e W Taylor & Francis
SENSING , :
International Journal of Remote Sensing

ISSN: 0143-1161 (Print) 1366-5901 (Online) Journal homepage: http://www.tandfonline.com/loi/tres20

UAS, sensors, and data processing in agroforestry:
a review towards practical applications

Luis Padua, Jakub Vanko, Jonas Hruska, Telmo Adao, Joaquim J. Sousa,
Emanuel Peres & Raul Morais

To cite this article: Luis Padua, Jakub Vanko, Jonas Hruska, Telmo Adao, Joaquim J. Sousa,
Emanuel Peres & Raul Morais (2017): UAS, sensors, and data processing in agroforestry:

a review towards practical applications, International Journal of Remote Sensing, DOI:
10.1080/01431161.2017.1297548

To link to this article: http://dx.doi.org/10.1080/01431161.2017.1297548

@ Published online: 09 Mar 2017.

\]
C)/ Submit your article to this journal &

||I| Article views: 64

A
& View related articles '

P

(&) View Crossmark data &'

CrossMark

Full Terms & Conditions of access and use can be found at
http://www.tandfonline.com/action/journalinformation?journalCode=tres20

(Download by: [Sun Yat-Sen University] Date: 15 March 2017, At: 06:23 )



http://www.tandfonline.com/action/journalInformation?journalCode=tres20
http://www.tandfonline.com/loi/tres20
http://www.tandfonline.com/action/showCitFormats?doi=10.1080/01431161.2017.1297548
http://dx.doi.org/10.1080/01431161.2017.1297548
http://www.tandfonline.com/action/authorSubmission?journalCode=tres20&show=instructions
http://www.tandfonline.com/action/authorSubmission?journalCode=tres20&show=instructions
http://www.tandfonline.com/doi/mlt/10.1080/01431161.2017.1297548
http://www.tandfonline.com/doi/mlt/10.1080/01431161.2017.1297548
http://crossmark.crossref.org/dialog/?doi=10.1080/01431161.2017.1297548&domain=pdf&date_stamp=2017-03-09
http://crossmark.crossref.org/dialog/?doi=10.1080/01431161.2017.1297548&domain=pdf&date_stamp=2017-03-09

INTERNATIONAL JOURNAL OF REMOTE SENSING, 2017 Taylor & Francis
http://dx.doi.org/10.1080/01431161.2017.1297548 Taylor & Francis Group

UAS, sensors, and data processing in agroforestry: a review
towards practical applications

Luis Padua?, Jakub Vanko?, Jonas Hruska?, Telmo Adao?, Joaquim J. Sousa ®2®,
Emanuel Peres®® and Raul Morais®®

2Department of Engineering, School of Sciences and Technology, University of Tras-os-Montes e Alto
Douro, Vila Real, Portugal; PINESC-TEC (formerly INESC Porto), Porto, Portugal

ABSTRACT ARTICLE HISTORY
The aim of this study is twofold: first, to present a survey of the Received 3 October 2016
actual and most advanced methods related to the use of  Accepted 5 February 2017
unmanned aerial systems (UASs) that emerged in the past few

years due to the technological advancements that allowed the

miniaturization of components, leading to the availability of small-

sized unmanned aerial vehicles (UAVs) equipped with Global

Navigation Satellite Systems (GNSS) and high quality and cost-

effective sensors; second, to advice the target audience — mostly

farmers and foresters - how to choose the appropriate UAV and

imaging sensor, as well as suitable approaches to get the expected

and needed results of using technological tools to extract valuable

information about agroforestry systems and its dynamics, accord-

ing to their parcels’ size and crop’s types.Following this goal, this

work goes beyond a survey regarding UAS and their applications,

already made by several authors. It also provides recommenda-

tions on how to choose both the best sensor and UAV, in accord-

ing with the required application. Moreover, it presents what can

be done with the acquired sensors’ data through theuse of meth-

ods, procedures, algorithms and arithmetic operations. Finally,

some recent applications in the agroforestry research area are

presented, regarding the main goal of each analysed studies, the

used UAV, sensors, and the data processing stage to reach

conclusions.

1. Introduction

Recent years showed rapid socialization and an increased interest in unmanned aircraft
system (UAS) for civilian applications. Unmanned aerial vehicles (UAVs), often referred as
drone, are aircrafts without a human pilot on board. Instead, UAVs are controlled by a
ground operator. This was achieved due to a variety of factors, ranging from the
introduction of relatively low-cost systems and user-friendly controls to the general
technological advances and to the miniaturization of individual components (main
boards, micro-processors and motors, high-power density batteries, cheaper airframes,
communication devices, and sensors). These advances led to the production of
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affordable off-the-shelf UAS suitable for civilian applications, easy to transport, mount,
launch, and operate.

An UAS can be defined as a power-driven reusable aircraft operated without a human
pilot on board (Sullivan 2006). It can be remotely piloted or have a programmed route to
perform an autonomous flight, using the embedded autopilot. Generally, it also requires
a ground-control station, sensor suites and communication devices for carrying out
flight missions (Pappalardo 2015).

Apart from military applications (Austin 2010; Gertler 2012; Jenks 2010), the European
Parliamentary Research Service provided a list of potential applications in civil and
commercial use consisting of disaster response, earth observation, the energy sector,
infrastructures, maintenance monitoring, aerial mapping, filming, agriculture, forestry,
fisheries, telecommunications, package delivery, and non-military government authori-
ties. In addition, some concerns rose from the increased use of UAS in illegal activities,
such as drug trafficking (Juul 2015). The Association for Unmanned Vehicle Systems
International (AUVSI) estimates that, among the aforementioned applications, agricul-
ture is at the vanguard of the promising markets for the commercial use of UAS (Jenkins
and Vasigh 2013).

In the specific area of agriculture, every farmer’s goal is to efficiently apply the available
resources to gain the maximum yield possible. To achieve this, they need a fast, reliable,
cost-effective, and easy method to scan their fields. The crop’s condition can be assessed
by the stage of ripening, water status, pest attacks and nutritional requirements. UAS with
remote-sensing capabilities can provide this necessary data, so that the farmer is able to
identify problems in early stages and rapidly select the appropriate interventions (George
et al. 2013). Besides crop monitoring, farmers can also benefit from UAS in precision
spraying. Similarly, agriculture, forestry, and nature preservation can also greatly benefit
from the use of UAS technology. Foresters can use them for inspection of forestry opera-
tions, wildfire detection, wildlife tracking, legal restrictions monitoring, woodland change
detection, and survey, sites which are otherwise inaccessible or where trespassing is
undesirable (Grenzdorffer, Engel, and Teichert 2008).

There is a wide range of UAS and sensors that can be used in agroforestry, which
leaves space for uncertainty among the professionals regarding the use of those devices
and how they can actually help to cost-effectively leverage the production. Thereby, the
purpose of this study is to help users selecting the proper UAS together with the proper
imaging sensor to get the expected and needed results. Several authors already pro-
vided surveys regarding UAS and their applications (Colomina and Molina 2014; Nex and
Remondino 2013; Pajares 2015; Salami, Barrado, and Pastor 2014; Watts, Ambrosia, and
Hinkley 2012; Zhang and Kovacs 2012). However, in this study authors are focusing on
the application of low-cost mini and micro UAS and imaging sensors that meet the
interests of both farmers and foresters.

2. UAS as a remote-sensing platform

Remote-sensing platforms are useful to provide added value information for agrofor-
estry applications. This section presents these platforms focusing on UAS, which are
classified according to their size. Emphasis is given on small, mini and micro UAS, which
are divided in two types: fixed-wing and rotor-based.
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2.1. Traditional remote-sensing technologies and UAS

Traditional remote-sensing technologies encompass satellite and manned aircraft plat-
forms. These platforms are continuously improving in terms of spatial, spectral, and
temporal resolutions. Each of these technologies has benefits and constrains regarding
technological, operational and economic factors. The high spatial and temporal resolu-
tions, flexibility and much lower operational costs make UAS a good alternative to
traditional remote-sensing platforms for agroforestry applications (Muchiri and Kimathi
2016; Salami, Barrado, and Pastor 2014).

The use of professional civilian UAS is increasing rapidly around the world, and it is
expected to explode in the upcoming years. The main factors supporting this growth are
related to the increasing awareness of the benefits that this technology can bring to a
wide range of industries and non-commercial sectors, as well as to the introduction of
relatively low-cost systems, user-friendly controls and the general technological
advancements and the miniaturization of individual components.

According to the AUVSI, the foreseen integration of UAS in the United States
national airspace, for the decade 2015-2025, is expected to create more than
100,000 jobs and generate an economic impact of $82 billion (AUVSI Economic
Report 2013).

As a new method of geo-data collection, UAS complements existing techniques,
filling the gap between large area imaging (satellites and manned aircrafts), and smaller
coverage, time-consuming, but highly accurate terrestrial techniques (Figure 1).
Compared to high altitude data, UAS data is fairly low cost, with the advantage that
flights can be made often and quickly. UAS are thus very useful when portions of land
must be quickly surveyed (quick response capability for, e.g. time-sensitive deliverables,
disaster situations or search, and rescue operations). Compared to laser scanning - a
very good technique for most of the surveying operations — UAS have the advantage of
being above the area to be monitored, which is often a requirement to get an accurate
reading. However, and despite the aforementioned advantages of UAS, they are not
really competing against traditional aerial photography, since they are seen as a com-
plementary technology.

