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Abstract: Climatic variability and extreme weather events impact agricultural production, especially
in sub-Saharan smallholder cropping systems, which are commonly rainfed. Hence, the development
of early warning systems regarding moisture availability can facilitate planning, mitigate losses and
optimise yields through moisture augmentation. Precision agricultural practices, facilitated by un-
manned aerial vehicles (UAVs) with very high-resolution cameras, are useful for monitoring farm-scale
dynamics at near-real-time and have become an important agricultural management tool. Considering
these developments, we evaluated the utility of optical and thermal infrared UAV imagery, in com-
bination with a random forest machine-learning algorithm, to estimate the maize foliar temperature
and stomatal conductance as indicators of potential crop water stress and moisture content over the
entire phenological cycle. The results illustrated that the thermal infrared waveband was the most
influential variable during vegetative growth stages, whereas the red-edge and near-infrared derived
vegetation indices were fundamental during the reproductive growth stages for both temperature and
stomatal conductance. The results also suggested mild water stress during vegetative growth stages and
after a hailstorm during the mid-reproductive stage. Furthermore, the random forest model optimally
estimated the maize crop temperature and stomatal conductance over the various phenological stages.
Specifically, maize foliar temperature was best predicted during the mid-vegetative growth stage and
stomatal conductance was best predicted during the early reproductive growth stage. Resultant maps of
the modelled maize growth stages captured the spatial heterogeneity of maize foliar temperature and
stomatal conductance within the maize field. Overall, the findings of the study demonstrated that the
use of UAV optical and thermal imagery, in concert with prediction-based machine learning, is a useful
tool, available to smallholder farmers to help them make informed management decisions that include
the optimal implementation of irrigation schedules.

Keywords: drones; foliar temperature; machine learning; maize phenotyping; precision agriculture;
smallholder farming systems; stomatal conductance; thermal imagery; UAV applications
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1. Introduction

In recent decades, agricultural production in sub-Saharan Africa has been threat-
ened by water scarcity, unpredictable weather, and arid conditions [1,2]. In South Africa,
smallholder agriculture (less than two hectares in size) is predominantly rainfed, which
often results in crops experiencing water stress and moisture shortages due to inadequate
rainfall [3–5]. However, there are limited, spatially explicit, evidence-based frameworks
and instruments for monitoring crop water stress in smallholder croplands, especially in
those cultivating maize (Zea mays L.), predominantly for subsistence [6,7]. Since maize is a
staple grain crop and one of the most widely cultivated crops in South African smallholder
farms [8], there is a need for spatially explicit methods to characterise maize water stress to
prevent yield losses and optimise the productivity of smallholder farmers.

Maize requires between 450 and 600 mm of water per season as it is sensitive to water
stress, especially during the tasseling, silking, and pollination stages [9]. At physiological
maturity, a single maize crop requires approximately 250 L of water to produce approx-
imately 15 kg of grain for each millimeter of water consumed [10]. Although additional
factors such as soil nutrients, light and humidity may affect growth, water stress is often
the major limiting factor. The high variability of rainfall in South Africa often results in
there being less water to sustain optimal crop growth and productivity [11,12]. These water
deficits result in the stomata cells, which are found in the epidermis of the leaf, closing to
reduce moisture loss through transpiration, resulting in increased leaf temperatures due
to the limited moisture conductance available to cool the leaf surface [13,14]. Considering
that maize water use varies in the emergence, vegetative and reproductive phenological
stages, its phenological metrics will also vary with the variation in these growth stages
along with its attributes, such as temperature and stomatal conductance, associated with
the respective photosynthetic activities. Hence, the determination of foliar temperature
and stomatal conductance are often used as proxies for the near-real-time detection of
crop water stress [15–19]. The accurate quantification of maize foliar temperature and
stomatal conductance across the growing season can, therefore, assist smallholder farmers
in adopting measures to mitigate losses and optimise yield.

Traditionally, crop water stress has been determined using in situ plant measurements,
soil moisture content or meteorological variables [17]. However, these approaches are
time-consuming, costly, laborious, [15], and, in South Africa, prone to vandalism and
theft, and thus not suitable for the continuous and real-time monitoring of crop water
stress. Recently, studies have demonstrated that remote sensing techniques using optical
or thermal imagery can be used to monitor crop water stress [20–24]. According to El-
Hendawy, Al-Suhaibani [25], several multispectral regions of the electromagnetic spectrum
are indirect water stress indicators and useful for quantifying crop water content through
the leaf’s biochemical attributes [25]. Specifically, the visible (blue, green, red) and the
near-infrared (NIR) wavelengths hold great potential for the prediction of water due to their
absorption of water through leaf pigments such as chlorophyll [26]. Moreover, the thermal
infrared portion of the electromagnetic spectrum is directly correlated with water content
proxies, such as temperature and stomatal activity, and is thus proficient in the analysis of
temperature attributes. The thermal infrared radiation ranges from 8 µm to 14 µm on the
electromagnetic spectrum, and its utility in remote sensing enables the detection of water
stress due to its non-destructive nature and low labour inputs [18].

While traditional, satellite-based remote sensing techniques have proven useful in
quantifying water stress, several constraints limit their suitability for monitoring tem-
perature and stomatal conductance at the farm-scale. The spatial resolution of satellite
earth observation data is generally too coarse to capture the spatial heterogeneity within
smallholder farms. Moreover, broad-band thermal satellite imagery results in geometrical
inaccuracies when co-registering to other portions of the electromagnetic spectrum that
have higher spatial resolutions [27]. Thus, alternate approaches that can adequately capture
the spatial heterogeneity at localised levels are required to facilitate precision agricultural
applications within smallholder farms.
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In recent years, unmanned aerial vehicles (UAVs) have become a popular field phe-
notyping platform for precision agricultural applications. UAV-based phenotyping is the
measurement and analysis of plant characteristics in a far more advanced and detailed
manner [23,24,28–35]. UAVs mounted with very-high-resolution (VHR) cameras offer
advanced crop image throughput analytics and are effective in overcoming the limitations
of satellite imagery [36,37]. Phenological metrics can be derived using the spatially explicit
UAV images acquired by VHR cameras that offer near-real-time spectral information, which
is useful for detecting gradual changes in crop phenology, foliar temperature, stomatal
conductance and moisture content [23,38]. UAV images can be continuously acquired under
user-defined ground sampling distances and temporal intervals, which limit atmospheric
perturbations such as cloud cover [36,39]. Therefore, the accurate mapping and analysis
of agricultural maize fields using an optical and thermal infrared UAV holds significant
potential for providing data that inform smallholder farmers on potential crop water stress.

Foliar temperature and stomatal conductance can be optimally assessed using a robust
machine learning algorithm that can derive a relationship using spectral bands and vegeta-
tion indices (VIs) to predict temperature and conductance. The use of machine learning
algorithms such as random forest, support vector machines and multiple linear regression
has proven to be instrumental in characterising crop characteristics such as the water and
health status of plants [40–43]. The random forest ensemble is often preferred as it has
generally been shown to outperform the other two algorithms [44,45]. Random forest is
nonparametric algorithm that is renowned for its ability to discern the minute variations in
numerous spectral variables while circumventing the impact of collinearity, autocorrelation
of variables and overfitting the models. Additionally, RF has the advantage of the fact that,
regardless of the sample size, it employs a bootstrapping mechanism that optimises the
resampling and utilisation of the data implemented when drawing training datapoints for
building trees for each model [46]. In this regard, RF was anticipated to be a suitable tech-
nique for accurately estimating foliar temperature and stomatal conductance as indicators
of crop water stress in smallholder farms. VIs are mathematical combinations of image
bands, which are ratioed for the extraction of spectral properties, such as canopy cover,
vigour and growth [47,48]. VIs, such as the normalised difference water index (NDWI) and
the normalised difference vegetation index (NDVI), have been identified as being particu-
larly useful in directly or indirectly quantifying water stress within vegetation [13,25,49,50].
Furthermore, the use of these Vis, in combination with machine learning algorithms, have
proven to be useful in characterising crop temperature and water stress [50,51]. Considering
the potential to utilise UAV-derived data combined with a machine learning algorithm,
in this study, we aimed to explore the utility of using UAV image data to predict foliar
temperature and stomatal conductance. Specifically, we sought to predict maize foliar
temperature and stomatal conductance using UAV-derived spectral variables (bands and
VIs) to quantify potential water stress throughout the growing season within a smallholder
farm. Furthermore, to understand the crop water stress component of the research, the
phenological metrics of canopy temperature and its difference to air temperature (Tc–Ta)
were plotted over phenotyping.

2. Materials and Methods
2.1. Study Site Description

Data for this study were collected over a four-month period (from February 2021 to
May 2021) in the communal area of Swayimani, KwaZulu-Natal, South Africa (29◦31′24” S;
30◦41′37” E) (Figure 1), which lies within the uMshwathi Local Municipality. Swayimani is
a small town of approximately 36 km2 and is situated in a north-easterly direction from
Pietermaritzburg. The prime activity that locals of Swayimani partake in is semi-subsistence
farming on their housing plots, which is a crucial form of livelihood sustenance and food
security. The predominant crop types in Swayimani are white and yellow maize, sugarcane,
tomatoes, amadumbe (taro), and sweet potato [28]. The smallholder farmers manually
sow crop seeds and fertilise croplands with livestock manure. Maintenance of farm plots
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is purely manual, i.e., fields are hand-weeded or controlled using backpack herbicide
sprayers. Crop yields are also harvested by hand. This study examined a 30 × 96 (2850 m2)
smallholder maize field that was situated on a gradual slope, with a field elevation ranging
from 850 m to 839 m.
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Figure 1. The location of the Swayimani study area, AWS, study site, and the specific smallholder
maize field (WGS84, UTM zone 36S).

Agriculture and crop production in Swayimani is supported by the warm wet summers
and cool dry winters, which have average temperatures ranging between 12 ◦C and
24 ◦C. The average annual rainfall ranges between 600 and 1200 mm, with most of the
rain occurring during the summer, occasioned by thunderstorms. Hence, the primary
source of cropland irrigation is rainwater. During data collection, Swayimani had an
average daily maximum air temperature of 24 ◦C and total rainfall of 242.80 mm, amongst
additional weather data (Figure 2). Weather conditions were recorded continuously by the
Automatic Weather Station (AWS) installed at a Swayimani high school. Since the AWS was
located approximately 2 km from the smallholder maize farm, it was considered proximally
adequate for recording the weather conditions of the study site.
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Figure 2. Daily weather conditions in Swayimani over the period of maize phenotyping.

2.2. Maize Growth Stages

The maize crop had a total growth cycle of 108 days. The seedlings were planted on
8 February 2021 and crop yields were harvested on 26 May 2021 (Table 1), Temperature
and stomatal conductance measurements differed throughout the maize phenological cycle.
The maize growth cycle consists of vegetative stages, where the stages from emergence to
tasseling were examined (dependent on the number of fully expanded leaves), as well as
the reproductive stages, which range from silking to physiological maturity (dependent on
the degree of kernel development) [52,53]. Within the various stages, certain transitions
are significant when monitoring the potential occurrence of water stress. These are the
plant emergence stage (date of the first photosynthetic activity, phrased as VE), tasseling
stage (date when the leaf area is at its largest and tassels begin to emerge, phrased as VT)
and initiation of senescence (date when the green pigment of the leaf visibly begins to
decrease) [10].

It is worth noting that, during the mid-vegetative stage, the western portion (lower
elevation) of the field appeared to have unhealthy leaves. This may have been due to the
fact that this section of cropland was not weeded with the rest of the field during the early
vegetative growth stage. However, the smallholder farmer applied herbicide during the
mid-vegetative growth stage to eliminate grasses and weeds that were growing between
the rows. As a consequence, the herbicide lowered the health status of these crops, as the
plant suffered a mild herbicide burn.
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Table 1. Maize growth stages (Brewer et al., 2022 [28]).

