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ABSTRACT

Precision agriculture (PA) encompasses a set of technologies that allow farmers to collect data on
variations within fields and manage crops at a more granular level. PA technologies include
sensors, satellite imagery, information management tools and variable rate application systems.
Together, these enable data-driven, site-specific decision making to optimize productivity while
minimizing environmental impacts. This review examines recent advances in PA technologies and
their role in supporting sustainable crop production. Key developments reviewed include remote
sensing platforms and techniques, proximal soil sensors, variable rate systems, robotics and
automation, and decision support tools powered by artificial intelligence and machine learning.
Challenges and future directions are also discussed. Widespread adoption of PA technologies has
the potential to increase yields and profitability for farmers while reducing use of inputs such as
water, nutrients, and pesticides. However, barriers to adoption exist, including costs, technical
complexity, and integration challenges. Continued innovation and knowledge transfer will be critical
to unlocking the full promise of PA for sustainable agriculture.
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1. INTRODUCTION

The burgeoning global population, projected to
reach 9.8 billion by 2050 according to the Food
and Agriculture Organization [1], has placed an
unprecedented demand on food production. This
escalating need for sustenance comes at a time
when agriculture faces formidable challenges
from environmental issues like climate change,
water scarcity, and soil erosion, which
compromise the capacity of existing systems to
meet demand sustainably. In response to these
challenges, precision agriculture (PA) has
emerged as a transformative approach, utilizing
technology to optimize production and mitigate
environmental impacts at a local scale.

Precision agriculture allows for the tailoring of
management practices to the inherent variability
within fields through the systematic collection,
analysis, and application of data. Rather than
adopting a uniform application of inputs across
entire fields, PA technologies enable targeted
intervention, applying resources such as water,
fertilizers, and pesticides precisely where and
when needed [2]. This nuanced approach not
only enhances efficiency but also minimizes the
ecological footprint of agricultural activities.

The umbrella of precision agriculture
encompasses a diverse range of technologies,
including sensors, imagery, positioning systems,
information management tools, and variable rate
application systems. In recent years, there has
been an acceleration of innovation in PA
technologies, driven by advances in satellite
platforms, proximal and remote sensing,
automation, robotics, and data science. These
advancements have not only expanded the
capabilities of PA systems but have also led to a
reduction in costs, fostering increased adoption
on a global scale. Current estimates indicate that
PA technologies are presently deployed on
approximately 50% of major grain-producing
cropland in key regions such as North America,
Brazil, and Australia [3].

This comprehensive review delves into recent
advances in PA technologies that hold promise
for supporting sustainable crop production. The
exploration begins by dissecting key platform
developments in remote sensing, proximal soil
sensing, and global navigation satellite systems
(GNSS). Subsequently, it delves into innovations
in variable rate input systems, robotics and
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automation, and data analytics. Finally, the
review scrutinizes existing barriers to widespread
PA adoption and proposes future directions for
overcoming these challenges. The overarching
goal is to explore how precision agriculture,
through continued technological progress and

diffusion, can realize its full potential in
increasing  productivity  while  concurrently
reducing environmental impacts.

Recent advancements in remote sensing

platforms have marked a paradigm shift,
providing high-resolution imagery and real-time
data. These technologies offer unparalleled
insights into crop health, allowing for timely and
precise interventions. Proximal soil sensing
techniques have evolved to provide granular
information about soil properties, enabling
farmers to make informed decisions about
resource allocation. Global navigation satellite
systems (GNSS) have become more
sophisticated, enhancing the accuracy of
location-based data crucial for precision
agriculture operations.

In the realm of variable rate input systems, there
has been a noticeable shift towards more
efficient and precise resource utilization.
Innovations in robotics and automation have led
to the development of autonomous vehicles and
smart machinery capable of executing tasks with
unparalleled precision. The integration of data
analytics has empowered farmers to derive
actionable insights from the vast amounts of
information collected, optimizing decision-making
processes and resource allocation.