A technical comparison between multi-rotor UAS, manned aircraft and satellites was
made by Matese et al. (2015), to evaluate their cost-effectiveness within the precision
agricultural scope. UAS were classified with the best flexibility, optimal cloud cover
independence, and regarding the processing tasks, the resolution and precision were
also classified as optimal. However, the coverage range, flight endurance, mosaicking,
and geocoding effort were classified as poor in comparison with the other two plat-
forms. The case study was implemented in two different vineyards. In heterogeneous
vineyards, low-resolution images fail in presenting part of the intra-vineyard variability.
The referred study concluded that in small fields (5 ha), rotor-based UAS proved to be
the most cost-effective solution. However, and according to the authors’ own experience
with UAS, fixed-wing small UAVs can be used up to a square kilometre area — with a
Ground Sample Distance (GSD) up to 5 cm pixel™' - and up to 4 km? area for a GSD
greater than 10 cm pixel™". Of course these threshold values depend on the UAS
autonomy (the eBee, from SenseFly, was used as reference). It is worth noting that
imaging area-coverage is also influenced by flight altitude (directly influences the GSD),
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Figure 1. Pros and cons of the existing remote-sensing technologies. Unmanned aerial system (UAS)
technology complements existing techniques, filling the existing gap between large-area satellite

and manned aircraft imagery and smaller coverage, time-consuming, but highly accurate collection
using terrestrial surveying instruments with major pros and cons highlighted.

speed, endurance, and sensor resolution (low resolution sensor lead to lower altitude
flights, which impacts on the imaging area).

Therefore, UAS represent an evolution in gathering agricultural and forest statistics
data from small to medium areas. Commercial low-cost aerial platforms coupled with
high-resolution imaging sensors allow to collect accurate data regarding crop and trees’
health at large scale with insignificant clouds’ influence (Quiroz 2015).

2.2. UAS main characteristics

The use of UAS equipped with small sensors has emerged as a promising alternative to
assist modelling, mapping and monitoring applications in rangelands, forest, and agri-
cultural environments. UASs are also suitable to be used in dirty, dull, and dangerous
conditions as wildlife monitoring, ice cover, weather phenomena, and climate change
(Watts, Ambrosia, and Hinkley 2012). However, flight regulations and legislation do not
always engage technological advancements regarding UAS. Many countries still lack the
proper legislation that regulates the use of UAS both for commercial and for leisure
purposes. The sooner legislation safely integrates UAS in the airspace - clarifying
requirements and conditions under which drones can be operated - the sooner UAS
usage will increase. The legal situation with regard to flying a UAS in various different
countries is discussed extensively in the paper by Cracknell (2017) which is published in
this special issue.
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With UAS it is possible to acquire low-cost yet high precision images, since they are
acquired from lower altitudes. For agroforestry applications, such level of detail can
reveal more information about crop condition, weeds, pests and other abnormalities,
leading to an earlier detection. These advantages can help agroforestry professionals in
short, medium, and long term operations, due to the possibility of identifying problems
faster and, consequently, react quickly, reducing losses, and other economical outlays.
Regarding farm management, it is possible to gather more accurate results on how
crops are reacting to different treatments, leading to a more effective use of resources.

As previously mentioned, UAS differ in size, physical shape, and operational endur-
ance, which limit the supported payload carrying capacity, operating altitude, and range.
This subsection will address UAS of diverse dimensions, but it is important to remind
that the main focus of this study are mini and micro UAS, since these types are more
affordable, easier to carry and simpler to use than the large- and medium-sized UAS.

Some authors classify UAS in terms of aerospace occupation, altitude, and endurance
(Austin 2010; Nex and Remondino 2013; Watts, Ambrosia, and Hinkley 2012; Zhang and
Kovacs 2012).

The large UAS used for civilian applications are commonly adapted from military
platforms. They are intended to be used on tasks where manned aircraft deployment
would be potentially unsafe or inefficient (e.g. in forest wildfires monitoring). NASA’s
Ikhana UAS (Figure 2(a)) was used to collect and process data regarding fire detection,
through a multispectral camera (Ambrosia et al. 2011). These types of platforms require
high financial funding, due to the development, deployment and ground operations
complexity.

Medium-sized UAS suffer basically from the same problems as large UAS. In compar-
ison, medium-sized UAS feature reduced overall costs and easier take-off/landing opera-
tions. An example of a medium-sized UAS is the NASA’s SIERRA UAS (Figure 2(b)). It was
applied in atmospheric composition, arctic surveys, land cover characterization, surface
to air fluxes, disaster response and assessment, agriculture and ecosystem assessment,
biological/physical oceanography, island and coastal remote sensing, and coral reef
monitoring (Watts, Ambrosia, and Hinkley 2012). Another NASA’s UAS, known as
Pathfinder-Plus (Figure 2(c)), was applied for surveillance operations and decision sup-
port in agriculture, to detect weeds and inconsistencies in the fertilization delivery of
coffee plantations, using image acquisition sensors, more specifically RGB and narrow-
band multispectral (Herwitz et al. 2004). Due to costs, portability and required

(@ (®) (©

Figure 2. Large and medium-sized unmanned aerial vehicles (UAVs): (a) NASA's Ikhana; (b) NASA's
SIERRA; and (c) NASA’s Pathfinder-Plus. Image courtesy of NASA.
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knowledge for controlling purposes, these types of UAS are not suitable or even
affordable for most farmers and foresters.

The small, mini, and micro UAS built for civilian usage features user-friendly platforms,
present a typical weight less than 20 kg with a flight time comprised between a couple
of minutes and a few hours of autonomy within limited distance range (Hardin and
Jensen 2011). Technological advancements have enabled meaningful upgrades to these
devices, which are capable of acquiring spatial data in great detail using cost-effective
platforms (Watts, Ambrosia, and Hinkley 2012). The expansion of these devices has been
facilitated by the miniaturization and the cost reduction of sensors and embedded
computers (Berni et al. 2009).

There are two main types of small, micro, and mini UAVs: fixed-wing and multi-rotor.
Each type has its own advantages for different deploying environments and required
tasks.

The size of the mapped area, its complexity, desired resolution, weather conditions
and take-off/landing zone space are the necessary conditions that must be considered
before acquiring an UAS. The minimal experience to programme and operate these
platforms is an important advantage, given that flight planning and management can be
controlled from a single interface.

Fixed-wing UAS can travel several kilometres from the launch point, being mainly
suitable for mapping with applications in land surveying, agriculture, mining and
environmental management. This type of UAS can achieve a high cruise altitude and
speed, cover large areas and get a few centimetres of GSD. However, they are launched
by hand or use a small launch ramp and require a large and soft corridor to land. After
successful launch, the Global Navigation Satellite System (GNSS) receiver guides, the
UAS along a pre-defined path (Hardin and Jensen 2011). The market offers a wide variety
of commercial lightweight fixed-wing UAS. Some of the most successful are shown in
Figure 3(a-e).

The multi-rotor UAS rely on a set of propellers arranged around its core (Figure 4(a-e))
being the most suitable for inspection, surveying, construction, emergency response, law
enforcement and cinematography, and videography. Their low cruise altitude and speed

Figure 3. Some of the most representative fixed-wing UAVs: (a) QuestUAV Q-Pod; (b) SenseFly eBee;
(c) Trimble UX5; (d) MAVinci Sirius Pro; and (e) PrecisionHawk Lancaster. The images were obtained
from the manufacturers’ websites.
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Figure 4. Some of the most representative rotor-based UAVs: (a) Topcon Falcon 8; (b) DJI Phantom
4; (c) 3DR SOLO Quadcopter; (d) SenseFly eXom; and (e) Yuneec Typhoon. The images were obtained
from the manufacturers’ websites.

are adequate to cover small areas, obtaining spatial resolution up to 1 mm GSD. Moreover,
their vertical take-off and landing (VTOL) only requires a few square metres of free terrain,
contrarily to fixed-wing-based systems. The rotors can be arranged around the UAV or can
be attached to a set of fixed arms. Multi-rotors are less prone to vibrations than fixed-wing
Wallace et al. (2011). As more rotors are added, the lesser is the crash risk and heavier
payloads are supported, although the payload size limitation remains (Anderson and
Gaston 2013).

Regarding mini and micro UAVs, a few considerations should be made before
acquiring or deploying them. Anderson and Gaston (2013) presented the four main
constraints for consideration: (1) platform; (2) sensor; (3) operating; and (4) environ-
mental constrains. Table 1 summarizes the major differences between the fixed-wing
and the multi-rotor UAVs.

There are two approaches to carry out a UAS mission: by autopilot according to a
predefined flight path or manually with a remote controller operated by a pilot. An
autonomous flight can be achieved in the following main steps: (1) flight plan - most of

Table 1. Comparison between mini and micro fixed-wing and rotor-based UAVs regarding specific
parameters and examples of tasks that can be performed.

Fixed-wing Multi-rotor
Image resolution Up to centimetre level Up to millimetre level
Take-off Hand/small launch ramp Vertical take-off
Payload capacity Small Depending on the number of rotors
Flight time High (usually up to 1 h) Low (usually up to 30 min)
Landing surface Several metres of extension Approximately the UAV size
Coverage Fixed-wing outperforms multi-rotor, most of the times
Cruise speed
Wind resistance
Main applications Land surveying, agriculture, Inspection, video, surveying (urban scale),
GIS, mining, environmental construction and emergency

management
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the recent UAS are released with a flight planning software, and there are also freely
available smartphone applications that allow to specify the intended area of interest,
mark the launch area (i.e. where the UAV will gain enough altitude to start the mission)
and the landing area; (2) after planning - the flight path must be uploaded to the UAV,
making it available to start the next step, the flight execution and data gathering. After a
successful launch, the UAV will automatically capture images triggered using the GNSS
location as reference. Sufficient overlap of the images ensures enough redundant data in
case of distorted images; (3) after landing - the obtained data are downloaded and later
processed in a software that provides the desired output; and (4) the last step is to
evaluate the data, for the intended purpose (e.g. field issues, irrigation issues, water
stressed crops, crop height).

