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Abstract: Unmanned Aerial Vehicles (UAVs) have transitioned from experimental platforms to core 

enablers of precision agriculture between 2021 and 2025, driven by advances in remote sensing, 

AI/ML analytics, and autonomous operations that improve input efficiency, yield stability, and 

environmental performance across diverse cropping systems. Industry evidence indicates rapid 

global scaling led by spray and scouting applications, with DJI reporting ~400,000 agricultural 

drones in use by end 2024 and associated cumulative environmental benefits including large water 

savings and substantial emissions reductions, contextualizing academic findings that demonstrate 

efficacy for weed detection, variable rate applications, and crop stress diagnostics. Systematic 

reviews and domain syntheses converge on strong performance for UAV based weed management 

and targeted herbicide spot spraying, while highlighting methodological needs for standardized 

data collection, validation, and sensor fusion practices in field deployments. Despite market growth 

projections and positive case studies, adoption barriers persist, including battery/endurance limits, 

regulatory heterogeneity, data analytics burdens, and cost and skills gaps that particularly affect 

smallholders and under resourced regions. This review integrates 2021–2025 research and industry 

reports to map technical trends, agronomic impacts, sustainability outcomes, and open challenges, 

and proposes a forward agenda emphasizing AI first autonomy, swarm coordination, interoperable 

analytics, and supportive policy and capacity building ecosystems 

Keywords: Precision agriculture; UAV; drones; remote sensing; variable rate spraying; weed 

detection; crop monitoring; AI/ML analytics; sustainability; adoption barriers. 

1. Introduction 

Global agriculture faces an unprecedented confluence of challenges that demand 

transformative technological solutions for sustainable food production [1]. The global 

population is projected to reach 9.7 billion by 2050, requiring agricultural systems to 

produce approximately 60% more food while simultaneously addressing climate change 

impacts, resource scarcity, and environmental degradation [2]. Current projections 

indicate that over 295 million people across 53 countries experienced acute levels of hunger 

in 2024—an increase of 13.7 million from 2023—highlighting the urgent need for enhanced 

agricultural productivity and efficiency [3-5]. 

Climate change represents one of the most significant threats to global food security, 

with research demonstrating that rising temperatures will reduce global crop yields even 

when farmers implement adaptive measures. Recent analysis indicates that climate change 

may decrease global crop yields by 8% by 2050 and up to 24% by 2100 if emissions continue 

to rise unchecked [4,6-8]. The study reveals that yield losses may average 41% in the 

wealthiest agricultural regions and 28% in the lowest income regions by century's end, 

with particularly severe impacts on wheat (-28.2%), maize (-27.8%), and soybean (-35.6%) 

production under high-emissions scenarios [9,10]. 

Citation:  Sadi, M. A. (2025). 

Addressing global food security 

through UAV-enabled precision 

farming: A literature review and 

market analysis. Nexus Engineering 

Chronicle, 1(1), 19–33. 

Received: 04th Jun 2025  

Revised: 10th Sep 2025 

Accepted: 14th Nov 2025 

Published: 17th Dec 2025 

 

Copyright: © 2024 by the authors. 

Submitted for open access 

publication under the terms and 

conditions of the Creative 

Commons Attribution (CC BY) 

license 

(https://creativecommons.org/lice

nses/by/4.0/) 

mailto:sadi@sdu.dk


 21 
 

  
Nexus Engineering Chronicle, 2025, 1(1), 20-33.                                                                        https://nexusjurnal.org/ojs/index.php/nec 

Against this backdrop of mounting pressures, digital transformation in agriculture 

has emerged as a critical enabler of sustainable intensification [11]. The precision 

agriculture market demonstrates robust growth, projected to expand from USD 11.38 

billion in 2025 to USD 21.45 billion by 2032, exhibiting a compound annual growth rate of 

9.5%. This growth is driven by technological advancements including Internet of Things 

(IoT) integration, artificial intelligence applications, and substantial government support 

for smart farming initiatives [12]. 

UAVs have emerged as particularly versatile platforms within this digital 

transformation landscape, offering unique capabilities for timely [13], high-resolution 

sensing and targeted interventions that enable site-specific management across diverse 

agricultural applications. From 2021–2025, research and practice demonstrate that UAV 

platforms equipped with RGB, multispectral, hyperspectral, thermal, and LiDAR sensors, 

coupled with AI/ML pipelines, can detect crop stress, map weeds, guide variable-rate 

applications, and support decision-making in near-real time across many crops and 

geographies [14]. 

