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Abstract: With increasingly advanced remote sensing systems, more accurate retrievals of crop
water status are being made at the individual crop level to aid in precision irrigation. This paper
summarises the use of remote sensing for the estimation of water status in horticultural crops. The
remote measurements of the water potential, soil moisture, evapotranspiration, canopy 3D
structure, and vigour for water status estimation are presented in this comprehensive review. These
parameters directly or indirectly provide estimates of crop water status, which is critically important
for irrigation management in farms. The review is organised into four main sections: (i) remote
sensing platforms; (ii) the remote sensor suite; (iii) techniques adopted for horticultural applications
and indicators of water status; and, (iv) case studies of the use of remote sensing in horticultural
crops. Finally, the authors’ view is presented with regard to future prospects and research gaps in
the estimation of the crop water status for precision irrigation.
Keywords: UAS; UAV; drone; unmanned; satellite; water stress; irrigation; vegetation index

1. Introduction
Understanding the water status of crops is important for optimal management and application
of water to accommodate for inter and intra‐field variability to achieve a specific target, such as
maximum water use efficiency, yield, quality, or profitability [1,2]. The importance of optimal water
management in agriculture in semi‐arid or arid regions has become increasingly important in light
of recent water scarcities through reduced allocations, as well as increased demand due to greater
areas under production [3,4]. Climate change is expected to further intensify the situation due to the
increased frequency of heatwaves and drought episodes [5]. Climate change coupled with the
necessity to increase food production due to an increase in global population has placed pressure on
horticultural sector to improve efficiencies in resources use, e.g., water, for sustainable farming [6–
10]. Horticultural crops will have to produce more ‘crop‐per‐drop’ in the face of limited water
resources. Informed management of water resources whilst maintaining or increasing crop quality
and yield are the primary goals of irrigation scheduling in horticulture. These goals can be achieved
by improving our understanding of the water status of the crops at key phenological stages of
development.
Traditional decision‐making for irrigation of horticultural crops includes using information
from a combination of sources such as historical regimes, soil moisture measurements, visual
assessments of soil and/or crop, weather data including evapotranspiration (ET), and measurements
of crop water status using direct‐, proximal‐ or remote‐sensing techniques [11–13]. Some growers
undertake routine ground‐based measurements, e.g., pressure chamber, for estimation of crop water
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status to make decisions on irrigation [14–16]. These ground‐based measurements are robust;
however, destructive, cumbersome, and expensive to acquire a reasonable amount of data [14,16–18].
Consequently, the measured leaf is assumed to represent the average population of leaves of the
individual crop, and a few crops are assumed to represent the average population of the entire
irrigation block. As a result, over‐ or under‐watering can occur, which can lower yield and fruit
quality [19–22]. This is especially evident for non‐homogenous blocks where spatial variability of soil
and water status is expected [23–25].
To address some of the limitations of ground‐based measurements, remote measurement
techniques were introduced with capabilities to measure at higher spatial resolution, larger area, and
on a regular basis [26–29]. Remote sensing, in particular, unmanned aircraft systems (UAS), presents
a flexible platform to deploy on‐demand sensors as a tool to efficiently and non‐destructively
measure crop water status [30]. Using thermal and spectral signatures, remote sensing techniques
can be used to characterise a crop’s water status. Knowledge of crop water status allows growers to
more efficiently schedule irrigation (i.e., when and how much water to apply). In this regard, UAS
platforms provide a convenient methodology to monitor the water status across a farm, both spatially
and temporally at the canopy level [31–33]. The spectral, spatial, and temporal flexibility offered by
UAS‐based remote sensing may in future assist growers in irrigation decision‐making [34,35].
This review provides an overview of the application of remote sensing to understand the crop’s
water status (e.g., leaf/stem water potential, leaf/canopy conductance), soil moisture, ET, and
physiological attributes, all of which can contribute to understanding the crop’s water status to
implement precision irrigation. Although the key focus of this review is UAS‐based remote sensing,
a comparison has been undertaken with other remote sensing platforms, such as earth observation
satellites, which are being increasingly used to acquire similar information. In the following sections,
we provide an overview of the most common remote sensing platforms in horticulture, various
sensors used for remote sensing, and several predictive indices of crop water status. Two case studies
of remote sensing in horticultural crops, grapevine and almond, are then presented followed by an
overview of the current research gaps and future prospects.
2. Remote Sensing Platforms
Ground‐based direct or proximal sensors acquire instantaneous water status measurement from
a spatial location. For decision‐making purposes, the data is generally collected from multiple
locations across a field, which allows geospatial interpolation, such as kriging, to be applied [36–38].
This scale of data collection is, however, cumbersome, inefficient, and error‐prone, especially for
water status measurements of large areas [17]. Monitoring and observing farms at a larger spatial
scale prompted the launch of several earth observation satellite systems that typically operate at an
altitude of 180–2000 km [39]. Manned high‐altitude aircraft (operating within few km) and, more
recently, UAS (operating under 120 m) filled the spatial gap between high‐resolution ground
measurements and relatively low‐resolution satellite measurements [40,41]. In the context of water
status estimation for horticultural crops, all the aforementioned remote sensing platforms are utilised
depending on the user requirements [23,42,43]. Each remote sensing platform has its own advantage
and shortcomings. The decision to obtain remote sensing crop water status data from one or more of
these platforms will depend on the spatial and temporal resolution desired. Satellite and manned
aircraft can be useful for regional‐scale characterisation, whereas UAS can be more useful to map the
intra‐field variability. Vehicle‐based ground systems also possess similar measurement capabilities,
like remote sensing, however, at a smaller scale [44,45]. These systems can move within the
horticultural rows obtaining water status measurements of adjacent plants while the vehicle is
moving, enabling them to cover a relatively larger area as compared to ground‐based direct
measurements [46–48].
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2.1. Satellite Systems
The use of satellite systems for remote sensing started with the launch of Landsat‐1 in 1972
[39,49]. The subsequent launch of SPOT‐1 in 1986 and Ikonos in 1999 opened the era of commercial
satellite systems that resulted in rapid improvement in imaging performance, including spatial and
spectral resolution [50]. Continued launch of satellites from the same families, with newer sensor
models and improved capability, resulted in the formation of satellite constellations (e.g., Landsat,
Sentinel, SPOT, RapidEye, GeoEye/WorldView families). The satellite constellation substantially
improved the revisit cycle of the satellite system [51]. Recently, the miniature form of the satellite
termed Nanosat or Cubesat has been developed, which can be deployed on the same orbit in a large
number (20s–100s), enabling frequent and high‐resolution data acquisition (e.g., Dove satellite from
Planet Labs) [52].
The earth observation satellite system, such as Landsat, Sentinel, MODIS, RapidEye, and
GeoEye, have been used to study horticultural crops (Table 1). These satellite system offer camera
systems with spectral bands readily available in visible, near infrared (NIR), short‐wave infrared
(SWIR), and thermal infrared (TIR). The measurement in these bands provides opportunities to study
a crop’s water status indirectly via, for example, calculation of the normalised difference vegetation
index (NDVI), crop water stress index (CWSI), and ET [8–10] at the field‐ and regional‐scales.
Table 1. Some satellite systems that have been used to study the water status of horticultural crops.
Satellites
Landsat 7
Landsat 8
Sentinel‐2
Spot‐6 and‐7
RapidEye
GeoEye‐1

Band Numbers: Band Designation
8: V 3, NIR 1, SWIR 2, TIR 1, Pan 1
11: C 1, V 3, NIR 1, SWIR 2, Pan 1, Ci 1, TIR 2
13: C 1, V 3, RE 3, NIR 2, WV 1, Ci 1, SWIR 2
5: Pan 1, V 3, NIR 1
5: V 3, NIR 1, RE 1
5: Pan 1, V 3, NIR 1

Spatial Resolution (m)
15–60
15–100
10–60
1.5
5
0.41–2

Revisit Cycle
16 days
16 days
5 days
1 day
5.5 days
3 days

Note: Superscript integers 1, 2, 3 represent the number of bands; V = visible, NIR = near infrared, SWIR
= short‐wave infrared, TIR = thermal infrared, Pan = panchromatic, C = coastal, Ci = cirrus, RE = red
edge, WV = water vapour.

