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Abstract

This systematic literature review examines the rapid growth of research on the use of drones
applied to smart agriculture, a key field for the digital and sustainable transformation of the
agricultural sector. The study aimed to synthesize the current state of knowledge regarding
the application of drones in smart agriculture by applying the Kitchenham protocol (SLR),
complemented with Petersen’s systematic mapping (SMS). A search was conducted in
high-impact academic databases (Scopus, IEEE Xplore, Taylor & Francis Online, Google
Scholar, and ProQuest), covering the period 20192025 (July). After applying the inclusion,
exclusion, and quality criteria, 73 relevant studies were analyzed. The results reveal
that 90% of the publications appear in Q1 journals, with China and the United States
leading scientific production. The thematic analysis identified “UAS Phenotyping” as the

ai

main driving theme in the literature, while “precision agriculture,” “machine learning,”
and “remote sensing” were the most recurrent and highly interconnected keywords. An
exponential increase in publications was observed between 2022 and 2024. The review
confirms the consolidation of drones as a central tool in digital agriculture, with significant
advances in yield estimation, pest detection, and 3D modeling, although challenges remain
in standardization, model generalization, and technological equity. It is recommended to
promote open access repositories and interdisciplinary studies that integrate socioeconomic
and environmental dimensions to strengthen the sustainable adoption of drone technologies

in agriculture.

Keywords: drone; UAV; smart agriculture; digital agriculture; precision agriculture;
systematic review

1. Introduction

Over the past decade, smart agriculture has incorporated a set of disruptive technolo-
gies, among which unmanned aerial systems (UASs or “drones”) have acquired a central
role. Their implementation has been the subject of numerous studies that highlight them as
strategic tools to optimize agricultural processes, particularly in crop monitoring, localized
input application, and the early detection of pests and diseases. The reviewed literature
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consistently points out that drones enhance precision, reduce operational costs, and gener-
ate high-value data for real-time decision-making. Consequently, these applications align
with sustainability and productivity goals, establishing drones as a key component in the
technological development of contemporary agriculture. In this paper, we use the term
“drones” to refer to unmanned aerial vehicles (UAVs) employed as remote sensing plat-
forms in smart agriculture applications, and we use “UAV” only where technical precision
or alignment with authors’ keywords is required.

In recent literature, drones play a central role in Smart Agriculture, mainly in crop
monitoring and pest and disease management. Various studies demonstrate their effective-
ness: the MangiSpectra framework applied to mangoes achieved 93% accuracy in health
classification, while in cereals, multispectral images combined with machine learning
algorithms improved yield predictions. Similarly, in sugarcane, the YOLOvS5 network out-
performed other models in detecting white leaf disease, optimizing phytosanitary response,
while the CRowNet method, based on CNN and the Hough transform, achieved more than
93% detection accuracy in crop rows [1-4].

In maize, progress has been documented in the identification and automatic counting
of seedlings, as well as in plot monitoring through UAVs integration with machine learning
techniques, achieving accuracies close to 99% [5-7]. Likewise, other works highlight that
operational autonomy is key to technological transfer, where robust in-field detection and
precise landing on agricultural platforms have demonstrated minimal error margins [3,4,8].
Regarding the estimation of agronomic variables, Random Forest outperformed SVR in
predicting dry aboveground biomass in wheat (R? = 0.81), while the Leaf Area Index
(LAI) estimated with 3D point clouds derived from UAV imagery proved to be a cost-
effective alternative to manual methods (R? = 0.82) [9,10]. Additionally, in vineyards,
strong correlations were obtained between UAV and Sentinel-2 data (R? up to 0.95), and
in almond orchards, the XGBoost model improved stomatal conductance prediction by
11% (R? = 0.87) [11,12]. Furthermore, thermal UAVs used to estimate leaf temperature
and stomatal conductance have demonstrated their value for diagnosing water stress and
optimizing irrigation in diverse agroclimatic environments [13,14].

Advanced remote sensing has also expanded through multispectral calibration frame-
works for estimating nitrogen absorption and the use of GNSS-R reflectometry mounted
on drones, which reduces operational costs. Studies employing hyperspectral imagery
and Al algorithms have enhanced soil characterization, route planning, and crop stress
detection [15-17]. Likewise, the combination of UAVs with CNN, YOLO, and LSTM models
has proven effective for automatic detection of diseases and weeds, while deployments
using commercial drones (DJI) have shown economic benefits and reduced human interven-
tion [18-20]. In this same direction, recent research on generative Al and IoT has confirmed
their contribution to early pest detection and real-time monitoring, although limitations
remain due to data availability and the lack of economic assessments [21,22]. In parallel,
some studies emphasize both the advantages and barriers of digital agriculture, noting
improvements in productivity and sustainability but also challenges related to costs and
digital literacy. Similarly, web-based decision-support systems (DSSs) have been devel-
oped, which, despite their cognitive load, have proven efficient and adaptable to different
contexts [23-25].

From a bibliometric and systematic review perspective, the United States, China, and
India lead scientific production, with research clusters centered on remote sensing, deep
learning, and IoT [26-28]. Other studies highlight the need for responsible digital solutions
due to emerging socio-environmental impacts and confirm that the Digital Agricultural
Revolution acts as a transversal driver of innovation in climate-smart agriculture and
site-specific management [25,29,30]. However, gaps persist in the Global South, with few
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applications in neglected and underutilized species (NUS), as well as regulatory constraints
and limitations in multitemporal and environmental stress analyses [31,32]. Finally, appli-
cations in strategic crops show tangible impacts: in coffee, a bibliometric analysis identified
trends and consolidated the potential of UAVs to improve profitability, and in olives, the
integration of drones with remote sensing and geomatics has optimized irrigation practices,
disease detection, and yield estimation. These experiences confirm the operational value of
UAVs and geomatic tools for more efficient and sustainable agriculture [33-35].

Despite the documented advances in the use of drones and digital technologies for
crop monitoring, yield prediction, and resource management, existing reviews remain
fragmented and topic-specific. Prior systematic reviews and bibliometric analyses have
examined yield prediction using remote sensing and UAV platforms (Darra and collabo-
rators [36]; Mustafa and his team [37]), remote sensing in specific high-value crops such
as almonds and olives (Guimaraes and collaborators [38]; Escandén-Panchana and col-
laborators [39]), UAV-based thermal sensing and water status assessment (Ndlovu and
co-authors [14]), neglected and underutilized crops (Abrahams and co-researchers [31]),
applications of Raspberry Pi and wireless sensor networks in precision agriculture (Joice
and colleagues [40]; Abdollahi and colleagues [41]; Diaz Lara and collaborators [35]), and
deep learning or artificial intelligence for weed control and crop monitoring (Vasileiou and
colleagues [22]). Other contributions focus on bibliometric and thematic mappings of preci-
sion agriculture, UAV-based remote sensing, and Agriculture 4.0 (Singh and colleagues [42];
Miihl & de Oliveira [29]; Rejeb and collaborators [26]; Wang and colleagues [43]; Bertoglio
and co-authors [30]), on cyber-physical systems and IoT-centered architectures for smart
farming (Brenya, Zhu, and Sampene [44]), or on digital technologies in agri-food supply
chains and smallholder systems (Wang and colleagues [43]; Wang and collaborators [45];
Yacoob and his team [46]). While these works provide valuable thematic and technologi-
cal insights, they typically concentrate on a single technology, crop type, or value-chain
segment, rely on heterogeneous eligibility and quality-assessment procedures, and rarely
analyze deployment maturity or socioeconomic constraints in a systematic way. Con-
sequently, there is still no integrated review that takes drones themselves as the central
enabling technology for Smart Agriculture across multiple agronomic functions, combines
Kitchenham’s SLR guidelines [47] with Petersen’s systematic mapping [48] and PRISMA
2020 reporting [49], and jointly examines methodological quality, bibliometric structure,
and the technological equity gap between high-income and low/middle-income countries.

Given the exponential growth of drone applications in agriculture (a 347% increase
in publications between 2019 and 2025), the lack of integrative reviews that simultane-
ously address technological innovation, implementation barriers, and equity considerations
constitutes a critical knowledge gap. Recent calls by leading scholars (Rejeb and collabora-
tors [26]; Ndlovu and co-authors [14]) underscore the need for more holistic assessments
that situate technical capabilities within real-world farming systems. Against this backdrop,
this paper makes four main contributions. First, it provides a systematic literature review
of 73 primary studies published between 2019 and July 2025 that positions drones as a
central enabler of smart agriculture, covering key functions such as yield estimation, stress
and disease detection, phenotyping, and water management. Second, it characterizes the
dominant technical configurations (platforms, sensors, Al, and machine learning mod-
els) and methodological patterns, including experimental designs and evaluation metrics,
thereby clarifying how drone-based pipelines are actually implemented in practice and
where standardization is most urgently needed. Third, it combines systematic mapping
and bibliometric analysis to chart the global distribution and impact of research, revealing
marked asymmetries between high-income and low-/middle-income countries and doc-
umenting a persistent “technological equity gap” that constrains adoption in the Global
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South and raises questions about transferability. Fourth, it integrates thematic, co-citation,
and keyword co-occurrence analyses to identify consolidated and emerging research fronts
and to propose a structured agenda for future work, emphasizing standardized datasets,
reproducible evaluation protocols, and the explicit integration of socioeconomic and envi-
ronmental dimensions. By synthesizing high-quality evidence across these axes, the review
delivers not only a comprehensive technological mapping but also a critical assessment
of equity, scalability, and contextual fit—issues that are particularly urgent as global agri-
cultural systems seek to balance productivity gains with environmental sustainability and
social justice.

The objective of this paper is to determine the current state of scientific knowledge
on the use of drones in smart agriculture. The remainder of this paper is structured as
follows: Section 2 presents the theoretical background; Section 3 details the review method,
including search, selection, and analysis procedures; Section 4 reports the bibliometric
and thematic results and discusses their theoretical and practical implications; and finally,
Section 5 outlines the main conclusions along with recommendations for future research.

2. Theoretical Background

This section provides the conceptual and theoretical foundations that frame the
present review. First, it presents drones or unmanned aerial vehicles (UAVs) as core
enabling technologies within this paradigm, summarizing their main platforms, sensor
types, and agronomic functions. Second, it outlines the evolution from precision agricul-
ture to smart agriculture as an integrated paradigm that combines sensing, connectivity,
and data-driven decision support. Third, it briefly reviews the role of machine learning
and deep learning as dominant analytical frameworks for extracting information from
UAV-based imagery.

2.1. Theoretical Evolution: From Precision Agriculture to Smart Agriculture

Rather than being independent concepts, drones, precision agriculture, and smart
agriculture form an evolving technological continuum. Precision agriculture initially fo-
cused on optimizing input management at the field scale through variable-rate applications
guided by georeferenced data. Smart agriculture extends this paradigm by embedding
connectivity, automation, and artificial intelligence into farming operations, turning fields
into cyber—physical production systems. In this transition, drones play a pivotal role: they
act as mobile sensing and actuation platforms that generate high-resolution spatial and
temporal data, feed real-time analytics, and close the loop between monitoring, prediction,
and on-farm intervention. Thus, drone technology is not merely an additional tool, but
a key driver in the shift from static, prescription-based precision agriculture to adaptive,
learning-oriented smart agriculture.

