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Abstract

The increasing deployment of Internet of Things (IoT) sensors in precision agriculture
has created critical challenges related to wireless communication range, energy efficiency,
and data transmission latency, particularly in large-scale rural operations. This systematic
survey, conducted following the PRISMA 2020 guidelines, investigates how drones, acting
as mobile data collectors and communication gateways, can enhance the performance of
agricultural wireless sensor networks (WSNs). The literature search was carried out in the
Scopus and IEEE Xplore databases, considering peer-reviewed studies published in English
between 2014 and 2025. After duplicate removal, 985 unique articles were screened based
on predefined inclusion and exclusion criteria related to relevance, agricultural application,
and communication technologies. Following full-text evaluation, 64 studies were included
in this review. The survey analyzes how drones can be efficiently integrated with WSNs to
improve data collection, addressing technical and operational challenges such as energy
constraints, communication range limitations, propagation losses, and data latency. It
further examines the primary applications of drone-based data acquisition supporting
efficiency and sustainability in agriculture, identifies the most relevant wireless communi-
cation protocols and Technologies and discusses their trade-offs and suitability. Finally, it
considers how drone-assisted data collection contributes to improved prediction models
and real-time analytics in digital agriculture. The findings reveal persistent challenges
in energy management, coverage optimization, and system scalability, but also highlight
opportunities for hybrid architectures and the use of intelligent reflecting surfaces (IRSs) to
improve connectivity. This work provides a structured overview of current research and
future directions in drone-assisted agricultural communication systems.

Keywords: wireless sensor network; WSN; drones; UAV; agriculture

1. Introduction
Agriculture faces unprecedented challenges in the 21st century, including the need to

feed a growing global population while dealing with diminishing natural resources, labor
shortages, and the increasing impacts of climate change [1]. Precision Agriculture (PA) has
emerged as a key strategy to address these issues by leveraging advanced technologies to
optimize resource use, reduce environmental impact, and maximize productivity [2]. PA
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relies on tailoring inputs, such as water, fertilizers, and pesticides, to the specific needs of
crops, improving both efficiency and sustainability.

Agricultural digitalization increasingly depends on IoT-enabled sensing and connec-
tivity layers to move data from distributed nodes to cloud services. Recent IoT studies
conducted in smart environments, although outside the agricultural domain, reinforce the
value of cloud-integrated sensor supervision, closed-loop control, low-power designs, and
secure real-time data exchange for systems with constrained edge electronics [3–5]. These
works highlight common IoT benefits, such as remote monitoring, low-cost sensing, battery
endurance validation, and secure TLS-protected communication, that inform general design
considerations when UAVs are used as mobile data sinks for wireless sensor offloading.

Building on this IoT foundation, technologies such as remote sensing, IoT-enabled
sensors, and Variable Rate Technology (VRT) provide farmers with critical information
to support data-driven decision-making [6]. In this context, drones, or unmanned aerial
vehicles (UAVs), have gained significant traction as a versatile tool due to their ability to
rapidly collect high-resolution data over large areas. Their flexibility in payload capacity
and autonomous operation makes them highly valuable in agricultural monitoring tasks.

Although drones are widely used for applications such as crop monitoring, irrigation
management, field mapping, and pest detection [7], a growing body of research highlights
their broader potential when integrated with wireless sensor networks (WSNs). Acting as
mobile gateways, drones can collect data from ground-based IoT devices and transmit it
to central servers, overcoming common limitations such as poor communication infras-
tructure, restricted coverage, and energy constraints in remote agricultural areas [8]. This
mobile data acquisition not only increases the efficiency and scalability of sensor networks
but also enables more timely responses to field conditions.

To guide this investigation, the survey is structured around five central research ques-
tions: (1) how can drones be effectively integrated with WSNs for reliable data acquisition;
(2) what are the main technical and operational challenges in this integration; (3) what are
the primary applications where drone-assisted data collection improves efficiency and sus-
tainability; (4) which wireless communication protocols and technologies are most relevant
for this context; and (5) how can drone-based data collection support better prediction
models and real-time analytics in digital agriculture. These questions form the basis for
examining current approaches, identifying critical gaps, and mapping technological trends
in the field.

Although several surveys have examined UAV-assisted data collection and collab-
orative WSN–UAV architectures from a broad IoT perspective, including channel mod-
eling, clustering, energy constraints, and trajectory planning, their treatment is largely
horizontal across multiple domains and applications [9–11]. While these works provide
invaluable foundations in UAV–IoT system design and data collection taxonomies, few
studies isolate UAVs as mobile sink nodes specifically for wireless sensor offloading in
agriculture, particularly under the compounded constraints of vegetation-obstructed links
and infrastructure-limited rural farms.

This survey positions itself in this narrower communication-assistance layer by eval-
uating how UAV-enabled mobility can enhance WSN/IoT data retrieval performance
in agricultural environments, emphasizing coverage, energy-aware offloading, and re-
sponsiveness. In doing so, we explicitly structure our analysis around targeted research
questions, distinguishing foundational insights already covered in prior surveys from gaps
that remain open in agricultural WSN data collection, especially regarding communication-
ready architectures and their implications for ML-ready analytics pipelines, regulatory
compliance, and scalability for small- and mid-sized farms.
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2. Background
Precision Agriculture refers to the use of spatially-aware instrumentation and input-

prescription strategies to optimize farming by tailoring resources such as water, fertilizers,
and pesticides to localized crop needs [2]. In the digitalization continuum, however, Digital
Agriculture (DA) encompasses a broader technological scope, including distributed IoT
sensing, cloud connectivity, AI-driven analytics, and large-scale data management to
modernize agricultural operations beyond per-plant prescription alone. Smart Agriculture
(SA) emerges at the convergence of DA and real-time, interconnected sensing-to-actuation
feedback loops, enabling automation, remote supervision, and continuous closed-loop
decision cycles [12].

Within these layered definitions, UAVs contribute not only to the core PA sensing
stack, but also to the communication-assistance ambitions of DA and SA. The integration
of drones into PA represents an evolution of these technologies, allowing faster data
collection, real-time insights, and the ability to monitor large areas efficiently [13]. Drones
are versatile tools due to their ability to carry various payloads, from lightweight sensors
to heavier equipment [14]. Their payload capacity directly influences the scope of their
applications, providing flexibility to adapt to specific farming needs. For example, heavier
payloads support the use of sprayers in high-intensity tasks, enabling efficient application
of pesticides and fertilizers in extensive fields.

Drones also vary in their levels of autonomy, ranging from manually piloted systems
that require direct operator control to fully autonomous drones capable of executing pre-
programmed flights with minimal human intervention beyond the visual line of sight [15].
This autonomy enables efficient operations on large-scale farms, while reducing labor costs
and human error. Furthermore, drones can integrate a wide array of sensors, including
RGB cameras for high-resolution imagery, multispectral and hyperspectral sensors for
vegetation analysis, LiDAR for 3D mapping, and thermal imaging for detecting water
stress and temperature variations [16].