Days after Emergence Growth Stage Description Pictures

0 VE

Ve
ge

ta
ti

ve
G

ro
w

th
St

ag
es Germination and emergence. Planting depth 5–8 cm.
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2.3. Field Data Collection, Sampling, and Survey

Field data were collected throughout the maize phenological cycle. A 4-m meteorolog-
ical tower was installed at the center of the maize field with two infrared radiometers (IRR)
(Apogee SI-111, Apogee Instruments Inc., Logan, UT, USA) (Figure 3a,b). The automated
IRR sensors were installed to provide a better understanding of the plant canopy tempera-
ture, which further enhanced the understanding and conclusions being made regarding
crop water stress. The SI-111 IRR measures surface temperature by converting the thermal
energy radiated from the surface. The SI-111 IRR obtains a spectral range from 8 µm to
14 µm, with measurement ranges from −60 ◦C to 110 ◦C, and a manufacturer accuracy
of ±0.5 ◦C [54]. The two IRR sensors were attached at a 23 and 45◦ half-angle field of
view (FOV), with one centered on maize and the other obtaining an azimuth view that
is perpendicular to the row direction. This was to capture the large spatial extent of the
field during the experimental period. We programmed the datalogger (CR1000, Campbell
Scientific, Logan, UT, USA) to output average foliar canopy temperature, from 10 s mea-
surements, at the following intervals: 5 min, 10 min, 30 min, 60 min. IRR measurements
were also aggregated to acquire daily average temperature using the 10-min data. These
temporal intervals were set such that short-term and long-term changes in temperature
were detected over the course of the phenological cycles of maize.

Drones 2022, 6, x FOR PEER REVIEW 7 of 28 
 

also aggregated to acquire daily average temperature using the 10-min data. These tem-

poral intervals were set such that short-term and long-term changes in temperature were 

detected over the course of the phenological cycles of maize. 

   
(a) (b) (c) 

Figure 3. (a) Automated in-field meteorological tower in the maize field, (b) meteorological tower 

mounted with SI-111 Apogee IRR sensors held 4-m above the ground, (c) CR1000 data logger, Em50 

data logger and 12 V battery. 

The SI-111 radiometers were calibrated in a temperature-controlled chamber with a 

built blackbody cone for the radiation source. This was carried out by holding the SI-111 

IRRs in a fixture at the opening of the blackbody cone. The IRR sensors were thermally 

insulated from the cone and the temperature of each was independently controlled. The 

IRRs are held at a constant temperature while the blackbody cone was controlled at tem-

peratures below 12 °C, above 18 °C and equal to the IRR temperature. IRR temperature 

data were collected at every 10 °C, until the IRRs and blackbody cone reached constant 

temperatures. The calibration procedure is generally conducted to standardize the meas-

urements. IRR measurements of maize temperature were used to calibrate the handheld 

infrared thermometer (IRT) measurements that were used to develop the prediction 

model. Moreover, the IRR measurements were used to assess the thermal infrared UAV-

derived temperature. 

In-field maize temperature and stomatal conductance measurements were collected 

from the early vegetative (V5) stages to the late reproductive stages (R6), at two-week 

intervals. The two-week intervals were deemed adequate to capture the phenological 

changes in the experimental crops. The in-field measurements of the specific maize crops 

are collected to ground-truth the drone imagery to the actual crop characteristics on the 

ground. Additionally, the individual ground measurements play a crucial role in running 

the prediction model. Pre-sampling of the smallholder cropland was carried out in Google 

Earth Pro where a polygon of the experimental field was digitised. The digitised polygon 

was used in ArcGIS 10.5 to produce 63 stratified random sampling points within the 

boundaries of the maize field. The sampling points were then imported into a handheld 

Trimble Global Positioning System (GPS) with sub-meter accuracy. The GPS locations 

were used to navigate to the maize sample points during weekly in-field data collection. 

Each of the maize sampling points were marked for consistent bi-weekly measurement. 

The 63 maize points were sampled on six occasions over phenotyping. 

Specifically, a digital laser infrared GM320 handheld thermometer (IRT) was used to 

measure selected maize foliar temperature. The e IRT was used in this study due to its 

convenience and rapid ability to measure surface temperature. IRT measurements can 

range from approximately −50 °C to 330 °C. During the vegetative stages (when a sixth 

leaf was present) and during the tasseling stage, the IRT temperature readings were taken 

on the newest fully expanded leaf with an exposed collar. Subsequent to the tasseling 

Figure 3. (a) Automated in-field meteorological tower in the maize field, (b) meteorological tower
mounted with SI-111 Apogee IRR sensors held 4-m above the ground, (c) CR1000 data logger, Em50
data logger and 12 V battery.

The SI-111 radiometers were calibrated in a temperature-controlled chamber with a
built blackbody cone for the radiation source. This was carried out by holding the SI-111
IRRs in a fixture at the opening of the blackbody cone. The IRR sensors were thermally in-
sulated from the cone and the temperature of each was independently controlled. The IRRs
are held at a constant temperature while the blackbody cone was controlled at temperatures
below 12 ◦C, above 18 ◦C and equal to the IRR temperature. IRR temperature data were
collected at every 10 ◦C, until the IRRs and blackbody cone reached constant temperatures.
The calibration procedure is generally conducted to standardize the measurements. IRR
measurements of maize temperature were used to calibrate the handheld infrared ther-
mometer (IRT) measurements that were used to develop the prediction model. Moreover,
the IRR measurements were used to assess the thermal infrared UAV-derived temperature.

In-field maize temperature and stomatal conductance measurements were collected
from the early vegetative (V5) stages to the late reproductive stages (R6), at two-week
intervals. The two-week intervals were deemed adequate to capture the phenological
changes in the experimental crops. The in-field measurements of the specific maize crops
are collected to ground-truth the drone imagery to the actual crop characteristics on the
ground. Additionally, the individual ground measurements play a crucial role in running
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the prediction model. Pre-sampling of the smallholder cropland was carried out in Google
Earth Pro where a polygon of the experimental field was digitised. The digitised polygon
was used in ArcGIS 10.5 to produce 63 stratified random sampling points within the
boundaries of the maize field. The sampling points were then imported into a handheld
Trimble Global Positioning System (GPS) with sub-meter accuracy. The GPS locations were
used to navigate to the maize sample points during weekly in-field data collection. Each
of the maize sampling points were marked for consistent bi-weekly measurement. The
63 maize points were sampled on six occasions over phenotyping.

Specifically, a digital laser infrared GM320 handheld thermometer (IRT) was used
to measure selected maize foliar temperature. The e IRT was used in this study due to
its convenience and rapid ability to measure surface temperature. IRT measurements
can range from approximately −50 ◦C to 330 ◦C. During the vegetative stages (when
a sixth leaf was present) and during the tasseling stage, the IRT temperature readings
were taken on the newest fully expanded leaf with an exposed collar. Subsequent to
the tasseling stage, the ear leaf (i.e., the leaf attached to the same node as the primary
ear shank) was evaluated [55]. Three foliar temperature measurements were taken and
subsequently averaged per sampling point. Stomatal conductance was measured using a
SC-1 leaf porometer (Decagon Devices, Inc., Pullman, WA, USA). The SC-1 leaf porometer
calibration was used due to its ability to measure leaf conductance rates whilst taking the
surrounding environmental conditions into account. Stomatal conductance is the measure
of gaseous exchange (i.e., carbon dioxide intake) and transpiration (i.e., water vapour loss)
through the leaf stomata, and is a function of the density, size, and degree of opening of
stomata [56]. Leaves with open stomata allow for greater conductance and, consequently,
indicate potentially high photosynthesis and transpiration rates, while closed leaf pores
indicate potential plant stress.

The SC-1 leaf porometer calibration was performed prior to measurements under
field conditions, as the leaf clip must be in thermal equilibrium with the environment.
This included wetting filter paper with the distilled water provided in the sensor kit,
and then placing filter paper over the hole in the calibration plate. The sensor head
was then attached to the calibration plate, where a 30 s measurement began. After the
measurement, the sensor was equilibrated, and the sensor head was reattached for another
measurement. Calibration measurements were repeated up to 10 times until a stable
measurement was achieved. Again, the calibration of the instrument is performed to
standardise the measurement. Leaf porometer readings were carried out on the same leaf
as the IRT temperature readings. The same readings were carried out on the same leaf,
to link the actual measured leaf temperature and its stomatal conductance. During the
mid and late reproductive stages, a fully matured maize leaf in full exposure to sunlight
was selected, and the sensor was placed in the middle of the leaf blade perpendicular to
the midrib when conducting measurements. Blades of expose leaves were used in this
study to avoid the impact of shadowing, which might alter the photosynthetic activities of
the plant. The SC-1 leaf porometer automatically measured the leaf stomatal conductance
(in mmol m−2 s−1) for a measurement period of 30 s, whilst providing measurements of
air temperature and humidity. Stomatal measurements close to 0 mmol m−2 s−1 indicate
extreme stress, whereas values close to 500 mmol m−2 s−1 indicate no stress.

IRT (temperature) and SC-1 leaf porometer (stomatal conductance) measurements
were consistently taken between 10:00 am and 2:00 pm throughout the various stages of
the maize phenological cycle. These time periods were suggested due to the optimal solar
radiation and limited atmospheric effects. The temperature and stomatal conductance data
were then added to the 63 sampling points map in a geographical information system (GIS).
The point map was overlaid with the acquired and preprocessed optical and thermal UAV
imagery to derive spectral reflectance values from each sampling point.
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2.4. UAV: DJI Matrice 300 and MicaSense Altum

The DJI Matrice 300 (DJI M-300) series platform and the MicaSense Altum camera
and Downwelling Light Sensor 2 (DLS-2) were used to obtain aerial-view flights of the
smallholder cropland. The DJI M-300 platform has four rotary-wings and vertical take-off
and landing (VTOL) technology, which is well-suited to taking-off and landing in the
rural areas in close proximity to settlements (Figure 4a). The novelties of the DJI M-300
series platform include its 15 km transmission range, 7000 m maximum flight height,
obstacle detection and avoidance, flightpath planning and embedded GPS tracker. The
maximum flight time of the M-300 with the mounted Altum was approximately 42 min
and could reach a speed of 27 m/s, outperforming many drone platforms on the market.
It is because of these novelties that the DJI-M-300 was selected and used in this study.
Moreover, the MicaSense Altum camera is an optical and thermal infrared imaging camera
that encompasses five spectral high-resolution narrow bands (blue, green, red, red-edge,
and near-infrared) and a radiometric longwave infrared thermal sensor (Figure 4b). The
Altum camera was specifically used in this research as it offers synchronised optical and
thermal infrared image capture and has a global shutter that supports up to a one-second
capture rate for high spatial resolution and aligned imagery [57]. The optical bands have
a 2064 × 1544 at 120 m (3.2 megapixels per optical band) sensor resolution and a ground
sample distance (GSD) of 5.2 cm per pixel at a height of 120 m. The flight height was
chosen to suit the battery life of the platform while adequately covering the study area. The
thermal infrared camera has a 160 × 120 sensor resolution and a GSD of 81cm per pixel at
120 m (Table 2). The optical camera has a 48◦ × 37◦ FOV, with an 8 mm focal length, while
the thermal camera has a 57◦ × 44◦ FOV, with a 1.7 mm focal length.
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Table 2. MicaSense Altum camera specifications.

Band Spectral Color Band Center/Range Ground Sampling Distance at Flying Height of 120 m

1 Blue 475 nm 5.2 cm per pixel
2 Green 560 nm 5.2 cm per pixel
3 Red 668 nm 5.2 cm per pixel
4 Red-edge 717 nm 5.2 cm per pixel
5 Near-infrared 842 nm 5.2 cm per pixel
6 Thermal infrared 8000–14,000 nm 5.2 cm per pixel

2.5. Image Acquisition and Processing

A shapefile of the Swayimani study area was created in Google Earth Pro and uploaded
onto the DJI M-300 smart controller, where a flight plan was constructed over the study area
(Figure 5a; Table 3). The flight plan was created in advance to enable a hands-free UAV flight
over the maize cropland and adjacent areas. Before and after the flight, the camera was
calibrated using the MicaSense Altum calibrated reflectance panel (CRP). The drone camera
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was calibrated on every field visit to ensure the quality of the spectra. The radiometric
calibration target (the CRP) is a white balance card that provides the reflectance properties
of the card across the spectrum of light captured by the Altum. The process included the
user holding the drone over the CRP and taking an unshaded image of the CRP to discern
the light conditions of each flight date, time, and location (Figure 5b). Drone flights were
conducted on a bi-weekly basis, on days with limited cloud cover. Bi-weekly monitoring
was chosen for maize as it enables consistency in measurements of the crucial growth stages
during vegetative and reproductive growth. Drone flights were generally conducted in the
mornings, between 10:00 am and 12:00 pm, as there was optimal solar radiation. These time
frames also coincided with the field sampling measurements of temperature and stomatal
conductance. Field measurements were simultaneously performed with drone flight to
ensure that the imagery captured the status of the canopy at that particular time of flight.
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Table 3. UAV flight specifications.