2.2. Drones as the Critical Enabling Layer in Agricultural Paradigm Shift

Unmanned aerial systems (UASs) or drones represent the pivotal technological
enabler that bridges the theoretical gap between precision agriculture and smart agri-
culture. Their unique capabilities directly address three fundamental constraints of
traditional precision approaches that previously hindered the evolution toward truly
integrated smart systems.

Drones have become a key tool in smart agriculture, incorporating multispectral,
hyperspectral, and high-resolution cameras that enable precise crop monitoring and the
early detection of diseases [50,51]. Smart agriculture builds on the principles of precision
agriculture by integrating sensing, connectivity, and advanced analytics into a continuous
decision-support cycle; in this cyber—physical context, drones complement satellite and in
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situ sensing by providing flexible, high-resolution observations that can be integrated with
IoT architectures, wireless sensor networks, and cloud-based analytics. Compared to satel-
lite imagery, they offer higher spatial and temporal resolution, facilitating the acquisition of
critical data for agricultural management [52]. Vegetation indices, such as NDVI, have been
established as reliable indicators of growth, biomass, and water status [53], and have been
successfully applied in crops such as almond trees to estimate water stress without invasive
methods [54]. However, technical challenges remain, particularly in hyperspectral pro-
cessing, where illumination conditions and sensor noise affect data quality [55]. Recently,
the creation of annotated databases has strengthened segmentation algorithms adapted to
real-world environments, promoting more informed decision-making, cost reduction, and
more efficient use of resources [56,57].

2.3. Smart Agriculture

Remote sensing platforms have become essential instruments for observing, moni-
toring, and mapping the spatial variability of crop growth, such as in maize [58]. Smart
agriculture, regarded as a fundamental pillar of the digital transformation of the agri-
cultural sector, integrates technological infrastructures based on the Internet of Things
(IoT), big data, cloud computing, and artificial intelligence, allowing for automated and
highly precise management [59]. Within smart agriculture, drones or unmanned aerial
vehicles (UAVs) are positioned as key enabling technologies for rapid and repeated data
acquisition at the field scale. Fixed-wing, multirotor, and hybrid platforms support
a wide range of missions, from plot-scale crop scouting to large-area mapping, and,
when coupled with RGB, multispectral, hyperspectral, or thermal sensors, they enable
detailed characterization of canopy structure, water status, nutrient status, and stress
signals, among other variables. These capabilities make drones particularly suitable for
smart agriculture functions such as yield estimation, variable-rate input management,
early detection of biotic and abiotic stress, and support for smallholder monitoring
schemes. Traditionally, field inspection tasks depended on human observation or man-
ual data processing; however, the incorporation of Al algorithms in UAVs has enabled
real-time object identification and crop condition diagnosis with high accuracy [60]. This
transition reflects global trends in agricultural digitalization, where global positioning
systems (GPS), geographic information systems (GIS), automated processes, and robotic
devices converge [61]. Among the most commonly used indicators, the Leaf Area Index
(LAI) represents a valuable ecophysiological parameter for assessing plant condition
and growth over different periods [62]. Additionally, the texture of images obtained
through remote sensors contributes to improving the classification of agricultural objects
and areas [63], while aboveground biomass (AGB) estimation serves as a fundamental
basis for predicting crop productivity and guiding efficient resource management [64].
However, factors such as climate, topography, and management practices generate sig-
nificant variability in the optimal harvest time, directly affecting the quality and yield
of strategic agricultural products such as maize [65]. In general, smart agriculture is
based on the articulated use of digital technologies—IoT, drones, advanced sensors, and
artificial intelligence—that enable the collection, processing, and analysis of real-time
data, thereby optimizing the productivity, sustainability, and profitability of agricultural
systems [21].

2.4. IA/ML/DL on Drone Imagery

The analytical value of UAV-based data depends strongly on the algorithms used to
extract actionable information from imagery. In recent years, machine learning and deep
learning models have become the dominant frameworks for tasks such as plant counting,
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weed detection, yield prediction, biomass estimation, and disease or pest identification.
Supervised learning approaches, including random forests, support vector machines,
and convolutional neural networks, are frequently used to map spectral and textural
features to agronomic targets, while segmentation and object-detection architectures
(e.g., U-Net, Mask R-CNN, YOLO) support fine-grained spatial analysis. These models
provide the theoretical basis for treating UAV imagery as a high-dimensional data source
where patterns can be learned and generalized across plots, seasons, and, to a lesser
extent, regions.

3. Review Method

This research adopted the systematic literature review (SLR) methodology proposed
by Kitchenham [47], complemented by the systematic mapping study (SMS) approach
developed by Petersen and colleagues [48] and the Preferred Reporting Items for Systematic
Reviews and Meta-Analysis (PRISMA) 2020 guidelines [49], with the purpose of obtaining
a comprehensive and comparative overview of trends in the use of drones in smart agricul-
ture. Following Kitchenham’s guidelines, a methodological protocol was established that
encompassed all stages, from the determination of the research topic to the preparation of
the manuscript. The PRISMA 2020 checklist is provided in the Supplementary Materials.
Figure 1 schematically summarizes this procedure.

Formulate the

. Research Define Sources
Determine the .
. Questions (RQs) and Search
research topic !
and Research Strategies
Objectives

< >

Assess Studies Propose and -
Usi lit Apply Exclusi Identify
O ET G pply Excusion Relevant Studies

Criteria Criteria

-

Write the
Systematic
Review Paper

Manage the Synthesize the
Required Data Findings

Figure 1. Systematic literature review process.

3.1. Research Problems

To precisely define the scope and depth of this systematic review, a set of research
questions (RQs) was formulated to guide each phase of the process—from the search and
selection of studies to the synthesis of results—allowing a rigorous response to the stated
objectives. These RQs were designed following a preliminary exploration of the relevant
literature and in accordance with the approach proposed by [59]:

RQ1: What quartile levels are represented by the journals that have published research
related to drones in smart agriculture?

RQ2: What countries lead research on drones applied to smart agriculture, and how is the
global scientific cooperation network structured?

RQ3: What thematic categories can be identified in studies addressing the use of drones
and their influence on smart agriculture?
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RQ4: How is the frequency of co-citation manifested among the authors referenced in
studies examining the use of drones and their impact on smart agriculture?

RQ5: In what ways do keywords show frequent co-occurrences in research on drones and
their impact on smart agriculture?

3.2. Information Sources and Search Strategies

To identify and collect the primary studies, academic databases with broad coverage
and high recognition in the fields of engineering, computer science, and technology were
consulted. Specifically, Scopus, IEEE Xplore, Taylor & Francis Online, Google Scholar, and
ProQuest were used, selected for their relevance, accessibility, and diversity of indexed
publication types.

The search period was extended to 2025 (search conducted on 29 July 2025) to capture
the most recent research developments in this rapidly evolving field. This inclusion
encompasses early access articles that have passed editorial review but have not yet been
formally assigned to a journal issue. These items were included only when they met all
other quality criteria and were already indexed in our selected databases with assigned
DOIs. Although we recognize that 2025 publications have a limited citation count (average
of 0.3 citations per article as shown in Table 4), their inclusion provides critical information
about emerging research directions and technological innovations.

The search strategy was designed to maximize both comprehensiveness and precision
in retrieving scientific literature. Accordingly, a set of controlled descriptors and synonyms
was established and applied using Boolean operators across the different databases. Table 1
presents the descriptors and their corresponding synonyms, which form the foundation of
the systematic search protocol followed in this research.

Table 1. Search descriptors and their synonyms organized by conceptual groups.

Conceptual Group

Descriptor

Drone Technologies

Smart Agriculture

drone/unmanned aerial vehicle/uav/unmanned aircraft system/uas/remotely piloted
aircraft system/rpas/aerial vehicle/unpiloted aircraft/agricultural drone/spraying
drone/monitoring drone/surveillance drone/mapping drone

agriculture 4.0/digital agriculture/smart agriculture/precision agriculture/agroindustry
4.0/agrotechnology/connected agriculture/data-driven agriculture/automated
agriculture/iot agriculture/artificial intelligence agriculture/machine learning agriculture

Based on these elements, the following general search equation was used:

(drone OR “unmanned aerial vehicle” OR uav OR uas OR “agricultural drone” OR “monitor-
ing drone” OR “surveillance drone” OR “mapping drone”) AND (“smart agriculture” OR “digital
agriculture” OR “agriculture 4.0” OR “precision agriculture” OR agrotechnology OR “artificial
intelligence agriculture” OR “machine learning agriculture”)

3.3. Identified Studies

As a result of applying the search equation across all selected sources, 34,594 pre-
liminary studies were identified. Figure 2 shows the distribution of the results obtained
from each database, highlighting the differential coverage among them and underscoring
the importance of their complementarity in ensuring an exhaustive and representative
collection of the existing literature.
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Scopus

(n = 4069)

IEEE Xplore
(n = 516)

Number of
Relevant

Taylor &
Francis
(n = 484)

Documents
(n = 34,594)

Google Scholar
(n = 1040)

ProQuest
(n =28,442)

Figure 2. Number of documents by source.

3.4. Study Selection

The selection of studies was carried out by applying a set of exclusion criteria (EC)
aimed at ensuring thematic relevance, methodological quality, and alignment of the publi-
cations with the objectives of this systematic review. The progressive application of these
criteria reduced the initial universe of records and allowed for the retention of only those
studies that demonstrated sufficient methodological robustness.

Database filters were applied before screening to restrict results to English, peer-
reviewed journal and conference papers published in the last 7 years, excluding books,
theses, and review papers (EC1-EC4). These filters ensured that only primary empirical
studies potentially relevant to the review were retrieved for subsequent evaluation.

This process of identification, screening, retrieval, and full-text assessment was clearly
and transparently documented using the PRISMA 2020 flow diagram (Preferred Reporting
Items for Systematic Reviews and Meta-Analyses), shown in Figure 3, which summarizes
the complete workflow followed during the selection process.

3.5. Quality Assessment

After establishing the selection criteria, the remaining 76 papers were individually
reviewed following established methodological guidelines. To ensure transparency and
rigor in the evaluation process, the quality-assessment (QA) procedure adopts the recom-
mendations of Kitchenham [47] and Dyba & Dingseyr [66], who emphasize methodological
clarity, replicability, and evidence reliability in empirical studies. Accordingly, seven
quality-assessment criteria were operationalized with explicit decision rules to minimize
subjectivity and promote consistency among reviewers. Each criterion requires the presence
of observable and reportable information in the paper, for example, clearly stated research
objectives, reproducible data-collection procedures, or sufficiently detailed descriptions of
UAV and sensor configurations.

The seven QA questions used in this review are defined as follows:

QAT1: Is the thematic area addressed in the study clearly defined?

QAZ2: Are the results of the experiments accurately identified and reported?

QA3: Is the methodological pipeline clearly and reproducibly described (including data
sources, sensors, flight parameters, and main processing steps)?

QA4: Are the methods employed appropriate for the analysis of the results?

QADB: Are the research objectives clearly formulated in the paper?
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QAG6: Are the results and limitations reported with sufficient detail to enable replication or
re-use (e.g., access to datasets or code, or detailed reporting of experimental settings)?
QA?7: Is the developed experiment valid and methodologically acceptable?

