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Perspectives for Remote Sensing with
Unmanned Aerial Vehicles in Precision
Agriculture
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Remote sensing with unmanned aerial vehicles (UAVs) is a game-changer in
precision agriculture. It offers unprecedented spectral, spatial, and temporal
resolution, but can also provide detailed vegetation height data and multiangular observations. In this article, we review the progress of remote sensing
with UAVs in drought stress, in weed and pathogen detection, in nutrient status
and growth vigor assessment, and in yield prediction. To transfer this knowledge to everyday practice of precision agriculture, future research should focus
on exploiting the complementarity of hyperspectral or multispectral data with
thermal data, on integrating observations into robust transfer or growth models
rather than linear regression models, and on combining UAV products with
other spatially explicit information.
Remote Sensing with Unmanned Aerial Vehicles: A Game-Changer in
Precision Agriculture

Highlights
Drought
stress
detection
with
unmanned aerial vehicles (UAVs) relies
mainly on thermal imagery.
Pathogen detection with UAVs is relatively premature, but fusion of thermal
and hyperspectral data shows great
potential.
Weed detection with UAVs based on
object-based image analysis is in an
advanced stage, and can be used for
site-speciﬁc weed management.
Nutrient status assessment and yield
prediction with UAVs are promising,
but integration with models can
improve its applicability.

The development and steep rise of unmanned aerial vehicles (UAVs) or drones in the last
decade has marked a new era in remote sensing, providing data of unprecedented spatial,
spectral, and temporal resolution [1]. One of the most economically important sectors of UAVs
is (precision) agriculture [2,3]. Precision agriculture can be broadly deﬁned as an agricultural
system in which the management practice is performed at the right place, with the right
intensity, and at the right time [4]. Instead of treating ﬁelds homogeneously, they are divided into
management zones or blocks receiving adjusted inputs. Ideally, this should result in reduced
environmental impacts and increased revenue for the farmers, because inputs are reduced
while yield is maintained or increased [4]. A prerequisite of precision agriculture is knowledge of
the within-ﬁeld spatial variation of edaphic factors and crop status. UAVs are unique in offering
high-quality remote sensing data at this required scale and time [5]. Accordingly, the number of
studies using UAVs in precision agriculture applications has exponentially increased in the last 8
years.

Remote Sensing with Unmanned Aerial Vehicles: The Tools
Four kinds of sensors cover almost all applications in UAV remote sensing in precision
agriculture research (Table 1). Commercial off-the-shelf RGB (red–green–blue) cameras are
cheap and have a high spatial resolution, but a relatively poor spectral resolution [6]. They can
be used to calculate a range of vegetation indices (VIs), as well as to generate high-resolution
digital elevation models (DEMs) and vegetation height maps. Modiﬁed RGB cameras are the
same cameras in which the near-infrared ﬁlter has been removed and replaced with a red ﬁlter,
making the former red band sensitive to the near-infrared spectrum (NIR) [6,7]. A second type
of multispectral cameras with better spectral resolution consists of a set of sensors with
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Table 1. Overview of Applications and Suitability of Different Sensorsa
Application

Drought stress

Pathogen detection

Weed detection

RGB

Multispectral
(broad band)

Hyperspectral
(narrow band)

Thermal

Detection in early stages

–

–

Sb

HS

Long-term consequences

–

HS

HS

S

Detection in early stages

–

–

HS

HS

Severity of infection

HS

HS

HS

S

Spectral discrimination

–

S

HS

–

Object based

HS

HS

–

–

S

HS

HS

S

Growth stage

HS

–

–

–

Canopy height and biomass

HS

HS

–

–

Lodging

HS

–

–

S

S

HS

–

–

Nutrient status

Growth vigor

Yield prediction
a

Glossary

Type of sensor/camera

Abbreviations: HS, highly suited; S, suited.
Calculation of sun-induced ﬂuorescence from hyperspectral data.