One of the most impactful applications of drones is soil and crop monitoring, where
they deliver granular data that guide critical decisions such as irrigation planning, nutrient
application, and pest control. Equipped with sensors capable of capturing multispectral and
thermal data, drones can identify variations in soil moisture [17], nutrient deficiencies [18],
and early signs of pest infestations or disease [19]. These insights allow farmers to inter-
vene with precision, targeting specific areas of the field rather than applying treatments
uniformly, thereby reducing resource waste and minimizing environmental impact. For
example, in vineyards, multispectral sensors have been used to detect early vine stress,
allowing targeted irrigation and ensuring optimal grape quality [20].

In addition to monitoring, drones are extensively used for field mapping, enabling
high-resolution mapping of farm areas to support planning and yield estimation [21]. These
maps provide detailed information on the characteristics of the terrain, crop distribution,
and health, allowing farmers to optimize planting patterns and field layouts. Yield esti-
mation is further enhanced by combining aerial imagery with advanced analytics, helping
farmers predict harvest outcomes and plan logistics efficiently [22]. Field mapping also
helps in detecting problematic areas, such as sections that have waterlogged or eroded,
ensuring timely corrective measures [23].

Beyond crop management, livestock health monitoring represents a promising area
for drones. Current applications for monitoring animal health typically involve wearable
sensors that track metrics such as location, activity, and physiological signals directly on
the animals [24]. Imaging technologies, such as thermal and high-resolution cameras,
are also used to assess animal health by detecting signs of stress, illness, or injury [25].
Drones have the potential to enhance these practices by acting as aerial platforms for
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noninvasive monitoring. Equipped with imaging sensors, drones could survey herds in
large areas, identifying health anomalies and tracking movement patterns with minimal
human intervention. Additionally, they could gather environmental data around grazing
areas, such as vegetation health or water quality.

The use of drone-mounted sensors has significantly advanced data collection method-
ologies in PA, enabling a wide range of applications. For example, optical sensors facilitate
detailed monitoring of crop health by calculating vegetation indices, such as the Normalized
Difference Vegetation Index (NDVI) [26]. Similarly, thermal sensors can detect water stress
and temperature anomalies within fields, identifying over- or underirrigated zones, and sup-
porting targeted irrigation practices that conserve water [27]. For more precise terrain analysis,
Light Detection and Ranging (LiDAR) technology provides high-resolution 3D terrain maps,
helping to estimate biomass, slope analysis, and identify drainage patterns [28].

In addition to environmental detection, drones equipped with communication sensors
act as mobile data relays, seamlessly interacting with ground-based IoT systems [29]. These
sensors gather data from distributed ground nodes, such as soil moisture and nutrient
content monitors, and relay this information in real time to central analytics platforms. This
integration reduces data latency and ensures up-to-date information, which is essential for
data-driven decision-making in precision agriculture.

3. Methodology and Selected Articles
This systematic survey was conducted in accordance with the main principles of the

PRISMA 2020 statement [30,31], aiming to ensure transparency and reproducibility in
the review process. Although not all checklist items are fully applicable to the present
study, the methodology followed the PRISMA framework (in the Supplementary Materials)
for literature identification, screening, eligibility assessment, and inclusion. The review
protocol was not registered in any public repository.

3.1. Research Questions

The contribution of this work was to find the studies already published on the use
of drones for data collection through wireless networks in agriculture, where it is clear to
identify how these technologies have been incorporated and what were some setbacks in
their implementation. Therefore, we constructed the questions in such a context as follows:

RQ1 How can drones be efficiently integrated with wireless sensor networks to enhance
data collection in agricultural environments?

RQ2 What are the main technical and operational challenges related to the use of drones in
the acquisition of large-scale agricultural data?

RQ3 What are the primary UAV-enabled sensing applications in PA and how have these
technologies contributed to improving efficiency and sustainability?

RQ4 What are the most important wireless protocols and technologies in integrating drones
with agricultural networks?

RQ5 How can drone-based data collection help to better prediction models and real-time
analytics in digital agriculture?

The integration of drones into WSNs represents a critical opportunity to enhance data
acquisition in agriculture. An UAV can play the role of a mobile node that would com-
plement a stationary sensor network with dynamic and on-demand monitoring. The first
question (RQ1) explores how UAVs can be effectively integrated into WSN-based systems,
optimizing data retrieval from dispersed sensors, and overcoming the spatial limitations
of traditional networks. The goal is to find relevant studies that analyze synchronization,
energy efficiency, and communication protocols that enable seamless collaboration between
UAVs and WSNs.
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Although drones hold immense promise and possibilities to improve data collection
in agriculture, their wide-scale deployment also introduces a variety of technical and
operational challenges. RQ2 refers to issues such as limited battery life, which constrains
flight time; challenges related to real-time data transmission; and/or requirements for
robust communication infrastructures in rural areas. It will also take into account the
influence of environmental factors on drone performance, such as weather conditions.

Drones have become the ultimate implement in PA, from monitoring crops to detecting
pests and irrigation management. The third question, RQ3, investigates the contribution
drones have made to bring efficiency, productivity, and sustainability to farm operations.

Another aspect of drone integration into agricultural systems is the choice of wireless
communication technologies. Basically, RQ4 focuses on the identification of key proto-
cols suitable for use in agricultural settings. Each technology offers different advantages
depending on factors such as range, power consumption, and data transmission rates.

Finally, the use of drone-collected data to improve prediction models and real-time
analysis in digital agriculture is a new research focus. The question RQ5 examines how
the integration of UAVs can further enable data-driven decision-making through machine
learning models that predict crop yield, detect diseases, and optimize farming operations.

3.2. String Search

The process of constructing a robust search string for identifying relevant research
begins with a simplified version to perform the search in SCOPUS. SCOPUS is a widely
used academic database that indexes thousands of scholarly journals, books, and conference
proceedings. This initial string focuses on the core concepts, providing a broad foundation
for exploration. In this case, the initial search string included at least one key term related to
unmanned aerial vehicles, wireless networks, and agriculture: (“unmanned aerial vehicle”
OR UAV OR drone OR “aerial vehicle”) AND (“data collection” OR “data acquisition”)
AND (“wireless networks” OR WSN) AND (agriculture OR “precision farming”). Using
this string in a preliminary search allowed us to gather articles from which additional
keywords could be identified.

To further refine the search, we expanded the string by analyzing keyword relation-
ships, using a word cloud (see Figure 1). In this image, the size of each node is proportional
to the frequency of a keyword, while the strength of the connections between nodes reflects
how often the terms co-occur. Larger nodes such as the “Internet of Things” and “crops”
reveal important concepts in the literature. This insight informed the final, comprehensive
search string: (“unmanned aerial vehicle” OR uav OR drone OR “aerial vehicle”) AND
(“wireless sensor networks” OR wsn OR “wireless networks” OR “sensor networks” OR
“communication systems” OR “internet of things” OR iot) AND (agriculture OR “digital
agriculture” OR “precision agriculture” OR “precision farming” OR crops).