Despite these remarkable advancements,
barriers to the widespread adoption of PA persist.
Issues such as initial investment costs, the
complexity of technology integration, and the
need for specialized knowledge pose challenges
for many farmers. Furthermore, concerns related
to data privacy and security, along with the lack
of standardized protocols, hinder seamless
collaboration and data sharing within the
agricultural community.

Looking ahead, addressing these challenges
requires collaborative efforts from stakeholders
across the agricultural value chain. Continued
research and development initiatives, coupled
with  targeted educational programs, can
empower farmers to embrace PA
technologies confidently. Establishing industry-
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wide standards for data sharing and security
can foster a more conducive environment for
the  widespread adoption of  precision
agriculture.

2. REMOTE SENSING PLATFORMS AND
TECHNIQUES

Remote sensing from aerial and satellite
platforms provides invaluable data on crop status
and field variability. A range of mature remote
sensing technologies are already widely used in
PA, such as satellite imagery and multi-spectral
analysis. Meanwhile, newer techniques including
hyperspectral, thermal, and LIiDAR sensing from
unmanned aerial vehicles (UAVS) are expanding
capabilities.

Satellite platforms: High and medium resolution
satellite constellations have expanded
significantly in the past decade. Systems such as
Planet Labs’ Doves, Maxar’s WorldView Legion,
and ESAs Sentinel satellites now provide
regular, timely coverage at 1-5 m resolutions.
Satellite data enables monitoring of crop
development, detection of pest and disease
outbreaks, assessment of water stress, and
measurement of vegetation indices linked to
yield potential [4]. Cloud computing allows
large satellite datasets to be processed
rapidly to inform in-season management
decisions.
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Hyperspectral remote sensing: Hyperspectral
sensors capture hundreds of contiguous spectral
bands, enabling detection of crop stresses and
diseases that may not be visible using RGB or
multispectral data. UAVs equipped with
hyperspectral cameras have expanded scanning
capabilities for individual fields. Applications
include detecting crop nutrient deficiencies,
diseases, and yield-reducing factors like weeds
and soil compaction [5]. Challenges to adoption
include costs, data management, and analytical
complexity.

Thermal sensing: Thermal cameras detect crop
canopy temperatures influenced by
evapotranspiration and plant stress. As water
becomes limited, crops close stomata, reducing
cooling via transpiration and increasing
temperature [6]. UAV thermal sensing enables
high-resolution crop water stress monitoring for
irrigation management. Limitations include
vulnerability to weather conditions and costs
compared to visual/multispectral data.

LiDAR: LIDAR (Light Detection and Ranging)
uses lasers to create detailed 3D representations
of terrain and vegetation structure. LIDAR point
clouds enable precise measurements of plant
height and canopy depth, supporting field
variability mapping and input prescriptions [7].
Drawbacks currently include high costs and
intensive data processing requirements.
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Fig. 1. Remote sensing platforms and techniques
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Table 1. Overview of precision agriculture technology areas, key innovations, benefits/limitations, and future outlooks

PA Area Key Innovations Benefits Limitations Future Outlook
Frequent, timely, high-

Satel_llte remote _Expanded sa_te_lllte constellations, resolution monitoring of crop  Cost, reliance on cloud- Continued growth in constellation size,
sensing Basso et al.,  improved revisit frequency, cloud v di / free | luti d i
[4] computing status, early disease/pest ree imagery resolution, and analytics

detection, yield forecasting
Multispectral, hyperspectral, LIDAR Low-altitude, high-resolution Operational complexity,

Unmanned aerial Improvements in autonomy, extended flight

: sensors; improved battery life, ease monitoring and mapping sensor costs, data . . ;
vehicles Lyle et al.,[7] of use capabilities processing requirements times, integrated analytics
Proximal soil sensing  Apparent EC mapping, rapid Real-time soil data for VRT,  Costs, calibration New rapid in-field nutrient and OM analysis;
Adamchuk et al., [8] nutrient analysis, moisture sensors reduced lab analysis needs requirements improved moisture monitoring
Variable rate input Enhgnced control systems, . Match inputs to intra-field Complexity, compatibility Improved ease-of-use, expanded capabilities
systems Lowenberg-  section/nozzle controls, integra tion L .
variability, avoid waste challenges (e.g. for C, P, K)

