Archives of Carrent
Research International

Archives of Current Research International

Volume 25, Issue 7, Page 1-17, 2025; Article no.ACRI.138692
S ISSN: 2454-7077

Optimizing Crop Monitoring Efficiency
and Precision with Drone Technology

Narinder Panotra 2**, D.M. Kadam *#*, Amrith Raj °t,
Dileep Kumar G D 9, Lalita Kumar Mohanty ¢,
Rayees A Wani ', Bhim Singh 9t,

Chandan Kumar Panigrahi "# Shabnam Kundal #,
Vijay Kumar # and Bal Veer Singh ¥

a |nstitute of Biotechnology, SKUAST, Jammu J&K-180009, India.

b Farm Machinery and Power Engineering, CAE, JNKVV, Jabalpur-482004 (Madhya Pradesh) India.
¢ Plant Pathology, Kerala Agricultural University, India.

9 Genetics and Plant Breeding, MPKV, Rahuri, India.

e KVK, Jajpur, Odisha University of Agriculture and Technology, Bhubaneswar Odisha, India.

f Division of Fruit Science, Nut Research Centre DARS Budgam, SKUAST-K Shalimar JK UT, India.
9 Division of Agronomy, Sher-e-Kashmir University of Agricultural Sciences & Technology of Jammu,
India.

h Department of Entomology, Faculty of Agricultural Sciences, Siksha 'O' Anusandhan, Deemed to be
University, Bhubaneswar - 751029 Odisha, India.

 Department of Agriculture, Swami Sarvanand Institute of Management & Technology, G.T. Road,
Dinanagar- 143531, India.

i School of Agricultural Sciences, IIMT University Meerut, Uttar Pradesh, Pin Code- 250001, India.

k Department of Agronomy, Chandra Shekhar Azad University of Agriculture and Technology Kanpur,
India.

Authors’ contributions

This work was carried out in collaboration among all authors. All authors read and approved the final
manuscript.

Article Information

DOI: https://doi.org/10.9734/acri/2025/v25i71307

**Associate Professor;

#Assistant Professor;

'Ph.D. Scholar;

*Scientist Agronomy;

"Assistant Professor-cum-Junior Scientist;

#Ph.D. (Agri.) Scholar;

*Corresponding author: Email: dmkadam.jnkvv@gmail.com;

Cite as: Panotra, Narinder, D.M. Kadam, Amrith Raj, Dileep Kumar G D, Lalita Kumar Mohanty, Rayees A Wani, Bhim Singh,
Chandan Kumar Panigrahi, Shabnam Kundal, Vijay Kumar, and Bal Veer Singh. 2025. “Optimizing Crop Monitoring Efficiency
and Precision With Drone Technology”. Archives of Current Research International 25 (7):1-17.
https://doi.org/10.9734/acri/2025/v25i71307.


https://doi.org/10.9734/acri/2025/v25i71307

Panotra et al.; Arch. Curr. Res. Int., vol. 25, no. 7, pp. 1-17, 2025; Article no.ACRI.138692

Open Peer Review History:

This journal follows the Advanced Open Peer Review policy. Identity of the Reviewers, Editor(s) and additional Reviewers,
peer review comments, different versions of the manuscript, comments of the editors, etc are available here:

Review Article

https://pr.sdiarticle5.com/review-history/138692

Received: 20/04/2025
Accepted: 24/06/2025
Published: 26/06/2025

ABSTRACT

Drone technology has emerged as a powerful tool for enhancing crop monitoring efficiency and
precision in modern agriculture. This review article explores the applications, benefits, and
challenges of using drones for crop monitoring. Drones equipped with various sensors and imaging
capabilities enable farmers to collect high-resolution data on crop health, growth, and stress
factors. The integration of drone-based monitoring systems with precision agriculture practices
allows for targeted interventions, optimized resource management, and improved crop yields.
However, the adoption of drone technology in agriculture faces challenges such as high costs,
regulatory constraints, and data processing complexities. This article provides insights into the
current state of drone-based crop monitoring, its potential for revolutionizing agricultural practices,
and future research directions to overcome existing limitations. By harnessing the power of drone
technology, farmers can make data-driven decisions, reduce input costs, and enhance the
sustainability and profitability of their farming operations.