Parameters Specifications

Altitude 100 m
Ground sampling distance (optical) 7 cm
Ground sampling distance (thermal infrared) 109 cm
Speed 16 m/s
Flight duration 14 min 36 s
Composite images 321
Image overlap 80%

A total of 3576 images (per flight) were processed in Pix4D photogrammetry software
on a bi-weekly basis. Pix4D was used in this study due to its ability to perform stitching
and atmospheric corrections of UAV-acquired data. Processing in Pix4D included image
correction and mosaicking and exporting as a GeoTIFF file. Radiometric correction used all
the captured images, including the CRP images that were taken before and after flight. This
enabled the Pix4D radiometric correction to calibrate and correct the images reflectance to
the exact atmospheric conditions during the time of image acquisition. The CRP also has
an absolute reflectance, which makes it possible to compare images from different flights.
Once processing was complete, an orthomosaicked image and a digital elevation model
(DEM) image was produced. Georeferencing of the orthomosaic and DEM image were
conducted in ArcGIS 10.5 with the use of ground reference points from Google Earth Pro
and referenced to the Universal Transverse Mercator (UTM zone 36S) projection.

The LWIR thermal infrared band was converted to absolute temperature values in
Pix4Dfields, using the following equation:

Temperature =
LWIR Thermal in f rared

100
− 273.15 (1)
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The cropland reflectance data were extracted from the optical and thermal infrared
bands of the drone image to derive vegetation indices and conduct a predictive analysis. The
ground-truthed maize IRT temperature and stomatal conductance recorded measurements,
and the GPS points of each measured maize plant (in the form of a point map) were
overlaid with the UAV optical and thermal image. Reflectance data were extracted for
each GPS point, and for the optical-thermal bands. The drone image data were then used
to calculate the vegetation indices (Vis) presented in Table 4. The Vis were selected to
assess for water-stress, including direct and indirect water-related indices, which created
in Microsoft Excel. These VIs were selected based on their optimal performance in the
research literature [13,58,59].

2.6. Statistical Analysis

The sampled data were randomly partitioned into training (70%) and testing (30%)
datasets, which were used to develop the predictive regression models. A random forest re-
gression algorithm was used to predict maize foliar temperature and stomatal conductance
(from optical-thermal bands and VIs), since it is well-known for its robustness, simplicity,
and ability to predict at high accuracies no matter the inputted sample size [60,61]. Random
forest (RF) is a machine learning algorithm (MLA) that uses bootstrapping aggregation,
which forms a number of trees on a subset of samples derived from the training dataset [40].
The decision trees are increased to their threshold using randomised UAV-derived optical-
thermal datapoints. Each of the nodes were partitioned using a randomised sets of input
variables [62]. Additionally, the RF MLA has the ability to identify the optical-thermal
bands and VIs that were most influential in the prediction model based on the sum of the
reduction in Gini impurity over the feature nodes [63]. These are referred to as the variables
of importance, as they significantly contribute to the accuracy of the model output.

The RStudio software version 1.4.1564 (accessed from https://www.rstudio.com/
(accessed on the 24 February 2020) was used to produce the regression models using the
RGtk2 and rattle packages. The variable importance score was used to optimise the outputs
of the RF model. Any variables of low significance to the model were removed during data
analysis and the RF model was continuously altered for optimal prediction. The variable
selection process limits anomalies in multicollinearity and redundancy, which, in turn,
have implications for the regression models performance. The model was optimised and
fine-tuned by the user to hyper-parameters of 500 trees and 6 variables for temperature,
and 500 trees and 10 variables for stomatal conductance. These hyper-parameters were
attained after numerous iterations.

Table 4. UAV derived optical-thermal vegetation indices.

Vegetation Index Abbreviation Equation Reference

Direct water-related indices

Normalised difference water index NDWI GREEN−NIR
GREEN+NIR Yang and Du [59], Gao [64]

Indirect water-related indices

Normalised difference vegetation index NDVI NIR−RED
NIR+RED Panigrahi and Das [58]

Transformed normalised difference
vegetation index TDVI

√
NIR−RED
NIR+RED + 0.5

Castellanos-Quiroz,
Ramírez-Daza [65]

Normalised difference red edge index NDRE NIR−RED EDGE
NIR+RED EDGE Song, Birch [66]

Normalised green–red difference index NGRDI GREEN−RED
GREEN+RED Song, Birch [66]

Green chlorophyll index CIgreen
(

NIR
GREEN

)
− 1 Zhang and Zhou [13]

Red-edge chlorophyll index CIrededge
(

NIR
RED EDGE

)
− 1 Zhang and Zhou [13]

Green NDVI GNDVI NIR−GREEN
NIR+GREEN Song, Birch [66]

https://www.rstudio.com/
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Table 4. Cont.

Vegetation Index Abbreviation Equation Reference

Canopy chlorophyll content index CCCI NDRE− NDREmin
NDREmax− NDREmin

Fitzgerald, Rodriguez [67]

Chlorophyll vegetation index CVI NIR ×
(

RED
GREEN2

)
Vincini and Frazzi [68]

Enhanced vegetation index EVI 2.5(NIR−RED)
NIR+6RED−7.5BLUE+1

Wiratmoko, Prasetyo [69]

Soil adjusted vegetation index SAVI (NIR−RED)(1+L)
NIR+RED+L

Sishodia, Ray [70]

Optimised soil-adjusted vegetation index OSAVI 1.16 (NIR−RED)
NIR+RED+0.16

Sishodia, Ray [70]

2.7. Accuracy Assessment

The predicted regression models of foliar temperature and stomatal conductance were
tested for their performance accuracy using root–mean-squared error (RMSE), coefficient of
determination (R2), and the relative root–mean-squared error (RRMSE). The RMSE tests the
degree of error found between the in-field measurements and predicted outputs of foliar
temperature and stomatal conductance; the R2 measures the variance between the in-field
measured and predicted maize lead foliar temperature and stomatal conductance; the
RRMSE is used to compare the performance of prediction models over the maize growth
cycle. To derive the RRMSE, the RMSEs of the prediction models were normalised using
the average of each variable. This is then expressed as a percentage, where low percentages
are more accurate [71]. Accuracy assessments were conducted in Microsoft Excel.

3. Results
3.1. Descriptive Analysis of UAV-Derived Data and SI-111 IRR Maize Temperature Data
3.1.1. Maize Temperature Data over Phenotyping

The IRR time-series data were used to plot the difference between IRR foliar canopy
temperature (Tc) and air temperature (Ta) (Figure 6). The foliar-canopy-to-air-temperature
difference (Tc–Ta) fluctuated throughout maize phenotyping, as foliar canopy temperatures
were influenced by ambient conditions of air temperature, solar radiation, and the influence
of rainfall. Hence, a similar fluctuation trend was followed for solar radiation and Tc–Ta.
Days of low solar radiation or rainfall were associated with a lower Tc–Ta, and days of high
solar radiation were generally associated with a higher Tc–Ta.
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Figure 6. Daily average Tc–Ta, solar radiation, and rainfall throughout the maize phenological cycle.

The trendline through Tc–Ta over the maize growth season shows that a higher Tc–Ta
was associated with early vegetative stages, such as DOY 43 at 3.1 ◦C, as well as mid-
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reproductive and late reproductive growth stages, such as DOY 115 at 3 ◦C and DOY 130
at 2.7 ◦C, respectively. The maximum Tc–Ta was recorded during the mid-reproductive
stage on DOY 116 at 3.4 ◦C. This was subsequent to a hailstorm that occurred on DOY
113, which increased the Tc–Ta, and also resulted in Tc–Ta remaining relatively high for the
duration of phenotyping at approximately 1.9 ◦C. A lower Tc–Ta was associated with the
mid-vegetative and late vegetative growth stages, such as DOY 85 at −0.8 ◦C and DOY
90 at −7.3 ◦C, respectively. The lowest Tc–Ta was recorded during the late vegetative stage
on DOY 92 at −8.6 ◦C.

Generally, the solar radiation and air temperature decreased as the winter season
approached; however, the Tc–Ta increased as the winter season approached, suggesting
reduced transpiration as a result of water stress during the mid-reproductive and senescence
in the late reproductive growth stages.

3.1.2. Evaluation of UAV Thermal Imagery against In-Field SI-111 IRR
Temperature Sensors

The thermal UAV-derived temperature had a strong positive linear relationship
(R2 = 0.94; p = 0.001) with the in-field IRR temperature sensors over the various maize
growth stages (Figure 7) for the days on which we collected UAV imagery. During the early
vegetative growth stage, DOY 61, the IRR and UAV temperatures recorded a satisfactory
correlation of approximately 29.7 ◦C to 30.8 ◦C, respectively. The mid-vegetative stage, DOY
77, obtained a significant correlation of 22.2 ◦C and 21.2 ◦C for IRR and UAV temperatures.
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Figure 7. Correlation of in-field IRR sensors and UAV-derived temperature throughout the maize
phenological cycle.

Moreover, during the late vegetative stage (DOY 90) and the early reproductive stage
(DOY 102), maize IRR and UAV temperatures substantially correlated and were recorded
at approximately 27 ◦C and 24 ◦C, respectively. However, the correlation during the
mid-reproductive and late reproductive stages, DOY 118 and DOY 134, deviated from the
trendline, due to the maize canopy disturbance caused by the hailstorm on DOY 113. Hence,
IRR and UAV temperatures were recorded at 24 ◦C and 26 ◦C for the mid-reproductive
stage, and 24 ◦C and 23 ◦C for late reproductive stage.

3.2. Descriptive Statistics of In Situ Maize Temperature and Stomatal Conductance Measurements

The IRR and IRT minimum and the maximum temperatures of the 63-sampling
points were used to illustrate the descriptive temperature statistics (Table 5). The average
maximum IRR temperature for the entire phenological cycle was 32.2 ◦C, and the average
IRT temperature for the maize growth cycle was 32.6 ◦C. This suggested an average
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temperature offset of 0.4 ◦C between the IRR and IRT temperature measurements. The
highest recorded IRR temperature occurred during the late vegetative growth stage of
V14–VT at 35 ◦C, and the maximum IRT temperature was 39.1 ◦C, recorded during the
V14–VT growth stage. The average minimum IRR temperature for the entire phenological
cycle was 18.3 ◦C, and the average IRT temperature for the maize growth cycle was
20.9 ◦C. This suggested an average temperature offset of 2.6 ◦C between the IRR and IRT
temperature measurements.

Table 5. Descriptive statistics of IRR and IRT foliar temperature throughout the maize growth stages.

Maize Foliar Temperature at the
Various Growth Stages

Maximum (◦C) Minimum (◦C)

IRR IRT IRR IRT

DOY 61 V5–V10 34 32.7 17 21.5
DOY 77 V12 33 23.4 20.5 15.5
DOY 90 V14–VT 35 39.1 17.1 23.1

DOY 102 R1–R3 34 33.7 18.9 21.4
DOY 118 R3–R4 33 34.3 16 19.3
DOY 134 R5–R6 30 32.3 20.4 24.8

Mean 33.2 32.6 18.3 20.9
Median 33.5 33.2 18 21.5

Standard deviation 1.7 5.1 1.9 3.2
Co-efficient of variation 5.2 15.7 10.4 15.5

The lowest IRR temperature value occurred during the R3–R4 growth stage at 16 ◦C,
whereas the lowest IRT temperature value occurred during the V12 growth stage at 15.5 ◦C.
The IRR maximum values were within 1.7 standard deviations of the mean, whereas
the IRT maximum values were within 5.1 standard deviations of the mean. Similarly,
with the minimum values, the standard deviation of the IRR and IRT temperatures were
1.9 and 3.2, respectively. The total mean coefficient of variation for the maximum IRR was
5.2%, whereas the maximum coefficient of variation for the IRT was 15.7%. Moreover,
the minimum IRR and IRT temperatures had coefficients of variation of 10.4% and 15.5%,
respectively. The IRR values suggest precise temperature estimates that are close to the
mean value.

The measured maize stomatal conductance varied over different stages of maize phe-
notyping (Table 6). The average stomatal conductance over the maize phenotyping was
206.9 mmol m−2 s−1. The lowest conductance value occurred during the early vegetative
growth stage (V5–V10) at 42 mmol m−2 s−1, and the highest stomatal conductance occurred
during the early reproductive development stage (R1–R3) at 556.5 mmol m−2 s−1. Repro-
ductive stages were characterised by higher stomatal conductance values compared to the
vegetative stages. However, the average stomatal conductance for the mid-reproductive
stage (R2–R4) decreased to 172.6 mmol m−2 s−1 due to crop stress from the hailstorm that
occurred on DOY 113. Furthermore, the median value of maize stomatal conductance
across the growing season was 194.6 mmol m−2 s−1, and the average stomatal conductance
values were within 79.3 standard deviations of the mean value.