The reflected/emitted electromagnetic energy from the crop reaching the sensor is recorded at a
specific wavelength. The width of the observed wavelength expressed in full width at half maximum
(FWHM) is called spectral resolution. The number of observed bands and the spectral resolution
indicates the ability of the satellite to resolve spectral features on the earth’s surface. Commonly used
earth observation satellite systems possess between four and 15 bands with approximately 20–200
nm FWHM spectral resolution. The bands are generally designated for the visible and NIR region
with extended capabilities in SWIR, TIR, as well as red edge region (Table 1). The most widely used
band combinations to study the water status of vegetation are the visible, NIR and TIR bands
[23,25,53,54]. With the plethora of satellite systems currently available, user requirements on band
combination may be achieved by using multiple satellites. However, acquiring an extra or a narrower
band to the existing capabilities is not possible.
The ground distance covered per pixel of the satellite image is called the spatial resolution,
whereby, a higher spatial resolution indicates a smaller ground distance. Existing satellite systems,
due to their lower spatial resolution and large coverage, are suited to study larger regions [55]. For a
smaller observation area, such as a farm block, an irrigation zone, a single row of the horticultural
crop, or a single canopy, this spatial resolution is considered sub‐optimal. Often, a pixel of the satellite
image comprises of multiple rows and multiple canopies of horticultural crops [42,56]. Thus, the
spectral response on a single pixel of the satellite image includes a mixed spectral signal from the
canopy, inter‐row vegetation and/or bare soil. The mixed‐pixel is particularly unavoidable in
horticultural crops with large inter‐row surfaces, introducing errors in satellite‐based estimations
[42,56]. Improving the spatial resolution from freely available Landsat/Sentinel satellites (spatial

Agronomy 2020, 10, 140

4 of 35

resolution 10–15 m) to such as WorldView‐3 (spatial resolution 0.3 m), does not necessarily resolve
single canopies of many horticultural crops.
Current satellite systems generally offer a temporal resolution of about 1–2 weeks this resolution
corresponds to the satellite’s revisit interval (Table 1). For example, freely available Landsat‐8 and
Sentinel‐2 offer revisit cycles of 16 and 5 days, respectively. Although the MODIS sensor on NASA’s
Terra and Aqua satellites offer a greater temporal resolution (1–2 days), its spatial resolution is
relatively coarse (250 m–1 km) to be valuable for horticulture [25]. The revisit cycle of satellites does
not alone represent the timeframe on which the data can be interpreted. For instance, post‐data
acquisition, there are often delays in data transfer to the ground station, handling, and delivery to the
end user. The end user then needs to process the data before making an interpretation. Such
processing can be a combination of atmospheric, radiometric, and geometric corrections, where
applicable [57,58]. Furthermore, as the agricultural applications of the satellite imagery are
illumination sensitive and weather dependent, conditions have to be optimal on the satellite revisit
day to avoid data corruption due to, for example, cloud cover [23,53]. Cloud corrupted data (~55% of
the land area is covered by cloud at any one time [59]) will require users to wait for the next revisit
to attempt the data acquisition. Time‐series image fusion techniques, such as the spatial and temporal
adaptive reflectance fusion model, can improve the spatial and temporal resolution of the satellite
data [60,61]. These fusion techniques blend the frequent (however low‐resolution) with higher‐
resolution (but infrequent) satellite data [62,63]. The result combines the best aspects of multiple
satellite systems to produce frequent and higher‐resolution data, which can be useful for timely
monitoring of water status.
The clear advantage of the satellite system is the ability to capture data at a large scale and at an
affordable cost (e.g., the user can download Landsat and Sentinel data for free). The compromise with
the satellite data is in spatial resolution, as well as the relatively long revisit cycle (in the order of days
to weeks), making the data less than ideal for specific applications, e.g., irrigation scheduling.
2.2. Manned Aircraft System
Operating within few kilometres above ground level, manned aircraft have been used to
remotely acquire agricultural data at higher spatial detail (compared to the satellites) and over a
larger region (compared to UAS) [42,64]. Light fixed‐wing aircraft and helicopters are the commonly
used manned aircraft employed in agricultural remote sensing. The fixed‐wing aircraft generally flies
higher and faster, enabling the coverage of a larger area, whereas the helicopters are traditionally
flown lower and slower, enabling a spatially detailed observation. A significant advantage of the
manned aircraft, compared to UAS, lies in their ability to carry heavier high‐grade sensors, such as
AVIRIS, HyPlant, HySpex SWIR‐384, Specim AisaFENIX, and Riegl LMS Q240i‐60 [65–67]. The use
of manned aircraft is, however, limited by high operational complexity, safety regulations,
scheduling inflexibility, costs, and product turnaround time. As a result, these platforms are barely
used as compared to the recent surge in the use of UAS, specifically for horticultural crops [68–70].
In horticulture, manned aircraft was used to characterise olive and peach canopy temperature
and water stress using specific thermal bands (10.069 μm and 12.347 μm) of a wideband (0.43–12.5
μm) airborne hyperspectral camera system [71,72]. This work found moderate correlations (R2 = 0.45–
0.57) of ground vs. aerial olive canopy temperature measurements [72], and high correlations (R2 =
0.94) of canopy temperature vs. peach fruit size (diameter) [71]. The advantage of manned aircraft for
remote sensing of a large region was highlighted in recent work that characterised regional‐scale
grapevine (Vitis vinifera L.) water stress responses of two cultivars, Shiraz and Cabernet Sauvignon,
in Australia [64]. Airborne thermal imaging was able to discriminate between the two cultivars based
on their water status responses to soil moisture availability (Figure 1).
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Figure 1. Water status of Shiraz and Cabernet Sauvignon under similar soil moisture as captured from
manned aircraft [64].

2.3. Unmanned Aircraft Systems
Both the fixed‐wing and the rotary‐wing variant of UASs are used in agricultural remote
sensing. Each variant has its advantages and shortcomings vis‐à‐vis sensor payload, flexibility, and
coverage. In this regard, the literature provides a list of state‐of‐the‐art UAS [73], their categorisation
[74], and overview of structural characteristics, as well as flight parameters [75], in the context of
agricultural use. Depending on the number of rotors, a rotary‐wing UAS can be a helicopter, a
quadcopter, a hexacopter, or an octocopter, among others. Rotary‐wing UAS are more agile and can
fly with a higher degree of freedom [76], while fixed‐wing UAS needs to be moving forward at a
certain speed to maintain thrust. As a result, rotary‐wing UAS provides flexibility and specific
capabilities, such as hovering, vertical take‐off and landing, vertical (up and down) motions, or return
to the previous location. On the contrary, fixed‐wing UAS fly faster, carry heavier payloads, and have
greater flying time enabling coverage of larger areas in a single flight [77]. Recently developed fixed‐
wing UAS with vertical take‐off and landing capabilities, such as BirdEyeView FireFly6 PRO, Elipse
VTOL‐PPK, and Carbonix Volanti, captures the pros of both fixed‐wing and rotary‐wing, making
them a promising platform for agricultural purposes. In the context of precision agriculture, the
application of UAS, their future prospects, and knowledge gaps are discussed in [53,78–81]. While
many horticultural crops have been studied using UAS technology, the most studied horticultural
crops are vineyards [31,82–84], citrus [85,86], peach [32,33], olive [18,87,88], pistachio [89,90], and
almond [91–94], among others [95–99]. Some of the UAS types used for water status studies of
horticultural crops are shown in Figure 2.

(a)

(b)
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(c)

(d)

Figure 2. Examples of unmanned aircraft systems (UAS) used to study water status in horticulture
crops: (a) hexacopter equipped with RGB, multispectral and thermal camera at The University of
Adelaide, Adelaide, Australia (b) quadcopter equipped with a thermal and multispectral camera
[100], (c) fixed‐wing aircraft used for GRAPEX project to carry RGB, thermal and monochrome camera
with narrowband filters [101], and (d) helicopter used for various studies of crop water status
[18,92,102].

