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Abstract: In this study, we conducted a scoping review and bibliometric analysis to evaluate the
state-of-the-art regarding actual applications of unmanned aerial vehicle (UAV) technologies to guide
precision agriculture (PA) practices within smallholder farms. UAVs have emerged as one of the most
promising tools to monitor crops and guide PA practices to improve agricultural productivity and
promote the sustainable and optimal use of critical resources. However, there is a need to understand
how and for what purposes these technologies are being applied within smallholder farms. Using
Biblioshiny and VOSviewer, 23 peer-reviewed articles from Scopus and Web of Science were analyzed
to acquire a greater perspective on this emerging topical research focus area. The results of these
investigations revealed that UAVs have largely been used for monitoring crop growth and devel-
opment, guiding fertilizer management, and crop mapping but also have the potential to facilitate
other PA practices. Several factors may moderate the potential of these technologies. However, due
to continuous technological advancements and reductions in ownership and operational costs, there
remains much cause for optimism regarding future applications of UAVs and associated technologies
to inform policy, planning, and operational decision-making.

Keywords: Biblioshiny; drones; food security; machine learning; smart agriculture; smallholder
farming; UAV

1. Introduction

Food insecurity has been gradually increasing and remains a major concern to the
global population [1-6]. While agricultural production has substantially increased over
the past few decades, the demand for food to sustain the expanding population continues
to increase [7]. The limited availability of arable land and water resources, the impacts
of climate change, and the need to promote environmentally sustainable agricultural
practices [8-10] are likely to accentuate the pressures exerted upon existing agricultural
food production systems [11-13].

Subsequently, eradicating hunger and malnutrition by 2030 appears to be an elusive
goal that has been further compounded by the impacts of the COVID-19 pandemic [3].
Considering that many of the aforementioned challenges are likely to play a more promi-
nent role in the future, the longevity and productivity of these agricultural food production
systems are under significant threat [4]. With many of these systems unable to keep
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pace with existing food demands, there is a need to improve their sustainability and pro-
ductivity [14]. This is particularly relevant for smallholder farms, which, despite their
relatively small size (less than two hectares), are major contributors to agricultural food
production, food security, and socio-economic development [15]. However, many of these
smallholder farmers lack critical resources and financial support. Subsequently, their actual
productivity severely lags their potential, ultimately limiting their ability to improve food
security [7,15]. To remedy this situation, these smallholder farmers require cost-effective
and context-specific information to guide their operations to maximize their productivity
while optimally utilizing their available resources [7,16].

Over the past decade, the precision agriculture (PA) paradigm has been gaining
traction within the agricultural sector and is potentially well suited to deliver on the afore-
mentioned targets. PA practices involve the application of several bespoke management
interventions and strategies that are guided and informed by state-of-the-art in data col-
lection, analysis, and communication technologies to enhance crop productivity, reduce
unnecessary losses of critical resources such as water and nutrients as well as mitigate
potential harmful impacts on the environment [17,18]. According to Boursianis et al. [18],
in recent times, the agricultural sector has appeared to be embracing the fourth industrial
revolution, with remote sensing technologies featuring quite prominently in PA applica-
tions. Although remote sensing has been used for various agricultural applications since
the late 1970s, recent advancements in satellite earth observation technologies, unmanned
aerial vehicles (UAVs), and geospatial cloud computing have created new and exciting pos-
sibilities to more effectively utilize these technologies as decision-support tools to optimize
agricultural operations by supporting crop management interventions such as monitoring,
mapping, irrigation, and plant diagnosis to name a few [6,18,19]. However, the use of these
technologies specifically for crop monitoring to guide PA applications such as fertilizer ap-
plication and management, crop water use, crop vigor, and yield assessment have featured
most prominently across smallholder multi-cropping farming systems [20-24].

Despite their potential for PA applications, the characteristics of remote sensing sen-
sors, i.e., their spatial, spectral, and temporal resolution, largely dictate how these technolo-
gies can be effectively utilized. Generally, a trade-off exists between the spatio-temporal
resolution of freely available and publicly accessible satellite earth observation datasets. For
example, Landsat (at 30 m) and Moderate Resolution Imaging Spectroradiometer (at 250 m)
imagery are characterized by spatial resolutions that are generally too coarse for small
fields with mixed crops. Furthermore, the temporal resolution of satellite sensors which can
be further compounded by cloud cover may limit their feasibility for routine monitoring
of crops throughout the growing season [20,25-28]. While more advanced satellite-earth
observation systems and manned-aerial vehicles can overcome these spatio-temporal limi-
tations, the costs associated with data acquisition through these platforms often limit their
use for widespread PA applications [29].

