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Abstract 
The global agricultural sector faces mounting pressures from climate variability, resource scarcity, and the 

imperative to feed a projected population of nearly ten billion by 2050. Conventional agronomic practices 

have proven increasingly insufficient in addressing the spatial and temporal heterogeneity inherent in 

agricultural systems. Artificial intelligence (AI) has emerged as a transformative paradigm, offering data-

driven methodologies that span from predictive crop modelling to autonomous field management. This 

critical review synthesizes the current landscape of AI applications in agronomy, examining the scientific 

foundations of machine learning, deep learning, computer vision, and emerging generative architectures. 

The manuscript critically evaluates the deployment of Random Forest, CNN, YOLO, reinforcement 

learning, and IoT-integrated systems across seven major application domains, including yield prediction, 

precision nutrient management, irrigation scheduling, weed and pest surveillance, climate-smart agronomy, 

and decision support systems. The review specifically examines why high reported accuracies on 

benchmark datasets frequently fail to translate into reliable field performance, analyzing the technical, 

economic, and social barriers that constrain adoption. While significant advances have been demonstrated 

in controlled environments, persistent challenges including data scarcity, model generalization failures, 

high infrastructure costs, farmer trust deficits, and algorithmic opacity continue to impede widespread 

deployment. The review identifies six transformative research trends, from edge computing and 

explainable AI to digital twin architectures and federated learning and proposes a strategic roadmap for 

transitioning AI from experimental promise to agronomic practice. The findings underscore that realizing 

the full potential of AI in agronomy demands not merely algorithmic innovation but interdisciplinary 

collaboration, farmer-centric design, and policy frameworks that address data governance, ethical 

considerations, and equitable access across diverse agricultural systems. 

 

Keywords: Artificial intelligence, precision agriculture, machine learning, deep learning, computer vision, 

decision support systems, smart farming 

 

Introduction  

Global agriculture confronts a convergence of unprecedented challenges that threaten the 

sustainability and productivity of food systems worldwide. Projections indicate that agricultural 

output must increase by approximately 70 percent over the next three decades to meet the 

nutritional demands of a growing population, yet this expansion must occur within planetary 

boundaries that constrain water use, nutrient fluxes, and greenhouse gas emissions [47]. The yield 

gaps the difference between realized and attainable yields remains substantial across both 

developed and developing regions, driven by suboptimal management decisions, climate 

variability, and the inherent complexity of biological systems [56]. Traditional agronomic 

decision-making, relying on empirical observation, static fertiliser recommendations, and 

calendar-based irrigation schedules, lacks the precision required to manage spatially variable 

field conditions at the scale demanded by sustainable intensification [52]. 

The emergence of digital agriculture, underpinned by advances in sensing technologies, 

computational infrastructure, and algorithmic sophistication, has catalyzed a fundamental 

rethinking of how agronomic knowledge is generated and applied [13]. Within this paradigm, AI 

represents the most disruptive technology, enabling systems that can learn from historical data, 
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recognize complex patterns in images and time series, and 

generate recommendations that adapt dynamically to changing 

conditions [1]. Early applications of AI in agriculture were 

limited by computational constraints and the absence of 

structured data repositories; however, the proliferation of 

Internet of Things (IoT) devices, unmanned aerial vehicles 

(UAVs), and open satellite missions has created an ecosystem in 

which data-driven agronomy is increasingly necessary [17]. 

Despite the rapid expansion of AI research in agronomy, a 

critical gap persists between algorithmic performance in 

controlled settings and practical utility under field conditions [6], 
[11]. Many published studies report accuracies exceeding 90 

percent on benchmark datasets, yet these models frequently fail 

when confronted with the biological variability, environmental 

noise, and management heterogeneity characteristic of 

commercial farming [49]. This discrepancy raises fundamental 

questions about the robustness, interpretability, and scalability of 

AI systems designed for agricultural deployment. Furthermore, 

the ethical dimensions of algorithmic decision-making in food 

systems including questions of data ownership, algorithmic bias, 

and the displacement of agronomic expertise remain 

insufficiently addressed in the technical literature [54]. 

The present review offers a critical examination of AI 

technologies in agronomy, moving beyond descriptive 

summaries to evaluate the comparative strengths and limitations 

of methodological approaches, identify structural barriers to 

adoption, and articulate actionable directions for future research. 