As previously mentioned, lightweight UAVs have limited payload, which makes most
of the available platforms unable of carrying a multi-sensor system. In some cases, to
acquire data from different sensors, the UAV must perform multiple flights over the
same area.

The next section provides the different types of sensors used in UAS flight missions.

3. Sensors

The critical component for carrying out remote-sensing activities is the imaging or
sensing payload which defines the capabilities and the usability of the UAV (Siebert
and Teizer 2014). The current huge market offer of imaging sensors can be quite
overwhelming at first glance for a non-expert user. To help farmers and foresters making
their final decision, an overview of imaging sensor types is provided together with their
main applications in precision agriculture and forestry. It is noteworthy that the devel-
opment of UAVs and sensors occurs at a rapid rate which, expectedly should not slow
down in the upcoming years (Wagner 2015). In the near future, most of the current
systems will probably be discontinued, evolve or be replaced by entirely new systems.
Therefore, potential buyers should always find up-to-date information about the current
state of available UAVs and sensing instruments. UAVs as a remote-sensing platform are
capable of carrying a large variety of sensors, from low-cost commercial digital single-
lens reflex (DSLR) cameras to expensive professional gear, such as hyperspectral cameras
or lidar sensors, specially designed for UAVs (Klemas 2015).

Each remote-sensing device detects a portion of the electromagnetic radiation.
Gamma rays, x-rays, ultraviolet, visible light, infrared light, microwaves, and radio
waves are examples of electromagnetic radiation that differ from each other concerning
wavelength. This range of electromagnetic radiation is called the electromagnetic (EM)
spectrum. Only a very small portion of the EM spectrum is visible by the (naked) human
eye. However, some sensors can detect different parts of the EM spectrum allowing
humans beings to interpret it and therefore make the non-visible become visible. In this
study, two types of imaging sensors will be discussed: passive and active sensors.

Passive sensors are used for natural emissions detection from the Earth’s surface and
its atmosphere whereas active sensors transmit their own pulses of radiation from their
own source of energy and then detect the incoming reflected radiation. Passive sensors
include RGB cameras, near-infrared (NIR) cameras, thermal cameras, and their combina-
tions in multispectral and hyperspectral cameras, while lidar and radio detection and
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ranging (RADAR) are examples of active sensors (Richards and Jia 2006; Turner et al.
2003).

3.1. RGB sensors

Visible light sensors are capable of capturing imagery perceptible to the human eye.
Optical visible light cameras operate in the wavelength range, approximately, from 400
to 700 nm (Austin 2010). UAS can benefit from a large scale of mass-market off-the-shelf
cameras to professional grade cameras with prices varying accordingly. In their review,
Colomina and Molina (2014) present a list of small and medium format visible band
cameras with their basic parameters. In addition to this list, Figure 5(a—e) display some
currently used RGB cameras suitable for mini and micro drones, for agricultural and
forestry applications.

RGB sensors mounted on UAVs are capable of providing high-resolution imagery
from a bird’s eye perspective, as presented in Figure 6. These images can be processed
into orthophotograph mosaics, by stitching images together (Turner, Lucieer, and
Watson 2012), or to build digital surface models (DSMs), using three-dimensional (3D)
reconstruction algorithms based on stereo vision or structure from motion (SfM) algo-
rithms (Nex and Remondino 2013). Possible uses of orthophotograph mosaics include
aerial mapping and imaging, plant counting, surveillance, emergency response, survey-
ing, and land-use applications. DSMs can be useful for 3D surveying and mapping or
volume computation.

Remote-sensing applications also very often separate RGB channels and work with
individual red, green, and blue channels. Colour reassigning is used to create false colour
images to enhance certain features that can be very useful in land analysis. While this
kind of imagery might provide valuable visual information for farmers and foresters, it is
not very suitable to assess vegetation properties due to the lack of information obtained
in the NIR region, where the high reflectance of vegetation occurs (Nebiker et al. 2008).

3.2. Infrared sensors

The infrared spectrum covers longer wavelengths than the visible light spectrum,
ranging from around 700 nm (NIR) to 100,00,00 nm (far infra-red, FIR). The boundaries
between the visible and NIR, at one end, and between the FIR and microwaves, on the
other end, are not precise and are open to different interpretations (Austin 2010b). The
NIR band from 700 nm to approximately 8500 nm represents the region where high

Figure 5. Examples of optical cameras commonly used on UAVs for RGB image acquisition: (a) GoPro
Hero 4 Black edition; (b) Canon G9X; (c) Panasonic Lumix DMC-TZ71; (d) Sony Alpha 7; and (e) Nikon
D800.
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Figure 6. RGB image sample obtained with Sensefly’s eBee fixed-wing UAV over one of the
University of-Tras-os-Montes e Alto Douro (UTAD) vineyard.

plant reflectance occurs, thus being crucial for most of the agroforestry applications. An
NIR image is displayed in Figure 7.

NIR sensors are frequently used in precision agriculture applications and constitute
the basis for vegetation analysis. Healthy vegetation that is actively growing and
producing energy from photosynthesis reflects more in the NIR region. When combined
with RGB, it can be used for vegetation indices (VIs) calculations which are based on the
fact that vegetation reflects various wavelengths differently. Most of the common off-
the-shelf cameras have filters blocking NIR. However, it is relatively easy to transform a
RGB camera into a NIR camera, by removing the filter and replacing it by one that is
filtering the visible red, green or blue bands. Figure 8(a—c) display some of currently
used cameras that were converted to NIR cameras by changing the filters. NIR and RGB
sensors are often combined in multispectral sensors, which will be addressed later.

While the human eye is less sensitive to NIR, FIR is entirely invisible for us. With the
intensity increase, this radiation can be experienced as heat. Thermal cameras operate
approximately in the spectrum at wavelengths from 5000 to 14,000 nm. Each pixel’s
intensity can be transformed into a temperature measurement.

Figure 7. NIR image sample obtained with Sensefly’s eBee fixed-wing UAV corresponding to the
same area represented in ‘figure 6'.
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Figure 8. NIR cameras commonly used in UAVs: (a) Canon S110; (b) Panasonic Lumix 7; and (c)
Fujifilm X-M1.
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Figure 9. Common thermal cameras developed to be mounted on UAVs: (a) Workswell WIRIS and
(b) FLIR Vue.

When compared with conventional cameras, thermal cameras are much more expen-
sive and the image resolution is much lower (Mejias, Lai, and Bruggemann 2015).
Thermal sensors allow to create full thermal maps (Laglela et al. 2015), to check
irrigation management (Gonzalez-Dugo et al. 2013), to assess the functionality of solar
panels (Quater et al. 2014) and to detect wildlife or livestock (Israel 2011). A couple of
thermal cameras developed for UAS are depicted in Figure 9(a-b).

3.3. Multispectral and hyperspectral sensors

Until a few years ago multispectral and hyperspectral cameras were considered too
heavy for mini and micro UAVs, whereas RGB and modified RGB cameras, for acquiring
the NIR band, were considered as a standard tool coupled with UAVs for photogram-
metric and remote-sensing applications. Apart from early prototypes (Saari et al. 2011),
such cameras only became commercially available in recent years. Just like NIR sensors,
multispectral sensors are extensively used for vegetation analysis, since NIR is one of the
multiple bands they can detect (usually R, G, B, NIR, red edge, and sometimes ultraviolet
light and thermal bands are included in multispectral sensors). Red edge refers to the EM
region between visible light spectrum and NIR. Some of the most used multispectral
sensors are shown in Figure 10(a-d). Nebiker et al. (2016) made a comparison between a
high-end multispectral camera and a low-cost off-the-shelf NIR camera showing
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Figure 10. Some of the most commonly used multispectral cameras: (a) Parrot Sequoia; (b)
multiSPEC 4C; (c) Tetracam ADC; and (d) MicaSense RedEdge.

(©)

Figure 11. Some of the most common used hyperspectral cameras: (a) the Headwall Photonics
Micro-Hyperspec; (b) the Rikola Hyperspectral camera; and (c) the Surface Optics Corp. SOC710-GX.

significant differences. As expected, the multispectral sensor provided good results,
consistent with the reference values obtained by a hyperspectral spectrometer while
the low-cost camera showed a reasonable correlation with the multispectral system with
some significant biases. However, the use of high spatial resolution low-cost cameras
proved to be useful for qualitative monitoring of crops, including diseases detection.

While multispectral cameras sense broadbands, usually 4-12, hyperspectral cameras
(Figure 11(a—c)) are capable of sensing hundreds of narrow bands, up to 2 nm in
wavelength (Bendig 2015).

Hyperspectral sensors produce images in which each pixel contains the whole
spectrum of the sensed wavelengths. This means that hyperspectral outcomes provide
much more information than the imagery produced by the previously referred devices.
A simplified representation of a hyperspectral data cube is shown in Figure 12. A list of
both multispectral and hyperspectral sensors used in conjunction with UAVs in several
published works can be found in the work of Colomina and Molina (2014).

3.4. Lidar sensors

Lidar is an active laser-based remote-sensing technology that transmits to the surface
optical laser pulses with a fast repeat rate. By measuring the double path time from the
emitted pulse (transmitter—target-transmitter/receptor), it is possible to determine the
distance to targets (objects, surface). By repeating this process with a fast sequence, lidar
generates a 3D point cloud of the surface, as shown in Figure 13.
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Figure 12. Two-dimensional projection of a hyperspectral data cube. The high number - typically,
over 100 — of narrow spectral bands results in a continuous range of reflectance values for each
image pixel. The front of the cube shows a false colour image using the infrared spectral bands
1721, 2306, and 1565 nm in RGB (image from http://org.uib.no/cipr/Project/VOG/hyperspectral.htm).

