


Minireview Article
Drone-Based Remote Sensing Advances in Precision Agriculture: A Mini-Review of Applications, Challenges, and Opportunities



ABSTRACT
This mini-review provides an overview of current trends in the application of unmanned aerial vehicles (UAVs), or drone, to crop production in the larger framework of precision agriculture. It presents the idea of using drones with RGB, multispectral, hyperspectral, and thermal sensors to offer spatiotemporal data with high resolution to monitor crop development, evaluate the condition of plants, identify disease and pests, and determine the state of soils and water. The review explains the main operational strategies, such as image acquisition guidelines, vegetation indexes calculation, and the use of UAV-derived data with the use of geographic information systems and machine learning technology in order to assist site-specific management decisions. The available evidence suggests that the use of drones is capable of increasing input-use efficiency, allowing the use of fertilizers and pesticides on a variable rate, decreasing labor and operating expenses, and improving yield and the quality of products. Simultaneously, the review highlights recurring issues among them being low flight duration and low payload, complexity of data processing, regulatory barriers, and economic and technical aspects of adoption, especially to smallholder farmers. 	Comment by Omkar Gupta: Use the term “Indices” everywhere in place of Indexes.



It finds that, although drone technology has a huge potential to transform crop production into a more accurate, sustainable, and climate resilient process, this promise will only be achievable through specific policy backing, further technological development, low-cost and robust platforms, as well as capacity building efforts that will ensure that UAV-based solutions can be accessible and viable in a wide range of farming systems.
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I. INTRODUCTION
The increasing food demands in the world, climate variability and the decreased soil productivity has exposed the agricultural systems to a lot of pressure to encourage efficient and sustainable production approaches. PA has become one of the most relevant solutions to these issues since it is a revolutionary technology that allows managing crops on the site with the help of the latest sensing, automation, and data analysis options. The use of unmanned aerial vehicles (UAVs) also referred to as drones, can now form the core of contemporary crop monitoring and decision-making because it is possible to achieve high-resolution, timely and cost-effective field data using this tool. UAVs give farmers quick indicators of crop health, soils, pest stress, as well as variation in yield, and thus make the management interventions more accurate, and overall farm productivity better. The combination of UAV sensing and analytics has been applied in diverse agricultural settings, such as smallholder and fragmented agricultural production systems. In their study, Manu et al. (2024) have performed a comprehensive evaluation of small-scale system of maize farming through the use of UAV multispectral images to describe spatial and temporal variations in crop vigor, weed distribution, and bare soil cover. They found that Excess Green Index (EGI) and Normalized Difference Red Edge (NDRE) vegetation indices can be effectively used to identify yield areas and help to make informed decisions at the field scale, especially when resources are scarce. This supports the thesis that UAV-based monitoring is both appropriate in large commercial farms and a diagnostic instrument that is high-power in smallholder farmers who are limited in terms of mechanization and field surveillance.	Comment by Omkar Gupta: Abbreviation not defined. Please define it first as a full word, then use abbreviation later.
In addition to it, Guebsi, Mami, and Chokmani (2024) gave a systematic review of drone use in precision agriculture and emphasized the drone drastic improvement in aerial platforms and sensor technologies, navigation systems, and data-processing algorithms. Their results highlight the essentiality of UAVs in major agricultural tasks, including disease surveillance, foliage study, irrigation design, and yield prediction, as well as in decreasing the number of workforce requirements and enhancing the productivity of the operations. New trends, including AI-assisted image processing and integration of IoT, were also mentioned by them which additionally increase accuracy and usability of the data obtained by drones. These technological innovations go hand in hand with the shift in the global direction of Agriculture 4.0: automation and digital solutions make decision-making and sustainability. In addition to crop surveillance, UAVs are also used to guide on field activities like spraying of pesticides, application of nutrients and seeding. As noted by Liu and Li (2023), the UAV-based spraying systems have significant benefits over the conventional machinery since they can achieve better levels of uniformity in spraying, less chemical dispersion, and more accessibility in steep terrains or wet soils. Their article highlights the need to know the UAV flight dynamics, nozzle systems, and behavior of droplet deposition in order to optimize agricultural chemical applications. This is because environmental and health hazards are severe in the context of the inappropriate use of pesticides.	Comment by Omkar Gupta: Abbreviation not defined. Please define it first as a full word, then use abbreviation later.
The effectiveness of UAVs in a wide range of crops and farming systems has been supported by a large amount of literature backing these findings. Zhang and Kovacs (2012) have indicated that small UAVs are very useful in terms of crop health measurement and mapping field variation because it has become an alternative to manned aircraft and satellite imaging, which is flexible and low-cost. According to the presented results of the study by Torres-Sanchez et al. (2015) that UAV-based high-resolution imagery is valuable in monitoring the plantation of tree crops, it is possible to exactly estimate the plant structure and growth patterns. In a similar vein, Hunt and Daughtry (2018) highlighted the potential of UAVs in the context of detecting weeds and diagnosing early crop stress, which are sometimes hard to understand in the field due to its large size or heterogeneity. Moreover, Kamilaris and Prenafeta-Boldu (2018) demonstrated that the deep learning tools combined with UAV images significantly improve disease, nutrient deficits, and canopy structural deviations detection. Although the effectiveness of UAV is becoming increasingly evident, operational, regulatory, and economic issues of drone use do not disappear. These are battery-life constraints, weather constraints, data-processing constraints, and trained manpower allocation. The accessibility of UAV technology is also affected by regulatory restrictions on flight altitude, licensing and the beyond-visual-line-of-sight (BVLOS) operations. However, there is the potential of more intense integration between better sensor technology, reduced prices in hardware, and more digital inclusion in agricultural fields, indicating that UAVs will keep becoming more integral to the contemporary agricultural infrastructure.

