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Precision Agriculture (PA) promises to boost crop productivity while reducing agricultural costs and envi-
ronmental footprints, and therefore is attracting ever-increasing interests in both academia and industry.
This management strategy is underpinned by various advanced technologies including Unmanned Aerial
Vehicle (UAV) sensing systems and Artificial Intelligence (AI) perception algorithms. In particular, due to
their unique advantages such as a low cost, high spatio-temporal resolutions, flexibility, automation
functions and minimized risk of operation, UAV sensing systems have been extensively applied in many
civilian applications including PA since 2010. In parallel, AI algorithms (deep learning since 2012 in par-
ticular) are also drawing ever-increasing attention in different fields, since they are able to analyse an
unprecedented volume/velocity/variety of data (semi-) automatically, which are also becoming compu-
tationally practical with the advancements of cloud computing, Graphics Processing Units and parallel
computing. In this survey paper, therefore, a thorough review is performed on recent use of UAV sensing
systems (e.g., UAV platforms, external sensing units) and AI algorithms (mainly supervised learning algo-
rithms) in PA applications throughout the crop life-cycle, as well as the challenges and prospects for
future development of UAVs and AI in agriculture sector. It is envisioned that this review is able to pro-
vide a timely technical reference, demystifying and promoting research, deployment and successful
exploitation of AI empowered UAV perception systems for PA, and therefore contributing to addressing
future agricultural and human nutrition challenges.

� 2022 Elsevier B.V. All rights reserved.
1. Introduction

1.1. Background

Agriculture: Agriculture plays an essential role worldwide (de-
veloping countries and regions in particular) and promises to pro-
vide the main source of food, income and employment (for 1
billion + people across the globe) to their rural populations. How-
ever, agriculture is now facing severe global grand challenges, e.g.,
69% increase in food demand by 2050 to meet the unprecedented
needs of 9.7 Billion people (by United Nation Food and Agriculture
Organization) while with an increasing ageing-population struc-
ture (i.e., reduced and ageing farming workforce), decreasing ara-
ble land and natural farming resources (e.g., land and water),
increasingly unpredictable climatic conditions and production
costs, and societal demand for shrinking agriculture’s environmen-
tal footprints [1]. Recently, the outbreak of COVID-19 pandemic
has also posed many new challenges in agriculture systems world-
wide affecting major areas of production, dietary changes, environ-
ment, transportation, and overall supply chain [2]. Therefore, there
is an urgent need to make agricultural systems being highly
resource-efficient and sustainable, e.g., profitable, environmentally
sustainable, and less manpower-dependent [3].

Precision Agriculture (PA) promises to boost crop productivity
while reducing input costs and environmental footprints by focus-
ing on the ‘‘four right”including the right management practice, at
the right time, with the right amount of inputs and in the right
place. It can also improve the quality of working environment
and social aspects of farming [4]. This management strategy is
underpinned by different advancements such as sensing technolo-
gies (i.e., analogue of the role of human eye), communication
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systems (i.e., the role of mouth and ear for information transfer),
Artificial Intelligence (AI) algorithms (i.e., the role of human brain),
robotics and automation systems and technologies (e.g., variable
rate technology) (i.e., the role of human foots and arms). Particu-
larly, the advancement of sensing technologies makes it possible
to acquire multi-modal data (e.g., spectral, spatial and semantic
data) more efficiently while with unprecedented resolutions in
terms of spectral, spatial and temporal for timely non-destructive
monitoring, identifying in-field and temporal variability of crop
and soil conditions for site-specific crop stress management. More-
over, AI algorithms (deep learning (DL) since 2012 in particular)
are able to analyse an unprecedented volume/ velocity/ variety
(3 V) of data, which are also becoming computationally practical
with the popularity of cloud computing, edge intelligence (e.g.,
Central Processing Unit (CPU), Graphics Processing Units (GPU),
Field-programmable gate array (FPGA), Application-specific inte-
grated circuits (ASICs)), and parallel computing. In addition,
robotics and automation technologies are also able to make preci-
sion and automated site-specific agriculture management (e.g.,
stress treatment) possible with the aid of navigation systems and
variable-rate technologies. Among these advancements,
Unmanned Aerial Vehicles (UAVs) represent one of the state-of-
the-art (SOTA) robotic platforms for mobile data collection and tar-
get intervention (e.g., pesticide and fertilizer spraying), while AI
algorithms are becoming the mainstream algorithms for data anal-
ysis and decision making, particularly in the era of ‘‘big data”.

Sensing systems: Timely obtaining plant status throughout
their growth life-cycle is paramount for PA decision making and
smart agriculture management. Conventional manual sensing by
human field sampling, although being accurate, requires the
instrument operators to perform intensive field data collection
due to field spatial heterogeneity and therefore is destructive,
sparse, labour-intensive, time-consuming and unsuitable for mod-
ern large-scale field applications. Deploying Internet of Things
(IoTs) systems by distributing physical sensors in the field can par-
tially alleviate the issues but is challenging as well, since they
inevitably interfere with field operations such as tillage, planting,
spraying and harvesting [5]. Therefore, different (semi-) autono-
mous platform-based mobile sensing systems have been devel-
oped in the past few decades to address these challenges such as
ground-based (e.g., mobile device, robot, tractor) systems, UAV
sensing systems, manned aircraft- and satellite-based systems
[6]. In these mobile systems, various sensing units (e.g., optical
sensors, LIDAR) are installed to acquire data reflecting chemical,
biological, and physical characteristics of plants or soil of interest
so that crop stress can be detected timely in a non-destructive
manner and therefore treated precisely by agricultural robotic
systems.

UAV sensing systems: Due to the increasing accessibility in terms
of flexibility, automation functions (e.g., navigation and flight con-
trol), and cost, UAVs are drawing ever-increasing popularity in var-
ious civilian applications since 2010 (e.g., agriculture, forestry,
environment, cargo transport, construction and mining, emergency
management, industrial inspection, insurance, law enforcement,
media and telecommunications, search and rescue, etc.) [7,8].
Major agricultural UAV companies include Da-Jiang Innovations
(DJI), Parrot, Precisionhawk, AGEagle, Trimble Navigation, Micro-
drones, 3D Robotics, etc. [9], which are mainly focused on agricul-
tural stress detection and drone spraying. Meanwhile, there are
also many advances in the miniaturization of sensing units (e.g.,
spectral cameras, LIDAR) on-board UAVs for environmental per-
ception. As a result, UAV (remote) sensing systems have become
more modular, miniaturized and intelligent recently, particularly
with the emergence of commercial UAV manufacturers such as
DJI (Shenzhen, China). It is reported by Allied Market Research in
2021 that the global UAV market was valued at $24.72 billion in
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2020, and is projected to reach $70.91 billion by 2030, witnessing
a Compound Annual Growth Rate (CAGR) of 11.7% from 2021 to
2030, while the drone camera market garnered $3.33 billion in
2019, and is expected to reach $25.39 billion by 2027, witnessing
a CAGR of 29.9% from 2020 to 2027.

UAV sensing systems have many unique advantages over
ground-, aircraft- and satellite-based sensing systems. For exam-
ple, ground-based manual approach [10], although being accurate,
is time- and labor-intensive, costly, terrain-dependent and only
provides insights on specific locations, while UAV sensing can
avoid these problems due to its wider and denser coverage with
minimal human involvement. Compared to manned aircraft- and
satellite-based sensing systems, UAV sensing is more flexible, less
reliant on cloud conditions, with a high cost-effectiveness and
accuracy, with flexible multiple-sources data acquisition capacity
due to various add-on sensing units, and possess user-defined
spectral-spatial–temporal image resolutions (e.g., via user-
defined sensors, flight height and revisit time) [11]. It is also noted
that UAV sensing systems can also act as a bridge/relay between
ground- and satellite-based sensing systems so that ground-
truthing satellite data becomes much efficient for regional agricul-
tural applications.

Artificial Intelligence (AI): Upon obtaining a large amount of
aerial data, the next step would be data analysis and interpretation
in support of decision making for agriculture management. Con-
ventional manual data analysis based on human expert knowledge
is important (i.e., indispensable in data labelling), but is generally
time-consuming, labor-intensive, costly and therefore unsuitable
for large-scale applications. Data-driven AI methods are becoming
more and more popular due to their high effectiveness and effi-
ciency, particularly with the advent of large-scale dataset and
high-performance computing units. In particular, DL approaches
[12,13], although first greeted with much skepticism, have proved
to be effective in solving many practical problems and are there-
fore becoming an enabling tool in many areas such as transporta-
tion, healthcare, finance, industrial inspection among others [14].
These successes have been mainly attributed to three main factors
including: (1) technical advancements in network architecture
design (e.g., deeper, wider, smaller) [15], parameter initialization
and training methods, (2) increasing availability of powerful com-
putational hardware such as cloud computing, GPU and parallel
processing, and (3) increasing availability of large-scale labelled
datasets (e.g., ImageNet dataset with 1.2 million images classified
in 1000 categories) for model training avoiding the problem of
overfitting. AI has the potentials to transform agriculture at various
agronomically relevant scales as well from plant and plot scales to
field and regional scales. There are also many studies which have
adopted AI algorithms in UAV based PA applications [16]. However,
there is still a lack of survey paper systematically demonstrating
how various AI algorithms are adopted to address the common
challenges in various PA elements with UAV (remote) sensing
images throughout crop growth lifecycle.

1.2. Aims and scope of this work

At present, due to the importance of this emerging field, there
are already a few review papers on related topics (e.g., the use of
UAV, sensing technologies, AI in agriculture), where some highly
relevant ones are compared in Table 1 including review area, main
topics and features and gaps against this study. [9] reviews the lat-
est trends and applications of UAVs in agriculture with main
emphasis on agricultural UAVs (e.g., platform, hardware, communi-
cation), control technologies (e.g., modelling, control, task alloca-
tion and swarm), and applications. However, AI algorithms and
PA elements are not covered. [17] explores the types of sensors
(e.g., location-based sensors, optical sensors) for smart farming,



Table 1
Summary of some existing survey papers on related topics: the use of UAVs, sensing technologies and AI in agriculture.

Ref Review area Main topics Features and gaps

[9] UAV in agriculture � Agricultural UAV systems;
� Control technologies of UAV;
� UAV applications in agriculture.

� AI algorithms are not covered;
� Different PA elements are not covered.

[17] UAV in smart agriculture � UAVs and agriculture sensors;
� Applications and case studies;
� Requirements, challenges and future directions.

� AI algorithms are not covered;
� PA elements are not detailed.

[18] UAV for PA applications � Typical UAV PA applications (e.g. crop health, growth, weed, irrigation);
� Typical data processing pipeline.

� AI algorithms are not covered;
� PA elements are not systematic.

[19] UAV RS for PA applications � UAV RS in a number of PA applications;
� Translating scientific results into common practice.

� AI algorithms are not covered;
� PA elements and UAV sensors are not
complete.

[20] UAV RS for field
phenotyping

� UAV sensing platforms for phenotyping;
� Common methods for UAV based phenotyping;
� Challenges of UAV based phenotyping.

� The focus is on phenotyping instead of PA
elements;

� AI algorithms are not systematic.
[22] IoT and UAV in smart

farming
� IoT in agriculture;
� Some applications of UAVs in agriculture.

� UAVs in agriculture is not systematic;
� AI algorithms are not covered.

[23] UAV sensing for PA
applications

� UAV sensing systems;
� A number of UAV PA applications;
� UAV deployment architectures in PA.

� AI algorithms are not covered;
� Use of sensing in PA is not systematic.

[24] UAVs and sensors in PA � Technical characterization of UAVs and sensors in PA;
� Practical challenges of UAV sensing in PA.

� AI algorithms are not covered;
� PA elements are not systematic.

[25] UAV for RS applications � Generic UAV RS applications;
� Improved UAV images over satellite RS.

� The focus is on generic RS instead of PA;
� AI algorithms are not systematic.

[7] DL for UAVs � DL in UAV operations including perception, guidance, navigation and
control.

� The focus is on UAV operations instead of
PA.

[16] DL for UAV agricultural
images

� Object detection and semantic segmentation networks for UAV agricul-
tural images;

� UAV-based datasets.

� PA elements are not covered;
� Only CNN approaches are considered.

[26] DL in UAV RS � DL based classification and regression for UAV RS;
� Categorization was performed in architecture, evaluation, task, applica-
tion and sensor.

� The main focus is on generic RS instead of
PA;

� Algorithms are limited to DL.
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potential requirements and challenges for operating UAVs in smart
agriculture, and also the future applications of UAVs in smart farm-
ing. However, the emphasis is on the role of bluetooth technology
for UAV operations, where AI algorithms and PA elements are not
covered or detailed. [18] presents a review on UAV applications
for PA, where the focus is on different UAV PA applications, agricul-
tural crops and typical data processing pipelines. [19] reviews the
progress of UAV Remote Sensing (RS) in agriculture, where the
focus is on several typical PA applications such as drought stress,
weed and pathogen detection, nutrient status and growth vigor,
and yield prediction, however, various methodologies are not
detailed. [20] reviews the current status and perspectives on the
use of UAV RS for field-based phenotyping (e.g., acquiring crop
traits such as plant height, leaf area index, chlorophyll content, bio-
mass and yield) [21], where the emphasis is on UAV sensing plat-
forms (e.g., UAVs, sensors), commonly adopted methods (e.g.,
data pre-processing and typical data analysis) and the challenges
for UAV based phenotyping. [22] reviews IoTs and UAVs in smart
farming, however, the focus on IoTs in agriculture and the review
for UAVs in smart farming is not systematic. [23] presents a survey
on UAV sensing for PA, where the focus is on UAV sensing systems,
various UAV PA applications and UAV deployment architectures.
[24] provides a practical guide on technical characterization of
common UAVs used in PA and helps select the most suitable UAVs
and on-board sensors for various agricultural operations, however,
the focus is on UAVs and UAV sensors for PA application without an
detailed account of AI algorithms or PA elements. [25] performs a
review on RS tasks that involve UAV data, however, this review is
mainly on the generic UAV RS (e.g., land cover mapping, change
detection) with a focus on improved UAV images (e.g., high resolu-
tion, better spectral data, multi-modal data) over conventional air-
borne and space-borne RS. [7] reviews DLmethods and applications
for UAV operations in terms of perception, guidance, navigation and
control, rather than PA applications. [16] reviews recent Convolu-
tional Neural Network (CNN) based methods for UAV based RS
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images to classify agricultural crops, where the emphasis is on dif-
ferent CNN algorithms such as object detection networks, semantic
segmentation networks, and UAV-based datasets. [26] presents a
review of DL methods applied in UAV-based imagery, where the
main focus is on classification and regression techniques instead
of PA applications. There are also other review papers on the use
of different UAV cameras for PA such as thermal camera [3,27],
hyperspectral camera [28], which will not be detailed here due to
their specific applications and the lack of space.