b

different lenses, with each sensor sensitive in one spectral region. Hyperspectral cameras
cover the full spectrum in (most commonly) the 400–1000-nm spectral region, in relatively
narrow bands (usually <10 nm). Snapshot and line scanning systems are available. Although
their combination with UAVs is not always straightforward, the quality of the systems is
expected to further increase in the coming years [8]. Thermal cameras, ﬁnally, are typically
low-resolution cameras (maximal resolution of 640  512 pixels, or 0.33 MP) with only one
band measured with microbolometer sensors sensitive in the longwave infrared (7–12 mm)
region. They can be used to extract canopy temperature. The processing to high-quality end
products (georeferenced maps of reﬂectance for RGB, multispectral and hyperspectral and
surface temperature maps for thermal sensors) is brieﬂy discussed in Box 1.
The purpose of this article is to review the recent progress in the scientiﬁc research in the most
important areas of precision agriculture, as well as to discuss future research focus with the eye
of incorporating the scientiﬁc knowledge into everyday practice. The application of UAVs in
breeding and phenotyping will not be covered, as this has been recently reviewed [9,10].

GNSS: global navigation satellite
system; a generic term for satellite
navigation technology, including, for
example, GPS.
Hyperspectral camera: camera
sensing the spectrum in a large
number of wavelengths, in this study
typically covering the 400–1000-nm
spectrum continuously and having
relatively narrow bands (usually
<10 nm).
IMU: inertial measurement unit;
electronic unit to measure the
orientation and the acceleration and
rotation rate.
Modiﬁed RGB: RGB sensor where,
through modiﬁcation of ﬁlters, the R
channel becomes sensitive in the
NIR.
Multispectral camera: camera
sensitive to multiple spectra; in this
study, interpreted as cameras
capturing at least three spectra, with
at least one sensitive to NIR.
NDVI: normalized difference
vegetation index. Commonly used
index to express canopy greenness
and density.
NIR: near-infrared spectrum, roughly
from 730 to 900 nm, in which
healthy canopy is typically
characterized by very high
reﬂectance.
RE: red edge spectrum, 670–
730 nm; spectrum in which the
reﬂectance of vegetation changes
abruptly from very low (red) to very
high (NIR).
RGB: red–green–blue spectrum.
SfM: structure-from-motion software;
software that generates orthophotos
and digital elevation models from
individual snapshot images.
VI: vegetation index; combination of
two or more spectral bands.

Remote Sensing with Unmanned Aerial Vehicles: The Applications
Drought Stress Detection
An efﬁcient use of water resources through precision irrigation techniques is one of the main
challenges for the agricultural sector [11,12]. Precision irrigation is not only important for ﬁghting
water scarcity, but also to avoid salinity and nutrient losses, as well as to avoid lower areas from
suffering from water logging and higher areas from getting insufﬁcient water supply [12].
Because transpiration is an energy demanding process that linearly decreases the surface
temperature of leaves and vegetation, thermal imaging is highly suited for early detection of
drought stress [13,14]. The power of infrared thermography is illustrated in Figure 1, showing
the surface temperature of a grapevine orchard. Despite the orchard looking homogeneous in
the RGB imagery, plant water use varies drastically as a consequence of the relief in the terrain,
and this is clearly captured in the canopy temperature map. A few UAV studies managed to
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Box 1. Data Processing Requires Expert Knowledge in Remote Sensing
Starting from individual images (or scanned lines), creating georeferenced reﬂectance (in the case of RGB, multispectral, or
hyperspectral sensors) or surface temperature (in the case of thermal sensors) maps, requires multiple steps. Individual
images from snapshot sensors are typically processed with Structure-from-Motion (SfM) software [100]. This software
automatically detects matching features across overlapping images to generate orthophotos and DEMs. Creating
orthophotos from push broom spectrometers requires information on sensor location and orientation [91]. Typically, costly
high-precision global navigation satellite system (GNSS) devices in combination with an inertial measurement unit (IMU) are
required, although recently machine vision imagery offers a more economical alternative [91].
Manfreda et al. [90] and Aasen et al. [91] describe all of the steps needed to convert a sensor signal from digital numbers (DNs)
to reﬂectance, as needed to process RGB, multispectral, and hyperspectral data. Sensor calibration includes a relative
radiometric calibration, correcting for dark signal, distortion and vignetting, spectral calibration, and, if required, absolute
radiometric calibration, in which the DN is converted to radiance units. For reﬂectance calculation, Lambertian reference
targets of known reﬂectance can be used, preferably in combination with irradiance measurements during the ﬂight. Finally,
scene reﬂectance corrections include atmospheric correction and corrections for BRDF effects (bidirectional reﬂectance
distribution function; the inﬂuence of solar and viewing angle) and for different illumination due to topography and shadows.
The different substeps in thermal image processing are described in [101–104]. A speciﬁc issue here is exact
temperature retrieval. The use of reference panels of which the temperature is continuously measured is recommended
for correcting the sensor’s systematic bias and drift [105]. Next, sensor software (e.g., [106]) or an atmospheric radiative
transfer model (e.g., [101]) can be used to correct for atmospheric transmission and upwelling thermal radiation. Third,
surface temperature (Ts) retrievals require knowledge of the emissivity of the canopy and of incoming longwave radiation
– see [13] for an in-depth description. Furthermore, ﬂuctuations in air temperature during the ﬂight will affect Ts and can
best be accounted for [103]. Finally, because of limited resolution and contrast in thermal imagery, registration of thermal
imagery with SfM tends to be difﬁcult [102,103].
In conclusion, data processing requires expert remote sensing knowledge, particularly in the case of thermal and
hyperspectral data. However, not all sensors require the same (pre-)processing precision and efforts, and sensors are
now developed with user-friendliness in mind. For instance, commercial multispectral cameras such as MicaSense
RedEdge have integrated GPS, IMU, and irradiance devices and come with reference panels.