II. SUMMARY OF THE ARTICLES
The articles all mention the growing use of unmanned aerial vehicles (UAVs) in the development of precision agriculture in terms of better monitoring, diagnostics, and field management. According to Manu et al. (2024), multispectral UAVs proved efficient to measure spatial variability in small-sized maize plots in Ghana where vegetation indices and NDRE and EGI identified the variations in crop vigor, weed pressure, and bare soil distribution. They found that they were strongly correlated with ground-based measurements, reflecting that drone technology can play an important role in permeating decision-making among smallholder farmers who have uncertain access to sophisticated measures to monitor the situation.	Comment by Omkar Gupta: Check the Grammer. 	Comment by Omkar Gupta: Don’t use pronoun. Instead use proper scientific styling. Ex.-

“The study found that the measure indices were strongly correlated with ground-based measurements.
In addition to this empirical study, Guebsi, Mami, and Chokmani (2024) gave a broad summary of UAV applications and its key technological developments in sensors, flight platforms, navigation systems, and data analytics that have enhanced the power of drones in precision agriculture. They have detailed the various uses of drones including disease detection and stress assessment, irrigation and yield forecasting, and have also determined operational and regulatory limitations as limited battery life, data-processing requirements, and airspace limitations. They further observed that the combination of UAVs and artificial intelligence and IoT systems can further increase their analytical capacity and capabilities in real-time monitoring.	Comment by Omkar Gupta: Same…. don’t use pronouns. Correct it everywhere. 
In the meantime, Liu and Li (2023) paid attention to the UAV-assisted spraying systems highlighting their benefits concerning precision, and efficiency, and their accessibility in difficult landforms. The article they wrote was about the advances in nozzle design, spray deposition, obstacle detection, and intelligent flight control, which makes the nozzle application of pesticides less dangerous and uniform. They have highlighted that UAV spraying does not only minimize labor requirements, but also improves the environmental safety by reducing off-target spraying of chemicals. Combined, these three articles demonstrate the way in which drones eliminate the time-consuming tasks associated with the direction of the fields to their first-hand intervention, which proves to be highly essential in the formation of new and effective farm management patterns.