Importantly, foliar temperature and stomatal conductance had a significant inverse
relationship, producing an R2 = 0.72 (Figure 8). The negative relationship of stomatal con-
ductance and temperature further enhanced the identification of potential crop water stress.
This relationship illustrated that, when stomatal conductance was low, foliar temperatures
were high, i.e., a hot canopy. Furthermore, high stomatal conductance was associated with
low foliar temperatures, i.e., a cool canopy, suggesting optimal maize water productivity.



Drones 2022, 6, 169 15 of 27

Table 6. Descriptive statistics of stomatal conductance throughout the maize phenological cycle.

Maize Stomatal Conductance
at the Various Growth Stages

Minimum
(mmol m−2 s−1)

Maximum
(mmol m−2 s−1)

Mean
(mmol m−2 s−1)

Median
(mmol m−2 s−1)

Standard
Deviation

DOY 61 V5–V10 42 245.1 121.8 112.9 49.25
DOY 77 V12 86.6 556.5 248.5 238.1 113.3
DOY 90 V14–VT 44.2 404.8 166.5 157.6 73.7
DOY 102 R1–R2 182.7 480.1 298.9 290.1 79.3
DOY 118 R2–R4 100.2 373.6 172.6 160.3 55.6
DOY 134 R4–R5 74.3 483.1 233.3 208.5 104.8

Average value 88.3 423.9 206.9 194.6 79.3
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Figure 8. Correlation between foliar temperature and stomatal conductance throughout the maize
phenological cycle.

For example, on DOY 77, the maize temperature was low, at 20 ◦C, and the stom-
atal conductance was high, at 396 mmol m−2 s−1, illustrating potentially optimal crop
conditions. On DOY 61, the maize temperature was higher, at 28 ◦C, and the stomatal
conductance was low, at 122 mmol m−2 s−1, indicating potential water stress. Thus, the
inverse relationship between foliar temperature and stomatal conductance were useful for
estimating crop water stress.

3.3. UAV-Derived Data: Estimation of Maize Temperature and Stomatal Conductance
3.3.1. Optimised Regression Models of Maize Foliar Temperature and Stomatal
Conductance over the Phenological Stages

For the prediction of maize temperature, the mid-vegetative stage (DOY 77 (V12))
yielded the most optimal modelled RMSE = 0.59 ◦C and R2 = 0.81 (RRMSE = 2.9%)
(Figure 9b1). The optimal variables for this model were the thermal infrared, followed by red,
NGRDI, CVI and NDVI, in order of importance (Figure 10b). The mid-reproductive stages
yielded an RMSE = 1.24 ◦C, R2 = 0.76 and the poorest maize phenology RRMSE = 6.2%.
Model prediction accuracies moderately improved in the late vegetative stages (DOY
90 (V14–VT)) and the early reproductive stage (DOY 102 (R1–R3)) to an RMSE = 1.14 ◦C,
R2 = 0.79 (RRMSE = 4%) and RMSE = 1.02 ◦C, R2 = 0.73 (RRMSE = 3.9%), respectively. The
model from the late reproductive stage (DOY 134 (R5–R6)) obtained an RMSE = 0.7 ◦C and
R2 = 0.78 (RRMSE = 2.6%) based on NDRE, OSAVI, CCCI, thermal infrared, and EVI, in
order of importance (Figure 9f(1)). The early vegetative stage (DOY 61 (V5–V10)) exhibited
an RMSE = 1.29 and R2 = 0.69 (RRMSE = 4.7%).
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Drones 2022, 6, 169 17 of 27
Drones 2022, 6, x FOR PEER REVIEW 18 of 28 
 

 

Figure 10. Variable importance scores of optimal foliar temperature and stomatal conductance 

bands and VIs. throughout the phenological cycle: (a) V5–V10, (b) V12, (c) V14 to VT, (d) R1–R3, (e) 

R3–R4, (f) R5–R6. 

3.3.2. Mapping the Spatial Distribution of Maize Temperature and Stomatal  

Conductance over the Various Phenological Stages 

The modelled maize temperature ranged from 8 to 57 °C (Figure 11). It is evident that 

the maize field temperatures were high during the early vegetative growth stage. Subse-

quently, during the mid-vegetative growth stage, the field temperature moderately de-

creased, and further decreased during the late vegetative stage to reach the lowest field 

(a) 

0

3

6

9

12

15

V
ar

ia
b

le
 I

m
p

o
rt

an
ce

 S
co

re

Optimal variables for temperature estimation

0

4

8

12

16

20

24

V
ar

ia
b

le
 I

m
p

o
rt

an
ce

 S
co

re

Optimal variables for temperature estimation

0

4

8

12

16

20

24

T
h

er
m

al

E
V

I

R
ed

B
lu

e

G
N

D
V

I

N
D

W
I

C
ig

re
en

N
IR

N
G

R
D

I

G
R

E
E

N

C
ir

ed
ed

g
e

O
S

A
V

I

N
D

R
E

C
C

C
I

S
A

V
I

T
N

D
V

I

N
D

V
I

R
ed

 e
d

g
e

V
ar

ia
b

le
 I

m
p

o
rt

an
ce

 S
co

re

Optimal variables for temperature estimation

0

2

4

6

8

10

C
C

C
I

R
ed

 e
d

g
e

G
N

D
V

I

N
IR

C
ig

re
en

G
re

en

T
h

er
m

al

N
D

W
I

C
ir

ed
ed

g
e

N
D

R
E

R
ed

B
lu

e

O
S

A
V

I

N
D

V
I

T
N

D
V

I

N
G

R
D

I

S
A

V
I

E
V

I

V
ar

ib
le

 I
m

p
o

rt
an

ce
 S

co
re

Optimal variables for temperature estimation

0

2,000

4,000

6,000

8,000

10,000

T
h

er
m

al

R
ed

C
C

C
I

B
lu

e

R
ed

 e
d

g
e

N
G

R
D

I

N
IR

G
re

en

E
V

I

N
D

R
E

C
ir

ed
ed

g
e

C
ig

re
en

G
N

D
V

I

O
S

A
V

I

N
D

W
I

N
D

V
I

T
N

D
V

I

S
A

V
I

V
ar

ia
b

le
 I

m
p

o
rt

an
ce

 S
co

re

Optimal conductance bands and VI's

0

2,000

4,000

6,000

8,000

10,000

12,000

N
IR

N
D

R
E

T
h

er
m

al

C
ir

ed
ed

g
e

R
ed

 e
d

g
e

G
re

en

O
S

A
V

I

C
C

C
I

R
ed

C
ig

re
en

N
D

W
I

G
N

D
V

I

N
G

R
D

I

S
A

V
I

B
lu

e

N
D

V
I

T
N

D
V

I

E
V

I

V
ar

ia
b

le
 I

m
p

o
rt

an
ce

 S
co

re

Optimal variables for stomatal conductance estimation

(b) 

(c) 

0

2,000

4,000

6,000

8,000

10,000

R
ed

 e
d

g
e

N
IR

G
re

en

O
S

A
V

I

B
lu

e

S
A

V
I

T
N

D
V

I

R
ed

N
D

V
I

N
G

R
D

I

C
ir

ed
ed

g
e

N
D

R
E

C
ig

re
en

G
N

D
V

I

N
D

W
I

T
h

er
m

al

C
C

C
I

E
V

I

V
ar

ia
b

le
 I

m
p

o
rt

an
ce

 S
co

re

Optimal variables for stomatal conductance estimation
(d) 

0

2

4

6

8

10

12

14

C
C

C
I

R
ed

 e
d

g
e

R
ed

N
IR

T
h

er
m

al

G
re

en

N
G

R
D

I

N
D

W
I

C
ig

re
en

B
lu

e

O
S

A
V

I

N
D

R
E

N
D

V
I

G
N

D
V

I

C
ir

ed
ed

g
e

C
V

I

S
A

V
I

T
N

D
V

I

V
ar

ia
b

le
 I

m
p

o
rt

an
ce

 S
co

re

Optimal variables for temperature estimation

0

1,000

2,000

3,000

4,000

5,000

6,000

7,000

C
ir

ed
ed

g
e

C
ig

re
en

G
N

D
V

I

N
D

R
E

N
D

W
I

N
D

V
I

R
ed

B
lu

e

R
ed

 e
d

g
e

O
S

A
V

I

N
G

R
D

I

T
N

D
V

I

E
V

I

G
re

en

C
C

C
I

T
h

er
m

al

S
A

V
I

N
IR

V
ar

ia
b

le
 I

m
p

o
rt

an
ce

 S
co

re

Optimal variables for stomatal conductance estimation

0

1

2

3

4

5

6

7

N
D

R
E

O
S

A
V

I

C
C

C
I

T
h

er
m

al

E
V

I

S
A

V
I

N
D

V
I

R
ed

 e
d

g
e

G
re

en

N
D

W
I

G
N

D
V

I

N
IR

R
ed

N
G

R
D

I

C
ir

ed
ed

g
e

C
ig

re
en

T
N

D
V

I

B
lu

e

V
a

ri
a

b
le

 I
m

p
o

rt
a

n
ce

 S
co

re

Optimal variables for temperature estimation

0

10,000

20,000

30,000

40,000

50,000

60,000

70,000

T
h

er
m

al

C
C

C
I

B
lu

e

C
ir

ed
ed

g
e

C
V

I

N
D

R
E

N
D

W
I

N
G

R
D

I

T
N

D
V

I

R
ed

 e
d

g
e

N
D

V
I

G
re

en

C
ig

re
en

N
IR

G
N

D
V

I

S
A

V
I

R
ed

O
S

A
V

I

V
ar

ia
b

le
 I

m
p

o
rt

an
ce

 S
co

re

Optimal variables for stomatal conductance estimation

(f) 

(e) 

0

2,000

4,000

6,000

8,000

10,000

12,000

T
h

er
m

al

N
G

R
D

I

N
D

R
E

N
IR

R
ed

 e
d

g
e

N
D

V
I

N
D

W
I

E
V

I

R
ed

G
re

en

C
C

C
I

C
ir

ed
ed

g
e

G
N

D
V

I

T
N

D
V

I

O
S

A
V

I

C
ig

re
en

S
A

V
I

B
lu

e

V
ar

ia
b

le
 I

m
p

o
rt

an
ce

 S
co

re

Optimal vatiables for stomatal conductance estimation

Figure 10. Variable importance scores of optimal foliar temperature and stomatal conductance bands
and VIs. throughout the phenological cycle: (a) V5–V10, (b) V12, (c) V14 to VT, (d) R1–R3, (e) R3–R4,
(f) R5–R6.

When estimating stomatal conductance, the early reproductive stage (DOY 102 (R1–R3))
produced the most accurate model, with an RMSE = 25.9 mmol m−2 s−1, the highest
R2 = 0.85 (and the best RRMSE = 11.5%) based on NIR, NDRE, Thermal, CIrededge, and
red-edge, in order of importance (Figure 10d). Poor stomatal conductance accuracies
were attained during the late reproductive stage (DOY 134 (R5–R6)) with an RMSE =
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52.6 mmol m−2 s−1 and R2 = 0.78 (RRMSE = 23.8%) using the thermal infrared, CCCI, blue,
CIrededge, and CVI in order of importance (Figure 10f). In addition, the late vegetative
stages (DOY 90 (V14–VT)) also yielded a poor model with an RMSE = 51.2 mmol m−2

s−1 and R2 = 0.64 (poorest RRMSE = 28.7%). The mid-reproductive stage (DOY 118 (R3–
R4)) model produced an RMSE = 44.6 mmol m−2 s−1 and R2 = 0.7 (RRMSE = 25.6%).
The mid-vegetative stage (DOY 77 (V12)) yielded improved model accuracies with an
RMSE = 34.8 mmol m−2 s−1, the poorest R2 = 0.58 (RRMSE = 20.1%), whereas the early
vegetative stage (DOY 61 (V5–V10)) produced an optimal RMSE = 26.5 mmol m−2 s−1 and
R2 = 0.73 (RRMSE = 22.9%). The early and mid-reproductive stages were characterised by
the red-edge band and the CIrededge, respectively, where the red-edge and NIR bands
were a clear stand-out and optimal model contributors. However, the model achieved
higher R2 values during the reproductive stages and more optimal RMSE values during
the vegetative stages.