retrieve stomatal conductance from surface temperature data [15,16], but this relies on external
input data of weather conditions. In most studies, surface temperature is normalized, and the
most common method makes use of the crop water stress index (CWSI) [17]:
Tcanopy  Tpot
CWSI ¼
Tdry  Tpot
where Tcanopy is the canopy surface temperature, Tdry the surface temperature of a nontranspiring canopy with the same properties as the actual canopy, and Tpot the surface
temperature of the actual crop transpiring at maximal, potential, rate. Several studies use
an empirical function of vapor pressure deﬁcit to calculate Tpot [18–20], but this function is highly
inﬂuenced by changing canopy properties (height, leaf area, and cover) or changes in air
temperature or incoming radiation [13]. A more direct approach measures Tpot and Tdry with
speciﬁc reference targets [21]. Recently, improvements to create these reference targets were
proposed [22,23], but they are yet to be applied in UAV studies. Another approach uses
temperature histograms to extract these extreme temperatures [24,25], assuming pixels of
plants transpiring at potential rate and not transpiring at all are present within the image.
Speciﬁc narrow-band VIs derived from hyperspectral sensors form a relatively new method to
study plant water status. A normalized version of the photochemical reﬂectance index has been
proposed as a drought stress index [26], but follow-up studies indicated that it is less sensitive to
plant water status than thermal indices [20]. A better candidate for assessing plant water status
with hyperspectral data is sun-induced ﬂuorescence (SIF). A pioneering study revealed its potential
to monitor drought stress in precision agriculture [27]. Still, reliable SIF measurements require
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Figure 1. The Power of Infrared Thermography. Digital surface model (DSM; top) and RGB (red–green–blue)
orthophoto overlaid with surface temperature map of grapevine plants (bottom) of a vineyard in Afﬂigem, Belgium. Image
taken on August 25, 2012; air temperature was 22.2  C. Data collected by the authors.
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hyperspectral sensors with extremely narrow bandwidths (ideally <0.5 nm) in the red and nearinfrared region, and the method is still in its infancy [14].
In conclusion, UAVs equipped with thermal cameras can already play an important role in
drought stress detection and irrigation scheduling. It is remarkable that nearly all UAV applications for drought stress detection focus on orchard (fruit) crops. In crop ﬁelds, UAVs can be
just as suitable, but the typical furrow or sprinkler irrigation systems are generally not suited for
precision irrigation, so a transition to (subsurface) drip irrigation or pivot systems is required [28].
Pathogen Detection and Pesticide Application
Given the relevance of reducing pesticide use without impacting yield [29], site-speciﬁc
pesticide management based on UAVs can become a major part of the precision agriculture
system. UAVs can be applied in two distinct phases of disease detection: detection in the early
infection stage, if possible before any visual symptoms appear, and mapping of the severity of
infection by pathogens or insects.
RGB sensors are foremost useful for mapping the infection severity, using either the reﬂectance
information, the extracted vegetation height, or a combination of both [30–32]. UAV-based
multispectral imagery has been applied for early detection of infections [33–35], but with mixed
results, as some studies suffered from a relatively large percentage of false-negative observations [34,35]. Hyperspectral imaging offers better opportunities for early detection and even
discrimination of diseases. During pathogenesis, the effect on leaf structure and changes in
chemical composition of the tissues is highly pathogen speciﬁc, and fungi produce unique
fungal structures on the leaf surfaces that inﬂuence the reﬂectance. Several non-UAV studies
proved that hyperspectral scanning can be used to distinguish different (fungal) infections [36],
but this approach is yet to be translated into UAV research.
The few UAV studies applying hyperspectral remote sensing for disease detection also
included thermal data [37,38], and found that thermal indices proved as powerful as hyperspectral indices to detect diseases in an early stage. This was illustrated in a study by Calderon
et al. [39] on detection of downy mildew in opium. Only if normalized difference vegetation index
(NDVI), which is calculated as NDVI = (NIR  Red)/(NIR + Red), was combined with canopy
temperature data, infected areas could be discriminated from healthy areas and from areas
with low leaf area. Interestingly, hyperspectral and thermal data give complementary information on the state and stage of infection, and the combination of both yields a more complete
view of the plant pathogen stage and state [36].
In conclusion, UAV remote sensing for disease detection is still in an explorative phase and has
not reached its full potential. So far, no fungicide or insecticide task maps are generated using
UAVs. Research shows that farmers often use more pesticides than needed [40], possibly just
to be sure to avoid heavy damage. As such, future research needs to make sure that falsenegative observations are avoided as much as possible. To achieve this, the main research
focus should be on the application of UAV hyperspectral sensing to distinguish between several
common diseases, as well as on the fusion of thermal with multispectral and hyperspectral
data.
Weed Detection
Weed infection is typically patchy and UAVs offer a good way to map the weeds and to allow for
site-speciﬁc weed management (SSWM). There are two different approaches to detect weeds
with UAVs. First, spectral discrimination departs from detectable changes between the spectra
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of weeds and crop plants, and has a long history in non-UAV remote sensing [41]. In UAV
applications, if the spectral signal of the weed is different from that of the crops, supervised
classiﬁcation methods can be successful, even with (modiﬁed) RGB cameras [42,43] and
permit deﬁning prescription maps for herbicide spraying [44]. Nevertheless, supervised learning
is time-intensive and results are not always guaranteed [45]. Machine learning techniques,
based for instance on a ground-based training data set, provide a faster and less time-intensive
alternative [46].
In the second approach, weed detection is performed on row crops early in the growing
season, shortly after germination. This requires very high-resolution imagery, for which UAVs
offer a unique opportunity. Object-based image analysis (OBIA) methods outperform traditional
pixel-based methods. In OBIA methods, analyses are not performed on individual pixels but on
objects, groups of adjacent pixels with similar spectral properties. Good results are obtained
with (modiﬁed) RGB cameras, as spatial resolution seems to outweigh spectral resolution.
Current research is in an advanced stage of detection of weeds within the rows [47], and of
semiautomated methods using machine learning technology in a variety of crop–weed combinations, which greatly reduce the time-intensive work of manually labeling weeds for the training
data sets [48,49]. Prescription maps for SSWM based on this technology have proven to
signiﬁcantly reduce herbicide use without affecting yield [47,50,51]. In the near future, we
expect that the semiautomated object-based methods can be used to deﬁne prescription
maps for SSWM on a commercial basis. With the expected increased reliability of highresolution hyperspectral cameras, the methods of spectral discrimination and OBIA detection
will probably merge.
Assessment of Nutrient Status
With improved nitrogen (N) efﬁciency being a key focus of modern agriculture, the use of
proximal crop sensors to deﬁne variable rate fertilizer application is one of the classic applications of precision agriculture [4]. Several commercial multispectral systems are available for
installation on tractors and boom sprayers, providing real-time variable fertilizer rates [4,52].
They are all based on the well-known fact that nutrient status is reﬂected in the leaf and plant’s
reﬂectance signature (Figure 2). Still, these sensors also have their limitations in estimating a
correct fertilization yield, and savings in N fertilizer are often less than anticipated [53].
Most UAV studies built further on the experience of tractor-based sensors, relating multispectral indices to N or chlorophyll content [54–57], although results are not always as expected
[55,56]. Hyperspectral data could provide better results. Franceschini et al. [58], for instance,
observed that several narrow-band VIs were closely related to leaf and canopy chlorophyll in
potato. Liu et al. [59] used multiple linear regression and neural network analyses to relate
narrow-band VIs with leaf N content in winter wheat. In addition, inclusion of thermal data
improved the prediction of chlorophyll content in oats [60], or of chlorophyll and N content in
soybean (Glycine max) [61].
The aforementioned studies conﬁrm the feasibility of estimating chlorophyll or N levels in either
the canopy or the leaves with UAVs. However, most studies were carried out in experimental
sites, with treatments having large ranges in (most often) N rates. These ranges are not
necessarily representative for ﬁeld conditions, where differences in N levels are a consequence
of spatial variability in moisture content or soil conditions, and therefore tend to be more subtle
[53]. As such, this research domain is still relatively immature, and studies deﬁning and
evaluating variable N rates for precision agriculture are still lacking, with the exception of
Maresma et al. [54].
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Figure 2. Assessment of Nutrient Status. (A) Reﬂectance pattern of a typical crop as a function of the chlorophyll AB content; (B) plotting different vegetation indices
as a function of chlorophyll AB content illustrates that some classical vegetation indices [normalized difference vegetation index (NDVI) and enhanced vegetation index
(EVI)] saturate and are less sensitive to subtle differences in Cab levels when Cab is relatively high, in contrast to green NDVI (GNDVI) and normalized difference red edge
(NDRE) index. Created from simulations using Fluspect-B model [63] in SCOPE v1.70 [64]. Constant parameters were as follows: canopy height = 0.7 m, leaf area index
(LAI) of 2.5 m2 m2, N = 2.5; Cdm = 0.01; Cw = 0.05; Cs = 0; spherical leaf distribution assumed. EVI = 2.5 (NIR  R)/(NIR + 6R  7.5B + 1); GNDVI = (NIR  G)/(NIR
+ G); GRVI = (G  R)/(G + R); NDRE = (NIR  RE)/(NIR + RE). NIR, near-infrared spectrum; RE, red edge reﬂectance.