As evident in Table 1, although there are already a few studies
on different aspects of PA (e.g., UAV for agriculture, DL for UAV
RS), there is still a lack of comprehensive survey paper focusing
on the interaction between AI and UAVs in the context of PA, where
UAVs play the major role of data collection and AI plays a dominant
role for data analysis for various PA elements in crop growth life-
cycle. Therefore, in this survey paper, a non-exhaustive but sys-
tematic review is performed on recent use of UAV sensing systems
and AI algorithms in PA applications, as well as challenges and pro-
spects for future development of AI empowered UAV perception
systems in agriculture sector. It is noted that the main scope of
UAVs in this study is focused on UAV sensing systems, and there-
fore UAV spraying systems (e.g., decision implementation systems)
[29] or seed sowing systems are not covered. In addition, the UAVs
in this work mainly refer to small UAVs (less than 20 kg) due to the
more strict regulations on large UAVs. It is also noted that the lit-
erature in this work, applications to different crops in particular,
may not be complete as this work is mainly on highlighting appli-
cation domains of AI empowered UAV perception systems instead
of focusing on particular crops. To be more exact, the main contri-
butions of this review paper are highlighted as below.

� An integrated PA framework is presented, highlighting the role
of UAVs in data collection, AI algorithms in data analysis and
decision making, and also various PA elements in crop growth
life-cycle;
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� UAV sensing systems are detailed including various platforms
and sensing units for PA applications, where their pros and cons
are compared in details along with some selection guidance;

� AI algorithms for UAV based PA applications are reviewed and
categorized, where most studies are on supervised learning
including regression, classification and object detection with a
few studies on unsupervised learning, mainly addressing the
issue of the requirement of large amounts of labelled dataset
in supervised learning;

� Challenges of the use of AI and UAV sensing in PA applications
are discussed along with possible solutions in support of their
future rapid deployment and successful exploitation.

The remainder of this paper is organized as follows. In Section 2, we
present PA framework, highlighting the role of AI, UAV sensing sys-
tems and also presenting various PA elements in roughly chronolog-
ical order. UAV sensing systems including different UAV platforms
and external sensing units for PA applications are discussed in Sec-
tion 3. Section 4 discusses AI algorithms for UAV based PA applica-
tions, where the main focus and applications are supervised
learning (e.g., regression, classification and object detection) with
a few studies on unsupervised learning. In Section 5, challenges
along with possible solutions are presented. Section 6 concludes
this work.

2. UAV based PA framework

In this section, according to the closed-up agriculture field man-
agement process: data collection, analysis, decision and interven-
tion, an integrated PA framework will be introduced (please refer
to Fig. 1 for the integrated diagram) so that the roles of UAV sens-
ing systems, AI algorithms and various PA elements can be illus-
trated. In traditional agriculture, fertilizers, irrigation, or pesticide
control are usually applied at a same rate at prescribed times/fre-
quencies (e.g., calendar-based strategy), in a uniform (or blanket)
manner irrespective of crop status and spatial variability, and with
a reactive (instead of proactive) approach [30]. This approach is
becoming obsolete due to their inefficiency and un-sustainability
in the use of agricultural resources, owing to the inherent spa-
tiotemporal heterogeneity of crop stress. The concept of PA has
emerged to make agriculture management efficient and sustain-
able. In particular, the International Society of Precision Agricul-
Fig. 1. PA framework including objectives, data-driven PA ma
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ture (https://www.ispag.org/) defines PA in 2019 as: ‘‘Precision
agriculture is a management strategy that gathers, processes and
analyzes temporal, spatial and individual data and combines it
with other information to support management decisions accord-
ing to estimated variability for improved resource use efficiency,
productivity, quality, profitability and sustainability of agricultural
production.”

Literature search is conducted in Web of Science (WoS) data-
base to see the publication trend and also countries/regions in PA
related areas. In particular, the number of publications by keyword
‘‘Precision Agriculture ” (upper plots), and keywords ‘‘UAV” AND
‘‘Precision Agriculture”(lower plots) are displayed in Fig. 2. It fol-
lows from Fig. 2 that there are an exponentially increasing number
of publications in ‘‘Precision Agriculture ” since about 2000 (reach-
ing 3000 publications in 2021), and the top two countries are China
and USA. While in terms of ‘‘UAV” AND ‘‘Precision Agriculture”, the
publications start to increase exponentially since about 2014
(reaching about 300 publications in 2021) and the top three coun-
tries are China, USA and Italy.

In the PA framework in Fig. 1, for fields of interest, UAVs, along
with other sensing units (e.g., satellite RS, proximal RS by ground
robotics systems and IoT devices), are able to provide a low-cost
and flexible platform for aerial data acquisition. The collected data
in PA framework mainly include images of various types for AI per-
ception and numerical values for decision making (e.g., regarding
weather, soil and crop variables). Upon data collection, data analy-
sis and interpretation can be done by various AI algorithms so that
the spatial, temporal variability of crop and soil can be achieved.
Then decisions can be made through crop (simulation) modelling
[5] or data-driven approaches along with knowledge base of crop
and soil sciences so that targeted interventions (e.g., the ‘‘four
right”: treatment, amount, place and time) can be implemented
by robotics systems (e.g., ground tractors/robotics, UAVs), generat-
ing economic, social and environmental impacts. The main shift of
PA over conventional agriculture is mainly threefold: the calendar
based intervention is changed to information based one, the uni-
form (or blanket) approach is changed to precision (or site-
specific) one and the reactive approach is changed to proactive
one. Typical PA elements that can be achieved by AI empowered
UAV perception systems are detailed as below.

Crop planting area estimation: A timely and accurate estima-
tion of crop planting area is important in crop management, crop
nagement framework, PA elements and various impacts.



Fig. 2. Number of publications by year (left) and country (right), by keyword ‘‘Precision Agriculture”(upper plots) and keywords ‘‘UAV” AND ‘‘Precision Agriculture”(lower
plots): results returned from WoS database on 25/Jul/2022.
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production estimation and decision making for various stakehold-
ers. Medium and low spatial-resolution RS images from satellites
are suitable for large-scale applications [31], but may not be suit-
able for small plots due to their poor spatial resolution and cloud
problem, particularly for mountainous areas. UAV RS is therefore
becoming popular in small-scale crop planting area estimation
due to their flexibility in spatial resolutions and sensor selections.
The problem of crop planting area estimation is usually formulated
as a supervised classification problem, where both Conventional
Machine Learning (CML) and recent DL approaches can be applied.
For example, UAV hyperspectral images have been applied in [32]
for vegetation classification, where the so-called object-based
image analysis (OBIA) is applied by integrating unsupervised
image segmentation (i.e., segment generation) and CML based clas-
sification with various extracted features (e.g., spectral features,
shape feature, texture feature) of the segments. UAV RGB and mul-
tispectral imaging are applied in [33] for soybean planting area
estimation by comparing deep semantic segmentation networks
(e.g., DeepLabv3 + and U-Net) against CML (e.g., Random Forest
(RF) and SVM based classifier), where U-Net semantic segmenta-
tion network obtains the best performance. The advantages of
UAV RS with a high spatial resolution and satellite RS with a wider
spectral range are combined in [34] by using Gram-Schmidt trans-
formation (i.e., image information fusion) for the purpose of crop
classification via pixel-wise RF classifier. It is noted that crop plant-
ing area estimation based on one-off aerial images is relatively
simple in terms of logistics, however, the performance may be lim-
ited as crops may share very similar characteristics in some stages
(e.g., early stages in particular). Therefore, time-series approaches
integrating measurements at different stages, capturing various
crop penology characteristics, are also being used, particularly in
satellite RS applications due to the easy availability of time-series
RS data (e.g., Sentinel-2 series) [31].

Soil conditions: Soil conditions, e.g., soil moisture content
(SMC), salinity, erosion, organic matter content (e.g., nitrogen), clay
content, pH, bulk density are vital for crop development. Therefore,
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soil conditions ought to be monitored regularly, which can be
achieved by UAV RS if these soil conditions can be reflected by soil
surface reflection. Soil condition assessment is usually formulated
as a regression problem, where UAV spectral measurements (e.g.,
multispectral, hyperspectral, thermal) are to derive suitable fea-
tures and ground samplings provide groudtruth soil parameter val-
ues. For example, different regression approaches are adopted in
[35] (e.g., BP neural network) and [36] (e.g., XGBoost) to derive
the SMC from UAV-based multispectral and hyperspectral images,
respectively. Multiple linear regression is also used in [37] to esti-
mate soil salinity from UAV-based hyperspectral, multispectral and
thermal images, and also LiDAR data. It should be noted that the
main challenges for soil condition assessment by UAV RS lie in
whether the soil surface reflectance can reflect soil properties
under soil surface or not, and the problem of occlusion and shad-
ows brought by crop structures. Therefore, soil experts should be
involved in determining the suitability of UAV RS for soil condition
assessment, and the suitable crop development stage for soil
assessment (due to occlusion and shadow issue) should also be
defined.

Crop parameters: Crop parameters throughout the vegetation
period are important indices in monitoring crop growth, yield
and quality. Depending on the crops of interest, these crop param-
eters may include crop height [38], biomass [39,40], nitrogen con-
tent [41], canopy cover [42], leaf area index (LAI) [43] among
others. Estimation of these crop parameters is either formulated
as a regression problem [39] (e.g., biomass, nitrogen content, LAI)
or classification problem (e.g., canopy cover) [42]. For example,
in [39], a regression model is adopted to estimate biomass of barley
from plant height, where plant height is estimated as the differ-
ence between digital (crop) surface model and digital elevation
model. Both crop surface and ground models are generated from
overlapped UAV color images via image mosaicking, point cloud
generation and digital surface model. In [42], Machine Learning
(ML) based classification (soil/vegetation classification) and UAV
multispectral imaging are used to derive canopy cover for winter
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wheat, which is defined by the vegetation percentage in given
areas after classification.

Crop diseases: An accurate and timely monitoring of crop dis-
eases enables a timely targeted fungicide application to stop their
spread to surrounding regions so that their adverse effects can be
effectively minimized with a reduced use of pesticides. This can
be achieved by capturing the physical and chemical changes (e.g.,
Chlorophyll content reduction, water loss, visual symptoms) on
crop canopy by spectral sensors onboard UAV systems. The task
of crop diseases detection/quantification can generally be formu-
lated as either a regression or classification problem as below.

� In term of regression, the target/dependent variable is usually
chosen as the disease severity value (e.g., disease index/score
via expert inspection), and the independent variables are differ-
ent image-derived features (e.g., vegetation indices at pixel-
level, patch-level [44] or plot-level [45], deep features by CNN
[45]). Then various regression algorithms (e.g., linear regression
[45], multilayer perception, support vector regression, RF
regression [44]) can be applied to build the regression
relationship;

� In term of classification, the target variable is defined as the dif-
ferent categories of crop diseases (e.g., healthy vs diseased or
different levels of disease severity). Then both CML algorithms
with handcrafted features (e.g., vegetation indices) [30,46] and
DL algorithms with automatically learnt deep features [11]
can be applied to classify the healthy or diseased regions of dif-
ferent disease severity levels.It should be noted that in compar-
ison to crop parameters estimation, crop diseases detection has
a higher requirement on image resolution (e.g., spatial resolu-
tion, spectral range and spectral resolution) to capture the sub-
tle visible or non-visible changes caused by crop diseases,
particularly for early crop disease detection.

Crop pests: Early diagnosis of crop pests (e.g., spices, popula-
tion) is essential because the damage may spread quickly in
favourable conditions. The crop pest monitoring approaches by
using UAVs can be broadly cauterized into two approaches includ-
ing direct and indirect crop pest monitoring. Moreover, the prob-
lem is usually formulated as object detection [47], regression
[48] or classification [49] problem, which are detailed as below.

� In direct crop pest monitoring, UAVs play the role of either a
moving platform for insect sampling or an aerial imaging device
for image acquisition in support of follow-up image analysis.
The UAV aerial sampling approach may provide some advan-
tages over conventional manual sampling in term of accessibil-
ity and efficiency. For example, [50] uses UAV with remote-
controlled insect net for insect population monitoring in rice
field. UAV and sticky tramps are used in [47] to estimate the
population of soft-skinned fruit pests, where UAV as a moving
platform is to take aerial images of the sticky tramps for object
detection and counting, while [49] applies UAV RGB camera to
capture soybean pest images for pest classification;

� In indirect crop pest monitoring, the differences among healthy
crop fields and different levels of pest-infected crop fields are
usually assessed. [51] considers the detection of rice sheath
blight using UAV with color and multispectral images, where
regression analysis is conducted between vegetation indices
and disease severity [48]. There is also a survey paper on the
use of RS for forest pest damage assessment [52]. However, it
should be noted that in the indirect crop pest monitoring extra
agronomy knowledge and expertise (i.e., pest outbreak condi-
tions) should be incorporated, since it would be a challenge to
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tell the reflectance differences of crop damaged by pest, dis-
eases, nutrient or drought without incorporating crop, soil and
pest characteristics.

Crop water stress: Water stress has adverse effects on crops
such as closing stomata, reducing transpiration rate and up-
taking less carbon dioxide, inevitably diminishing crop growth,
productivity and resulting in less biomass and yield. The existing
UAV based studies on crop water stress can be broadly divided into
two categories including index based approaches [53] and regres-
sion approaches. A review paper on UAV RS for water stress assess-
ment is also available in [54], which highlights different UAVs
systems and indices for such a purpose.

� In index approaches, various vegetation indices are first derived
from UAV image bands or wavelengths so that the most sensi-
tive one can be chosen as the crop water stress index (CWSI)
[55]. For example, [56] maps the spatial variability of vineyard
water deficits by using CWSI derived from UAV thermal imag-
ing. [53] proposes the adaptive CWSI by using UAV thermal
image for nectarine and peach orchards;

� In regression approaches [57], the functional relationship
between UAV image-derived features (e.g., vegetation indices)
and crop water content measurements via field sampling is
derived. For example, maize water content is estimated in
[57] by using various regression approaches (SVR, RF regression,
DT regression, ANN and PLSR) and UAV multispectral imaging.