	[bookmark: _Hlk215556856]Table 1: Comparative Analysis on Drone-based Management	Comment by Omkar Gupta: Make the separate column for author details if possible, don’t merge it with insights.

	Theme
	Insights from Articles
	Overall Synthesis

	Technological Advancements
	Guebsi et al. and Liu et al. cover sensor updates, AI, NDVI, thermal imaging, and types of drones.
	Drones are getting smarter with smart technologies that can be used to monitor agriculture accurately.

	Operational Performance (Spraying & Monitoring)
	García-Munguida et al. pay attention to the droplet behavior, drift reduction, and spraying efficiency; Manu et al. bring to the fore the benefits of monitoring to the smallholder farmers.
	Drones improve the uniformity of spraying, minimize waste of chemicals, and surveillance of crops in great ways.

	Environmental & Efficiency Benefits
	Spraying efficiency ( +30% savings) of Garcia-Munguia et al.; better resource use and decision-making of Liu et al.
	UAVs help decrease the use of chemicals, increase the sustainability, and allow smarter management of resources.

	Digital Integration
	IoT, GIS, and AI in reference to Guebsi et al.; machine learning in reference to Liu et al.
	Drones are used in digital ecosystems to enhance data-driven agriculture.

	Socioeconomic & Policy Dimensions
	According to Manu et al., barriers to access, cooperative ownership, and policy support are highlighted.
	Drones need enabling institutions, education, and accommodating financial models to adopt them.

	Common Limitation Across Studies
	Expensive, technical expertise required, battery capacity, regulatory loopholes.
	Scalable adoption has to be done over technical and institutional constraints.

	Unified Conclusion
	Every research finds consensus in the disruption aspect of drones in agriculture.
	Drone management is not technological in isolation, it also means socio-technical systems which facilitate sustainable, effective, and equitable agriculture.



III. TECHNICAL FRAMEWORK OF DRONE MANAGEMENT
The control of drones within precision agriculture entails the orchestrated assembly of UAV platforms, sensor frameworks, data acquirement procedures, analytics, and workflows, and precision application instruments which, combined, increase field surveillance and determination. The hardware level of UAV systems is represented by the airframe, propulsion units, flight controllers, GPS units, and onboard computers to provide the stable flight and the automated execution of missions (Guebsi, Mami, and Chokmani, 2024). They are fitted with special sensors, which are typically RGB, multispectral, hyperspectral or thermal cameras, that take high-resolution images that are analyzed to measure crop vigor, stress, weed level and soil exposure.  Manu et al. (2024) proved this potential with multispectral drones that generated vegetation indices, including NDRE and EGI, that enabled the smallholder farmers to determine the patterns of yield zones and field variability occurrences with high precision.
After UAVs have been used to gather imagery, the technical structure changes to data processing. It involves photogrammetric stitching, Ortho mosaicking, spectral index estimation, spatial classification, and pattern recognition with the help of AI. These processing phases transform crude images into agricultural information that can be used to take action to maximize their fertilization, irrigation, and crop protection programs. According to Guebsi et al. (2024), the combination of AI and IoT technologies with UAV systems can increase the efficiency of monitoring based on automated detection of diseases, timely stress detection, and predictive modeling.	Comment by Omkar Gupta: Define abbreviation first, then use it.
The last element of the model is the use of UAV to provide field interventions (especially in pesticides and fertilizer application). Precision spraying involves balancing between the speed of the flight, the altitude, the type of nozzle, the pressure of the spray and environmental conditions to achieve effective droplets landing. Liu and Li (2023) stressed that UAV spraying systems have a tremendous impact on the homogeneity of coverage and accessible areas in the land that cannot be covered by conventional equipment. Obstacle detecting and environmental sensors enhance safety in operations and precision even more.
In general, the technical framework indicates that proper organization of drones is based on the smooth collaboration between the design of the hardware, the accuracy of the sensors, the analytics of the obtained data, and the targeted utilization in the field. The elements combine to create a feedback mechanism, i.e., monitoring-to-analysis-to-intervention, which improves productivity, resource-use efficiency, and sustainability of agricultural landscapes.

