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Abstract: Currently, the world is facing high competition and market risks in improving yield, crop
illness, and crop water stress. This could potentially be addressed by technological advancements in
the form of precision systems, improvements in production, and through ensuring the sustainability
of development. In this context, remote-sensing systems are fully equipped to address the complex
and technical assessment of crop production, security, and crop water stress in an easy and efficient
way. They provide simple and timely solutions for a diverse set of ecological zones. This critical
review highlights novel methods for evaluating crop water stress and its correlation with certain
measurable parameters, investigated using remote-sensing systems. Through an examination of
previous literature, technologies, and data, we review the application of remote-sensing systems in
the analysis of crop water stress. Initially, the study presents the relationship of relative water content
(RWC) with equivalent water thickness (EWT) and soil moisture crop water stress. Evapotranspiration
and sun-induced chlorophyll fluorescence are then analyzed in relation to crop water stress using
remote sensing. Finally, the study presents various remote-sensing technologies used to detect
crop water stress, including optical sensing systems, thermometric sensing systems, land-surface
temperature-sensing systems, multispectral (spaceborne and airborne) sensing systems, hyperspectral
sensing systems, and the LiDAR sensing system. The study also presents the future prospects of
remote-sensing systems in analyzing crop water stress and how they could be further improved.
Keywords: crop water stress; hyperspectral; LiDAR; multispectral; optical sensing; remote sensing;
sentinel-1; soil moisture; thermometric sensing
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1. Introduction
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Irrigation water is considered a fundamental and vital resource for agricultural production [1]. A lack of irrigation water will result in crop water stress occurring at different
crop stages and under different environmental conditions, whereby the effects on crop and
soil characteristics manifest in a diverse manner. The primary effect is experienced in the
photosynthesis rate, which further leads to disruption of the transpiration rate. Arid regions have determined innovative ways to fulfill their crop needs according to their growth
stages, type, and environmental conditions, which results in significant improvements
in yield [2,3]. Providing more or less irrigation than required ultimately damages crop
growing length and yield production in addition to causing other problems.
Remote-sensing technology, since its initiation, has come to benefit agriculture in
many ways [4]. It has simplified and optimized agricultural farming [5] through the rapid
detection of crop biomass changes that are often overlooked by traditional methods [6].
Remote sensing utilizes different technologies that are based on computer applications
to gather data from crop, soil, and environmental factors and without physical contact
(Figure 1) [7]. The remote-sensing system provides specific information useful in the
analysis of irrigation scheduling, amount, and time, and determines crop temperature with
high precision [8].
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of irrigation scheduling, amount, and time, and determines crop temperature with high
precision [8].
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systems. Initially, the relationship of relative water content (RWC) with equivalent water
thickness (EWT) and soil moisture crop water stress is determined. Evapotranspiration
and sun-induced chlorophyll fluorescence are then analyzed in relation to crop water
stress using remote-sensing systems. Finally, the study presents an overview of remotesensing technologies used to detect crop water stress, including optical sensing systems,
thermometric sensing systems, land-surface temperature-sensing systems, multispectral
(spaceborne and airborne) sensing systems, hyperspectral sensing systems, and the LiDAR
sensing system.
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Figure 2. Crop water stress assessment: (a) Normal stomatal conductance with no stress retrieved, (b) comparison of irriFigure 2. Crop water stress assessment: (a) Normal stomatal conductance with no stress retrieved, (b) comparison of
gation water resources and micro-environmental conditions near the plant source to evaluate the intensity of the crop
irrigation water resources and micro-environmental conditions near the plant source to evaluate the intensity of the crop
water stress content in real-time field conditions.
water stress content in real-time field conditions.
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system at three locations, where a good correlation of 0.70 was found between leaf water
content and spectral indices at the 970 nm wavelength band.
The EWT approach [29] for determining water weight (FW − DW) per the leaf area
index (LAI) is expressed as
EWT = (FW − DW)/LAI
For determining crop water stress at the RWC level, understanding the leaf water
content is important. The correlation with leaf water content is determined using a remotesensing system [30]. Ceccato et al. [31], Wang et al. [32], and Zhang et al. [33] stated that
leaf water content stress and low water potential are created through an imbalance. The
imbalance appears when the evaporated leaf water content and absorbed water level (by
the root system) are not equal. Leaf water stress depends on the plant condition. Its
transpiration rate and temperatures are indirectly related to each other. In conditions of
higher transpiration, low crop water stress is due to the water availability of the leaves,
while low transpiration leads to high crop water stress (Figure 3) [34]. The transpiration
rate, temperature, cooling, and heating effects are detected by remote-sensing systems and
further processed for crop water stress assessment [35]. However, the methods for leaf
water content estimation are overly time-consuming and are not considered efficient for
large-scale spatial analysis. For limited spatial analysis, modern remote-sensing methods
Remote Sens. 2021, 13, x FOR PEER REVIEW
5 of 28
provide useful results [36]. Among them is a canopy temperature remote-sensing method
that has attracted considerable attention for characterizing crop water stress [37].

Figure 3. Remote-sensing estimation of the crop water stress using leaf transpiration, temperature, cooling, and heating
Figure 3. Remote-sensing estimation of the crop water stress using leaf transpiration, temperature, cooling, and heating
effects, and comparing it with the air and soil moisture levels.
effects, and comparing it with the air and soil moisture levels.