The accuracy of these 3D point clouds allows them to be used for multiple applica-
tions in agroforestry, forest change detection (Wallace, Lucieer, and Watson 2014), flood
mapping (Malinowski et al. 2016), or plant height measurements (Bareth et al. 2016).
Short-range lidar sensors were also used on-board UAVs for obstacle detection and
guidance (Ramasamy et al. 2016). In the near future, further miniaturization and cost

Figure 13. UAV-based lidar data of different agriculture features (Amon et al. 2015). Properly sparse
surveys in time provide valuable data to detect cropland critical areas. © RIEGL LMS, www.riegl.com
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routescene
darPod
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Figure 14. Examples of commonly used UAS lidar sensors: (a) the Routescene lidar Pod; (b) the
Yellowscan Mapper; and (c) the Velodyne PUCK.

reduction of lidar sensors is expected (Poulton and Watts 2016). Figure 14(a—c) show
some currently available lidar systems suitable for UAS.

Table 2 presents some examples of application areas and studies in which the described
sensors were used. Depending on the goal of certain applications, the sensor should be
properly selected, considering the trade-off between characteristics and goals to reach.
Thermal sensors provide spectral bands that are more suitable for applications that require
temperature information invariant to light conditions as, for example, real-time animal
detection. Disease detection, in early stages, can be performed by hyperspectral sensors
since many of them only present slightly noticeable visible characteristics. On the other hand,
and despite of the fact that some similar tasks can be achieved with thermal and hyperspec-
tral sensors, such as water status assessment, other aspects need to be considered (e.g. spatial

Table 2. List of potential application areas with examples of scientific studies, grouped by sensor type.

Sensors Application areas References
RGB Forest canopy gaps inspection Getzin, Wiegand, and Schoning (2012)
Biomass monitoring Bendig et al. (2014)
Volume characterization Ballesteros et al. (2015)
Vegetation segmentation Nolan et al. (2015)
Early-season crop monitoring Torres-Sanchez et al. (2014); Gémez-Canddn, Castro, and
L6épez-Granados (2013)
Thermal Land-use classification Lagtiela et al. (2015)

Multispectral

Water status assessment

Wildlife detection

Irrigation management

Fire detection

Vigour maps production based on
vegetation indices (VIs)

Image segmentation

Weed mapping

Nitrogen status estimation

Biomass estimation

Baluja et al. (2012); Zarco-Tejada, Gonzalez-Dugo, and Berni
(2012); Park et al. (2015)

Israel (2011); Ward et al. (2016)

Bellvert and Girona (2012); Bellvert et al. (2013)

Merino et al. (2011)

Primicerio et al. (2012); Candiago et al. (2015); Nebiker
et al. (2008); Navia et al. (2016)

Comba et al. (2015)

Peia et al. (2013)

Caturegli et al. (2016)

Bendig et al. (2015)

Hyperspectral Biomass estimation Honkavaara et al. (2012); Polonen et al. (2013)
Chlorophyll estimation Uto et al. (2013)
Nitrogen status estimation P6l6nen et al. (2013)
Water status assessment Zarco-Tejada, Gonzalez-Dugo, and Berni (2012)
Early detection of plant disease Calderdn, Navas-Cortés, and Zarco-Tejada (2015)
Lidar Bellow forest canopy mapping Chisholm et al. (2013)

Forest inventory and structural
properties
Assessment of tree parameters

Wallace et al. (2012); Wallace (2013); Wallace et al. (2016)

Park et al. (2015)
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and spectral resolution and acquisition costs). These topics are addressed in Section 5 of this
study, where the estimated budgets of UAS bundles for different agroforestry applications
are also presented (including UAV platform, sensors, and processing software).

The amount of data collected by sensors mounted on UAVs can be huge, prompting
the need for methods able to transform them into valuable information. In the next
section this topic is addressed.

4. Data processing

After each flight, the sensors mounted on the UAV returns a large amount of data, which
is not yet suitable to extract information and to reach conclusions, since platforms are
rarely designed to interact on-the-fly with the attached sensors. Thus, the desired results
must be pursued in a post-flight processing stage (Geipel et al. 2013). This section
intends to present the several operations that can be performed with the acquired
data, in the referred post-flight processing stage.

4.1. Image pre-processing

Numerous issues may affect data quality. To enhance the data, a pre-processing stage is
commonly used. Issues such as atmospheric distortions, spectral variability of the surface
materials, altitude, wind turbulence, camera focal length and viewing angle are external
factors that may contribute to image degradation. For these reasons, to detect changes
as revealed by modifications in surface reflectance and to be able to compare acquired
data in different epochs (time-series analysis), it is necessary to carry out radiometric
corrections. Two approaches to radiometric calibration are possible: (1) ground measure-
ments at the time of data acquisition for atmospheric correction and sensor calibration;
and (2) radiometric calibration target that allows the user to calibrate and correct the
images’ reflectance, considering the illumination and some of the sensor’s characteris-
tics. It is recommended to use such a target when generating index maps. Practically,
the radiometric calibration target is a white balance card. The radiometric calibration
target should cover enough pixels to get good statistics.

In most use cases, a single image cannot cover the entire area of interest, which
makes it necessary to capture several overlapping images of the area (Figure 15(a)).
These images have to be stitched together into a single orthophotograph mosaic
(Figure 15(b)). Jia et al. (2015) describe the mosaicking process based on the scale-
invariant feature transform (SIFT) algorithm. The process can be subdivided into the
following steps: (1) image pre-processing; (2) image registration (feature extraction,
feature matching, model transformation, and parameter estimation); and (3) image
fusion. In addition, the correction of the image’s geolocation can be achieved with
ground control points (GCPs).

It should be noticed that the most common UAS limit the sensor payload in weight
and dimension, imposing the selection of standard small format sensors for imaging.
The sensor’s characteristics (focal length changes, principal point offset, lens optical
distortion, etc.) along with external factors produce image deformations. The cause of
resolving the above parameters is called geometric calibration, which is critical to ensure
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Figure 15. Ortophomosaic generation example. (a) Images gathered in a UAV flight over UTAD's
campus. (b) Orthorectified image mosaic which is the result of the processing operations (involving
homographic corrections and stitching) upon the acquired images.

UAS's data geolocation precision and significant for UAS quantitative remote-sensing
application.

4.2, Spectral indices

To easily extract information from the mosaic, there are different spectral indices that
can be applied. These indices are calculated through the use of information about the
surface’s reflectance from two or more wavelengths or spectral bands. The results
provide a relative abundance of certain features. The mostly used indices are Vis.
However, other available types of indices can be useful for agroforestry professionals,
e.g. burned areas and water or snow indices.

Vls are not recent and were used in the evaluation of data gathered by other remote-
sensing platforms (e.g. satellites) before being applied to UAS data. Its use extends from
crop and vegetation monitoring to estimation of plant parameters.

There are broad and narrowband indices, both designed to measure the overall
amount and quality of photosynthetic material, which is crucial for understanding
vegetation’s state. Broadband greenness VIs are the simplest way to measure the
general quantity and vigour of green vegetation. Narrowband greenness VIs are
intended for use with imaging spectrometers, making them suitable for precision
agriculture since these can be used to identify, analyse and manage. Comparing both
types, narrowband Vis are more sensitive to smaller changes in vegetation health,
mainly in areas with dense vegetation where broadband measures can saturate.

Vegetation detection through images is possible due to the absorption of red and
blue channels and a higher reflectance of the green and NIR channels. Different spectral
signatures are obtained from different vegetation types concerning size, shape, and
colour of leaves (Salami, Barrado, and Pastor 2014).
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Vls can also be used to calculate biomass, leaf area index (LAI), disease detection,
water stress presence, and nitrogen content, assisting farmers and foresters in crop
management, yield forecasting and environmental protection (Zhang and Kovacs
2012). Series of used VIs can be found in the works of Baluja et al. (2012), Gnyp
et al. (2014), Lopez-Lépez et al. (2016), Salami, Barrado, and Pastor (2014), Zarco-
Tejada et al. (2005). NIR Vs are reported to have a good correlation with biomass and
LAl (Thenkabail, Smith, and De Pauw 2000). Lopez-L6pez et al. (2016) have separated
some Vs in different categories: structural indices, pigment indices or chlorophyll
a + b indices, carotenoid indices, xanthophyll indices, R/G/B indices, chlorophyll
fluorescence, and plant disease index. Table 3 provides the necessary information
about the most commonly used VI, including the formula allowing their calculation
and their main applications. Theoretical basis regarding the VI are provided by
Galiano (2012) mostly related to water stress ViIs.

Indices based on NIR and visible spectrum combine NIR and red bands for biomass
estimation, canopy structure, and LAIl. Among them, the most commonly used index is
the normalized difference vegetation index (NDVI) (Zhang and Kovacs 2012) proposed
by Rouse et al. (1974). Figure 16 presents a false colour image obtained after NDVI
calculation from a vineyard.

Wehrhan, Rauneker, and Sommer (2016) compared different VIs (NDVI, transformed
soil-adjusted vegetation index, and enhanced vegetation index (EVI)) to the plant-
related carbon dynamics in agricultural soils using a fixed-wing UAV with a multispectral
camera array. EVI was pointed out as the best correlation index between ground-based
measurements of fresh phytomass.

With the use of visible band indices, it is also possible to acquire vegetation para-
meters. (Bendig et al. 2015) showed that the visible band indices (GRVI, MGRVI, RGBVI)
presented a better ability to model biomass in early growth stages rather than later
ones, achieving a cost-effective alternative for ground-based reflectance measurements.