The technological sophistication of agricultural UAVs has advanced significantly, 

with AI-powered systems achieving 92% accuracy for crop disease detection, 85% for pest 

identification, and 89% for soil quality assessment [15]. Convolutional Neural Networks 

(CNNs) enable autonomous crop monitoring, reducing agricultural inspection time by 

60% compared to conventional manual techniques, while machine learning models 

process up to 500,000 plant images daily for precision crop management [4]. 

Industry adoption has accelerated dramatically in parallel with technological 

advancement. By the end of 2024, approximately 400,000 DJI agricultural drones were in 

use globally, representing a remarkable 90% increase from 2020 [16]. These drones have 

collectively treated over 500 million hectares across more than 100 countries, serving over 

300 types of crops while yielding measurable environmental benefits including cumulative 

water savings of approximately 222 million tons and carbon emission reductions of 30.87 

tons. 

The rapid scaling of UAV adoption is supported by robust training ecosystems and 

evolving regulatory frameworks. Global training infrastructure includes 6,000 instructors 

who have trained approximately 300,000 pilots worldwide, with notable improvements in 

regulatory support as countries like Argentina reduced restrictions for agricultural drone 

deployment and Spain simplified approval processes. These developments have facilitated 

demographic diversification, with significant increases in adoption among young people 

and women in the agricultural drone industry [2]. 

Beyond operational metrics, the environmental impact of agricultural drone 

adoption demonstrates substantial contributions to sustainability goals. Previous reports 

document cumulative chemical product usage reduction of 47,000 metric tons and carbon 

emissions cuts of 25.72 million metric tons—equivalent to the annual carbon sequestration 

of 1.2 billion trees [16-18]. These outcomes complement academic evidence demonstrating 

that precision agriculture with UAVs can reduce chemical usage by 30-40%, increase crop 

yields by 10-15%, and improve resource efficiency across multiple agricultural systems. 

The convergence of technological capability, industry adoption, and environmental 

necessity positions UAVs as essential tools for addressing the fundamental challenge of 

producing more food with fewer inputs and lower environmental footprints. This 

transformation occurs within broader digital agriculture trends that emphasize data-

driven decision-making, automated operations, and sustainable intensification strategies 

that optimize productivity while preserving natural resources and ecosystem services. 

The integration of UAV technology with emerging innovations including 5G 

connectivity, blockchain systems, and swarm coordination promises to further enhance 

agricultural sustainability and resilience. As precision farming technologies are projected 

to increase crop yields by up to 30% globally by 2025, the role of UAVs in enabling site-
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specific management, real-time monitoring, and targeted interventions becomes 

increasingly critical for achieving global food security objectives while maintaining 

environmental stewardship. 

This comprehensive technological evolution from experimental platforms to 

essential agricultural infrastructure represents a fundamental shift in how farming 

operations are conceived, implemented, and optimized. The period 2021-2025 marks a 

pivotal transition where UAV applications have matured from proof-of-concept 

demonstrations to scalable, economically viable solutions that deliver measurable 

operational, economic, and environmental outcomes across diverse agricultural contexts 

and geographic regions [1,6,9]. 

2. Literature Review 

2.1 Comprehensive Reviews and Taxonomies 

Comprehensive reviews from 2021–2025 synthesize UAV applications, sensor 

modalities, data processing pipelines, and agronomic outcomes, providing taxonomies of 

tasks such as crop monitoring, weed mapping, disease detection, and spray/spread 

operations, alongside bibliometric analyses of research trends. The most comprehensive 

review by Drones in Precision Agriculture (2024) analysed applications across RGB, 

multispectral, hyperspectral, thermal, and LiDAR sensors, demonstrating that CNN-based 

deep learning approaches achieve 92% accuracy for disease detection and 85% for pest 

identification [1,2]. 

Bibliometric analyses reveal that remote sensing, precision agriculture, deep 

learning, machine learning, and Internet of Things integration represent the most critical 

research clusters in agricultural drone literature. Co-citation analysis identifies six broad 

research domains: sensor technology development, AI/ML algorithm advancement, 

precision application systems, environmental monitoring, economic impact assessment, 

and regulatory framework development [3]. 