UAS offers flexibility on spatial resolution, observation scale, spectral bands, and temporal
resolution to collect data on any good weather day. However, like satellite and manned aircraft, the
UAS is inoperable during precipitation, high winds, and temperatures. By easily altering the flying
altitude, the UAS provides higher flexibility to observe a larger area with lower spatial resolution or
smaller area with much greater detail [103]. Temporally, the UAS can be scheduled at a user‐defined
time at short notice, thus accommodating applications that are time‐sensitive, such as capturing vital
phenological stages of crop growth. Spectrally, UAS offer flexibility to carry on‐demand sensors and
interchangeability between sensor payloads; thus, any desired combination of sensors and spectral
bands can be incorporated to target specific features.
UAS‐acquired image data requires post‐processing before it can be incorporated into the grower
decision‐making process. Mosaicking of UAS images currently has a turnaround time of
approximately one day to one week, subject to the size of the dataset, computational power, and
spectral/spatial quality of the product [104,105]. Spectral quality of the data is of optimal importance,
whereas the spatial quality can be of less importance, such as for well‐established horticultural crops.
Higher spectral quality demands calibration of the spectral sensors and correction of atmospheric
effects. Following post‐processing of aerial images, the UAS‐based spectral data have shown to be
highly correlated with ground‐based data [82,102,106].
The most common UAS‐based sensor types to study the crop water status are the thermal,
multispectral and RGB, while hyperspectral and LiDAR (Light detection and ranging) sensors are
used less often [23,79,107]. Spectral sensors provide the capability to capture broader physiological
properties of the crop, such as greenness (related to leaf chlorophyll content and health) and biomass,
that generally correlate with crop water status [82,108]. Narrower band spectral sensors provide
direct insight into specific biophysical and biochemical properties of crops, such as via photochemical
reflectance index (PRI) and solar‐induced chlorophyll fluorescence (SIF), which reflects a plant’s
photosynthetic efficiency [109,110]. Thermal‐based sensors capture the temperature of the crop’s
surface, which indicates the plant’s stress (both biotic and abiotic) [53]. Generally, digital RGB camera
and LiDAR can be used to quantify 3D metrics, such as the plant size and shape, via 3D pointclouds
with sufficient accuracy for canopy level assessment [111–118].
3. Remote Sensor Types
3.1. Digital Camera
A digital camera typically incorporates an RGB, modified RGB, and a monochrome digital
camera. The lens quality of the camera determines the sharpness of the image, while the resolution
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of the camera determines its spatial resolution and details within an image. The RGB camera uses
broad spectral bandwidth within the blue, green and red spectral region to capture energy received
at the visible region of the electromagnetic spectrum. The images are used to retrieve dimensional
properties of the crop, terrain configuration, macrostructure of the field, and the spatial information.
Based on the dimensional properties, such as size, height, perimeter, and area of the crown, the
resource need practices can be estimated [119–121]. Generally, a larger crop is expected to more
quickly use available water resources, resulting in crop water stress at a later stage of the season if
irrigation is not sufficient. The evolution of canopy structure within and between seasons can be
useful to understand the spatial variability within the field and corresponding water requirements.
The macro‐structure of horticultural crops, such as row height, width, spacing, crop count, the
fraction of ground cover, and missing plants, can be identified remotely, which can aid in the
allocation of resources [113,122]. The terrain configuration in the form of a digital elevation model
(DEM) generated from a digital camera can also enable understanding of the water status in relation
to the aspect and slope configuration of the terrain.
3.2. Multispectral Camera
A multispectral camera offers multiple spectral bands across the electromagnetic spectrum. Most
common airborne multispectral cameras have 4–5 bands which include rededge and NIR bands in
addition to the visible bands, R‐G‐B (e.g., Figure 3a,c). Configurable filter placement of the spectral
band is also available, which can potentially target certain physiological responses of horticultural
crops [102]. Spectrally, the airborne multispectral camera has been reported to perform with
consistency, producing reliable measurements following radiometric calibration and atmospheric
correction [123–125]. Their spatial resolution has been found to be sufficient for horticultural
applications enabling canopy level observation of the spectral response. For this reason, as well as
relatively low cost, multispectral cameras are used more frequently in horticulture applications.

(a)

(b)

(c)

(d)

Figure 3. Some examples of sensors used on a UAS platform to study water status of horticultural
crops: (a) A multispectral camera (Tetracam Mini‐MCA‐6, Tetracam, Inc., Chatsworth, CA, USA)
[126]. (b) A thermal camera (FLIR TAU II, FLIR Systems, Inc., USA) [100,108]. (c) A multi‐sensor
camera setup with an RGB (Sony α7R III, Sony Electronics, Inc., Minato, Tokyo, Japan), a multispectral
(MicaSense RedEdge, MicaSense Inc., Seattle, WA, USA), and a thermal (FLIR TAU II 640, FLIR
Systems, Inc., USA) camera. (d) A micro‐hyperspectral camera (Micro‐Hyperspec, Headwall
Photonics, MA, USA) [110].

Chlorophyll and cellular structures of vegetation absorb most of the visible light and reflect
infrared light. The rise in reflectance between the red and NIR band is unique to live green vegetation
and is captured by vegetation spectral index called NDVI (Table 2, Equation (3). Once the vegetation
starts to experience stress (biotic and abiotic), its reflectance in the NIR region is reduced, while the

Agronomy 2020, 10, 140

8 of 35

reflectance in the red band is increased. Thus, such stress is reflected in the vegetation profile and
easily captured by indices, such as NDVI. For this reason, NDVI has shown correlations with a wide
array of crops response including vigour, chlorophyll content, leaf area index (LAI), crop water stress,
and occasionally yield [34,82–84,127].
The rededge band covers the portion of the electromagnetic spectrum between the red and NIR
bands where reflectance increases drastically. Studies have suggested that the sharp transition
between the red absorbance and NIR reflection is able to provide additional information about
vegetation and its hydric characteristics [128]. Using the normalised difference red edge (NDRE)
index, the rededge band was found to be useful in establishing a relative chlorophyll concentration
map [127]. Given the sensitivity of NDRE, it can be used for applications, such as crops drought stress
[107]. With regard to the water use efficiency, a combination of vegetation indices (VIs) along with
structural physiological indices were found to be useful to study water stress in horticultural crops
[34,82,129].
3.3. Hyperspectral
Hyperspectral sensors have contiguous spectral bands sampled at a narrower wavelength
intervals spanning from visible to NIR spectrum at a high to ultra‐high spectral resolution (Figure
3d). Scanning at contiguous narrow‐band wavelengths, a hyperspectral sensor produces a three
dimensional (two spatial dimensions and one spectral dimension) data called hyperspectral data
cube. The hyperspectral data cube is a hyperspectral image where each pixel contain spatial
information, as well as the entire spectral reflectance curve [130]. Based on the operating principle
and output data cube, hyperspectral sensors for remote sensing can include a point spectrometer (aka
spectroradiometer), whiskbroom scanner, pushbroom scanner, and 2D imager (Figure 4) [130,131]. A
point spectrometer, samples within its field of view solid angle to produce an ultra‐high spectral
resolution spectral data of a point [130,132]. A whiskbroom scanner deploys a single detector onboard
to scan one single pixel at a time. As the scanner rotates across‐track, successive scans form a row of
the data cube, and as the platform moves forward along‐track, successive rows form a hyperspectral
image [133]. A pushbroom scanner deploys a row of spatially contiguous detectors arranged in the
perpendicular direction of travel and scans the entire row of pixels at a time. As the platform moves
forward, the successive rows form a two‐dimensional hyperspectral image [40,134]. The 2D imager
using different scanning techniques [130] captures hyperspectral data across the image scene
[135,136]. The point spectrometer offers the highest spectral resolution and lowest signal‐to‐noise
ratio (SNR) among the UAS‐compatible hyperspectral sensors [137,138].