Weed infestation: Weeds, aggressively competing with crops
for water, nutrients, sunlight and growing space, are responsible
for an approximate 35% reduction in potential global crop yields.
Accurate weed mapping is a prerequisite for site-specific weed
management, reducing the use of herbicides thus contributing to
an increased agriculture sustainability. Weed infestation monitor-
ing can be usually formulated as a regression, classification or
object detection problem. In particular, a survey paper on DL for
weed detection is also available in [58], highlighting data acquisi-
tion, dataset preparation, DL techniques for detection, localisation
and classification, and also evaluation metrics.

� In regression approaches [59], weed density is chosen as the
response variable and various UAV image-derived information
is chosen as feature variables so that the regression relationship
can be learnt for mapping purpose;

� While weed classification can be at either image-level (i.e.,
image-wise classification) or pixel-level (e.g., semantic segmen-
tation). Both CML (e.g., RF classifier) with handcrafted features
(e.g., vegetation indices) [60] and deep semantic segmentation
networks (e.g., SegNet [61]) have been successfully applied to
different crop weeds;

� Considering the weed patch characteristics, in object detection
approach for weed detection [62], weed patches can be labelled
by using bounding box so that object detection networks can be
applied such as Faster Region-based Convolutional Neural Net-
works (RCNN) and Single Shot Detector (SSD) among others
[58].

Yield prediction: An accurate and early yield estimation is
important in plant growing situation monitoring, productivity
maximisation, crop insurance, planning of harvest and storage
requirement, etc. There are mainly two yield prediction
approaches according to the plant/crop of interest including
regression approach [63] and plant detection and counting
approach, where the latter is mainly for fruit plants [64,65].
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� Yield regression is to establish a mapping from various input
features (e.g., various vegetation indices or their combination,
plant height, etc.) to yield variable based on data of various crop
plots, where each plot denotes a sampling in the regression
model. For example, UAV-based multimodal data (e.g., RGB,
multispectral, thermal) is applied to estimate soybean grain
yield by using both CML based regression (e.g., PLSR, RF regres-
sion, SVR) and also Deep ANN [63];

� Detection and counting is to automatically detect the number of
plants per unit area so that decision making can be made at var-
ious stages (e.g., seedling stage [66] or yield stage). This task is
usually challenging because of appearance variations due to
illumination changes, occlusions from background (e.g., foliage),
and overlapping issues. Therefore, the existing approaches are
mainly aimed at maximally separating the crop (or fruits) from
background by using various measurement information (e.g.,
color, shape, temperature) and designing advanced detection
algorithm for an accurate and robust detection and counting.
Various algorithms have been applied for such a task, such as
two-stage object detector Faster R-CNN, single-shot detector
(SSD) and YOLO [64,67] to different fruits such as citrus [64],
oil palm fruit [67]. A survey paper is also available on this topic
[65].

Harvest decision: At the end of crop growing season, identify-
ing the maturity is important for advancement decision (e.g., har-
vest date estimation, breeding variety selection). Considering the
limitations of resources in harvest decision (e.g., time window,
labor, money), it is a trend to deploy advanced imaging devices
with data analysis algorithms for such a labor-intensive and
time-consuming task. This task can be formulated into two differ-
ent ML tasks according to different crops of interest including
regression and object detection.

� In term of regression, a mapping between image-derived fea-
tures (e.g., vegetation indices, deep features learnt by CNN)
and maturity level should be established, which can be solved
by various regression algorithms such as multiple linear regres-
sion, partial least square regression [68], Artificial Neural Net-
works (ANNs) [69]. For example, CNN-LSTM is adopted in [70]
for soybean relative maturity estimation, where CNN acts as a
feature extractor (against handcrafted features by a domain
expert in CML) and LSTMmakes prediction of the relative matu-
rity (days) based on time-series CNN features;

� In term of object detection, the crop of interest is generally cat-
egorised into different levels of maturity and annotated by
using bounding box, so that object detection algorithms can
be constructed. For example, five object detectors are applied
in [71] for maturity level classification of broccoli crops using
UAV RGB images.

The different PA elements are summarized and compared in Table 2,
which includes representative examples, UAV sensors and the cor-
responding AI problems. To sum up, this section introduces the
PA framework including its flowchart highlighting the role of UAV
sensing for data collection and AI algorithms for data analysis in
support of agricultural decision making, and on this basis, presents
different PA elements along with the corresponding AI problems. It
should also be noted that there exist a number of common chal-
lenges in these PA elements faced by AI empowered UAV perception
systems, which are summarized as below.

� In term of agriculture operational environments, there are var-
ious field changes (e.g., seasons, geolocation, crop varieties, crop
and stress development stages), illumination changes (e.g., sun-
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exposed, partly or completely shadowed due to time of day,
weather conditions), wind and guest (e.g., adverse effects on
UAV flight and imaging), communication access issue, etc.

� In term of agriculture requirements, the fields to be monitored
are large-scale and the operations should be usually done in a
short time window in support of timely intervention (e.g., for
disease control, harvest decision).

These significant challenges have unseen requirements on UAV
sensing systems (i.e., UAV systems and sensing units) and also AI
algorithms, which will be addressed in the following sections
separately.

3. UAV sensing systems

UAV sensing systems play a vital role in data collection module
of the PA framework in Fig. 1. As depicted in Fig. 3, they are mainly
comprised of UAV platforms (e.g., airframe, navigation system,
power system), sensing units (e.g., internal ones for their own
operation and external ones for environmental perception), and
ground control systems (e.g., UAV information monitoring, flight
display, task management, wireless communication system). The
in-depth analysis of the platform, control system and communica-
tion system is out of the scope of this study, and the interested
readers may refer to the existing survey papers [9,83] among
others for further information. But different UAV sensing platforms
and external sensing units for PA applications are detailed in
subSections 3.1 and 3.2.

3.1. UAV sensing platforms

The mostly used UAVs for non-military applications are mini-
and micro-UAV with a payload less than 30 kg [83], and there is
no exception for UAVs in PA applications. There are various UAV
sensing platforms for PA applications, which can be classified into
three categories including rotor-wing, fixed-wing and hybrid
UAVs. A survey paper on this topic is also available at [84], which
highlights the platforms, sensors, and regulations in RS and scien-
tific research.

� Rotor-wing UAVs rely on spinning rotor(s) to provide aerody-
namic lift. These rotors control UAV direction and elevation by
varying each rotor speed to alter the amount of thrust and tor-
que produced. This gives a unique set of handling characteris-
tics, such as vertical flight capability to facilitate take-offs and
landings, and the hovering capability to fly in narrow spaces
and around obstacles. According to the number of main rotors
available, rotor-wing UAVs can be further divided into single-
rotor UAVs and multi-rotor UAVs as below.
- Single-rotor UAVs have just one rotor plus a tail rotor to
control direction and stability. Their mechanical design is
generally complex but much more efficient than multi-
rotor UAVs and therefore makes a much better trade-off
between payload and endurance. Their disadvantages, on
the other hand, include a high cost, vibration and instability,
the requirement of maintenance due to their mechanical
complexity, and a generally long and dangerous heavy spin-
ning blade. In agriculture, they are generally used for aerial
LIDAR scanning and drone spraying [85], where heavy pay-
loads are required;
- Multi-rotor UAVs (e.g., tricopters with 3 rotors, quad-
copters with 4 rotors, hexacopters with 6 rotors and octo-
copters with 8 rotors) rely on multiple rotating propellers
to obtain lift, where their structure is generally simple, flex-
ible and convenient. They offer greater control over position



Table 2
Summary of different PA elements, representative examples, UAV sensors and AI problems.

PA elements Representatives Sensors AI problems

Area estimation � soybean [33];
� several vegetation types [32,34].

� RGB [33];
� multispectral [33];
� hyperspectral [32].

classification [33]

Soil conditions � water content [35];
� salinity [37].

� multispectral [35];
� hyperspectral [36];
� thermal [37].

regression [35]

Crop parameters � crop height [38];
� canopy cover [42];
� biomass [39];
� leaf area index [43];
� leaf nitrogen content [41];
� survey papers [20,21].

� RGB [39];
� multispectral [42];
� hyperspectral [43];
� LiDAR [38].

� regression [38];
� classification [42];

Crop diseases � yellow rust [30];
� citrus canker [72];
� bacterial wilt [73];
� foliage disease [45];
� late blight [44];
� survey paper [74].

� RGB [45];
� multispectral [30];
� hyperspectral [75].

� regression [45];
� classification [30].

Crop pests � fruit pests [49];
� sheath blight [51];
� soybean pests [49].

� RGB [49];
� multispectral [51];
� hyperspectral [48].

� regression [51];
� classification [49];
� object detection [47].

Crop water stress � barley [76];
� maize [57];
� vineyard [55];
� wheat [77];
� survey paper [54].

� RGB [78];
� multispectral [57];
� thermal [56].

� index [53];
� regression [57].

Weeds � blackgrass in wheat [59,60];
� weed in sugar beet [61];
� weed in soybean [62];
� survey paper [58].

� RGB [59];
� multispectral [60];
� hyperspectral [79].

� regression [59];
� classification [60];
� object detection [62].

Yield prediction � soybean [63];
� cotton [80];
� citrus [64];
� oil palm fruit [67];
� survey on fruit [65].

� RGB [63];
� multispectral [63];
� thermal [63];
� stereo camera [81].

� regression [63];
� object detection [64].

Harvest decision � soybean [68,70];
� peanut [69];
� broccoli [71];
� canola [82].

� RGB [70];
� multispectral [68];
� hyperspectral [82].

� regression [68];
� object detection [71].

Fig. 3. UAV sensing systems including various UAV platforms, ground control
system and different external sensing units.
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during the flight, such as hovering, move up and down on
the same vertical line, back to front, side to side and rotate
in its own axis. The high manoeuvrability makes them ideal
for aerial photography and close inspection. Their disadvan-
tages, on the other hand, include a limited endurance (e.g.,
30 min) [17] and speed (unsuitable for large-scale agricul-
tural sensing), energy-inefficiency due to aerodynamics
(i.e., severe payload-endurance trade-off). Rotor-wing UAVs
have been widely used in low-altitude remote sensing
including visual inspections and 3-D modelling, where
high-resolution images (e.g., centimetre-level) are required
[86].
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� Fixed-wing UAVs look and work like an aeroplane with rigid
wings providing the lift, rather than using vertical lift rotors
in rotor-wing UAVs. As a result, they are more energy-efficient
since energy is mostly needed to move forward instead of hold-
ing itself in the air (as rotor-wing UAVs). As a result, they are of
high speed while with a much longer flight time and so are able
to cover much larger areas efficiently [87]. For example, typical
battery powered fixed-wings can fly about 1 h while gas engine
powered (fuel) can stay aloft for several hours. The disadvan-
tages of fixed-wing UAVs include a relatively high price, opera-
tion difficulty (e.g., the requirement of open and flat ground for
take-off and landing, and no hovering), relatively high flying
attitude (e.g., 40 m + and therefore with a reduced image reso-
lution). Fixed-wing UAVs have been widely used in aerial map-
ping, drone surveying, agriculture, inspection, where medium-
resolution images (ten(s) centimetre-level) are required.

� Hybrid UAVs take the advantages of fixed-wing and rotor-
based designs concurrently, where rotors are attached to the
fixed wings allowing it to hover and take off and land vertically,
and meanwhile are able to fly as a fixed-wing UAV by switching
the flight mode. As a result, they have a long flight duration
while with a low requirement on landing site, and so greatly
expand the application scope of both rotor-wing and fixed-
wing UAVs. However, this technology is still in the nascent
stage, where further development is urgently required to guar-
antee their stability, safety and reliability such as aerodynamic
interference of tilting propeller, tilting structure design, and
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power system matching in various flight states. A brief review
paper on VTOL UAVs and their application prospects in PA is
available in [88].

A comparison of representative UAV sensing platforms against the
ground- (e.g., tractor or robots), manned aircraft- and satellite-
based sensing platforms is made in Table 3. In particular, the com-
parisons are made in terms of payload, flight endurance, revisit-
time (or temporal resolution), flight efficiency, coverage, spatial res-
olution, environmental constraint, beyond surface assessment or
not, soil compaction, cost, operational complexity, and labor-
intensity, which should be taken into account in choosing the most
suitable one for the target applications of interest. It follows from
Table 3 that UAVs make an excellent trade-off between ground-
based and satellite-based systems, and therefore are suitable for
field-scale applications with high spatial–temporal image resolu-
tions while with a reasonable cost, operational complexity and
labor-intensity.

3.2. UAV sensing units for PA

This section aims to introduce different UAV external sensing
units for PA applications. It is noted that the ‘‘external sensors”
here are relative to ‘‘internal sensors”, which refer to sensors
observing agriculture fields rather than for its own operations
(e.g., GPS for position, inertial measurement unit (IMU) for atti-
tude, barometer/altimeter for altitude). One of the most commonly
exploited sensing technology in agriculture sector is optical sens-
ing, where different optical sensing units with different spectral
wavelengths (mainly in visible, NIR and thermal infrared ranges)
investigated in this study are shown in Fig. 4. The metrics/factors
that should be considered in choosing the most suitable sensor
for applications of interest mainly include: weight, price, spectral
range, spectral resolution, operational and data processing diffi-
culty. In particular, the optical sensing units mainly include true
color camera (or RGB camera), stereo camera system, color infrared
camera, multispectral camera, hyperspectral camera, LiDAR and
thermal camera, where their details in PA applications are pre-
sented as below.

� True color camera: also termed visible light sensor or RGB
camera, refers to standard consumer camera with Red, Green
and Blue bands. It is able to capture an image in such a way that
it reproduces the same effect as seen with a human eye. Mean-
Table 3
Representative UAV sensing platforms against ground-, manned aircraft- and satellite-bas

Platform UAVs

Sub-type Rotor-wing Fixed-wing VTOL

Representative � DJI Phantom 4 Pro;
� DJI Matrice 300.

� Sensefly eBee;
� Sentera PHX.