The manuscript distinguishes itself through its emphasis on the 

gap between experimental performance and field-scale utility, its 

analysis of emerging generative AI applications, and its 

integration of technical, economic, and ethical perspectives. The 

scope encompasses peer-reviewed literature from 2014 to 2026, 

with particular attention to systematic reviews and comparative 

studies that provide meta-level insights into the trajectory of the 

field. 

 

Conceptual Foundation of AI in Agronomy 

Artificial Intelligence 

Artificial intelligence, broadly defined as the capacity of 

computational systems to perform tasks that typically require 

human cognition, encompasses methodologies ranging from 

rule-based expert systems to sophisticated neural architectures 
[12]. In the agronomic context, AI systems process heterogeneous 

data streams including spectral imagery, soil profiles, 

meteorological records, and crop phenological observations to 

derive actionable insights that would be infeasible through 

manual analysis [1]. The evolution of AI in agriculture has 

progressed through distinct phases, from early expert systems 

that encoded heuristic agronomic knowledge, through statistical 

learning approaches, to the current era of deep learning and 

foundation models [47]. 

 

Machine Learning 

Machine learning (ML) constitutes the dominant methodological 

paradigm within agronomic AI research, providing algorithms 

that improve performance through exposure to training data [2]. 

Supervised learning approaches, in which models are trained on

labelled datasets to predict outcomes such as yield, disease 

incidence, or nutrient status, account for the majority of 

published applications [3]. Algorithms including Random Forest, 

Support Vector Machines (SVM), and gradient boosting 

frameworks have demonstrated efficacy in agronomic prediction 

due to their capacity to handle high-dimensional, nonlinear 

relationships [9]. Unsupervised learning techniques, including 

clustering and dimensionality reduction, have found application 

in delineating management zones without the requirement for 

ground-truth labels [20]. Reinforcement learning, though less 

extensively explored, offers a promising framework for 

sequential decision-making in contexts such as irrigation 

scheduling and autonomous navigation [35]. 

 

Deep Learning 

Deep learning represents a subfield of ML characterized by 

neural networks with multiple layers of abstraction, enabling 

automatic extraction of hierarchical features from raw data [4]. 

Convolutional Neural Networks (CNNs) have become the 

architecture of choice for image-based agronomic tasks, 

achieving state-of-the-art performance in plant disease detection, 

weed identification, and crop phenotyping [43]. Recurrent Neural 

Networks (RNNs) and their Long Short-Term Memory (LSTM) 

variants excel in processing sequential data such as time-series 

weather records and sensor measurements [26]. More recently, 

Vision Transformers (ViTs) have emerged as alternatives to 

CNNs for image classification, leveraging self-attention 

mechanisms to capture global spatial relationships; however, 

their computational demands limit applicability in resource-

constrained agricultural settings [41]. 

 

Computer Vision 

Computer vision constitutes a critical interface between physical 

crop conditions and digital agronomic systems, enabling 

automated interpretation of visual information from RGB, 

multispectral, and hyperspectral imagery [44]. Image-based 

diagnostics have advanced from simple vegetation index 

computation to sophisticated semantic segmentation models that 

can localize and classify individual plants and pathological 

symptoms at pixel-level resolution [59]. The integration of 

computer vision with UAV platforms has revolutionized field-

scale crop monitoring, providing centimetre-resolution data that 

capture spatial variability inaccessible from satellite observation 

alone [42]. 

 

Generative AI and Large Language Models 

The emergence of generative AI and Large Language Models 

(LLMs) represents a nascent but potentially transformative 

frontier in agronomic advisory systems. These architectures, 

originally developed for natural language processing, are 

increasingly being adapted for multimodal applications that 

combine textual agronomic knowledge with visual and sensor 

data [14]. While current implementations remain largely 

experimental, the capacity of LLMs to synthesize complex 

information positions them as promising components of next-

generation decision support systems [8]. 
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Fig 1: Conceptual architecture illustrating the flow of information from heterogeneous input data sources (soil, weather, imagery, sensor networks) 

through AI processing layers (machine learning, deep learning, computer vision, natural language processing) to actionable agronomic outputs 

including yield prediction, disease detection, irrigation scheduling, nutrient recommendation, and integrated decision support. The feedback loop 

represents adaptive model refinement through continuous field data acquisition. 