DeBoer & Erickson, [3] of prescription maps
Robotics & automation Autonomous tractors, UGVs, fruit  Reduce labor needs; improve Cost, technical maturity, Advances in computer vision, manipulation,
Shamshiri et al., [9] pickers, smart implements efficiency, timeliness unproven ROI decision-making; commercial availability

Enhanced accuracy, uptime
for auto-guidance, mapping,

Positioning systems Dual constellation receivers, SBAS, Signal disruption near  Further improvements in precision and

Ehsani et al., [10] RTK L structures/terrain robustness from new GNSS constellations
navigation
Yield mapping & Improved harvester integration, Identify in-field yield variability Timeliness, accuracy, Better real-time calibration, reporting;
monitoring Lyle et al., calibration techniques factors ease-of-use integration with prescriptions
Soil mapping Corwin & Proximal sensors, EM induction, Detailed soil data for decisions Data intensity, Integration with satellite imagery; improved
Lesch, 7] gamma radiometrics support interpretation complexity interpolation
Crop status monitoring On-plant sensors, computer vision Automated, real-time crop Algorithm development, Improvements in sensor robustness,
Vescovo et al., 11] techniques health monitoring Sensor costs miniaturization, and analytics
Weather monitoring Microclimate data for field- . " Increasing density; improved forecasting
Mills et al., [13] Dense hyperlocal weather networks specific decisions Costs, optimal siting integration
EZ(;';':Q sgfnp;nréez- Data science models, digital Synthesize data for insights, Algorithm transparency, Advances in predictive modeling, reasoning,
ysten advisors, multi-field platforms recommendations actionability and explainability
Cornejo et al., [14]
Data integration Cloud computing, data standards, Aggregate, exchange, Interoperability, security, Open architectures, decentralized networks
platforms Kaloxylos et . . . o
APIs integrate diverse PA data contracts enhancing accessibility

al.,[15]
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3. PROXIMAL SOIL SENSING

While remote sensing provides valuable data on
crops themselves, understanding soil variability
is also critical. Key soil properties like texture,
moisture, and nutrient levels vary across fields.
Proximal soil sensors mounted on equipment or
handheld enable real-time sensing at high
resolutions.

Electrical conductivity:  Electroconductivity
(EC) sensors measure soil salinity and clay
content based on the conductive properties of
soils. EC mapping reveals variability in moisture
holding capacity, cation exchange capacity, and
subsoil compaction [12]. Apparent soil electrical
conductivity (ECa) sensors are commonly
integrated into PA systems.

pH: Soil pH influences nutrient availability and
microbial communities. On-the-go pH sensors
provide cost-effective mapping at finer scales
than traditional soil sampling and lab analysis.
However, accuracy can be affected by soil
moisture, temperature, and buffering capacity [8].

Organic matter content: Soil organic matter
improves nutrient and water holding capacities.
Proximal sensors using visible and near infrared
light spectra show promise for rapid, non-
destructive measurement of organic matter [16].
Calibration for specific soils is essential.

Soil moisture: Real-time soil water content
data at multiple locations enables precise
irrigation management and variable rate
water  applications.  Technologies include
electromagnetic, tensiometric, capacitance, and

2
To Trilaterate, GPS

cosmic ray neutron sensors [17]. Costs currently
constrain adoption.

Nutrients: Emerging techniques for rapid in-field
nutrient analysis include ion-selective electrodes,

optical sensors, and LIBS (laser-induced
breakdown spectroscopy) [18]. These could
enable real-time variable rate nutrient

applications tailored to soil nutrient levels.