Leaves are not considered a real representative of the complete canopy but are the
top portion of the plant that receives direct solar radiation. This quantity of absorbed solar
radiation influences crop parameters, such as leaf area index (LAI) and upper and lower
leaf features, which are significant characteristics in the remote determination of RWC.
Tanner [38] developed a system for studying canopy temperature in order to continuously
monitor RWC. His study provided an overview of leaf temperature and explains how a
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Leaves are not considered a real representative of the complete canopy but are the top
portion of the plant that receives direct solar radiation. This quantity of absorbed solar
radiation influences crop parameters, such as leaf area index (LAI) and upper and lower
leaf features, which are significant characteristics in the remote determination of RWC.
Tanner [38] developed a system for studying canopy temperature in order to continuously
monitor RWC. His study provided an overview of leaf temperature and explains how a
single leaf is not capable of representing the entire canopy. This minimizes the need for a
specialized system and high-cost maintenance, and less time is needed for analysis [39].
This opened up new ways to automatically monitor RWC stress. However, the lack
of availability of a diverse set of factors [40], decreased sensor image quality [41], and
high costs [42] are issues of the system that still need to be addressed. As crop RWC is
affected by soil moisture, the RWC is overestimated under conditions of high soil moisture,
while at low soil moisture, the RWC is underestimated. Both RWC and soil moisture are
interdependent variables, and little research has been conducted on their effects on crop
water stress [43,44]. A study conducted a model based on a linear relationship between
NDVI reflectance and soil moisture. It estimated a linear relationship between root zone
soil moisture and leaf water potential, but the test was conducted at a depth of 0–5 cm [25].
In this context, the following section examines the relationship of soil moisture with its
interdependent variables.
Satellite systems such as soil moisture active passive (SMAP) and soil moisture and
ocean salinity (SMOS) use passive signals to assess soil moisture. The L-band frequency
measured by these systems can be used to map the global near-surface (0–5 cm) soil
moisture with optimum spatial (25–40 km) and temporal resolution (2–3 d). They are
further able to analyze the near-surface soil moisture content up to the crop root zone (top
1 m) by using data assimilation methods and processing models [45]. The function of these
systems is to monitor the soil moisture at various locations and sparse monitoring chains
and to perform analysis.
Initial research on SMAP and SMOS soil moisture analysis showed significant correlations between the equipment tested in previous years, but there were differences found in
extreme temperatures such as hot and cold zones due to variations in equipment, structure,
and algorithms [46]. The Sentinel-1 mission was tested using the SMAP system for their
overlapping orbits, system functions, and temporal conductivity. This analysis provided
advancement in the soil moisture data for global coverage. Various modern satellites
(active and passive) and sensors have started acquiring data for soil moisture. Soil moisture
data with advanced spatial resolution have been acquired by Sentinel-1 and the ALOS-2
PALSAR satellite mission with a 10 m resolution [47]. Previous satellite systems provided
a revisit frequency of 14 days that is not efficient for soil moisture analysis [48–50].
Soil moisture spatiotemporal analysis is conducted by the Sentinel-1 system. The system further recommends potential processes for relative content analysis. Paloscia et al. [51]
and Hornacek et al. [52] reported on Sentinel-1 as the first soil moisture data analyzer.
Table 1 shows the latest L-band missions, including the National Aeronautics and Space
Administration (NASA), USA, the Indian Space Research Organization (ISRO), the synthetic aperture radar (SAR—collectively referred to as NISAR), and the German-based
Tandem-L missions [53], which provided valuable datasets of soil moisture determination
at a high spatial resolution, giving rise to further novel satellite missions. The Germanbased Tandem-L mission was used on two sets of radar satellites that operate in the L-band
module. The system is considered highly efficient for the global monitoring of dynamic
developments on the soil surface, including the crop vegetation’s vertical structure, soil
surface temperature, and soil surface distortion. The NISAR mission is based on a dual frequency (S and L bands) with the synthetic space radar to understand natural developments
of the soil, such as environmental progressions.
Bogena et al. [54] reported on non-invasive remote-sensing systems for the determination of soil moisture. Particularly, the cosmic ray soil moisture interaction code (COSMIC)
and the cosmic ray neutron probe (CRNP) showed promising results in acquiring soil
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moisture. The system analyzed the tested area from a few hundred to a thousand square
meters at a single time. The soil moisture map was estimated by a study using the SAtélite
de Observación COn Microondas (SAOCOM) mission. The soil moisture sampling work
consists of 17–20 nodes with 44 total measurement sites in order to cover the spatial variability of the soil moisture of the large area. The objective of the studies was to analyze
the number of surface soil moisture samples required to determine the areal mean, which
showed 95% accuracy and 3% v/v error bounds in all nine fields. Results showed an
acceptable level of accuracy between the tested parameters and satellite data, with no
significant differences [55]. Additionally, various soil moisture test locations including
sensors with diverse levels of precision and accuracy, such as the German-based terrestrial
environmental observatories (TERENO), the US-based Marena Oklahoma in situ sensor
testbed (MOISST), and the US-based Texas soil observation network (TxSON), were tested
in the analysis of soil moisture content.
Table 1. Satellites that monitor global soil moisture content with major applications and their
respective advantages and disadvantages.
Systems