The unique characteristics of UAVs, also known as drones, such as their ability to
provide a cost-efficient means of accessing high-quality spatially explicit data at user-
defined intervals, have seen them emerge as one of the most promising tools to facilitate PA
practices [3,29,30]. Despite their immense potential, these technologies possess limitations,
which may limit their feasibility for PA applications [3,6,30]. With the application of UAVs
in agriculture becoming more prevalent and their potential to facilitate PA practices in
smallholder farms being increasingly recognized, it is important to develop a deeper
understanding regarding the state of play on the use of UAVs for crop monitoring to
facilitate PA practices in the context of smallholder farms.

While the evaluation of UAVs for PA has been well-documented [3], there are limited
reviews focusing specifically on smallholder farm applications. Nhamo et al. [7] examined
the potential PA applications of UAVs in smallholder farms to improve water use efficiency
and enhance agricultural productivity. Sibanda et al. [30] evaluated the potential of using
UAVs to assess water quality and quantity. They highlighted existing challenges and
prospective opportunities to utilize these technologies to improve crop water productivity
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in smallholder farms. Although these reviews were comprehensive and yielded new and
invaluable insights, they largely focus on the potential of UAVs, specifically in mapping
irrigation water quality and quantity and evaluating their potential in mapping irrigated
farms. Subsequently, our knowledge and understanding of how these technologies are
being utilized to monitor crops in smallholder farms to facilitate PA applications are
limited. To address this knowledge gap, in this study, we provide an up-to-date and concise
bibliometric and systematic evaluation of literature pertaining to the actual applications of
UAVs for crop monitoring in smallholder farms to facilitate PA. It is envisaged that this
study will complement the aforementioned reviews and expand upon the existing body
of knowledge on this emerging topical research focus area. Furthermore, this review can
serve as a potentially useful resource to acquire greater insight into using UAVs to facilitate
PA practices in smallholder farms before utilizing these technologies within these settings.

To this end, a scoping review was performed in this study to explore and evaluate the
use of UAVs to monitor crops in smallholder farms to facilitate PA, whereby the term crops
is inclusive of grains, fruits, or vegetables within the context of this study. The techniques
involved in bibliometric and scientometric research, such as mapping, clustering, co-
citation, and co-occurrence analyses, are commonly utilized to gain a greater perspective
on a particular research topic [6,31]. The use of tools such as Biblioshiny and VOSviewer
has become a common practice among researchers to facilitate this process [32-34] as they
allow for trends to be more easily identified and visualized by (i) highlighting the research
that has shaped our understanding of a particular research focus area, (ii) identifying key
themes within the literature, (iii) illuminating the links between these themes, and (iv)
exploring their evolution over time [6,30,35,36].

This scoping review aims to address the following specific objectives:

e  Identify influential journals, publications, and prominent authors within this research
focus area;

e Identify thematic areas for which UAV-based crop monitoring has been applied to
facilitate PA and the methods used across these areas;

e  Discuss the challenges experienced and potential opportunities for future research to
benefit smallholder farmers.

This review is organized as follows: Following the introduction, the methods used to
select and evaluate the literature is presented in Section 2, whereas the key findings of the
bibliometric analysis are described in Section 3. In Section 4, we present an overview of
the general trends, challenges, and future opportunities relating to using UAVs to monitor
crops in smallholder farms to facilitate PA. Finally, the conclusions and limitations of the
study are presented in Section 5.

2. Materials and Methods

The bibliometric database was compiled by searching the Scopus and Web of Science
(WoS) abstract and citation databases for keywords and variants on 6 December 2022,
using the following query string: “(“smallholder farm*” OR “smallholder farming” OR
“smallholder agriculture” OR “small scale farm*” OR “small scale agriculture”) AND
(“UAV” OR “Drone”).” The selection and structure of keywords used during the search
was an iterative process guided by the authors’ experiences in this particular research focus
area and previous literature identified through preliminary searches in Google Scholar.