Moreover, most studies used empirical regression models to relate the observed signal to N or
chlorophyll content. Even for the same crop, there is no guarantee that any regression model is
universal and applicable on other locations or in consecutive growing seasons. An interesting
alternative approach makes use of model inversion of radiative transfer models [62]. These
estimate canopy reﬂectance based on a range of input parameters, which include nutrient leaf
levels [63,64]. In this respect, UAVs offer clear advantages over traditional remote sensing data. In
addition to offering reliable estimates of vegetation height (one of the input parameters of radiative
transfer models), UAVs facilitate the observation of canopies from different viewing angles [65,66].
The accuracy of the inversion model increases when multiangular UAV data are used [66,67]. With
increased computing power available in the next decade, radiative transfer model inversion can
provide an elegant alternative to estimate fertilizer requirements in precision agriculture.
Growth Vigor and Biomass
Information on within-ﬁeld variation of growth stage and biomass is highly useful for farmers to
monitor crop growth and plan further management. The growth stages of cereal crops can be
followed up in great detail with VIs derived from UAV-based RGB imagery [55,68,69].
Vegetation height derived from structure-from-motion (SfM) software based on UAV
(RGB) imagery is a very good estimator of actual vegetation height, in both cereal [70–73]
and orchard crops [74,75] (Figure 1), provided enough soil area is visible. As such, SfM is a
good alternative to the more expensive UAV-based LIDAR in precision agriculture, with the
exception of crops in which the soil cannot be viewed. Good estimates of aboveground
biomass were obtained by combining vegetation height estimates from SfM with one or more
VIs from multispectral data [76,77].
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Lodging leads to large losses in yield, and a precise assessment of the lodged area is highly
relevant for the farmer. Recently, several studies focused on mapping lodged areas, again
combining crop height with (mostly) RGB-based VIs [68,78–80]. Liu et al. [81] used a different
approach and found that the combination of RGB and thermal infrared imagery increased the
accuracy of the lodging assessment.
Yield Prediction
Accurate early yield prediction is as relevant for farmers as it is for the entire agricultural sector.
With UAVs, good yield prediction accuracies were obtained by applying RGB-derived plant
height and canopy cover [82], VIs [68,83], or multispectral imagery [84,85]. Multitemporal VIs,
such as an accumulated VI throughout the growing season, outperform single measurements
[85], as is the case for satellite data [86].
In the aforementioned UAV studies, yields are predicted for experimental ﬁelds, in which, for
example, nitrogen [85], phosphorous [83], or irrigation treatments [87] cause large variations in
ﬁnal yield. Similar to the assessment of nutrient status, their performance still needs to be
assessed in precision agriculture conditions, where variation is mainly following edaphic and
microclimatic factors and is not as extreme. Furthermore, yield prediction studies with UAVs
have so far focused on establishing empirical regression models. Though useful for scaling up
yield samples to the entire ﬁeld, regression coefﬁcients can generally not be applied in
consecutive years on the same location, or to other locations in the same year [86]. An
alternative approach estimates yield based on crop growth models. Kim et al. [88] successfully
applied the growth model GRAMI to predict rice yield with UAV data. Still, it is clear that much
more research is needed to deﬁne optimum sensor conﬁguration, timing of ﬂights, and to adjust
crop growth models for optimal use of UAV information in order to predict yields reliably.