Application

Advantages

Limitations

References

AMSR-2

Global
observation of soil
moisture (from the
soil surface to a
few cm depth),
soil water-related
parameter analysis

Acquires both dayand night-time data
with more than 99%
accuracy/Good
acquisition of the
resolution and
accuracy of the data
collection

Works only at
specific
frequency bands,
such as 6.925,
7.3, 10.65, 18.7,
23.8, 36.5, and
89.0 GHz

[56]

AMSR-E

Passive
microwave soil
moisture analysis
with high
efficiency in
relation to drought

Acquisition of daily
determination of soil
moisture data with
precise resolution of
12.5 km

Only two files
per day, one
daytime and one
nighttime

[57]

NISAR

Spatially based
maps of global soil
moisture in
6–12 days

Product
evaluation in
12–24 h

[58]

Much more
expensive than
traditional
satellite systems

[59]

[60]

[61]

Tandem-L

Sentinel-1

SMAP

Global soil
moisture

Acquires day/night
and all-weather for
soil moisture data
with precise
resolution of 3–10 m
Provides highly
precise measured
data ranging within
a millimeter
accuracy with
precise resolution
from 20 m to 4 km

Dynamics
observation

Field determination
is less accurate with
precision resolution
from 5 to 20 m

Easy to develop
new systems,
including
application
development
models and
sensor structures

Analyze soil
surface and
vegetation status

High chance of
mission failure with
the precision
resolution of 9 km

Passive sensors
acquire SSM for
about 36 km
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3. Evapotranspiration and Crop Water Stress
Evapotranspiration (ET) is the water quantity lost to the atmosphere from the crop’s
stomatal aperture and transpiration. Irrigation water availability is a major determinant
of ET, which can be used at different levels. A previous study examined these processes,
and Allen et al. [62] determined various techniques and presented empirical approaches in
analyzing the evapotranspiration with the help of different environmental parameters [63].
This study was tested by many researchers and agronomists under different climatological
conditions and proved to be a good approach in analyzing crop water stress with energy
exchanges. In some climatological conditions, the crop coefficient (Kc) shows a variable
and distant approach for determining real-time crop growth. To avoid issues, techniques
have been further updated by including the weather-dependent references ET and Kc,
which further specifies the type and production stage of the crop.
López-López et al. [64] analyzed the crop evapotranspiration (ETc) for soil matrix
potential and validated crop water stress with the help of an infrared ray gun as a remotesensing tool. Researchers revealed that values ranging from 1.21 to 1.31 VPD could be
recorded in crops with lower water stress, with an r2 of 0.68. Marino et al. [65] investigated the effects of different irrigation levels on the physiological responses of crops and
found that the seasonal reference evapotranspiration was 252.4 mm, while that of crop
evapotranspiration was 194.3 mm using remote-sensing-based UAV systems.
In many cases, the crop growing stage cannot be observed by growers in field conditions. In these particular conditions, satellites provide spatially uniform data to diversify
crop growth stages by analyzing evapotranspiration. This is performed by the METRIC
modeling of imagery data acquired by the remote-sensing method. The METRIC model
is based on the term SEBAL, which works via the energy balance method for crop water
stress assessment using remote sensing.
Alghory et al. [66] determined crop water stress using an evapotranspiration analysis.
Tests showed that an irrigation deficit could potentially benefit crop yield. Other studies
defined empirical approaches to determine crop water stress [67–69], where the ET of
crops was analyzed using remote-sensing systems. Sun et al. [70] and Shellie et al. [71]
examined the auto-model system for crop water stress estimation. Studies revealed that,
upon minimizing half of the irrigation quantity, the recorded ETc was 70–35% of the original
values, whereas the studies recorded the particular crop water stress index at 0.4–0.6.
Romero-Trigueros et al. [72] and Akkuzu et al. [73] analyzed the crop water stress
index using a thermal remote-sensing system and found values ranging from 0 to 0.68 and
from 0.02 to 0.71 in different years. Dauphin [74] (Figure 4) validated NASA’s Ecosystem
Spaceborne Thermal Radiometer, called ECOSTRESS, to evaluate evapotranspiration and
ultimately assess crop water stress for different crops in Peru. The study concluded that
some regions recorded low evapotranspiration and high crop water stress.
Dauphin et al. [74] studied Moderate–Resolution Imaging Spectroradiometer (MODIS)
imagery that provides maps of global agricultural production and conditions influencing
global food security on a timely and regular basis. The Global Land Evaporation Amsterdam Model (GLEAM) is a collection of algorithms that separately estimate the evaporation,
transpiration, bare–soil evaporation, interception loss, open–water evaporation, and sublimation. The system was developed to maximize the recovery of data on evaporation
contained in the latest satellite observations of environmental and climatic variables. The
system provides three salient features: (1) Consideration of the soil moisture parameter on
evaporation, (2) a thorough analysis of forest interception, and (3) wide utilization of microwave recordings, which offer an advantage in cloudy conditions [75]. Remote–sensing
systems have a unique capacity to analyze crop water stress. The systems that use spectral
bands provide efficient, accurate, and optimum evapotranspiration for the estimation of
crop water stress. Gerhards et al. [76] revealed that, upon providing complete irrigation
to crops, crop water stress in crop production was guaranteed at the crop maturity stage.
With the proper availability of soil moisture, crop water stress was 0.2. This showed the
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Figure 4. Evapotranspiration stress by Terra satellite of NASA’s MODIS system and Ecostress system
Figure
4. Evapotranspiration stress by Terra satellite of NASA’s MODIS system and Ecosin east Peru. (a) Study area of the conducted tests, and (b) crop water stress from high to mid and
tress
system in east Peru. (a) Study area of the conducted tests, and (b) crop water stress
low [74].
from
high to mid and low [74].