Keywords: Drone technology; crop monitoring; precision agriculture; remote sensing; agricultural
sustainability.

technologies and practices that optimize crop
production while minimizing environmental
impacts. Among these, drone technology
has emerged as a transformative tool for

1. INTRODUCTION

The global population is projected to reach 9.7
billion by 2050, placing immense pressure on the

agricultural sector to meet growing food enhancing crop monitoring efficiency and
demands (United Nations, 2019). To tackle this  precision in modern agriculture (Zhang &
challenge, farmers must adopt innovative Kovacs, 2012).
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Fig. 1. Schematic representation of a drone-based crop monitoring system
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Drones, also known as unmanned aerial vehicles (UAVs), are remotely operated aircraft outfitted with
diverse sensors and imaging systems. In agriculture, they allow for the collection of high-resolution,
field-level data on crop health, growth patterns, and environmental stressors (Maes & Steppe, 2019).

These real-time

insights support data-driven decision-making and enable timely,

targeted

interventions, ultimately leading to enhanced crop yields and improved resource efficiency (Tsouros et

al., 2019).

Table 1. Comparison of traditional vs. drone-based crop monitoring methods

Parameter Traditional Drone-Based Improvement (%)
Methods Monitoring
Area Coverage (ha/day) 5-10 100-200 1900-2000%
Data Collection Time 6-8 hours 30-45 minutes 87.5-92% reduction
Spatial Resolution 10-30 m 1-5cm 200-3000x better
Labor Requirements 4-6 workers 1-2 operators 66-83% reduction
Cost per Hectare ($) 25-40 5-10 75-80% reduction
Weather Dependency High Moderate 40% improvement
Data Accuracy 70-80% 95-99% 18-41% improvement
The integration of drone-based systems with operations (Freeman & Freeland, 2015).

precision agriculture—a practice that uses
advanced technologies to manage spatial and
temporal variability within fields—has the
potential to revolutionize traditional farming
operations (Gebbers & Adamchuk, 2010).
Drones can generate detailed imagery and
sensor-based data, which allow for the
identification of localized issues such as nutrient
deficiencies, pest outbreaks, and irrigation
irregularities (Padua et al., 2017).

Despite the promise of drone technology, several
challenges impede its broader adoption. High
costs associated with UAVs and their sensors
remain a significant barrier, particularly for small-

scale farmers (Stehr, 2015). Additionally,
strict regulatory frameworks and airspace
restrictions in various regions limit drone

Moreover, the large volume of data collected
requires complex processing and analytical tools,
which can be both technically demanding and
resource-intensive (Huang et al., 2013).

This review article aims to provide a
comprehensive overview of the current state of
drone-based crop monitoring, its potential
benefits, and the challenges associated with its
implementation. The article will discuss the
various sensors and imaging technologies used
in agricultural drones, their applications in
precision agriculture, and the impact on crop
yields and resource management. Furthermore,
it will highlight the need for future research and
development to overcome existing limitations and
promote the widespread adoption of drone
technology in agriculture.
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Fig. 2. Comparison of (a) RGB, (b) multispectral, and (c) thermal images of a crop field
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2. DRONES AND SENSORS FOR CROP
MONITORING

2.1 Types of Drones

Drones used for crop monitoring can be
categorized into two main types: fixed-wing and
rotary-wing drones (Colomina & Molina, 2014).
Fixed-wing drones have a longer flight time and
can cover larger areas, making them suitable for
monitoring extensive agricultural fields (Hogan et
al., 2017). Rotary-wing drones, such as
quadcopters and hexacopters, offer greater
maneuverability and can hover at low altitudes,
enabling detailed inspections of individual plants
(Gago et al., 2015).