2.2 Disease Detection and Pest Management 

Systematic reviews focusing on UAV and AI integration for targeted disease 

detection demonstrate strong performance across diverse crop types, with CNN and 

YOLO deep learning frameworks showing superior capabilities compared to traditional 

machine learning approaches. Research indicates that multispectral and hyperspectral 

sensors combined with deep learning models enable early-stage detection of crop diseases, 

pest hotspots, and stress conditions days or weeks earlier than ground inspection [4,5]. 

A comprehensive bibliometric review of intelligent agriculture applications reveals 

that UAV remote sensing provides efficient, cost-effective, timely, and accurate methods 

for pest and disease monitoring, with processing capabilities reaching up to 500,000 plant 

images daily for precision crop management. However, studies consistently highlight 

challenges including weather interference, noise issues, and the need for standardized 

evaluation metrics across different environmental conditions [4]. 

2.3 Herbicide Spot Spraying Applications 

Domain-specific systematic reviews provide strong evidence for UAV-enabled weed 

management and herbicide spot spraying, documenting reduced input use and improved 

targeting effectiveness. Analysis of 26 research papers demonstrates that localized 

herbicide application through drone technology achieves significant reductions in both 

herbicide quantity and associated ecological impacts compared to conventional blanket 

application methods [6]. 

The systematic review reveals that precision spraying applications can reduce 

chemical usage by 30-40% compared to traditional methods, with application accuracy 

reaching up to 95%. However, the review emphasizes the critical need for standardized 
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evaluation metrics and field validation across diverse agricultural conditions and crop 

types [6]. 

2.4 Yield Prediction and Crop Monitoring 

Systematic literature reviews of grain crop yield prediction using machine learning 

analyse 76 research articles, revealing that wheat, corn, rice, and soybeans represent the 

primary research focus areas. The analysis demonstrates that multispectral images serve 

as the main source of feature information for both single modal and multimodal yield 

estimation approaches, with Random Forest and deep learning models showing optimal 

performance depending on feature selection and data collection timing [7]. 

Reviews emphasize that UAV-based crop monitoring enables high-frequency, high-

resolution data streams that feed agronomic models and emerging yield-prediction 

frameworks, with correlation coefficients reaching R² = 0.94 between UAV measurements 

and ground truth data. However, feature selection optimization remains a critical 

challenge for improving model robustness and accuracy across different growing 

conditions [8,9]. 

2.5 Methodological Syntheses and Best Practices 

Methodological syntheses present best practices for drone-based remote sensing, 

emphasizing calibration, ground-truthing, sampling design, and reproducible workflows 

to ensure agronomic reliability and cross-study comparability. The U.S. Geological Survey 

guidelines for calibration of uncrewed aircraft systems imagery outline comprehensive 

quality assurance processes, including radiometric and geometric calibration protocols 

essential for scientific data integrity [10]. 

Research demonstrates that sensor calibration accuracy depends on multiple factors 

including environmental conditions, altitude variations, and operational parameters, with 

systematic calibration protocols achieving sub-centimetre positioning accuracy using RTK 

GPS technology. However, studies consistently identify the need for standardized 

calibration procedures across different sensor types and platforms to ensure data 

comparability. 

2.6 Data Processing and Analytics Frameworks 

Systematic reviews of UAV hyperspectral remote sensing classification analyse 

comprehensive literature covering traditional machine learning approaches through 

cutting-edge deep learning frameworks, including CNN, Transformer models, RNN, 

GAN, and hybrid architectures. The analysis reveals that while traditional methods 

demonstrate effectiveness in certain scenarios, deep learning-based models excel at 

capturing intricate relationships between spectral and spatial features, significantly 

boosting classification accuracy [11]. 

Research emphasizes that UAV hyperspectral imagery presents more pronounced 

classification challenges compared to spaceborne platforms due to notable spectral 

variations of ground objects, requiring sophisticated processing algorithms and validation 

methodologies. Benchmark dataset validation using the WHU-Hi hyperspectral remote 

sensing dataset demonstrates the superiority of deep learning approaches for complex 

agricultural classification tasks [11]. 

2.7 Bibliometric and Trend Analysis 

Bibliometric investigations using VOSviewer and Biblioshiny reveal that the global 

agricultural drone market demonstrates strong growth trajectories, with research focusing 

on IoT integration, AI-driven processing, precision agriculture applications, and 

sustainability outcomes. Content analysis identifies emerging research trends including 

swarm technology implementation, blockchain integration for traceability, and 

autonomous farm system development. 