3.3.2. Mapping the Spatial Distribution of Maize Temperature and Stomatal Conductance
over the Various Phenological Stages

The modelled maize temperature ranged from 8 to 57 ◦C (Figure 11). It is evident
that the maize field temperatures were high during the early vegetative growth stage.
Subsequently, during the mid-vegetative growth stage, the field temperature moderately
decreased, and further decreased during the late vegetative stage to reach the lowest field
foliar temperatures. Likewise, in the early reproductive stage, the field was characterised
by a generally low temperature, with the exception of the eastern edge (high elevation) of
the field. The maize temperature during the mid-reproductive stage increased as a result of
hailstorm damage. During the late reproductive stage, the hailstorm effects increased, and
resulted in a further escalation of field temperatures.
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Figure 11. Foliar temperature of maize over the smallholder field for vegetative stages (a) early
vegetative V5–V10, (b) mid vegetative V12, (c) late vegetative V14 to VT, and reproductive stages
(d) early reproductive R1–R3, (e) mid reproductive R3–R4, (f) late reproductive R5–R6 (WGS84, UTM
zone 36S).

The spatial distribution of stomatal conductance was estimated based on the optimal
models for each maize phenological stage. The stomatal conductance values ranged from
82.2 mmol m−2 s−1 to 683.4 mmol m−2 s−1 (Figure 12). It can be observed that the stomatal
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conductance of maize was relatively low throughout the maize fields. However, high levels
of stomatal conductance were identified during the early vegetative stage towards the
southern portion of the field, the eastern part of the field during the late vegetative stage,
and the eastern section during the mid-reproductive stage. The remainder of the stages,
the mid-vegetative, early reproductive, and late reproductive, were characterised by lower
levels of stomatal conductance. The late reproductive stage had the lowest conductance
due to the hailstorm stress and crop senescence.
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Figure 12. Maize stomatal conductance over the smallholder field for vegetative stages (a) early
vegetative V5–V10, (b) mid vegetative V12, (c) late vegetative V14 to VT, and reproductive stages
(d) early reproductive R1–R3, (e) mid reproductive R3–R4, (f) late reproductive R5–R6 (WGS84, UTN
zone 36S).

4. Discussion

The objective of this study was to predict maize temperature and stomatal conduc-
tance over the various maize growth stages using UAV-derived data in combination with
the random forest algorithm. We aimed to determine the most optimal maize growth
stage(s) for temperature and stomatal conductance model estimation. It is evident that
maize foliar temperatures and stomatal conductance differed throughout phenotyping,
and the UAV-derived data could discern the optimal growth stages for the characteriza-
tion of temperature and stomatal conductance as proxies for crop water stress. For this
purpose, the foliar temperature and stomatal conductance data were used to understand
the potential crop water stress and moisture status of the smallholder field throughout the
growing stages.

4.1. Prediction of Maize Water Stress Using Foliar Temperature and Stomatal Conductance

The regression models were set to predict maize foliar temperature and stomatal
conductance using the thermal infrared and optical UAV data. Generally, the random forest
model performed relatively well in predicting both maize foliar temperature and stom-



Drones 2022, 6, 169 20 of 27

atal conductance over the various growing stages. Specifically, the random forest model
achieved stronger prediction accuracies for foliar temperature than stomatal conductance
regarding maize water stress estimation.

The maize foliar temperature was optimally predicted during the mid-vegetative
growth stage (RMSE = 0.59 ◦C, R2 = 0.81 and RRMSE = 2.9%) based on the thermal infrared,
followed by the NIR, NGRBI, EVI and NDVI, in order of importance. It has been detailed
in the literature that the water content of crop leaves is directly associated with the foliar
reflectance across the electromagnetic spectrum [18,72]. Specifically, foliar temperature is
strongly detected by the thermal infrared, as it can sense emitted radiant energy; hence,
it is commonly used to evaluate crop water stress [27,49,73]. Moreover, the NIR region
is valuable when quantifying crop water status due to its strong water absorption ability,
which can detect crop water stress-based reflectance variation [74]. Thus, the crop surface
temperatures were strongly detected by the thermal infrared and NIR wavebands; hence,
they play a crucial role in predicting the maize temperature variability during vegetative
growth stages. Correspondingly, the studies of Kullberg, DeJonge [75] and Ma, Xu [76]
successfully demonstrated the crucial use of thermal infrared and optical reflectance in the
NIR region to retrieve maize water content.

Specifically, during the vegetative stages, the maize canopy structure is under develop-
ment, exposing the underlying soil surface, which absorbs and retains thermal radiation [23].
The high ambient soil temperatures influence the maize temperature, especially during
early vegetative growth, when there is maximum soil exposure. However, as the canopy
structure develops, soil influence is reduced, and crops generally experience lower leaf tem-
peratures. Since stomata are generally more numerous on the underside of the leaf, they are
influenced by the heat of soil, which reaches the underside due to convection [77,78]. This
reduces the stomatal conductance levels, as the crop closes the stomata to retain moisture
and subsequently experiences higher foliar temperatures [79]. Hence, the thermal infrared
section was a strong predictive variable of foliar temperature due to its ability to overcome
the influence of soil temperature during the stages of minimal canopy closure. Leinonen,
Grant [80] notes that short-wave solar radiation that is absorbed by the soil affects the
vertical canopy surface characteristics.

Nevertheless, the temperature of a leaf, relative to the surrounding air temperature, is
primarily influenced by the plant’s photosynthetic capacity, as well as the productivity of
internal structural leaf components, such as the air cavities, chloroplasts, and mesophyll
cell thickness [81,82]. Thus, when a crop is water-stressed, the molecular leaf networks
transmit a signal to initiate the physiological and biochemical changes that regularly result
in increased foliar temperatures relative to the air temperatures [83–85]. However, when
an optimal amount of water is present, the Tc–Ta remains low, as there are productive
rates of transpiration and photosynthesis. Therefore, the sustained influence of the thermal
infrared- and chlorophyll-based VIs during vegetative growth stages suggested that the
crop was optimally transpiring, with no water stress. However, the relatively high maize
leaf temperatures, measured in combination with the high Tc–Ta that occurred during
the early vegetative stage, suggested slight water stress at crop emergence. In a similar
study, Zhang, Niu [23] noted that curled water stressed maize leaves saw an increase in the
proportion of sunlit soil and higher temperature; thus, when Tc was extracted from thermal
images, the Tc values were higher due to the influence of sunlit soil.

During the reproductive stages, the importance of thermal infrared waveband de-
creased and spectral wavelengths such as the red-edge and NIR, as well as the VIs derived
from these sections, were found to be more important in facilitating the prediction of foliar
temperature. This could be attributed to the fact that there was minimal soil exposure
due to the fully developed canopy structure. More specifically, the red-edge borders the
absorption of photosynthetic pigments such as chlorophyll, which tend to be more vigorous
in fully developed canopies [86,87]. Generally, the change in chlorophyll affects the photo-
synthetic rates, which indirectly alter the temperature tolerance and further the stomatal
conductance of the crop, inherently indicating crop water productivity [88]. Additionally,
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during these stages, there is a higher leaf area index, facilitating multiple leaf scattering and
reducing transmittance through the leaf due to the stronger chlorophyll concentrations that
were optimally identified by the NIR region [63,82]. This led to the significant contribution
of chlorophyll-based indices from the red-edge and NIR sections, such as the CCCI, NDRE,
and GNDVI, during the reproductive stages of temperature prediction. However, hailstorm
occurrence during the mid-reproductive stage damaged the maize canopy structure and
exposed underlying soil, causing poorer model prediction due to the spectral confusion
between soil and foliar temperatures. Subsequent to the hailstorm, the Tc–Ta increased due
to the canopy damage, which caused increased crop temperatures. This increase indicated
potential crop water stress during the mid-reproductive and late reproductive stages.

Meanwhile, maize stomatal conductance was optimally predicted during the early
reproductive stage (RMSE = 25.9 mmol m−2 s−1, R2 = 0.85 and RRMSE = 11.5%) based on
the red-edge, followed by the NIR, green, OSAVI and blue band, in order of importance.
Several studies have shown that the red-edge region is renowned for its relationship with
plant water stress and evapotranspiration [89–91]. This is because the red-edge is layered
with physiological and chemical processes that reflect the photosynthetic activity of the
crop, which indicate stomatal conductance and the potential for crop water stress [92,93].
Specifically, during photosynthesis, the red-edge overlaps the fluorescence emission, which
affects the magnitude of the reflected spectrum and corroborates stomatal conductance’s
dependence on photosynthetic activity [91]. Moreover, denser canopies are known to pro-
vide increased accuracy in estimates of photosynthetic capacity and stomatal conductance
through the NIR region [94,95]. Optimal stomatal activities are also associated with rapid
chlorophyll development, which is highly reflected in the red-edge and NIR [89]. In studies
by Vitrack-Tamam, Holtzman [91] and Ballester, Brinkhoff [89] the red-edge and NIR bands
were noted for their key use in assessing stomatal conductance. This led to the optimal
influence of the red-edge and NIR wavebands, as well as the indices derived from these
sections to estimate the stomatal conductance of maize in smallholder farms, especially
during the reproductive stages.

During the early reproductive stage, the crop is almost at peak biomass and obtains a
high leaf surface area, which promotes faster rates of photosynthesis and conductance to
support fruit development [19,88]. The measured stomatal activities were most prominent
during this stage, as a high foliar surface area is generally associated with the presence of
more stomata on the leaf [96]. Hence, transpiration rates are more dynamic, and the leaf
stomata open, facilitating high levels of productivity through optimal foliar conductance
and the cooling of crop temperatures. Such processes, during the early reproductive
stage, indicated crop productivity and an optimal moisture content, which influence the
strong reflectance of the leaf tissue in the red-edge and NIR regions. Even though, during
these stages, the crop underwent developmental processes that required high amounts
of water (tasseling, silking and kernel development), the maize measured an optimal
foliar temperature and high stomatal conductance, suggesting crop water productivity and
minimal crop water-stress in the smallholder farm. However, the hailstorm, during the
mid-reproductive stage disturbed the maize canopy structure and resulted in low measured
stomatal conductance. This meant that the thermal infrared became an important predictor
due to canopy damage and soil exposure. Furthermore, the high Tc–Ta indicated that
hailstorm damage initiated crop water stress, as foliar temperatures increased and stomatal
conductance was reduced in the mid-reproductive and later reproductive stages. This was
also the case during the early vegetative stage, as stomatal conductance was fairly low and
Tc–Ta measurements were high.

Finally, the prediction model proved that a combination of UAV multispectral and
thermal wavebands, as well as UAV-derived VIs, can accurately predict maize foliar tem-
perature and stomatal conductance. The variables of importance for both foliar temperature
and stomatal conductance were fairly similar in their contribution to model development
throughout maize phenotyping. This indicates that foliar temperature and stomatal con-
ductance are independent, yet interrelated functions, which can be holistically used to
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understand the potential of crop water stress. Therefore, timeously predicting maize foliar
temperature and stomatal conductance allows for smallholder farmers to make near-real-
time decisions that aid in water-related crop productivity.

4.2. Implications of the Study

Smallholder farming systems often lack the resources to initiate successful farming
practices, as commercial agriculture tends to be the focus of contemporary innovation and
development. Thus, the findings of this study imply that the incorporation of optical and
thermal infrared UAV technology could facilitate an in-depth analysis of near-real-time
crop water stress, using temperature and stomatal conductance as proxies. In this regard,
the findings of the study are useful to inform smallholder agriculture management by
suggesting the potential implementation of irrigation schedules at crucial water stages
(i.e., tasseling, silking, and pollination). Moreover, the UAV-derived data identified stages
of high temperatures and low stomatal conductance (i.e., early vegetative stage), suggesting
a potential moisture deficit and, thus, the need for necessary interventional irrigation
schedules to ensure optimal crop productivity and development. Specifically, the irrigation
during vegetative stages may aid in optimal productivity and prevent early crop water
stress.

The hailstorm during the mid-reproductive stages damaged the maize canopy struc-
ture and had adverse effects on crop growth, as well as leading to premature senescence.
Subsequent in-field measurements of stomatal conductance reflected potential stress, as
stomatal conductance values were much lower than the typical values that were expected
during this growth stage. Additionally, foliar temperature measurements were also rela-
tively high and indicated mild stress, especially during the late reproductive stages. These
agrometeorological effects prove how South African smallholder farmers are susceptible
to weather events that have major consequences on crop water productivity. Thus, the
use of UAV-derived data enables the identification of such occurrences in near-real-time,
allowing for farmers to make rapid, informed, and effective decisions regarding the sub-
sequent management of the crop. This is crucial, as it also affects the food security and
socio-economic growth for smallholder farmers who rely on healthy and moisture-filled
crop yields. Therefore, smallholder farmers benefit from the near-real-time analysis of the
UAV data, as this can ensure that prompt remedial measures are taken to prevent further
crop stress.