Concluding Remarks and Future Perspectives: Translating Scientiﬁc Results
into Common Practice
Given how recently UAVs entered the market for agricultural applications, the progress, number of
studies, and topics covered are remarkable, and most studies conﬁrm the large potential of UAVs in
precision agriculture. Even though (nano)satellites will also offer very high temporal and spatial
resolution (Box 2), UAVs have several unique features that will keep them in pole position for
providing remote sensing data in precision agriculture. Apart from the competitive price [89], UAVs
remain unique in (i) offering centimeter resolution, (ii) combining 3D canopy height and orthophoto
information, (iii) providing multiangular data (particularly from snapshot cameras), (iv) allowing highquality hyperspectral data, and (v) the versatility of the sensors. In particular, for applications
requiring very-high-resolution, thermal, or hyperspectral data, such as early drought stress detection, weed detection, and early pathogen detection, UAVs will remain or will become the standard
platform. For applications where medium-resolution multispectral imagery sufﬁces, such as
nutrient status assessment, biomass monitoring, or yield prediction, UAVs will be one of the
available platforms, in addition to (nano)satellites and possibly tractor-based sensors (Box 2).
Transferring scientiﬁc knowledge obtained from UAVs into everyday practice will however
require a shift in the scientiﬁc approach. First, the current requirement of practical and technical
expertise for ﬂight operation and data processing hampers routine application of UAVs in
precision agriculture, particularly for thermal and hyperspectral data [3,90–92]. There is a clear
need to standardize and harmonize the processing pipeline, and to include this in commercial
sensors and processing software (Box 1). Second, we need to study whether the methods are
also suitable for picking up subtle differences in natural within-ﬁeld variation, rather than in
extreme treatment levels. Third, instead of establishing linear regression models, observations
Trends in Plant Science, February 2019, Vol. 24, No. 2
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Box 2. Will Nanosatellites Take over the Role of UAVs in Precision Agriculture?
Just a few years after UAVs were announced as the new revolution in remote sensing, a new revolution in earth
observation, with very similar advantages – high spatial and temporal resolution at low cost, – is setting in: nanosatellites.
Nanosatellites or CubeSats consist of very small and lightweight units that can be joined together to form one satellite
[107]. Operated by private companies, their low orbit results in very high spatial resolution (3–10 m in the optical
domain), and the low price (US$ 105–106) allows launching a large ﬂeet of almost identical satellites, breaking the
traditional trade-off between spatial and temporal resolution, providing daily overpasses [107,108]. Although their
application in precision agriculture is still conﬁned to the explorative phase [108,109], precision agriculture is one of the
areas in which CubeSats are predicted to have a major impact [107,110] and compete with UAVs. Their success will
eventually depend on the quality of the data they provide. So far, the high-resolution products have limited spectral
resolution (currently four relatively wide bands covering RGB and NIR), and obtaining reliable reﬂectance data requires
stringent radiometric and atmospheric correction, which is the biggest challenge to date [108]. In addition, the success
will depend on the price of the products – CubeSats are operated by commercial companies and are not free products.
Currently, similar high-resolution satellite products (such as Rapid Eye) are economically not competitive with UAVs,
unless for providing data for an area larger than 10–20 ha [89]; time will tell whether high-quality CubeSat data can be
provided at lower costs.
Next to nanosatellites, new high-resolution satellites also provide new opportunities for applications in precision
agriculture. A good example of the latter is the Sentinel-2 satellite, which provides high-quality and free data in the
visual, red edge (RE), and NIR at high spatial resolution (10–20 m) with a relatively short revisit time of 5 days. The ﬁrst
studies on Sentinel-2 show the potential for predicting yield [111] or assessing chlorophyll content [112,113]. Several
free products were recently launched with the intention to advise farmers, such as CropSAT, offering variable-rate N
fertilization advice in Scandinavia [114], and watchITgrow, informing potato farmers on growth status and expected
yields in Belgium [115].