The search was restricted to articles published in English that focus on the fields of
computing, engineering, agriculture, and mathematics. When the search string was applied
to the Scopus database, it yielded 419 results from 2014 to 2025. The same search was con-
ducted in the IEEE Xplore database, yielding 721 results. After filtering out duplicate entries
between the two databases, a total of 985 unique articles remained for further analysis.
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Figure 1. Word cloud of keywords.

3.3. Articles Selection

Studies were included if they addressed the use of drones or UAVs for data acquisition
in agriculture and explicitly described wireless communication or network integration
aspects. Exclusion criteria were established to ensure that only the most relevant and
impactful studies were included in the final analysis. After collecting articles from Scopus
and IEEE Xplore, each article was reviewed to determine its suitability based on its content,
citations, and relevance to the research focus. The following exclusion criteria were applied:

• Survey: Broad surveys or reviews, since the focus was on original research or new
technological developments.

• Unrelated: Papers that were not directly related to the integration of UAVs, data
collection, wireless networks, and agriculture.

• Outdated: Articles that were no longer relevant as a newer advance in the field.
• Without Citations: Articles recent without citations.
• Irrelevant Application: Studies focused on UAV applications in industries outside of

agriculture or environmental monitoring.

The inclusion of the article in this review was guided by a systematic methodology to
help ensure that relevant and high-quality studies are included. After removing duplicates,
a total of 985 articles were found according to the established search string. Subsequently,
these were classified as title and abstract with respect to the inclusion and exclusion criteria
described above. This step reduced the items to 103 articles that were sufficient to encourage
further examination. Two independent reviewers performed the screening of titles and
abstracts, and disagreements were resolved through consensus.

In the second step, 103 articles were fully evaluated for their relevance to the research
questions that guide this review. During this full-text assessment, each study was analyzed
in terms of its objectives, methodology, and the extent to which it addressed at least one of
the predefined research questions. Thirty-nine articles were excluded at this stage for one or
more of the following reasons: (i) agriculture was used only as a motivating example rather
than the main research focus, (ii) the study concentrated exclusively on trajectory planning
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without addressing communication or data acquisition aspects, or (iii) the article did not
provide information relevant to any of the defined research questions. The remaining
64 studies were included in the final analysis.

Figure 2 illustrates the selection process as a funnel, showing the progressive nar-
rowing of the articles at each stage of evaluation. For each included study, information
was extracted to determine which of the five research questions it addressed. No formal
risk of bias or heterogeneity assessment was conducted, as the objective of this work
was to perform a qualitative synthesis rather than a quantitative meta-analysis. Conse-
quently, no statistical aggregation or effect measures were applied. Instead, the results
were analyzed narratively and organized thematically according to the research questions.
These 64 studies constitute the foundation of this survey and are further discussed in the
following sections.

Figure 2. PRISMA 2020 flow diagram illustrating the study selection process.

4. Discussion
4.1. RQ1: How Can Drones Be Efficiently Integrated with Wireless Sensor Networks to Enhance
Data Collection in Agricultural Environments?

The integration of UAVs with WSNs presents a transformative opportunity to improve
data collection in agricultural environments. Traditional methods of monitoring agricultural
fields often rely on stationary sensor nodes that can face limitations in spatial coverage and
adaptability. UAVs, which serve as mobile gateways, overcome these challenges by enabling
dynamic real-time data collection from dispersed ground sensors. For example, a drone-
mounted gateway can efficiently retrieve data from ground sensor nodes, significantly
extending the spatial range and responsiveness of WSN-based systems [32]. Moreover,
UAVs not only collect data but can also act as intermediaries, parsing and converting data
formats and transmitting preprocessed information from the field to cloud-based database
servers for advanced processing [33]. Similar gateway-based architectures have also been
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proposed for remote smart farming, where ground LoRa sensor nodes opportunistically
offload data to a fixed-wing UAV, which then relays the collected information to the Internet
via satellite backhaul [34].

From a systems and connectivity viewpoint, this UAV–WSN collaboration extends
existing IoT sensing pipelines by introducing aerial gateways and opportunistic data sinks
that mitigate infrastructure scarcity in rural farms. The growing adoption of IoT, WSNs,
and drones contributes significantly to the development of PA, which aims to improve
productivity and sustainability [35]. PA employs advanced technologies to optimize farm-
ing practices, such as minimizing excessive fertilizer use and water consumption through
intelligent monitoring systems [29]. UAV-based sensing systems, when combined with
automated path planning strategies, enable a transition from static and manual agricultural
operations to dynamic and intelligent data collection processes, reducing the need for
specialized human intervention while improving operational efficiency [36].

Data collection in UAV-assisted WSNs can be organized according to different archi-
tectural patterns, depending on the spatial distribution of nodes and the constraints of the
agricultural environment. In some configurations, sensor nodes transmit data directly to
the UAV, while in others clustered topologies are implemented, where one node aggregates
data from neighboring nodes before forwarding it to the UAV. Clustered topologies have
been shown to outperform flat topologies in terms of energy consumption and network life-
time, highlighting the importance of topology design in maximizing network efficiency [37].
In smart irrigation scenarios [38], for instance, energy-aware clustering combined with a
UAV acting as a mobile sink enables the drone to visit only cluster heads, reducing both
flight time and radio overhead while simultaneously supporting wireless power trans-
fer to critical nodes. In rural LoRa-based deployments, fixed-wing UAVs equipped with
LoRa gateways can follow trajectories derived from the spatial distribution of nodes and
coordinate scheduled transmissions during short visibility windows [39], ensuring reliable
offloading from battery-constrained ground sensors. At the physical layer, antenna designs
featuring multi-lobe radiation patterns allow a single UAV to communicate in parallel with
several sensor towers, further improving the efficiency of drone-assisted data collection in
dense vertical farming layouts [40].

UAVs can serve multiple roles in these systems, including acting as temporary storage
units or even processing data on-site before relaying it to a central controller. For example,
a UAV collects sensor data during an initial phase and sends it to a base station, which
then determines the most efficient processing location based on response time and resource
availability [41]. In advanced implementations, multiple UAVs collaborate to extend WSN
coverage to large areas, enabling real-time data transfer and ensuring reliable commu-
nication between UAVs and sensor nodes through open standards such as O-RAN [42].
Multi-UAV architectures have also been explored for large-scale farming operations [43],
where fleets of drones coordinate with agricultural machines over Wi-Fi-based local net-
works to support precise positioning and data exchange. Beyond local and multi-UAV
coordination, UAV-assisted relaying based on MISO-NOMA and SWIPT has been shown
to effectively connect cell-edge agricultural sensor nodes to terrestrial base stations while
improving outage performance and energy efficiency [44].

In agricultural WSNs, UAVs contribute not only to data collection but also to improv-
ing the energy efficiency of ground sensor nodes. One approach involves drones equipped
with directive radio wave transmitters that wake up sensor nodes only when data collection
is required, significantly reducing idle energy consumption. This method ensures efficient
operation, with a maximum activation range of approximately 20 m [45]. In addition, UAVs
can serve as charging platforms for sensor nodes, extending their operational lifetime. By
following optimized flight paths, drones can maximize the efficiency of recharging ground
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sensors while simultaneously collecting data, creating a dual-purpose system that improves
the overall sustainability of the network [46].