IV. CRITICAL ANALYSIS
While drone management has shown remarkable potential to transform agriculture, the reviewed literature reveals both strengths and weaknesses in research and application.

V. IMPLICATIONS AND INSIGHTS
A. Strengths of the studies reviewed
One of the greatest strengths of the reviewed studies is that they utilized the high-resolution remote sensing technique rigorously to estimate the crop health, spatial variability, and yield potential. The methodological integration used by Manu et al. in their study is quite high, as it is based on the combination of EGI and NDRE indices with the validated field yield data demonstrating a strong analytical framework that coincides with the current state of the art research, e.g., Holman et al. (2016), who prioritize thermal imaging accuracy in detecting stress. Likewise, the focus of the study on spectral accuracy and image processing through calibration is justified by Sinkevich et al. (2020), who affirmed the consistency of UAV multispectral data in actual farming. The accuracy of vegetation-index based mapping in work by Manu et al. also includes the merits of the previous weed-maps such as Peña et al. (2015) depicting the ability of early-season multispectral analysis to increase crop-weed discrimination. These links indicate the high technical background of the research under review, as the applied practices are credible and scientifically oriented and correspond to the best practices in drone-based agronomic diagnostics.
The other advantage of the studies reviewed is their combination of engineering, AI, and socio-technical lenses which provide a comprehensive insight into the mechanism by which drone technologies operate in the natural agricultural environment. Liu and Li present a highly engineering-dense study on UAV spraying, which resonates with the experimentally confirmed data of Hoffmann et al. (2018), who established the trustworthy deposition of sprays with the multirotor airplays in fields. The integration of spectral-machine learning in the studies is also supported by Mishra et al. (2022), who demonstrated that the use of hyperspectral imaging with AI can dramatically enhance the detection of the stress of plants. Moreover, a general systems-level overview of drone technologies is also offered by Guebsi et al. which is consistent with Tripicchio et al. (2015) that showed the possibility of UAV autonomy and smart-farming monitoring systems. Their focus on digital preparedness, legal restrictions, and user competence can be also compared to Eastwood et al. (2017), which discovered that socio-technical infrastructures are the key to success in adopting digital agriculture. Collectively, these relationships indicate that both studies reviewed have high levels of technological scope, analytical rigor, and applicability in a real-life context.
B. Weaknesses and Gaps in the Research
Despite the fact that the reviewed studies give the valuable information on the UAV-based monitoring, spraying, and system integration, there are some methodological and technical drawbacks. Manu et al. depend to a large extent on small spatial and temporal datasets, and it is hard to extrapolate their NDRE- and EGI-based results to other agroecological regions--the latter issue also mirrored by Nebiker et al. (2008), who observed that initial multispectral UAV sensors had a high degree of variability in calibration and sensitivity to the environment. Likewise, issues associated with measuring covert physiological stress have not been comprehensively covered in the studies reviewed as indicated by Zarco-Tejada et al. (2012) hypothesis that hyperspectral fluorescence and narrow-band indices are needed to detect early stages of stress caused by any field condition. In addition, canopy and structural modeling based on UAV is a developed area of remote sensing, yet the uploaded research did not explore it exhaustively, unlike Siebert and Teizer (2014) who revealed that canopy analysis and spatial coverage improved substantially with the use of 3D UAV photogrammetry. These limitations point to the necessity to have wider datasets, trials over a period of time, and incorporation of more sophisticated sensing modalities in order to increase reliability and generalizability.	Comment by Omkar Gupta: The study conducted by Manu et al…..
Other gaps arise in the engineering, AI integration and socio-technical aspects of the reviewed studies. The emphasis of Liu and Li on UAV spraying does not include agronomic performance in the long term, which is a serious omission given that Matese et al. (2015) observed that comparative platform studies should be repeated over the season to be reliable across different crop situations. Equally, Guebsi et al. emphasize the fact of drone-sensor-AI integration but they give little empirical analysis, whereas Malambo et al. (2018) demonstrate that machine-learning models need huge, diverse UAV data to prevent overfitting in biomass prediction. There is also underrepresentation of water-stress and irrigation-related drones’ applications in the uploaded research compared to Silva et al. (2020), which state the need to use multispectral and thermal integration to manage irrigation processes. Additionally, system-level challenges (including IoT integration, real-time analytics, or cybersecurity), which Mogili and Deepak (2018) and Radoglou-Grammatikis et al. (2020) emphasize as the key to scalable smart-farming systems, are not thoroughly covered in any of the reviewed articles. All these flaws together make it clear that upcoming studies must focus more on long-term field validation, complex sensor fusion, more extensive AI integration, and socio-technical aspects so that the drone technologies could be exploited to the full in the agricultural field.
C. Analytical Perspective 
In terms of analytical perspective, the three uploaded studies provide complementary information on the UAV sensing, spraying performance and smart-agriculture integration, although their methodological rigor differs dramatically. Manu et al. propose a sound vegetation-index method based on NDRE and EGI, however, their study is limited to multispectral analysis and field validation over a short period of time. This constraint is in line with Berni et al. (2009), who showed that stress detection is enhanced to a large extent by combination of thermal and narrow-band multispectral data as compared to the multispectral indices. Equally, a study by Duan et al. (2019) reveals that hyperspectral UAV sensing allows estimating nitrogen much more accurately than the multispectral ones, implying that more spectral integration is required in the methodology of Manu et al. In addition, the study is successful in mapping the variability of crops, but it does not use the canopy structure in 3D, even though Chen et al. (2020) state that the use of structure-from-motion UAV modeling is effective in terms of biomass and canopy characterization in precision agriculture. Such comparisons point out that the uploaded study is a solid base but is yet to have multimodal sensor fusion and structural analytics that are becoming more and more crucial in contemporary research in remote-sensing.	Comment by Omkar Gupta: Which three?	Comment by Omkar Gupta: Use proper citation style…mention year also
The engineering and technology analyses of the other two uploaded papers also demonstrate significant strengths and weaknesses which are considered in the larger scope of the UAV research. The study of the dynamics of UAV spraying by Liu and Li is technologically stringent, but it is mainly laboratory and prototype-related, which is reflected in Miranda et al. (2021), who estimated that the numerous UAV spraying systems lack consistency in field-scale deposition and long-term agronomic validation. In the meantime, the systems-level overview by Guebsi et al. shows proactive approach to AI, sensors, and automation, but has less empirical evidence of smart-farming architectures, which is also reflected in Faical et al. (2017), who affirm that IoT-UAV systems should be tested in the field to determine the effects of scalability and reliability. Also, none of the three published papers addresses the role of deep learning in interpreting images completely, although Bah et al. (2019) reveal that the accuracy of CNN-based classification is increased by a significant margin in UAV crop mapping. Moreover, the lack of data fusion strategies is opposite to Yue et al. (2017) who demonstrate that the combination of UAV imagery and satellite data provides more consistent biomass estimates. Taken together, this critical comparison reveals that even though the uploaded studies have a significant contribution to make to the understanding of UAV sensing, spraying, and digital agriculture, they fail to benefit the recent innovations in deep learning, integration of IoT, and multimodal data fusion, which currently characterize the cutting-edge research in UAV research.