 

Major AI Technologies Used in Agronomy 

Machine Learning Models 

Traditional ML algorithms continue to occupy a significant 

position in agronomic research, particularly in applications 

where interpretability, computational efficiency, and limited 

training data constrain the feasibility of deep learning [10]. 

Random Forest algorithms have demonstrated robust 

performance across diverse crop yield prediction tasks, 

exhibiting lower sensitivity to hyperparameter configuration and 

reduced tendency toward overfitting [24], [37]. SVM classifiers 

have proven effective in soil type classification and crop 

mapping, though their computational cost scales poorly with 

large datasets [29]. Gradient boosting frameworks, particularly 

XGBoost, have achieved competitive accuracy in yield 

forecasting, often outperforming neural network approaches 

when training data are sparse [25]. A critical limitation across all 

traditional ML approaches is their reliance on manually 

engineered features, which demands substantial domain 

expertise and may inadvertently discard informative signal 

components [32], [36]. 

 

Deep Learning Architectures 

Deep learning has catalyzed transformative advances in image-

intensive agronomic applications. CNN architectures including 

VGG, ResNet, and EfficientNet have established benchmarks 

for plant disease classification, frequently achieving diagnostic 

accuracies exceeding 95 percent on curated datasets [46]. Object 

detection frameworks such as YOLO and Faster R-CNN enable 

real-time localization of weeds, pests, and diseased tissues, 

supporting precision intervention systems [41]. U-Net and its 

variants have become standard architectures for semantic 

segmentation tasks including crop row detection and canopy 

cover estimation [59]. The computational demands of these 

architectures present a significant barrier to field deployment, 

particularly in resource-constrained settings where inference 

must occur on edge devices [15]. Vision Transformers have 

demonstrated superior accuracy on several benchmarks but

require substantially larger training datasets and computational 

resources, limiting their current practical applicability [21]. 

 

IoT and Sensor Integration 

The Internet of Things has emerged as a critical infrastructure 

layer for AI-enabled agronomy, providing continuous streams of 

in-situ data that complement remote sensing observations [16], 
[61]. Soil moisture sensors, weather stations, and leaf wetness 

monitors generate high-frequency temporal data that enable AI 

systems to detect crop stress conditions in near real-time [42]. 

Smart irrigation systems incorporating AI-driven control 

algorithms have demonstrated water savings of 20-40 percent 

compared to schedule-based approaches, though performance 

depends critically on sensor calibration and communication 

reliability [5]. The integration of IoT data streams with ML 

models presents significant engineering challenges, including 

data synchronization across heterogeneous networks and the 

computational burden of processing high-velocity data at the 

edge [44]. 

 

Remote Sensing and Satellite Analytics 

Remote sensing platforms provide the spatial coverage 

necessary for regional-scale agronomic monitoring, with 

multispectral and hyperspectral instruments capturing vegetation 

characteristics that correlate with crop health and yield potential 
[57], [39]. The Normalized Difference Vegetation Index (NDVI) 

and its derivatives remain the most widely employed spectral 

metrics for crop condition assessment, though their saturation at 

high biomass levels limits diagnostic precision [58]. 

Hyperspectral imaging offers enhanced capacity for detecting 

early-stage nutrient deficiencies, but the dimensionality of 

hyperspectral data poses substantial challenges for storage, 

transmission, and analysis [57]. UAV-based imaging bridges the 

spatial resolution gap between ground sensors and satellite 

platforms; nevertheless, regulatory restrictions, battery 

limitations, and orthomosaic processing requirements constrain 

operational scalability [60]. 
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Robotics and Autonomous Systems 

Agricultural robotics represents the physical manifestation of AI 

in agronomy, translating algorithmic decisions into mechanical 

actions [23]. Weeding robots equipped with computer vision and 

precision actuation can identify and remove individual weeds 

without broadcast herbicide application [55]. Autonomous 

harvesting systems have advanced significantly for structured 

orchard and greenhouse environments, though handling of 

delicate produce under variable conditions remains an active 

challenge [59]. The feasibility of robotic systems in developing 

countries is constrained by capital costs, maintenance 

infrastructure, and the prevalence of smallholder farm 

geometries that limit operational efficiency [55]. 