Beyond network-level integration, some agricultural systems combine UAV multi-
spectral imagery with environmental measurements from IoT nodes only at the data and
model layers. In these cases, both sources act as complementary inputs to hybrid learning
architectures for crop disease classification, without explicitly optimizing the underlying
WSN–UAV data collection and communication stack [47]. This type of model-centric in-
tegration further illustrates that UAV-assisted data acquisition may occur across multiple
IoT abstraction layers, from physical and network mobility to downstream data fusion and
ML-ready analytics pipelines, as explored in greater depth in RQ5.

The integration of drones and WSNs offers a wide range of possibilities, some of which
do not even require additional hardware on the UAV. For example, existing drone cameras,
originally intended for navigation, can be repurposed to read LED signals from ground
sensors, eliminating the need for additional equipment [48]. Pre-deployment testing is
essential to ensure the feasibility and effectiveness of these integration methods. This can
be achieved through simulated environments or testbeds. For example, some studies have
developed simulators with software-defined radios (SDR) to emulate various wireless
networks, allowing researchers to evaluate UAV-assisted WSN systems prior to real-world
implementation [49].

Overall, the literature analyzed in RQ1 indicates that, despite the diversity of wireless
protocols, network topologies, and system-level optimizations proposed for UAV-WSN inte-
gration, most solutions converge toward one of three fundamental architectural paradigms.
These paradigms are summarized in Figure 3, which synthesizes how UAVs can be effi-
ciently integrated into agricultural wireless sensor networks to enhance data collection
under different operational constraints.

(a) (b) (c)

Figure 3. Schematic representation of three main UAV-WSN integration architectures in digital
agriculture: (a) UAV as Data Mule using a store-and-forward mechanism for periodic data collection,
(b) UAV as Real-time Gateway providing continuous connectivity between ground sensors and
network infrastructure, and (c) UAV-aided Wireless Power Transfer enabling simultaneous wireless
charging and data collection from energy-constrained sensor nodes.

In the first architecture, UAVs operate as data mules, periodically visiting ground
sensor nodes to collect data through a store-and-forward mechanism. This approach
prioritizes energy efficiency at the sensor level and is particularly suitable for delay-tolerant
applications. The second paradigm treats the UAV as a real-time gateway, where the drone
acts as an aerial relay that maintains continuous or near-real-time communication between
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ground sensors and terrestrial or satellite infrastructure, enabling low-latency data delivery.
The third architecture extends UAV functionality beyond communication by enabling
UAV-aided wireless power transfer, where drones not only collect data but also recharge
energy-constrained sensor nodes during flight operations.

4.2. RQ2: What Are the Main Technical and Operational Challenges Related to the Use of Drones
in the Acquisition of Large-Scale Agricultural Data?

One of the most significant challenges in large-scale agricultural data collection using
drones is energy consumption, which impacts both ground sensor nodes (SNs) and the
UAV itself. Sensor nodes in wireless networks face severe battery limitations, especially
when deployed in large farm areas. Continuous data collection can be particularly chal-
lenging due to the high energy demands of nodes, compounded by the need for numerous
intermediate nodes in vast fields, increasing installation and operational costs [50,51]. To
address this, cluster-based data collection schemes have been proposed, in which a single
node aggregates data from surrounding sensors, reducing overall energy consumption and
extending the operating lifetime of the network [51]. However, the adoption of advanced
technologies such as 5G introduces additional challenges, as the sustainability of these
systems becomes increasingly dependent on efficient energy management and lifetime
optimization of sensor nodes, rather than on raw data throughput alone [46].

UAV battery endurance is also a fundamental operational constraint. Agricultural
missions require long trajectories for sensing and data offloading, while propulsion, on-
board processing, radios, and GNSS modules compete for a limited energy budget. Battery
performance is additionally influenced by outdoor agricultural conditions, as temperature
and humidity, leading to nonlinear discharge behavior that reduces effective flight time
and sensing radius over very large fields. These environmental sensitivities compound
inefficiencies in mission computation and resource utilization [32,42].

One potential approach to address the energy limitations of SNs in drone-assisted
agricultural monitoring is the wireless transmission of power directly from the UAV to the
ground sensors. This strategy can significantly extend the operational lifespan of sensor
networks by enabling nodes to recharge without requiring physical maintenance or battery
replacement. UAVs equipped with energy transfer capabilities can transmit power while
flying or hovering and simultaneously collect data from sensors [52]. However, the use
of UAVs for energy transmission introduces new challenges. Energy transfer is typically
effective only for sensors within close proximity to the UAV, which limits range and requires
strategic flight planning to ensure that all nodes receive sufficient power [52]. Furthermore,
the efficiency of energy transfer can be affected by environmental factors, energy dissipation,
and interference, which can reduce the overall reliability of the system [53].

As UAV missions expand to cover larger agricultural areas, communication reliability
becomes increasingly constrained by scale-sensitive propagation effects. One major factor
is the UAV’s altitude, which must be carefully balanced to optimize signal strength and
coverage. For example, studies have shown that the effective transmission range of IEEE
802.15.4 devices is greatly reduced by aerial mobility, limiting it to approximately one-
third of its nominal range [54]. An optimal flight altitude for data collection has been
identified between 150 and 250 feet, as lower altitudes may exacerbate signal attenuation
due to obstacles such as vegetation, while higher altitudes increase the likelihood of signal
dispersion [55].

The propagation of signals is further complicated by the dynamic nature of agricultural
landscapes. Growing crops can alter attenuation characteristics over time, while obstacles
such as trees and farm structures may completely block communication [56,57]. Even when
data are collected from buried sensors, the optimal distance between the UAV and the
sensors may not always correspond to the lowest possible altitude. Other factors, such as
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soil properties and vegetation density, can influence signal quality [58]. Complementary
evidence from LPWAN agricultural studies also shows that fading in rural environments,
driven by dense vegetation, irregular topography, and unpredictable weather, remains
a primary bottleneck for large-scale IoT deployments, where packet loss rates increase
sharply under Rician fading. Such works demonstrate that even long-range links suf-
fer unreliability in real farms unless improved with physical-layer techniques, such as
Reed–Solomon coding and rotating polarization waves, designed specifically to counter
agricultural fading [59].

Radio propagation reliability itself degrades as farms grow in size, due to outdoor
channel effects that are unique to real agricultural environments. Large-area drone missions
experience dynamic fading induced by irregular terrain elevation and vegetation profiles,
which are often statistically Rician in open fields. Even moderate crop segments (20 m)
can impose more than 9 dB of additional attenuation, and individual vertical scatters
such as trunks may introduce losses approaching 5.05 dB [54,60]. Classical free-space or
urban-derived path loss models systematically fail to estimate these effects, motivating
UAV-assisted agricultural channel modeling frameworks that explicitly capture terrain non-
planarity and time-evolving vegetation fading behavior, improving reliability predictions
for large-scale flights [61].