4.3. Limitations and Recommendations for Future Research

Although the UAV on-board sensor provided a high spatial resolution, the spectral
resolution of the sensor limited the multispectral bands and vegetation indices’ choices that
were derived from these regions. Specifically, a spectral sensor that attains the shortwave
infrared section would have been particularly useful to this study, as these wavelengths
are instrumental in identifying plant water stress and deriving direct water-related indices.
The use of higher spectral resolution data may allow for more precise spectral extraction,
especially during the early growth stages, when the crop foliar canopy has not developed.
This may have also resulted in an improved model performance and more detailed map
outputs for foliar temperature and stomatal conductance across the study area. Therefore,
it is recommended that future crop water stress studies explore the use of a camera with
additional wavebands, although this needs to be weighed against the additional cost of the
camera sensor.

A further limitation of the study was that the training and testing/validation of the
RF MLA that was based on a relatively limited record of measured IRT, and stomatal
conductance data. These may not adequately represent the variability in these variables, or
the climatic conditions experienced within the study area. Furthermore, only two variables
were considered during the model development; however, some studies achieved improved
success through the incorporation of a third set of independent data that were used to
train and test the models. For example, the availability and use of total evapotranspiration
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data may have benefitted the study, especially in quantifying potential maize water stress.
Thus, it is recommended that a further analysis of model performance is undertaken in the
future, when more data become available. Finally, this study specifically examined a maize
crop; therefore, it is recommended that research focuses on alternative crops, cultivated by
smallholder farmers. Additionally, the consideration of different climatic conditions and
different UAV temporal scales could prove to be beneficial.

5. Conclusions

Looking at the findings of the study, it can be concluded that foliar temperature and
stomatal conductance are adequate indicators to quantify proxies of water stress throughout
the growing period. Foliar temperature yielded higher prediction accuracies compared
to stomatal conductance. Nevertheless, the random forest regression model optimally
predicted both indicators throughout maize phenotyping. Specifically:

• The UAV-derived optical data and thermal infrared waveband optimally estimated
maize temperature during the mid-vegetative stage to an RMSE = 0.59 ◦C and R2 = 0.81
(RRMSE = 2.9%) based on the thermal infrared, followed by the NIR, NGRBI, EVI and
NDVI, in order of importance;

• The optical and thermal infrared data optimally predicted stomatal conductance
from the early reproductive stage to an RMSE = 25.9 mmol m−2 s−1 and R2 = 0.85
(RRMSE = 11.5%) based on the red-edge band, followed by the NIR, green, OSAVI
and blue band, in order of importance.

Considering the results of the study, UAV technology is a plausible, flexible, and
accurate earth observation technique, which is useful for small-scale farming applications.
This is because UAV-derived data provide information regarding improved spatial reso-
lutions to help smallholder farmers understand their crop dynamics and make informed
farm-management decisions. Specifically, the use of multispectral and thermal infrared
UAV data is a step towards the attainment of an agroclimatic, smart, near-real-time and
high-spatial-resolution technology to assess crop water stress through foliar temperature
and stomatal conductance. However, the study could have benefitted from higher-spectral-
resolution data, as well as the measurement of additional variables that could be used
for model training and testing to improve model performance. Nevertheless, the random
forest model performed relatively well in the estimation of maize leaf temperature and
stomatal conductance in the Swayimani area. Therefore, the implementation of low-cost,
near-real-time, and evidence-based solutions to smallholder agriculture could prove to be
beneficial in facilitating improved interventions in these agricultural systems.

Author Contributions: Conceptualisation, K.B., A.C., M.S., V.N., J.O., O.M. and T.M.; methodology,
K.B., A.C., M.S., S.G., V.N. and T.M.; software, K.B., V.N., A.C., M.S. and T.M.; validation, K.B., M.S.
and A.C.; formal analysis, K.B., M.S. and A.C.; investigation, K.B., M.S., A.C., S.G. and T.M.; resources,
K.B., A.C., V.N., V.G.P.C. and T.M.; data curation, K.B.; writing—original draft preparation, K.B.;
writing—review and editing, K.B., M.S., A.C., S.G., J.O. and O.M.; supervision, A.C., M.S. and T.M.;
project administration, M.S.,T.M. and V.G.P.C.; funding acquisition, T.M. All authors have read and
agreed to the published version of the manuscript.

Funding: This research was funded by the Water Research Commission of South Africa (WRC)
through the Project WRC K5/2971//4 titled the “Use of drones in monitoring crop health, water
stress, crop water requirements, and improvements on crop water productivity to enhance precision
agriculture and irrigation scheduling”, and in part by the National Research Foundation of South
Africa (Grant Number: 122140).

Informed Consent Statement: Not applicable.

Data Availability Statement: The data presented in this study are available on request from the
corresponding author. The data are not publicly available due to authorisation restrictions from the
funder that limit the distribution of data, as the article is part of an ongoing project where other
manuscripts are still being prepared.



Drones 2022, 6, 169 24 of 27

Acknowledgments: The authors would like to acknowledge the Swayimani smallholder farmers and
Swayimani High School. The authors would like to thank Trylee Matongera, Siphiwokuhle Buthelezi,
Helen Ndlovu and Amanda Nyawose for their assistance with fieldwork.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Lickley, M.; Solomon, S. Drivers, timing and some impacts of global aridity change. Environ. Res. Lett. 2018, 13, 104010. [CrossRef]
2. Nhamo, L.; Matchaya, G.; Mabhaudhi, T.; Nhlengethwa, S.; Nhemachena, C.; Mpandeli, S. Cereal production trends under

climate change: Impacts and adaptation strategies in southern Africa. Agriculture 2019, 9, 30. [CrossRef]
3. Adisa, O.M.; Botai, C.M.; Botai, J.O.; Hassen, A.; Darkey, D.; Tesfamariam, E.; Adisa, A.F.; Adeola, A.M.; Ncongwane, K.P.

Analysis of agro-climatic parameters and their influence on maize production in South Africa. Theor. Appl. Climatol. 2018, 134,
991–1004. [CrossRef]

4. Rockstrom, J. Water resources management in smallholder farms in Eastern and Southern Africa: An overview. Phys. Chem. Earth
Part B Hydrol. Ocean. Atmos. 2000, 25, 275–283. [CrossRef]

5. Ubisi, N.R.; Mafongoya, P.L.; Kolanisi, U.; Jiri, O. Smallholder farmer’s perceived effects of climate change on crop production
and household livelihoods in rural Limpopo province, South Africa. Chang. Adapt. Socio-Ecol. Syst. 2017, 3, 27–38. [CrossRef]

6. Andersson, J.; Zehnder, A.J.; Jewitt, G.P.; Yang, H. Water availability, demand and reliability of in situ water harvesting in
smallholder rain-fed agriculture in the Thukela River Basin, South Africa. Hydrol. Earth Syst. Sci. 2009, 13, 2329–2347. [CrossRef]

7. Lu, H.-D.; Xue, J.-Q.; Guo, D.-W. Efficacy of planting date adjustment as a cultivation strategy to cope with drought stress and
increase rainfed maize yield and water-use efficiency. Agric. Water Manag. 2017, 179, 227–235. [CrossRef]

8. Walker, N.; Schulze, R. An assessment of sustainable maize production under different management and climate scenarios for
smallholder agro-ecosystems in KwaZulu-Natal, South Africa. Phys. Chem. Earth Parts A/B/C 2006, 31, 995–1002. [CrossRef]

9. Taghvaeian, S.; Chávez, J.L.; Bausch, W.C.; DeJonge, K.C.; Trout, T.J. Minimizing instrumentation requirement for estimating crop
water stress index and transpiration of maize. Irrig. Sci. 2014, 32, 53–65. [CrossRef]

10. Du Plessis, J. Maize Production; Department of Agriculture Pretoria: Pretoria, South Africa, 2003.
11. Haarhoff, S.J.; Kotzé, T.N.; Swanepoel, P.A. A prospectus for sustainability of rainfed maize production systems in South Africa.

Crop Sci. 2020, 60, 14–28. [CrossRef]
12. Carroll, D.A.; Hansen, N.C.; Hopkins, B.G.; DeJonge, K.C. Leaf temperature of maize and Crop Water Stress Index with variable

irrigation and nitrogen supply. Irrig. Sci. 2017, 35, 549–560. [CrossRef]
13. Zhang, F.; Zhou, G. Estimation of vegetation water content using hyperspectral vegetation indices: A comparison of crop water

indicators in response to water stress treatments for summer maize. BMC Ecol. 2019, 19, 18. [CrossRef] [PubMed]
14. Saseendran, S.; Trout, T.; Ahuja, L.; Ma, L.; McMaster, G.; Nielsen, D.; Andales, A.; Chávez, J.; Ham, J. Quantifying crop water

stress factors from soil water measurements in a limited irrigation experiment. Agric. Syst. 2015, 137, 191–205. [CrossRef]
15. Jackson, R.D.; Idso, S.; Reginato, R.; Pinter, P., Jr. Canopy temperature as a crop water stress indicator. Water Resour. Res. 1981, 17,

1133–1138. [CrossRef]
16. Yun, S.K.; Kim, S.J.; Nam, E.Y.; Kwon, J.H.; Do, Y.S.; Song, S.-Y.; Kim, M.; Choi, Y.; Kim, G.; Shin, H. Evaluation of water stress

using canopy temperature and crop water stress index (CWSI) in peach trees. Prot. Hortic. Plant Fact. 2020, 29, 20–27. [CrossRef]
17. González-Dugo, M.; Moran, M.; Mateos, L.; Bryant, R. Canopy temperature variability as an indicator of crop water stress severity.

Irrig. Sci. 2006, 24, 233. [CrossRef]
18. Gerhards, M.; Schlerf, M.; Mallick, K.; Udelhoven, T. Challenges and future perspectives of multi-/Hyperspectral thermal infrared

remote sensing for crop water-stress detection: A review. Remote Sens. 2019, 11, 1240. [CrossRef]
19. Dai, Y.; Dickinson, R.E.; Wang, Y.-P. A two-big-leaf model for canopy temperature, photosynthesis, and stomatal conductance. J.

Clim. 2004, 17, 2281–2299. [CrossRef]
20. Jamshidi, S.; Zand-Parsa, S.; Niyogi, D. Assessing crop water stress index of citrus using in-situ measurements, Landsat, and

Sentinel-2 Data. Int. J. Remote Sens. 2021, 42, 1893–1916. [CrossRef]
21. Veysi, S.; Naseri, A.A.; Hamzeh, S.; Bartholomeus, H. A satellite based crop water stress index for irrigation scheduling in

sugarcane fields. Agric. Water Manag. 2017, 189, 70–86. [CrossRef]
22. Sepulcre-Cantó, G.; Zarco-Tejada, P.; Sobrino, J.; Jiménez-Muñoz, J.; Villalobos, F. Spatial variability of crop water stress in an

olive grove with high-spatial thermal remote sensing imagery. Proc. Precis. Agric. 2005, 5, 267–272.
23. Zhang, L.; Niu, Y.; Zhang, H.; Han, W.; Li, G.; Tang, J.; Peng, X. Maize canopy temperature extracted from UAV thermal and RGB

imagery and its application in water stress monitoring. Front. Plant Sci. 2019, 10, 1270. [CrossRef]
24. Zhang, L.; Zhang, H.; Niu, Y.; Han, W. Mapping Maize Water Stress Based on UAV Multispectral Remote Sensing. Remote Sens.