VI. DISCUSSION
Unmanned Aerial Systems (UAS) have become invaluable in precision agriculture since the high-resolution multispectral images produced by them allow the fine-scale evaluation of crop variability. The results of Manu et al. (2024) align with previous literature on UAV multispectral research and revealed that the Excess Green Index (EGI) and the red-edge-based NDRE are effective indices to identify the DYZs in the smallholder maize fields and correlate well with end-season yields. Further confirmation on the fact that high spectral and spatial resolution is of great relevance to agronomic diagnosis can be found in additional literature on hyperspectral (Liang et al., 2020), particularly in the smallholder and heterogeneous landscape.	Comment by Omkar Gupta: Don’t defined the same abbreviation multiple times.	Comment by Omkar Gupta: Same here.	Comment by Omkar Gupta: Define it in terms of full form.
Although diagnostic mapping is the basis of site-specific management, interventional work including precision spraying is becoming more common with the use of drones. Liu and Li (2023) point out that the type of nozzle, the design of the atomizer, the altitude of the flight, its rate, and the downwash of the rotor are among the key factors that affect spray deposition and drift, so optimization in this regard becomes critical in engineering. This can be compared to the empirical evidence that airflow-nozzle configurations, optimized flight parameters, and chemical inputs could be reduced by 25-40% (Wang et al., 2020; Chen et al., 2021) and that the work of the aerial spray is strictly regulated by the interaction of airflow with droplets (Qin et al., 2014). The point of view that is proposed by Guebsi et al., (2024) is put in a wider array of interventions, including seeding and pollination support, but the limitations imposed by payloads and autonomy are highlighted as significant engineering bottlenecks.
In these studies, the common thread is the necessity to integrate sensing, analytics based on AI, and field management actions along with the socioeconomic and regulatory barriers. According to Guebsi et al. (2024), despite the fact that AI-IoT pipelines enhance disease monitoring and provide future forecasts, they require high-quality labeled data and strong model calibration-this is an issue that is expressed by a large number of deep-learning agriculture studies (Kamilaris and Prenafeta-Boldu, 2018; Nevavuori et al., 2019; Puri et al., 2017). Manu et al. (2024) also point out that smallholders need to have actionable management zones, not pixel-level maps, whereas Liu and Li (2023) distinguish the challenges of safety and operations, i.e., obstacle detection. These technological aspects have a strong deal with socioeconomic influences--it has been found that cost, digital prowess, and perceived danger have a profound effect on UAV-adoption, especially in systems under smallholders (Pierpaoli et al., 2013; Del Rio et al., 2025; Clarke and Mahon, 2021; Narayanappa et al., 2024). Taken together, these results support the notion that UAS technologies have a high potential but should be supported by multi-faceted technical, social and policy measures in order to have tangible agronomic range effect.