The same 3D spatial effects that degrade sensing coverage also increase mission latency
and energy draw at the UAV side. Antenna orientation misalignment between the UAV and
ground SNs causes severe link degradation, requiring tight 3D attitude and position control
during long, high-coverage routes [55]. When sensing must be acquired from multiple
distributed towers or dense sensor fixtures at scale, sequential directional beam steering
further increases link latency, spectrum contention, and battery drain.

Physical-layer antenna solutions such as quad-lobe dielectric resonator antennas alleviate
part of this burden by enabling simultaneous multi-tower access without replicating RF
chains, reducing payload energy overhead in ultra-dense agricultural sensing missions. These
methods also provide improved humidity and rain robustness, which is critical as missions
scale to very large agricultural regions with seasonal variations [40]. For distant or shadow-
prone sensors at the cell or farm edge, UAVs operating as radio relays still face strict spectrum
and harvested-energy coexistence constraints, requiring advanced PHY strategies such as
MISO-NOMA, SWIPT, and TAS (Transmit Antenna Selection) for maintaining reliability in
intermittent coverage regions during large-scale data offloading [44,56].

Beyond physical-layer limitations, large-scale deployments are also influenced by
operational and infrastructural factors intrinsic to rural environments. Navigation reliability
and communication backhaul quality directly affect flight repeatability and data consistency.
In extensive agricultural fields, GNSS precision drift, sensor activation scheduling, and
unstable terrestrial backhaul links are common challenges, motivating the use of UAV-
assisted architectures with optimized path planning and coordinated data collection to
improve positioning accuracy, data freshness, and operational robustness [43,62].

The timeliness of information collected by drones can be another challenge in PA.
Synchronizing the drone’s route and passage time with the activation period of ground
SNs is essential to optimize operations. For example, an optimization algorithm proposed
in one study successfully reduces flight time while maximizing the life span of the sensor
node, validated through a custom drone simulator [41]. Despite various approaches to
data gathering, there is often a trade-off between focusing on collection speed or energy
efficiency, without a balanced solution. A proposed method addresses this gap, ensuring
a balance between these challenges [63]. Although direct line-of-sight data collection by
drones is generally advantageous, ensuring reliable data delivery to the infrastructure
remains challenging in large-scale agricultural scenarios. To address this issue, UAV-
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mounted intelligent reflecting surfaces have been proposed to enhance the wireless channel
and improve transmission reliability between drones and base stations [64]. In addition,
reducing the interval between collections is crucial to prevent the processing of outdated
data [65].

Large-scale UAV data acquisition in agriculture is therefore limited by a compound set
of physical and operational constraints. While drones bring mobility and reach, real farms
impose harsh energy budgets, time-variant fading, 3D antenna alignment penalties, rural
GNSS inaccuracy, and fragile backhaul, all of which directly restrict coverage consistency,
payload complexity, channel robustness, and the timeliness of sensed information.

4.3. RQ3: What Are the Primary UAV-Enabled Sensing Applications in PA and How Have These
Technologies Contributed to Improving Efficiency and Sustainability?

Drones have become assets in PA, driving gains in efficiency and environmental sus-
tainability. Their applications extend beyond crop monitoring to include environmental
pollution assessment and control [66]. In practical PA deployments, UAV-enabled sensing
allows continuous monitoring of soil and environmental conditions across extensive crop ar-
eas, supporting more efficient resource use and reducing maintenance and energy demands
compared to fully ground-based sensing infrastructures [67]. Careful UAV flight path
planning further ensures data timeliness, which is especially critical for applications such
as pest and disease detection, where outdated information could lead to the misapplication
of pesticides, further stressing the environment [47,65].

Drones can also support sustainable practices by optimizing the application of pesti-
cides, fertilizers, and seeds. This capability extends to taking soil samples, which reduces
the need for more invasive and resource-intensive methods [68]. Through such targeted
interventions, drones help reduce chemical usage, conserve water, and reduce the carbon
footprint of farming activities.

To further enhance productivity, drones support soil diagnostics and irrigation plan-
ning with a strong emphasis on spatial soil moisture awareness. Modern irrigation strate-
gies rely on precise soil moisture data, and UAVs can efficiently harvest these measurements
through coordination with in-field ground sensor nodes [69]. For instance, UAV-assisted
data collection has been employed in sugarcane fields to infer fine-grained irrigation de-
mand and avoid water waste through precise moisture-based control [70]. Building on
these diagnostics, UAV-enabled clustering combined with wireless power transfer fur-
ther improves irrigation efficiency and significantly reduces excessive water use, with
recent findings reporting approximately 20% reduction in water consumption in large-scale
irrigation networks [38].

The ability of drones to collect data from buried soil sensors also addresses the chal-
lenge of limited communication ranges, making them a practical solution for accessing
hard-to-reach sensors [29]. Beyond moisture, drones are also used to measure soil tem-
perature, further improving understanding of field conditions and supporting informed
decision-making in irrigation and crop management [71].

The reach of UAV-assisted sensing has expanded beyond conventional field cultivation
to include ultra-dense vertical farming sensor towers [40], livestock sensor data acquisition,
and remote wildlife monitoring [72]. In dense vertical farming environments, clusters of
environmental sensor towers monitor parameters including temperature, humidity, light,
pH, nutrients, and CO2, and UAV-mounted multi-lobe dielectric resonator antennas enable
parallel short-range tower interrogation, preserving flight time and sensor coverage while
supporting precise irrigation, lighting, and nutrient control [40]. For livestock operations,
drones support water quality monitoring and health diagnostics by synchronizing data
from animal-mounted wearable sensors, many equipped with embedded positioning and
physiological measurements for efficient digital herd monitoring [73,74].
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The trajectory of UAV-enabled sensing in precision agriculture shows a maturation
from environmental and soil diagnostics toward increasingly integrated, energy-aware, and
communication-efficient sensing architectures. Sustainability benefits, including reductions
in intensive agrochemical spraying and irrigation water dissipation, are now demonstrably
measurable outcomes of UAV collaboration with distributed ground nodes. This reframes
UAVs from auxiliary observation instruments to active components of scalable agricultural
sensing systems that directly support efficient deployment, timely decision-making, and
measurable environmental stewardship.

4.4. RQ4: What Are the Most Important Wireless Protocols and Technologies in Integrating Drones
with Agricultural Networks?

LoRa (Long Range) is the most widely used wireless protocol in drone-based agri-
cultural networks, primarily due to its exceptional range, low power consumption, and
cost-effectiveness. LoRa operates in unlicensed spectrum bands, making it particularly suit-
able for rural and remote agricultural areas where traditional communication infrastructure
is lacking. Its ability to support communication for several kilometers enables efficient data
collection from dispersed ground sensors, even in expansive fields. The survey of existing
studies, as presented in Figure 4, highlights LoRa as the technology most implemented in
drone-enabled precision agriculture, significantly outpacing other protocols.

Figure 4. The most wireless protocol technologies used in drone-based agricultural research.