4. GLOBAL
SYSTEMS

NAVIGATION SATELLITE

Global navigation satellite systems (GNSS) have
become a core enabling technology for PA.
GNSS provides georeferenced positioning data
that allows input applications and field operations
to be precisely mapped and controlled. GNSS
systems include:

e GPS (US): The ubiquitous Global
Positioning System provides location data
accurate to within 2-5 m. Differential
correction via ground stations or SBAS
(satellite-based augmentation  system)
improves accuracy to 10-30 cm for
agriculture uses.

e GLONASS (Russia): Global Navigation
Satellite System provides  similar
capabilities to GPS. Combined use
improves accuracy and uptime.

e Galileo (EU): Still under development but
will provide increased accuracy down to 20
cm as well as improved reliability.

e BeiDou (China): Global coverage was
achieved in 2020 for China's navigation
system. It provides accuracy comparable
to GPS.

3
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Fig. 2. Global navigation satellite systems
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Continued improvements in accuracy, precision,
and robustness have enabled automated
guidance systems for tractors, harvesters, and
other farm equipment. GNSS also underpins
navigation and control for emerging robotic
systems in agriculture.

5. VARIABLE RATE INPUT SYSTEMS

A core premise of PA is applying inputs such as
fertilizers, pesticides, irrigation at a variable rate
matched to need within fields. This minimizes
waste, maximizes efficiency, and reduces
environmental risks. A range of variable rate (VR)
technologies now exist.

Variable rate planters/seeders: Enable
automated adjustment of seeding rates
across fields based on vyield potential.
Supports uniform emergence and avoids
over/under planting in low/high productivity
zones.

Fertilizer applicators: Allow granular or liquid
fertilizer rates to be continuously adjusted based
on soil nutrient levels measured by proximal
sensors or prescription maps. Avoiding over-
application reduces nutrient loss.

Pesticide sprayers: Spray nozzles can be
individually controlled to vary application rates,
droplet sizes, and mixtures across fields based
on pest levels or risk. Reduces chemical use and
off-target movement.

Irrigation systems: Systems include variable
rate center pivots, lateral moves, and drip
irrigation enabling water application to match soil
moisture data. Improves efficiency and prevents
leaching/runoff.

The success of VR systems depends on
accurate application controllers integrated with
GNSS positioning, application maps, and flow
control mechanisms for individual nozzles or
control valves. Continued developments in this
technology are helping drive PA adoption.

6. ROBOTICS AND AUTOMATION

Agricultural robotics and automation seek to
improve productivity and reduce reliance on
human labor. PA technologies provide essential
navigation, perception, and decision-making
capabilities to enable increasing autonomous
operation. Current categories of agricultural
robots and automation include:

Fig. 3. Agriculture robotics and automation
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Guidance systems: Allow tractors, sprayers,
harvesters and other equipment to steer
themselves along precise paths using GNSS
positioning and computer control of steering.
Reduces overlaps and enables controlled traffic
patterns to minimize soil compaction.

Unmanned aerial vehicles: UAVs equipped with
remote sensing payloads (RGB, multispectral,
hyperspectral, thermal cameras) provide aerial
scouting and data to inform management
decisions.usages include irrigation scheduling,
disease detection, and weed mapping.

Autonomous equipment: Driverless tractors
capable of performing operations like tillage,
planting, mowing, and hauling are in
development and limited commercial availability.
Enabled by advances in computer vision, LIDAR
sensors, and artificial intelligence.

Fruit picking robots: Prototype robotic pickers
for crops like apples, oranges, and strawberries.
Use computer vision, gripper designs, and gentle
handling to harvest without bruising. Could help
address labor shortages.

Weed control robots: Automated weeders
utilizing computer vision, mechanical actuation,
or electrothermal/chemical treatments target only
unwanted plants between crop rows or individual
weeds among crops. Reduces herbicide usage.

While still emerging, agricultural robotics and
automation are expected to become major
drivers of PA adoption and sustainable
intensification. Declining costs and improving
capabilities will enable increased labor efficiency
and reduced environmental impacts.

7. DECISION SUPPORT SYSTEMS

A key barrier to PA adoption has been the
overwhelming amount of data generated by new
technologies and how best to integrate it to guide
decision making. Advanced analytics, artificial

intelligence, and machine learning are
addressing this challenge.
Yield prediction/modeling: Combines

agronomic models with historical yield data,
weather, and soil maps to forecast yield potential
across fields. Supports decisions on planting,
fertilizer, irrigation, and harvest timing.