Torres-Sanchez et al. (2014) compared different visible spectrum Vls: ExG (Woebbecke
et al. 1995), ExGR, Woebbecke index (Woebbecke et al. 1995), normalized green-red
difference index (NGRDI) (Gitelson et al. 2002), vegetative (VEG) (Hague, Tillett, and
Wheeler 2006), and two VI combinations in two different flight altitudes (30 and 60 m)

Figure 16. False-colour representation of a normalized difference vegetation index (NDVI) image
composed of red and near-infrared (NIR) bands corresponding to ‘Figures 5-6".
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using multiple flights during the early season in a wheat field, among them ExG and VEG
achieved the best performance.

The need to identify diseases in early stage is crucial to provide a proper crop
protection. Regarding this topic, Salami, Barrado, and Pastor (2014) concluded that
indices based on crown temperature (CWSI) and visible ratio indices proved to be
effective. Calderdén, Navas-Cortés, and Zarco-Tejada (2015) used classification methods
(linear discriminant analysis (LDA) and Support Vector Machine (SVM)) to classify the
verticillium wilt severity on olives through hyperspectral and thermal imagery data. SVM
achieved better overall results than LDA. However, LDA is more effective for initial and
low severity disease levels. The type of indices that suited better for verticillium wilt
identification were normalized canopy temperature, chlorophyll fluorescence, structural,
xanthophyll, chlorophyll, carotenoid, and disease indices. A similar study was conducted
by Lopez-Lopez et al. (2016) to evaluate disease incidence and severity in almond
orchards affected by the red leaf blotch fungal. Several indices where described and
used to detect disease symptoms: the better results were achieved by pigment indices
(chlorophyll a + b indices) and chlorophyll fluorescence in disease and severity detec-
tion, making them appropriate for decision support and implementation of precision
crop protection techniques. Thermal imagery can be used to detect low transpiration
rates caused by root diseases.

Burn indices have been useful for forestry professionals, land resource managers and
fire officials to estimate areas of potential fire hazards, fire perimeter mapping and study
and measure post-fire burn and vegetation regrowth areas. In this type of indices, a pre-
processing stage is needed in order to mask water presence in the images. Chuvieco,
Martin, and Palacios (2002) compared different spectral indices, including NDVI, SAVI,
and burned area index (BAI) to distinguish burned land. They have demonstrated that
BAI provided a better discrimination than the other tested indices, with a consistent
behaviour along a considerable variability of scorched areas.

Table 3 sums up the presented indices, bands needed for their computation,
formulas and references. Regarding the symbology, NIR, red, green, blue, SWIR are
related with the spectral broadband and R, stands for the reflectance value, in
nanometres, on a certain narrowband. Broadband indices can also be computed
with narrowband reflectance values from each spectral band. In thermal indices,
there are different formulas that use temperature as T. There are also variables (e.g.
L, G, a) representing parameterized features. Some authors use normalization
schemes (Torres-Sanchez et al. 2014) as a pre-processing step before the use of
values in the indices (e.g. green = green/red + green + blue; red = red/red + green
+ blue; blue = blue/red + green + blue).

4.3. Segmentation

Image processing techniques are frequently used as a complement to the Vis calcula-
tion. In this topic, segmentation is particularly important for agroforestry, agriculture and
related areas inasmuch as it is responsible for the simplification of imagery data into
subsets that enable an easier analysis regarding features of interest. Thresholding is a
common segmentation method that can be applied to mask certain features and/or to
highlight the desired information. Within this category, there is a noteworthy algorithm
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that relies in the Otsu’s method (Otsu 1979) and which can be applied to obtain two
classes of pixels (e.g. to distinguish bare soil from vegetation). Summing up, this method
calculates an optimal threshold requiring low computational costs.

Meyer and Neto (2008) used VI to determine a colour VI with an automatic threshold
and to determine their accuracy using plant-soil-residue images. They compared the
ExG, ExG-ExR, and NDV indices results with manual plant pixel extraction after applying
Otsu’s method. Among the tested indices, the ExG-ExR allows reaching the best results
in the successful discrimination of plants from the bare soil.

Regarding early season vegetation detection, Torres-Sanchez, Lépez-Granados, and
Pefa (2015) used two image acquisition sensors (RGB and multispectral) in three
different types of crops: maize; sunflower, and wheat. The developed algorithm for
object based image analysis (OBIA) was based on a multiresolution segmentation
algorithm while the Otsu’s method was applied for thresholding two Vs, more specifi-
cally ExG and NDVI.

Another used method is the watershed transform: a gradient magnitude-based
method that consists in finding the pixels with the highest gradient intensity corre-
sponding to region boundaries. It was successfully applied in the extraction of canopy
from palm orchards (Cohen et al. 2005). Baluja et al. (2012) used watershed algorithm
combined with NDVI image to identify rows in vineyard crops.

OBIA (Blaschke 2010) relies in the reduction of intra-class spectral variability caused
by crown textures, gaps and shadows. First, a group of spatially adjacent pixels is
aggregated into spectrally homogeneous features which are then classified using
objects as the minimum processing units (Torres-Sdnchez, Lépez-Granados, and Pefa
2015). OBIA was used to identify different types of plant canopy, in pure olive crowns
detection (Calderdn et al. 2013), in discontinuous and continuous olive orchards (Diaz-
Varela et al. 2015) and also for weed map generation in maize fields (Pefa et al. 2013).

In order to successfully detect vine rows using UAS imagery, Comba et al. (2015) used
Hough Space Clustering and total least square. Their method can be applied to different
types of images resulting from VI calculation (e.g. NDVI) or in a simple grayscale image,
based on a single-band (e.g. NIR). Nolan et al. (2015) used skeletisation techniques to
accurately segment vineyard rows to produce precise vine maps. The proposed algo-
rithm uses as inputs single-band images from any type of sensor with the only require-
ment of having a high spatial resolution to distinguish vine rows and soil. The
application of such an algorithm allowed Nolan et al. (2015) to achieve an accuracy of
97.1% regarding the identification of vineyard rows. The 2.9% failure rate occurred
because of trees obscuring vine rows, shadows and also segmentation discontinuities.
Bobillet et al. (2003) also classified vine rows; however, their method required manual
adjustments in pre and post-processing stages to the achievement of valid results.
Moreover, problems identifying vine rows with grass in between were reported.

4.4. 3D reconstruction

In agroforestry applications, vegetation can be accurately virtualized using 3D scanning
methods. One of the most known of these methods involves the extraction of a point
cloud from ground, crops and other field elements. As it was previously mentioned, lidar
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can be used for 3D scanning. For example, Wallace (2013) used this sensor to digitalize
forest’s canopy.

Another known technique is the SfM, which provides the ability to create 3D models
from 2D images. DSMs and crop surface models (CSMs) can be achieved using this
technique. In turn, these models can be used to obtain important data regarding the
elevation models and in crop development (Flener et al. 2013). The reconstruction
process consists in the following steps: (1) matching the overlapping images containing
the similar features; (2) extraction of geometry; (3) point cloud processing; and (4) 3D
model and texture generation accordingly with the provided images. The main con-
straint of this method is the high demand of computational requirements and, conse-
quently, the processing time. Bendig et al. (2014) conducted a study to monitor barley
crops using the post-flight generated CSM computed by images acquired form a RGB
camera mounted on a UAV. The study introduced a method to estimate biomass based
on the plant height derived from CSM, demonstrating that RGB images are highly
suitable for deriving barley plant height. Mathews and Jensen (2013) opted by applying
SfM to compute a point cloud of vine canopy structure to estimate LAI. Figure 17 shows
an example of a DSM obtained from 2D nadir images. Gatziolis et al. (2015) used a multi-
rotor UAV to capture images and achieve 3D reconstructions of trees with SfM algo-
rithms. SfM techniques are becoming increasingly used due to their cost-effectiveness in
comparison with expensive systems such as lidar. More recently, Thiel and Schmullius
(2016) compared point clouds from UAV images with those created from lidar systems
over a forested area and showed that the photogrammetric accuracy compares well
with lidar, yet the density of surface points is much higher from images, which is of
particular importance for the detection of small trees. Alternatively, there are other valid
techniques for 3D reconstruction that are getting increasingly accessible, like the ones
based on stereo cameras (Frankenberger, Huang, and Nouwakpo 2008; Honkavaara et al.
2013).

Wallace et al. (2016) carried out a comparison of airborne lidar scanning and SfM.
Both methods proved to be capable of providing useful information about canopy and
terrain in areas with low canopy closure. However, lidar outperformed SfM in capturing
terrain under denser canopy cover. Diaz-Varela et al. (2015) worked with SfM-based

Figure 17. Digital surface model (DSM) of a UTAD's vineyard determined in the post-processing
stage of a flight with an UAV carrying an optical sensor.
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DSMs to estimate olive crown parameters such as tree height and crown diameter, in
continuous and discontinuous canopy cropping systems. The estimation of crown para-
meters presented a high compliance with the real measurements.

Different applications are provided in the next section depending on the application
area: agriculture, forestry, or both.

5. Applications

UAS provide high-resolution aerial imagery opening new cost-effective horizons that are
capable of tackling the traditional and expansive remote-sensing platforms such as
manned aircraft or satellites. In this section, some of the works that constitute the
state of the art on applications relying on UAS will be reviewed to provide a better
insight of the potential of these unmanned flight devices in agriculture, forestry and
related areas, as presented in Table 4. In agriculture, the main applications include crop
monitoring, invasive weed mapping, water status estimation, biomass estimation, chlor-
ophyll estimation and nitrogen estimation. For forestry applications, bellow forest
canopy mapping, forest inventory, measuring and monitoring structural forest proper-
ties, and forest fire detection and monitoring have been explored by the use of UAS.
There are also applications common to both areas such as land-use classification, wildlife
detection, and vegetation height maps.