should be incorporated into more robust radiative transfer or dedicated growth models in areas
such as nutrient level estimations and yield and biomass prediction. So far, none of the radiative
transfer or crop growth models were speciﬁcally developed or adjusted for UAV research, as
has for instance been done in functional structural plant modeling [93]. Although some of the
unique features of UAV data, such as multiangular or vegetation height data, can be fully
exploited in currently available radiative transfer models or crop growth models, adjustments
can be made in both types of model to incorporate other advantages UAVs offer. This is
particularly the case for features that can be extracted from the centimeter resolution, such as
crown shape, leaf angle distribution [94], or indices derived using a subset of pixels (e.g.,
darkest green pixels) within plants [95].
One of the unique assets of UAVs is the capacity to measure with several sensors at the same time.
In many research areas (e.g., lodging or nutrient level assessment, disease and drought stress
detection) thermal information was complementary with multispectral or hyperspectral information.
Both the technical or processing part and the interpretation and processing of data fusion deserve
further research priority. However, the combination of data should not be limited to fusion of two or
more sensors onboard the same UAV. Within-ﬁeld spatial variation can be obtained with a multitude
of methods, particularly (nano)satellites (Box 2), but also historical yield maps, soil electrical
conductivity measurements to extract soil fertility [96,97], or tractor-based remote sensing.
Combination of the information of all these resources in the management decision-making process
is promising [98], yet hardly developed, and should be a clear priority. A schematic overview of the
most appropriate methods for assessing ﬁeld and crop status spatially during a growing season of a
wheat crop illustrates the multitude of platforms, and the crucial role of UAVs (Figure 3, Key Figure).
The application of precision agriculture depends on two factors: the availability of (i) spatially
explicit information, and (ii) infrastructure to perform spatially explicit management. Currently,
there appears to be a mismatch in the scale of both. Although UAVs can deliver individual plant
management input, the typical spatial resolution of the management block or zone is much
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Key Figure