Dauphin et al. [74] studied Moderate–Resolution Imaging Spectroradiometer
(MODIS) imagery that provides maps of global agricultural production and conditions
influencing global food security on a timely and regular basis. The Global Land Evaporation Amsterdam Model (GLEAM) is a collection of algorithms that separately estimate the
evaporation, transpiration, bare–soil evaporation, interception loss, open–water evapora-
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4. Sun–Induced Chlorophyll Fluorescence and Crop Water Stress
Studies show that remote–sensing systems provide a precise analysis of deep machine
learning [2,77,78], which comes from the target object and evaluates photosynthetic, biotic,
abiotic, and nutrient processes using both passive and active methods to monitor crop
water stress [79]. The passive analysis is linked with chlorophyll fluorescence emissions
and is considered a good indicator of the photosynthetic potential. Passive methods are
used to measure the sun–induced chlorophyll fluorescence (SIF) that is produced from the
vegetation source in the form of a photosynthetic light reaction after sunlight is absorbed by
the leaf. This provides a direct assessment of the photosynthetic process [80] and spectral
resolution data [81]. They are based on the total emitted fluorescence values, but the values
acquired by SIF are lower in field conditions. SIF ranges from 1.0 to 3.5% of the shortwave
energy gained from solar radiation and is determined in a specific spectral wavelength
with a shorter amount of solar irradiation values [82].
Different methods have been used to determine SIF. One important method is the
Fraunhofer line depth (FLD), which is based on specific bands of solar radiation absorbed
by the source plant [83], based on the canopy and ecosystem level. Spaceborne systems
perform global SIF procedures and store the acquired data in a safe database. These systems
were initially developed to measure atmospheric procedures; however, researchers have
since developed specific algorithms that now measure the SIF.
The sensor of the system ranges from a tropospheric monitoring instrument (TROPOMI),
an orbiting carbon observatory (OCO), Global Ozone Monitoring Experiment 2 (GOME–2)
instruments, and a scanning imaging absorption spectrometer for atmospheric cartography
(SCIAMACHY) [84]. The TROPOMI/GOME–2 fluorescence retrievals illustrate a similar
spatial structure as compared with those from a simpler method applied to the Greenhouse
gases Observing Satellite (GOSAT). The system provides a global analysis of far–red
fluorescence with a higher resolution at smaller spatial and temporal scales. Near–global
coverage is delivered within a few days. Studies have shown the physically plausible
variations in chlorophyll over the time period of a single month at a spatial resolution
of 0.5◦ × 0.5◦ . Results provided significant differences between chlorophyll fluorescence
and NDVI retrievals [85]. Further investigations about SIF are being carried out by the
European Space Agency, which developed a mission known as the fluorescence explorer
(FLEX) for 2023. The FLEX mission is expected to provide high–resolution spectrometric
data for global SIF mapping and the rapid determination of visible, red, and near–infrared
reflectance [86].
SIF is estimated by using slight absorption lines received from the solar irradiance
range (Fraunhofer lines) between 650 and 800 nm, and Earth’s atmosphere absorption lines
are also utilized [83]. The classical method to retrieve SIF is the sub–nanometer spectral
resolution between 760.5 and 687.5 nm [87].
Studies reported that SIF is an efficient optical indication of leaf and crop water
stress [88] and have validated the use of SIF in evaluating leaf stress; however, the potential
for utilizing this relationship is still not fully understood for the canopy level [89,90]. Because of this, studies related to SIF in red (FR) and far red (FFR) bands are potentially useful
for tracking crop water stress [91]. A comprehensive analysis of the SIF temporal variable
is required to understand stress levels. SIF and the photosynthetic relationship need to be
further analyzed to assess their application in determining crop water stress [92–96].
5. Optical Sensing Systems and Crop Water Stress
Wheat yield is affected by the grain number per grain filling, which is considered a
dominant factor compared to senescence [97]. However, research using optical sensing
systems revealed a positive correlation between yield and delayed senescence under
crop water stress [98]. An optical sensing system records green phenotypic status as a
determinant of crop water stress and analyzes premature senescence [99]. Senescence is
therefore a vital standard in observing crop vegetation using optical sensing systems when
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considering regions with high weather variation, with more frequent and severe droughts
and high temperatures.
Optical sensing systems provide optimized senescence dynamics that intensify field
tests for various reasons: (i) Senescence in itself is identified and can be indicative of
environmental variations as an underlying cause [100], which ultimately results in low to
moderate heritability in stress conditions [101]; (ii) senescence impacts yield parameters
and protein content and can be caused by crop water stress [102]. The sensitivity of an
optical sensing system can determine stress conditions affecting yield parameters and
green factors. Optical sensing systems can be used to determine the nature of crop water
stress, which is a relevant problem; in fact, various stress factors impose similar effects on
crops. Crop water stress alters the senescence effects on crops, which leads to the removal
or reduction of specific senescence properties [103].
An analysis of efficient senescence provides precise crop water stress using the optical
sensor system, which has positive effects on the harvest index [104], yield protein, and
nitrogen use efficiency [105]. Yield protein is a standard factor in vegetation production,
which is affected by the dilution quantity under the condition of increased C–compound
synthesis [106]. Thus, for exploiting differences in senescence for the determination of crop
water stress using optical sensor systems, concrete knowledge of the vegetation genetics,
environments, and physiological factors of senescence and their correlations under crop
water stress conditions need to be investigated.
An optical sensing system can be used for the detection of various crop stress–
resistance mechanisms [97]. Vegetation crops have benefited from such mechanisms in
avoiding crop water stress. One such mechanism is stomatal conductance (opening and
closure), which can be monitored. This system shows that conductance decreases after a
systemic response commanded by root system signals under a particular stress condition.
This process leads to the closure of the stomata [107]. During crop water stress, stomatal
conductance in the optical sensor system appears to be closed as leaves experience water
stress, particularly when the leaf water potential decreases below a certain threshold [108].