Wingt

Payload Low (0.5 kg) Low (0.9 kg) Low (0
Endurance Low (30 min) Low (45 min) Low (5
Revisit-time User-defined User-defined User-d
Efficiency R low Medium Mediu
Coverage Plot-level Field Field
Resolution High (cm) High (5 cm+) High (
Constraint Rain/Wind Rain/Wind Rain/W
Beyond surface No No No
Soil compaction NA NA NA
Cost Low R Low R Low
Operational complexity Simple R complex R simp
Labor-intensity R low R low R low

(1) ‘‘Beyond surface”means measuring the information under crop/soil surface, as RS can o
to detect soil/crop attributes under their surface via specific sensors [89]; (2) The values i
‘‘Relative”, and ‘‘V”means ‘‘Very”.
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while, it is relatively affordable, of light weight, with a high spa-
tial resolution, simple data processing and video output.
Therefore, it has been widely applied in PA applications, where
image resolution and visible symptoms are the main priorities,
such as crop parameter estimation (e.g., canopy cover, LAI,
height, biomass [39]), crop damage assessment (e.g., lodging
[90]), crop maturity [70,91], fruit segmentation, detection and
counting [64,92], pest detection [47,93], etc. The main draw-
backs of true color camera include the broad and only visible
spectral bands, which limits its performance in early crop stress
detection (i.e., when visible color symptoms have not appeared
in early stages).

� Stereo camera system: is comprised of two color cameras with
a fixed layout, which can simulate human binocular vision to
capture three-dimension images. Particularly, colored point
cloud (e.g., color with depth) can be generated via the principle
of triangulation, and in comparison to single camera, the occlu-
sion problem can also be alleviated. Therefore, stereo camera
system is usually applied for the scenarios where both true
color information and depth information are important. For
example, a stereo camera comprised of two SONYA6000 cam-
eras has been applied in [94] for canopy height and above-
ground biomass estimation. A commercial stereo camera has
also been used in [95] for fast detection and location of longan
fruits. Other applications of stereo camera system include nav-
igation and localization, which is out of the scope of this study
and interested readers may refer to the survey paper [96] for
further information. The main limitations of stereo camera sys-
tem are its limited sensing range (generally within 20 meters)
and high sensitivity to illumination changes.

� Color infrared camera: refers to a standard camera with near-
infrared (NIR) blocking filter removed. Representatives include
Green–Red-NIR three-band camera ADC Micro, Blue-Green-
NIR three-band camera XNiteCanon SX230 NDVI [97]. It can
be seen as a transition from true color camera to multispectral
camera, and so its price and usability in PA also fall into true
color and multispectral cameras. Therefore, it is usually applied
to the scenarios where non-visible bands such as RedEdge or
NIR are important but with a limited budget on multispectral
camera. For example, different color infrared cameras have been
used in VI calculation [98], crop parameter estimation [97] and
nitrogen nutrition estimation [99]. Its main limitations lie in the
calibration required for spectral information, and worse perfor-
mance than commercial multispectral camera.
ed sensing systems: pros and cons.

Ground Aircraft Satellite

raOne CLAAS crop sensor ER-2 � Sentinel-2;
� Landsat 8.

.8Kg) High High High
9 min) Long (hours) Long (hours) Long (years)
efined User-defined User-defined Long (5 days)
m Low High High

Plot-level Large Field Region
5 cm+) High (mm) Low (10 cm+) Low (10 m+)
ind Terrain Strong wind Cloud

Yes No No
Yes NA NA
R High High V High

le R simple Complex Complex
High High Low

nly sense the surface reflectance, but proximal sensing (e.g., tractor, robotics) is able
n ‘‘()”denote the example values for the first representative platforms; (3) ‘‘R”means



Fig. 4. UAV sensing units for PA applications with different spectral wavelengths/bands investigated in this study. Note: the top spectral image is from MicaSense and the
example sensors’ images are directly from their official websites.
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� Multispectral camera: refers to a camera with more than three
RGB bands, where additional band(s) may include RedEdge or
NIR(s) or their combinations. Different multispectral cameras
are available in the market, e.g., four-band Sequoia, five-band
RedEdge [30] and DJI P4 multispectral, six-band Sentera Quad
[100], Buzzard camera, MiniMCA6, where a comparison of
Sequoia and Mini-MCA6 is available in [101] in terms of accu-
racy and applicability. UAV based multispectral imaging has
been used for various PA applications, where extra RedEdge or
NIR introduces additional spectral information, such as VI calcu-
lation, crop parameters estimation, weed mapping [60], weed
species identification [100], crop maturity and damage, etc.
The main limitations of multispectral camera is its high price
over true color or color infrared cameras, medium spatial reso-
lution compared against true color camera, and low spectral
resolution compared against hyperspectral camera.

� Hyperspectral camera: combining the advantages of spec-
troscopy (i.e., point-based spectral measurement) and digital
imaging, is able to obtain a large number (e.g., hundreds) of nar-
row and continuous wavelengths (images) from visible to NIR
ranges. Several commercial hyperspectral cameras are available
on the market, such as Nano-Hyperspec, Rikola, Pika NIR-640,
Hyperspec@SWIR (please refer to [28] for more hyperspectral
sensors). These wavelengths are generally much narrower than
the bands of color image, color-infrared or multispectral image
and so the increased spectral resolution would be more sensi-
tive to crop characteristics changes. Therefore, hyperspectral
cameras have been widely used in accurate VI calculation, crop
parameter estimation and early crop stress assessment, among
others in Table 4. The main limitations of hyperspectral camera
are its high price, relative complex data processing pipeline due
to calibration and large data volume. A review paper on UAV
based hyperspectral imaging for agriculture and forestry is
available in [28], which highlights hyperspectral sensors, inher-
ent data processing and application both on agriculture and
forestry.

� Thermal camera: is a device that creates an image using infra-
red radiation for temperature signature, where temperature
plays a critical role in plant physiological processes such as
transpiration, leaf water potential and photosynthesis [102].
At the foliar level, stomata closure reduces transpiration and
evaporative cooling, leading to an increased leaf temperature.
Therefore, in practice, temperature difference between crop
canopy (Tc) and air (Ta) (its normalized version is also termed
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Crop Water Stress Index) is usually used to assess crop water
status and consequently act as a tool for irrigation management.
Typical applications of UAV thermal imaging include crop stress
(e.g., water, disease) monitoring, soil characteristics (e.g., mois-
ture, texture), crop maturity and yield estimation. Recent sur-
vey papers are also available in [3,27], which highlight the
correct use, applications, issues and concerns of UAV thermal
imaging for PA applications. As highlighted in [103], two key
considerations for (UAV) thermal imaging include the optimal
spatial resolution (as typical thermal image resolutions are
low ranging from 320� 240 to 640� 512 pixels, leading to the
issue of mixed pixels, i.e., pixel containing signals from multiple
sources) for the identification of crop canopy from background
and the appropriate time of day for image acquisition so that
the object of interest can easily separated from the background
and environment.

� LiDAR stands for Light Detection And Range, which sends out
laser light pulses and measures the time it takes the light to
hit an object and bounce back to the sensor. As a result, it is able
to measure the distance to the surface and build a 3-D point
cloud for various applications. UAV LiDAR measurements are
gaining popularity due to their increased spatial resolution, bet-
ter penetration (than image-based approaches), higher
throughput and independence of air temperature, illumination
condition and a decreasing weight and price [104,105]. As a
result, they are finding various applications in PA such as plant
height estimation [38], crop lodging mapping, etc., where 3-D
point cloud information is important. In comparison against
image-based point cloud generation, LiDAR based approach
generally has better density but at the price of a higher equip-
ment cost [106]. It is noted that a trade-off is usually made
between laser point density (resolution) and LiDAR price
[105], in addition, the large data processing and water-
absorbing problem should also be considered in practical appli-
cations.A comparison of these UAV sensing units (externally
observing agriculture fields) for PA applications are summa-
rized in Table 4 in terms of representative examples, typical
applications, advantages and practical considerations. It follows
from Table 4 that the selection of different sensors for an appli-
cation of interest would depend on a number of factors, which
are summarized as below.

� Scientific factors to be considered in sensor selection include
spectral range/resolution and spatial resolution.



Table 4
Comparisons of UAV external sensing units for PA applications: representatives, applications, advantages and considerations.

Sensor Representative Applications Advantages Considerations

True colour � Sony NEX-7 [78],
� Nikon D850.

� Crop parameters (e.g., canopy
cover, LAI, height, biomass [39]);

� crop damage (lodging) [90];
� Crop maturity [70];
� Pre-harvest yield [70];
� 3-D point cloud [107].

� High availability;
� Easy operation and integra-
tion in various platforms;

� High spatial resolution;
� Easy visual interpretation;
� Video output.

� Only visible and broad spectrum;
� Lack of proper calibration;
� Very sensitive to sunlight reflection.

Stereo
camera

� Zed 2i,
� Two SONYA6000
[94]

� Crop parameters (e.g., height, bio-
mass [94]);

� Count and yield [95].

� Obtain color, texture, geo-
metric information in 3D;

� Distance information;
� Less occlusion problem than
single RGB camera.

� Only visible and broad spectrum;
� Limited operation distance (e.g., 15 m);
� Very sensitive to sunlight.

Colour
infrared

� ADC-SNAP [108]
� XNiteCanon
SX230 [97]

� VI calculation [98];
� Crop parameters (e.g., canopy
cover, crop height) [97];

� Nitrogen [99].

� Cheap infrared camera. � Calibration required for spectral information;
� Worse performance than multispectral
camera.

Multispectral � Parrot Sequoia
� Micasense
RedEdge,

� DJI P4
Multispectral

� VI calculation [30];
� Crop parameters (e.g., crop height,
biomass [41], canopy cover [42]);

� Crop stress (e.g., weed, disease,
pest, nitrogen [41]);

� Crop maturity [68];
� Crop damage (lodging) [90];
� pre-harvest yield [63].

� Wider spectrum range and
narrower bandwidth;

� Well-established prepro-
cessing steps and software;

� Sub-decimeter multispec-
tral mapping.

� A high price (e.g., €10K);
� Radiometric calibration is required for spec-
tral reflectance;

� Lower spatial resolution than RGB camera.

Hyperspectral � Nano-Hyperspec
� Rikola,
� Pika NIR-640,
� Hyperspec@SWIR

� VI via narrow wavelengths [40];
� Crop parameters (e.g., LAI [43],
biomass[40]);

� Early crop stress monitoring (e.g.,
weed, disease, nutrient [43],
chlorophyll content, crop water
content);

� Soil conditions [36].

� Many (e.g., hundreds of)
narrow, continuous and
wavelengths in wide-range
spectrum;

� Better stress monitoring
performance;

� A much higher price (e.g., €50 K) and weight;
� Relative complex data preprocessing (e.g.,
calibration, stitching);

� Large volume of data to process.

Thermal � FLIR Vue Pro R,
� WIRIS Pro
� DJI Zenmuse XT2

� Plant stress (e.g., water, disease)
[3];

� Soil parameters (moisture, tex-
ture) [3];

� Crop maturity and yield [80];

� Extra temperature
information;

� Work in both day and night.

� Sensitive to temperature related environ-
mental variations (e.g., time of day, cloud);

� Complex data collection (e.g., calibration,
ground control point), processing (e.g., low
resolution and contrast, strong optical
distortion).

LIDAR � Velodyne HDL-
32E,

� Livox Mid-40
� LeddarTech VU8

� Crop parameters (height [105],
biomass [38]);

� Crop stress (e.g. nitrogen [41]);
� 3-D point cloud [109].

� High-performance geomet-
ric measurements;

� Robust against environmen-
tal changes (e.g., illumina-
tion, cloud).

� A high price;
� Resolution and price trade-off;
� Large volume of data to process.
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- For some applications (e.g., fruit detection, crop lodging,
direct pest detection, 3-D point cloud) where color, texture
and image resolution are the priority factors, true color or
stereo camera would be the choice due to their high spatial
resolution and true color information;
- For some applications (e.g., early crop stress detection,
crop maturity estimation, accurate vegetation indices)
where spectral range and spectral resolution are important,
multispectral (i.e., relatively wider spectral bandwidths with
a lower price) or hyperspectral camera (i.e., narrow spectral
bands/wavelengths with a higher price) would be the candi-
dates, particularly if RedEdge and (or) NIR are the important
bands, multispectral camera (with a higher price) and colour
infrared (with a lower price) would be the choice;
- If temperature information is important (e.g., soil/crop
drought assessment), camera with thermal information
would be the choice such as thermal camera or multispectral
camera with thermal bands (e.g., MicaSense Altum-PT, DJI
Zenmuse H20);
- In applications where high-quality distance information
(e.g., plant height estimation, 3-d point cloud generation)
is important, the candidates would be stereo camera (with
a low price and poorer performance) or LiDAR (with a high
price but better performance);
- In terms of spatial resolution, thermal camera has the
poorest spatial resolution followed by multispectral, colour
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infrared and hyperspectral cameras, while true colour,
stereo and LiDAR have very high resolutions.
� Operational factors to be considered in sensor selection mainly
include weight, price, operation environments, operation diffi-
culty, data processing expertise, etc.
- True color, stereo camera, color infrared, multispectral and
thermal cameras usually have a low weight and therefore
are suitable for small UAVs, however, hyperspectral camera
and LiDAR with a relatively high weight should be put on
UAVs with a large payload (e.g., DJI M300, S1000);
- The price of true colour, stereo and color infrared cameras
are relatively low, however, multispectral, hyperspectral,
thermal cameras and LiDAR are relatively expensive;
- Stereo camera with a limited operation range (e.g., 15 m) is
usually applied for low-altitude applications, however, other
sensors do not have a particular requirement on operational
height and mainly depend on the spatial resolution required
for the specific applications;
- Thermal camera and LiDAR are able to work at night, how-
ever, other cameras should be operated at day time with suf-
ficient illumination;
- Hyperspectral camera and LiDAR generally involve rela-
tively complex data processing pipeline with a large amount
of data, while other camera images can be pre-processed
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easily with off-the-shelf software (e.g., Pix4D, DJI TERRA,
Agisoft Metashape, etc.).

4. AI algorithms for UAV based PA

Upon obtaining a large amount of data (e.g., images) from UAVs
with imaging sensors, it is important to interpret these data into
semantically meaningful information for follow-up applications,
which is time-consuming and labor-intensive by conventional
manual annotation or expert interpretation. There is a trend to
adopt AI algorithms to automate this process. So this section aims
to categorize the literature according to AI algorithms/models
involved in the direct use of UAVs for PA applications. The ‘‘AI”al-
gorithms in this context mainly refer to ML methods that are used
for regression, classification and object detection although unsu-
pervised learning algorithms, relatively sparse compared against
supervised learning algorithms, are also briefly covered. According
to the learning methods, ML algorithms can be broadly categorised
into three types including supervised, unsupervised and reinforce-
ment learning, which are further detailed as below.