The Role of Unmanned Aerial Vehicles (UAVs) for Assessing Field and Crop Status Spatially.
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Figure 3. Schematic overview of the different ways to extract spatial information in the areas reviewed in this article, the useful platforms and the optimal UAV sensors,
throughout a growing season of a wheat crop. The optimal sensors for UAVs are indicated. Abbreviations: RGB, red–green–blue.

coarser, typically still only 10 m, for example, boom sprayers equipped with independent
nozzles. Hence, UAVs can stimulate technological developments to reﬁne the management
block resolution. However, by contrast, as long as the application technology lags behind, the
clear beneﬁt of the high resolution of UAVs over (nano)satellites is lost, and for some applications, (nano)satellite products can be as useful as UAVs (Box 2).
Yet, without doubt, development of UAV technology will continue, and this can further expand
its application in precision agriculture. We expect that the current trend of increasing quality and
user friendliness of UAV sensors will continue, to eventually allow the application of hyperspectral and thermal sensors for routine operation by nonexpert users. Although not yet within
reach, the ultimate goal should be a fully automated pipeline, including ﬂight preparation
(optimal ﬂight height and pattern, sensor setup, etc.), ﬂight execution (calibration of sensors,
ground control measurements, and ﬂight execution itself), and data processing and interpretation. A possible factor holding back this development is the stringent UAV regulations
established in most countries [99], which were often not issued with precision agriculture
applications in mind. A second ongoing technological development is the faster data processing, with these becoming available in (near) real-time, so data can be used more rapidly to
create management input. Finally, in the longer term, these two evolutions can merge to the
development of smart technology, in which artiﬁcial intelligence is applied to use real-time
onboard data analysis to deﬁne the ﬂight track, allowing larger areas to be monitored, while
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diagnosing issues in speciﬁc areas of interest which can be scanned in high detail (see
Outstanding Questions).
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