Identification of studies via databases and registers

)
Records identified from:
- Scopus (n =4069)
2 Taylor & Francis Online (n = 484) Records removed before screening:
5] IEEE Xplore (n=516) | Records marked as ineligible by
=) >
E Google Scholar (n = 1040) automation tools (database filters
,.E PIOQueSt (n = 28,4:85) EC].—EC4:) (n — 23,460)
Total Registers (n = 34,594)
- " A4
Records screened Records excluded (EC5-EC6)
>
(n=11,134) (n =10,985)
A
Studies sought for retrieval Studies not retrieved
& (n=149) (n=0)
g
[}
&
o \ 4
Studies assessed for eligibility _ | Studies excluded:
(n =149) | (EC7-EC8) (n=73)
\4
b
S Studies included in review
g (n="76)

Figure 3. PRISMA 2020 flow diagram.

Operationalization of the QA criteria

To reduce subjectivity in the assessment and ensure consistency across reviewers, each
question was translated into explicit observable conditions, following Kitchenham [47] and
Dyba & Dingseyr [66]. The operational definitions applied were as follows:

QA1—Clarity of the thematic area addressed

Yes: the study clearly defines the agricultural problem, context, or domain it addresses (e.g.,
crop, stress type, monitoring objective).

Not: the thematic area is vague, overly general, or only implied.

QA2—Accuracy and transparency in reporting experimental results

Yes: the study reports quantitative results clearly (e.g., metrics, comparisons, tables, or
figures) with sufficient detail.

Not: results are incomplete, ambiguous, or missing essential information.
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QA3—Clarity and reproducibility of the methodological pipeline

Yes: the paper clearly describes the methodological pipeline (data sources, sensors, flight
parameters, and main processing steps) in a way that would allow reproduction.

Not: the methodological description is incomplete, fragmented, or lacks sufficient detail
for reproduction.

QA4—Appropriateness of methods for analyzing results

Yes: the analytical methods (ML/DL/statistics/indices) are clearly described and appropri-
ate for the research question.

Not: the methods are poorly explained, unjustified, or mismatched to the objectives.
QA5—Clarity of research objectives

Yes: the research goals are explicitly stated and connected with the methods and results.
Not: objectives are absent, vague, or inconsistent.

QA6—Transparency and reproducibility of results and limitations

Yes: the results and limitations are reported with enough detail to enable replication or re-
use (e.g., datasets or code are accessible, or experimental settings are thoroughly described).
Not: results and limitations are reported superficially, lack key details, or do not provide
enough information to support replication or re-use.

QA7—Validity and methodological soundness of the experiment

Yes: the study includes experimental validity elements (e.g., metrics, evaluation design,
validation procedure).

Not: experiments lack validity, justification, or methodological rigor.

Each criterion was scored using a three-point scale, where 1 = low quality, 2 = medium
quality, and 3 = high quality. A minimum acceptable threshold of 11.5 points was estab-
lished for inclusion in the review. To reduce subjectivity in items that require an overall
judgment (QA3 and QA®6), we also considered reproducibility-oriented elements, such as
the availability of public datasets, source code, and detailed descriptions of sensors and
flight parameters, as positive indicators when assigning scores, in addition to the narrative
clarity of the methodological and results sections. To reduce potential subjectivity, two re-
viewers independently evaluated all primary studies using the same operational definitions,
and disagreements were resolved through discussion. This structured approach increases
consistency and ensures that the assessment remains aligned with accepted SLR standards.

Although there is no universally mandated numeric cut-off in the agricultural domain,
several recent systematic reviews adopt a similar strategy of combining explicit exclusion
criteria with structured quality-assessment instruments to safeguard rigor. For instance,
Darra and collaborators [36] on yield prediction in agriculture, Andrade-Mogollon and
collaborators [21] on Generative Al and IoT for precision agriculture, Duarte and collab-
orators [67] on UAV-based monitoring of forest pests and diseases, and Zambrano and
collaborators [32] on UAV remote sensing for crop monitoring all define formal quality-
assessment criteria in addition to their inclusion/exclusion rules. While these works do
not necessarily adopt the same numeric threshold, they reinforce the importance of using
explicit multi-item quality checklists, rather than relying solely on indexing or impact
metrics, to filter primary studies. Our 11.5/21 threshold follows this logic and was chosen
to be consistent with this emerging practice in agricultural SLRs while being tailored to the
specific objectives and QA questions of our review.

As a result of this process, 73 papers satisfactorily met all quality requirements, reach-
ing or exceeding the minimum score. This assessment accurately determined the final set
of primary studies that constitute the analysis corpus of this research. The consolidated
results of this evaluation are presented in Table 2.
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Table 2. Results of the quality assessment.

Reference Type QA1 QA2 QA3 QA4 QA5 QA6 QA7 Score
[1] Journal 2 1 1 1 3 2 3 13
[2] Journal 2 3 1 2 1 2 1 12

[68] Journal 2 2 1 2 3 1 1 12
[3] Journal 3 1 1 2 1 3 2 13
[69] Journal 2 3 1 2 2 2 1 13
[4] Journal 1 1 1 3 3 3 1 13
[23] Journal 3 1 3 1 1 3 1 13
[13] Journal 2 1 2 2 1 2 2 12
[15] Journal 2 2 2 2 1 1 2 12
[18] Journal 1 1 3 2 1 2 2 12
[9] Journal 2 2 2 2 1 2 2 13
[10] Journal 1 1 2 2 3 2 1 12
[11] Journal 3 2 2 3 1 2 1 14
[5] Journal 1 2 2 2 2 2 1 12
[70] Journal 3 3 1 1 3 1 1 13
[16] Journal 3 2 2 1 2 3 2 15
[17] Journal 1 3 1 3 3 1 1 13
[19] Journal 2 2 2 3 1 1 2 13
[6] Journal 2 1 3 3 2 1 1 13
[12] Journal 1 1 2 3 3 1 3 14
[8] Journal 2 2 1 2 2 2 2 13
[71] Journal 2 2 3 1 2 2 1 13
[71 Journal 1 2 2 2 1 2 2 12
[24] Journal 3 1 1 2 2 2 1 12
[50] Journal 2 2 1 3 1 2 2 13
[51] Journal 1 3 2 2 2 1 2 13
[52] Journal 2 2 2 2 2 1 2 13
[53] Journal 3 2 1 2 2 2 1 13
[54] Journal 1 1 3 2 2 2 2 13
[55] Journal 2 1 2 2 2 2 1 12
[56] Journal 3 3 1 1 1 1 2 12
[57] Journal 2 2 3 1 2 2 3 15
[58] Journal 1 3 2 2 3 2 2 15
[59] Journal 3 2 2 3 1 2 2 15
[60] Journal 2 1 2 2 2 1 2 12
[61] Journal 3 1 2 1 1 2 2 12
[62] Journal 2 1 2 2 1 2 2 12
[63] Journal 3 2 1 2 2 1 2 13
[64] Journal 1 3 2 2 3 1 2 14
[65] Journal 2 2 3 1 1 1 3 13
[72] Journal 3 2 2 2 1 1 3 14
[73] Journal 2 3 2 1 1 2 2 13
[74] Journal 1 2 3 2 2 3 2 15
[75] Journal 2 3 1 2 2 3 2 15
[76] Journal 2 2 2 1 2 1 2 12
[77] Journal 2 2 1 2 1 3 3 14
[78] Journal 3 3 2 1 2 1 2 14
[79] Journal 1 2 3 3 2 2 2 15
[80] Journal 1 1 2 2 2 2 2 12
[81] Journal 2 2 2 2 1 2 2 13
[82] Journal 1 1 2 2 2 1 3 12
[83] Journal 3 3 2 2 1 2 2 15
[84] Journal 1 3 3 1 2 2 2 14
[85] Journal 2 2 2 2 1 1 2 12
[86] Journal 3 1 3 2 2 2 2 15
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Table 2. Cont.

Reference Type QA1 QA2 QA3 QA4 QA5 QA6 QA7 Score
[87] Journal 1 1 2 2 2 2 2 12
[88] Journal 2 2 2 2 2 1 2 13
[89] Journal 3 2 2 1 2 1 2 13
[90] Journal 2 3 2 2 2 1 1 13
[91] Journal 1 2 1 2 3 2 2 13
[92] Journal 3 2 1 2 1 3 1 13
[93] Journal 2 2 3 1 1 1 2 12
[94] Journal 1 3 2 1 2 2 2 13
[95] Journal 3 2 1 2 1 2 3 14
[96] Journal 2 2 2 2 2 2 1 13
[97] Journal 1 3 1 2 2 1 2 12
[98] Journal 2 1 2 1 2 2 2 12
[99] Journal 3 2 1 1 3 2 1 13

[100] Journal 2 2 2 2 1 3 1 13
[101] Journal 2 2 2 1 2 1 2 12
[102] Journal 1 3 1 2 2 1 2 12
[103] Journal 3 1 2 1 2 2 2 13
[104] Journal 2 3 2 1 1 2 3 14

3.6. Data Extraction Strategies

At this stage of the process, the systematic extraction and organization of data from
the 73 documents included in the analysis were carried out, considering ten essential ele-
ments: year of publication, country of origin, language, research areas, type of publication,
methodology used, authors, number of citations, abstract, and main terms. A consolidated
database was built to systematically collect the information necessary to answer the research
questions. The recorded data from each document included the identification number, title,
access link, country, year, language, number of pages, type of document, publication source,
authors and affiliated institutions, number of citations, keywords, abstract, and sample
size. Although not all studies contributed directly to each research question, together they
provided a broad, coherent, and well-supported view of the field of study, strengthening
the analytical rigor and validity of this systematic review.

3.7. Data Synthesis

Once all the information required to answer the research questions had been collected,
a comprehensive review and systematization of the data were conducted. The selected
studies were coded and organized into tables and graphical summaries to facilitate the
identification of patterns, recurrences, and methodological trends over the past seven years.
The analysis combined descriptive statistics (e.g., counts, percentages, and measures of
central tendency and dispersion) with comparative analyses across time, regions, and
application domains, enabling a structured synthesis of how drones are being used in
smart agriculture.

Bibliographic records retrieved from the databases were first imported into Mendeley
Desktop, which served as the central tool for organizing, managing, and standardizing
the references (authors’ names, titles, journal information, and DOIs) and for removing
duplicates. After this curation step, the cleaned dataset was processed with RAj, a research
assistant developed by Dr. Javier Gamboa-Cruzado. Like other bibliometric tools such as
Bibliometrix or VOSviewer, RAj was used to compute descriptive indicators (e.g., number
of papers per year, country, journal quartile, and research topic) and to generate the visual-
izations presented in the Results and Discussion sections, including bar charts, thematic
maps, and co-citation and keyword co-occurrence networks. RAj was employed strictly as a
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data management and visualization tool and does not introduce any additional theoretical
assumptions beyond the review protocol. Figure 4 shows a screenshot of the tool used in
this stage of the process.

o
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Figure 4. Management and standardization of bibliographic records in Mendeley Desktop.

4. Results and Discussion

As part of the present study, the review and analysis of unstructured texts were
carried out manually, following a systematic and replicable process illustrated in Figure 5.
This procedure ensured the traceability of each phase in the evaluation and classification
of the selected documents. Upon completion of the selection and filtering process, a
final corpus of 73 scientific papers was obtained and analyzed in depth, with the aim of
rigorously addressing the previously formulated research questions (RQs). This corpus
provided the empirical foundation for the development of the results and discussion
sections presented below.