Statistical analysis validation demonstrates that drone-mediated precision farming 

contributes significantly toward achieving sustainable development goals, with 
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documented improvements in resource efficiency, operational cost reduction, and 

environmental sustainability promotion. However, technical expertise barriers and 

infrastructure limitations continue to constrain widespread adoption, particularly among 

smallholder farmers. 

2.8 Geographic and Temporal Trends 

Systematic reviews reveal significant geographic disparities in UAV agriculture 

research, with limited representation from tropical regions and the global south. 

Bibliometric analysis of UAV thermal remote sensing for crop water status assessment 

identifies substantial research gaps in applications for assessing and monitoring crop 

water status in developing countries, despite the critical importance for food security [12]. 

Temporal analysis demonstrates accelerating research intensity from 2021-2025, with 

increasing focus on AI integration, sustainability outcomes, and real-world deployment 

challenges. However, studies consistently highlight the need for expanded monitoring and 

integrated modelling efforts to improve understanding of UAV applications across diverse 

agricultural systems and environmental conditions [13]. 

                                                       Table1:  Comparative Analysis of UAV Agriculture Literature Reviews (2021-2025) 

Focus Area Sample 

Size/Scope 

Key Findings Identified Gaps 

Comprehensive 

applications, 

technologies, 

challenges 

Multiple 

databases, 

comprehensive 

92% disease 

detection 

accuracy, 85% 

pest ID 

Battery life, data 

processing 

complexity 

Disease detection, 

weed 

management, pest 

control 

Large-scale 

systematic review 

Strong 

performance 

across crop types 

Standardization 

needs, dataset 

diversity 

Hyperspectral 

image 

classification 

methodology 

Comprehensive 

HSI literature 

Deep learning 

superior to 

traditional 

methods 

Limited real-

world validation 

Drone recharging 

in agriculture and 

disasters 

Systematic 

methodology 

review 

Infrastructure 

needs for 

widespread 

adoption 

Infrastructure and 

policy barriers 

Crop water status 

assessment and 

monitoring 

Global 

bibliometric 

analysis 

Limited tropical 

region studies 

Limited global 

south 

representation 

Yield prediction 

using machine 

learning 

76 research 

articles analyzed 

Wheat, corn, rice, 

soybeans main 

crops 

Feature selection 

optimization 

Deep learning for 

pest and disease 

detection 

Comprehensive 

domain analysis 

Efficient, cost-

effective 

Weather 

interference, noise 

issues 
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monitoring 

method 

Herbicide spot 

spraying 

applications 

26 research 

papers analyzed 

Reduced 

herbicide use, 

improved 

targeting 

Need for 

standardized 

evaluation 

Best practices for 

drone remote 

sensing 

Best practices 

compilation 

Need for 

standardized 

protocols 

Calibration 

standardization 

needs 

Bibliometric 

analysis of 

precision farming 

Bibliometric 

investigation 

Strong market 

growth, 

technology 

adoption 

Technical 

expertise barriers 

Multispectral 

applications in 

precision 

agriculture 

Scoping review 

approach 

High correlation 

with ground 

measurements 

Sensor fusion 

requirements 

Comprehensive 

review with 

bibliometric 

analysis 

Bibliometric 

techniques 

applied 

Remote sensing, 

precision 

agriculture trends 

Integration 

challenges 

 

This comprehensive comparison reveals consistent themes across methodological 

approaches, with systematic reviews and bibliometric analyses dominating the literature 

landscape. While sensor technology capabilities continue advancing, standardization 

challenges, validation protocols, and integration barriers remain persistent across all 

review types. The convergence on deep learning and AI integration demonstrates the 

field's technological maturation, yet gaps in real-world validation and global 

representation highlight opportunities for future research directions. 

3. Materials and Methods 

3.1 Research Design and Approach 

This paper conducts a comprehensive narrative literature review focused on 2021–

2025 scholarship and industry reports on UAV applications in agriculture, prioritizing 

peer reviewed reviews, systematic reviews, and large scope syntheses, complemented by 

authoritative market and industry insight reports to capture adoption and impact at scale. 

The narrative review methodology was selected to enable flexible synthesis of diverse 

research domains while maintaining analytical rigor, allowing for thematic organization 

and interpretive analysis across technological, economic, environmental, and social 

dimensions of UAV adoption in agriculture [15]. 