The search was conducted without applying any constraints on the timespan; however,
articles that were not published in accredited peer-reviewed journals and not written in
English were excluded. The search results returned 36 and 31 references for Scopus and
WOS, respectively. The retrieved references (n = 67) were then saved and imported into
the R environment (using the bibliometrix-R package). They were combined into a single
database before being screened for eligibility. The Preferred Reporting Items for Systematic
Reviews and Meta-Analyses extension for scoping reviews (PRISMA-ScR) framework [37]
was used to avoid biased reporting by guiding decisions regarding the selection of articles
to be included or excluded from the review (Figure 1). The eligibility criteria for the review
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were defined as follows: (i) the focus of the study was exclusively on the actual application
of UAV technologies to monitor crops in smallholder farm settings to facilitate PA, and
(ii) the full-length article was available and accessible.

)
- Records removed before
5]
'-g Scopus (1 =36) screening;:
= WoS (n =31) > Duplicate records re-
§ Total (1 = 67) moved (1 =27)
e N A
Records screened Records excluded
N
(n=40) (n=16)
\4
Reports sought for retrieval Reports not retrieved
£l | =20 (n=1)
s
()
(2]
: '
3
Reports assessed for eligi-
. —
bility
Reports excluded:
(n=0)
——
N v
g5
S Studies included in review
T:J (n=23)
L
—/

Figure 1. PRISMA-ScR flow diagram for article selection.

Duplicate records identified within the initial search were removed, and two re-
searchers examined the remaining articles to ensure they met the eligibility criteria. After
screening these articles’ titles and abstracts, 24 full-length articles were identified as eligible
and were sought for downloading. However, one of these articles was inaccessible. No
additional articles were sought following this process. Once the final database (n = 23) had
been compiled, key bibliometric data were extracted, analyzed, and mapped using the
Biblioshiny App and VOSviewer software [38,39] to address the study’s objectives.

3. Results
3.1. Historical Evolution

A summary of the key statistics regarding the final literature dataset is provided in
Table 1. Research on using UAVs to monitor crops in smallholder farms to facilitate PA first
emerged in 2016 and has been gradually increasing with a compound annual growth rate of
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~31.00%. The highest productivity was achieved in 2020, with eight articles published this
year, representing ~36.00% of the total publications (Figure 2). The period 2017-2018 had
the highest average total citations (TCs) per publication, peaking at 30.80. In comparison,
the highest average TCs per year occurred in 2021 at 16.5.

Table 1. A summary of the key bibliographic information about the final literature dataset.

Description Results Description Results
Timespan 2016-2022 Keywords Plus (ID) 187
Number of journals 15 Author’s Keywords (DE) 81
Number of publications 23 Authors 131
Annual Growth Rate % 3077 Authors of single-authored 0
documents
Document Average Age 2.26 Single-authored documents 0
Average citations per 17.13 Co-Authors per document 6.57
document
References 1071 International co-authorships % 8.70
B Number of articles Average total citations per year
m Citable years ® Average total citations per article
40
30.8
30 27 [
E ’ 19
=}
= 17
20 15 ° . 16.5
° [ ]
10

2
0-'-"'-.'---"

2016 2017 2018 2019 2020 2021 2022
Year

Figure 2. Annual distribution of average yearly citations and publications pertaining to the use of
UAVs to facilitate PA in smallholder farms.

3.2. Most Influential Journals

The final literature database consisted of 15 journals with 23 publications on using
UAVs to monitor crops in smallholder farms to facilitate PA. The journals Drones and
Remote Sensing have the highest number of articles accounting for ~35% of the total
publications. Drones also retain their position at the top of the rankings for TCs with 109.
Therefore, this is the dominant journal in this particular research focus area. Figure 3
provides a graphical illustration of the core journals classed according to Bradford’s law
which is used to establish the relationship between published articles and the journals they
have been published in.
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Figure 3. Classification of journals according to Bradford’s law, contributing to the publication of
research pertaining to the use of UAVs to facilitate PA in smallholder farms.

According to Bradford’s law, there are broadly three zones that can be used to catego-
rize the frequency of citations emanating from journals for a particular research focus area.
Zone 1 represents the most influential journals as they are cited most frequently in that
subject area and likely attract the greatest interest from researchers. Zones 2 and 3 represent
the journals with the average and least citations, respectively [40]. Based on Bradford’s law,
eight articles were published in two journals categorized as Zone 1, eight were published in
six journals categorized as Zone 2, and seven were published in seven journals categorized
as Zone 3. As shown in Table 2, Drones and Remote Sensing also appear at the top of the
most influential journals when ranked according to their productivity, TCs, and citation
impact (H-index).

Table 2. Productivity of the publication sources ranked in the table according to the number of articles
published.