 

Application Areas in Agronomy 

Yield Prediction and Crop Modeling 

Accurate yield prediction underpins supply chain planning, food 

security assessment, and insurance risk evaluation. AI-based 

yield models integrate multi-source data including weather 

records, soil properties, remote sensing observations, and 

management practices to generate predictions at scales ranging 

from individual fields to regional agro-ecological zones [24], [30]. 

ML approaches, particularly ensemble methods combining 

Random Forest and gradient boosting, have demonstrated R² 

values exceeding 0.8 for regional maize and wheat yield 

forecasting [26]. Deep learning architectures that process 

spatiotemporal sequences of satellite imagery have achieved 

state-of-the-art performance, capturing phenological dynamics 

that simpler models miss [27], [28]. 

A critical limitation of current yield prediction systems is their 

tendency to perform well under average conditions while failing 

to anticipate extreme weather events the scenarios in which 

accurate forecasting is most valuable [33]. The generalizability of 

yield models across cultivars, soil types, and climatic zones 

remains limited, with models trained in one agro-ecological 

region experiencing substantial accuracy degradation when 

transferred to new environments [34]. This domain transfer failure 

reflects the context-dependent nature of yield-determining 

processes and the insufficient representation of biological 

diversity in training datasets [40]. 

 

Precision Nutrient Management 

Precision nutrient management aims to match fertiliser 

application with spatially variable crop requirements, 

simultaneously optimising economic returns and minimizing 

environmental losses [49]. AI systems contribute through two 

complementary pathways: image-based nutrient deficiency 

detection and model-driven fertiliser recommendation. Spectral 

indices derived from UAV and satellite imagery can detect 

nitrogen stress several weeks before visible symptoms manifest, 

enabling corrective interventions during the critical growth 

window [58]. ML models trained on soil test data and yield maps 

generate site-specific fertiliser prescriptions; compared with 

conventional uniform-rate fertilization, AI-guided variable-rate 

application has demonstrated nitrogen use efficiency 

improvements of 15-30 percent [18]. However, the accuracy of 

image-based nutrient diagnostics is sensitive to growth stage, 

cultivar, and environmental conditions, and calibration of 

spectral-nutrient relationships requires destructive sampling that 

limits scalability [58]. 

 

Irrigation Scheduling and Water Management 

Water scarcity affects over 40 percent of the global population 

and poses a critical constraint to agricultural production in arid 

and semi-arid regions. AI-based irrigation scheduling systems 

integrate soil moisture dynamics, weather forecasts, crop 

evapotranspiration models, and plant stress indicators to 

generate water application recommendations [5], [38]. 

Reinforcement learning frameworks have demonstrated 

particular promise for adaptive irrigation control, learning 

optimal watering policies through interaction with crop 

simulation environments [35]. Despite these advances, adoption 

of AI-based irrigation systems remains limited by the high 

capital cost of sensor infrastructure, system calibration 

complexity, and farmer risk aversion [6]. 

 

Weed Detection and Smart Weed Management 

Weed competition reduces global crop yields by an estimated 

10-15 percent, and the evolution of herbicide resistance has 

intensified the need for non-chemical management approaches 
[41]. Computer vision systems employing CNN and YOLO 

architectures can distinguish crop plants from weeds with 

accuracies exceeding 90 percent under controlled conditions, 

enabling targeted mechanical or thermal removal [4]. The 

transition from laboratory to field deployment has exposed 

significant robustness challenges, including performance 

degradation under variable lighting, canopy occlusion, and 

unrepresented weed species [44]. Manual identification by 

experienced agronomists remains more reliable under highly 

variable conditions, though AI systems offer decisive 

advantages in speed and the capacity to operate continuously 

over large areas [55]. 

 

Pest and Disease Surveillance 

Early detection of pest and disease outbreaks is critical for 

effective crop protection, as intervention efficacy declines 

exponentially with infestation progression. AI-based diagnostic 

systems process leaf and canopy imagery to identify 

pathological symptoms, pest damage patterns, and vector 

presence [43]. Deep learning models trained on large plant 

pathology datasets have achieved diagnostic accuracies 

comparable to experienced plant pathologists for common 

diseases of major crops [46]. The reliability of AI diagnostic 

systems is constrained by the diversity of pathogen strains, the 

similarity of symptoms across different diseases, and the 

confounding effects of abiotic stress factors that mimic biotic 

damage [43]. False positive diagnoses carry significant economic 

costs through unnecessary pesticide applications, while false 

negatives can result in epidemic establishment. 