Figure 4. The data cube structure of different spectral sensors. The number of bands and resolution is
shown as an example and does not indicate true sensor capability (adapted from [130]).
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In horticultural applications, hyperspectral data, due to the high resolution contiguous spectral
sampling, possesses tremendous potential to detect and monitor specific biotic and abiotic stresses
[139]. Narrowband hyperspectral data was used to detect water stress using the measurement of
fluorescence and PRI over a citrus orchard [110]. PRI was identified as one of the best predictors of
water stress for a vineyard in a study that investigated numerous VIs using hyperspectral imaging
[140]. High‐resolution thermal imagery obtained from a hyperspectral scanner was used to map
canopy stomatal conductance (gs) and CWSI of olive orchards where different irrigation treatments
were applied [18]. With the large volume of spatial/spectral data extracted from the hyperspectral
data cube, machine learning will likely be adopted more widely in the horticultural environment to
model water stress [141]. See Reference [54] for a comprehensive review of hyperspectral and thermal
remote sensing to detect plant water status.
3.4. Thermal
Thermal cameras use microbolometers to read passive thermal signals in the spectral range of
approximately 7–14 μm (Figure 3b). Small UAS are capable of carrying a small form‐factor thermal
camera with uncooled microbolometers, which does not use an internal cooling mechanism and,
therefore, does not achieve the high SNR that can be found in cooled microbolometer‐based thermal
cameras. An array of microbolometer detectors in the thermal camera receives a thermal radiation
signal and stores the signal on the corresponding image pixel as raw data number (DN) values. The
result is a thermal image where each pixel has an associated DN value, which can be converted to
absolute temperature. A representative list of commercial thermal cameras used on UAS platforms
and their applications with regard to agricultural remote sensing is found in the literature [23,53,73].
Thermal imagery enables the measurement of the foliar temperature of plants. The foliar temperature
difference between well‐watered and water‐stressed crops is the primary source of information for
water stress prediction using a thermal sensor [142]. When mounted on a remote sensing platform,
the canopy level assessment of crop water status can be performed on a large scale.
Thermal cameras are limited by their resolution (e.g., 640 × 512 is the maximum resolution of
UAS compatible thermal cameras in the current market) and high price‐tag [53]. The small number
of pixels results in low spatial resolution limiting either the ability to resolve a single canopy or ability
to fly higher and cover a larger area. If flown at a higher altitude, the effective spatial resolution may
be inadequate for canopy level assessment of some horticultural crops. For example, a FLIR Tau2 640
thermal camera with a 13 mm focal length when flown at an altitude of approximately 120 m results
in a spatial resolution of 15.7 cm. For relatively large horticultural crops, such as grapevine, almond,
citrus, and avocado, the resolution at a maximum legal flying altitude of 120 m in Australia (for small‐
sized UAS) offers an adequate spatial resolution to observe a single canopy.
Another challenge with the use of thermal cameras is the temporal drift of the DN values within
successive thermal images, especially with uncooled thermal cameras [143]. Due to the lack of an
internal cooling mechanism for the microbolometer detectors, DN values registered by the
microbolometers experience temporal drift i.e., the registered DN values for the same temperature
target will drift temporally. Thus, the thermal image can be unreliable especially when the internal
temperature of the camera is changing rapidly, such as during camera warmup period or during the
flight when a gust of cool wind results in cooling of the camera. To overcome this challenge, the user
may need to provide sufficient startup time before operation (preferably 30–60 min) [102,143–145],
shield the camera to minimize the change in the internal temperature of the camera [142], calibrate
the camera [146–153], and perform frequent flat‐field corrections.
3.5. Multi‐Sensor
To carry multiple sensors, the total UAS payload needs to be considered that includes, in
addition to the sensors, an inertial measurement unit (IMU) and global navigation satellite system
(GNSS) for the georeferencing purpose [40,154]. Higher accuracy sensors tend to be heavier, and in a
multi‐sensor scenario, the payload can quickly reach or even exceed the payload limit. This has
limited contemporary measurements in earlier multirotor UAS requiring separate flights for each of
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sensor [126]. The use of fixed‐wing UAS has allowed carrying higher payloads due to the much larger
thrust‐to‐weight ratio as compared to a rotary‐wing aircraft [155]. Similarly, recent advancement in
UAS technology and lightweight sensors have enabled multirotor (payload 5–6 kg readily available)
to onboard multi‐sensors.
Water status of crops is a complex process influenced by a number of factors including the
physiology of the crop, available soil moisture, the size and vigour of the crop, and meteorological
factors [30,108,116,156,157]. For this reason, a multi‐sensor platform is used to acquire measurements
of the different aspects of the crop for water status assessment [34,102,108]. The most common
combination of sensors found in the literature is the RGB, multispectral (including rededge and NIR
bands) and thermal. Together, these sensors can be used to investigate the water status of the crop
using various indicators, such as PRI, CWSI, fluorescence, and structural properties, with the aim of
improving the water use efficiency [102,110,158–160].
4. Techniques of Remote Sensing in Horticulture
4.1. Georeferencing of Remotely Sensed Images
Georeferencing provides a spatial reference to the remotely sensed images such that the pixels
representing crops or regions of interest on the images are correctly associated with their position on
Earth. The georeferencing process generally uses surveyed coordinate points on the ground, known
as ground control points (GCPs), to determine and apply scaling and transformation to the aerial
images [161]. Alternatively, instead of GCPs, the user can georeference aerial images by using the
accurate position of the camera, or by co‐registration with the existing georeferenced map [105,162].
In the case of UAS‐based images, the capture timing is scheduled to ensure a recommended
forward overlap (>80%) between successive images. The flight path is designed to ensure the
recommended side overlap (>70%) between images from successive flight strips. Thus, the captured
series of images are processed using the Structure‐from‐Motion (SfM) technique to generate a 3D
pointcloud and orthomosaic [73,130] (see Figure 5). Commonly used SfM software to process the
remote sensing images are Agisoft PhotoScan and Pix4D. The commonly retrieved outputs from the
SfM software for assessment of horticulture crops include the orthomosaic, digital surface model
(DSM), DEM, and 3D pointcloud [113,126,163]. This technique of georeferencing can be applied to
any sensor that produces images, e.g., RGB, thermal, or multispectral cameras [126,164,165].

Figure 5. A typical workflow of structure‐from‐motion (SfM) to produce georeferenced products from
UAS‐based image sets and ground control points (adapted from [166,167]). SIFT = scale‐invariant
feature transform; ANN = approximate nearest neighbour; RANSAC = random sample consensus;
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CMVS = clustering views for multi‐view stereo; PMVS = patch‐based multi‐view stereo; GCP = ground
control points.