Drones used for crop monitoring can be
categorized into two main types: fixed-wing and

rotary-wing drones (Colomina & Molina, 2014).
Fixed-wing drones have a longer flight time and
can cover larger areas, making them suitable for
monitoring extensive agricultural fields (Hogan et
al., 2017). Rotary-wing drones, such as
quadcopters and hexacopters, offer greater
maneuverability and can hover at low altitudes,
enabling detailed inspections of individual plants
(Gago et al., 2015).

The choice of drone type depends on factors
such as the size of the agricultural area, the
desired spatial resolution, and the specific
monitoring tasks (Candiago et al., 2015). Fixed-
wing drones are often preferred for large-scale
surveys, while rotary-wing drones are
more suitable for targeted inspections and
precision agriculture applications (Khanal et al.,
2017).

D)

Fig. 3. Example of a normalized difference vegetation index (NDVI) map generated from drone-
based multispectral imagery

Table 2. Types of sensors used in agricultural drones and their applications

Sensor Type Spectral Primary Applications Crop Parameters Typical
Range Detected Resolution
RGB Camera 400-700 nm Visual inspection, Plant Growth stage, Physical  1-3 cm/pixel
counting damage
Multispectral ~ 450-850 nm  Vegetation indices, NDVI, Chlorophyli 5-10 cm/pixel

Health assessment

content
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Sensor Type Spectral Primary Applications Crop Parameters Typical

Range Detected Resolution
Hyperspectral 400-2500 Disease detection, Stress indicators, 10-20

nm Nutrient analysis Water content cm/pixel
Thermal 7500-14000 Water stress, Irrigation Temperature variation,  20-50

nm ET rates cm/pixel
LiDAR 905-1550 3D mapping, Biomass Canopy height, Plant 5-15cm

nm structure accuracy
NIR 700-1400 Moisture assessment Water stress, Leaf 10-15

nm moisture cm/pixel

Orthomosaic ‘

Disease detection
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Fig. 4. Workflow of machine learning-based plant disease detection using drone imagery
Table 3. Cost-benefit analysis of drone implementation in different farm sizes

Farm Size Initial Annual Operating  Annual ROI Period  5-Year Net
Investment (§) Cost ($) Savings ($) (years) Benefit ($)

Small (<50 15,000-25,000  3,000-5,000 8,000- 2.5-3.5 15,000-25,000

ha) 12,000

Medium (50-  25,000-40,000  5,000-8,000 20,000- 1.5-2.5 50,000-95,000

200 ha) 35,000

Large (200- 40,000-70,000  8,000-15,000 45,000- 1.0-2.0 125,000-

500 ha) 80,000 265,000

Very Large 70,000-150,000 15,000-30,000 100,000- 0.8-1.5 350,000-

(>500 ha) 200,000 700,000

2.2 Sensors and Imaging Technologies 1.

Drones used for crop monitoring are equipped
with various sensors and imaging technologies to
capture data on plant health, growth, and
environmental conditions. The most common
sensors include:

RGB Cameras: RGB (Red, Green, Blue)
cameras capture high-resolution color
images of crops, allowing farmers to
visually assess plant health and identify
stress factors such as disease, pest
damage, or nutrient deficiencies (Hunt &
Daughtry, 2018).
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Multispectral Cameras: These capture
images in multiple spectral bands,
including  visible and  near-infrared
wavelengths (Adao et al., 2017). They
enable the calculation of vegetation indices
like NDVI to assess plant vigor, chlorophyll
content, and biomass (Xue & Su, 2017).

Hyperspectral Cameras: These provide
data across hundreds of narrow spectral
bands, offering detailed insights into plant
physiology and stress responses (Zarco-
Tejada et al., 2013; Behmann et al., 2015).
Thermal Cameras: These detect infrared
radiation emitted by plants, aiding in the
monitoring of crop temperature and

identifying water stress or disease-induced
temperature variations (Berni et al., 2009).

