enable effective use while avoiding over-reliance
that might erode traditional agricultural competencies [119]. Addressing these interconnected challenges will require
collaborative efforts from researchers, policymakers, and industry to ensure that the benefits of Al in agriculture are
both accessible and equitable.
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5. Conclusions

Artificial intelligence and machine learning present significant potential to mitigate critical agricultural challenges,
such as climate change, land degradation, water scarcity, supply chain instability, and rising food demand. Al-assisted
models have the potential to optimize productivity and resource use efficiency while lowering production costs.
However, their implementation necessitates a rigorous evaluation of ethical considerations, including data privacy,
labor market shifts, and environmental impacts. It is necessary to have clear and transparent Al applications where
users can fully comprehend the system. Well-designed human-machine interfaces and thorough farmer training can
build trust and ensure ethical implementation of Al tools at the farm level. The areas where more research needs to
focus in the future are developing more explainable Al, enhancing human-machine interaction, and implementing a
strong ethical and governance framework that protects rights such as fairness, privacy, and sustainability. The need
for a collaborative ecosystem linking researchers, policy makers, industry, and the farmer community would be
imperative for fair accessibility of Al tools and mitigation of socio-economic impact.
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