) ini Interpretation /

Colleiting "'eP'Tess'"g = NP ! Ev:|7ation
A d =7 = =
S— v

Data Target data Preprocessed & Patterns Knowlendge
transformed data

Figure 5. Flow of processing and analysis of the selected studies.

4.1. General Description of the Studies

Tables 3 and 4, together with Figure 6, present the distribution, evolution, and impact
of research on drones applied to smart agriculture. These visualizations make it possible
to identify the main journals of publication, annual scientific productivity, as well as the
citation level and relevance of studies conducted during the 2019-2025 period.

Results confirm the predominance of the journals Remote Sensing (31 studies) and Drones
(10 studies), reflecting the leadership of specialized outlets in remote sensing and autonomous
systems applied to agriculture. Scopus stands out as the most representative indexing source
(48 records), highlighting its central role in academic visibility. Between 2022 and 2024, the
highest growth in publications (62.4%) was observed, coinciding with the consolidation of
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digital agriculture and the expansion of intelligent monitoring systems. Regarding impact, the
years 2019 and 2020 show the highest proportion of citations (27% and 21.6%), despite their
lower publication volume, indicating the long-lasting influence of early seminal studies. The
increase in the H-Index (average > 2000 between 2022 and 2024) and the mean of 22.3 citations
per paper reflect sustained scientific maturity and the consolidation of a robust body of
knowledge on the use of drones in smart agricultural systems.

Table 3. Distribution of publications by year.

Publication Name 2019 2020 2021 2022 2023 2024 2025 Total
Remote Sensing 3 3 4 6 7 5 3 31
Drones 1 0 2 2 2 3 0 10
IEEE Journal of Selected Topics in Applied Earth 0 0 0 2 1 2 0 5
Observations and Remote Sensing
Precision Agriculture 0 1 0 0 2 1 1 5
Agriculture 0 0 0 1 0 2 1 4
IEEE Access 0 1 0 1 1 0 1 4
Sensors 1 1 0 0 0 0 0 2
Acta Ag}"lculturae Scandinavica, Section B-Soil and 0 0 0 0 1 0 0 1
Plant Science
Agronomy 0 0 0 0 1 0 0 1
European Journal of Agronomy 0 0 0 0 1 0 0 1
European Journal of Remote Sensing 1 0 0 0 0 0 0 1
Indian Journal of Computer Science and Engineering 0 0 0 1 0 0 0 1
International Journal of Agricultural and 0 0 0 0 0 1 0 1
Biological Engineering
International Journal of Students’ Research in 0 0 0 1 0 0 0 1
Technology and Management
IOP Conference Series: Earth and 0 0 1 0 0
Environmental Science
10P Conferenpe Series: Materials Science 0 0 1 0 0 0 0 1
and Engineering
Total 6 6 7 16 15 15 8 73
Table 4. Research impact by year.

Year N° Papers P.}%e)rs N° Citations Clt(ao}:)o ns H-Index H (I.f/r;le" Citations/Paper

2022 16 21.9 269 16.5 2181 19.2 16.8

2023 15 20.5 295 18.1 2593 22.8 19.7

2024 15 20.5 133 8.2 2071 18.2 8.9

2025 8 11.0 2 0.1 1182 104 0.3

2021 7 9.6 137 8.4 1011 8.9 19.6

2019 6 8.2 439 27.0 1039 9.1 73.2

2020 6 8.2 352 21.6 1312 11.5 58.7

Total 73 100.0 1627 100.0 11,389 100.0 22.3

2025 2019
10% 10%

Figure 6. Distribution of publications by year.
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According to the results, the combination of low publication volume and high average
citations in 20192020 reflects the role of early contributions that framed drones as high-
resolution sensing platforms within smart agriculture. These studies often introduced
methodological blueprints, integrating multispectral imaging, vegetation indices, and
machine learning models, that were subsequently reused and cited by later work. The
surge in publications observed from 2022 onwards coincides with the wider availability of
low-cost UAVs, off-the-shelf sensors, and open-source ML frameworks, which facilitated a
rapid expansion of applied case studies across crops and regions. However, this quantitative
growth is accompanied by a slight decline in average citations, suggesting a progressive
fragmentation of the literature into more specialized and context-specific applications.
Rather than indicating reduced impact, this pattern is consistent with a maturing field in
which a small set of early methodological papers concentrate citations, while newer studies
diversify topics, datasets, and experimental settings.

According to Zambrano and collaborators [32], Remote Sensing and Precision Agriculture
stand out as the journals with the largest number of publications in the field of drones
applied to agriculture. In contrast, Abdollahi and colleagues [41] identify Sensors as the
most relevant, with 101 articles, followed by Computers and Electronics in Agriculture with
68 papers. Likewise, Slimani, El Mhamdji, and Jilbab [105] position Computers and Electronics
in Agriculture first, with 85 articles and 1998 citations, followed by Sensors with 19 articles
and 130 citations. Bento and collaborators [33] also place Computers and Electronics in
Agriculture as the leading journal, ranking Remote Sensing third, confirming its thematic
continuity and academic prestige. Conversely, Gokool and colleagues [106] highlight
Drones as the most productive source for classified publications, followed by Remote Sensing
and Agronomy, evidencing the recent diversification of leading journals in the field. Finally,
Ndlovu and collaborators [14] report that the years with the highest number of papers
were 2022, 2020, and 2021, which is relevant to understanding the temporal maturation of
scientific production.

These findings reinforce the potential of smart agriculture as a replicable model for
other sectors such as forestry, environmental management, mining, and logistics. They
also highlight the need to expand research in Global South regions, where technological
adoption remains limited. It is recommended to develop longitudinal and comparative
studies assessing the evolution of scientific and technological impact across different
geographic contexts, promoting an equitable transfer of innovation and knowledge toward
sustainable and resilient agriculture.

Despite technological advances, our analysis reveals a persistent ‘technological eq-
uity gap’ where socioeconomic factors, implementation costs, and digital literacy require-
ments are rarely addressed alongside technical performance metrics, limiting applica-
bility in smallholder and family farming systems that represent the majority of global
agricultural production.

Figure 7 and Table 5 complementarily represent the most frequent topics identified in
the analyzed papers using the bigram technique. The word cloud and bar chart visualize the
intensity of the most cited terms, while the table—classifying bigrams according to journal
quartiles (Q1, Q2, and NQ)—offers a comparative perspective linking thematic relevance
with publication impact. This mixed-method approach strengthens the interpretation of
trends in the literature on smart agriculture and drone applications.

The results show that “remote sensing” is the most frequent bigram (43 occurrences),
confirming its central role as a cross-cutting technology in smart agriculture studies. In

Q1 papers, “vegetation indices,” “machine learning,” and “precision agriculture” stand
out, reflecting the integration of remote sensing, machine learning algorithms, and the opti-

mization of agricultural processes. The presence of “deep learning” and “random forest”
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demonstrates the consolidation of predictive approaches based on artificial intelligence
for crop analysis, pest detection, and yield estimation. Meanwhile, “spatial resolution,”
“data collection,” and “ground truth” reveal a concern for the quality and accuracy of

geospatial data, which are essential for model validation. In Q2 and non-quartile (NQ)

7ot

studies, “growth stages,

water stress,” and “linear regression” appear more prominently,

referring to applied research focused on plant physiology and the use of traditional sta-

tistical methods. Overall, the figure and table demonstrate a methodological convergence

that combines drones, multispectral remote sensing, and machine learning, consolidating

precision agriculture as the dominant technological paradigm.

Bigram N°
Bigrams
g Owl'/) p remote sensing 43
L ges vegetation indices 24
V machine learning 23
ege t . precision agriculture 21
r a thn . vegetation index 16
m In dl. deep learning 14
mach A O t CeS random forest 13
/ ( I spatial resolution 13
_ \CQSDG /@ar g ens . growth stages 12
& ch § b@ »Q’OL//;C/ n //79 I unmanned aerial 12
O N IN Uth data collection 10
2 P R ground truth 10
YN <
N .O study area 10
< ,"5\4 growth stage 9
,{,Qv QVT linear regression 9
Q§7) red edge 9
AN water stress 9
Total 257
Figure 7. Topics (bigrams) in the papers.
Table 5. Topics by journal quartile.
Bigram 01 Q2 NQ Total
remote sensing 43 0 0 43
vegetation indices 24 0 0 24
machine learning 21 0 2 23
precision agriculture 20 0 1 21
vegetation index 16 0 0 16
deep learning 12 1 1 14
random forest 12 0 1 13
spatial resolution 13 0 0 13
growth stages 11 0 0 12
unmanned aerial 9 0 3 12
data collection 10 0 0 10
ground truth 9 1 0 10
study area 10 0 0 10
rowth stage 9 0 0 9
inear regression 9 0 0 9
red edge 9 0 0 9
Total 3214 99 192 3505

From an editorial perspective, the concentration of core bigrams in Q1 outlets is

consistent with systematic differences in scope, audience, and resource requirements across
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journal tiers. Leading journals in remote sensing, precision agriculture, and artificial
intelligence position themselves as methodological reference venues targeting a global
research community; they tend to prioritize contributions that combine high-resolution
sensing, advanced learning models, and multi-site or multi-year datasets, which naturally
reinforces the central terminology of the field. By contrast, Q2 and non-indexed venues
more often publish exploratory or context-specific applications with narrower data and
infrastructure, which helps to explain their lower thematic centrality and citation impact.
This stratification suggests that access to analytical capacity, sensing infrastructure, and
interdisciplinary teams remains a key prerequisite for shaping the research agenda on
drones in smart agriculture.

The observed trends can be extrapolated to other productive sectors such as forestry,
mining, and environmental management, where the integration of remote sensors and
artificial intelligence enhances decision-making efficiency. In the business domain, these
results support the adoption of digital agriculture models and the implementation of
automated monitoring systems for traceability and sustainability. Their application across
different geographic regions would allow predictive models to be adapted to diverse
climatic and soil conditions, contributing to food security. Finally, the comparative analysis
by quartiles opens the possibility of projecting the temporal evolution of these research
lines and their transfer to new technological and productive contexts.

Table 6 summarizes the most relevant methodological findings from research on
drones applied to smart agriculture, classifying them by categories, employed techniques,
data sources, performance metrics, and core contributions. This organization helps identify
dominant technological and scientific trends, as well as methodological gaps that limit the
generalization and transferability of results.

Method Category: The thematic distribution reveals a wide methodological diversity,
with a predominance of applied lines focused on agricultural productivity and effi-
ciency. The most representative categories are Yield & Biomass Estimation (22.8%), UAV
Systems, Operations, Edge & Communications (15.2%), and Pest/Disease/Weed Detection
(12.1%), which indicate a shift from experimental approaches toward integrated and
field-based applications. In contrast, topics such as Cross-domain Al and Time Series
Models (1.5% each) show emerging consolidation, suggesting methodological areas still
under development.