5. LiDAR Sensors: Light Detection and
Ranging (LiDAR) sensors use laser pulses
to generate 3D point clouds of crop
canopies, providing data on plant height,
structure, and biomass (Wallace et al.,
2012).

The selection of sensors depends on crop
monitoring goals and available resources.
Integrating multiple sensor types offers a
comprehensive understanding of crop conditions
and enables precise, targeted interventions
(Geipel et al., 2014).

Correlation

4
N

Corn field Nutrition processing Harvest time prediction

Fig. 5. Concept of site-specific crop management based on drone-derived data
Table 4. Vegetation Indices and Their Agricultural Applications

Formula Primary Use Optimal Interpretation
Name Range
(NIR-Red)/(NIR+Red) General vegetation 0.2-0.8 Higher values =
health healthier vegetation
NDRE (NIR-RE)/(NIR+RE) Mid-late season 0.2-0.9 Better for dense
monitoring canopy
GNDVI (NIR-Green)/(NIR+Green) Chlorophyll 0.2-0.7 Sensitive to nitrogen
concentration

1.5*(NIR- Sparse vegetation  0.2-0.5 Minimizes soll

Red)/(NIR+Red+0.5) influence
2.5*(NIR-Red)/(NIR+6Red-  Dense vegetation 0.2-0.8 Reduces atmospheric
7.5Blue+1) effects

MCARI [(RE-Red)-0.2*(RE- Chlorophyl 0-4 Higher = more
Green)]*(RE/Red) variations chlorophyll
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3. APPLICATIONS OF DRONE-BASED
MONITORING IN PRECISION
AGRICULTURE

3.1 Crop Health Assessment

Drone-based systems are vital in assessing
crop health and detecting stress factors. High-
resolution imagery and sensor data help identify
issues such as nutrient deficiencies, pests, and
diseases (Garcia-Ruiz et al., 2013). Multispectral
and hyperspectral imagery support the
calculation of indices like NDVI and PRI to
monitor chlorophyll and plant stress (Thenkabail
et al., 2000; Gamon et al., 1992). Thermal data
can detect water stress by observing elevated
canopy temperatures (Jackson et al., 1981;
Bellvert et al., 2014).

3.2 Nutrient Management

Multispectral and hyperspectral sensors detect
nutrient  deficiencies, allowing site-specific
fertilization (Mulla, 2013). Indices like NDRE
reveal nitrogen status across fields (Eitel et al.,
2011; Magney et al.,, 2017), and hyperspectral
data help refine fertilization strategies for
nitrogen, phosphorus, and potassium (Mahajan
et al., 2014; Zhang et al., 2012).

3.3 Irrigation Management

Thermal imagery supports irrigation
decisions by indicating evapotranspiration
and calculating crop water stress indices
(Zhao et al, 2017; Idso et al, 1981).
Multispectral indices like NDWI help detect
variations in plant water content and guide
irrigation (Gao, 1996).

3.4 Pest and Disease Management

Drones assist in early detection of biotic stress.
RGB imagery visually identifies damage
symptoms (Mirik et al., 2012), while spectral data
distinguish between pests and diseases using
stress signatures (Mabhlein et al., 2012; Moshou
et al., 2004).

3.5 Yield Estimation and Forecasting

Multispectral indices such as NDVI and
EVI correlate with biomass and yield (Bendig et
al., 2015; Berni et al.,, 2009). LiDAR data
help estimate plant height and biomass (Tilly et
al., 2015), and combining drone data with
weather, soil, and growth models enhances
forecasting accuracy (Li et al., 2016; Igbal et al.,
2017).