Number of Publication
Journal Publications TGs h-Index Year Start
Drones 4 109 3 2018
Remote Sensing 4 26 3 2016
Agronomy 2 22 2 2019
International Journal of Remote Sensing 2 30 2 2018
Applied Geomatics 1 12 1 2020
European Journal of Agronomy 1 1 1 2022
Field Crops Research 1 46 1 2018
Ir}terne.ltlonal ](.)urnefl of Agricultural and 1 7 1 2017
Biological Engineering
Photogrammetrlc Engineering and 1 7 1 2020
Remote Sensing
Precision Agriculture 1 29 1 2021
Remote Sen51ng Applications: Society 1 13 1 2020
and Environment
Remote Sensing of Environment 1 34 1 2020
Scientific Reports 1 4 1 2020
Soil and Tillage Research 1 34 1 2020
Landscape and Urban Planning 1 0 0 2022
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3.3. Analysis of Publications by Country

Regarding the geographic distribution of published research on the use of UAVs to
monitor crops in smallholder farms to facilitate PA, 14 countries have been involved in
this particular research field. China, South Africa, Nigeria, Switzerland, and the USA
are the only countries to have produced more than one publication on the use of UAVs
to facilitate PA in smallholder farms and account for ~61.00% of the total number of
publications. While these countries rank within the top five for the number of publications
produced, when considering TCs and the average citations per publication, only China
features consistently within the top five. Collaborations between authors have been mostly
restricted to the countries in which they reside; however, there are a few examples of
international collaboration (Figure 4). In total, four unique collaboration links are identified,
with the strength of these links remaining the same for each collaboration, i.e., only a single
published co-authored publication has emanated from each of these links.

Figure 4. Global publications and collaborations, whereby the darker the shade of blue, the larger the
number of publications, with the lines indicating international collaboration.

3.4. Most Influential Authors and Citation Analysis

A total of 131 authors contributed to the 23 publications on using UAVs to facilitate
PA in smallholder farms; however, none were single-authored. One hundred and fifteen
authors published only a single article, whereas 16 published two or more. The key author-
level performance metrics of the 16 authors with more than one publication are shown in
Figure 5. Vimbayi Chimonyo, Alistair Clulow, Tafadzwanashe Mabhaudhi, and Mbulisi
Sibanda have been the most active authors in this particular research focus area. Ola Hall
and Magnus Jirstrom have received the highest number of citations. The publications
were analyzed according to their global citation score (GCS), average TCs per year, and
normalized citation score (Table 3). The GCS is representative of the TCs, a publication
received in the abstract and citation databases (Scopus and Web of Science) that were used,
and includes citations received from publications in other disciplines [41].
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Figure 5. Analysis of key author-level citation metrics for authors with more than one publication.

Table 3. Global citation score of publications (in chronological order) relating to the use of UAVs to

facilitate PA in smallholder farms.

Author Journal TCs TC Per Year Normalized TC
[42] Remote Sensing 15 2.14 1
[43] Inte'rnational ]oanal c?f Biological and o7 45 1
Agricultural Engineering
[26] Drones 51 10.2 1.66
[25] Field Crops Research 46 9.2 1.49
[44] Drones 27 5.4 0.88
[45] International Journal of Remote Sensing 17 34 0.55
[20] International Journal of Remote Sensing 13 2.6 0.42
[46] Agronomy 19 4.75 1
[47] Remote Sensing of Environment 34 11.33 2
[48] Soil and Tillage Research 34 11.33 2
[49] Drones 29 9.67 1.71
[50] Remote Sensing Applications: Society 13 433 076
and Environment
[29] Applied Geomatics 12 4 0.71
51] American Society. for Photogrammetry 7 233 0.41
and Remote Sensing
[52] Scientific Reports 4 1.33 0.24
[22] Agronomy 3 1 0.18
[23] Precision Agriculture 29 14.5 1.76
[53] Remote Sensing 4 2 0.24
[24] Remote Sensing 7 7 35
[54] Drones 2 2 1
[55] European Journal of Agronomy 1 1 0.5
[56] Landscape and Urban Planning 0 0 0
[57] Remote Sensing 0 0 0
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The publication by Wahab et al. [26], which evaluated the use of a UAV-derived
vegetation index to assess the vigor and yield of maize during various growth stages,
received the highest number of TCs and is among four publications to have received more
than ten citations per year. Their investigations demonstrated that using a UAV-derived
vegetation index could adequately quantify maize growth and vigor, despite the complex
heterogeneous nature of the smallholder farming systems from which it was derived.