6. Thermometric Sensing Systems and Crop Water Stress
Remote–sensing systems (e.g., thermometric infrared and microwave) are used for
a higher output of data in crop water stress assessment. This technology is involved
in determining the energy reflected from source crops, whereby their temperature is
analyzed, and crop water stress, evapotranspiration, and irrigation water requirements are
evaluated [109]. The system analyzes energy emitted from the target crop and evaluates
the actual soil moisture and crop water availability [110]. It assesses the crop water stress
of large areas due to their potential to gather large datasets and is considered more efficient
than other remote–sensing systems.
Thermal infrared systems are widely utilized for their efficient ability to detect crop
water stress. Thermal infrared systems compare the temperatures of all target objects and
provide a mean average value for the leaf temperature and foliage areas.
A thermal infrared imaging system is composed of cooled and uncooled cameras.
Cooled infrared cameras determine slight temperature variations from highly sensitive
data and can be used at limited spatial scales [111–113]. Uncooled infrared cameras are
comparatively lighter and can be reliably utilized for a vast variety of experiments at an
affordable price. They are used on the ground and in UAV systems.
These systems monitor crop water stress and assess crop water levels. Uncooled
cameras, such as HSI3000 (Palmer Wahl Instruments Inc., Asheville, NC, USA), are utilized
to acquire infrared thermal and microwave images from the crop and canopy source. The
range of the camera is 8–14 microns. The camera is based on an imaging system known as
the focal plane array (FPA) detector, which provides a high resolution of 160 × 120 pixels
using a single sensor camera. This sensor provides an instantaneous field of view (IFOV)
option of 1.3 mrad and a field of view (FOV) option of 20◦ × 15◦ . This feature of the sensor
allows for a spatial range of 0.4 mm × 0.4 mm from a reduced range of 0.3 m. The sensor
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perfectly detects objects with temperatures ranging from 23 to 25 ◦ C, a thermal conductance
sensitivity of 0.15 ◦ C, and a temperature precision from 2 to −2 ◦ C [114–122].
Studies on the successful utilization of thermal and microwave sensors have been
conducted. Cohen et al. [123] developed a thermal sensing system for crop stress analysis.
The system mapped leaf water potential under different irrigation intervals while providing
promising results that were later validated by others. There are many studies considered as
alternative methods for determining crop water stress using the thermal infrared imaging
system for spatial variability analysis. Fuchs [124] developed leaf temperature variation
analysis by using the theoretical method of the crop energy balance and reported that
stress is directly linked to the crop. Jones et al. [125,126] conducted experiments using the
thermal and microwave method to determine a more accurate approach for crop water
stress under full and uniform cover.
Previous studies on thermal imagery analysis for crop water stress estimation provided an average and inaccurate measured temperature for wheat and maize crops. Many
limitations such as the cells of dead leaves, the trunk, or soil might be comprised in sampling, which can lead to non–realistic data or major errors in the results [127]. Technological
advancements have resulted in state–of–the–art systems for determining precise crop water
stress using thermal imagery systems with suitable spatial analysis of the soil surface.
Thermal sensors integrated with near–infrared (NIR) and visible sensors exclude the non–
leaf products from all samples and determine the canopy temperature with the option of
choosing various parts of the leaf and canopy for crop water stress analysis [128].
Studies found that, despite the latest developments in the infrared thermal system, the
hardware and software still need to be significantly improved using advanced knowledge
to analyze leaf and canopy temperatures and crop water stress with precise soil–based
measurements. Data on these factors need to be developed in order to interpret crop
water stress estimation in a more accurate way [129]. A thermal infrared system is used to
determine vegetation water content. The system analyzes imagery data and estimates crop
water capacity and water stress [130,131]. This analysis is of significant importance and
can be used to make better decisions in a more timely manner.
7. Land Surface Temperature Sensing Systems and Crop Water Stress
Land surface temperature (LST) is the main factor in modern agriculture that is used
to analyze crop water stress using remote–sensing systems [132]. Many studies have
been performed to validate the LST system for irrigation mapping [133], crop observation,
evapotranspiration, and crop water stress monitoring [134].
Nugraha et al. [135] tested a multi–scale imagery system for conducting a crop water
stress analysis. The study showed that the identified crop water stress using the LST
method provided a linear trend with the other available data. The LST accuracy was
recorded as 1 ◦ C. Another study showed that the water deficit index (WDI) based on
imagery sensing data could precisely determine crop water stress. The acquired imagery
data provided an indicator to analyze the normalized green–red difference index (NGRDI),
while the WDI recorded a spatial resolution value of 0.25 m [136].
In the LST method, the system uses two types of pixels for evaluating crop water
stress: Cold and hot. The cold pixel system is able to acquire data from the crop with no
crop water stress, while the hot pixel system acquires data from the water–stressed crop.
Evapotranspiration processes were recorded with the help of the surface energy balance
using remote sensing of hot and cold pixels [134]. The study provided recommendations
for the use of the cold pixel system and suggested that, with minute changes in the hot
pixel system, significant results can be achieved. For regions (particularly arid regions)
with high crop water stress, the hot pixel system is utilized to determine precise crop water
stress content [137].
The hot pixel system is in significant demand for evaluating LST (◦ C), as it is directly
linked to crop water stress. Accurate LST determination depends on the precise measurement of soil surface emissivity, which is considered a dynamic function due to abrupt
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variations in land cover, plant growth, and other stress conditions. The inclusion of a soil
emissivity analysis results in a considerable overestimation of LST. However, if emission is
overestimated, the determination based on LST will be inaccurate.
Dhungel et al. [138] argued that when evaluating crop water stress, LST plays a
significant role in providing the required parameters, such as evapotranspiration and
water and surface energy balances. The data for the required parameters are acquired
from the source target using the thermal infrared satellite system. This technical process