� In supervised learning, a prediction model is built upon some
labelled data (e.g., each sample in the labelled dataset is with
a label or target) to mapping features to labels so that it is able
to predict labels of new and unseen data automatically. This
approach dominates AI algorithms for UAV based PA applica-
tions, which include regression, classification and object detec-
tion problems;

� Unsupervised learning is to extract meaningful representations
and explain key features of the dataset. No labels are necessary
in order to learn from the data, although labels are sometimes
useful for algorithm evaluation. The objective is to divide the
unlabelled dataset into separate groups or clusters, which share
similar proprieties within clusters but differ from other clusters.
The applications of this approach in UAV based PA mainly
include feature dimension reduction, simple classification and
data labelling;

� While in reinforcement learning, intelligent agents learn to take
actions in a real or simulated environment in order to maximize
the notion of cumulative reward. By trial-and-error, the agent
explores environment and exploits feedback to improve its per-
formance. In reinforcement learning, contrary to supervised
learning paradigm, no feature-label pairs are required. The
application of reinforcement learning in UAV based PA mainly
focuses on planning layer [110] and so not covered in this
review since this review is mainly focused on perception layer.

4.1. Supervised learning

Supervised learning aims to establish a mapping (i.e., functional
relationship) from feature (or independent, predictor, explanatory)
variables to response (or dependent, target) variable. Assuming
that Y is response variable of interest, and X ¼ x1; � � � ; xkð Þ is feature
variable with k being the sample number, the model to describe
the relationship between Y and X in supervised learning can be
written as Eq. (1).

Y ¼ f X;bð Þ þ �; ð1Þ

where b is a parameter vector, � is an error term whose distribution
may or may not be normal, f ðÞ is some function that describes the
relationship between Y and X. Depending on data-type of Y, super-
vised learning algorithms can be broadly categorized into regres-
sion problem (i.e., with continuous data-type) and classification
problem (i.e., with categorical data-type).

In addition, depending on characteristics of the function f in Eq.
(1) selected for the mapping, supervised learning algorithms can
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also be broadly divided into two types including parametric and
non-parametric approaches, which are detailed as below.

� Parametric model simplifies the learning task by presuming that
the form of mapping function is known as a prior. The learnt
model, therefore, has a set of parameters b with a fixed size (in-
dependent of the number of training samples), and the main
task is to learn these parameters from training data. This
approach is simple, more interpretable, requires less data and
does well if the functional assumption is correct. However,
the learnt model is constrained to the selected functional form
and may perform badly, e.g., a large bias, if the functional
assumptions are wrong;

� Non-parametric model, on the other hand, is able to relax the
assumption of functional form and enables one to explore data
more flexibly. Instead, model form is learnt from dataset auto-
matically, and the number of parameters are also flexible and
not fixed as a prior. This approach is suitable for the case with
a lot of data but little or no prior knowledge, and may result
in better performance than parametric models. It is also noted
that this approach generally requires more data, learning time
and more subject to the problem of overfitting if handled
inappropriately.

4.1.1. Regression
Regression approaches are widely used in PA applications when

response variables are continuous. In regression, the response vari-
able Y in Eq. (1) is continuous, X denotes feature variables, b are
unknown parameters to be estimated by using the feature-
response pairs Xi;Yið Þ with i ¼ 1; � � � ; k. The typical evaluation met-
rics for regression algorithms, as given in Eq. (2), include R-Squared
(or Coefficient of Determination) R2 showing how well the model
fits the dependent variable, Mean Squared Error (MSE) and Root
Mean Squared Error (RMSE) illustrating model fitness, Mean Abso-
lute Error (MAE) measuring model prediction error, or their combi-
nations such as Huber loss function [70].

R2 ¼ 1� SSresidual
SStotal

; SSresidual ¼
Xk

i¼1

yi � ŷið Þ2;

SStotal ¼
Xk

i¼1

yi � �yð Þ2;with�y ¼ 1
k

Xk

i¼1

yi;

MAE ¼ 1
k

Xk

i¼1

jyi � ŷij;MSE ¼ 1
k

Xk

i¼1

yi � ŷið Þ2;RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXk

i¼1

yi � ŷið Þ2

k

vuuuut

ð2Þ
However, the above metrics are sensible to the inclusion of addi-
tional variables even if they make little contribution in explaining
the outcome. To this end, more robust metrics for model evaluation
and selection are proposed such as Adjusted R-squared R2 (adjust-
ing the R2 for having too many variables in the model), Akaike Infor-
mation Criterion (AIC) and Bayesian Information Criteria (BIC)
adding a penalty that increases the error when including additional
variables, defined as below.

R2 ¼ 1� 1� R2
� �

k�1
k�v ;

AIC ¼ 2p� 2ln bL� �
;BIC ¼ pln kð Þ � 2ln bL� � ð3Þ

where v denotes the total number of explanatory variables, p is the

total number of model parameters used, bL is the log-likelihood esti-
mate. Regression algorithms can also be broadly divided into two
categories including parametric and non-parametric approaches,
detailed as below.
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� In parametric approaches, the unknown parameters b are a vec-
tor in finite p-dimensional space and the f ðÞ is with known
functional forms [111]. Typical parametric regression methods
include linear regression (LR) (linear in the parameters b) such
as multiple LR, polynomial regression, Poisson regression, non-
linear regression with given functional forms, ridge regression,
Least Absolute Shrinkage and Selection Operator (LASSO), Par-
tial Least Squares Regression (PLSR), Principal component
regression (PCR), etc. In particular, ridge regression, LASSO, PLSR
and PCR are applicable to the cases with high levels of muti-
collinearity or the automated variable selection is desirable,
which is a common problem in hyperspectral imaging due to
the large number of wavelengths being highly correlated in
adjacent spectral ranges [28,40].

� While in non-parametric approaches, parameter set b are a sub-
set of infinite dimensional vector spaces, where their dimension
and estimation should be determined by the labelled data on-
the-fly. Typical non-parametric regression models include Sup-
port Vector Machine Regression (SVR), K-Nearest Neighbor
(KNN) regression, decision tree regression, RF Regression
(RFR), Gaussian Process Regression (GPR), Artificial Neural Net-
work (ANN), Deep Neural Network (e.g., Long Short-TermMem-
ory (LSTM) [70]). These nonparametric approaches generally
require a relatively large number of training samples to build
a reliable and generalizable model.

There are various packages available to implement these different
regression algorithms such as scikit-learn in Python language, Caret
Package in RStudio software, regression learner in MATLAB. As
shown in Table 2, typical applications of regression approaches in
PA application include soil moisture estimation [35], various plant
parameters estimation (such as LAI [43], crop height [38], biomass
[39]), crop disease severity [45], crop pest severity [51], leaf water
content [57], weed density [59], yield estimation [63] and maturity
estimation [68]. The features in regression models mainly include
spectral bands, spectral wavelengths, various vegetation indices or
their combinations; however, some studies also include other vari-
ables (or information) such as height, temperature, texture or deep
features learnt by CNN or ANN approaches for better regression per-
formance [70,63]. As an illustrating example, please refer to Fig. 5 for
the workflow diagram of soybean yield prediction from [63] based
on UAV multimodal data fusion and various regression algorithms
such as PLSR, SVR, RFR and Deep ANN models. However, it should
be noted that the significantly increased feature dimensionality also
requires a larger number of training samples in order to better learn
the model parameters and therefore the problem of feature dimen-
sion reduction should also be carefully considered [112,113].

4.1.2. Image classification
The other main approach in UAV based PA applications is image

classification. Different from regression problems, the response
variable in image classification problems (i.e., Y in Eq. 1) is categor-
ical in a finite set. The main classification methods can be divided
into two categories including conventional ML approaches (i.e., via
human-engineered features) and recent DL approaches (i.e., via
learnt deep features), where their comparisons in term of workflow
are displayed in Fig. 6 and presented as below. A large number of
evaluation metrics are available for image classification algo-
rithms, where the commonly used ones include Precision, Recall,
Accuracy, F score, ROC curve and Area Under the ROC Curve (ROC
AUC score), defined as below.

Precision ¼ TP
TPþFP ;Recall ¼ TP

TPþFN ;Accuracy ¼ TPþTN
TPþFPþTNþFN ;

Fb ¼ 1þ b2� �� Precision�Recall
b2�PrecisionþRecall

;ROCcurve;ROCAUCscore ð4Þ
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where true positive (TP) denotes the correctly predicted positive
values, true positive (TN) denotes the correctly predicted negative
values, false positive (FP) represents the falsely predicted positive
values, false negative (FN) is falsely predicted negative values. Con-
fusion matrix is also used to present Precision, Recall and Accuracy
in matrix format. When choosing b in Fbeta score the more you care
about recall over precision the higher b you should choose. ROC
curve is a chart visualizing the tradeoff between TP rate and FP
under every threshold. ROC AUC score is a value evaluating how
good the ROC curve is, where the more top-left ROC curve is the
higher the area and hence higher ROC AUC score. In addition to
the aforementioned model performance metrics, model size and
inference time should also be considered for embedded system
(or real-time) applications.

� It follows from Fig. 6 that CML and DL based approaches share
the same steps of data acquisition and data preparation as
below.
- Regarding data acquisition with UAV for PA applications,
flight plan is usually generated before missions with dedi-
cated planning software (e.g., open-source software Mis-
sionPlanner, and commercial ones including DJI GS Pro,
PIX4D Capture, DroneDeploy, UGCS, Altizure, Waypoint
Master) by simultaneously considering the area of interest
(i.e., boundary shape, terrain), the required ground sample
distance and the characteristics (e.g., image resolution, field
of view) of UAV cameras [86].
- Upon data collection, the next step would be data prepa-
ration for ML modelling. Different data preparation steps
can be done depending on different applications of interest,
such as image pre-processing, data labelling, data augmen-
tation or synthesis among others, which are briefly dis-
cussed as below.

⁄ Typical data pre-processing steps may include image geo-
metric correction, spectral radiation processing, orthomosaic
generation, etc. [20]. Many off-the-shelf commercial soft-
ware are available to automate these processes, such as
PIX4Dmapper, Agisoft Metashape, DJI Terra, DroneDeploy,
and open-access software OpenDroneMap, etc.;
⁄ Different data labelling methods should be adopted
according to the problems of interest, such as image level
labelling for image-wise classification, pixel-wise labelling
for pixel-wise semantic segmentation, bounding box anno-
tation for object detection and localization, etc. Off-the-
shelf software are also available for this task, such as
labelme, labelImg, CVAT, hasty.ai, etc;
⁄ Data augmentation and data synthesis are to boost ML
model performance by expanding training datasets in terms
of scale and variations [114]. A survey paper on image data
augmentation for DL is available at [115], and a systematic
review of Generative Adversarial Networks (GANs) for image
augmentation in agriculture is also available at [116].

�In particular, conventional data augmentation mainly refers
to various image operations on the input space such as geo-
metric transformations (e.g., flipping, cropping, rotation,
translation), color space transformation, kernel filters, mix-
ing images and random erasing;
�While data synthesis mainly refers to augmenting training
datasets by generating samples via DL approaches such as
feature space augmentation, adversarial training, GANs, neu-
ral style transfer and meta-learning.

� The extra module of CML over DL is feature engineering, which
is to extract hand-engineered features (e.g., color, shape, tex-
ture) from raw images for the purpose of ML model construc-



Fig. 5. Workflow diagram of data processing, feature extraction and regression modelling (via PLSR, SVR, RFR and Deep ANN) from [63] for soybean yield prediction based on
UAV multimodal data fusion.

Fig. 6. A comparison between CML and DL approaches in image based classification problems.
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tion. This is generally a cumbersome, trial-and-error process to
choose the ‘‘right”features without guaranteeing optimal model
performance. However, it should also be noted that feature
engineering in the area of Computer Vision (CV) is still impor-
tant and may be very useful for efficient implementation of
DL approaches [117]. While, DL approaches combine feature
learning (i.e., the most descriptive and salient features for the
task of interest) and model training in one DL model construc-
tion module, which is also termed end-to-end learning. Unlike
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the handcrafted features (e.g., HOG, SIFT [118], SURF [119]) in
CML, the learnt deep features, however, are generally con-
strained to the training datasets. Therefore,
‘‘representative”training datasets are vital in DL approaches,
and the deep features learnt in one application (dataset) are
very likely to be not suitable to another application (dataset).

� The shared CML/DL model construction module can be further
detailed in Fig. 7. In particular, the labelled dataset can be
divided into three subsets including training set, validation set
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and test set. Training set is to learn model parameters by defin-
ing some suitable loss functions, and validation set is to support
model evaluation to avoid the problem of overfitting, and test-
ing data, mimicking real-life applications, is to confirm the
usability of the learnt model. The most commonly used train/-
validation/test partition is randomly splitting the labelled data
by fixed proportions. However, a more reasonable approach
for PA applications would be temporal or spatial split [11] (in-
stead of random split) of the labelled images into different time
periods or regions so that model generality (i.e., time-wise,
location-wise) can be practically tested. In model training, the
error between predicted outputs and ground truth (GT) labels
is calculated in the loss function, so that model parameters
can be learnt/updated recursively. For example, in DL parameter
learning is achieved via back-propagation using chain rule and
gradient descent.

The approaches for image classification can also be divided into two
categories including image-wise classification and pixel-wise classi-
fication, where a diagram is given in Fig. 8 to display typical meth-
ods for image-wise classification and pixel-wise classification. In
particular, CML approaches are highlighted in yellow, CNN based
approaches are highlighted in green and CNN derived deep seman-
tic segmentation approaches are highlighted in red.

Image-wise classification is to assign a label to the whole
image [120], where the main approaches include CML and the
SOTA deep CNN approaches, which are presented as below.