The highest-ranking publication with regard to average TCs per year is by Argento et al. [23],
which is also among the top five for most TCs. Argento et al. [23] explore using UAV-derived
data to guide variable rate fertilizer application in small-medium scale farming systems.
Their study revealed that the use of UAV-derived data was able to guide management
decisions and contributed to improved efficiency of fertilizer application by ~10.00%, which
was achieved through redistributing and reducing the amount of fertilizer that was applied.

The most highly cited paper based on the normalized citation performance metric
was Brewer et al. [24]. In this study, the authors utilized UAV-acquired multispectral
imagery in concert with machine learning to predict the chlorophyll content of smallholder
maize during various phenological growth stages. The study’s results demonstrated that
the spatio-temporal variability in chlorophyll could be accurately estimated based on
the aforementioned approach and could therefore serve as an important tool to support
management applications within smallholder farms.

In addition to the aforementioned studies, others worth noting were by Guo et al. [48]
and Zhao et al. [47]. While these studies did not feature at the top of any of the citation
performance metrics, they were the only studies to feature in the top five across the various
citation metrics used. Guo et al. [48] demonstrated how time-series multispectral imagery
captured by a UAV and machine learning could be used to develop soil models to predict
field-scale soil organic carbon. Zhao et al. [47] developed a unique approach based on
conditional random fields (CRF) to map crops within heterogeneous smallholder farms
using UAV-acquired RGB and hyperspectral imagery. The study’s results demonstrated
that the CRF method could achieve improved classification performance when utilizing
high spatial and spectral resolution datasets.

3.5. Analysis of Keywords Frequency, Growth, and Co-Occurrence

Author keywords and the keywords plus metric offered in the Bibiloshiny package
were used to evaluate the most relevant words or phrases within the final literature dataset.
Keywords plus identifies words or phrases that routinely appear in the titles of the publica-
tion’s references but not within the title or author’s keywords [40]. The most frequently
used author keywords that have appeared more than once are presented in Figure 6. The
presence of “Drones” among the top five author keywords demonstrates that there is
variability in the use of terms by authors to describe UAV technologies, but “UAV” is the
more popular option.

B Machine learning mUAV Drones
Precision agriculture B Remote sensing m UAYV applications
N Agriculture B Maize B Smallholder farming systems
8
> 6
o
=
v
E
o
E o4
=
0
Author keywords

Figure 6. Frequency of author’s keywords.
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The words “remote sensing,” “unmanned aerial vehicles (UAV),” and “crops” are
among the top five keywords plus (Figure 7). The presence of words such as “food security,”
“nitrogen,” “chlorophyll,” and “fertilizers” provide an indication of some of the key focus
areas of UAV applications within smallholder farms. The presence of “machine learning”
in both the author’s keywords and keywords indicates the preference to utilize these ap-
proaches when working with UAV-acquired data. VOSviewer software version 1.6.18 was
used to develop a keyword co-occurrence network. The co-occurrence analysis (Figure 8)
was performed on 13 keywords with a frequency of >4 selected from the 245 keywords
within the final literature database. Three clusters of related terms depicted in different col-
ors were identified. The keywords are represented by nodes whereby the size of the nodes
represents their frequency of occurrence, with the distance between the nodes representing
their relationship strength.

7

M remote sensing B unmanned aerial vehicles (uav)  © antennas
crops B unmanned vehicle M aircraft
B machine learning M nitrogen M smallholder
M agriculture M china H chlorophyll
B decision trees fertilizers food security
image analysis © maize precision agriculture
M support vector machines M vegetation index
8
>
9
=]
E
o 6
&
==
4
0
Author keywords plus

Figure 7. Frequency of top 20 keywords plus.

The three clusters may serve as broad indicators of general trends in using UAVs
to facilitate PA in smallholder farms. The blue cluster (five keywords) contains “UAV,”
“machine learning,” and “precision agriculture” among its keywords which could imply
the use of machine learning-based approaches to develop predictive models using UAV-
acquired data to guide PA practices. Keywords in the green cluster indicate that UAV-
derived vegetation indices (VIs) are often used to monitor spatio-temporal crop growth
dynamics, with maize among the most frequently studied crops. This is potentially due to
it being a staple crop often grown within many smallholder farming systems. While not
providing any detailed insights, the keywords in the red cluster reaffirm the notion of the
utility of UAV-based remote sensing techniques for crop monitoring and management in
smallholder farms.
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Figure 8. Co-occurrence network of the keyword that appeared at least four times within the final
literature database.