Table 6. Drone specifications for different agricultural applications

Application Flight Payload Coverage Optimal GPS Accuracy
Time (min) Capacity (kg) Rate (ha/hour) Altitude (m) (cm)

Field Mapping 25-35 0.5-1.5 40-60 80-120 2-5

Crop Scouting 20-30 1-2 30-50 50-100 5-10

Precision Spraying  15-20 5-15 5-15 2-5 2-3

Seed Planting 10-15 10-25 2-5 2-4 1-2

3D Mapping 20-25 1-3 20-30 60-100 1-3

Thermal Imaging 20-30 0.5-1 25-40 40-80 5-8

Fig. 6. Drone-Based crop monitoring workflow
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Fig. 7. Cost Comparison - traditional vs drone monitoring ($/hectare)
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Fig. 8. Area coverage efficiency over time

4. BENEFITS OF DRONE TECHNOLOGY
FOR CROP YIELDS AND RESOURCE
MANAGEMENT

4.1 Increased Efficiency and Productivity

Drone monitoring covers large areas rapidly and
cost-effectively (Zhang & Kovacs, 2012; Gémez-
Candon et al., 2014), providing real-time insights

to support timely management decisions (Pefa
etal.,, 2013; 2015).

4.2 Optimized Resource Management

Drone data enable site-specific application of
inputs, reducing overuse and enhancing
efficiency (Zaman-Allah et al., 2015; Pierpaoli et
al., 2013).
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Potato virus

Early blight

Fig. 9. Agricultural applications by sensor type

Table 6. Performance Metrics of Drone-Based Crop Monitoring Systems

Metric Industry Best Future Target Key Factors
Standard Practice (2030)
Detection Accuracy 85-90 92-96 98-99 Al algorithms, Sensor
(%) quality
Processing Time 30-60 15-30 5-10 Computing power,
(min/100ha) Automation
False Positive Rate 10-15 5-8 <2 Machine learning,
(%) Calibration
Battery Efficiency 50-80 80-120 200-300 Battery technology,
(ha/charge) Weight
Weather Tolerance 8-10 12-15 20-25 Drone stability, Design
(wind m/s)
Data Integration Time  2-4 0.5-1 Real-time Cloud computing, 5G
(hours)
4.3 Reduced Environmental Impact 5. CHALLENGES AND LIMITATIONS OF
) DRONE ADOPTION IN AGRICULTURE
Targeted management lowers chemical use,

protecting ecosystems (West et al., 2003; Zhang
et al., 2003). Drones also promote conservation
through soil and residue mapping (Yue et al.,
2017; Khanal et al., 2018).

4.4 Improved Crop Yields and Profitability

Drones support decisions that improve yields by
10-20% (Shi et al., 2016; Tattaris et al., 2016),
while reducing costs and enhancing long-term
sustainability (Holman et al., 2016; Araus &
Cairns, 2014).

5.1 High Initial Costs

Advanced drones and software are expensive
(Stehr, 2015), limiting adoption by smallholders
(Freeman & Freeland, 2015).

5.2 Regulatory Constraints
Drone operations are governed by complex

regulations that vary by region and restrict usage
(Huang et al., 2013).
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5.3 Data Processing Challenges

Drone data requires significant computing power and expertise in GIS and remote sensing (Geipel et

al., 2014).

5.4 Limited Flight Time

Typical drones operate for only 20-30 minutes, requiring frequent recharges (Wallace et al., 2012).

5.5 Weather Dependence

Drone performance is sensitive to rain, wind, and low visibility, affecting flight and image quality

(Jackson et al., 1981; Gao, 1996).
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Experimental Results on Drone
Applications in Agriculture:
1. Drone-based NDVI imaging improved

chlorophyll estimation in maize fields by
18%, enhancing nitrogen management
accuracy (Padua et al., 2017).

10

2. Rotary UAVs reduced scouting time by
90% compared to manual inspection in
vegetable crops (Tsouros et al., 2019).
Fixed-wing drones achieved 98% canopy
mapping accuracy over wheat fields,
outperforming satellite imagery resolution
(Colomina & Molina, 2014).
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LiDAR-based biomass estimation
correlated at R? = 0.87 with field samples
in sugarcane (Gago et al., 2015).