Crop disease & stress detection: Machine
learning models trained on visual crop images
can identify disease outbreaks, nutrient
deficiencies, drought stress earlier and with
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greater accuracy than human scouts. Enables
rapid mitigation.

Weed detection: Deep learning algorithms
trained on field images can identify locations of
weed infestations for targeted control. Reduces
herbicide usage.

Variable rate prescription tools: Platforms that
integrate and analyze multiple field data layers to
automatically generate application maps for
optimal results. Simplifies adoption of VR
systems.

Chatbots/digital advisors: Provide growers with
personalized recommendations and real-time
answers to questions based on models and field
data analysis. Democratizes access to
agronomic expertise.

PA management platforms: Integrate data
collection, analytics, and visualization into a
single system tailored for decision making.
Continued developments in data standardization
and integration will enhance interoperability.

Future outlooks: longer term weather
forecasting coupled with crop growth models and
climate change projections will support advanced
planning and adaptation.

These tools apply the power of data science to
synthesize diverse field data into actionable
insights. While research continues, commercial
solutions are reaching the market to enhance PA
adoption.

8. BARRIERS TO ADOPTION
FUTURE DIRECTIONS

AND

While great progress continues across PA
technologies, barriers to adoption remain. The
costs of advanced equipment, sensors, and data
analytics still put PA out of reach for many
producers. Even when affordable, utilizing PA
systems to their full potential requires higher
technical skills and management capacity than
conventional approaches. Intimidating complexity
and lack of technical support have slowed
adoption for some operations.

PA systems also produce enormous datasets
that can overwhelm limited internet connectivity
in rural areas. As capabilities advance faster than
hardware infrastructure modernizes on some
farms, data management and movement will
remain  a bottleneck to realizing value.
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Interoperability and data standards need
continued development for different components
of PA systems to work smoothly together.

Sustained research, incentives for adoption,
enhanced technology transfer and training
programs for growers will be critical to
overcoming these barriers. As costs decline,
challenges related to usability must also be
overcome to achieve widespread utilization of PA
tools. Facilitating grower access to service
providers and technical support networks may
help in this regard. Continued advancement in
data systems, analytical techniques, and
decision support tools can reduce complexity.

9. RESULTS AND DISCUSSION
9.1 Results
9.1.1 Remote sensing technologies

The paper highlights several promising remote
sensing technologies that are gaining traction in
precision agriculture, including hyperspectral
imaging, thermal imaging, and LiDAR (light
detection and ranging) [19].

Hyperspectral imaging produces images with
hundreds of spectral bands, enabling detection of
subtle changes in leaf chemical composition that
can indicate crop stress (Mahlein et al., 2012).
Research reviewed in Smith et al. [19]
demonstrated 10-20% improvements in nitrogen
use efficiency from hyperspectral imaging-guided
fertilizer applications across multiple crop trials.

Thermal imaging measures canopy temperature
as an indicator of crop water status and has been
used to map spatial variations in water needs
across fields (Gonzalez-Dugo et al.,, 2012)[6].
Variations in canopy temperature as small as 1-2
degrees Celsius can signify water stress [19].

LiDAR uses pulses of laser light to generate
detailed 3D maps of fields and crops. LIDAR
provides highly accurate measurements of plant
height and ground contours for precision
applications [20].

These remote sensing technologies provide high-
resolution crop health and development data at
the whole field scale [19].

9.1.2 Unmanned aerial systems

Unmanned aerial systems (UAS), also known as
drones, are emerging as vital tools for precision
agriculture remote sensing and field treatment.
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UAS equipped with remote sensing payloads like
multispectral, hyperspectral or thermal cameras
can survey crop status across entire fields in
minutes. Smith et al. [19] summarize multiple
studies where regular UAS crop monitoring led to
47% savings in nitrogen fertilizer in wheat and
increased early disease detection by several
days compared to ground-based scouting.
Beyond sensors, UAS can carry seeders,
sprayers or pollinators to enable precise aerial
field treatment and data collection [21]. The
flexibility, low costs, and ease of deployment
make UAS ideal for on-demand crop monitoring
and interventions [19].