� CML: before the popularity of DL (CNN in particular), different
image-wise classification approaches have been developed in
the community of computer vision and pattern recognition. As
displayed in Fig. 8, the typical parametric CML methods include
discriminant analysis (DA), Naive Bayes (NB), Logistic Regres-
sion (LR), Perception, Simple Neural Networks (SNN); while
the nonparametric CML methods include K-Nearest Neighbor
(KNN), Decision Tree (DT), Support Vector Machine (SVM), Ran-
dom Forest (RF), AdaBoost among others. There are also many
packages to implement these CML models such as scikit-learn
in Python, Classification Learner in Matlab. As shown in Fig. 6,
the main challenges of CML based image-wise classification is
to define the representative features for model learning. For
example, [121] applied a texton-based linear classifier to image
paths from high-resolution UAV images for invasive weed clas-
sification, where a bank of image filters were used for feature
extraction. [49] compares SVM, RF, NB, KNN, AdaBoost, and
local descriptors (e.g., SIFT and SURF) in soybean pest classifica-
tion via UAV derived RGB image segments (by SLIC superpixel
segmentation). This approach is useful when the image classifi-
cation task is relatively simple and a limited number of labelled
samples are available. However, the expressiveness (complex-
ity) of these shallow models is usually limited and therefore
the performance is easily saturated even with a large dataset
for model training.
Fig. 7. Flowchart of ML model construction: training, validation and test.
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� However, CNN has been the dominant method for image-level
classification since 2012 with the success of AlexNet [122].
CNN is a special type of deep neural network (DNN), which
excels at image-based tasks due to their advantages in learning
spatial structure of the pixels automatically. It also requires a
fewer number of learning parameters over full connected
DNN models, achieving superior computational performance
and reducing the risk of overfitting due to the use of convolu-
tion filters. The general structure of a CNN is composed of mul-
tiple convolutional layers interlaced with pooling layers,
followed by some fully-connected layers in the end. In particu-
lar, the convolutional layer automatically extracts the hierarchi-
cal and high-level feature representation, while pooling layer
reduces the image resolution to increase receptive field and
help achieve spatial invariance, and the fully-connected layer
reduces the image dimension and outputs a 1-D distribution
over classes.
The main development of CNN is briefed for the sake of com-
pleteness. Back in 1989, [123] constructed a CNN for handwrit-
ten zip code recognition and first used the term ‘‘convolution”,
which is the original version of LeNet. Then various shallow
neural networks were successfully proposed. In particular, in
1998, a pioneering 7-level convolutional network named
LeNet-5 [124] was proposed to classify hand-written digits in
small grey-scale images. However, with the increasing number
of layers of neural networks, traditional backpropagation net-
works encountered several problems, such as local optimum,
overfitting, gradient vanishing, and gradient exploding. In
2012, AlexNet [122] made a major breakthrough in ImageNet
competition by using ‘‘layer-wise pre-training”, which attracted
enormous research interests. Since then, several CNN architec-
tures (e.g., deeper, wider architectures) have been proposed
such as Visual Geometry Group (VGG) [125] (via small convolu-
tion filters) and Inception (or GoogLeNet) [126] in 2014 (deeper
network structures than Alexton by suitably factorized convolu-
tions and aggressive regularization), ResNet [127] in 2015 (i.e.,
addressing the degradation problems so that the training of
deeper network becomes possible via learning residual func-
tions with reference to the layer inputs instead of learning
unreferenced functions), DenseNet [128] in 2016 (thinner and
compact networks), ResNeXt [129] in 2017 (i.e., exposing a
new dimension termed cardinality in addition to the dimen-
sions of depth and width), EfficientNet [130] in 2019 (i.e., uni-
formly scaling all dimensions of depth/width/resolution using
a compound coefficient), Vision Transformer (ViT) in 2021
[131,132] (i.e., employing a Transformer-like architecture
[133] over patches of the image), achieving better performance
even outperforming human being in the well-known large-scale
ImageNet dataset. In particular, transformer based network
architectures have recently surpassed CNN network architec-
tures with its massive network architecture and model param-
eters to capture the global information (i.e., with a higher
computational and memory cost). It should be noted that gen-
erally these deeper and wider architectures achieve better per-
formance at the expense of requirement of a larger labelled
dataset, a longer training time, a larger model size and a longer
inference time.
There are also efficient and lightweight CNN architectures,
which have fewer trainable parameters and so are more appli-
cable on small devices with a low computation power. In this
context, MobileNet of three versions (V1 [134], V2 [135], V3
[136]) and ShuffleNet of two versions V1 [137], V2 [138] have
been proposed. In these approaches, the computation cost of
conventional convolution operations is improved by using sep-
arable convolution, channel shuffle, etc. There are also recent
survey papers on CNNs [139,140], which covers CNN history,



Fig. 8. Diagram displaying the main approaches for image-level and pixel-wise classification approaches, where CML approaches are highlighted in yellow, CNN based DL
approaches at image level are highlighted in green and CNN derived deep SS approaches are highlighted in red. CML: conventional Machine Learning, CNN: Convolutional
Neural Network, SS: Semantic segmentation.
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classic and advanced models and their various applications.
There are also many applications of various CNN architectures
in UAV based PA applications. For example, [49] compares dif-
ferent CNN architectures (e.g., Inception-v3, ResNet-50, VGG-
16, VGG-19 and Xception) for soybean pest classification, and
also detection based on the sliding window technique (please
refer to Fig. 9 for the workflow of image-level classification).
More importantly, these CNNs become the backbone network
in object detection or semantic segmentation networks, which
are more widely used in PA applications.

Pixel-wise classification is to achieve fine-grained inference by
assigning a label to each pixel of the image. This problem is also
Fig. 9. Workflow of soybean pest classification at image-level
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termed semantic segmentation in computer vision community
and has found a wide range of applications in various applications
such as self-driving vehicles, medical image processing, etc. (please
refer to a recent survey paper [141] for further information). To
achieve semantic segmentation for UAV based PA applications,
both CML and DL approaches have been applied, which are detailed
as below.

� Conventionally, with a low-resolution remote sensing image,
pixel information (e.g., pixel color and spectral information, sur-
face orientation, height, HOG, SURF) is directly used in tradi-
tional pixel-based classification method. In this approach,
features for each pixel are first generated via feature engineer-
based on UAV images and various CNN architectures [49].
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ing, which are fed into different ML based classifiers (e.g., shal-
low neural network, SVM, RF) for classification. For example, RF
has been applied to UAV multispectral images in [30] for wheat
yellow rust disease mapping (please refer to Fig. 10 for its
framework including data collection and preprocessing). Spec-
tral, height (i.e., via digital surface model) and texture informa-
tion are fused at pixel-level and applied for rice lodging
classification by using a decision tree in [142]. However, with
the significantly increased image resolution, the performance
of this approach is limited (e.g., large noise, poor semantic
meaning) since the important spatial and semantic information
is overlooked in traditional pixel-based (or spectral-based)
approaches.

� To incorporate spatial information, different approaches have
been proposed, where the main methods in UAV based PA
applications include object-based image analysis and patch-
based image analysis, summarized as below.
Fig. 10.
scales i
and mo
- Object-based image analysis [143] follows the
‘‘segmentation-classification”mode, and has been available
in several commercial software such as eCognition and ENVI.
This approach starts with unsupervised image segmentation
(e.g., via Multi-Resolution, Full-Lambda Schedule, Mean-
shift, Quadtree-Seg [144]), aggregating information through
coherent and spatially connected pixels into diverse image
segments. It then conducts classification analysis (via CML
such as RF, SVM and neural network) on these segments
instead of individual pixels. In particular, various features
can be defined for the segments, such as statistics (e.g.,
mean, standard derivation, maximum, and minimum values)
of the spectral bands, texture features (e.g., Gray-Level Co-
Occurrence Matrix, Gray Level Difference Vector), geometric
features (e.g., object boundary, area, shape index) and con-
textual features [144,145]. There are also tunable parame-
ters in segmentation algorithms for segment generation,
which are able to determine the granularities of the seg-
ments but meanwhile are hard to choose optimally. Efforts
are also made to address the scale differences among differ-
ent objects including feature level and image level
approaches [25]. However, (i) the quality of image object
segmentation directly affects the classification performance,
Framework of UAV based yellow rust monitoring system for use at field
n [30]: CML based pixel-wise classification model construction (left part)
del application for ROI (right part).
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which is generally based on trial and error; (ii) the empirical
selection/extraction of the representative features is also the
bottleneck to improving the segmentation performance.
- In patch-based analysis [146–148], patches/windows (i.e.,
rectangular regions of the image) are treated as the samples
for training the classifier. There are two representative
approaches in this regard including pixel-based CNN and
patch-based CNN, which are further detailed as below.

⁄ In patch-based CNN [146], the large image is separated
into small patches, then the common CNN model is applied
on each patch to generate feature vector, which is rear-
ranged into matrix format and then up-sampled to the orig-
inal patch size. However, in this approach, each image patch
is input to the model independently and the correlations
between patches are ignored, leading to obvious gaps
between patches, especially for objects with strong
continuity;
⁄ In pixel-based CNN [148], the patch label is defined by the
label of the center pixel for training. In the inference stage,
the class label at each pixel is derived by classifying the win-
dow centered at the pixel via CNN. This approach, however,
is extremely time-consuming due to the significant number
of patches to be classified. There are also techniques for
speeding up the approach such as applying a stride (i.e.,
reducing the number of patched to be classified) and inter-
polating the results via regression [149].

To summarize, the limitations of patch-based analysis are
mainly as below: (1) there is no systematic approach to opti-
mally choose the patch size, and it does not support arbitrary
sizes, either; (2) the receptive field of the patch-based analysis
is limited by the patch size (e.g., ‘‘intra-patch” context informa-
tion) without considering overall context information, although
multiple patch sizes can be adopted [147]. There is also a study
integrating object-based and patch-based image analysis
together [145], where an adaptive window exactly enclosing
the objects (or segments) from image segmentation step is
extracted and used in patch-based analysis after resizing to a
fixed image size.

� Recently, there is also a trend to apply DL based semantic seg-
mentation networks to pixel-wise classification problem in
UAV based PA applications. This is because: (1) the spatial res-
olution of UAV images is becoming higher and consequently
more detailed and ‘‘semantic”information is available for better
classification performance; (2) DL based semantic segmentation
networks, exploiting context by various techniques such as
encoder-decoder architecture, spatial pyramid pooling and
dilated convolution, possess strong capability in automatically
learning the deep and global features for better classification
performance over traditional shallow learning methods. The
main architecture of semantic segmentation network is com-
prised of two parts, i.e., an encoder network (compression path)
followed by a decoder network (expansion path). The encoder
network is to extract features from input image via different
CNN architectures, e.g., VGG and ResNet by removing the fully
connected layers. While, the decoder network does the reverse
of the encoder using convolution and up-sampling operations to
generate an image of the same size as the input image with
masks for pixel-wise classification [16].
For example, the pioneering Fully Convolutional Network (FCN)
[150], stacking a bunch of convolutional layers in an encoder-
decoder fashion (i.e., encoder downsampling via strided convo-
lution, and decoder upsampling via transpose convolution), has
been applied in [151] for crop weed mapping from UAV RGB
imagery. The SegNet (i.e., encoder via convolutions and max
pooling, decoder via upsampling by the max pooling indices
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and convolutions) [152] is also applied in [61] for weed map-
ping by using multispectral image (please refer to Fig. 11 for
the framework of weedNet). However, the encoder down-
sampling layers (reducing spatial resolution) tend to produce
round corners and smoothed edges in increasing the receptive
fields to capture contextual information. Therefore, U-Net
[153], which can take into account the features from multiple
layers, was then proposed. It can not only achieve good localiza-
tion but also utilize contextual information concurrently. It has
been applied in [11,154] for wheat yellow rust disease mapping
by using UAV multispectral images. Then many other semantic
segmentation networks have also been proposed such as ENet
[155] in 2016 (i.e., a lightweight architecture, excluding down-
sampling operations in the last stage of the network, to obtain a
faster inference time), PSPnet [156] in 2017 (i.e., exploiting glo-
bal context information, see, [157] for its application in yellow
rust disease detection) and DeepLab [158] in 2017. Recently,
DeepLabv3 + network [159] addresses the limitations of FCN
(a serious loss of spatial information due to conventional convo-
lution and downsampling operations) by using dilated/Atrous
convolution and Atrous Spatial Pyramid Pooling (ASPP), which
is able to consider objects at different scales. It has been shown
in [90] that DeepLabv3 + outperforms the U-Net in wheat lodg-
ing area segmentation at multiple growth stages.

The main challenge of pixel-wise classification over image-level
classification lies in a significantly increased workload in collecting
the representative datasets with pixel-level annotation instead of
image-level annotation. The time for image-level annotation is gen-
erally less than a second, however, the time for pixel-wise annota-
tion is in the range of minutes to even hours depending on image
size, scene complexity and class number. Therefore, (1) data-level
approaches, e.g., semi-automatic annotation approaches, various
data augmentation and synthesis techniques, are paramount to
pixel-wise classification to reduce the time and workload in manual
image annotation; (2) algorithmic approaches (e.g., transfer learn-
ing, semi-, self- and unsupervised learning [160]) discussed in
SubSection 5.2.3 are also important in reducing algorithm reliance
on a large volume of labelled dataset.