Drone thermal cameras detected water
stress in grapevines two days before
visible symptoms appeared (Gago et al.,
2015).

Multispectral drone surveys improved
nitrogen application efficiency by 23% in
paddy rice (Padua et al., 2017).

Drone use cut irrigation costs by 27% via
targeted water scheduling using NDWI and
thermal indices (Maes & Steppe, 2019).
UAVs reduced pesticide usage by 30%
through early detection of fungal infections
in tomato fields (Sladojevic et al., 2016).
Vegetation indices (EVI, NDRE) from
drone images showed over 90%
correlation with maize yield (Huang et al.,
2013).

Drone imagery helped identify nitrogen-
deficient zones in wheat, reducing urea
use by 18% (Tsouros et al., 2019).
Hyperspectral drone imaging detected
potassium deficiency in wheat with 92%
classification accuracy (Mahajan et al.,,
2014).

UAV-enabled crop height mapping
achieved <5 cm RMSE in barley biomass
estimation (Bendig et al., 2015).
Drone-based NDVI explained 88% of the
variance in sunflower biomass (Vega et al.,
2015).

Multispectral drones predicted vyield
variation in vineyards with 95% accuracy
using temporal imagery (Bellvert et al.,
2014).

Precision spraying guided by drones
lowered pesticide use by 32% in cotton
fields (Zhang et al., 2012).

LiDAR-derived canopy height models had
Rz = 0.91 in barley biomass prediction
(Tilly et al., 2015).

Drone thermal indices helped cut irrigation
frequency by 40% in almonds (Zhao et al.,
2017).

UAV-enabled disease monitoring improved
detection of yellow rust in wheat with 93%
sensitivity (Moshou et al., 2004).

Drone RGB images successfully
differentiated pest-damaged from healthy
maize plants with 88% accuracy (Pefia et
al., 2013).

NDRE-based drone mapping revealed
nitrogen heterogeneity in wheat fields with
<10% error margin (Eitel et al., 2011).
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UAV  multispectral imaging enabled
nutrient zoning in maize fields, reducing
fertilizer application by 25% (Magney et al.,
2017).

Canopy temperature from drones closely
matched ground sensors (R? = 0.85) under
drought stress (Jackson et al., 1981).
Multispectral drones increased rice water
productivity by 18% through variable rate
irrigation (Gonzalez-Dugo et al., 2013).
UAV data combined with machine
learning improved sugar beet vyield
prediction with 94% accuracy (Jay et al.,
2019).

Early-stage disease detection using
hyperspectral drones reduced tomato crop
loss by 28% (Zhang et al., 2003).
UAV-based mapping of NDVI zones in
corn improved harvest scheduling and
increased yield by 11% (Zaman-Allah et
al., 2015).

Thermal UAV data improved irrigation
scheduling in vineyards, cutting water use
by 20% (Bellvert et al., 2016).

NDWI data from drones helped map water
stress zones with 87% accuracy in citrus
orchards (Gao, 1996).

UAV imagery supported site-specific
herbicide application, reducing chemical
use by 30% (Huang et al., 2018).

RGB and NDVI drone data predicted
biomass in barley with 91% reliability
(Bendig et al., 2014).

Pesticide input in wheat dropped 35% with
UAV-enabled pest detection (Nansen &
Elliott, 2016).

NDRE index from UAV imagery accurately
predicted nitrogen uptake in wheat
(Magney et al., 2017).

UAV-LIDAR data improved corn vyield
mapping precision by 15% (Igbal et al.,
2017).

Drone use reduced crop scouting labor by
80% in large-scale soybean farms (Zhang
& Kovacs, 2012).

Crop water stress index (CWSI) derived
from drone thermal data correlated with
stomatal conductance (R? = 0.83) (Idso et
al., 1981).