However, the LoRa communication model poses challenges as data transmission is
often initiated by sensor nodes rather than being continuous. To address this limitation,
protocols have been developed to optimize transmission timing, ensuring drones can effi-
ciently collect data without overburdening sensor nodes or compromising communication
consistency [75]. Furthermore, the performance of LoRa in agricultural settings is heavily
dependent on the proximity between drones and sensors. Analytical studies highlight the
importance of flight path and altitude optimization to ensure successful data collection
while maintaining energy efficiency [76].

In some implementations, LoRa is used alongside other communication technologies,
such as 2.4 GHz links between drones and base stations. This hybrid approach lever-
ages LoRa’s long-range capability for sensor communication and the higher bandwidth of
2.4 GHz for rapid data transfer to central systems [69]. Low-power NTN–UAV architectures
can leverage LoRa-based opportunistic access schemes, where beacon-coordinated UAV
passes enable intermittent uplink transmissions under rural duty-cycle and collision con-
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straints, demonstrating LoRa’s practicality for infrastructure-sparse agricultural monitoring
and telemetry applications [34].

Although technologies like LoRa and ZigBee are commonly used in agricultural net-
works, integrating them effectively with drones presents unique challenges. For example,
buried sensors face significant signal attenuation due to soil properties, making it essential
to design systems that ensure reliable data retrieval even in challenging environments. A
common approach combines ZigBee for short-range communication with LoRa to transmit
data from drones to a central gateway, which then uploads the data to the cloud for further
analysis [68]. This layered architecture effectively bridges the gap between localized sensor
data and large-scale analytics.

Drone-assisted RSS sensing and trilateration architectures also address the challenge of
retrieving data from buried or position-unknown sensing deployments under log-normal
path-loss constraints [77]. To optimize communication with these sensors, experimental
studies have analyzed the impact of sensor depth and drone altitude on signal strength.
The results indicate that shallower sensor placements improve connectivity, while lower
drone altitudes reduce signal loss but may limit the drone’s operational coverage. These
trade-offs highlight the need to carefully balance depth and altitude to ensure reliable data
collection without compromising system efficiency [29,78].

Cellular technologies, including 4G, 5G, and NB-IoT, are also used in drone-enabled
agricultural networks, although they are less frequently utilized than LoRa. These cellular
networks offer advantages such as broad coverage and high data rates, making them suit-
able for connecting drones and ground sensors in large-scale or remote agricultural areas.
NB-IoT, in particular, has been explored for communication between drones and ground
sensors, while LTE and 5G are often used to relay data from drones to base stations or the
cloud. For example, one approach integrates NB-IoT for sensor-to-drone communication
and LTE to transmit data from drones to centralized systems, combining the strengths of
both technologies to ensure reliable and efficient data transfer [67].

Some systems adopt hybrid architectures that leverage multiple communication proto-
cols to maximize efficiency. In one example, LoRa is used to transfer data from small drones
to larger drones, which then forward the aggregated data to the network using NB-IoT [72].
Similarly, NB-IoT has been paired with Bluetooth Low Energy (BLE), where BLE collects
data from ground sensors, and NB-IoT transmits the information to the cloud [45]. Al-
though these setups are effective in bridging connectivity gaps, the coexistence of multiple
communication technologies introduces additional coordination and scheduling overheads
that can increase the system-level energy demand if not carefully managed.

The potential of 5G in drone-assisted agricultural networks has also been explored,
particularly for scenarios involving high data throughput and low latency requirements.
Recent research has developed optimization problems for multi-UAV systems, in order
to improve trajectory planning and resource allocation in 5G-enabled data collection net-
works [79].

Although cell technologies such as 4G, 5G and NB-IoT provide effective solutions
for drone-enabled agricultural networks, they face challenges such as infrastructure costs,
energy consumption, and signal reliability in complex environments. To address these
limitations, innovative technologies like Intelligent Reflecting Surfaces (IRSs) have gained
attention in recent years. IRS offers a unique approach to enhancing communication by
leveraging passive, programmable surfaces that improve signal strength and coverage
without the need for active power consumption.

One of the earliest IRS-assisted approaches in drone-enabled agricultural networks in-
troduced the concept of a fixed passive surface to facilitate communication between sensor
nodes and drones. By strategically positioning the IRS, this setup improves signal reliability
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and enhances link quality under blockage conditions, providing an energy-efficient comple-
ment to traditional drone-based networks. This work also integrates trajectory optimization
to further maximize the benefits of IRS-enhanced communication [57]. Building on this
concept, subsequent studies have explored IRS-enabled architectures in which reflective
surfaces are used to support communication between sensor nodes and terrestrial base
stations. In these configurations, the number of reflecting elements is treated as a design
parameter to be optimized in order to achieve reliable data transmission while controlling
system complexity and operational overhead [64,80].

Table 1 provides a consolidated overview of the main wireless communication proto-
cols and technologies employed in drone-enabled agricultural networks. It highlights their
advantages and lists the studies in which each technology was implemented.

Table 1. Wireless protocols and technologies used in drone-enabled agricultural networks.

Technology Advantages Reference

LoRa Long range, low power, cost-effective [29,32,34,39,60,
68,69,72,73,75,
76,78,81,82]

ZigBee Energy-efficient, supports mesh networking [33,56,68,70]

WPT Targeted communication, minimizes interference [38,44,50,83]

Wi-Fi High data rate, suitable for local communication [84–86]

5G Ultra-fast speeds, low latency, supports
dense networks

[42,46,79]

NB-IoT Operates on licensed spectrum,
offers wide coverage

[45,67,72]

IRS Intelligent signal reflection, extends
network coverage

[57,64,80]

BLE Energy-efficient, ideal for short-range
communication

[45,50,87]

IEEE 802.15.4 Standard for low-power wireless networks [54,55]

RFID Asset tracking, passive communication [66,88]

4G Wide coverage, high data rate [71,89]

NTN Global coverage, enables remote monitoring [34,90]

nRF24L01 Low power, support for multi-device networks, [69,71]

LED Visual signaling, uses drone camera [48]

SDR Flexibility and faster development [58]

4.5. RQ5: How Can Drone-Based Data Collection Help to Better Prediction Models and Real-Time
Analytics in Digital Agriculture?

Despite the growing adoption of drones in digital agriculture, there is a noticeable gap
in research directly linking drone-based data collection to the development of improved pre-
diction models and real-time analytics. Most existing studies focus on specific applications
of drones or AI in agriculture, such as trajectory optimization or resource management,
rather than exploring their combined potential for data-driven decision-making systems.
This lack of research highlights a significant opportunity for future work to bridge the gap
between drone technologies and advanced analytical frameworks, enabling more robust
and scalable agricultural solutions.

However, related research provides valuable information on how drones can indirectly
contribute to enhancing prediction models, although the performance of such models
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remains strongly influenced by data sparsity, noise, and heterogeneity inherent to UAV-
based sensing. For instance, federated reinforcement learning schemes leverage UAV
imagery and IoT sensor streams to optimize energy usage and resource allocation in near
real time, showing measurable reductions in carbon-aware deployments [91]. Similarly,
hybrid CNN–SVM architectures trained on UAV multispectral inputs and IoT boundary
data have pushed disease prediction accuracy to industrially relevant levels, supporting
low-latency analytics for crop management [47]. Particle swarm optimization (PSO) has
been used to optimize the layout of wireless sensor networks based on data signal strength
collected by drones, improving communication efficiency and data reliability [56]. Newer
federated learning frameworks further reinforce this view, treating UAV imagery and
IoT measurements as complementary heterogeneous data streams for distributed model
training while preserving privacy and regional bias adaptation [92].