The complexity of georeferencing of hyperspectral observations depends on the sensor type, i.e.,
imaging or non‐imaging. A non‐imaging spectroradiometer relies on the use of a GNSS antenna and
an IMU for georeferencing the point observation [130,132,138,168]. An imaging hyperspectral
camera, generally, in addition to GNSS and IMU measurement, uses the inter‐pixel relation in SfM
to produce a georeferenced orthomosaic [40,134,135,169,170].
4.2. Calibration and Correction of Remotely Sensed Images
Ensuring consistency, repeatability, and quality of the spectral observation requires stringent
radiometric, spectral, and atmospheric corrections [123,171–177]. Spectral and radiometric calibration
is performed in the spectral calibration facility in darkroom settings. The sensor’s optical properties
and shift in spectral band position are corrected during the spectral calibration process. Radiometric
calibration enables conversion of the recorded digital values into physical units, such as radiance.
Infield operation of the spectral sensor is influenced by variations in atmospheric transmittance from
thin clouds, invisible to the human observer. Changes in atmospheric transmittance affect the
radiance incident on the plant. As a result, the change in acquired spectral response by the sensor
may not represent the change in plants response but the change in incident radiation on the plant.
The most common method to convert the spectral data to reflectance is by generating an empirical
line relationship between sensor values and spectral targets, such as a Spectralon® or calibration
targets. The use of downwelling sensors, such as a cosine corrector [137], or the use of a ground‐based
PAR sensor enables absolute radiometric calibration to generate radiance [130].
The calibration of the broad wavelength multispectral sensor is generally less stringent than the
hyperspectral. Generally, multispectral sensors are used to compute normalised indices such as
NDVI. The normalised indices are relatively less influenced, although significant, by the change in
illumination conditions which affect the entire spectrum proportionally [29,101]. In this regard,
radiometric calibration of the multispectral camera has used a range of stringent to simplified, and
vicarious approaches [123,125,171,173,178–180]. Some multispectral cameras are equipped with a
downwelling light sensor, which is aimed at correcting for variations in atmospheric transmittance.
However, the performance of such downwelling sensors (without a cosine corrector) on multispectral
cameras have been reported to have directional variation resulting in unstable correction, indicating
the inability of the sensor to incorporate the entire hemisphere of diffused light [124,137].
The radiometric calibration of the thermal images is typically based on the camera’s DN to object
temperature curve, which provides the relationship between the DN of a pixel and a known object
temperature, usually of a black body radiator. Measurement accuracy and SNR of the camera under
varying ambient temperatures can be improved by using calibration shutters, which are recently
available commercially. Furthermore, for low measurement errors (under 1 °C), thermal data requires
consideration to the atmospheric transmittance [18,102]. Flying over a few temperature reference
targets placed on the ground reduces the temporal drift of the camera [142,143,181]. Temperature
accuracy within a few degrees was achieved by flying over the targets three times (at the start, middle
and end of UAS operation) and using three separate calibration equations for each overpass [142].
Additionally, using the redundant information from multiple overlapping images, drift correction
models have been proposed, which lowered temperature error by 1 °C as compared to uncorrected
orthomosaic [152]. The manufacturer stated accuracies (generally ±5 °C) can be sufficient to access
the field variability and to detect “hotspots” of water status. However, the aforementioned calibration
and correction of the thermal cameras are required for quantitative measurement as a goal [143]. In
this regard, current challenges and best practices for the operation of thermal cameras onboard a UAS
is provided in the literature [143].
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4.3. Canopy Data Extraction
A key challenge in remote sensing of horticultural as compared to agricultural crops arises due
to the proportion of inter‐row ground/vegetation cover and resulting mixed pixels. The proportion
of the mixed pixels increases with the decrease in spatial resolution of the image. Most of the pixels
towards the edge of the canopy contain a blend of information originating from the sun‐lit canopy,
shadowed leaves, and inter‐row bare soil/cover crop. A further challenge can arise for some crops,
such as grapevine, due to overlapping of adjacent plants.
The canopy data from orthomosaic has been extracted using either a pixel‐based or an object‐
based approach. Earlier studies manually sampled from the centre of crop row which most likely
eliminated the mixed pixels [182]. In the pixel‐based approach, techniques, such as applying global
threshold and masking, have been used. Binary masks, such as NDVI, eliminates non‐canopy pixels
from the sampling [82,84]. Combining the NDVI mask with the canopy height mask can exclude the
pixels associated with non‐vegetation, as well as vegetation that does not meet the height threshold.
The pixel‐based approach, however, can result in inaccurate identification of some crops due to pixel
heterogeneity, mixed pixels, spectral similarity, and crop pattern variability.
In the object‐based approach, using object detection techniques, neighbouring pixels with
homogenous information, such as spectral, textural, structural, and hierarchical features, are grouped
into “objects”. These objects are used as the basis of object‐based image analysis (OBIA) classification
using classifiers, such as k‐nearest neighbour, decision tree, support vector machine, random forest,
and maximum likelihood [122,183–185]. In the horticultural environment, OBIA has been adopted to
classify and sample from pure canopy pixels [119,122,186]. Consideration should be provided on the
number of features and their suitability for a specific application to reduce the computational burden,
as well as to maintain the accuracies. The generalisation of these algorithms for transferability
between study sites usually penalises the achievable accuracy. For details in object‐based approach
of segmentation and classification, readers are directed to literatures [122,183,185,187–189].
Other techniques found in the literature include algorithms, such as ‘Watershed’, which has been
demonstrated in palm orchards [82,190]. Vine rows and plants have been isolated and classified using
image processing techniques, such as clustering and skeletisation [188,191–193]. Similarly, the
gridded polygon, available in common GIS software, such as ArcGIS and QGIS, can be used in
combination with zonal statistics for this purpose. When working with the low‐resolution images,
co‐registration with the high‐resolution images has been proposed, whereby, the high‐resolution
images enable better delineation of the mixed pixels [194]. For this reason, spectral and thermal
sensors, which are usually low in resolution, are generally employed along with high‐resolution
digital cameras.
4.4. Indicators of Crop Water Status
A crop’s biophysical and biochemical attributes can be approximated using different indices and
quantitative products. For example, CWSI is used to proxy leaf water potential (Ψleaf), stem water
potential (Ψstem), gs, and net photosynthesis (Pn) [83,100,195]. With regard to horticultural crops, water
status has been assessed using a number of spectral and thermal indices (Table 2).
Table 2. Commonly used vegetation and thermal indices to study the water status of horticultural
crops.
Indicators
Tc, (Tc − Ta)
Ig, I3

Sensor
Thermal
Thermal

Purpose
Ψstem, gs, yield
Ψstem, gs

CWSI

Thermal

Ψleaf, Ψstem, gs, Pn, yield

(Tc − Ta)/NDVI
NDVI
GNDVI

Thermal +
multispectral
Multispectral
Multispectral

References
[34,82,85,99,110]
[82,196]
[18,31,33,85,90,97,99,100,182,194,197
–199]

Ψstem, gs

[82,200]

Ψstem, gs, yield, LAI, vigour
Ψstem, gs, yield

[34,56,82,86,182,201]
[34,82]
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Multispectral
Multispectral
Hyperspectral
Hyperspectral
Hyperspectral

Ψstem, gs
Ψleaf, gs
Ψleaf, gs
Ψleaf, gs
Water stress

[82,86,182]
[86,110,182]
[110]
[139,202,203]
[204–206]

Note the acronyms: Tc = Canopy temperature, Ta = ambient temperature, Ig = conductance index, I3 = stomatal
conductance index, CWSI = crop water stress index, NDVI = normalised difference vegetation index, GNDVI =
green normalised difference vegetation index, RDVI = renormalized difference vegetation index, PRI =
photochemical reflectance index, Fluorescence = chlorophyll fluorescence, WBI = water band index, SIF = solar‐
induced chlorophyll fluorescence, LAI = leaf area index.

4.4.1. Canopy Temperature
A plant maintains its temperature by transpiring through the stomata to balance the energy
fluxes in and out of the canopy. As the plant experience stress (both biotic and abiotic), the rate of
transpiration decreases, which results in higher canopy temperature (Tc), which can be a proxy to
understand the water stress in the plant [207]. In this regard, crop water stress showed a correlation
with canopy temperature extracted from the thermal image [208], which enables mapping the spatial
variability in water status [209]. Leaf/canopy temperature alone, however, does not provide a
complete characterisation of crop water status, for instance, an equally stressed canopy can be 25 °C
or 35 °C, depending on the current ambient temperature (Ta). Thus, canopy‐to‐air temperature
difference (Tc − Ta) was proposed, which showed a good correlation with the Ψstem, Ψleaf, and gs in
horticultural crops [85,99,182].
4.4.2. Normalised Thermal Indices
The CWSI, the conductance index (Ig) and the stomatal conductance index (I3) are thermal
indices most commonly used to estimate crop water status and gs [210–212]. These indices provide
similar information, however, use a different range of numbers to represent the level of water stress.
The CWSI is normalised within zero and one, whereas Ig and I3 represent stress using numbers
between zero and infinity. CWSI has been adopted most widely in horticultural applications to assess
the water status of crops, such as the grapevines [100,213], almond [91,198], citrus [85,110], and others
[18,87,99,214]. By normalising between the lower and upper limits of (Tc − Ta), the CWSI of the canopy
presents quantifiable relative water stress. The formula for CWSI computation is defined as in
Equation (1) [208,212].
CWSI ൌ

ሺౙ ି ሻିሺౙ ି ሻైై
ሺౙ ି ሻై ିሺౙ ି ሻైై

,

(1)

where ሺTୡ െ Tୟ ሻ and ሺTୡ െ Tୟ ሻ represent the upper and lower bound of (Tc − Ta) which are found
in the water‐stressed canopy and well‐watered canopy transpiring at the full potential (or maximum)
rate, respectively. Assuming a constant ambient temperature, Equation (1) can be simplified to
Equation (2), which is the most widely reported formulation of CWSI with regard to the horticultural
remote sensing.
CWSI ൌ

ሺౙ ି౭౪ ሻ

,

൫ౚ౨౯ ି౭౪ ൯

(2)