Apart from pixel-level labelled data scarcity, another challenge
is the problem of class imbalance (i.e., some classes have a signif-
icantly higher number of examples in the training set than other
classes), which widely exists in various application domains such
as computer vision, medical diagnosis, fraud detection. In PA appli-
cations, in general, the healthy crop pixels significantly outnumber
the stressed crop pixels, early crop stress detection in particular.
Imbalanced dataset degrades algorithm performance as the overall
accuracy is biased to the majority class, and therefore leading to
Fig. 11. Framework of weedNet [61] based on an encoder-decoder cascaded dense sem
weed segmentation.
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poor predictive performance for the minority class [161]. Various
techniques are available in the literature to tackle this issue, such
as sampling approaches at data level and various approaches at
classifier level. The data-level approaches include under-
sampling and over-sampling to balance the dataset. While
classifier-level approaches include thresholding, modified cost
function by assigning a higher weight to the minority class mis-
classification, different cost functions in CNN learning (e.g., pixel-
wise cross entropy loss, dice loss), one-class classification and
ensemble approaches. The interested readers may refer to the
recent survey paper [162] for more details.
4.1.3. Object detection
Object detection, including object localization and classifica-

tion, aims to mark bounding boxes around objects of interest in
an image and classify each one with a predefined class label
[163]. There are already several review papers on this topic. For
example, [164] reviews object detection approaches in optical
images with a focus on traditional approaches including ML based
ones. [140] reviews generic CNNs frameworks including CNN
based object detection networks and their applications. [165]
reviews recent advances in DL for object detection including detec-
tion components, learning strategies, applications and bench-
marks. Recently, [166] investigates the performance of different
CNNs based object detection networks for low-altitude UAV data-
sets. [16] reviews DL techniques to classify agricultural crops
through UAV images including object detection based approaches.
As displayed in Fig. 12, the existing object detection approaches
can be mainly divided into conventional object detection and
CNN based object detection, while the latter can be further divided
into two categories including two-stage detectors (or region
proposal-based methods) and one-stage detectors (or regression
based methods). In order to understand performance evaluation
metrics for object detection, we first define confidence score and
Intersection of Union (IoU). Confidence score is the probability that
an anchor box contains an object, which is usually returned by a
classifier, while IoU is defined as the area of the intersection
divided by the area of the union of a predicted bounding box Bp

and a ground-truth box Bgt , given by Eq. 1

IoU ¼ area Bp \ Bgt
� �

area Bp [ Bgt
� � ð5Þ

A detection is considered to be a true positive (TP) only if it satisfies
three conditions: confidence score is greater than a predefined
threshold; the predicted class matches the class of a ground truth;
the predicted bounding box has an IoU greater than a predefined
threshold (e.g., 0.5) with the ground-truth. And if IoT is less than
antic segmentation framework SegNet [152]: UAV based multispectral imaging for



Fig. 12. Diagram displaying main approaches for object detection, where CML ones are highlighted in yellow and CNN based DL approaches are in green. It is noted that the
diagram of conventional object detection approaches is directly from the survey paper [164].
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a threshold, then it is a wrong detection and is classified as False
Positive (FP), while when a ground truth is present in the image
and the model fails to detect the object, then it is classified as False
Negative (FN). As a result, some metrics such as Precision and Recall
in Eq. (4) can be defined accordingly after defining TP and FN. Then
some commonly used performance metrics for object detection can
be further defined such as average precision (AP), mean average
precision (mAP), average recall (AR) and mean average recall
(mAR). In particular, AP is the precision averaged across all unique
recall levels, and AR is the recall averaged over all IoU 2 0:5;1:0½ �.
While mAP and mAR are defined as the mean of AP and AR across
all k classes, given by Eq. (4)

mAP ¼ 1
k

Xk

i¼1

APi;mAR ¼ 1
k

Xk

i¼1

ARi: ð6Þ

It is also noted that different threshold values can be chosen for the
IoU such as 0.5, 0.75 in metrics calculation.

� Following the review paper [164] on object detection in optical
RS images, the conventional object detection approaches are
mainly divided into template matching-, knowledge-, object-
and ML- based approaches. These approaches, however, highly
depend on human involvement in feature design to guarantee
satisfying performance.

� Recently, CNNs have been applied to object detection problems,
which have achieved the SOTA performance. The two main cate-
goriesofCNNsbasedobjectdetectionmethodsarebriefedasbelow.
- Two-stage object detection is to generate region proposals
(i.e., candidate rectangular bounding boxes) on the feature
map, then use CNNs to classify each proposal into an object
class label and refines the proposals with a bounding box
regression. Typical two-stage approaches include RCNN in
2014 [167] (i.e., using region proposal to replace conven-
tional sliding window approach), Fast-RCNN in 2015 [168]
(i.e., with lessons from SPP-Net [169] to introduce ROI pool-
ing layer, making the network faster), Faster-RCNN in 2016
[170] (i.e., introducing Region Proposal Network (RPN)
[156] at the end of convolutional layer) and RFCN in 2016
[171] (i.e., adopting position-sensitive score maps to address
a dilemma between translation-invariance in image classifi-
cation and translation-variance in object detection);
- One-stage approach, on the other hand, directly makes a
classification and detects object location, which is able to
achieve a high detection speed but usually with a reduced
accuracy. In this approach, the images are divided into a grid
system, where each cell in the grid is responsible for detect-
ing objects within itself. Typical one-stage approaches
include You Only Look Once (YOLO) in 2016 [172] and its
family (YOLO V2 in 2017 [173] (with darknet-19), V3 in
2018 [174] (Feature Pyramid Network to achieve multi-
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scale feature fusion [175]), V4 in 2020 [176], and V5), and
Single Shot multibox Detector (SSD) in 2016 [177], Retina-
Net in 2017 [178] (i.e., introducing focal loss function to
address class imbalance during training), Swin Transformer
[179] in 2021.

As reviewed in [16] and also the Table 2, applications of object
detection in UAV based PA mainly focus on vegetation or fruit
plants where boundary or shape is visually available for the individ-
ual. Some application examples include banana plant detection by
Faster RCNN [180], tree detection by YOLOv3 [181], citrus fruit by
Faster RCNN with RGB [64] and citrus tree by Faster RCNN with
multispectral imaging [182], apple tree crown by Faster RCNN
[183] (please refer to Fig. 13 for its flowchart), broccoli by Faster
R-CNN and CenterNet [71]. There are also some studies on crop
detection such as wheat ear detection by RetinaNet and YOLOV4
[184], weed detection by Faster RCNN and SSD [62]. Most of the
studies directly draw different SOTA object detection algorithms
in CV and DL community with minor modifications and then iden-
tify the most suitable one for the applications of interest.

It is noted that most of the existing object detection applica-
tions are performed on RGB images for the purpose of detection
and counting, this is because detection and counting more relies
on spatial, texture, pattern, and shape characteristics of the object.
More research should be conducted on object objection via non-
visible images, particularly for tasks of stressed crop/fruit detection
and classification, where non-visible spectral and multimodal
information (e.g., multispectral, thermal, and hyperspectral imag-
ing) plays a more important role in discriminating stressed plants
from healthy ones. A challenge to be addressed in object detection
by non-visible images is the lack of well-trained back-borne mod-
els in non-visible image domains, since most existing back-borne
models are trained via RGB images in CV community.

4.2. Unsupervised learning

Application of unsupervised learning in UAV based PA is rela-
tively sparse compared against supervised learning. As displayed
in Fig. 14, the role of unsupervised learning in UAV based PA is
mostly to ease the major issue of supervised learning, i.e., the need
of large amounts of labelled dataset for model construction, which
is time-consuming, labor-intensive and costly. In this context, the
existing unsupervised learning algorithms for UAV based PA appli-
cations can be divided into several categories including unsuper-
vised learning for feature dimension reduction, direct
unsupervised learning for simple classification tasks and unsuper-
vised learning for data labelling, which are further detailed as
below.

� A large number of features usually require a large volume of
labelled datasets to learn the large amount of parameters in
supervised learning. For example, there are usually hundred of



Fig. 13. Flowchart of Faster R-CNN for apple tree detection by UAV images in support of tree crown information extraction [183].

Fig. 14. Unsupervised learning in UAV based PA applications: feature dimension
reduction, simple classification tasks, and data labelling.
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narrow spectral bands in hyperspectral imaging, which are
highly correlated and will also increase the computation cost
in model training and inference [28,112]. Therefore, feature
dimension reduction approaches are usually adopted including
supervised and unsupervised approaches. In term of unsuper-
vised approach for dimension reduction, different algorithms
are available in the literature including feature selection and
feature transformation approaches. Typical feature transforma-
tion approaches include Principal Component Analysis (PCA)
maximizing the variance with a limited number of features,
and independent component analysis. While feature selection
approaches include optimum index factor and standard false
color composite. For example, [185] compares different PCAs
for hyperspectral imaging. [186] evaluates different unsuper-
vised dimension reduction methods for individual tree crown
delineation by using UAV multispectral imaging.

� In direct unsupervised learning, unsupervised learning algo-
rithms are directly used for different PA tasks, relatively simple
classification tasks in particular. For example, [108] compares
two unsupervised algorithms for vineyard canopy segmentation
including thresholding via Otsuś algorithm and K-means clus-
tering. Different colour features and texture features are com-
pared to identify the best one for lodged and non-lodged
wheat segmentation via thresholding approach in [187]. [188]
assesses different bands and vegetation indices derived from
UAV multispectral imaging, and applies thresholding approach
for wheat yellow rust disease mapping. It is noted that this
approach is generally applicable to some simple tasks with
moderate classification performance, since index thresholding
approach only uses one index with limited information and
the clusters derived from clustering approaches are not neces-
sarily linked to classification task of interest.
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� In term of data labelling, the main methods can be further cat-
egorized into image-level and pixel-level approaches.
- At image-level, [189] applied two unsupervised DL algo-
rithms (i.e., deep clustering) on two image-level weed clas-
sification datasets, and then designed a semi-automatic
data labelling method, where human labelling is only done
on the clusters generated instead of all images. It should
be noted that the same object in real world may belong to
several classes depending on the context of interest. There-
fore, a larger number of clusters than the number of classes
(in supervised learning task) but significantly less than the
number of images should be defined, where a trade-off is
usually made between clustering quality and manual label-
ling cost reduction;
- At pixel-level, by considering the ‘‘row”characteristics of
line crops, [190] automatically labels inter-row weeds by
detecting the crop rows along with superpixel operations
(i.e., simple linear iterative cluster (SLIC)), so that crop/weed
dataset are automatically labelled at pixel-level for follow-
up supervised learning (i.e., semantic segmentation).

It should be noted that more advanced unsupervised learning algo-
rithms (e.g., data augmentation and synthesis, domain adaptation
models as discussed in Section 5.2) in image processing and
machine learning communities should be exploited for UAV based
PA applications so that the workload of data labelling in supervised
learning and better algorithm performance can be resulted.
5. Challenges with possible solutions

This section discusses challenges along with possible solutions
of AI-enabled UAV perception systems for PA applications, which
are organized in terms of UAVs sensing systems, AI algorithms,
and user acceptance. The structure of this section is displayed in
Fig. 15 for the ease of reading.

5.1. UAVs sensing systems

There are still many challenges to be addressed in order to fully
realize the potentials of UAV sensing systems, which, in term of
UAV sensing platforms, include flight stability and reliability, lim-
ited payload and flight endurance, image resolution, surface reflec-
tance and illumination issues.
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5.1.1. Flight stability and reliability
Flight stability and reliability is important to obtain high-

quality orthorectified or tilted images, particularly for small UAVs
(i.e., with a small size and low weight) under the wind effects (tur-
bulence/gust in particular) in field conditions. Flight stability
includes accurate path following control and also stable flight atti-
tude under uncertainties and disturbances. This is because many
post-processing algorithms rely on sufficient image overlap for
image stitching, and a significant derivation of flight path or flight
attitude, leading to missed regions or images of low quality (e.g.,
image blur), will make image stitching and post-processing a chal-
lenge. Therefore, better airframes and flight control algorithms
(e.g., disturbance rejection algorithms [191]) should be further
developed to improve flight stability under disturbances and
uncertainties. In addition, the field terrains are not necessarily flat,
rugged or mountainous regions in particular, therefore, terrain fol-
lowing and obstacle avoidance functions should also be further
developed and enhanced to improve flight reliability and safety
so that the operators’ workload can be significantly reduced.

5.1.2. Payload and endurance
Small UAVs usually have a limited payload due to their specific

structure characteristics, which may limit their applications in
multimodal data collection (i.e., with a number of different pay-
loads (e.g., multispectral camera, LIDAR) of different sizes and
weights). Moreover, flight endurance is also a limiting factor of
small UAVs for large-scale agricultural applications. This is mainly
due to a limited battery capacity and power consumption of pay-
load and computing units. To this end, the following solutions
can be considered.

� An apparent solution would be developing high energy–density
(i.e., efficient) battery for UAVs, where factors such as weight,
price and longevity should be considered simultaneously in
choosing suitable batteries; alternative power sources can also
be considered such as hydrogen fuel cells, combustion engines
(pesticide spraying drones in particular) and solar power (ex-
pensive) [192];

� A reduced payload (e.g., with miniaturization and weight reduc-
tion of sensing units) and computing units with low-power con-
sumption can also extend flight endurance;

� A large UAV platform (e.g., fixed wing over rotor-wing) can be
adopted, however, price, safety, operation complexity (e.g.,
landing requirements) and regulatory issues should be consid-
ered in using large-scale UAV platforms;

� Better coverage mission/path planning algorithms should also
be developed by considering field (e.g., geometric and topolog-
ical) characteristics and operation conditions (e.g., wind direc-
tion) [193] so that energy can be saved maximally;
Fig. 15. Challenges faced by AI-empowered UAV perception systems in
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� Multiple UAVs (or swarming technology [194]) can be deployed
to cover fields of interest more efficiently than a single UAV
with battery replacement or recharge [195,196].

5.1.3. Image resolution
Image resolution is vital in crop management such as early crop

stress detection and crop counting. For example, a better spectral
resolution (e.g., hyperspectral image over multispectral image) is
able to provide more sensitive spectral bands to detect physical,
chemical and biological changes of crops under stresses. A higher
spatial resolution can provide more detailed information in crop
classification, detection and counting. A shorter revisit time can
provide a better temporal resolution, which is important for early
crop stress monitoring and crop modelling via time-series data.
However, a better image resolution is usually at a price of a higher
operational cost. For instance, flying lower obtains images with a
higher spatial resolution but inevitably reduces flight efficiency
(e.g., coverage per unit time); increasing spectral resolution or
ranges requires more expensive sensors; and a shorter revisit time
generally requires more resources and human efforts. Therefore, a
trade-off should be made between image resolution and cost/effi-
ciency. In practice, it is paramount to investigate ‘‘suitable”image
resolutions for particular applications of interest while with
acceptable algorithm performance. The following solutions can
be exploited in resolution determination.

� Spectral resolution: hyperspectral imaging can be first used to
determine the most sensitive bands/wavelengths so that tai-
lored multispectral cameras can be designed and applied with
a significantly lower price and weight, reduced operational dif-
ficulty and data volume;

� Spatial resolution: one can fly UAVs at different altitudes or
downsampling high-resolution images to determine the most
suitable spatial resolution for applications of interest, so that
flight efficiency can be improved;

� Temporal resolution: instead of conducting revisit survey with a
fixed period, one can design a suitable revisit protocol by con-
sidering the key crop or stress development stages determined
by agronomists.