In addition, drones have demonstrated their ability to enhance agricultural processes
through real-time data collection and analytics. In one case, drones collected soil moisture
data to guide irrigation systems in sugarcane fields, achieving a reduction of 75% in water
consumption [70]. Edge-integrated UAV-IoT architectures now also incorporate temporal
convolutional models for predictive agronomic analytics in quasi-real-time, offering deci-
sion support directly to farmers [93]. RSSI-based joint communication and sensing models,
where a BLE module may be mounted on UAVs, further demonstrate how existing wireless
infrastructure can support dynamic soil moisture estimation and real-time flood analytics
without extra ground sensors [87].

Machine learning models have also been used to address challenges like signal propa-
gation in agricultural environments. For example, Wi-Fi signal loss was modeled using AI
to improve the accuracy of UAV–ground sensor channel characterization, supporting more
reliable drone-based communication planning [86]. Similarly, Long Short-Term Memory
(LSTM) networks have been applied to infer soil moisture levels from RSSI data collected
by drones, improving prediction accuracy and allowing more informed irrigation strate-
gies [78]. Genetic algorithm-enhanced LSTM models have also been proposed for adaptive
UAV channel prediction based on terrain, vegetation, and weather features, which also
supports AI-driven agronomic assessments even though agronomic ML pipelines are not
deeply detailed [61].

Finally, AI contributes to the optimization of the data collection trajectory, a critical fac-
tor in efficient data collection and real-time analytics. By integrating AI for intelligent flight
path planning, drones can adapt to varying transmission requirements and ensure consis-
tent data quality. Research has proposed models for full coverage and adaptive trajectories,
addressing both communication challenges and service quality optimization [94].

While the literature still shows limited work explicitly detailing end-to-end pipelines
from UAV sensing to predictive models, recent studies indicate that the necessary building
blocks already exist in distributed learning, joint communication-sensing, and hybrid
inference architectures. The remaining gap is therefore better interpreted as an architecture
and integration question rather than an algorithmic absence. In this survey, this gap
is viewed through a functional lens: (i) UAVs supply spatial and spectral observations,
(ii) edge or in situ communication anchors provide localized sensing and temporal samples,
and (iii) predictive analytics emerge when these heterogeneous data streams are aligned
and combined at the learning or inference stage.

5. Open Challenges and Opportunities
5.1. Challenges in Experimental Evaluation and Performance Reporting

Despite the growing body of literature on UAV-assisted data acquisition for digital
agriculture, several open challenges remain, particularly regarding experimental validation
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and performance assessment. Table 2 summarizes representative experimental studies and
highlights a fundamental limitation of the current state of the art: the lack of a consistent
and standardized set of quantitative performance metrics.

Table 2. Summary of reported experimental results in UAV-assisted agricultural IoT studies.

Reference Experimental
Context Application Role of UAV Reported Metric(s) Reported Value(s)

[29] Maize field Soil moisture and
temperature Repeater Readout distance 550 m

[32] Forestry
environment

Sunlight, soil
moisture,
temperature, and
humidity

Gateway Flying altitude 20 m

[33] Lawn area Humidity and
temperature Gateway N/A N/A

[35] Crop field N/A Data mule Coverage efficiency 96.3%

[45] Vineyard
Air temperature
and relative
humidity

Data mule Sensor battery
lifetime Up to 10 years

[47] Banana crop
Environmental and
soil temperature
and humidity

Data mule N/A N/A

[54] Rural field N/A Data mule Transmission range
Approximately one
third of the nominal
range

[56] Alfalfa field N/A Data mule RSSI prediction
error (MAE)

1.6 dBm and
2.7 dBm

[60] Lake environment N/A Data mule Coverage
prediction N/A

[70] Sugarcane field Soil moisture Gateway Water consumption
reduction 75% reduction

[71] N/A Soil moisture Gateway N/A N/A

[73] Farm environment Water quality
parameters Gateway

LoRa coverage,
flight altitude,
drone speed

Up to 10 km;
100–150 m;
95 km/h

[72] Rural field N/A Gateway N/A N/A

[78] Tree-covered area Soil moisture Data mule N/A N/A

[82] Agricultural land N/A N/A UAV height 50 m and 120 m

[84] Grass farm Soil moisture N/A Drone altitude Must not exceed
8 m

[86] Grass farm Soil moisture Gateway Path loss prediction
(RMSE)

RMSE = 2.367
(Random Forest)

As evidenced by the reported results, experimental evaluations span highly het-
erogeneous contexts, including different crop types, sensing objectives, communication
technologies, and UAV roles. Consequently, the reported metrics vary widely, ranging from
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communication-centric indicators such as RSSI, transmission range, and path loss error, to
application-level outcomes such as water consumption reduction or coverage efficiency.
In many cases, studies report only qualitative feasibility results or partial measurements,
while omitting key parameters such as latency, packet delivery ratio, energy consumption,
or long-term system reliability.

Another critical challenge is the limited reproducibility and comparability of exper-
imental results. Even when quantitative values are provided, they are typically derived
under specific environmental conditions, flight configurations, and deployment scales,
making direct cross-study comparison impractical. This fragmentation is clearly reflected
in Table 2, where several entries report non-overlapping metrics or lack consolidated
numerical results altogether. As a result, the literature does not yet converge toward a com-
mon experimental baseline that would enable benchmarking of UAV-assisted agricultural
IoT systems.

Beyond metric heterogeneity, the surveyed studies also illustrate a broader tendency
in experimental validation. A significant portion of the reported experiments focuses on
demonstrating communication feasibility, validating propagation models, or assessing spe-
cific architectural components, often under controlled or short-term conditions. While such
studies are essential for understanding fundamental system behavior, they frequently stop
short of evaluating integrated, end-to-end performance in realistic agricultural operations.
As a consequence, aspects such as long-term sensing accuracy, sustained network reliability,
cumulative energy consumption, and operational robustness across different crop growth
stages remain insufficiently explored.

These limitations open several directions for future research. Comprehensive experi-
mental campaigns that jointly assess communication performance, sensing accuracy, energy
efficiency, and operational constraints are still needed. In parallel, the adoption of minimal
and clearly defined reporting practices for experimental studies would significantly im-
prove the interpretability and reuse of published results. Establishing shared datasets, open
testbeds, and reproducible evaluation frameworks would further support the systematic
advancement of UAV-assisted data acquisition systems and facilitate their transition from
experimental prototypes to dependable tools for digital agriculture.