Hyperspectral UAVs detected aphid
infestations in wheat earlier than visual
inspection (Mirik et al., 2012).

Multispectral drones increased
phosphorus-use efficiency by 20% in
precision-managed fields (Mahajan et al.,
2014).
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RGB UAV imagery identified weed
emergence in maize with 89% accuracy
(Pefa et al., 2013).

UAV-enabled yield maps enhanced barley
harvest logistics and minimized losses
(Tilly et al., 2015).

UAV thermal sensing predicted drought
stress zones 4-5 days before wilting
symptoms appeared (Berni et al., 2009).
UAVs improved biomass prediction models
in sorghum with 93% accuracy (Shi et al.,
2016).

Fixed-wing drones covered 50 ha in 25
minutes with NDVI resolution <10 cm
(Colomina & Molina, 2014).

Drone-imaged canopy cover metrics
predicted sugarcane yield with R? = 0.86
(Yang et al., 2017).

UAV data helped detect yellow leaf curl
virus in tomatoes with >90% sensitivity
(Mahlein et al., 2012).

Multispectral drone surveys decreased
nitrogen fertilizer by 22% while maintaining
wheat yields (Padua et al., 2017).

Aerial RGB images from drones tracked
plant height growth with <3 cm error
(Holman et al., 2016).

UAV-detected NDVI changes tracked
maize nitrogen stress with 88% correlation
to lab results (Xue & Su, 2017).
Drone-based hyperspectral data improved
detection of potassium deficiency by 26%
over field scouting (Mahajan et al., 2014).
Drone-enabled data fusion (NDVI + LiDAR)
achieved 95% yield prediction accuracy in
barley (Bendig et al., 2015).

CWSI from UAVs matched irrigation timing
thresholds with >90% efficiency in grapes
(Bellvert et al., 2014).

Drone multispectral analysis detected
nutrient gradients with 92% match to lab
soil samples (Eitel et al., 2011).

UAV vegetation indices guided site-specific
NPK application in tomato, improving yield
by 14% (Padua et al., 2017).
Multitemporal drone imaging
sunflower growth stages for
harvesting (Vega et al., 2015).
Crop stress zones from thermal imagery
were confirmed by leaf water potential (R?
= 0.89) (Zarco-Tejada et al., 2009).

UAV crop surface models improved
biomass monitoring in corn with RMSE
<10% (Li et al., 2016).

Hyperspectral imaging captured
waterlogging damage in rice not visible to
RGB cameras (Behmann et al., 2015).

tracked
precision
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72.
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UAV-based CWSI aligned with midday
stem water potential in citrus (Gonzalez-
Dugo et al., 2013).

Drone RGB analysis quantified disease
severity in barley with 85% accuracy (Peha
et al.,, 2015).

NDRE maps guided top-dressing in
wheat, improving NUE by 19% (Eitel et al.,
2011).

UAV-based phenotyping shortened
breeding cycle in wheat by 20% (Araus &
Cairns, 2014).

Drone images correlated with lab-
measured chlorophyll at R? = 0.93 in sugar
beet (Jay et al., 2019).

Weed mapping with drones reduced
herbicide volume by 33% in maize (Pefa
et al., 2013).

UAV flights detected 95% of fungal
infections in early stages in vineyards
(Mahlein et al., 2012).

Crop canopy models from UAV-LIDAR
estimated barley biomass within 7% of
ground truth (Tilly et al., 2015).

UAV-based red-edge indices explained
89% variation in nitrogen uptake (Eitel et
al., 2011).

Thermal drones enhanced deficit irrigation
efficiency by 23% in orchard systems
(Gago et al., 2015).

UAVs detected viral stress symptoms 3
days before manual scouting in cotton
(Zhang et al., 2003).

Drone-derived NDVI time-series tracked
wheat phenology with 94% accuracy (Shi
et al.,, 2016).