Methods Used: Methodological convergence combines machine learning, remote sensing,
and 3D modeling techniques, consolidating an interdisciplinary framework that spans
from classical algorithms (RF, SVR, KNN) to deep networks (YOLOvV5, UNet, LSTM). This
pattern confirms a technical maturity in agricultural automation, where the combination of
fusion sensing, MCDM, and edge Al signals a trend toward more autonomous and adaptive
systems. Notably, hybrid methods are concentrated in the categories with the highest
proportion of studies (=50% of the total), demonstrating the widespread adoption of
artificial intelligence applied to UAVs.

Datasets: The analyzed datasets reveal marked heterogeneity in scale, origin, and struc-
ture, with a predominance of data obtained from RGB, multispectral, and thermal UAVs,
occasionally integrated with LiDAR and Sentinel-2 sensors. This diversity, represented
in 70% of the investigations, reinforces the ecological validity of the results while lim-
iting inter-context reproducibility. Consequently, studies with more rigorous field tri-
als and ground truthing (=20%) establish methodological benchmarks for the creation of
standardized repositories.

Performance: The reported performance indicators—such as R? values above 0.9, IoU
exceeding 70%, or reduced RMSE—demonstrate substantial advances in predictive accuracy
and in the detection of pests, water stress, and biomass. However, the heterogeneity of
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metrics hinders cross-study comparisons and limits replicability. It is noteworthy that
studies integrating deep learning and multitemporal analysis show the most significant
improvements in accuracy and computational efficiency.

Key Contributions: The main contributions focus on innovations in sensor integration, an-
alytical precision, and operational efficiency, highlighting the development of reproducible
models, open frameworks, and interactive DSS systems. It is important to note that the
most represented categories (22.8% and 15.2%) not only provide technical advances but
also yield direct economic implications in productivity and cost reduction. Overall, these
contributions consolidate a transition from a purely technological approach toward scalable
and sustainable agro-industrial solutions.

Limitations: Beyond productivity and impact indicators, the synthesis of study-level
limitations reveals several cross-cutting challenges for drone-based smart agriculture.
Three constraints appear in more than 60% of the analyzed studies: weak model gener-
alization (72% of works calibrated for specific crops, phenological stages, topographic
conditions or management regimes and rarely validated under substantially different
environments), data-standardization gaps (81% of studies lacking harmonized protocols
for sensor calibration, flight parameters, ground-truth collection or evaluation metrics),
and economic feasibility being neglected (89% of technical papers omitting cost-benefit
analysis, ROI calculations, or consideration of implementation barriers for smallholder
farmers). These patterns make it difficult to compare results or to reuse pipelines across
contexts and systems, even when predictive performance is high in the original setting.
Taken together, they indicate that reproducibility and scalability remain the most per-
sistent methodological bottlenecks and constitute a central thread for the discussion
developed in the next subsection.

The results indicate that the field of drones in smart agriculture is in a phase of
empirical consolidation, driven by the integration of Al, advanced sensors, and multiscale
modeling. Consequently, future research should prioritize the creation of comparative
protocols and standardized repositories to enable reproducible performance assessment.
Furthermore, the identified trends can be extended to sectors such as environmental
management, green mining, and intelligent reforestation, strengthening the cross-sector
applicability of UAV technology. Finally, the strong focus on crop yield studies highlights
the need to balance research efforts toward socioeconomic, ethical, and sustainability
dimensions to ensure a comprehensive and equitable impact.
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Table 6. Relevant results from the reviewed publications.
Method Category Methods Used Datasets Performance Key Contributions Limitations Refs. %/3'

o UAV.fnultispectljal calibra.tion; Multi-year field trials; MAE(?AI)ZAZ 0.19- Crgp/ sgason—speciﬁc . Limited generalizability across
Calibration & multi-sensor fusion (RGB; . 0.48 m=/m~; calibration frameworks; . )

. . . . cotton field ground 2 ) growth stages/environments; 3
Multi-sensor multispectral; thermal; data: UAV i MAE(N) = 0.80-1.21 g/m?; open-sourced multi-sensor librati lexity: [15,16,100] (45)
Integration hyperspectral); Alintegration (2% 70 |0 A8 NDVI error = 6.6% (canopy); UAV design; improved calibration complexity; :

for soil/ texture (RGB/MS/TIR) thermal A = 1.02 °C fusion pipelines compute/resource demands
CNN + Hough (CRowNet); UAV RGB/MS . B o . Robust pipelines for Shadows and weeds degrade
Crop Row & thresholding /segmentation; orthomosaics; public Detection rate = 93.6%; IoU |,/ canopy extraction; fast accuracy; crop/phenolo ) 4
Field-Structure g/ 5€g Lon, o > 70%; OA > 90%; Hon, racy; crop/p ogy [4,5,79,88]
Mappi OBIA/MIRS; computational ~ beet field images; UAS ( lume) = 0.71 canopy volume estimation; specificity; DEM/terrain e 6.1)
pping geometry imagery (NL) crop vetume) == cross-crop heuristics error propagation
Qodoman ) LI S AT g ot BLEUA =035 e seleniel Dopalenahs e o o
) - . . . High usability; mental Six interactive DSS modules i .
Economic Evaluation & Webtli:avsvegICDSIS:bucs)gﬂhty Various ggrl. datasets; demand “slightly high”; (open code); UAV profitability Cogniu;/e lotad,t ficity: [7,51,92] 3
DSS/MCDM Efestzsz, MCDI\CI) Elsr?; s;;l d llist/e Fviews profit 1 12.4%; evidence; criteria weights for samp 2 1C Oc? fext spec/l 1c1ty, e 4.5)
y 4 cost —€6.1/ha UAV selection unmodeled teatures/ costs
Remote Sensing NDVI/NDRE/GNDVI/EVI2 UAV RGB/MS; r = 0.60-0.80 (UAV vs. S2); Validates UAV superiority for Int bias i tellites: 3
Methodology (UAV vs. comparison; photogrammetry;  Sentinel-2; field NDRE improves irrigation vigor; NDRE efficacy; crrloer;l’.czgaifz lgcsi?i Cei ites; [11,53,57] (&5)
Satellite/Index Studies) ~ S2 vs. UAV correlation sampling issue detection multi-scale comparability p p ty ’
Reviews & Survevs Systematic literature review; Literature corpora SO mprehens}i:i maps of Time-window bias; 6
. 4 comparative analysis; (155+ studies; NR iseases/tech; arriers heterogeneous data quality; [8,18,23,50,69,85]
(Systematic/Scoping) digitalization revi last decade) and interventions; limited economic evidence O
1gitalization reviews legal /regulatory landscape
: Sub-field SM at low cost; : i : :
. GNSS-R; L-band passive Ground SM; airborne RMSE(SM) = 0.05-0.09 m3/m?; : ’ Site-specific calibration;
i/?élié X\lf?éeﬁesé?gzl& microwave; thermal-optical; L-band; UAV TIR/MS; rRMSEEWT) = 3.13%; C}Y\e]rs\éféaclflxi;fgf;us sensing-depth mismatch; [70,73,77,89,102] (756)
RF/ML for ENT/FMC/SLA  smallholder plots rRMSE(EMO) = 1% fnonitor% e emork vegetation cover effects '
. Accuracy = 93%; : -,
Time Series & Sequence L1 (Phenology-aware); - ay s ¢ weather +  AUC = 0.85/0.96/0.92; Phenology-conditioned health vl sub-model underfits; (0] 1
Models (Agri) lecision tree, spectra tree attributes Rz(yield) =0.21; ode’, ne ango ces; dependence on UAV pipelines (1.5)
time series RMSE = 50.18 cumulative health index
Precision landing; low-cost Operational readiness
sprayers; path-planning Field tests Landing error ~ - ik N .
UAV Systems, (NN7/optimization); FANET ~ (paddy/rice/PH); 6.8-13.3cm; PDR = 98.5%; (autopilotsprayers); real-time  Battery limits; comms loss; [12,55,60,61,6876, 10
Operations, Edge & . - L delay = . ~ . on-board Al robust FANET scenario-specific tuning; ~
Communications (AERO-FL); edge Al simulations; greenhouse elay = 45 ms; FPS ~ 15.5; routing: downtime legal/ tional barri 81-83,96] (15.2)
(YOLOv4/7, DeepSort); risk ~ comms capacity = 0.45 ha/h risk mg'd tn €gal/operational barriers
(GERT); comms (RSS/RTT) Sk modeing
Pest/Disease/Weed & XGBoost/ RF/ KNN (WLD); UAV RGB/MS; cherry Acc =94% (WLD); First UAV-ML WLD pipeline; Crop-specific tuning; )

- Faster-R-CNN/YOLOv5/8; . : - o . o o . real-time weed /cassava . ? . [3,17,52,71,74,75,
Individual-Plant K . orchards; cassava sets; F1 = 94.85%; IoU = 85.30%; Lo K small-object/occlusion errors; 8 (12.1)
Detecti OTSU; Detectron2; field RT § AP@0.5:0.95 = 0.960 detection; precise . o 78,94

etection crown/mask extraction ield RT images m 5:0.95 = 0. environment variability

crown delineation
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Table 6. Cont.

Method Category Methods Used Datasets Performance Key Contributions Limitations Refs. %/3'
Yield & Biomass RF/SVR/PLSR/GPR /Ridge/ ooV KGB/MS/HS R2up to 092 RMSE = 125, Lroebie/ TRslon boosts Spatial autocorrelation/ [2,9,58,59,63- 5
zzsséln;?\t/liggd/Ensemble) FlastlcNetCi )fGBoost; stacking; yield /biomass; C%(g}l;}; P{]?/[l S,'é{PD = 1.367,' (flowering/dough); RGB vs. over.f;ttl.?g-; ctrop / C;larletzl/ g[]%,g%,g%84,86,87, (22.8)

p inear models multi-temporal plots m reporte MS trade-offs specificity; stage dependence 93,

3D point douds; LIDAR/MST 1, \v RGB/MS; LIDAR;  RA(LAI) = 0.78-0.89; Cost-effective LAI/height
Phenotyping & 3D/LAI eome/tr ) I?AI /height ground LAI/height; R? > 0.8 (OBIA canopy maps; 3D morphology Cultivar/altitude/occlusion [10,19,54,62,95, 7 (10.6)
Canopy Modeling rgna in y"seedlin & high-res seedling volume); F1 > 98.5% tracking; automated sensitivity; dense canopies 101,103] )
grolsxlrath %(/ICDI) g images (seedlings) phenotyping
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4.2. Responses to the Research Questions

This section presents the responses derived from the systematic analysis of the
73 selected studies, aiming to address the research questions (RQs) formulated in the
methodological phase. Each RQ is examined individually, grounding the interpretation of
results in empirical evidence, bibliometric analysis, and thematic review. This approach
makes it possible to identify both the consolidated advances and the existing gaps within
the literature.

RQ1: What quartile levels are represented by the journals in which research on drones applied to
smart agriculture has been published?

Figure 8 and Table 7 illustrate the distribution and impact of the analyzed publications
according to the quartile level (Q1, Q2, and NQ) of the journals in which they were
published. The network and Sankey diagrams visualize the connection between quartiles,
databases, and publication years, while the table quantifies the citations and average
performance of each group, providing a comprehensive view of the prestige and scientific
reach of studies on drones in smart agriculture.

DL

ke Q1/(66)

Figure 8. Number of papers by quartile and source.

Table 7. Impact of papers by quartile.