includes multiple functions for atmospheric corrections, radiometric analysis, emissivity
management, and cloud removal, which are complex methods and require several other
parameters to be involved.
A study conducted by Heinemann et al. [139] for retrieving LST, including climatological emissions and atmospheric management, revealed a value of 0.157 (standard deviation,
SD = 0.227), while the full vegetation revealed a value of 0.905 (SD = 0.111) by means of
four rape plots (healthy varieties). LST values showed a maximum deviation (dLST) of
1.0 K for varieties and bare soil surfaces. An accurate environmental temperature is widely
adapted to measure crop water stress [140]. Malbéteau et al. [141] found an LST mean of
0.99, while the root mean square error (RMSE) was 0.68 ◦ C, acquired using the UAV system
for crop water stress assessment. The grass surface showed an RMSE value of 0.45 ◦ C.
Torres–Rua et al. [142] analyzed spectral functions to obtain thermal emissivity patterns.
That study suggested that certain characteristics, such as emissivity values ranging from
0.99 to 0.96, can be used to accurately estimate crop water stress.
8. Multispectral Sensing Systems and Crop Water Stress
Figure 5 shows the A–type optical multispectral sensing system, which is composed
of a prism, sensor, crating, and lens. The camera system captures the external light striking
at the prism, which breaks the light into its minor proportions. Ultimately, the sensor
creates multispectral imagery data. Meanwhile, the C–type filter is composed of multiple
spectral filters. The filter acquires crop imagery data, in the minimum processing time,
to provide multi–layer imagery information. Multispectral UAV remote–sensing systems
are equipped with high–resolution pixel cameras that precisely analyze crop water stress.
They are available at lower costs, which makes them more accessible, cheap, and effective
trackers of crop water stress. The camera system simultaneously displays three color bands,
red, green, and blue, with natural color imagery. The AIRPHEN multispectral camera
provides reliable crop water stress results using a lens with an 8 mm focal length; the
lens acquires images of 1280 × 960 pixels, which can be saved in various formats. The
AIRPHEN camera system is constructed with six other separate camera systems that have
a filter corresponding to 450, 530, 560, 675, 730, and 850 nm wavelengths and provides
a spectral resolution of 10 nm in different conditions. The combination intervals of the
separate cameras are adjusted intelligently such that the dynamics and saturation are
maximized. The camera system acquires imagery data on a continuous basis at a 1 Hz
frequency wavelength [143].
Various studies, e.g., by Gago et al. [45], have reported a detailed analysis on drought
and moisture values for crop water stress assessment. This information is acquired by
remote sensors to obtain electromagnetic–range reflectance data. It is feasible that the
light spectra of crops are variable and change with each crop type, tissue water levels,
and intrinsic parameters. A previous study used the backscattering (dB) C–band data
extracted from the multispectral system. For Sentinel–1, Landsat–8, and combination
methods, significant results related to RMSE were recorded, such as 0.89, 0.24, and 0.31 (mm
day–1), respectively [144]. The crop reflectance at a particular electromagnetic wavelength
is analyzed according to the morphological and chemical features of the source surface.
Crop water stress analysis is performed on the given wavelength spectra: (i) Ultraviolet
wavelength (UV) spectra ranging from 10 to 380 nm; (ii) visible wavelength spectra in the
blue range (450–495 nm), the green range (495−570 nm), and the red range (620–750 nm);
and (iii) near–infrared wavelength spectra (850–1700 nm) [145].
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that novel airborne multispectral systems that were initiated have become operational for
crop water stress assessments, including the Optech Titan mission, which provided data
for wavelengths from 532 to 1550 nm. The other airborne multispectral system, known
as Riegl VQ–1560i–DW, provides data for the wavelength range 532–1064 nm. The color
band differentiates the magnitude of absorbed light. These differences are analyzed on
the basis of land cover characteristics [153]. The Optech Titan system analysis presents
crop water stress using spectral [154], texture [155], and geometrical parameters [156]. The
airborne multispectral analysis provides high–accuracy characterization of the dominant
source class [157]. Studies validating the application of the Optech Titan system for crop
water stress characterization based on intensity and structural parameters have provided
significant results [158].
9. Hyperspectral Sensing Systems and Crop Water Stress
Figure 6 shows the process of data acquisition by first observing the target with the
help of a hyperspectral camera and then delivering a large amount of data to a user. The
hyperspectral camera system is based on the continuous acquisition of spectral analysis.
The system provides a correlation between crop health and spectral characteristics [159].
Its objective is to detect crop reactions under environmental conditions and provide an
estimation of crop water stress in an easy and reliable way. The wavelength band of
the hyperspectral remote–sensing approach ranges from 8 to 14 µm [160]. Atmospheric
correction, emissivity, and temperature separation methods need to be applied for hyperspectral crop water stress determination [161]. For atmospheric correction, the spectral
radiance analysis, performed by the system, is composed of the source radiance emission
and emission radiated by the surroundings that are reflected from the surface of the source.
Further impacts on the system are created by scattering radiation, absorption, and emission.
Studies have ignored many parameters from the empirical forms of measurement, but it
was later found via the MIDAC FTIR spectrometer system that these data and results are
comprised of ineffective variables that impacted the results [162]. This was later updated
with the required parameters. For emissivity and temperature separation, the data and information need to be known. The determined spectral radiance in the emissivity separation
is the parameter of the spectral emissive and acquired environmental temperature of the
source target. Therefore, it needs to be considered that radiance is evaluated in the n–band
wavelength, which is correlated with both the soil temperature and emissivity parameters,
which need to be known to analyze the surface temperatures using the hyperspectral
remote–sensing system for crop water stress analysis [163].
Hyperspectral remote sensing for crop water stress has, so far, been rarely studied due
to the lack of attention from researchers, which occurred for various reasons. Ribeiro da
Luz et al. [164] reports that crop plants provide non–suitable spectral parameters when
acquired by the hyperspectral system because of the following: (i) The high cost of the