4. Discussion
4.1. Overview of Research Themes and Methods

In this study, clustering techniques were employed to aid in identifying broad themes
relating to case study applications on the use of UAVs to monitor crops in smallholder farms
to facilitate PA. Additionally, the literature was further examined to establish whether other
relevant themes were not identified during the clustering analysis. Following the clustering
analysis and examination of the literature, three broad themes were identified, these were
(i) monitoring of crop development and estimation of yields, (ii) fertilizer management,
and (iii) image classification with a focus on crop mapping.

Although these themes can be presented and discussed in isolation, most of the
analyzed studies addressed multiple themes, although their focus may have been centered
around only one. It should also be noted that while these studies differed concerning how
UAV-derived data will be utilized to facilitate PA practices, there are many similarities
regarding how the data is captured, processed, and analyzed to develop the outputs used
to guide management decisions. Subsequently, the discussion presented herein provides a
general overview of how the UAV-derived data was used to address the themes above.

Monitoring crop development throughout the growing season and estimating yields
at key growth stages can indicate whether crops are experiencing water stress, have be-
come diseased, or lack nutrients [7,26,58,59]. Hence, it is amongst the most common PA
applications facilitated by UAVs within smallholder farms. The health of a crop influences
its biophysical properties, which in turn impacts the reflectance spectrum of these crops [7].
The ability of UAVs to explicitly capture these spatial variations in reflectance on-demand
and relate it to the crop’s health provides farmers with a powerful tool to facilitate early
interventions that can prevent significant crop yield losses. For example, with nitrogen
being one of the most yield-limiting nutrients during crop production, using UAV-derived
data to detect leaf chlorophyll content, which is closely related to leaf nitrogen, can aid in
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assessing plant health and vigor [26]. Such information can then guide fertilizer manage-
ment decisions [23,52]. Water stress is another example of a major limiting factor to crop
production. UAV-derived data can be used to estimate water stress indicators, which are
then used to guide irrigation decisions [53,54].

UAV-derived VIs are often used to monitor the physiological status of crops due to
their simplicity and ability to monitor vegetation cover, growth, and vigor [7,60]. The
selection of the spectral bands or VIs used will often depend on their respective strengths
or weaknesses for a particular application, user-personal preference, and the spectral res-
olution of the imaging sensor. From a vegetation mapping and monitoring perspective,
multispectral cameras were among the most widely used. This can be attributed to their
ability to acquire sufficient data across several portions of the electromagnetic spectrum
to extensively monitor vegetation characteristics at a relatively low cost [30]. The nor-
malized difference vegetation index (NDVI) was the most commonly utilized. However,
several other popular and useful vegetation indices were used in the reviewed studies
to monitor crop development, such as the green normalized difference vegetation index
(GNDVI), enhanced vegetation index (EVI), red-edge normalized difference vegetation
index (RENDVI), and soil adjusted vegetation index (SAVI). In addition to the VIs derived
from data acquired across the visible and near-infrared portions of the electromagnetic
spectrum, the acquisition and use of thermal data were also shown to be beneficial in
monitoring crop water stress and relating this to vegetation health [54]. Adewopo et al. [22]
also note that UAV-derived data can also allow for crop structural parameters such as plant
height to be estimated, which may potentially improve the monitoring of crop development
or the estimation of yields.

In general, the methods applied in the reviewed studies to monitor crop development,
estimate yield, or guide fertilizer management decisions typically involved the combined
use of one or more UAV-derived vegetation indices and/or plant structural data that
have been captured simultaneously with in-situ measurements of plant physiological
variables such as chlorophyll content, yield, aboveground biomass (AGB), plant height
or nitrogen content. The most popular approach was the development of regression-
based models to capture the relationships between the in situ measurements and UAV-
derived data so that it can be used to estimate a particular variable of interest. Various
estimation models were developed and applied in the reviewed studies ranging from
simplistic parametric linear models [22,23,25,26,42,50,51] to more complex non-parametric
machine learning-based models [24,53,55,57]. While each of these models possesses its
inherent strengths and weaknesses, the choice of model will generally be influenced by
user experience or personal preference, quality and quantity of training and validation
data, and computational resources.