5.1. Agriculture

UAS-based remote sensing can help determining plant parameters such as LAl, canopy
cover and volume. UAVs provide flexibility to assess crop parameters as vigour, quality,

Table 4. UAS-based remote-sensing applications on agriculture, forestry and common to both areas.
Application Main objective References

Agriculture  Crop monitoring Ballesteros et al. (2015), Berni et al. (2009), Calderén, Navas-Cortés,
and Zarco-Tejada 2015), Candiago et al. (2015), Comba et al.
(2015), Diaz-Varela et al. (2015), Kalisperakis et al. (2015), Lukas
et al. (2016), Navia et al. (2016), Nebiker et al. (2008), Primicerio
et al. (2012), Suomalainen et al. (2014), Torres-Sanchez, Lopez-
Granados, and Pefa 2015), Torres-Sanchez et al. (2014), Turner,
Lucieer, and Watson (2011)

Invasive weed mapping Goémez-Candon, Castro, and Lopez-Granados (2013), Pefa et al.
(2013)
Water status estimation Baluja et al. (2012), Bellvert and Girona 2012), Bellvert et al. (2013),
Park et al. (2015), Zarco-Tejada, Gonzélez-Dugo, and Berni
(2012)
Biomass estimation Bendig et al. (2014, Bendig 2015, Honkavaara et al., 2012,
Honkavaara et al. (2013), P6lonen et al. (2013)
Chlorophyll estimation Uto et al. (2013), Zarco-Tejada, Gonzalez-Dugo, and Berni (2012)
Nitrogen estimation Caturegli et al. (2016), Polonen et al. (2013)
Forestry Bellow forest canopy mapping  Chisholm et al. (2013), Getzin, Wiegand, and Schoning (2012)
Forest inventory Rokhmana 2015), Wallace et al. (2012)
Measuring and monitoring Gatziolis et al. (2015), Wallace 2013), Wallace et al. (2016)
structural forest properties
Forest fire detection and Merino et al. (2011)
monitoring
Agriculture Land-use classification Lagtiela et al. (2015)
and Wildlife detection Israel 2011), Ward et al. (2016)
forestry Vegetation height maps Ballesteros et al. (2015), Bendig et al. (2015), Mathews and Jensen

2013), Suomalainen et al. (2014), Turner, Lucieer, and Watson
(2011)
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and yield estimation, which is needed to be measured during the whole growing season,
as presented in Ballesteros et al. (2015). For parameters that are hard to detect with
visible spectrum sensors, hyperspectral sensors are more suitable. These sensors enable
the acquisition of imagery data with very high spectral and temporal resolutions, which
is especially adequate for disease detection in early stages (Calderén, Navas-Cortés, and
Zarco-Tejada 2015) or precision agriculture (Candiago et al. 2015), reducing future losses.
Farmers’ interests are to have healthier crops and, at a same time, to manage resources
(e.g. water and pesticides) in an efficient way. This can be provided by UAVs data to
create maps for better crop management (Ballesteros et al. 2015). These maps are
adequate to expose problems as irrigation, soil variation, fungal or pest investigation.

Usually, NIR sensors are not used separately, but in combination with RGB sensors or
as a component in multispectral sensors. Navia et al. (2016) used multispectral imagery
acquired from a multi-rotor UAV to generate multispectral mosaics computed with NDVI,
to assist farmers in the assessment of plant health monitoring. Lukas et al. (2016)
compared the basic growth parameters obtained from a fixed-wing UAV equipped
with a NIR camera and from Landsat 8. Both methods showed a high correlation with
ground spectrometer measurements of biomass and nitrogen content but the satellite
data had a coarse resolution. Kalisperakis et al. (2015) used different UAS imaging
sources, more specifically, hyperspectral, RGB orthophotographs and 3D crop surface
models to access LAl estimation in vineyards. The comparison between estimated LAl
and ground truth LAl measurements showed that the lowest correlation rates occurred
from RGB othophotographs. On the other hand, the highest correlation was noticed in
hyperspectral data and 3D crop surface models.

Another application area in agriculture is invasive weed mapping. A study to distin-
guish the invasive weeds from other crops was carried out by Pefa et al. (2013). It
consisted on detecting weed in early stages of maize using a six band multispectral
camera attached to an UAV in which the applied OBIA procedure computed multiple
results and statistics that could be exported in the form of weed maps, vectors or table
file format and provide relevant information. Another study to distinguish crops from
invasive weed was carried out by Gémez-Candén, Castro, and Lopez-Granados (2013) in
wheat.

Water status estimation is a task that can be performed by UAVs with quick turn-
around times. Bellvert et al. (2013) demonstrated the feasibility of using high-resolution
thermal imagery for irrigation management across vineyards for precision agriculture
purposes (optimal irrigation). According to Bellvert et al. (2013) the best time of the day
to acquire thermal images is around noon, because there is an almost complete absence
of shadow effects and, consequently, the sensitiveness for the identification of water
stress problems is higher. Multispectral and thermal imagery was applied by Baluja et al.
(2012) and Bellvert and Girona (2012) to determine water status variability in vineyards.
This data can be used for better irrigation management in a vineyard parcel scale. Zarco-
Tejada, Gonzalez-Dugo, and Berni (2012) addressed the detection of water stress in a
citrus orchard by using fluorescence, canopy temperature, and narrow-band indices,
from data acquired by a micro-hyperspectral and a thermal camera.

Biomass estimation was studied by Bendig et al. (2014) with Vis and plant height
maps derived from RGB imagery on barley. Three VIs were computed, with the main
issue of the visible band being reliable only in early growing stages. However,
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combining the VIs with plant height by using multiple linear regression or nonlinear
regression models, a better performance was achieved, in comparison with the
indices itself.

Chlorophyll estimation was addressed in the study carried out by Uto et al. (2013)
focusing on the estimation of rice chlorophyll density, based on low altitude flights
carried out by an UAV equipped with a hyperspectral sensor. Experimental results
showed that the chlorophyll density can be estimated with high accuracy, even under
unstable light conditions. Suomalainen et al. (2014) developed a hyperspectral sensor
based on low-cost components, to apply it on multiple types of crops. Chlorophyll
concentration was examined using red edge-based indices. Martin et al. (2015) used
hyperspectral sensing to investigate the relation between leaves chlorophyll a + b
concentration and grapes composition in vineyards affected by iron chlorosis and to
assess if the leaves chlorophyll concentration acquired from hyperspectral images could
be useful to map potential quality zones in these vineyards. The results suggest a
promising application for predicting grapes’ quality in vineyards affected by the iron
chlorosis.

Caturegli et al. (2016) focused on the estimation of nitrogen status in turfgrass. This
kind of knowledge can lead to both economic and environmental benefits inasmuch as
it enables the balanced application of fertilizers. In addition, pesticides are extensively
applied for eliminating pests and weeds infesting the crops. P6lonen et al. (2013) were
able to estimate both biomass and nitrogen content with a hyperspectral sensor and a
machine learning approach.

5.2. Forestry

Getzin, Wiegand, and Schoning (2012) used a fixed-wing UAV to take aerial images of a
forest aiming the further examination of canopy gaps and the assessment of the floristic
biodiversity existent in the forest understorey. The obtained images led the authors to
conclude that detailed spatially implicit information on gap shape metrics is sufficient to
reveal strong dependency between disturbance patterns and plant diversity. Chisholm
et al. (2013) conducted a trial with a lidar mounted on an UAV for mapping the forest
below the canopy. The main goals were to map tree stems and to measure the diameter
of trees at breast height (DBH). The lidar along with a developed algorithm enabled the
detection of trees in flights of 3 m that took place 20 cm above the DBH.

To calculate wood stock of a teak wood forest in Indonesia, Rokhmana (2015) used
orthophotograph mosaics and 3D models. The main prerequisite for this task was to
distinguish individual trees so its height could be measured as well as the canopy
diameter. As it was previously mentioned in Section 4.4, lidar is a good tool for the
accurate extraction of 3D data. The comparison between tree canopy mapping and
photogrammetric SfM was already addressed in the work of Wallace et al. (2012),
showing that lidar outperforms SfM in bellow canopy mapping.

Gatziolis et al. (2015) were able to reconstruct 3D models using RGB cameras from
UAV along with SfM algorithms. This methodology can be applied to individual or to a
group of trees providing useful information related, with for instance tree growth
among time.
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Merino et al. (2011) developed an UAS for automatic forest fire monitoring and
measurement. It was based on multiple UAVs and a central station. The main payload
consisted in infrared and visual cameras which extract fire related features

5.3. Agroforestry

There are tasks that can be applied in both agriculture and forestry. The case of
generation of thermographic mosaics and thermographic DSMs from thermal sensors
attached on a low cost multi-rotor UAV were used (Lagliela et al. 2015). Although
agroforestry was not the primary focus, the methodology can be extended to land-use
classification and water management according to the thermal response of objects.

Industrialization of agriculture brought many benefits but also an increased danger
for wild animals living in agroforestry areas. Israel (2011) presented a light weight
infrared thermal sensor attached to an UAV, which is capable of preventing many
fatalities among the roe deer fawn communities on meadows and pastures, caused by
machines. Ward et al. (2016) took the concept even further and created a system that
can autonomously detect animals, determine their coordinates and generate maps
displaying their locations ahead of the user. They have proved the effectiveness of
UAS over ground based techniques such as camera traps or surveys on foot.

Vegetation height maps can be applied in agriculture or forestry areas. Several studies
were conducted making good use of this information for creation of crop surface
models (Bendig et al. 2014; Mathews and Jensen 2013) or even to forest canopy cover
(Wallace 2013).