hyperspectral systems, which makes them inaccessible to many, (ii) the low and minor
spectral emissivity acquired by the system related to crop water stress, which provides non–
significant data, and (iii) there is less chance of detecting minor crop changes such as growth
and development. Studies show that the particular spectral characteristics are relevant to
different crop types [165–167]. Tests on defining the correlation between biochemical stress
effects and leaf structural characteristics are reported by Buitrago et al. [168] and Buitrago
Acevedo et al. [169].
Further studies are required to develop and upgrade the hyperspectral remote–sensing
applications. The traditional system is unable to provide effective and precise data with
the current package of system applications. Our study proposes that there is a serious
need to develop mathematical algorithms that are flexible, reliable, and cheap and that
yield effective results in all environments. The system also lacks satellite mission designs, including a Landsat surface temperature monitor (LSTM) [170–173], a hyperspectral
infrared image (HyspIRI) [174–179], and a high–resolution temperature and spectral emission mapper (HiTeSEM) [180–184], which are able to acquire crop water stress on a global
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scale [185–189]. A previous study proposed three new spectral absorption indices, the results of which estimated a suitable correlation for the equivalent water thickness compared
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to the fuel moisture content; however, the third index outperformed other indices at the
leaf level [190].
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Light detection and ranging (LiDAR) can be understood to be a dynamic remote–
sensing system that delivers accurate 3D data by analyzing the flight time of the released
laser light from the sensor to the source. The directed short–band laser light efficiently
infiltrates the crop canopy and is less affected by the infiltrated light [191]. Because of this,
it possesses a great capacity for field–based crop water stress estimation [192]. The LiDAR
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histogram data (plot c). The study determined the cdf for each of the corresponding pixels
during the tests. The planophile and spherical distributions are analyzed as a comparison
to the disseminations that were utilized for the 10 m vegetation cover.
The estimation of the LiDAR system to crop water stress is less developed, while
allowing the depths and types of data delivered by the LiDAR system in a short period
of time at a lower cost, specifically in relation to crop water stress [198]. This study
evidenced the inherent faults in the procedure, vulnerability, and inefficiency in acquiring
physiological traits and incomplete crop water stress representation. The aforementioned
factors suggest that, in crop water stress, the LiDAR system will need to be linked with
another system to address the above–stated drawbacks. However, further studies are
required to conduct the exploration of crop responses to crop water stress using LiDAR
systems. The reliability of LiDAR in analyzing crop water stress and how crops respond to
water stress conditions still need to be explored.
11. Future Directions
Remote–sensing systems can clearly be applied in target water stress identification.
Other than applications such as crop growth assessment, irrigation, and crop losses, digital
image techniques are performed for leaf and canopy phenotypic classification to detect crop
water stress with the help of digital imagery data. The latest approaches to remote sensing
for digital imagery used for crop water stress estimation have delivered significant results.
The research mostly showed crop water stress at three stages: No water stress (optimum
moisture), medium water stress (light drought stress), and high water stress (drought
stress). These techniques delivered promising results for the estimation of crop water stress,
with precision from 83–99% [199–201]. Visible imagery techniques of crop canopies and
leaves show a diverse set of phenotypes under water–stressed conditions. Analyzing crop
water stress variation is difficult and costly with manual and test–site sensors because
(i) data acquisition with manual sensors is laborious and (ii) the price of sensors is high.
Efficient ground–based sensors and UAV systems are becoming important to advance
image collection. Different symptoms are important to immediately estimate crop water
stress, which cannot be estimated by only using a visible image system, yet spectral bands
(infrared, thermal, and multispectral) have not been fully exploited. Considering this, these
methods could be performed in an integrative fashion for estimating crop water stress in
drought conditions. The SMAP technique (L–band) is highly effective for determining soil
moisture, as it gives flexible parameters that are utilized in cold as well as hot regions,
and it is used by NASA and ISRA. Moreover, the FLEX system is highly compatible and
will be used by ISRA to analyze SIF and reflectance for its 2023 missions, followed by
SEBAL for leaf and canopy thermal imagery (Table 2). Findings from studies related to the
detection of crop water stress using remote–sensing systems will further upgrade the scope
of remote–sensing technology, management, and techniques and open up new perspectives
for research on crop water stress management.
Machine learning is important for improving system efficiency and quality. For example, a microcontroller–based signal processor (MSP430) supports soil and environmental
sensors for the proper assessment of crop water stress. A standalone wireless sensor system, composed of a gateway and wireless sensory nodes, is a reliable source for analyzing
crop water and soil moisture stress factors as presented in Table 2. Machine–learning–
based artificial neural networks (ANNs) forecast an accurate level of crop water stress.
An ANN obtains the data using a wireless sensory network supported by infrared thermometers (IRTs) that are attached to calculate the irrigation levels. Ultimately, the system
acquires data from the crop, soil, and environmental factors, transmits it to a computerized
irrigation–controlled algorithm, and provides crop, soil, and environmental stress analysis.
Another machine–learning system, the ARS–pivot (ARSP) system, simplifies the ANN
analysis and reliably predicts the potential crop water stress by analyzing previous data
related to IRTs. ANN–based machine–learning systems show promise for the efficient
forecast analysis of crop water stress [202]. Thus, the development of ANN and ARS
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systems can potentially provide beneficial aspects in forecasting crop water stress. This can
also help in generating future data, even in particular conditions where the direct analysis
of crop water stress is not possible due to bad visibility, non–availability, or high cost of
the system.
Table 2. Summarizing a few remote–sensing systems and presenting relevant parameters.
Remote
Sensing System/Features