The research design follows established guidelines for narrative reviews, 

emphasizing clarity of boundaries, scope definition, and transparent rationale for 

methodological choices. Unlike systematic reviews that employ predetermined inclusion 

criteria and exhaustive search protocols, this narrative approach enables iterative 

refinement of research boundaries and adaptive inclusion of emerging evidence from both 

academic and industry sources. 
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3.2 Database Selection and Search Protocol 

A multi-database search strategy was implemented to ensure comprehensive 

coverage of relevant literature across agricultural technology, remote sensing, precision 

agriculture, and policy domains. Primary academic databases included Web of Science 

Core Collection, Scopus, PubMed/MEDLINE, IEEE Xplore Digital Library, and 

ScienceDirect, selected for their extensive coverage of agricultural technology and remote 

sensing literature. 

Search term identification employed controlled vocabulary mapping and Boolean 

logic combinations, incorporating both free-text keywords and subject headings where 

applicable. Core search concepts included: (1) UAV/drone terminology ("unmanned aerial 

vehicle" OR "drone" OR "UAS" OR "RPAS"), (2) agricultural applications ("precision 

agriculture" OR "crop monitoring" OR "agricultural spraying"), (3) sensor technologies 

("remote sensing" OR "multispectral" OR "hyperspectral" OR "thermal imaging"), and (4) 

temporal constraints (2021-2025). 

3.3 Industry and Grey Literature Integration 

Recognition of the rapid evolution in agricultural drone technology necessitated 

inclusion of authoritative industry reports and grey literature to complement academic 

sources. Industry sources included reports from major agricultural drone manufacturers 

(DJI Agriculture, PrecisionHawk, Trimble), market research organizations 

(MarketsandMarkets, Straits Research), and government agencies (FAA, USDA, European 

Commission). These sources provide critical insights into real-world deployment scale, 

training infrastructure, and evolving regulatory frameworks that may not yet appear in 

peer-reviewed literature. 

3.4 Selection Criteria and Quality Assessment 

Inclusion criteria emphasized studies focusing on crop monitoring, weed and 

disease detection, precision spraying/spreading, yield prediction, sustainability impacts, 

adoption barriers, and regulatory developments within the 2021-2025 timeframe. Priority 

was given to systematic reviews, meta-analyses, comprehensive reviews, and large-scale 

empirical studies that provide robust evidence bases and methodological transparency 

[16,17,18,19]. 

Exclusion criteria eliminated studies focusing on non-agricultural applications, 

research published prior to 2021, conference abstracts without full-text availability, and 

sources lacking clear methodological descriptions. Language restrictions limited inclusion 

to English-language publications, acknowledging potential geographic bias while 

ensuring comprehensive analysis within practical constraints. 

3.5 Quality Assessment Framework 

Quality assessment employed adapted frameworks from established systematic 

review methodologies, incorporating elements from PRISMA guidelines for systematic 

reviews and specialized quality criteria for technology assessment studies. Academic 

sources were evaluated based on methodological rigor, sample size adequacy, statistical 

analysis appropriateness, and generalizability of findings. 

Industry reports were assessed using modified criteria emphasizing data source 

transparency, methodological documentation, and alignment with academic findings for 

triangulation purposes. Cross-checks against best-practice guidance for drone remote 

sensing were conducted to assess methodological rigor and generalizability across 

different agricultural contexts. 

3.6 Data Extraction and Synthesis Process 

Data extraction employed structured templates capturing key variables including 

study design, geographic scope, crop types, sensor technologies, AI/ML methodologies, 

outcome measures, and identified limitations. Standardized extraction forms facilitated 
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consistent data capture across diverse source types, enabling systematic comparison and 

synthesis. 

Thematic categorization followed an iterative process, initially organizing sources 

by application domain (crop monitoring, precision spraying, sustainability assessment) 

before developing sub-themes based on technological approaches, methodological 

innovations, and identified research gaps. Qualitative coding software supported 

systematic organization and retrieval of extracted data elements.  

3.7 Narrative Synthesis Framework 

Synthesis employed narrative techniques that emphasize thematic organization, 

cross-study comparison, and interpretive analysis rather than quantitative meta-analysis. 

This approach enabled integration of diverse study designs, outcome measures, and 

evidence types while maintaining analytical coherence and identifying convergent themes 

across the literature. 

The synthesis process incorporated multiple validation steps, including 

triangulation across source types (academic, industry, regulatory), peer consultation with 

agricultural technology experts, and iterative refinement based on emerging evidence 

patterns. Particular attention was paid to identifying areas of convergence and divergence 

between academic research findings and industry deployment experiences. 