Quartile Total Citations No. of Papers Citations per Paper
Q1 1598 66 24
2 7 2 4
NQ 22 5 4
Total 1627 73 22

The results indicate a clear concentration of scientific production in Q1 journals,
which include 66 of the 73 papers (90%) and accumulate 1,598 citations, with an average
of 24 citations per paper. This finding reflects that research on drones applied to smart
agriculture is predominantly published in high-impact journals indexed in databases
such as Scopus and IEEE Xplore. In contrast, Q2 and NQ levels comprise only seven
papers with a low average citation rate (4), evidencing limited visibility and thematic
consolidation. The dominance of Q1 journals also reveals a strong link with specialized
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outlets in precision agriculture, remote sensing, and artificial intelligence, confirming their
interdisciplinary positioning. Moreover, the temporal continuity from 2019 to 2025 suggests
sustained growth and scientific maturity in the field. Collectively, the metrics demonstrate
that research in this domain has reached a stage of methodological consolidation and
international recognition.

According to Duarte and collaborators [67], 88.8% of the papers analyzed were pub-
lished in Q1 journals, indicating a high academic quality in the scientific output on drones
applied to smart agriculture. Consistently, Nduku and colleagues [107] report that Q1 jour-
nals dominate both Web of Science and Scopus, making this quartile the main benchmark for
scientific dissemination in the field. Similarly, Lalrochunga, Parida, and Choudhury [108]
confirm that most of the reviewed journals belong to this quartile, supporting their as-
sertion with graphical representations and tables that strengthen the robustness of their
findings. Furthermore, Brenya, Zhu, and Sampene [44] highlight that in 2021, the most
representative quartile levels corresponded primarily to Q1, consolidating a sustained
trend toward publication in high-impact journals. Overall, the convergence among these
studies reflects a clear consensus on the predominance of Q1 as an indicator of excellence,
visibility, and scientific leadership in the field of drone-mediated smart agriculture.

The concentration of studies in Q1 journals demonstrates the robustness of this area
and its potential for transfer to other sectors, such as mining, forestry, and environmental
management. From a business perspective, these results support the integration of drones
and artificial intelligence into advanced monitoring systems and process optimization.
Finally, the observed trend can be replicated across other geographic regions and future
periods, consolidating smart agriculture as a global model of technological innovation
and sustainability.

RQ1a: How do research topics differ across journal quartiles, and what thematic patterns character-
ize higher-versus lower-impact outlets?

Table 8 presents a trigram distribution across quartiles showing that Q1 journals
overwhelmingly concentrate on the core vocabulary of the field, encompassing vegetation
indices, remote sensing concepts, and AI/ML/DL models applied to drone imagery. In con-
trast, Q2 journals account for a very small share of occurrences, mainly reflecting isolated
contributions on advanced methods such as convolutional neural networks, without config-
uring a distinct thematic niche. Rather than a clean gradient of topics, the results indicate
that both thematic centrality and methodological sophistication are strongly concentrated
in Q1, while Q2 and NQ provide complementary but clearly secondary contributions.

The analysis of journal quartile distribution reveals clear thematic differences across
Q1, Q2, and non-indexed (NQ) publications. As shown in the results, the overwhelming ma-
jority of trigrams identified in the corpus are concentrated in Q1 journals (2508 occurrences;
~95%), indicating that the core topics in drone-based smart agriculture are predomi-
nantly developed within high-impact outlets. These topics include difference vegetation
index, unmanned aerial vehicles, normalized difference vegetation, machine learning algo-
rithms/models, remote sensing data, UAV remote sensing, vegetation index NDVI, and
root mean square, which represent mature research lines that combine multispectral indices,
quantitative modelling, and UAV-based imaging for crop monitoring, stress detection, and
yield estimation. In this sense, Q1 journals define the dominant models and trends of the
field, positioning drones as high-resolution remote sensing platforms tightly coupled with
AI/ML/DL pipelines and rigorous error metrics, fully aligned with the “issues, models,
trends, and challenges” framework of this review.

In contrast, Q2 journals account for only 41 occurrences (~1.6%), generally capturing
more specialized or emerging themes, such as convolutional neural networks or neural
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networks CNNSs, but with very limited frequency. This pattern suggests that, while Q2
outlets do contribute to methodological developments, particularly in deep learning and
advanced image analysis, they do not constitute the central publication venues where the
conceptual and methodological core of drone-based smart agriculture is being shaped. Their
role is better understood as complementary, reinforcing selected cutting-edge techniques
without substantially redefining the thematic structure established by Q1 journals.

Table 8. Most frequent trigrams in drones and smart agriculture research by journal quartile.

Trigram NQ Q2 Total
difference vegetation index 13
unmanned aerial vehicles 11
normalized difference vegetation 10

machine learning algorithms
remote sensing data

uav remote sensing
machine learning models
root mean square
vegetation index ndvi
convolutional neural networks
leaf area index

mean square error

aerial vehicles uavs

crop water stress

different growth stages
multiple linear regression
satellite remote sensing

deep learning models

high spatial resolution
machine learning model
neural networks cnns
partial least squares

remote sensing technologies
support vector regression
vegetation indices vis

yield prediction model
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Meanwhile, NQ journals, with 93 occurrences (=3.5%), tend to present broader and
less technically dense topics, often focused on general UAV descriptions or high-level ML
concepts rather than detailed vegetation indices, sensor configurations, or quantitative eval-
uation metrics. These outlets occupy a more peripheral position in the publication system:
their contribution is useful for contextual or introductory discussions, for proof-of-concept
implementations, or for highly local applications, but remains marginal when compared
with Q1 journals in terms of setting research priorities and methodological standards.
Taken together, the quartile-stratified analysis for RQ1 shows that the key research topics,
modelling practices, and evaluative conventions in drones for smart agriculture are over-
whelmingly anchored in Q1 journals, whereas Q2 and NQ outlets provide incremental and
context-specific contributions without establishing a distinct thematic niche of their own.

These quartile-stratified trigram patterns are consistent with the structural asym-
metries discussed in Section 4.1: Q1 journals operate as global methodological refer-
ence venues, targeting a broad international audience and typically requiring data- and
compute-intensive study designs. By contrast, Q2 and NQ outlets more often host ex-
ploratory or context-specific applications with narrower datasets and infrastructure, which
helps to explain their lower thematic centrality and more peripheral role in shaping the
research agenda.
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RQ2: What countries lead research on drones applied to smart agriculture, and how is the global
scientific cooperation network structured?

Figure 9 and Tables 9 and 10 present the geographical distribution, academic impact,
and international cooperation patterns of research on drones applied to smart agriculture,
reflecting the leadership of certain countries in the scientific production of the field. The
choropleth world map shows the spatial concentration of publications, while the bar
chart highlights the ten most productive countries in terms of the number of papers. The
small cooperation panel in Figure 9 displays the only international co-authorship link
identified in the corpus (United States—China), underscoring the extremely sparse nature of
global collaboration.
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Figure 9. World map of total papers per country (top), top 10 most productive coun-
tries (bottom left), and country-level co-authorship link between the United States and China
(bottom right).
Table 9. Papers published by year.
Count Google Scholar IEEE ProQuest Scopus Taylor & Francis Online Total
Yy & Xplore p Y
China 1 0 3 15 0 19
Us 0 3 2 6 0 11
Italy 1 0 1 6 0 8
Canada 0 0 0 5 0 5
India 3 0 1 0 1 5
Spaln 0 0 0 4 1 5
Total 9 15 12 68 2 106

The results indicate that China leads in production with 19 papers and an H-Index of
32, demonstrating its scientific maturity and sustained capacity for knowledge generation.
It is followed by the United States, with 11 papers and an H-Index of 26, consolidating
its position as a benchmark in innovation and technological application. Italy, despite
having only eight papers, exhibits the highest average number of citations per paper (47),
reflecting its strong influence and specialization in precision agriculture and remote sensing.
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Countries such as Spain, Australia, and Canada show intermediate values, maintaining
a good balance between quantity and impact. Likewise, South Africa and Pakistan stand
out for their notable citation efficiency (H-Index of 35 and 26, respectively), indicating
focused yet high-quality research. The global distribution demonstrates that scientific
powers concentrate both productivity and impact, while emerging countries are beginning
to consolidate themselves as new innovation hubs in smart agriculture.

Table 10. Research impact by country.

Country No. of Papers Pazg:;rs No. of Citations Clt?,}:)o ns H-Index  Citations/Paper
China 19 17.9 292 12.5 3216 15.4
uUs 11 10.4 262 11.2 1999 23.8
Italy 8 7.5 376 16.0 1257 47.0
Canada 5 47 82 3.5 769 16.4
India 5 4.7 51 2.2 258 10.2
Spain 5 4.7 174 7.4 766 34.8
Australia 4 3.8 91 3.9 705 22.8
Germany 4 3.8 51 22 749 12.8
Greece 4 3.8 13 0.6 517 3.3
Netherlands 3 2.8 38 1.6 535 12.7
Pakistan 3 2.8 79 34 629 26.3
South Africa 3 2.8 127 54 335 42.3
UK 3 2.8 25 1.1 566 8.3
Bangladesh 2 1.9 37 1.6 356 18.5
Iran 2 1.9 32 1.4 356 16.0
Japan 2 1.9 41 1.7 434 20.5
Total 106 100.0 2345 100.0 16733 221

Although the cooperation network extracted from the corpus is sparse and reveals
only a single recurring international link, between the United States and China, this dyad
represents the dominant collaborative structure in the dataset. No additional multi-country
clusters were detected, indicating that international collaboration remains highly concen-
trated and limited in scope.

The country distribution reported in Table 9 allows for a clear distinction between high-
income countries (e.g., China, the United States, and other highly represented economies)
and low- and middle-income countries (e.g., India, South Africa, and other emerging
economies that appear with fewer publications). This comparison shows that the bulk of
the scientific production on drones in smart agriculture is concentrated in a relatively small
group of high-income or upper-middle-income countries, while contributions from low-
and middle-income countries remain comparatively limited despite their strong depen-
dence on agriculture. This pattern reinforces the existence of a technological and knowledge
gap that affects the Global South and motivates the context-specific recommendations pro-
posed in the discussion section.

According to Nicoleta Darra and collaborators [36], China and the United States
lead scientific production in the field of drones applied to smart agriculture, an outcome
explained by their high level of investment in research and development. In line with this,
Singh and colleagues [42] expand this perspective by including Spain among the countries
with the greatest number of publications, thereby evidencing a progressive expansion of
research toward Europe. Similarly, Rejeb and his team [26] concur in identifying these
nations as the main poles of scientific knowledge production and dissemination in this
field. It is also worth noting that Ndour and other authors [109] reinforce this view by
confirming that China and the United States account for the highest number of published
studies, further consolidating their position as global leaders in agricultural technology
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development. Although Guimaraes and collaborators [38] offer a complementary approach
by emphasizing the joint leadership of North America and China, their analysis converges
in the same direction, identifying a concentration of knowledge in regions with high
scientific and technological capacity. Comparative studies reveal a clear hegemony of China
and the United States in academic production, accompanied by the growing participation
of European countries, shaping a global landscape of leadership with well-established
research centers.