 

Climate-Smart Agronomy 

Climate change is increasing the frequency of extreme weather 

events and introducing novel stress combinations that challenge 

historical management experience. AI systems contribute to 

climate adaptation through stress prediction models that 

anticipate crop responses to heat, drought, and salinity based on 

genomic, environmental, and management data [15]. Crop 

advisory platforms leveraging ML integrate seasonal climate 

forecasts with crop simulation models to generate variety 

selection and planting date recommendations [19]. The 

development of AI tools for climate-smart agronomy must 

address the challenge of extrapolating from historical climate-

crop relationships to novel conditions that have no direct 

precedent in training data [45]. 

 

Decision Support Systems 

Decision Support Systems (DSS) represent the integration layer 

through which AI technologies deliver actionable 
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recommendations to agricultural practitioners [53]. Modern AI-

driven DSS combine predictive models, optimization 

algorithms, and user interfaces to support complex management 

decisions [14]. Mobile-based advisory systems have proliferated 

in developing regions, delivering AI-generated 

recommendations through low-bandwidth interfaces [16]. The 

effectiveness of DSS depends critically on their capacity to 

accommodate farmer knowledge, local contextual factors, and 

risk preferences that are difficult to formalize algorithmically 
[48]. Adoption barriers include digital literacy requirements, the 

mismatch between algorithmic recommendations and farmer 

risk tolerance, and the absence of trust-building mechanisms that 

would enable farmers to verify AI-generated advice [54]. 

 

Current Research Trends 

The AI-agronomy research frontier is characterized by several 

converging trends that promise to reshape the technological 

landscape. Multimodal AI architectures that integrate visual, 

textual, and sensor data streams are advancing rapidly, offering 

more holistic crop assessment capabilities than unimodal 

approaches [21]. Edge AI the deployment of compressed models 

on low-power field devices addresses the latency, connectivity, 

and privacy limitations of cloud-based inference [15]. Explainable 

AI (XAI) has gained substantial traction in response to the 

opacity of deep learning models, developing techniques that 

render decisions interpretable to agronomists and farmers [31]. 

Federated learning enables collaborative model training across 

multiple farms without centralizing sensitive production data [14]. 

Digital twin architectures virtual replicas of agricultural systems 

offer powerful platforms for scenario testing and prescriptive 

optimization [42]. Among these trends, explainable AI and edge 

computing appear most immediately transformative, while 

digital twins and foundation models represent longer-term 

horizons with substantial potential [22]. 

 

Major Challenges and Limitations 

Technical Challenges 

The technical barriers to effective AI deployment in agronomy 

are substantial and interconnected. Data scarcity represents the 

most fundamental constraint: while sensor and imaging data are 

proliferating, high-quality labelled datasets pairing ground-truth 

observations with sensor measurements remain rare [1]. The 

labor-intensive nature of agronomic data collection limits dataset 

size and diversity compared with domains such as natural 

language processing [7]. Poor data labelling practices propagate 

through training pipelines to degrade model performance in 

subtle ways [20]. Model drift the gradual degradation of accuracy 

as environmental conditions evolve beyond the training 

distribution poses a persistent challenge in agricultural systems 

characterized by non-stationary climate and pest populations [49]. 

Domain transfer failure, in which models trained in one agro-

ecological context fail when deployed in another, reflects the 

site-specific nature of crop-environment interactions and 

insufficient diversity in training datasets [40]. 

 

Agronomic Challenges 

Agricultural systems exhibit biological and environmental 

heterogeneity that exceeds the complexity of most industrial AI 

applications. Within-field variability in soil properties, 

microclimate, and pest pressure creates conditions that challenge 

the assumption of spatial stationarity underlying most ML 

models [18]. Biological variability including phenotypic plasticity 

and genotype-by-environment interactions introduces irreducible 

uncertainty that no algorithmic sophistication can fully eliminate 

[56]. The temporal dynamics of crop growth, with critical 

developmental windows and irreversible stress responses, 

impose constraints on the value of AI interventions that are not 

captured by static accuracy metrics [33]. 