3.8 Methodological Rigor and Limitations 

Several strategies were employed to minimize potential biases inherent in narrative 

review methodology. Geographic bias was addressed through deliberate inclusion of 

studies from diverse regions and agricultural systems, though English language 

restrictions may limit representation from certain regions. Temporal bias was mitigated 

through systematic coverage of the 2021-2025 period, with attention to rapidly evolving 

technological capabilities. 

Publication bias was addressed through inclusion of both positive and negative 

findings, grey literature sources, and industry reports that may capture deployment 

challenges not adequately represented in academic publications. Selection bias was 

minimized through transparent documentation of inclusion/exclusion decisions and peer 

consultation for source validation. 

3.9 Methodological Transparency and Reproducibility 

All search strategies, selection criteria, and synthesis processes were documented 

systematically to enable reproducibility and critical appraisal. Search logs maintained 

detailed records of database queries, result counts, and selection decisions, facilitating 

transparency in source identification and screening processes. 

The narrative synthesis process emphasized explicit documentation of thematic 

development, interpretive decisions, and evidence integration strategies. While narrative 

reviews inherently involve subjective interpretation, structured approaches and 

transparent reporting enhance rigor and enable readers to assess the validity of 

conclusions drawn from the evidence base. 
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                                Fig.1. Detailed Methodology Process for UAV Agriculture Literature Review 

This comprehensive methodological framework ensures systematic and rigorous 

analysis while maintaining the flexibility necessary to synthesize diverse evidence types 
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and emerging technological developments in agricultural UAV applications. The 

structured approach enables reliable knowledge synthesis while acknowledging inherent 

limitations and potential biases in the available evidence base. 

4. Results 

4.1 Sensor and Analytics Maturation 

Multispectral and thermal imaging have emerged as the workhorses for crop vigour 

and water stress mapping, demonstrating consistent reliability across diverse agricultural 

applications and environmental conditions. Research indicates that multispectral imagery 

achieves correlation coefficients of R² = 0.94 with ground measurements for crop 

monitoring applications, establishing these sensors as foundational technologies for 

operational UAV systems. Thermal sensors demonstrate effectiveness for water stress 

detection, enabling precise irrigation management through temperature differential 

mapping that highlights areas with water stress and irrigation issues. 

Hyperspectral and LiDAR technologies have experienced significant growth for 

finer biochemical and canopy structure inference, addressing applications requiring 

detailed spectral analysis and three-dimensional crop characterization. Systematic reviews 

of UAV hyperspectral remote sensing reveal that while traditional machine learning 

approaches demonstrate effectiveness in certain scenarios, deep learning-based models 

excel at capturing intricate relationships between spectral and spatial features, 

significantly boosting classification accuracy. LiDAR integration enables precise canopy 

analysis and Plant Area Index (PAI) estimation based on canopy density measurements, 

providing structural insights complementary to spectral data. 

4.2 AI/ML Integration and Autonomous Operations 

AI/ML models, particularly Convolutional Neural Networks (CNNs), increasingly 

support autonomous detection and interpretation tasks in operational pipelines, achieving 

remarkable accuracy levels across multiple agricultural applications. Research 

demonstrates that CNN-based systems achieve 92% accuracy for crop disease detection, 

85% for pest identification, and 89% for soil quality assessment, while processing up to 

500,000 plant images daily for precision crop management. 

Advanced machine learning frameworks including YOLO architectures and 

Transformer models enable real-time processing capabilities essential for autonomous 

drone operations. Studies reveal that deep learning approaches demonstrate superior 

performance compared to traditional machine learning methods for complex agricultural 

classification tasks, particularly when dealing with the pronounced spectral variations 

characteristic of UAV-based imagery. 

4.3 Systematic Evidence for Precision Herbicide Management 

Evidence from systematic reviews demonstrates that UAV enabled herbicide spot 

spraying significantly reduces application volumes and improves control efficiency 

compared to blanket treatments, addressing critical sustainability and resistance 

management concerns. Analysis of 26 research papers reveals that localized herbicide 

application through drone technology achieves substantial reductions in both herbicide 

quantity and associated ecological impacts. 

Research consistently demonstrates that precision spraying applications can reduce 

chemical usage by 30-40% compared to traditional methods, with application accuracy 

reaching up to 95%. Studies on weed detection in rice crops show 93% accuracy even at 

early growth stages, enabling timely intervention before competitive effects impact crop 

yields. This precision capability proves particularly valuable for managing herbicide-

resistant weeds through targeted application strategies that minimize selection pressure. 