9.1.3 Robotics and automation

Advanced agricultural robots and automation
tools can transform crop production by taking
over slow, tedious, or hazardous tasks. Smith et
al. [19] highlight robotic weeders that utilize
computer vision to automatically distinguish
crops from weeds. In several studies, these
automated weeders achieved weed removal
rates exceeding 95% [22,23].

Other examples include under-canopy farm
robots capable of identifying ripe fruits through
machine vision and gently picking them (Bac et
al.,, 2017)[24]. In vineyards, automated shoot-
thinning robots were able to prune vines faster
and more consistently than expert human
operators [25]. The paper also describes
automated transplanters that can transplant
seedlings with under 3% error rates at high
speeds, supporting more efficient crop
establishment [26].

By automating labor-intensive tasks like weeding
and harvesting, agricultural robotics and
automation can boost farm productivity and
efficiency [19].

9.1.4 1oT and Al-Based decision support
systems

The proliferation of low-cost 10T sensors coupled
with big data analytics and Al models enables
advanced decision support systems for precision
agriculture. Smith et al. [19] summarize multiple
studies where Al systems detected disease
outbreaks days before human experts by
analyzing moisture sensor data and leaf images
for early indicators. AutoML techniques have
been used to rapidly develop specialized Al
models for specific crops and diseases from
sensor and image data [27].
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loT soil sensors that continuously monitor
moisture, nutrient levels and temperature can
optimize irrigation, fertilization and other field
interventions [28]. Al systems can integrate data
streams from aerial imagery, ground sensors and
weather forecasts to generate prescription maps
for variable rate irrigation, fertilizers and
pesticides tailored to micro-conditions across
fields [29].

As loT and Al continue progressing, real-time
decision support systems for adaptive precision
agriculture management are becoming reality
[19].

9.2 Discussion

The crop production technologies reviewed
demonstrate the ongoing digital transformation
and automation of agriculture through precision
techniques. Precision agriculture appears primed
to convert traditional industrial broad-acre
farming into  data-driven, tunable, and
sustainable crop production systems.

However, there remain substantial challenges to
mainstream adoption of precision agriculture.
Many emerging remote sensing and field robotics
technologies are still too costly and complex for
widespread utilization [19]. Effective integration
and analysis of the enormous data streams from
sensors, robots, and UAS to enhance real-time
decision making is another key obstacle. User-
friendly analytics dashboards that provide
actionable recommendations are needed [29] .

Standardization of data formats, connectivity
protocols and cybersecurity measures will be
essential as precision agriculture becomes
increasingly dependent on digital technologies
[19]. Collaboration between technologists,
farmers, regulators and other stakeholders is
critical for responsible development of new
precision agriculture technologies.

Although the reviewed technologies demonstrate
potential for optimizing inputs and maximizing
yields, their long-term impacts on soil health,
biodiversity, and environment require further
assessment. More research is needed to develop
precision techniques that holistically enhance
ecosystems and agriculture [30].

Training programs for educating farmers on
rapidly advancing precision technologies will be
crucial for driving adoption. As innovations like
robots, Al and UAS become more prevalent, lack
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of technological literacy could become a major
barrier for implementation [14]. Public and private
initiatives to build growers’ technical skills and
provide support infrastructure around new
precision tools will be key for realization of
benefits [19].

10. CONCLUSION

In conclusion, precision agriculture encompasses
an increasingly powerful set of technologies to
optimize crop production while minimizing
environmental harms. Recent advances in
remote and proximal sensing, variable rate
systems, robotics, positioning systems and data
science have significantly expanded capabilities
and reduced costs. PA adoption has grown
steadily as a result, but has a long runway for
broader uptake and utilization. Realizing PA’s full

potential will require sustained research,
incentives for adoption, enhanced training
programs for growers, and greater support

services. If these needs are met, PA systems
could become mainstream within commercial
agriculture globally over the next decade, helping
meet rising food demand sustainably. The
coming waves of innovation across the PA
landscape promise to usher in a new era of data-
driven, digitized, localized crop management.
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