where Twet is the temperature of canopy transpiring at the maximum potential, and Tdry is the
temperature of the non‐transpiring canopy. CWSI has been shown to be well‐correlated with direct
measurements of crop water status in the horticultural environment [18,31,32,90,99]. In this regard, a
correlation of CWSI with various ground measurements, such as Ψleaf [18,31,197], Ψstem [33,90,194],
and gs [18,90,100], have been established. Diurnal measurements of CWSI compared with Ψleaf
showed the best correlation at noon [89,197,209].
CWSI is a normalised index, i.e., relative to a reference temperature range between Twet and Tdry,
which is specific to a region and crop type; thus, CWSI is not a universal quantitative indicator of
crop water status. For instance, a CWSI of 0.5 for two different varieties of grapevines at different
locations does not conclusively inform that they have equal or superior/inferior water status.
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Furthermore, the degree of correlation can change depending on the isohydric/anisohydric response
of crop [214] where early/late stomatal closure affects the indicators of water stress [110]. Moreover,
phenological stage affects the relationship between remotely sensed CWSI and water stress [197].
Thus, water stress in a different crop, at a different location and at a different phenological stage, will
have a unique correlation with CWSI and, therefore, needs to be established independently.
There are multiple methods to measure the two reference temperatures, Twet and Tdry, which
could result in variable CWSI values depending on the method used. The first method is to measure
the two reference temperatures on the crop of interest. Tdry can be estimated by inducing stomatal
closure, which is the leaf temperature approximately 30 min after applying a layer of petroleum jelly
e.g., Vaseline to both sides of a leaf. This effectively blocks stomata and, therefore, impedes leaf
transpiration. Twet can be estimated by measuring leaf temperature approximately 30 s after spraying
water on the leaf, which emulates maximum transpiration [23,83]. The advantage of this method is
that the stress levels are normalised to actual plants response, whereas the necessity to repeat the
measurement for every test site after each flight can be cumbersome. In an alternative (second)
approach the range can be established based on meteorological data e.g., setting Tdry to 5 °C above air
temperature and Twet measured from an artificial surface. This method is also limited to local scale
and presents a problem regarding the choice of material, which ideally needs to have similar to leaf
emissivity, aerodynamic and optical properties [54,87]. The third method uses the actual temperature
measurement range of the remote sensing image [33,97]. This method is simple to implement,
however, works on the assumption that the field contains enough variability to contain a
representative Twet and Tdry. Fourth, the reference temperatures can be estimated by theoretically
solving for the leaf surface energy balance equations, however, are limited by the necessity to
compute the canopy aerodynamic resistance [87]. Standard and robust Twet and Tdry measurements
are needed to characterize CWSI with accuracy, especially for temporal analysis [85,87,211]. The level
of uncertainty due to the adaptation of different approaches for Twet and Tdry determination in the
instantaneous and seasonal measurements of CWSI is not known. Nonetheless, adopting a consistent
approach, CWSI has been shown to be suitable for monitoring the water status and making irrigation
decisions of horticultural crops [31,85].
4.4.3. Spectral Indices
Crops reflectance properties convey information about the crop, for instance, a healthier crop
has higher reflectance in the NIR band. Most often, the bands are mathematically combined to form
VIs, which provide information on the crop’s health, growth stage, biophysical properties, leaf
biochemistry, and water stress [29,215–218]. Using multispectral or hyperspectral data, several Vis,
such as green normalised difference vegetation index (GNDVI), renormalised difference vegetation
index (RDVI), optimized soil‐adjusted vegetation index (OSAVI), transformed chlorophyll
absorption in reflectance index (TCARI), and TCARI/OSAVI, amongst others [34,79,82], can be
calculated that correlate with the water stress of horticultural crops (see Table 2). The most widely
studied VI in horticulture, in this regard, is the NDVI (Equation (3)).
NDVI ൌ

ୖೝ ିୖೝ
ୖೝ ାୖೝ

,

(3)

where R  and R  represent the spectral reflectance acquired at the NIR and red spectral regions,
respectively. In horticulture, NDVI has been used as a proxy to estimate the vigour, biomass, and
water status of the crop. A vigorous canopy with more leaves regulates more water, therefore
remaining cooler when irrigated [200] and experiencing early water stress when unirrigated. With
regard to irrigation, the broadband normalised spectral indices (such as NDVI) are suitable to detect
spatial variability and to identify the area that is most vulnerable to water stress. However, these
indices are not expected to change rapidly to reflect the instantaneous water status of plants that are
needed to make decisions on irrigation scheduling.
The multispectral indices along with complementary information in thermal wavelengths have
proven to be well suited to monitoring vegetation, specifically in relation to water stress [219]. The
ratio of canopy surface temperature to NDVI, defined as temperature‐vegetation dryness index
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(TVDI), was found to be useful for the study of water status in horticultural crops. TVDI exploits the
fact that vegetation with larger NDVI will have a lower surface temperature unless the vegetation is
under stress. As most vegetation normally remains green after an initial bout of water stress, the
TVDI is more suited than NDVI for early detection of water stress as the surface temperature can rise
rapidly even during initial water stress [200].
Similarly, narrowband VIs that have been studied in relation to remote sensing of water status
are PRI and chlorophyll fluorescence, which have been directly correlated to the crop Ψleaf, gs
[110,182,204]. Several hyperspectral indices to estimate water status have been identified [139];
however, their application in remote sensing of horticultural crops is at its infancy. Hyperspectral
indices specific to water absorption bands around 900 nm, 1200 nm, 1400 nm, and 1900 nm may be
used to detect the water status of horticultural crops. The absorption features were found to be highly
correlated with plant water status [139]. Water band index (WBI), as defined in Equation (4), has been
shown to closely track the changes in the plant water status of various crops [202,203].
WBI ൌ

R ଽ
R ଽ

(4)