4.4 Technical Performance and Operational Effectiveness 
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UAV-based weed mapping and precision interventions demonstrate strong 

performance across diverse crop types and environmental conditions, with documentation 

of significant improvements in control efficiency versus conventional approaches. 

Research indicates that drone-based precision spraying can cover 2-5 times more area 

faster than traditional machinery, processing fields at rates of up to 50 acres per day while 

achieving ultra-low volume applications directly to target areas. 

The technology enables 70% reduction in labour needs and 50% less off-target 

contamination compared to conventional spraying methods. Systematic reviews 

emphasize the importance of standardized evaluation metrics and field validation across 

diverse agricultural conditions to ensure consistent performance across different crops, 

growth stages, and environmental conditions. 

4.5 Precision Spraying and Spreading Operations 

Spray drones demonstrate exceptional performance for terrain-challenged or 

small/fragmented plots where traditional machinery cannot operate effectively, with 

documented cost and time savings alongside reduced chemical use in field case studies. 

Research indicates that drones excel in applications where large machinery faces 

limitations, including rice paddies, fruit orchards, and steeply sloped terrain [16-19]. 

Industry evidence shows that precision spraying operations can increase 

productivity by 8x, requiring only 5 minutes per acre for spraying operations compared to 

conventional methods. This efficiency gain proves particularly valuable in regions facing 

agricultural labour shortages, with studies documenting 40% reduction in time spent on 

crop application tasks for farms using UAV technology. 

Drift Minimization and Application Optimization 

Industry guidance addresses drift minimization through comprehensive 

optimization of nozzle selection, airflow management, altitude control, and droplet size 

parameters, ensuring precise application while minimizing environmental impact. 

Advanced AI-powered autonomy enables drones to plan optimal spray paths, adjust 

droplet volume in real-time, and avoid obstacles mid-flight. 

Research demonstrates that Beyond Visual Line of Sight (BVLOS) capabilities have 

transformed agricultural drone operations, allowing operators to manage wide acre 

spraying safely from distances exceeding visual contact. Swarm technology 

implementation enables multiple drones to coordinate operations, dividing spraying 

zones, synchronizing coverage, and avoiding overlap to substantially improve efficiency 

for large-scale operations [20-23]. 

4.6 Crop Monitoring and Yield Analytics 

UAV remote sensing augments traditional crop scouting with high frequency, high 

resolution data streams that feed agronomic models and emerging yield prediction 

frameworks, supported by integrative reviews spanning platforms, sensors, and 

monitoring protocols. Research demonstrates that drone-based monitoring can detect crop 

health issues days or weeks earlier than ground inspection, enabling proactive 

management interventions. 

Studies analysing 76 research articles on grain crop yield prediction reveal that 

wheat, corn, rice, and soybeans represent primary focus areas, with multispectral imagery 

serving as the main source of feature information for both single modal and multimodal 

yield estimation approaches. Machine learning models demonstrate optimal performance 

when combining temporal data collection with sophisticated feature selection strategies. 

4.7 Predictive Analytics and Decision Support 

Systematic reviews emphasize the growing integration of UAV data with IoT 

devices, cloud-based analytics, and predictive modelling frameworks that provide 

comprehensive environmental monitoring and decision support. Research indicates that 
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AI-driven autonomous operations will make drone deployment, data capture, and 

actionable recommendations seamless even for farmers with limited technical expertise. 

Advanced predictive analytics models enable real-time decision-making based on 

comprehensive data analysis, with studies projecting that by 2025, over 30% of large farms 

worldwide will utilize AI-powered drones for agricultural operations. The integration of 

genomics and AI promises accelerated crop improvement and enhanced breeding 

programs through precision phenotyping capabilities. 

4.8 Sustainability Outcomes and Environmental Impact 

Industry scale evidence reports cumulative water savings and emissions reductions 

associated with UAV operations, complementing academic arguments that precision 

applications reduce input waste, off target impacts, and field passes, thereby contributing 

to climate smart agriculture. By the end of 2024, drone operations collectively saved 

approximately 222 million tons of water and reduced carbon emissions by 30.87 tons 

through more efficient crop spraying and field operations. 

Previous reports document cumulative chemical product usage reduction of 47,000 

metric tons and carbon emissions cuts of 25.72 million metric tons—equivalent to the 

annual carbon sequestration of 1.2 billion trees. These measurements provide concrete 

evidence of environmental benefits at scale, supporting academic theoretical frameworks 

for sustainable agriculture. 