2019, 11, 605. [CrossRef]
25. El-Hendawy, S.E.; Al-Suhaibani, N.A.; Elsayed, S.; Hassan, W.M.; Dewir, Y.H.; Refay, Y.; Abdella, K.A. Potential of the existing

and novel spectral reflectance indices for estimating the leaf water status and grain yield of spring wheat exposed to different
irrigation rates. Agric. Water Manag. 2019, 217, 356–373. [CrossRef]

http://doi.org/10.1088/1748-9326/aae013
http://doi.org/10.3390/agriculture9020030
http://doi.org/10.1007/s00704-017-2327-y
http://doi.org/10.1016/S1464-1909(00)00015-0
http://doi.org/10.1515/cass-2017-0003
http://doi.org/10.5194/hess-13-2329-2009
http://doi.org/10.1016/j.agwat.2016.09.001
http://doi.org/10.1016/j.pce.2006.08.012
http://doi.org/10.1007/s00271-013-0415-z
http://doi.org/10.1002/csc2.20103
http://doi.org/10.1007/s00271-017-0558-4
http://doi.org/10.1186/s12898-019-0233-0
http://www.ncbi.nlm.nih.gov/pubmed/31035986
http://doi.org/10.1016/j.agsy.2014.11.005
http://doi.org/10.1029/WR017i004p01133
http://doi.org/10.12791/KSBEC.2020.29.1.20
http://doi.org/10.1007/s00271-005-0022-8
http://doi.org/10.3390/rs11101240
http://doi.org/10.1175/1520-0442(2004)017&lt;2281:ATMFCT&gt;2.0.CO;2
http://doi.org/10.1080/01431161.2020.1846224
http://doi.org/10.1016/j.agwat.2017.04.016
http://doi.org/10.3389/fpls.2019.01270
http://doi.org/10.3390/rs11060605
http://doi.org/10.1016/j.agwat.2019.03.006


Drones 2022, 6, 169 25 of 27

26. Pasqualotto, N.; Delegido, J.; Van Wittenberghe, S.; Verrelst, J.; Rivera, J.P.; Moreno, J. Retrieval of canopy water content of
different crop types with two new hyperspectral indices: Water Absorption Area Index and Depth Water Index. Int. J. Appl. Earth
Obs. Geoinf. 2018, 67, 69–78. [CrossRef]

27. Prakash, A. Thermal remote sensing: Concepts, issues and applications. Int. Arch. Photogramm. Remote Sens. 2000, 33, 239–243.
28. Brewer, K.; Clulow, A.; Sibanda, M.; Gokool, S.; Naiken, V.; Mabhaudhi, T. Predicting the Chlorophyll Content of Maize over

Phenotyping as a Proxy for Crop Health in Smallholder Farming Systems. Remote Sens. 2022, 14, 518. [CrossRef]
29. Chang, A.; Jung, J.; Yeom, J.; Maeda, M.M.; Landivar, J.A.; Enciso, J.M.; Avila, C.A.; Anciso, J.R. Unmanned Aircraft System-(UAS-)

Based High-Throughput Phenotyping (HTP) for Tomato Yield Estimation. J. Sens. 2021, 2021, 8875606. [CrossRef]
30. Crusiol, L.G.T.; Nanni, M.R.; Furlanetto, R.H.; Sibaldelli, R.N.R.; Cezar, E.; Mertz-Henning, L.M.; Nepomuceno, A.L.; Neumaier,

N.; Farias, J.R.B. UAV-based thermal imaging in the assessment of water status of soybean plants. Int. J. Remote Sens. 2020, 41,
3243–3265. [CrossRef]

31. Hoffmann, H.; Jensen, R.; Thomsen, A.; Nieto, H.; Rasmussen, J.; Friborg, T. Crop water stress maps for an entire growing season
from visible and thermal UAV imagery. Biogeosciences 2016, 13, 6545–6563. [CrossRef]

32. Hu, P.; Chapman, S.C.; Zheng, B. Coupling of machine learning methods to improve estimation of ground coverage from
unmanned aerial vehicle (UAV) imagery for high-throughput phenotyping of crops. Funct. Plant Biol. 2021, 48, 766. [CrossRef]
[PubMed]

33. Messina, G.; Modica, G. Applications of UAV thermal imagery in precision agriculture: State of the art and future research
outlook. Remote Sens. 2020, 12, 1491. [CrossRef]

34. Xie, C.; Yang, C. A review on plant high-throughput phenotyping traits using UAV-based sensors. Comput. Electron. Agric. 2020,
178, 105731. [CrossRef]

35. Romano, G.; Zia, S.; Spreer, W.; Sanchez, C.; Cairns, J.; Araus, J.L.; Müller, J. Use of thermography for high throughput
phenotyping of tropical maize adaptation in water stress. Comput. Electron. Agric. 2011, 79, 67–74. [CrossRef]

36. Nhamo, L.; Magidi, J.; Nyamugama, A.; Clulow, A.D.; Sibanda, M.; Chimonyo, V.G.; Mabhaudhi, T. Prospects of Improving
Agricultural and Water Productivity through Unmanned Aerial Vehicles. Agriculture 2020, 10, 256. [CrossRef]

37. Maes, W.H.; Steppe, K. Perspectives for remote sensing with unmanned aerial vehicles in precision agriculture. Trends Plant Sci.
2019, 24, 152–164. [CrossRef]

38. Park, S.; Ryu, D.; Fuentes, S.; Chung, H.; Hernández-Montes, E.; O’Connell, M. Adaptive estimation of crop water stress in
nectarine and peach orchards using high-resolution imagery from an unmanned aerial vehicle (UAV). Remote Sens. 2017, 9, 828.
[CrossRef]

39. Cucho-Padin, G.; Loayza, H.; Palacios, S.; Balcazar, M.; Carbajal, M.; Quiroz, R. Development of low-cost remote sensing tools
and methods for supporting smallholder agriculture. Appl. Geomat. 2020, 12, 247–263. [CrossRef]

40. Abdel-Rahman, E.M.; Ahmed, F.B.; Ismail, R. Random forest regression and spectral band selection for estimating sugarcane leaf
nitrogen concentration using EO-1 Hyperion hyperspectral data. Int. J. Remote Sens. 2013, 34, 712–728. [CrossRef]

41. Guo, Y.; Yin, G.; Sun, H.; Wang, H.; Chen, S.; Senthilnath, J.; Wang, J.; Fu, Y. Scaling effects on chlorophyll content estimations
with RGB camera mounted on a UAV platform using machine-learning methods. Sensors 2020, 20, 5130. [CrossRef]

42. Han, L.; Yang, G.; Dai, H.; Xu, B.; Yang, H.; Feng, H.; Li, Z.; Yang, X. Modeling maize above-ground biomass based on machine
learning approaches using UAV remote-sensing data. Plant Methods 2019, 15, 10. [CrossRef] [PubMed]

43. Hassanijalilian, O.; Igathinathane, C.; Doetkott, C.; Bajwa, S.; Nowatzki, J.; Esmaeili, S.A.H. Chlorophyll estimation in soybean
leaves infield with smartphone digital imaging and machine learning. Comput. Electron. Agric. 2020, 174, 105433. [CrossRef]

44. Ramos, A.P.M.; Osco, L.P.; Furuya, D.E.G.; Gonçalves, W.N.; Santana, D.C.; Teodoro, L.P.R.; da Silva Junior, C.A.; Capristo-Silva,
G.F.; Li, J.; Baio, F.H.R. A random forest ranking approach to predict yield in maize with uav-based vegetation spectral indices.
Comput. Electron. Agric. 2020, 178, 105791. [CrossRef]

45. Yao, D.; Yang, J.; Zhan, X. An improved random forest algorithm for class-imbalanced data classification and its application in
PAD risk factors analysis. Open Electr. Electron. Eng. J. 2013, 7, 62–70. [CrossRef]

46. Polikar, R. Ensemble based systems in decision making. IEEE Circuits Syst. Mag. 2006, 6, 21–45. [CrossRef]
47. Xue, J.; Su, B. Significant remote sensing vegetation indices: A review of developments and applications. J. Sens. 2017, 2017,

1353691. [CrossRef]
48. Kayet, N.; Pathak, K.; Chakrabarty, A.; Sahoo, S. Urban heat island explored by co-relationship between land surface temperature

vs multiple vegetation indices. Spat. Inf. Res. 2016, 24, 515–529. [CrossRef]
49. Zarco-Tejada, P.J.; González-Dugo, V.; Berni, J.A. Fluorescence, temperature and narrow-band indices acquired from a UAV

platform for water stress detection using a micro-hyperspectral imager and a thermal camera. Remote Sens. Environ. 2012, 117,
322–337. [CrossRef]

50. Liang, L.; Di, L.; Huang, T.; Wang, J.; Lin, L.; Wang, L.; Yang, M. Estimation of leaf nitrogen content in wheat using new
hyperspectral indices and a random forest regression algorithm. Remote Sens. 2018, 10, 1940. [CrossRef]

51. Noi, P.T.; Degener, J.; Kappas, M. Comparison of multiple linear regression, cubist regression, and random forest algorithms to
estimate daily air surface temperature from dynamic combinations of MODIS LST data. Remote Sens. 2017, 9, 398. [CrossRef]

52. Cakir, R. Effect of water stress at different development stages on vegetative and reproductive growth of corn. Field Crops Res.
2004, 89, 1–16. [CrossRef]

http://doi.org/10.1016/j.jag.2018.01.002
http://doi.org/10.3390/rs14030518
http://doi.org/10.1155/2021/8875606
http://doi.org/10.1080/01431161.2019.1673914
http://doi.org/10.5194/bg-13-6545-2016
http://doi.org/10.1071/FP20309
http://www.ncbi.nlm.nih.gov/pubmed/33663681
http://doi.org/10.3390/rs12091491
http://doi.org/10.1016/j.compag.2020.105731
http://doi.org/10.1016/j.compag.2011.08.011
http://doi.org/10.3390/agriculture10070256
http://doi.org/10.1016/j.tplants.2018.11.007
http://doi.org/10.3390/rs9080828
http://doi.org/10.1007/s12518-019-00292-5
http://doi.org/10.1080/01431161.2012.713142
http://doi.org/10.3390/s20185130
http://doi.org/10.1186/s13007-019-0394-z
http://www.ncbi.nlm.nih.gov/pubmed/30740136
http://doi.org/10.1016/j.compag.2020.105433
http://doi.org/10.1016/j.compag.2020.105791
http://doi.org/10.2174/1874129001307010062
http://doi.org/10.1109/MCAS.2006.1688199
http://doi.org/10.1155/2017/1353691
http://doi.org/10.1007/s41324-016-0049-3
http://doi.org/10.1016/j.rse.2011.10.007
http://doi.org/10.3390/rs10121940
http://doi.org/10.3390/rs9050398
http://doi.org/10.1016/j.fcr.2004.01.005


Drones 2022, 6, 169 26 of 27

53. Zhao, X.; Tong, C.; Pang, X.; Wang, Z.; Guo, Y.; Du, F.; Wu, R. Functional mapping of ontogeny in flowering plants. Brief. Bioinform.
2012, 13, 317–328. [CrossRef] [PubMed]

54. Aragon, B.; Johansen, K.; Parkes, S.; Malbeteau, Y.; Al-Mashharawi, S.; Al-Amoudi, T.; Andrade, C.F.; Turner, D.; Lucieer, A.;
McCabe, M.F. A calibration procedure for field and UAV-based uncooled thermal infrared instruments. Sensors 2020, 20, 3316.
[CrossRef]

55. Costa, C.; Frigon, D.; Dutilleul, P.; Dwyer, L.M.; Pillar, V.D.; Stewart, D.W.; Smith, D.L. Sample size determination for chlorophyll
meter readings on maize hybrids with a broad range of canopy types. J. Plant Nutr. 2003, 26, 1117–1130. [CrossRef]

56. Handiganoor, M.G.; Patil, S.; Vasudevan, S. Effect of Seed Coating Polymer and Micronutrients on Stomatal Conductance and
Resistance at Different Growth Stages of Pigeonpea. Adv. Res. 2018, 17, 1–8. [CrossRef]

57. Hutton, J.; Lipa, G.; Baustian, D.; Sulik, J.; Bruce, R. High Accuracy Direct Georeferencing of the Altum Multi-Spectral Uav
Camera and its Application to High Throughput Plant Phenotyping. Int. Arch. Photogramm. Remote Sens. Spat. Inf. Sci. 2020, 43,
451–456. [CrossRef]

58. Panigrahi, N.; Das, B. Canopy spectral reflectance as a predictor of soil water potential in rice. Water Resour. Res. 2018, 54,
2544–2560. [CrossRef]

59. Yang, J.; Du, X. An enhanced water index in extracting water bodies from Landsat TM imagery. Ann. GIS 2017, 23, 141–148.
[CrossRef]

60. Dye, M.; Mutanga, O.; Ismail, R. Examining the utility of random forest and AISA Eagle hyperspectral image data to predict
Pinus patula age in KwaZulu-Natal, South Africa. Geocarto Int. 2011, 26, 275–289. [CrossRef]