VII. FUTURE DIRECTIONS AND RECOMMENDATIONS
A. Research Recommendations
Future research should be focused on local calibration and validation of drone systems for Philippine and Southeast Asian crops such as rice, corn, and sugarcane. Cost-benefit analyses comparing manual operations with UAV-assisted methods are also necessary to demonstrate economic viability. The study should explore AI-driven swarm drones capable of autonomous coordination and low-cost modular UAVs designed for smallholder farms.
B. Policy Recommendations
The government should develop comprehensive civil aviation and agricultural drone regulations with regard to safety, licensing, and operational zones. Adoption amongst small farmers can be incentivized through equipment subsidies, shared drone service hubs, and grants for digital farming. Data protection frameworks will also need to be developed with regard to protecting farmer information gathered through aerial mapping.
C. Educational Recommendations
Agricultural schools should also include courses in Drone Management and Precision Farming in their curriculum. Partnerships with agencies such as TESDA and CHED could facilitate official drone operator certification programs, ensuring professional standards in the field. Encouraging student-led research projects and field demonstrations will further enhance learning outcomes and community engagement.

VIII. CONCLUSION
The integration of drones in crop management marks a major stride toward precision, sustainability, and innovation in agriculture. The reviewed studies clearly indicate that drones enhance farm operational efficiency, reduce environmental impact, and improve farmers' decision-making. Although technological and socioeconomic challenges persist, these can be addressed through research, education, and policy collaboration.
Management of drones is more than the use of machines; it symbolizes the turn towards data-driven, adaptive, and climate-resilient agriculture. With global agriculture facing a dual challenge of food security and degradation of the environment, UAVs present a way to achieve a balancing act: producing more with less and conserving natural ecosystems. Thus, for the Philippines and other developing countries, embracing drone technology through inclusive education, research, and policy support will not only modernize farming but also empower rural communities to thrive in the digital era.
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