4.9 Resource Efficiency and Conservation 

Research demonstrates that precision agriculture with drones can reduce fuel costs 

by up to 60%, fertilizer usage by 18-22%, and labour costs by 15-20%. Studies consistently 

show that farms utilizing precision agriculture techniques with drones experience 

improved yield stability, reduced input costs, and better risk management compared to 

conventional approaches. 

The technology contributes to sustainable farming practices by enabling precise 

input delivery and minimizing runoff into waterways, supporting conservation 

agriculture principles through minimal soil disturbance and reduced machinery 

dependence. Research indicates that drone-based precision agriculture can increase 

agricultural productivity by 20-25% while reducing resource consumption. 

4.10 Market Growth and Adoption Patterns 

The agricultural drone market demonstrates robust growth trajectories through the 

2025–2033 horizon, with market valuations projected to expand from USD 4.79-5.95 billion 

in 2024-2025 to USD 34.03 billion by 2033, representing a compound annual growth rate of 

24.35%. Industry evidence indicates approximately 400,000 DJI agricultural drones in use 

globally by end-2024, representing a 90% increase from 2020 levels. 

Regional analysis reveals accelerating adoption across different continents, with Asia 

leading deployment statistics and over 30% of crop protection spraying in China 

conducted using drone technology. Latin America shows significant growth with 

countries like Argentina, Brazil, and Colombia rapidly embracing drone technology for 

both small-scale specialty crops and large-scale row crops. 

4.11 Adoption Barriers and Constraints 

Despite strong growth projections, adoption remains uneven due to cost, skills, 

connectivity, and workflow integration challenges that particularly constrain smallholders 

and under resourced regions. Research from African markets reveals deployment 

challenges including lack of technical expertise, regulatory barriers, and high initial costs 

associated with purchasing and maintaining advanced drones equipped with 

sophisticated sensors. 

Studies consistently identify battery life restrictions as primary operational 

constraints, limiting flight duration and requiring frequent recharging. Data processing 
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complexities continue to challenge farmers, with research indicating that extensive 

datasets from drone operations require sophisticated analysis capabilities that many 

farmers lack. Integration of multiple data sources and platforms presents ongoing 

interoperability challenges. 

4.12 Regulatory Evolution and Training Infrastructure 

Recent policy shifts in several countries have streamlined agricultural drone 

operations and standardized pilot training, contributing to broader diffusion and 

demographic diversification among operators. Argentina has reduced restrictions for 

drone deployment in agricultural areas while Spain has simplified approval processes for 

agricultural drone use, demonstrating positive regulatory evolution. 

Research emphasizes the importance of research-based policies and standardized 

pilot training processes in facilitating adoption, particularly among young people and 

women in agriculture. Global training infrastructure includes 6,000 instructors who have 

trained approximately 300,000 pilots worldwide, creating robust capacity-building 

ecosystems. 

4.13 Demographic Diversification and Capacity Building 

Industry reports document significant increases in adoption among young people 

and women in the agricultural drone sector, indicating successful demographic 

diversification efforts. Brazilian regulatory developments include standardized pilot 

training processes, making drone operation more accessible for agricultural use across 

diverse operator demographics. 

Studies highlight the critical role of comprehensive training programs in building 

technical capacity among farmers and agricultural professionals, with educational 

initiatives addressing both technical skills and data interpretation capabilities to maximize 

technology benefits. Extension services integration of drone technology training with 

traditional agricultural advisory services ensures holistic approaches to technology 

adoption. 

5. Conclusion 

UAVs have become integral to precision agriculture, with 2021–2025 research and 

industry experience validating value in crop monitoring, weed and disease management, 

and targeted spray/spread operations, while progress in sensors, autonomy, and analytics 

continues to expand agronomic utility and sustainability impact. Addressing barriers 

around endurance, data pipelines, interoperability, costs, and capacity building—

alongside continued regulatory evolution—will be critical to mainstreaming benefits 

across farm sizes and regions, particularly for smallholders and climate vulnerable 

systems. Future priorities include AI first autonomous workflows, swarm coordination for 

scalable operations, rigorous multi site validations with standardized protocols, and 

integrated digital ecosystems linking UAV data with IoT, models, and advisory services to 

deliver timely, actionable agronomic decisions at scale. 
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