Other water‐related hyperspectral indices with potential application for horticultural crops can
be found in the literature [139,202,203]. Hyperspectral data possess the capability to reflect the
instantaneous water status of the plant, which can be useful for quantitative decision‐making on
irrigation scheduling.
4.4.4. Soil Moisture
The moisture status of the soil provides an indication of the available water resource to the crop.
Soil moisture is traditionally measured indirectly using soil moisture sensors placed below the
surface of the soil. A key challenge with using soil moisture sensors are the spatial distribution of
moisture, both vertically and horizontally, to account for inherent field‐scale variability. For instance,
the root system of some horticultural crops, such as grapevine, is capable of accessing water up to 30
m deep, while customer‐grade soil moisture probes generally extend to 1.5 m in depth or less. Thus,
soil moisture probes do not capture all the water available to the crop as they are point measures and
not necessarily where the roots are located. Moreover, estimation of soil moisture across spatial and
temporal scales is of interest for various agricultural and hydrological studies. Optical, thermal, and
microwave remote sensing with their advantages relating to high spatial scale and temporal
resolutions could potentially be used for soil moisture estimation [220–222]. L‐band microwave
radiometry, a component of synthetic aperture radar systems, has been shown to be a reliable
approach to estimate soil moisture via satellite‐based remote sensing [223], such as using the ESA’s
Soil Moisture and Ocean Salinity (SMOS) [224] and NASA’s Soil Moisture Active Passive (SMAP)
satellites [225,226]. The limitation of the SMOS and SMAP missions, with regard to horticultural
application, is their depth of retrieval (up to 5 cm) and spatial resolution (in the order of tens of
kilometre) [227–229]. As an airborne application, the volumetric soil moisture has been estimated by
analysing the SNR of the GNSS interference signal [230,231]. With aforementioned capabilities, a
combination of satellite and airborne remote sensing may, in the future, be a reliable tool to map soil
moisture across spatial, temporal and depth scales.
4.4.5. Physiological Attributes
Using the SfM on remotely‐sensed images, 3D canopy structure, terrain configurations, and
canopy surface models can be derived [113,114,119,186,232]. By employing a delineation algorithm
on the 3D models, the 3D attributes of the crops and macrostructure are determined more accurately
[120,122,233]. Crop surface area and terrain configuration (e.g., slope and aspect) may help to develop
an optimal resource management strategy. For example, crops located at a higher elevation within
an irrigation zone may experience a level of water stress due to the gravitational flow of irrigated
water.
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Using the structural measurements, such as the canopy height, canopy size, the envelope of each
row, LAI, and porosity, among others, the water demand of the crop may be estimated. Generally,
larger canopies tend to require more water than smaller canopies with less leaf area [116,157]. Using
the temporal measurement of the plant’s 3D attributes, the vigour can be computed. Monitoring crop
vigour over the season and over subsequent years can provide an indication of its health and
performance, e.g., yield, within an irrigation zone. Canopy structure metrics are closely related to
horticultural tree growth and provide strong indicators of water consumption, whereby canopy size
can be used to determine its water requirements [234]. Other 3D attributes, such as the crown
perimeter, width, height, area, and leaf density, have been shown to enable improved pruning of
horticultural plants [116,119].
LAI can be estimated using the 3D attributes obtained from remote sensing [114,157,201],
whereby, higher LAI is equivalent to more leaf layers, implying greater total leaf area and,
consequently, canopy transpiration. Leaf density, LAI, and exposed leaf area of a crop drive its water
requirement and productivity [235–237]. Knowledge of field attributes, such as row and plant
spacing, may assist in inter‐row surface energy balance to determine the irrigation need of the plant
[238]. Combining the structural properties with spectral VIs provide an estimation of biomass [239],
which can serve as another indicator of the plant’s water requirements. Although physiological
attributes have been used to understand plant water status and its spatial variability, they have not
been directly applied to make quantitative decisions on irrigation.
4.4.6. Evapotranspiration
The estimation of ET via remote sensing, numerical modelling, and empirical methods have
been extensively studied and reviewed in the literature [240–247]. These models are based on either
surface energy balance (SEB), Penman‐Monteith (PM), Maximum entropy production (MEP), water
balance, water‐carbon linkage, or empirical relationships.
SEB models are based on a surface energy budget in which the latent heat flux is estimated as a
residual of the net radiation, soil heat flux, and sensible heat flux. The models are either one‐source
(canopy and soil treated as a single surface for the estimation of sensible heat flux) or two‐source
(canopy and soil surfaces treated separately). Improvements over the original one‐source SEB models
were in the form of Surface Energy Balance Algorithm for Land (SEBAL) algorithm [248,249] and
Mapping EvapoTranspiration with high Resolution and Internalized Calibration (METRIC) [249,250].
SEBAL offers a simplified approach to collect ET data at both local and regional scales thereby
increasing the spatial scope, while METRIC uses the same (SEBAL) technique but auto‐calibrates the
model using hourly ground‐based reference ET (ETr) data [251]. As such, these and other (e.g., MEP)
models rely on accurate measurements of surface (e.g., canopy) and air temperatures, which can be
erroneous under non‐ideal conditions, e.g., cloudy days. There is also a reliance on ground‐based
sensors to capture ambient air temperatures required by the model.
Among the existing methods, FAO’s PM is the most widely adopted model to estimate reference
ET (ETref or ET0) [252]. The PM method uses incident and reflected solar radiation, emitted thermal
radiation, air temperature, wind speed, and vapour pressure to calculate ET0 [253]. Remote sensing
provides a cost‐effective method to estimate the ET0 at regional to global scales [241] by estimating
reflected solar and emitted thermal radiation. One of the advantages of using the PM approach is that
it is parametrised using micrometeorological data easily obtained from ground‐based automatic
weather stations. However, PM suffers from the drawback that canopy transpiration is not dynamic
as influenced by soil moisture availability via stomatal regulation [241]. From a practical standpoint,
PM‐derived ET0 estimates are used in conjunction with crop factors or crop coefficients (kc), which
are closely related to the light interception of the canopy [254].
Crop evapotranspiration (ETc) is defined as the product of kc and ET0. In the absence of accurate
ETc measurements, kc is an easy and practical means of getting reliable estimates of ETc using ET0
[255]. In this regard, studies have focused on the use of remote sensing to study spatial variability in
kc and ETc [101,256–258]. Thermal and NIR imagery can be used to compute kc and ETc as transpiration
rate is closely related to canopy temperature [259–261] and kc has been shown to correlate with canopy
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reflectance [101,255]. Various thermal indices, such as CWSI, canopy temperature ratio, canopy
temperature above non‐stressed, and canopy temperature above canopy threshold, can be used to
estimate ETc, where CWSI‐ based ETc was found to be the most accurate [24].
ET at a larger scale is typically estimated based on satellite remote sensing. The temporal
resolution of satellites is, however, low and inadequate for horticultural applications, such as
irrigation scheduling (e.g., Landsat has a 16‐day revisit cycle). In contrast, high temporal resolution
satellites are coarse in spatial resolution for field‐scale observations [25]. The daily or even
instantaneous estimation of ETc at the field scale is crucial for irrigation scheduling and is expected
to have great application prospects in the future [240,259,262,263]. In this regard, the future direction
of satellite‐based ET estimates may focus on temporal downscaling either by extrapolation of
instantaneous measurement [264], interpolation between two successive observations [201], data
fusion of multiple satellites [25,260], and spatial downscaling using multiple satellites [265–268]. An
example of early satellite‐based remote sensing for ET is the MODIS Global Evapotranspiration
Project (MOD16), which was established in 1999 to provide daily estimates of global terrestrial
evapotranspiration using data acquired from a pair of NASA satellites in conjunction with Algorithm
Theoretical Based Documents (ATBDs) [269]. These estimates correlated well with ground‐based
eddy covariance flux tower estimates of ET despite differences in the uncertainties associated with
each of these techniques.
UASs are being increasingly utilised to acquire multi‐spectral and thermal imagery to compute
ET at an unprecedented spatial resolution [270,271]. Using high‐resolution images, filtering the
shadowed‐pixel is possible, which showed significant improvement in the estimation of ET in
grapevine [101]. Using high‐resolution thermal and/or multispectral imagery, ET has been derived
for horticultural crops, such as grapevines [270] and olives [271]. The seasonal monitoring of ETc at
high spatial and temporal resolutions is of high importance for precision irrigation of horticultural
crops in the future [259].
5. Case Studies on the Use of Remote Sensing for Crop Water Stress Detection
The increasing prevalence of UAS along with low‐cost camera systems has brought about much
interest in the characterisation of crop water status/stress during the growing season to inform
orchard or farm management decisions, in particular, irrigation scheduling [272,273]. Traditional
methodologies to assess crop water stress are constrained by limitations relating to large farm sizes
and accompanying spatial variability, high labour costs to collect data, and access to instrumentation
that is both inexpensive and portable [272]. The benefits of precision agriculture [274], including
through precision irrigation practices [1], result in higher production efficiencies and economic
returns through site‐specific crop management [275,276]. This approach has motivated the use of
high‐resolution imagery acquired from remote sensing to identify irrigation zones [99,277]. The first
horticultural applications of UAS platforms for crop water status measurement were in orange and
peach orchards where both thermal and multispectral‐derived VIs, specifically the PRI, were shown
to be well‐correlated to crop water status [102]. Here, we explore the use of remote sensing and
accompanying image acquisition platforms to characterise the spatial and temporal patterns of the
water status of two economically important horticultural crops, grapevine and almond.
5.1. Grapevine (Vitis spp.)
The characterisation of spatial variability in vine water status in a vineyard provides valuable
guidance on irrigation scheduling decisions [82], and this spatial variability can be efficiently
characterised by the use of remote sensing platforms [29]. The first use of remote sensing in vineyards
for crop water stress detection was using manned aircraft flown over an irrigated vineyard in
Hanwood (NSW) Australia where CWSI was mapped at a spatial resolution of 10 cm [278].
Subsequently, UAS platforms began to be used in vineyards for vine water stress characterisation.
Early work in this crop used a fuel‐based helicopter with a 29 cc engine and equipped with thermal
(Thermovision A40M) and multispectral (Tetracam MCA‐6) camera systems [102]. The study
observed strong (inverse) relationships between (Tc − Ta) and gs. A related study showed strong
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correlations between thermal and multispectral VIs, and traditional, ground‐based measures of water
status, such as Ψleaf and gs [182]. In this study, normalised PRI was shown to have correlation
coefficients exceeding 0.8 versus both Ψleaf and gs, indicating that remotely‐sensed VIs can be reliable