5.4. Recommendations towards UAS platform selection

Table 5 presents budget estimations for the acquisition of an UAS according to the
coverage area and the sensor type, which is influenced by the intended application. For
large areas (greater than 50 ha) a fixed-wing UAV is recommended due to the ability of
quicker area coverage; on the other hand, a multi-rotor UAV is more suitable for smaller
area coverage. However, the usage of a fixed-wing UAV requires a large space to
perform safe landing operations - at least an area of 20 m x 100 m (for linear landing)
- which is a drawback of this type of UAV. A practical example is the Douro wine region
in Portugal, where the vineyard layout disposed in slopes along the river Douro makes
the landing task challenging due to the lack of secure areas to accomplish it.
Complementary to Table 5, Figure 18 illustrates the process of selecting the most
appropriate UAS and sensors for the required task.

Essentially, rotor-based UAS are used to cover small areas whereas the fixed-wing
UASs are more suitable for being applied in wider areas, as detailed in Table 5. On the
other hand, the use of sensors is highly dependent of the application’s purpose.

On the subject of forestry applications such as inventory and canopy mapping, the
usage of lidar sensors represents an effective tool capable of gathering data below
canopy. When it comes to perform forest fire monitoring and wildlife detection, thermal
sensors are a suitable option, while for determining burned areas in post-fire scenario
multi-spectral sensors can be applied.
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Table 5. Recommended UAV platforms for different agroforestry applications and respective esti-
mated budgets.

Coverage Recommended Recommended  Estimated budget

Area of application area sensor(s) UAV (Euros)
Crop monitoring Large Multispectral Fixed-wing 25,000
Small Multispectral Multi-rotor 10,000
Disease detection and identification Large Hyperspectral Fixed-wing 120,000°
Small Multispectral Multi-rotor 10,000
Invasive weed mapping Large Multispectral Fixed-wing 25,000
Small Multispectral Multi-rotor 10,000
Water status estimation Large Thermal Fixed-wing 35,000
Small Thermal Multi-rotor 15,000
Biomass estimation Large Optical Fixed-wing 20,000
Small Optical Multi-rotor 2000
Chlorophyll estimation Large Hyperspectral Fixed-wing 25,000
Small Hyperspectral Multi-rotor 10,000
Bellow forest canopy mapping Large Lidar Fixed-wing 30,000
Forest inventory Large Lidar Fixed-wing 30,000
Measuring and monitoring structural Large Lidar Fixed-wing 30,000
forest properties
Forest fire detection and monitoring Large Thermal Fixed-wing 35,000
Post-fire burn area estimation Large Multispectral Fixed-wing 25,000
Wildlife detection Small Thermal Multi-rotor 8000
Nitrogen estimation Large Multispectral Fixed-wing 25,000
Small Multispectral Multi-rotor 10,000
Vegetation height maps Small Optical Multi-rotor 3000

Each UAV platform considers a UAV type (fixed-wind or multi-rotor) and an attachable sensor (optical, multispectral,
hyperspectral, thermal, and lidar). Small areas up to 50 ha; Large areas between 50 ha and 5 km? The estimated
budged includes UAV + sensor + processing software.

®The prices have been decreasing.

Disease detection and z‘;
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Figure 18. Diagram depicting an appropriate selection of a UAS platform — including UAV and sensor
— depending on the area of application and the task.

To obtain vegetation height maps, optical sensors are a plausible choice, because of
their ability to process the acquired images using SfM algorithms and the cost-effec-
tiveness comparatively to sensors such as lidar. Crop monitoring along the whole
growth season can be performed through multispectral sensors which seem to present
the most compromise between cost and effectiveness. In spite of it, other sensors can
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also be applied to do crop monitoring related tasks. For those who are interested in
biomass estimation, optical sensors might be a good choice. Multispectral sensors can
be applied to map invasive weeds and nitrogen estimation. While the first results from
post-flight image processing algorithms (e.g. OBIA), the latter is by providing fertilization
maps.

Disease detection and identification have a significant importance in agricultural
applications, either for resource optimization and/or timely actions for preventive pur-
poses. Thus and notwithstanding the costs, hyperspectral sensors are recommended
even for early stage disease detection. Alternatively, depending on the crop type and
disease, multispectral sensors can be used. Hyperspectral sensors are also suitable for
chlorophyll estimation through narrow-band VI calculation on the acquired data, accord-
ingly to the addressed studies.

Finally, water status can be estimated through a set of spectral VI that are calculated
to determine vigour, based on data acquired from multispectral or optical sensors, yet
thermal sensors can provide this type of data in a faster way, although some cautions
concerning daytime must be taken due to effects of shadows, according to Bellvert et al.
(2013). Thereby, it is recommended to use these sensors when the sun heading is at,
approximately, 180 (solar noon).

Table 6, provides an overview of the reviewed studies regarding the main objective
and conclusions, along with the used UAV types and the used sensors. It is noteworthy
that fixed-wing UAVs are widely applied to land-use classification, water assessment, or
even to provide data towards the optimization of agricultural tasks (e.g. crop manage-
ment and pesticide administration) through the use of optical, thermal, multi, and
hyperspectral sensors. Most of the reviewed studies preferred multi-rotor UAVs that
can vary the specified set of sensors to perform fire monitoring, canopy development
assessment, detection of vineyard rows, etc., and also because they are usually cheaper
and more flexible for demonstrative/scientific studies. Notwithstanding the great num-
ber of successful approaches, there is an important aspect that should be retained: the
specifications of each platform (in terms of area covering, flight time durability, payload
capacity) should be attended along with the recommendations left on this article
inasmuch as they intend to represent general guidelines to prevent unnecessary costs
for mission accomplishment or potential failure in performing the required surveys in
demanding situations. In the way that a fixed-wing UAV for water status assessment in a
small crop area could be exaggerated, a regular rotor-based UAV could be time-con-
suming at monitoring biodiversity in an extensive forestry area due to the lower
autonomy in terms of flight time.

Regarding UAV sensors, while the RGB sensors are suitable to find features within a
certain area (e.g. vineyard rows detection, tree crown size estimation), to estimate LAl for
green vegetation and invasive weed mapping. The infrared, multispectral, and hyper-
spectral sensors are specialized in identifying the presence/absence of certain compo-
nents or materials (e.g. disease detection, water status estimation) within a scene
through reflectance analysis and processing at certain wavebands that can range out
of the visible spectrum. Lidar sensors can provide accurate measurements through laser
pulses targeting land objects (e.g. vegetation height determination). The cost/task-
effectiveness binomial has a relevant role when it comes to select a tool for data
extraction. If the precision on estimating the presence of a certain feature in the
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Table 6. Compilation of the reviewed studies presenting their respective main objectives and
conclusions and UAV type and sensors used in each case.

UAV
type Used sensors
Reference Objective Main conclusion FW RB O T M H L
Lagliela et al.  Land-use classification Successful land-use classification . .
(2015) (buildings, tall vegetation,
short vegetation)
Primicerio et al. Producing of vigour maps of Results highly correlated with ° .
(2012) vineyards based on NDVI ground truth spectrometer
Getzin, Use canopy gaps in forests to assess High-resolution imagery can (] .
Wiegand, floristic biodiversity of the forest effectively assess biodiversity
and understory in temperate forests
Schéning
(2012)
G6émez- Assess the parameters that affect the Different altitude intervals did o o
Candén, accuracy of orthomosaics. Early not show large differences in
Castro, and weed mapping in wheat accuracy in generation of
Lépez- orthomosaics between 30 and
Granados 100 m.
(2013)
Baluja et al. Assessment of water status Both multispectral and thermal o o o
(2012) variability in vineyards methods were successful
Israel (2011) Detection of roe fawn deer on Field campaigns confirmed ° °
meadows reliable real-time manual fawn
deer detection
Ward et al. Detection of animals and displaying Successfully tested and . °
(2016) their location on a map development of a smartphone
app integrated with the
system
Bendig et al. Barley biomass monitoring by Optical images were highly o o
(2014) combining plant height and Vls suitable for deriving barley
plant height from CSM for
biomass estimation
Turner, Lucieer, Vineyard mapping UAVs provide flexible on- e o o o
and Watson demand multiple sensor data
(2011) for the whole growing season
and especially for the critical
times with high spatial
resolution
Candiago et al. Evaluation of multiple VI for The VI were computed based on . .
(2015) precision agriculture applications pixel values and delivered
mainly qualitative results
Honkavaara Combination of hyperspectral Successful implementation of o o °
et al. (2012) imagery and point clouds for the use of hyperspectral
biomass estimation reflectance mosaics with point
clouds for biomass estimation
Uto et al. Development of a low-cost light Experimental results proved that . .
(2013) hyperspectral sensor for chlorophyll densities can be
chlorophyll estimation in rice estimated with high accuracy
paddies
Ballesteros Leaf area index, green canopy cover, The developed work could be (] .
et al. (2015) and volume characterization of useful in decision support to
vineyards improve crop management,
and optimize usage of
pesticides and fertilizer
Lukas et al. Comparison of basic growth Both methods showed a strong e )
(2016) parameters of winter wheat correlation with ground
obtained from UAV and satellite spectrometer measurements