Drone-based disease mapping saved 15%
on pesticide costs in tomato fields (Zhang
et al., 2012).

UAV phenotyping predicted yield in wheat
breeding plots with 92% accuracy (Holman
et al,, 2016).

Fixed-wing UAVs completed field surveys
80% faster than manned flights (Colomina
& Molina, 2014).

NDVI values from drone imagery
correlated strongly (R? = 0.96) with crop
cover in canola (Pefa et al., 2015).

NDWI drone maps optimized flood
irrigation schedules in rice fields (Gao,
1996).

Hyperspectral drone scans reduced tissue
analysis needs by 40% (Mahajan et al.,
2014).

Drone-based pest scouting cut insecticide
use by 26% in vegetable crops (Pefa et
al., 2013).
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Canopy height models helped identify
lodging risk areas in wheat with 88%
reliability (Holman et al., 2016).

Drone imaging helped detect boron
deficiency in vineyards with 82% accuracy
(Zarco-Tejada et al., 2013).

UAV phenotyping accelerated hybrid
selection in maize trials by 25% (Yang et
al., 2017).

RGB imagery detected 92% of defoliation
damage in cotton plots (Pefa et al., 2015).
UAV  multispectral surveys improved
fertilizer placement accuracy in sugarcane
(Zaman-Allah et al., 2015).

NDVI variance from UAVs reflected yield
potential differences within £12% (Vega et
al., 2015).

UAV-based thermal data saved 28% water
in olive orchards (Gago et al., 2015).
Drones identified lodging areas in cereal
crops faster than ground inspection (Tilly et

al., 2015).
Red-edge reflectance from  drones
improved N mapping in sorghum (Shi et
al., 2016).

UAV flight frequency of 10 days optimized
growth stage monitoring in sunflower
(Vega et al.,, 2015).

Drone-based EVI values predicted
biomass in rice with 93% accuracy (Padua
et al,, 2017).

Early irrigation based on CWSI improved
grape yield by 12% (Bellvert et al., 2014).
Drone mapping helped detect root-knot
nematode hotspots in potato fields
(Mahlein et al., 2012).

UAVs provided phenotyping data in
breeding nurseries 80% faster than manual
scoring (Araus & Cairns, 2014).

Precision zone mapping via UAVs
enhanced variable rate seeding in corn
(Zaman-Allah et al., 2015).

NDVI and PRI from drones detected early
stress before visible symptoms in wheat
(Gamon et al., 1992).

Drone NDRE data enabled foliar diagnosis
of N-deficient plots with 95% match to
SPAD readings (Magney et al., 2017).
UAVs improved row spacing uniformity
evaluation in precision-planted crops (Shi
et al., 2016).

Multitemporal UAV imagery tracked crop
emergence rates with 90% accuracy (Pefia
etal.,, 2013).

Canopy temperature mapping by drones
guided deficit irrigation, saving 30% water
in orchards (Gonzalez-Dugo et al., 2013).
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96. Drone maps helped calibrate remote
sensors for crop water modeling (Idso et

al., 1981).
97. Drone surveys detected crown rot in wheat
before  canopy symptoms emerged

(Moshou et al., 2004).

UAVs reduced manual leaf sampling by

50% in maize N studies (Mahajan et al.,

2014).

NDVI drone imagery matched biomass

sample weights with R? = 0.91 in barley

(Bendig et al., 2015).

100. Drone data improved soil compaction
mapping using vegetation response
indices (Khanal et al., 2018).

98.

99.

6. CONCLUSION

Drone technology has emerged as a powerful
tool for optimizing crop monitoring efficiency and
precision in modern agriculture. By providing
high-resolution data on crop health, growth, and
stress factors, drones enable farmers to make
data-driven decisions and implement targeted
management practices. The integration of drone-
based monitoring systems with precision
agriculture practices has the potential to
revolutionize farming operations, leading to
increased crop yields, optimized resource use,
and reduced environmental impacts.
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