Thermal
Sensor

Optical
Sensor

Soil Moisture
Sensor

Advantages
High accuracy
and precision;
Automatic
selection of the
canopy
Multiple light
sources are
captured in a
single image;
Cost effective;
Wide adoption
Large field
coverage

Temporal
Resolution

Spatial
Resolution

References

Limited
commercial
production

1–16 days

30 m–1 km

[203]

Limited data
transmission

12 days

10–30 m

[204]

Expensive

2–3 days

20–40 km

[205]

Disadvantages

12. Conclusions
Remote–sensing technology is booming and undergoing continuous development
regarding its reliability, remote functions, and efficiency. Crop water stress assessment
is a technical and very complex procedure in itself and conducting these processes without remote–sensing technology is difficult. Complete field sensing using remote–sensing
systems is highly appealing. Our critical review presents a modern and updated analysis
of the suitability of highly advanced and modern remote–sensing systems. Our study
recommends novel techniques that integrate farmers, researchers, and tech–developers so
as to upgrade innovative methods with minimum cost, e.g., multispectral/hyperspectral
and thermal sensing systems based on remote–sensing features. This review proposes
remote–sensing systems and paves the way to designing new facilities that analyze a system’s efficiencies under various environmental conditions. It demonstrates their working
abilities and thus contributes to assessments of crop water stress. It further demonstrates
how these technologies work together in a combined and connected setup to maximize system efficiency and minimize water deficit conditions. We have updated the literature and
conducted a critical analysis in relation to simple methods for determining crop water stress
factors, including crop water stress detection calculations. Due to a large number of studies
on crop water stress and remote–sensing applications, there is a high number of established
techniques and frameworks that are accurate, reproducible, and applicable under a wide
variety of climatic, soil, and crop conditions. Future upgrades that further maximize water
use efficiency and high yield production will be needed to avoid challenging conditions in
the long run.
13. Patents
The graphical abstract (Figure 1) exclusively presents a new concept related to remote–
sensing technology, which shows how crop water stress is detected and forecasted using
crop statistics and computer software.
The concept (Figure 2) presents two different crop conditions during the crop water
stress using a graphical presentation: a) normal stomatal conductance with no stress and b)
a comparison of irrigation water resources and micro–environmental conditions near the
plant source.
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Figure 3 shows remote-sensing estimation of the crop water stress using leaf transpiration, temperature, cooling, and heating effects, and a comparison with the air and soil
moisture for the potential crop water stress estimation.
Figure 5 shows the A- and C-type optical multispectral camera system and how it
assesses crop water stress using different approaches.
Figure 6, as a graphical method, presents the remote-sensing hyperspectral camera
system to estimate crop water stress in normal and water-stressed conditions, and shows
how to address the water stress conditions.
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