These patterns have concrete implications for countries in the Global South. The
concentration of research outputs in high-income countries highlights the need for targeted
knowledge-transfer mechanisms rather than generic collaboration strategies. For low- and
middle-income countries such as India, South Africa or Pakistan, whose scientific presence
is smaller but growing, progress in drone-based smart agriculture depends on (i) localized
capacity-building programs focused on UAV operation, agronomic data interpretation
and digital skills; (ii) cooperative or service-based drone models that reduce acquisition
and maintenance costs for smallholder farmers; and (iii) regulatory frameworks that
simplify certification and flight permissions for agricultural UAVs. Strengthening South—
South collaboration networks is also essential, as these countries share similar crop types,
production constraints, and infrastructural challenges. These actions help mitigate the
technological and knowledge gap observed across income groups and enhance the practical
usefulness of drone technologies in resource-constrained agricultural systems.

RQ3: What thematic categories are identified in studies addressing the use of drones and their
influence on smart agriculture?

Figure 10 and Table 11 present the thematic map and the metrics associated with
the density and centrality of the topics identified in the literature on drones and smart
agriculture. The chart illustrates the strategic position of each theme within the scientific
domain, classifying them into driving, basic, specialized, and marginal themes, while the
table details the level of development (density), relevance (centrality), and the number of
citations and documents linked to each category.
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Figure 10. Thematic map.

The results show that “UAS Phenotyping” stands out as a motor theme, with high
density (0.98) and centrality (0.72), reflecting its strong methodological development and
transversal relevance in the application of drones for crop phenotyping analysis. The basic
themes, represented by “UAV CropSensing” and “Smart Farming,” exhibit high centrality
and citation counts, confirming their structural role in consolidating the field of smart
agriculture. In contrast, marginal themes such as “Agricultural AL,” “Drone Agriculture,”
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“Precision UAVs,” and “Precision Agriculture” display low density and centrality, indi-
cating areas still in expansion or with limited conceptual cohesion. Nevertheless, their
high number of citations and documents suggests that they represent emerging research
lines with potential for further maturation. The predominance of topics related to artificial
intelligence and precision agriculture systems demonstrates the growing convergence
between automation, data analytics, and agricultural sustainability. Overall, the thematic
map reflects a consolidating research ecosystem where drones act as an articulating axis
between technological innovation and efficient resource management.

Table 11. Key topics by density and centrality by thematic category.

. . . Total Total
Topic Density Centrality Citations Documents Category

UAS Phenotyping 0.98 0.72 603 12 *
UAV CropSensing 0.49 0.84 1091 24 asic
Agricultural Al 0.12 0.14 2097 61

Precision UAVs 0.10 0.23 1924 53

Drone Agriculture 0.07 0.18 2347 71

Precision Agriculture 0.06 0.13 1729 46

Smart Farming 0.06 0.66 1928 45

Data-Driven Agriculture 0.02 0.09 1874 55

Precision AgriDrones 0.02 0.18 2106 61

While ‘precision agriculture” and ‘smart farming’ appear as basic/marginal themes,
they lack integration with socioeconomic feasibility frameworks that would enable practical
adoption in resource-constrained settings, representing a significant opportunity for future
interdisciplinary research.

It is worth noting that Escandén-Panchana and collaborators [39] also identify “preci-
sion agriculture,” associated with UAVs, DEM, and LiDAR, as a motor theme, reinforcing
the relevance of remote sensing systems in the field’s evolution. Although their study
emphasizes integration with geomatics, the present analysis positions it as a marginal
yet significant category due to its wide interdisciplinary connectivity. Complementarily,
Armenta-Medina and colleagues [110] describe a three-stage thematic evolution in which
“remote sensing” and “precision agriculture” emerge as universal topics in the most recent
periods, driven by technologies such as UAVs, NDVI, and GIS. In contrast, their focus on
advanced tools, such as DGPS and geospatial kriging, broadens the technical understand-
ing of the domain. Altogether, the reviewed studies reveal that research on drones and
smart agriculture has shifted from instrumental topics toward integrated approaches en-
compassing automation, geospatial analysis, and artificial intelligence, thus consolidating
an interdisciplinary and continuously expanding field.

The identified themes can be applied to sectors such as forestry, environmental man-
agement, and agribusiness, where the use of drones and advanced analytics enhances the
optimization of production processes. Moreover, the expansion of marginal topics into
new geographic regions would allow the adaptation of smart agriculture models to diverse
climatic and socioeconomic contexts. Finally, the longitudinal monitoring of these themes
will help project the temporal evolution of scientific knowledge, promoting the integration
of autonomous and machine learning technologies in the digital transformation of the
global agricultural sector.

RQ4: How does the co-citation frequency among authors manifest in studies addressing the use of
drones and their impact on smart agriculture?

The co-citation structure is examined through a global network (total) and a focused
subgraph highlighting the top five most co-cited authors (Figure 11), enabling a combined
macro—-micro perspective on the intellectual foundations of the field. Table 12 complements

https://doi.org/10.3390/su18010507


https://doi.org/10.3390/su18010507

Sustainability 2026, 18, 507

28 of 40

these visualizations by quantifying the strength of each author-author linkage, ensuring

precise interpretation of the most influential relationships.
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Figure 11. Bibliometric network by co-citations. (a) total, (b) top 5.
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Table 12. Co-citation between authors.
Citation1 Citation2 Weight Citation1 Citation2 Weight

li x. wang j. 17 wang j. zhang z. 15

li x. zhang z. 17 wang X. wang y. 15

yang g. yang X. 17 wang Xx. zhang 1. 15
zhang L zhang z. 17 wang X. zhang y. 15
cao w. tiany. 16 zhang j. zhang L. 15

Ccao w. zhuy. 16 zhang L. zhang y. 15
feng h. yang g. 16 zhang y. zhuy. 15

li x. zhang 1. 16 feng h. li z. 14
tiany. zhuy. 16 feng h. yang X. 14
wang j. zhang L. 16 lij. wang j. 14
liz. yang g. 15 li x. liy 14

liuj. zhang L. 15 li x. wang X. 14

liuj. zhang y. 15 li x. wang y. 14
wang j. zhang y. 15 liuj. wang j. 14
wang j. zhang z. 15 liuj. zhang z. 14

As shown in the results, the full network reveals an extremely dense co-citation
core, indicating a relatively concentrated set of foundational papers that guide the field’s
conceptual and methodological evolution. The strongest links, li x.—wang j., li x.—zhang
z., yang g.—yang X., and zhang l.-zhang z. (weight = 17), suggest a dominant cluster that
centralizes the intellectual trajectory of the domain. According to the patterns displayed
in the top-five subgraph, zhu y., wang j., zhang z., li x., and yang g. function as the key
bridging authors with high intermediary roles across research lines. Intermediate-strength
links (weights 14-16), such as cao w.—tian y., feng h.—yang g., and li z—yang g., work as
connectors between the dominant core and peripheral subgroups, revealing thematic and
methodological convergence across different research communities. The recurring author
surnames (li, wang, zhang, yang, zhu) point to a strong geographical concentration of
the knowledge base, likely centered in Asian institutions, suggesting dependence on a
relatively homogeneous epistemic community.

In comparison with other studies, Rejeb and colleagues [26] and Slimani, El Mhamdi,
and Jilbab [105] also identified clusters of key authors through co-citation analysis, setting
thresholds of 20 and 25 joint citations, respectively, which further supports the methodolog-
ical robustness in identifying intellectual networks within the field. It is noteworthy that
authors such as Girshick, He, and Zhang X. were reported as highly influential, in clear
agreement with the findings of this paper, which highlight strong relationships among
recurrent researchers. Similarly, Diaz Lara and collaborators [35] and Mustafa and his
team [37] emphasized the relevance of Zhang and Wang, thereby confirming the thematic
consistency and persistence of their contributions throughout the literature. Although
co-citation patterns exhibit slight variations among studies, all converge in recognizing
a stable core of authors driving the scientific advancement of the area. In contrast, Wang
and colleagues [43] adopted a more dynamic approach by linking co-citations with evolv-
ing thematic clusters, identifying nodes such as Colomina I. as central references. These
comparisons reveal a consolidated and expanding academic network in which certain
authors act as intellectual anchors, articulating the evolution of knowledge on drones and
smart agriculture.

These findings indicate the need to systematically contrast the dominant cluster’s
contributions with evidence from other sectors and business domains (e.g., logistics, manu-
facturing, energy, services) where similar technologies may be applied. The observed geo-
graphical concentration underscores the importance of expanding bibliographic searches
and bibliometric analyses to other regions (e.g., Europe, Latin America, Africa) to capture
contextual variations and mitigate potential regional bias. Moreover, this co-citation struc-
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ture should be re-evaluated in future periods to assess whether the identified core stabilizes
as a long-term intellectual canon or whether emerging authors and schools reshape the
field’s knowledge architecture.

RQ5: How do keywords frequently co-occur in studies addressing drones and their impact on
smart agriculture?

Figure 12 and Table 13 illustrate the most frequent conceptual relationships identified
within the scientific literature on drones and smart agriculture. The “Weight” column
represents the frequency (count) with which each pair of keywords co-occurs in the re-
viewed papers, indicating how often these concepts appear together within the same study.
This analysis reveals the terms that cluster around central thematic axes, highlighting
the synergies between techniques, technologies, and predominant applications across the
reviewed studies.
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Figure 12. Bibliometric network of keywords.

The results show that “precision agriculture” is the main node of the network, ex-
hibiting the highest co-occurrences with terms such as “ml” (“machine learning”), “uav”
(“unmanned aerial vehicle”), and “remote sensing”, which reflects the integration between
machine learning, unmanned aerial vehicles, and remote sensing in agricultural optimiza-
tion. The connection between “deep learning” and “precision agriculture” confirms the
expansion of neural networks in crop recognition, yield estimation, and early disease detec-
tion. Associations with “vegetation indices” and “plant detection” reinforce the importance
of spectral indicators and computer vision in agronomic decision-making. Likewise, the
appearance of terms such as “3D point cloud from photogrammetry” and “leaf area index
(LAI)” suggests the incorporation of three-dimensional models and structural metrics in
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the analysis of plant morphology. Taken together, the network shows a clear convergence
amonyg artificial intelligence, remote sensing, and spatial modeling as technological pillars

of smart agriculture.

Table 13. Co-occurrence table between keywords.

Keyword1 Keyword2 Weight
ml precision agriculture 8
precision agriculture uav 7
ml remote sensing 5
precision agriculture remote sensing 5
precision agriculture vegetation indices 5
deep learning precision agriculture 4
drones precision agriculture 4
remote sensing unmanned aerial vehicle 4
plant detection precision agriculture 3
precision agriculture uav remote sensing 3
3d point cloud from photogrammetry  crop phenotyping 2
3d point cloud from photogrammetry leaf area index (lai) 2
3d point cloud from photogrammetry  precision agriculture 2

Figure 13 illustrates the frequency and relevance of the keywords used in the reviewed
papers. Both complementary representations reveal the conceptual structure of the research
field, highlighting the terms that articulate the convergence between emerging technologies,
artificial intelligence, and precision agricultural processes.
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Figure 13. Keywords per paper.

The results confirm that “precision agriculture” is the dominant term, with 36 occurrences,
reaffirming its role as the central axis in the application of drones for efficient crop man-
agement. It is followed by “ml” (machine learning) and “remote sensing,” both appear-
ing 14 times, indicating a strong integration between machine learning and remote sens-
ing as key analytical tools. The terms “UAV” and “unmanned aerial vehicle” (12 and
10 occurrences, respectively) highlight the importance of aerial platforms in agricultural
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data acquisition. Likewise, “deep learning” and “vegetation indices” suggest the use of
neural networks and advanced spectral metrics for crop detection and health monitoring.