For researchers, policymakers, and managers to develop strategies for smallholder
farms that are aimed at enhancing their productivity whilst simultaneously ensuring the
sustainable and optimal use of critical resources, it is essential for them to possess accurate
information on the location and distribution of crops and to then determine how these
change in response to management interventions or environmental influences [7]. To this
end, land use land cover (LULC) mapping with a focus on crop mapping is often a central
part of most PA applications. While various techniques were employed in the reviewed
studies to map crops with varying degrees of success, the general approach to crop mapping
was fairly similar. Training data which consists of known locations of various LULC classes
was usually collected first, either from ground surveys or visual inspection of the high
spatial resolution imagery. Once the training data was collected, the data was split into
training and validation subsets. Spectral and/or textural data were then collected for each
subset. The choice of spectral bands, VIs, or textural features used during the classification
process was likely subjective and dependent on factors such as the spectral resolution of the
sensor, spectral or textural similarities between the LULC classes, and user experience or
personal preference. Thereafter, this data was used as inputs to machine learning [29,44,47]
or deep learning [47,49] based approaches to classify the images, with the random forest,
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support vector machine, and deep neural networks being among the preferred methods
of choice.

While the three broad themes identified during the analyses of the final literature
dataset represent some of the most common PA applications facilitated by UAVs, two
potentially noteworthy exclusions were the use of UAVs for weed management and wa-
ter use estimation. Poor weed management is one of the most significant contributors
to poor crop productivity and quality of products. Due to the various issues associated
with conventional weed management approaches, integrated or site-specific weed man-
agement facilitated by UAV-derived data has become a popular management strategy.
Since integrated weed management promotes efficiency and sustainability, this approach
is well-suited for smallholder farm applications. It should be explored further as it can
improve the quantity and quality of crop yields whilst reducing economic expenses, labor
requirements, and inefficient use of limited resources [61,62].

The accurate estimation of water use or evapotranspiration (ET) can play an important
role in PA in smallholder farms and serves various purposes such as assessing crop water
stress, guiding irrigation decisions, drought monitoring, and improving the management of
available water resources [7,63]. This is particularly important from a smallholder farmer’s
perspective as they are among the most vulnerable groups to the impacts of climate change
and water scarcity.

While UAV-derived data may be well suited for smallholder farm applications, various
UAV-based ET estimation methods can potentially be utilized [7,63], with knowledge
regarding their strengths and limitations within smallholder farm settings being fairly
limited. Subsequently, there exists an opportunity for future research to further explore
how these technologies can be best used to facilitate improved water resources management
decisions in smallholder farms.

4.2. Challenges and Opportunities

The discussions thus far have highlighted the immense potential UAVs have to moni-
tor crops in smallholder farms to facilitate PA. However, their actual application in these
settings lags behind their potential. Considering the findings of the studies which com-
prised the final literature dataset, as well as the sentiments described in Rejeb et al. [6],
Nhamo et al. [7], and Sibanda et al. [30], there are several factors contributing to this
situation. These are summarized as follows:

e  Lack of sufficient in situ data for model development and testing: Many of the methods
described in the literature depend on using sufficient good quality in-situ estimates to
develop and validate the models used for estimating key variables. However, such
data is not always readily available or easily attainable. Furthermore, the data collected
may only be representative of specific conditions. This may limit the applicability of
the developed models under a range of circumstances, i.e., models may be site- or
crop-specific;

e UAV and sensor specifications: The size and type of UAV, batteries, payload capacity,
flight range, and endurance influence the geographical extent that can be covered
during a single flight. Subsequently, UAVs may not be well suited for large-scale
agricultural applications. Furthermore, due to the limited payload capacity, the sensors
typically used are lightweight with relatively low spectral resolutions, which limits
their feasibility for particular applications;

e Weather conditions: while the ability of UAVs to capture data is less severely impacted
by cloud cover, adverse weather conditions such as strong winds or rainy conditions
can pose significant challenges to data collection;

e  Affordability: Many smallholder farmers are financially constrained; therefore, while
UAVs may provide them with invaluable information to improve their productivity,
they may not necessarily be able to profit from this due to their inability to respond as
and when required. Furthermore, the cost of ownership of UAVs is relatively high and
may rise further if higher spectral resolution sensors or data processing software is
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required. While these costs may be compensated for over time through the acquisition
of data on demand and the benefits achieved through improved agricultural opera-
tions, the initial financial outlay may put these technologies out of reach for many
potential users;

Inadequate farming resources and infrastructure: In many regions increasing electricity
costs and unreliable electricity supply can prove problematic for UAV operations as
batteries and controls require frequent charging;

Technical capacity: The operation and maintenance of UAVs and data processing to
derive meaningful outputs require skilled expertise that may not be readily available;
Civil aviation regulations: Due to the potential risks that may arise from UAV opera-
tions, many regions have stringent regulatory frameworks governing civil aviation
activities. Subsequently, the operation of UAVs may be restricted to certain applica-
tions or require users to acquire a pilot license;

Computational resources: The collection, processing, storage, dissemination, and
visualization of UAV data can be quite computationally intensive. This may require
potential users to purchase additional resources or learn new skills to handle the large
volumes of data that accompany the use of UAVs.