 

Economic and Social Challenges 

The economic barriers to AI adoption are substantial, 

particularly for smallholder farmers who cultivate the majority 

of global agricultural land. Precision agriculture technologies 

entail capital investments that exceed the financial capacity of 

most farming operations in developing countries [52]. The digital 

literacy gap between AI developers and agricultural practitioners 

impedes effective technology transfer [54]. Trust deficits 

represent a significant barrier: farmers who have developed 

expertise through decades of experiential learning may 

reasonably resist delegating critical decisions to opaque 

algorithmic systems [48]. 

 

Ethical Issues 

The ethical dimensions of AI in agronomy extend beyond 

privacy concerns to encompass fundamental questions about the 

governance of food systems [50]. Data ownership remains 

contested, with farmers frequently lacking clear rights to data 

generated on their farms by embedded sensors and third-party 

services [13]. Algorithmic bias stemming from training datasets 

that underrepresent certain crop types, farming systems, or 

geographic regions risks reinforcing existing inequities [54]. The 

potential displacement of agronomic expertise by automated 

systems raises concerns about the devaluation of traditional 

ecological knowledge [55]. These challenges demand proactive 

governance frameworks that prioritise farmer agency, equitable 

access, and the preservation of diverse agricultural knowledge 

systems [51]. 

 

 
 

Fig 2: Two-panel conceptual framework illustrates the transition from 

current barriers to AI adoption in agronomy (left panel) to prospective 

solutions and research directions (right panel). The six challenge-

solution pairings represent interconnected domains where targeted 

innovation and policy intervention can accelerate the practical 

deployment of AI in agricultural systems. 

 

Future Perspectives 

The trajectory of AI in agronomy will be shaped by advances in 

algorithmic methodology, sensing technology, and governance 

frameworks that determine whether current innovation translates 

into durable improvements in productivity and sustainability. 

Explainable agronomic AI represents a critical priority: future 

systems must move beyond black-box predictions to provide 

transparent reasoning that enables farmers and advisors to 
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understand, validate, and contextualize algorithmic 

recommendations [31]. The development of attention-based 

architectures that highlight the features driving specific 

predictions will be essential for building trust [14]. 

Autonomous agronomic ecosystems, in which AI-powered 

sensing, decision-making, and actuation operate in closed-loop 

configurations, represent a longer-term vision already emerging 

in controlled-environment agriculture [23]. The integration of AI-

driven phenotyping with genomic selection promises to 

accelerate cultivar development, though this convergence 

demands unprecedented collaboration between data scientists 

and breeding programmes [45]. Foundation models large-scale 

networks pre-trained on diverse agricultural data and fine-tuned 

for specific tasks offer a pathway to overcome data scarcity 

through transfer learning [22]. The imperative to serve 

smallholder farming systems necessitates low-cost AI solutions 

operating on affordable hardware; edge AI compression 

techniques and open-source ecosystems will be critical enablers 

of equitable access [6]. AI-powered sustainable intensification the 

strategic application of algorithmic optimization to achieve yield 

gains through improved input use efficiency aligns technical 

capabilities with the goals of agricultural sustainability [19]. 

 

Conclusion 

Artificial intelligence has transformed the methodological 

landscape of agronomic research, generating capabilities for 

crop monitoring, prediction, and management that were 

inconceivable a decade ago. The evidence reviewed 

demonstrates that AI systems can achieve high accuracy in yield 

prediction, disease diagnosis, weed identification, and nutrient 

management under controlled conditions, with increasingly 

robust methodologies for handling spatial and temporal 

complexity. However, the translation of these capabilities into 

widespread agronomic practice remains incomplete, impeded by 

technical limitations in data quality and model generalization, 

economic barriers to technology access, and social factors 

including trust deficits and digital literacy gaps. 

A critical assessment suggests that AI will not replace 

agronomic expertise but augment it providing decision-support 

tools that enhance the capacity of farmers and advisors to 

manage complexity, anticipate risk, and optimize resource use. 

The most promising directions emphasize explainability, edge 

deployment, and farmer-centric design, recognizing that the 

success of AI in agronomy depends on earning practitioner trust 

and delivering value within the constraints of real farming 

operations. The research community must prioritise 

interdisciplinary collaboration, open data initiatives, and ethical 

governance to ensure that the benefits of AI-enabled agronomy 

are distributed equitably across the diverse global agricultural 

landscape. 
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