indicators of vine water status. Thermal indices, such as (Tc − Ta) and CWSI, were also well‐correlated
to Ψleaf and gs at specific times of the day. The use of thermal indices, such as CWSI or Ig, requires
reference temperatures (Twet, Tdry) or non‐water stressed baselines (NWSB) [279]. Due to the difficulty
of obtaining reference temperatures or NWSB using remote sensing, some authors have used the
minimum temperature found from all canopy pixels as Twet [199], and Ta + 5 °C as Tdry [213,280].
NWSB is typically obtained from well‐watered canopies, measuring (Tc − Ta) under a range of vapour
pressure deficit conditions [279]. Thermal water stress indices have also shown to be useful to
distinguish between water use strategies of different grapevine cultivars [83,281], which is useful for
customising irrigation scheduling based on the specific water needs of a given cultivar. More recently,
studies have used UAS‐based multispectral‐based VIs to train an artificial neural network (ANN)
models to predict spatial patterns of Ψstem [84,282]. Using UAS‐based multispectral data, the authors
showed that ANN estimated Ψstem with higher accuracy (RMSE lower than 0.15 MPa) as compared
to the conventional multispectral indices based estimation (RMSE over 0.32 MPa).
5.2. Almond (Prunus Dulcis)
Almonds are perennial nut trees grown in semi‐arid climates and are reliant on irrigation
applications. Their water requirements are relatively high, with seasonal ETc exceeding 1000 mm
[283]. The requirement for prudent irrigation management in the face of decreased water availability
is critical for maintaining tree productivity, yield, and nut quality [284]. Towards this goal, UAS‐
based remote sensing has been used to characterise the spatial patterns of tree water status in almond
orchards. A UAS‐based thermal camera was used to acquire tree the crown temperature data from a
California almond orchard; this temperature was used to determine the temperature difference
between crown and air (Tc − Ta) and compared to shaded leaf water potential (Ψsl) [92]. The study
found a strong negative correlation (R2 = 0.72) between (Tc − Ta) and Ψsl. The same authors conducted
a follow on study in Spain on several fruit tree species including almond. The negative relationship
(slope and offset) between (Tc − Ta) and Ψstem was observed to vary based on the time of observation;
morning measurements had weak relationships, whereas afternoon measurements had stronger
relationships [99]. Their proposed methodology allowed for the spatial characterisation of orchard
water status on a single‐tree basis, demonstrating the utility of UAS‐based crop water stress data.
Beyond the characterisation of crop water stress for irrigation scheduling, there is an opportunity to
use this data to quantify the economic impact at a spatial level.
6. Future Prospective and Gaps in the Knowledge
Precision irrigation is a promising approach to increase farm water use efficiency for sustainable
production, including for horticultural crops [3,5,9,10,274,285]. It is envisioned that the future of
precision irrigation will incorporate UAS, manned aircraft, and satellite‐based remote sensing
platforms alongside ground‐based proximal sensors coupled with wireless sensor networks. The
automation of UAS technology will continue to develop further to a point that even novice users can
adopt the technology with ease. It is also expected that the data processing pipeline of remote sensing
images will become automated to be ‘fit for purpose’ for crop water status measurements. The ideal
solution may lie in the use of satellites (or sometimes manned aircraft) for regional estimation and
planning [55,260], UAS for seasonal monitoring and zoning [32,100,197,286], proximal sensors for
continuous measurement [287], and artificial intelligence to derive decision‐ready products [84,282]
that can be used for making irrigation scheduling decisions [31,288–295]. Continued technological
developments in this space will enable growers to acquire actionable data with ease, and eventually
transition towards semi‐automated or fully‐automated irrigation applications.
Remote sensing and current irrigation application technologies are limited in temporal and
spatial resolution, respectively. Although UAS technology can deliver sub‐plant level spatially
explicit information of water status, the size of the management block is much coarser, typically over
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10 m. Hence, further improvements in variable rate application technologies, e.g., boom sprayers, or
zoned drip irrigation, are required to fully exploit high‐resolution UAS measurements. Nonetheless,
the required resolution of remote sensing should be guided by the underlying spatial variability of
the crop. For fields with relatively lower spatial variability, low/medium‐resolution remote sensing
imagery may suffice for crop water status assessment [278,296,297].
Remote sensing provides an indirect estimate of plant water status using the regression‐based
approach through several calculated reflectance indices. In comparison, physical and mechanistic
models, e.g., radiative transfer models and energy balance models, incorporate both direct and
indirect measures of the canopy, therefore establishing a basis for differences in plant water status.
Using a similar approach, predictions of crop water status using regression‐based remote sensing
models can be improved by incorporating some direct auxiliary variables.
Further developments in thermal remote sensing are also expected, specifically, the advent of
new thermal and hybrid thermal‐multispectral water status/stress indices that are more sensitive to
canopy transpiration. The most widely‐adopted thermal index, CWSI, is an instantaneous measure
that is normalised to local weather conditions and influenced by genotype and phenotype. For
example, the relationship between CWSI and crop water status is influenced by environmental
conditions (e.g., high incident radiation and low humidity vs low incident radiation and high
humidity) and phenological stage [197,214,298]. As a result, corresponding ground‐based
measurements are required for each temporal remote measurement to determine the correlation with
water status. Hence, temporal assessments of water status using thermal cameras will require the
incorporation of meteorological data along with the thermal response using novel indices.
In the area of satellite remote sensing, we foresee further developments on temporal
downscaling to achieve daily measurements. A higher temporal resolution may be achieved by
fusion of multiple satellite observations, such as freely available Landsat and Sentinel. Further
reductions of temporal resolution will require interpolation between two successive observations.
Furthermore, temporal models of water status could be developed to assist the interpolation to
eventually satisfy the requirements for irrigation scheduling [25,201,263]. The continued
advancement and greater availability of Nanosat/Cubesat may provide an alternate method to
capture high‐resolution data at a higher a greater temporal resolution, which can be suitable to study
the water status of horticultural crops [299–301].
Crop water status is a complex phenomenon, which can be interpreted with respect to a number
of variables. These variables can include spectral response, thermal response, meteorological data,
3D attributes of the canopy, and macrostructure of the block (farm). Clearly, there is an opportunity
for a multi‐disciplinary approach, potentially incorporating artificial intelligence techniques which
incorporate the aforementioned variables to provide a robust estimation of crop water status
[84,141,282,302,303]. Furthermore, with machine learning algorithms, hyperspectral remote sensing
will provide a wealth of data to estimate crop water status. A quantitative product, such as SIF,
derived from hyperspectral data will have the potential for direct quantification of water stress
[204,205,304]. In this regard, the upcoming FLEX satellite mission [305,306] and recent advances in
aerial spectroradiometry [109,132,137,307–310] dedicated for observation of SIF may be unique and
powerful tools for high‐value horticultural crops.
Multi‐temporal images represent an excellent resource for seasonal monitoring of changes in
crop water status. Five to six temporal points of data acquisition at critical phenological stages of crop
development have been recommended for irrigation scheduling [31,32]. However, for semi‐arid or
arid regions, irrigation is typically required multiple times per week. Acquisition and post‐processing
of remote sensing data for actionable products multiple times a week is currently logistically
unfeasible. The fusion of UAS‐based remote sensing data, continuous ground‐based proximal or
direct sensors, including weather station data, can potentially inform daily estimates of water status
at canopy level. This approach will require predictive models, such as those based on machine
learning algorithms, to estimate the current and future water status of the crop. Eventually, growers
would benefit from the knowledge of crop water requirements for the determination of seasonal
irrigation requirements to sustainably farm into the future.
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One vision for the future of precision irrigation is in automated pipelines to explicitly manage
irrigation water at the sub‐block level. This automated pipeline would likely include remote and
proximal data acquisition and processing, prediction and interpretation of crop water status and
requirements, and subsequently, control of irrigation systems. Recent rapid developments in cloud
computing and wireless technology could assist in the quasi‐real‐time processing of the remote
sensing data soon after acquisition [311–313]. Eventually, automation and computational power will
merge to develop smart technology in which artificial intelligence uses real‐time data analysis for
diagnosis and decision‐making. Growers of the future will be able to take advantage of precise
irrigation recommendations using information sourced from a fleet of UAS that map large farm
blocks on a daily schedule, continuous ground‐based proximal and direct sensors, and weather
stations. This data can be stored on and accessed from the cloud almost instantaneously, used in
conjunction with post‐processing algorithms for decision‐making on optimised irrigation
applications [311,314].
7. Conclusions
This paper provides a comprehensive review of the use of remote sensing to determine the water
status of horticultural crops. One of our objectives was to survey the range of remote sensing tools
available for irrigation decision‐making. Earth observation satellite systems possess the required
bands to study the water status of vegetation and soil. Satellites are more suitable for scouting,
planning, and management of irrigation applications that involve large areas, and where data
acquisition is not time‐constrained. Manned aircraft are sparingly used in horticultural applications
due to the cost, logistics, and specific expertise needed for the operation of the platform. UAS‐based
remote sensing provides flexibility in spatial resolution (crop level observation achievable), coverage
(over 25 ha achievable in a single flight), spectral bands, as well as temporal revisit. Routine
monitoring of horticultural crops for water status characterisation is, therefore, best performed using
a UAS platform. We envision a future for precision irrigation where satellites are used for planning,
and UAS used in conjunction with a network of ground‐based sensors to achieve actionable products
on a timely basis.
The plant’s instantaneous response to water stress can be captured using thermal cameras (via
indices, such as CWSI) and potentially narrow‐band hyperspectral sensors (via, for example, SIF),
making them suitable to draw quantifiable decisions with regard to irrigation scheduling. Broadband
multispectral and RGB cameras capture the non‐instantaneous water status of crops, making them
suitable for general assessment of crop water status. Integrated use of thermal and multispectral
imagery may be the simplest yet effective sensor combinations to capture the overall as well as
instantaneous water status of the plant. With regard to irrigation scheduling, further developments
are required to establish crop‐specific thresholds of remotely‐sensed indices to decide when and how
much to irrigate.
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