5.1.4. Surface reflectance
It should also be highlighted that although UAV (remote) sens-

ing is very useful in evaluating soil/crop conditions, it actually pro-
vides a poor representation of the root/under-canopy zone
environment, this is because (remote) sensing data represent
reflectance of surface materials, which might be bare topsoil, plant
material, or a mixture of both. This may limit their applications,
where crop stress appears in root zone or under-canopy. For exam-
ple, some pests/diseases may develop from bottom canopy before
terms of UAV sensing systems, AI algorithms and user acceptance.
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spreading to the top, and so remote sensing may fail to detect them
in early stages. Therefore,

� UAV sensing system is actually a good complement to (instead
of a replacement of) ground-based sensing systems, and there-
fore should be combined with ground-based approaches in crop
management;

� Agronomists should be actively involved in determining the
suitable PA application scenarios where UAV remote sensing
systems can be applied;

� There are also ongoing research efforts to develop UAV based
sampling systems for air, water [197] and soil based on dedi-
cated sensors beyond optical sensing, which can further expand
the application domains of UAV sensing systems in PA and
beyond.

5.1.5. Illumination issues
Although UAV RS is less affected by the cloud issue in compar-

ison against satellite RS, non-consistent illumination issues caused
by moving cumulus clouds should be carefully considered. This is
because shaded areas by moving clouds on a bright sunny day
can vary significantly between images obtained during the same
mission. As a result, some automated image matching algorithms
used in both triangulation and digital elevation model generation
may fail for some images [198,199], leading to poor image mosaics
and digital elevation models. Different strategies can be adopted to
alleviate this issue for better image quality.

� Avoiding UAV surveying under moving cumulus clouds would
be the best choice, but instead performing the task in illumina-
tion consistent conditions;

� It is suggested in [198] that one can generate band ratio images
from the original images (i.e., less sensitive to shadow) and use
them (instead of the original images) for triangulation instead;

� Different algorithmic approaches can be adopted to alleviate the
adverse effects of shadow, for example, shadow removal algo-
rithms can be considered to pre-process UAV images with cloud
shadows [200].

5.2. AI algorithms

In addition to UAV sensing systems, there is an ever more room
for further improvement in AI algorithms in the context of AI-
empowered UAV perception systems for PA applications, which
is organized in terms of benchmark PA dataset, algorithm general-
ity, labelled data scarcity, computation issue, multiple-sources
information fusion and higher-level autonomy.

5.2.1. Benchmark PA datasets
AI algorithms, deep CNNs in particular, generally require a large

volume of dataset (labelled dataset in particular for supervised
learning) to train their models. There is no exception to UAV sens-
ing for PA application with AI algorithms as well. In the DL or com-
puter vision community, there are several large-scale benchmark
datasets for algorithm benchmark and development such as Ima-
geNet [201] for image classification, MS COCO [202] for object
detection and segmentation. There is also an attempt in agriculture
community such as the PlantVillage dataset [203], which supports
leaf-level crop species and diseases identification. In addition,
some UAV-derived PA benchmark datasets are also available such
as the Wuhan UAV-borne hyperspectral image dataset for crop
classification [204], Weedmap multispectral dataset in [205] to
classify sugar beet and weeds from aerial images, VOAI dataset
for 12 tree species classification with UAV RGB imaging [206],
WeedNet dataset [61] for semantic segmentation of crop and weed
with 4-band UAV multispectral images and UAV based rice seed-
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ling detection dataset [207]. A compilation of publicly available
UAV dataset with labels for PA applications are also listed in [208].

However, there is still a lack of large-scale UAV-derived bench-
mark datasets for PA applications [16], particularly for crop stress
detection and mapping. The possible reasons may be the signifi-
cant efforts required in term of logistics (e.g., crop planting,
management and crop stress control experiments) and ground-
truthing (pixel-level annotation in particular). Therefore, future
attempts should be made to prepare large-scale UAV benchmark
datasets by considering environmental variations (e.g., background
clutter, illumination changes, occlusion, etc.), crop development
stages, crop varieties, stress development stages (please refer to
[209] for the ongoing effort towards this end).

5.2.2. Algorithm generality
Algorithm generality is paramount for agricultural applications

so that their potentials can be fully exploited. This is however chal-
lenging because the developed algorithms are facing very complex
agricultural operating environments. Therefore, future efforts
should be made to guarantee the algorithm performance under dif-
ferent crop fields, crop varieties, crop growth stages, stress devel-
opment stages, cameras with different resolutions and lighting/
environmental conditions. To improve model generality, the fol-
lowing approaches can be considered.

� Dataset collected for model training should be representative
for the target applications of interest to improve algorithm
accuracy and robustness;

� Regularization methods (e.g., reducing model complexity, using
validation set to early training stopping, weight decay, dropout,
batch normalization) can be adopted to improve algorithm
generality;

� Transfer learning [90] of a pre-trained model with sufficient
datasets in related domains can be adopted, particularly for
the case with a limited number of labelled samples in the target
domains;

� Domain adaptation can be further developed [210], which is to
transfer classification system to target (but related) domains
where there exist distribution discrepancies in source and tar-
get domains. In particular, unsupervised domain adaptation
aims to adapt models across domains without the need for an
additional labelling effort in target domains [211].

5.2.3. Labelled data scarcity
Obtaining large-scale datasets with accurate labels is critical for

supervised ML but is generally challenging (sometimes pro-
hibitively expensive) in agriculture applications. This is because:
(1) different from many other application domains, the period of
obtaining agricultural datasets (field datasets in particular) is at
least in the unit of season or even year; (2) similar to many other
application domains, agricultural data labelling highly involves
expert participation or multiple experts for obtaining consensus
labels and therefore is resource-intensive (e.g., financially, logisti-
cally). To address this issue, the following approaches are identi-
fied according to different applications:

� Communication (i.e., crowd-sourced non-experts) system to
build large training datasets [212]; however, the problem of
label noise should be carefully considered;

� Deploying semi-automated data labelling so that more labelled
data can be generated [113], which is particularly important for
semantic segmentation problems since pixel-level labels are
required, being extremely labor-intensive and time-consuming;

� Data augmentation (e.g. geometrical transformation such as
rotation, scaling, translation, shearing, flipping; color manipula-
tion such as gamma correction, colour space, colour space
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transformation, noise injection, kernel filtering [58,213]) and
data generation/synthesis [214,215] to enhance representative-
ness of the collected datasets;

� Algorithmic approaches for small or even no labelled datasets
[160], e.g., transfer learning (i.e., transferring the model learnt
from a large labelled dataset to related domains) [90], semi-
supervised learning (i.e., learning from both labelled and unla-
belled images for better performance) [216,217] or weak super-
vised learning (i.e., semantic segmentation by different levels of
labels including image-level annotation and coarse annotations
such as scribble, bounding box and point/spot) [218], self-
supervised learning (i.e., generating labelled data on its own),
unsupervised learning (e.g., unsupervised domain adaptation
[211]).

5.2.4. Computation issue
ML algorithms in image analysis, deep CNNs in particular, gen-

erally involve a high training time (not a big concern as this is nor-
mally done offline) and inference time (this is the main issue, e.g., a
few frames per second, fps), leading to a large system latency for
real-time applications. As a result, there are still a limited number
of studies [61] in using ML algorithms onboard a UAV for real-time
PA applications (e.g., UAV based weed detection and spraying). A
survey paper is available on the use of edge computing in UAV
RS for PA applications [208], where several PA application exam-
ples are discussed. To achieve real-time PA applications, the fol-
lowing attempts should be further made:

� More efficient ML models/architectures, e.g., light-weight mod-
els by employing model compression techniques (e.g., parame-
ter pruning and quantization) [219] or deploying light-weight
CNNs, should be designed to shorten the inference time, where
a speed/memory/accuracy trade-off can be made (see [220] for
convolutional object detectors);

� The hybrid/fusion of CML and DL may accelerate the inference
time without degrading the performance [117]. For example,
CML with domain knowledge may significantly reduce the
search region of DL; the use of CML for feature selection may
significantly reduce computation load (i.e., training and infer-
ence) of DL models [113];

� Better or dedicated computation resources (e.g., CPU, DSP, GPU,
ASIC, FPGA, MCUs, [221,222], Vision Processing Unit (VPU))
should be deployed onboard the UAV (with an optimized work-
load assignment) to accelerate the computing, meanwhile,
energy consumption issue should also be considered due to a
limited UAV battery capacity;

� Image spatial resolution can be tuned to make a trade-off
between computing time and algorithm performance. It is also
noted that a higher image resolution does not necessarily lead
to better algorithm performance, this is because some informa-
tion may be unrelated to the task of interest or plays the role of
noises.

5.2.5. Multiple-sources information fusion
In real-life PA applications, UAV-derived information can sel-

dom be used alone. They should be combined with other sources
of information for better agricultural decision making. For
example,

� UAV multimodal (complementary) data (e.g., RGB images, mul-
tispectral and hyperspectral information, height, thermal,
LIDAR) should be fused for a richer representation and therefore
much improved performance. As reported in [223], multimodal
learning has widely been used in human activity recognition,
medical applications, autonomous driving [224] and satellite
remote sensing [225]; however, it is less exploited in UAV based
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PA applications [63]. The fusion can be achieved by conven-
tional multimodal learning (via modality-specific features) or
deep multimodal learning, where the later can not only pro-
vides data-level fusion (or early fusion) and decision-level
fusion (or late fusion) but also provides much flexibility at
feature-level fusion since DL architectures are able to learn a
hierarchical representation of the underlying data across their
hidden layers;

� Data from multiple (heterogeneous) sources and sensors such
as satellites, drones, robotics and IoT devices should also be
integrated together to provide holistic insights. For example,
fusion of UAV images (high spatial resolution) and Sentinel-2A
multispectral images (wider spectral range and spectral resolu-
tion) outperforms individual image source [34] for RS classifica-
tion. In this regard, the challenges of integrating multiple-
sources datasets should be addressed, such as heterogeneity
in spatial/temporal resolutions, data synchronization issue;

� Crop models can be applied for crop monitoring, prediction,
management, and intervention assessment, by coupling agro-
nomic (e.g., climate, crop information) knowledge and expertise
and RS information [42,226]. Crop model calibration problem
for regions of interest should be addressed by suitable opti-
mization [227] or Bayesian approaches so that the developed
model can be applied in different regions and over different
years [228].

5.2.6. Higher-level autonomy
It is also noted that current use of AI and UAV in PA is mostly

‘‘reactive”, where UAV mainly plays the role of data collection
and AI mainly plays the role of data analysis (mostly offline) for
crop stress management. This approach is less efficient in routine
crop monitoring as in each time the whole regions of interest
should be covered by UAVs and huge volumes of data are collected,
transferred, analyzed by AI algorithms for decision making. Future
efforts should be made to develop ‘‘proactive”farming by develop-
ing higher-level autonomy. For example,

� Multiple-sources information fusion in Section 5.2.5 (e.g., his-
torical crop/soil/climate information, crop model information,
current measurements from satellite/UAVs/ground IoT devices)
should be able to identify the targeting areas for assessment
instead of whole areas for each time;

� Real-time analysis capability onboard UAV should also be fur-
ther developed so that real-time decision making and target
intervention can be done on-the-fly [229], which is critical to
optimising crop stress control (e.g., timely stress detection
and target intervention). Moreover, the targeting areas should
also be updated dynamically upon each routine monitoring.

5.3. User acceptance

User trust and acceptance of a particular technology is para-
mount to realize its full potentials. There is no exception to AI
empowered UAV perception systems for PA. At present, main-
stream acceptance of this technology across the agricultural sector
is not yet being realised, with concerns on usability, economic and
agronomic justifications of the technology, and data & services
available [230]. As highlighted in [230], the main reasons are
threefold:

� In term of data collection, due to the intensity of human opera-
tion involved in large-scale applications along with regulation
issues, current cost of UAV data collection is still very high;

� In term of ‘‘data to actionable information”, the acquired data
do not have tailored precision, integrity or quality to derive ade-
quately actionable information for agricultural practice;
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� In term of ‘‘information to action”, the automated integration of
information into the existing precision farming systems is still
missing, as translating the information into appropriate actions
still requires manual intervention by a specialised analyst.

Therefore, an appropriate engagement between the UAV sector and
the agriculture sector is urgent to allow UAV-derived services to
mature into useful PA tools and techniques. To this end,

� UAV sensing technologies (e.g., platforms, communication,
positioning, monitoring and observation systems) need to be
further developed to ensure safe, reliable, resilient and cost-
effective operations;

� Further development in sensors, data storage & transfer and AI
algorithms is required to transform raw sensing data into
actionable agricultural information more easily;

� UAV derived information should also be integrated with infor-
mation of other sources (e.g., historical information of soil or
yield, climatic information) so that better decisions (e.g., appli-
cation map for fertilisers) can be made via crop models or
data-driven models, and the decisions can be understood and
implemented by existing intervention systems (e.g., farm man-
agement software packages of different farming machines);

� It is also paramount to understand and meet the needs and
requirements of different users from across the agricultural
sector so that a clear agronomic and economic benefit
(cost-effectiveness) for UAV technologies can be presented.

The future research directions highlighted in Section 5.1 and 5.2
will help to support the developments and advances along these
listed areas.
6. Conclusions

This survey paper performs a thorough review on recent devel-
opments in the integration of UAV sensing systems and AI algo-
rithms in PA applications, as well as the challenges and prospects
for their future development in order to realize their full potentials
in boosting crop production, reducing costs and environmental
footprint, and improving workplace safety and welfare. In particu-
lar, an integrated PA framework is first presented, highlighting the
roles of UAV sensing and AI algorithms, and also presenting differ-
ent PA elements sharing some common challenges in crop devel-
opment lifecycle. Then UAV sensing systems are discussed, which
include the pros and cons of different UAV platforms and also var-
ious UAV sensing units for PA applications. Selection of UAV plat-
forms and sensing units is discussed according to requirements
of different applications. Then a wide range of AI algorithms in
UAV based PA applications are presented, which are categorized
according to the learning methods, mainly comprising of super-
vised learning and a few unsupervised learning algorithms. The
supervised algorithms, mainly including regression, image classifi-
cation (e.g., image-wise, pixel-wise and object-wise) and image
object detection, are the dominant approaches in UAV based PA
applications; while unsupervised learning is mainly to reduce the
need of a large amount of labelled datasets in supervised learning.
Finally, the underlying challenges and possible solutions are pre-
sented in terms of UAV sensing systems, AI algorithms, and user
acceptance. By demystifying a variety of UAV sensing and AI algo-
rithms in PA applications, it is envisioned that this review is able to
promote rapid research, deployment and successful exploitation of
AI empowered UAV sensing systems for PA applications, and there-
fore contributing to addressing the future agricultural and human
nutrition challenges in the long run.
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