5.2. Integration of Drone Data with IoT and Big Data Systems

One of the main challenges in using drones for agricultural applications is integrating
their data collection capabilities with larger IoT ecosystems and big data platforms. As
discussed in RQ1, drones are already being used to collect diverse datasets, including
soil moisture, crop health, and environmental conditions, often coordinating with ground-
based sensor networks through architectures that leverage open standards such as O-RAN
to ensure reliable communication [42]. However, as highlighted in RQ5, there remains a
noticeable gap in research directly linking drone-based data collection to the development
of improved prediction models and real-time analytics. This gap is partly attributed to
challenges in achieving seamless data transfer and interoperability across heterogeneous
IoT devices, such as ground sensors and aerial gateways, which can create bottlenecks in
the achievement of a unified agricultural management system.

Opportunities in this area include developing standardized communication protocols
and open frameworks that enable real-time data aggregation and analysis across multiple
devices, fostering more cohesive decision-making processes. As noted in RQ5, leveraging
big data analytics to process and correlate the vast amount of drone data collected with
other datasets, such as weather patterns and market trends, could significantly enhance pre-
dictive modeling and resource optimization. Furthermore, integrating federated learning
frameworks and edge-integrated UAV-IoT architectures, as explored in the surveyed litera-
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ture [47,91–93], may provide a practical pathway toward bridging the current integration
gap and enabling scalable, data-driven agricultural decision systems.

5.3. Energy Efficiency and Battery Technology Advancements

As extensively discussed in RQ2, energy efficiency remains one of the most significant
challenges in drone-based agricultural operations. Limited battery life restricts the duration
of data collection missions and increases the frequency of recharging cycles, thereby limit-
ing the scalability of drone applications in large-scale farming. Ground sensor nodes also
face severe battery limitations, particularly when deployed across large farm areas, where
continuous data collection imposes high energy demands. Moreover, UAV battery en-
durance is further constrained by the energy demands of onboard sensors, communication
modules, and data processing, compounded by environmental factors such as temperature
and humidity that lead to nonlinear discharge behavior and reduce effective flight time.

To address these limitations, the surveyed literature highlights several promising
directions. Cluster-based data collection schemes, which aggregate data from neighboring
sensors at a single node, have been shown to reduce overall energy consumption and
extend network lifetime. Additionally, wireless energy transfer technologies, where UAVs
transmit power to ground sensors during flight or hovering, have been explored as a
strategy to significantly extend sensor operational lifespan, though challenges remain
regarding effective transfer range and environmental interference [51–53]. Physical-layer
antenna solutions, such as quad-lobe dielectric resonator antennas, have also been proposed
to reduce payload energy overhead in ultra-dense agricultural sensing missions [40].

Building on these insights, opportunities lie in the continued development of
lightweight, high-capacity batteries tailored specifically for agricultural drone missions, as
well as further advances in wireless energy transfer technologies. Additionally, optimizing
flight paths and reducing energy consumption through AI-powered algorithms, such as
those discussed in RQ5 for trajectory planning and resource allocation, could prolong
operational time and reduce the ecological footprint of drone activities.

5.4. Scalability and Cost-Effectiveness

Scaling drone technologies for use across various farm sizes, crop types, and geo-
graphic contexts remains a challenge. As noted in RQ2, system scalability is constrained
by energy management, coverage optimization, and operational complexities that emerge
in large-scale deployments. For instance, multi-UAV architectures have been explored to
extend coverage across large farming operations, yet issues such as positioning uncertainty,
synchronization, and consistent georeferencing of sensed data continue to limit scalable
data acquisition.

While the surveyed literature primarily addresses technical and operational scalability
challenges related to energy, communication, and coordination, the practical implications of
these limitations extend to economic and accessibility dimensions. High system complexity,
infrastructure requirements, and operational demands may pose barriers to adoption,
particularly for smaller farms or resource-constrained settings in developing regions. This
represents a gap in the current literature and an opportunity for future research to explore
modular, affordable drone solutions, cooperative usage systems, and accessible analytics
platforms that could democratize access to drone technologies across diverse agricultural
contexts. Open-source software and low-cost sensor designs, briefly referenced in the
broader IoT literature, may also contribute to reducing barriers to entry, though these
approaches were not a primary focus of the surveyed drone-WSN studies.
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5.5. Regulatory and Ethical Considerations

While the surveyed literature focuses primarily on technical and communication-layer
challenges associated with drone-assisted agricultural data collection, it is important to
acknowledge that the real-world deployment of these systems also involves regulatory,
ethical, and operational considerations that were not extensively covered in the reviewed
studies. For example, airspace regulations, which vary significantly between countries,
and privacy concerns related to data capture in rural and neighboring properties, repre-
sent practical challenges that must be addressed for widespread adoption. These issues,
though outside the scope of most technical and wireless communication research, are
critical for translating laboratory and field trial results into scalable, commercially viable
agricultural systems.

Future research directions should therefore include interdisciplinary efforts to develop
region-specific operational guidelines, ethical standards for agricultural data collection, and
frameworks that balance innovation, safety, and privacy. Collaboration between governments,
private entities, and research institutions will be essential to establish drone-friendly regulatory
environments that support both technological advancement and responsible deployment.

6. Conclusions
This survey examined the role of drones in enabling wireless data acquisition for

precision agriculture, with a particular focus on their integration with IoT-based sensor
networks. A total of 64 research articles were reviewed, covering technologies, applications,
and strategies to improve agricultural wireless communication. The survey contributes by
consolidating the findings in multiple communication protocols, identifying operational
challenges, and highlighting opportunities for future research.

Regarding RQ1, the integration of drones with WSNs has been explored through
different strategies, including direct collection from individual nodes, cluster-based aggre-
gation, and the use of drones as temporary gateways. These approaches demonstrate the
flexibility of UAVs in complementing static networks, although large-scale deployments
and synchronization strategies remain underexplored.

In relation to RQ2, the most critical challenges include the limited battery capacity of
drones and ground sensor nodes, signal attenuation caused by vegetation and soil, and
the difficulty of ensuring timely data delivery. While some solutions focus on trajectory
optimization, wake-up radio techniques, or hybrid communication models, most of them
are evaluated in simulations or small-scale testbeds, leaving questions of scalability and
robustness open.

For RQ3 and RQ4, current applications emphasize soil and crop monitoring, irri-
gation management, and livestock tracking, where drones provide timely and spatially
rich information. Communication protocols such as LoRa dominate the literature due to
their long-range and energy-efficient characteristics, followed by ZigBee, Wi-Fi, NB-IoT,
and 5G. Each technology presents specific trade-offs in terms of range, bandwidth, and
energy consumption, suggesting that protocol selection should be closely aligned with the
requirements of each agricultural scenario rather than relying on a single standard.

Concerning RQ5, the potential of drone-based data collection to improve prediction
models and enable real-time analytics remains largely untapped. Only a few works connect
UAV-assisted sensing to predictive modeling through machine learning. This represents
a significant opportunity for the advancement of digital agriculture, particularly in de-
veloping data-driven systems that adapt to dynamic field conditions and support timely
decision-making.

Looking ahead, several research directions emerge. These include large-scale exper-
imental validation of drone-assisted WSNs, the development of hybrid communication
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architectures that combine multiple protocols, the adoption of IRS to improve connectivity,
and the tighter integration of drones with AI-based decision support systems.
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