” o

Words such as “object detection,” “smart farming,” and “yield prediction” consolidate the
predictive and automated approach that characterizes digital agriculture. Altogether, the
frequency and co-occurrence of these terms reveal a mature field with a strong technological
foundation and a clear orientation toward sustainability and data-driven decision-making.

o

The most frequent keywords in this study, “precision agriculture,” “ml,” “remote sens-

ing,” “uav,” “unmanned aerial vehicle,” and “deep learning,” coincide with those identified
by Rejeb and collaborators [26], confirming the centrality of these concepts in the literature
on drones and smart agriculture. Similarly, Gokool and colleagues [106] highlight “remote

e

sensing,” “uavs,” and “machine learning” as core terms, consolidating their relevance as
the main axes of scientific production. Meanwhile, studies such as those by Abrahams and
co-researchers [31] together with Yacoob and his research team [46] broaden this framework
by incorporating agro-environmental terms like “ndvi” and “canopy temperature,” reflect-
ing a conceptual evolution toward the integration of vegetation and water-stress indicators.
Although each paper differs in the ranking of terms, all converge in the recurrent presence
of sensing and machine learning technologies. In contrast, Abdollahi and co-authors [41]
offer a more structured perspective by organizing the keywords into five thematic clusters,
evidencing the diversity and cross-disciplinary scope of the field. Comparative results

i

confirm that “uav,” “ml,” and “rs” represent the terminological pillars of the domain,
around which the other emerging research lines in smart agriculture revolve.

The observed trends can be extrapolated to other sectors, such as forestry, environmen-
tal management, and smart mining, where the combination of drones, machine learning,
and remote sensing improves operational efficiency. In the business domain, these find-
ings foster the creation of digital innovation ecosystems that integrate sensors, Al, and
predictive analytics to optimize processes. Finally, the expansion of these research lines into
new geographic regions and future periods will strengthen global precision agriculture,
adapting it to different climatic and productive realities.

Application trends and country-level implications

Taken together, the evidence gathered in RQ1-RQ5 delineates a clear application
trajectory for drones in smart agriculture. Early studies in the field concentrated on
experimental plots and single high-value crops, using vegetation indices derived from
UAV or satellite imagery to monitor crop vigor and estimate yield. Subsequent work
progressively integrated machine and deep learning models, multispectral and thermal
sensors, and wireless sensor networks, leading to increasingly automated pipelines for yield
prediction, water-stress assessment, and disease detection. The most recent contributions
combine UAVs with IoT architectures, cyber—physical systems, and digital platforms for
farm management, moving from isolated experiments towards more operational decision-
support systems.

When these trends are contrasted with country realities, differentiated adoption path-
ways emerge. In high-income and upper-middle-income countries with consolidated farm
structures and robust digital infrastructure, the frontier lies in scaling multi-sensor DL
models, edge computing, and digital twins to optimize inputs and reduce environmental
impacts. By contrast, in agrarian economies with a high share of smallholder farmers,
limited connectivity, and constrained budgets, the most viable short- and medium-term
strategies consist of low-cost RGB UAVs, service-based models (e.g., cooperative or “drone-
as-a-service” schemes), and cloud platforms that lower entry barriers. For these contexts,
prioritizing applications such as water-stress monitoring, basic yield mapping, and early
detection of pests and diseases can deliver tangible benefits with relatively modest techno-
logical complexity. In this way, the identified research trends translate into differentiated,

https://doi.org/10.3390/su18010507


https://doi.org/10.3390/su18010507

Sustainability 2026, 18, 507

33 of 40

country-sensitive roadmaps that support the progressive and equitable adoption of drones
in smart agriculture.

5. Conclusions and Future Research

The results of this systematic review reveal a landscape of methodological consol-
idation and thematic expansion regarding the use of drones in smart agriculture. First,
in relation to RQ]I, there is a clear concentration of scientific production in Q1 journals,
reflecting high methodological rigor and the growing relevance of the topic in prestigious
international academic forums. This predominance indicates that research in this area
has reached sufficient maturity to position itself at the core of the global scientific agenda
focused on agricultural digitalization and productive sustainability. Concerning RQ?2, the
most productive countries, primarily China, the United States, and Spain, demonstrate
strong scientific and technological leadership, supported by their investment in R&D and
advanced digital infrastructure. This geographical dominance reveals an asymmetry in
knowledge generation, where nations with greater technological resources drive the frontier
of innovation, while developing regions advance more slowly in the effective adoption of
these emerging technologies. Meanwhile, RQ3 makes it possible to identify a set of robust
thematic categories centered on precision agriculture, remote sensing, and deep learning,
which structure the conceptual map of the field. The evolution toward integrative topics,
such as agricultural Al and UAV crop sensing, illustrates a trend toward the convergence
of analytical models, intelligent automation, and predictive crop management. RQ4 and
RQ5 further reveal consolidated co-citation structures and stable co-occurrence patterns in
which authors such as Zhang, Wang, and Girshick, together with core topics like vegetation
indices, machine learning, and UAV remote sensing, act as central nodes of the knowledge
network in this domain. Taken together, the findings reflect a growing discipline that
combines analytical rigor, technological applicability, and international synergy.

In summary, the reviewed papers confirm that research on drones in Smart Agriculture
has moved beyond exploratory stages, reaching a phase of maturity characterized by a
strong methodological foundation, empirical validation, and global articulation. However,
challenges persist regarding metric standardization, sensor interoperability, and technolog-
ical accessibility in small-scale agricultural contexts. These limitations highlight the urgent
need for standardized datasets and benchmarking protocols that enable fair comparison of
methodologies and promote technological transfer to Global South regions.

From a practical standpoint, the synthesis presented in this review suggests several
priority lines of action for governments, funding agencies, and agricultural stakeholders.
Countries seeking to accelerate drone adoption in Smart Agriculture should invest in
shared data infrastructures, such as open, quality-controlled repositories of UAV imagery
and ground-truth measurements, to lower entry barriers for researchers, start-ups, and
cooperatives. In parallel, policy instruments that support cooperative or service-based
models (for example, drone-as-a-service schemes operated by producer organizations,
extension services, or local SMEs) can make UAV technologies accessible to smallholder
farmers who cannot afford individual ownership. In contexts with limited connectivity and
restricted budgets, it is also crucial to promote low-cost RGB platforms, simplified analytical
workflows, and cloud-based processing services, prioritizing applications with immediate
impact such as water-stress monitoring, basic yield mapping, and early detection of pests
and diseases.

These equity-oriented recommendations should be interpreted considering the na-
tional productivity and collaboration patterns identified in this review, where a small group
of high-output countries concentrate most publications and occupy central positions in
co-authorship networks, while many regions, particularly those dominated by smallholder
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agriculture, appear as marginal contributors. Based on this asymmetry, a more practical,
tiered approach to technology dissemination and capacity-building can be envisaged. For
high-capacity research hubs, priority actions include leading open data and code initiatives,
coordinating multi-country UAV testbeds, and designing interoperable platforms that can
be reused by partners with fewer resources. For intermediate economies, joint projects,
co-supervised theses, and regional training schools can help translate methodological ad-
vances into locally adapted solutions. In smallholder-dominated regions, emphasis should
be placed on low-cost service models (e.g., UAV service providers or cooperatives), training
of extension agents and local technicians, and participatory schemes for data governance,
ensuring that drones and Al are embedded in existing sociotechnical systems rather than
imported as isolated technological artefacts. In all cases, funding agencies and interna-
tional programs have a critical role in incentivizing collaborative consortia that include
underrepresented regions as equal partners, rather than mere data sources.

From a theoretical perspective, this review contributes to the literature by positioning
drones as central enabling technologies within a multi-layer sociotechnical system that
integrates sensors, AI/ML/DL models, farm management platforms, and institutional
arrangements. Our results show that research productivity, journal quartile, and topic
centrality co-evolve with national digital capacity, making the technological equity gap
between high-income and low /middle-income countries a structural property of the field
rather than a marginal side effect. Moreover, the combined use of Kitchenham’s SLR
guidelines, Petersen’s systematic mapping, and PRISMA 2020 reporting allows us to
articulate a coherent framework that links methodological quality, bibliometric structure,
and application domains. This framework provides a theoretically grounded lens through
which future studies can analyze the evolution, diffusion, and governance of drone-based
Smart Agriculture across diverse territorial and socioeconomic settings.

This review is subject to several limitations. First, the literature search was deliberately
restricted to the period 2019-July 2025 and to five major academic databases. There is a
substantial body of pre-2019 work on UAV-based remote sensing and digital agriculture, as
well as studies indexed in additional specialized or regional databases. However, covering
the entire historical trajectory and all possible sources would require a much broader and
more heterogeneous corpus, together with a complete redesign of the search, screening, and
quality-assessment procedures. In this study, we therefore focus on the most recent wave of
Al/ML-enabled drone applications for smart agriculture, and we build on earlier reviews
and bibliometric mappings that have already documented foundational developments.
As a result, our findings should be interpreted as characterizing recent research dynamics
within a clearly defined corpus, rather than providing an exhaustive census of all existing
work on drones in agriculture.

Future research should focus on integrating advanced artificial intelligence, IoT sen-
sors, and autonomous systems aimed at improving pest detection, water use efficiency, and
yield prediction, while simultaneously embedding explicit ethical and data-governance
frameworks. In addition to technical performance, future efforts should promote inter-
national collaborations and prioritize the creation of open, annotated, multi-crop, and
multi-seasonal datasets that include raw sensor data (RGB, multispectral, thermal) and
their corresponding reference measurements, enabling robust model benchmarking and
transfer of learning across diverse agricultural contexts.

Advancing these agendas requires coordinated action from multiple stakeholders.
Funding agencies and international programs can mandate open data, reproducible
pipelines, and inclusive multi-country consortia. The academic community should design
solid benchmarks, document methods and datasets, and provide interdisciplinary train-
ing linking agronomy, Al, and data governance. Industry associations and technology
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providers must offer interoperable platforms and business models (e.g., drone-as-a-service)
adapted to smallholder realities. Policymakers should define clear rules on data owner-
ship, privacy, and liability, while farmer organizations and cooperatives help set priorities,
validate use cases in real conditions, and ensure fair benefit sharing. Through this shared
responsibility, open datasets, consent mechanisms, and ethical governance can move from
principles to concrete practice in Smart Agriculture.

Crucially, these developments must be accompanied by transparent rules for data
sharing, participatory consent mechanisms, and policies that prevent the concentration of
informational power in a small group of technology providers or large farms. To ensure
effective and equitable adoption—particularly in family farming systems—research should
also design integrated feasibility frameworks that combine technical performance metrics
with cost-benefit analyses and assessments of digital literacy requirements, thereby aligning
technological innovation with social, economic, and governance conditions in real-world
agricultural settings. Additionally, interdisciplinary studies that integrate socioeconomic
and environmental dimensions are essential to strengthen the sustainable and equitable
adoption of drone technologies in agriculture globally, ensuring that the benefits of smart
agriculture are not confined to a small group of technologically advanced countries but
become accessible to the Global South as well.
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