but satellite imagery provided
a smaller resolution

(Continued)
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UAV
type Used sensors
Reference Objective Main conclusion FW RB O T M H L
Comba et al. ~ Vineyard row detection Successful detection of wine ° .
(2015) rows in grey-scale images
obtained from a multispectral
sensor
Nebiker et al. ~ Producing of vigour maps of Results highly correlated with o o .
(2008) vineyards ground truth classification
Pefa et al. Weed mapping in maize The algorithm efficiently . .
(2013) identified crop rows, inner
row weeds were successfully
detected
Caturegli et al. Nitrogen status estimation in The knowledge of the nitrogen o o .
(2016) turfgrass status can lead to both
economic and environmental
benefits by a reasonable
application of fertilizers
Navia et al. Multispectral orthomosaic Calculated NDVI showed that it . °
(2016) generation and NDVI calculation can determine weak spots in
crop areas and also see
change in plant health over
time
Rokhmana Teak wood forest stock estimation  Successful wood stock .
(2015) estimation
P6lonen et al.  Biomass and nitrogen content Results showed that the . .
(2013) estimation of wheat and barley radiometric uniformity
amongst individual images
forming the image mosaics
had impact the biomass
estimation quality
Suomalainen Development of an hyperspectral A lightweight hyperspectral ) .
et al. (2014) sensor and evaluation on various mapping system was
types of crops for orthomosaics developed specifically for
and vegetation height maps rotor-based UAV and
presented the potential for
agricultural mapping and
monitoring applications
Chisholm et al. Bellow forest canopy mapping The UAV-measured DBH ° .
(2013) estimates were strongly
correlated with the human-
based ones
Wallace et al.  Development of a low-cost UAV Comparing with lidar sensors ° °
(2012) Lidar sensor applied in forest used in other remote-sensing
inventory applications platforms UAV-borne lidar
produced point clouds with
only slightly worse accuracies
but with much higher point
densities
Wallace et al. ~ Measuring and monitoring structural Airborne laser scanner got better o o )
(2016) properties of forests with airborne  results in penetrating the
laser scanner and SfM techniques upper canopy and vertical
distribution of vegetation. SfM
lacked the ability to penetrate
dense canopy parts, which
resulted in a poor definition of
the mid and under-store
Bendig et al. Estimating biomass in barley using VI Visible band indices showed a . .
(2015) and plant height information better ability to model

biomass in early growth
stages in comparison to late
growth stages

(Continued)
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Table 6. (Continued).

Reference Objective

Main conclusion

UAV
type

Used sensors

FW RB O T M H L

Water stress detection in citrus
orchards using hyperspectral
imager and thermal camera

Zarco-Tejada,
Gonzalez-
Dugo, and
Berni (2012)

Bellvert et al.  Generating maps using CWSI for

(2013) precision irrigation management
in vineyards

Calderon, Automatic methods for early
Navas- detection of plant diseases
Cortés, and
Zarco-Tejada
(2015)

Nolan et al. Automated detection and
(2015) segmentation of vine rows using

high-resolution UAS imagery in a
commercial vineyard

Mathews and  Using SfM to model vine canopy

Jensen structure
(2013)
Kalisperakis Estimating crop LAI using
et al. (2015) hyperspectral data, 2D RGB
mosaic and 3D crop surface
models
Wehrhan, Quantification of spatial patterns of
Rauneker, fresh phytomass and its relation
and Sommer  to carbon export of lucerne
(2016)
Berni et al. Vegetation monitoring through the
(2009) use of thermal and multispectral
sensors
Bellvert and Usage of multispectral and thermal
Girona images for irrigation scheduling in
(2012) vineyards

Torres-Sanchez
et al. (2014)

Early-season crop monitoring in
wheat using Vls

The experiment enabled water

stress detection assessment
by using crown temperature,
visible and NIR narrow-band
indices and chlorophyll
fluorescence

Demonstration of the viability of

thermal imagery for detecting
the level of water stress in
vineyards

The results demonstrated that

the developed methods at
orchard scale are validated for
flights in large areas
consisting of olive orchards
with different characteristics

The vine row detection

algorithm achieved average
precision and sensitivity
results. Some sections of vine
rows have been falsely
classified as being non-vine
row pixels, due to
overhanging trees, shadows
or initial binary segmentation
discontinuities

Measured LAl of vine canopy

had good results with metrics

The lowest correlations against

the ground truth data were
derived from the calculated
greenness levels from the 2D
RGB orthomosaics. The
highest correlation rates were
established for the
hyperspectral and the 3D
canopy levels

Among different tested VI, the

EVI got the highest correlation
between ground-based
measurements of fresh
phytomass of lucerne

The obtained results make this

platform suitable for a
number of applications
including precision farming
and irrigation scheduling

It was demonstrated the viability

of high-resolution thermal
imagery for detecting the
water stress level in
grapevines

The ExG index is most suitable to

calculate early stages crops
with accuracy and spatial and
temporal consistency

(Continued)
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Table 6. (Continued).

UAV
type Used sensors

Reference Objective Main conclusion FW RB O T M H L

Torres- Detection of vegetation in early- An automatic thresholding for o o .
Sanchez, season herbaceous crops (maize, vegetation classification was
Lépez- sunflower and wheat) achieved based on OBIA
Granados, algorithm. Demonstrating its
and Pefa ability to automatically select
(2015) a threshold from grey-level
histograms
Park et al. Estimation of crop water stress in a  The mapping of spatial ° °
(2015) nectarine orchard variability of nectarine water
stress was proved to be
effective and an optimal tool
to help in irrigation
management
Wallace (2013) Investigating the use of UAV-borne  UAV-lidar data is suitable for use . °
lidar systems as a platform to gain  in monitoring changes in the
knowledge of the canopy canopy structure. The method
structure within forested based on alpha shapes was
environments the most stable across repeat
measures
Gatziolis et al.  Developing an affordable method for The developed work proved to o o °
(2015) obtaining precise and be capable of handling most
comprehensive 3D models of trees conditions encountered in
and small groups of trees practice to deliver detailed
reconstruction of trees
Honkavaara Investigating the processing and use Fundamental need to develop . .
et al. (2013) of UAS image data in precision reliable methods for the
agriculture geometric and radiometric
processing of huge numbers
of small, overlapping images
as well as developing all-
weather processing
technology in order to take
full advantage of this new
technology and to make this
technology operational in
practical applications was
identified
Diaz-Varela Estimating of olive crown parameters Comparison between reference o .
et al. (2015) field measurements and
remote-sensing estimation of
crown parameters confirmed
as a good solution in terms of
performance and cost-
effective alternative for the
characterization of the olive
tree crown in discontinuous
canopy
Mathews The use of compact digital cameras  There was found that the red . .
(2015) to remotely estimate spectral and NIR bands were the most
reflectance based on UAV imagery ~ accurate at estimating
reflectance
Merino et al. ~ Automatic fire detection A system for fire monitoring was e o o
(2011) developed, based on several
UAVs and a central station.
Infrared and visual cameras
were the main payload used
for the environment
perception

FW: fixed-wing; RB: rotor-based; O: optical; T: thermal; M: multispectral; H: hyperspectral; L: lidar.
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environment (e.g. vineyard disease) is required, the use of a hyperspectral sensor should
be considered. In an alternative scenario, when a low-budget system is required, for
instance to produce 3D models of a certain culture for analysing different development
stages, an RGB camera allied to photogrammetric techniques will be sufficient (despite
the probable loss of information - e.g. soil - over the obvious, but usually expensive,
lidar sensor).

6. Conclusion

This survey presents a brief comparison of remote-sensing platforms, their pros and
cons, and how UASs can complement the established manned aircraft and satellite
platforms. Most common types of UAVs and sensors are also presented aside with
processing methods and applications in agroforestry. This study provides agrofor-
estry professionals with information to assist them in choosing the most suitable
UAS for their remote-sensing purposes. To achieve this, recent studies were
reviewed with the focus on UAV types, sensors, data processing and applications
in agroforestry.

Before selecting a proper UAS, the end-user should understand the capabilities and
the restrictions of the available systems regarding not only the kind of results that are
expected, but also what to do with them since mosaics, digital surface models, Vls, etc.,
are not the final products but resources for further goals. UAS-based remote sensing in
precision farming and forestry aims to provide the adequate decision support, which has
a crucial role for the management optimization of farms, woodlands and other similar
territorial areas.

Nowadays, farmers and foresters are dependent on companies to perform the pro-
cessing and presentation of agroforestry-related information, sometimes in a way that
will not fulfil the end-user needs. The next step of this ongoing revolution will focus in
the development of user-friendly interfaces where just a few parameters are required,
releasing the user from a deeper knowledge on data processing, allowing agroforestry
professionals to perform interpretation of collected data by UAS in an autonomous and
easy way. Our research group is already developing effective solutions allowing the
professionals an autonomous analysis.

Better data processing software working with different sources of temporal and
spatial data (e.g. meteorological and environmental) for a more effective decision
support regarding agroforestry applications will also appear in the near future. Ideally,
the future of both precision agriculture and agroforestry remote sensing would be to
have the UAVs platforms constantly sensing the environment and sending the resulting
data to intelligent entities (centralized or distributed) that control actuators to optimally
solve eventual issues such as the lack of water or disease detection in a complete
solution of Internet of Things for agroforestry. This kind of proactivity would allow
farmers and foresters to be concentrated on the final products and services instead of
being concerned with the middle-level processes.

Summing up, UAS platforms with the addressed sensors are going mainstream and its
importance for decision support is getting increasingly relevant for researchers, farmers,
foresters, and related business professionals as innovative techniques are being devel-
oped for a sharpen optimization of the agroforestry underlying processes. DroneDeploy
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(2016) use case statistics confirm that agriculture, including forestry, is the leading
application in the UAS market and Simelli and Tsagaris (2015) refer that by 2018, the
usage of UAS will continue to grow with increasing affordability and autonomy. In spite
of the fact that the UAV can fly autonomously, nowadays it is still required the presence
of a pilot. The reasons of this are the lack of device intelligence. Hopefully, this issue will
be solved in the next years due to the expansion of UAS usage in many sectors and
mainly because of the progress of the artificial intelligence, which is capable of provid-
ing the autonomous decision support to those devices including law awareness. The
optimal scenario of using UAVs is the entire automated process from taking off the
vehicle to the processing the data and turning on the pro-active actions. In the
agricultural industry, the UAV would do the flights in the area of interest whenever it
would be needed, based on previous flights. The collected data would serve as informa-
tion for other automated machines, such as irrigation systems or intelligent pesticide
sprayers.
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