Notwithstanding the limitations mentioned above, there is much cause for optimism

regarding the increased use of UAVs to monitor crops in smallholder farms to facilitate PA.
With the cost of these technologies steadily decreasing over time and the continuous ad-
vancements in UAVs, sensors, and data processing platforms, many potential benefits and
opportunities exist that warrant further investigation, some of which are described below:

While integrated weed management and water use estimation were identified and
recommended as two major themes which should be explored further, assessing
irrigation water quality and quantity, monitoring and mapping soil attributes, or
developing variable rate prescription maps for pesticide management may also be
of interest for future research. Furthermore, UAVs have the potential to be applied
for other PA applications, such as crop spraying [64,65]. Therefore, the application
of these technologies for such practices should also be explored further, as they can
potentially reduce manual labor requirements within smallholder farms;

Since the UAV-derived data can be used to address multiple themes, the development
of decision support tools that can simultaneously address multiple objectives should
be explored further;

Advances in freely available geospatial cloud computing platforms such as Google
Earth Engine (GEE) have created new and exciting opportunities for the processing,
analysis, dissemination, and visualization of remote sensing data. Although the
platform has largely been utilized for analyzing satellite earth observation data, its
functionality can seamlessly extend to UAV-derived data;

Satellite earth observation and UAV technologies are typically utilized mutually ex-
clusively, yet these platforms can often provide complementary data for various
applications. Subsequently, more research is required to further develop methods to
unlock the untapped potential synergies;

Several studies have explored and evaluated methods that rely on using in-situ mea-
surements to develop models to estimate variables of interest. However, more em-
phasis must be placed on developing and evaluating approaches that can guide
decision-making without in-situ data. For example, Ellsafler et al. [66] developed an
approach to estimate ET that only requires remotely sensed thermal data as an input to
their ET estimation model. Additionally, Chew et al. [49] and Tseng et al. [67] demon-
strate how transfer learning can overcome data scarcity challenges when performing
image classification;

UAVs have been identified as a lower-cost alternative to traditional satellite-based
remote sensing techniques to guide and inform PA practices. However, to adequately
quantify the benefits that UAVs may provide, the cost of ownership, maintenance, and
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operations of UAVs and other state-of-the-art technologies should be compared and
examined to determine whether they provide acceptable returns on investment [6];

e  Since women play such a prominent and integral role within smallholder agriculture,
the adoption of PA practices facilitated by UAV technologies can significantly improve
the productivity of their farms. This will contribute immensely to their upliftment
and empowerment by enhancing their capacity to deal with challenges they have
traditionally faced or are likely to face in the future;

e  The modernized nature of UAV-based PA is likely to aid in changing negative per-
ceptions of being involved or employed within the agricultural sector, which may
stimulate interest among the youth and accelerate their involvement within this sector,
ultimately contributing to improving its longevity and resilience [68,69].

5. Conclusions

PA agricultural applications facilitated through the use of UAVs has the potential to
transform the fortunes of smallholder farmers, as the adoption of these technologies to
guide decision-making can enhance agricultural productivity whilst promoting the optimal
and sustainable utilization of critical resources.

This, in turn, promotes improved food security and socio-economic well-being and
equips these farmers and communities to adapt and build resilience to the impacts of
climate change. Considering these potential benefits, in this study, we aimed to examine
the state of play regarding the application of UAVs to facilitate PA in smallholder farms. To
this end, we employed bibliometric techniques to summarize and analyze the literature
relating to this research focus area. This analysis yielded useful insights on general trends,
influential publications, journals, and authors, and current challenges and opportunities
for the future. However, it should be noted that the findings detailed in our study may be
limited in their representation due to the subjective criteria and methods that were used to
source and evaluate the literature. Nevertheless, it is envisaged that this review will serve
as a useful complement to the existing research and stimulate greater interest in the future
in this emerging and topical research area.
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