61. Luan, J.; Zhang, C.; Xu, B.; Xue, Y.; Ren, Y. The predictive performances of random forest models with limited sample size and
different species traits. Fish. Res. 2020, 227, 105534. [CrossRef]

62. Adam, E.; Mutanga, O.; Rugege, D.; Ismail, R. Discriminating the papyrus vegetation (Cyperus papyrus L.) and its co-existent
species using random forest and hyperspectral data resampled to HYMAP. Int. J. Remote Sens. 2012, 33, 552–569. [CrossRef]

63. Sibanda, M.; Onisimo, M.; Dube, T.; Mabhaudhi, T. Quantitative assessment of grassland foliar moisture parameters as an
inference on rangeland condition in the mesic rangelands of southern Africa. Int. J. Remote Sens. 2021, 42, 1474–1491. [CrossRef]

64. Gao, B.-C. NDWI—A normalized difference water index for remote sensing of vegetation liquid water from space. Remote Sens.
Environ. 1996, 58, 257–266. [CrossRef]

65. Castellanos-Quiroz, H.O.A.; Ramírez-Daza, H.M.; Ivanova, Y. Detection of open-pit mining zones by implementing spectral
indices and image fusion techniques. Dyna 2017, 84, 42–49. [CrossRef]

66. Song, Y.; Birch, C.; Qu, S.; Doherty, A.; Hanan, J. Analysis and modelling of the effects of water stress on maize growth and yield
in dryland conditions. Plant Prod. Sci. 2010, 13, 199–208. [CrossRef]

67. Fitzgerald, G.; Rodriguez, D.; O’Leary, G. Measuring and predicting canopy nitrogen nutrition in wheat using a spectral
index—The canopy chlorophyll content index (CCCI). Field Crops Res. 2010, 116, 318–324. [CrossRef]

68. Vincini, M.; Frazzi, E. Comparing narrow and broad-band vegetation indices to estimate leaf chlorophyll content in planophile
crop canopies. Precis. Agric. 2011, 12, 334–344. [CrossRef]

69. Wiratmoko, D.; Prasetyo, A.E.; Jatmiko, R.H.; Yusuf, M.A.; Rahutomo, S. Identification of Ganoderma boninense infection levels
on oil palm using vegetation index. Int. J. Oil Palm 2018, 1, 110–120.

70. Sishodia, R.P.; Ray, R.L.; Singh, S.K. Applications of remote sensing in precision agriculture: A review. Remote Sens. 2020, 12, 3136.
[CrossRef]

71. Taghizadeh-Mehrjardi, R.; Mahdianpari, M.; Mohammadimanesh, F.; Behrens, T.; Toomanian, N.; Scholten, T.; Schmidt, K.
Multi-task convolutional neural networks outperformed random forest for mapping soil particle size fractions in central Iran.
Geoderma 2020, 376, 114552. [CrossRef]

72. Mangus, D.L.; Sharda, A.; Zhang, N. Development and evaluation of thermal infrared imaging system for high spatial and
temporal resolution crop water stress monitoring of corn within a greenhouse. Comput. Electron. Agric. 2016, 121, 149–159.
[CrossRef]

73. Brenner, C.; Thiem, C.E.; Wizemann, H.-D.; Bernhardt, M.; Schulz, K. Estimating spatially distributed turbulent heat fluxes from
high-resolution thermal imagery acquired with a UAV system. Int. J. Remote Sens. 2017, 38, 3003–3026. [CrossRef] [PubMed]

74. Das, B.; Sahoo, R.N.; Pargal, S.; Krishna, G.; Verma, R.; Viswanathan, C.; Sehgal, V.K.; Gupta, V.K. Evaluation of different
water absorption bands, indices and multivariate models for water-deficit stress monitoring in rice using visible-near infrared
spectroscopy. Spectrochim. Acta Part A Mol. Biomol. Spectrosc. 2021, 247, 119104. [CrossRef] [PubMed]

75. Kullberg, E.G.; DeJonge, K.C.; Chávez, J.L. Evaluation of thermal remote sensing indices to estimate crop evapotranspiration
coefficients. Agric. Water Manag. 2017, 179, 64–73. [CrossRef]

76. Ma, B.; Xu, A.; Zhang, S.; Wu, L. Retrieval of leaf water content for maize seedlings in visible near infrared and thermal infrared
spectra. In Proceedings of the 2016 IEEE International Geoscience and Remote Sensing Symposium (IGARSS), Beijing, China,
10–15 July 2016; pp. 6930–6933.

77. Göbel, L.; Coners, H.; Hertel, D.; Willinghöfer, S.; Leuschner, C. The role of low soil temperature for photosynthesis and stomatal
conductance of three graminoids from different elevations. Front. Plant Sci. 2019, 10, 330. [CrossRef]

78. Nejad, T.S. Effect of drought stress on stomata resistance changes in corn. J. Am. Sci. 2011, 7, 27–31.
79. Van der Vyver, C.; Peters, S. How do plants deal with dry days? Front. Young Minds 2017, 5, 58. [CrossRef]

http://doi.org/10.1093/bib/bbr054
http://www.ncbi.nlm.nih.gov/pubmed/22138324
http://doi.org/10.3390/s20113316
http://doi.org/10.1081/PLN-120020079
http://doi.org/10.9734/AIR/2018/42837
http://doi.org/10.5194/isprs-archives-XLIII-B1-2020-451-2020
http://doi.org/10.1002/2017WR021494
http://doi.org/10.1080/19475683.2017.1340339
http://doi.org/10.1080/10106049.2011.562308
http://doi.org/10.1016/j.fishres.2020.105534
http://doi.org/10.1080/01431161.2010.543182
http://doi.org/10.1080/01431161.2020.1832282
http://doi.org/10.1016/S0034-4257(96)00067-3
http://doi.org/10.15446/dyna.v84n201.60368
http://doi.org/10.1626/pps.13.199
http://doi.org/10.1016/j.fcr.2010.01.010
http://doi.org/10.1007/s11119-010-9204-3
http://doi.org/10.3390/rs12193136
http://doi.org/10.1016/j.geoderma.2020.114552
http://doi.org/10.1016/j.compag.2015.12.007
http://doi.org/10.1080/01431161.2017.1280202
http://www.ncbi.nlm.nih.gov/pubmed/28515537
http://doi.org/10.1016/j.saa.2020.119104
http://www.ncbi.nlm.nih.gov/pubmed/33161273
http://doi.org/10.1016/j.agwat.2016.07.007
http://doi.org/10.3389/fpls.2019.00330
http://doi.org/10.3389/frym.2017.00058


Drones 2022, 6, 169 27 of 27

80. Leinonen, I.; Grant, O.; Tagliavia, C.; Chaves, M.; Jones, H. Estimating stomatal conductance with thermal imagery. Plant Cell
Environ. 2006, 29, 1508–1518. [CrossRef]

81. Peñuelas, J.; Filella, I.; Biel, C.; Serrano, L.; Save, R. The reflectance at the 950–970 nm region as an indicator of plant water status.
Int. J. Remote Sens. 1993, 14, 1887–1905. [CrossRef]

82. Ustin, S.L.; Jacquemoud, S. How the optical properties of leaves modify the absorption and scattering of energy and enhance leaf
functionality. In Remote Sensing of Plant Biodiversity; Springer: Cham, Switzerland, 2020; pp. 349–384.

83. Bonada, M.; Sadras, V.; Moran, M.; Fuentes, S. Elevated temperature and water stress accelerate mesocarp cell death and
shrivelling, and decouple sensory traits in Shiraz berries. Irrig. Sci. 2013, 31, 1317–1331. [CrossRef]

84. Hasanuzzaman, M.; Nahar, K.; Alam, M.; Roychowdhury, R.; Fujita, M. Physiological, biochemical, and molecular mechanisms of
heat stress tolerance in plants. Int. J. Mol. Sci. 2013, 14, 9643–9684. [CrossRef] [PubMed]

85. Osakabe, Y.; Osakabe, K.; Shinozaki, K.; Tran, L.-S.P. Response of plants to water stress. Front. Plant Sci. 2014, 5, 86. [CrossRef]
[PubMed]

86. Bano, S.; Aslam, M.; Saleem, M.; Basra, S.; Aziz, K. Evaluation of maize accessions under low temperature stress at early growth
stages. J. Anim. Plant Sci 2015, 25, 392–400.

87. Ciganda, V.S.; Gitelson, A.A.; Schepers, J. How deep does a remote sensor sense? Expression of chlorophyll content in a maize
canopy. Remote Sens. Environ. 2012, 126, 240–247. [CrossRef]

88. Yordanov, I.; Tsonev, T.; Goltsev, V.; Kruleva, L.; Velikova, V. Interactive effect of water deficit and high temperature on
photosynthesis of sunflower and maize plants. 1. Changes in parameters of chlorophyll fluorescence induction kinetics and
fluorescence quenching. Photosynthetica 1997, 33, 391–402.

89. Ballester, C.; Brinkhoff, J.; Quayle, W.C.; Hornbuckle, J. Monitoring the effects of water stress in cotton using the green red
vegetation index and red edge ratio. Remote Sens. 2019, 11, 873. [CrossRef]

90. Niu, H.; Zhao, T.; Wang, D.; Chen, Y. Estimating evapotranspiration with UAVs in agriculture: A review. In Proceedings of the
2019 ASABE Annual International Meeting, Boston, MA, USA, 7–10 July 2019; p. 1.

91. Vitrack-Tamam, S.; Holtzman, L.; Dagan, R.; Levi, S.; Tadmor, Y.; Azizi, T.; Rabinovitz, O.; Naor, A.; Liran, O. Random Forest
Algorithm Improves Detection of Physiological Activity Embedded within Reflectance Spectra Using Stomatal Conductance as a
Test Case. Remote Sens. 2020, 12, 2213. [CrossRef]

92. Dobrowski, S.; Pushnik, J.; Zarco-Tejada, P.J.; Ustin, S.L. Simple reflectance indices track heat and water stress-induced changes in
steady-state chlorophyll fluorescence at the canopy scale. Remote Sens. Environ. 2005, 97, 403–414. [CrossRef]

93. Zarco-Tejada, P.J.; Pushnik, J.; Dobrowski, S.; Ustin, S. Steady-state chlorophyll a fluorescence detection from canopy derivative
reflectance and double-peak red-edge effects. Remote Sens. Environ. 2003, 84, 283–294. [CrossRef]

94. Carter, G.A. Reflectance wavebands and indices for remote estimation of photosynthesis and stomatal conductance in pine
canopies. Remote Sens. Environ. 1998, 63, 61–72. [CrossRef]

95. Waring, R.; Landsberg, J. Generalizing plant–water relations to landscapes. J. Plant Ecol. 2011, 4, 101–113. [CrossRef]
96. Li, F.; Kang, S.; Zhang, J. Interactive effects of elevated CO2, nitrogen and drought on leaf area, stomatal conductance, and

evapotranspiration of wheat. Agric. Water Manag. 2004, 67, 221–233. [CrossRef]

http://doi.org/10.1111/j.1365-3040.2006.01528.x
http://doi.org/10.1080/01431169308954010
http://doi.org/10.1007/s00271-013-0407-z
http://doi.org/10.3390/ijms14059643
http://www.ncbi.nlm.nih.gov/pubmed/23644891
http://doi.org/10.3389/fpls.2014.00086
http://www.ncbi.nlm.nih.gov/pubmed/24659993
http://doi.org/10.1016/j.rse.2012.08.019
http://doi.org/10.3390/rs11070873
http://doi.org/10.3390/rs12142213
http://doi.org/10.1016/j.rse.2005.05.006
http://doi.org/10.1016/S0034-4257(02)00113-X
http://doi.org/10.1016/S0034-4257(97)00110-7
http://doi.org/10.1093/jpe/rtq041
http://doi.org/10.1016/j.agwat.2004.01.005

	Introduction 
	Materials and Methods 
	Study Site Description 
	Maize Growth Stages 
	Field Data Collection, Sampling, and Survey 
	UAV: DJI Matrice 300 and MicaSense Altum 
	Image Acquisition and Processing 
	Statistical Analysis 
	Accuracy Assessment 

	Results 
	Descriptive Analysis of UAV-Derived Data and SI-111 IRR Maize Temperature Data 
	Maize Temperature Data over Phenotyping 
	Evaluation of UAV Thermal Imagery against In-Field SI-111 IRR Temperature Sensors 

	Descriptive Statistics of In Situ Maize Temperature and Stomatal Conductance Measurements 
	UAV-Derived Data: Estimation of Maize Temperature and Stomatal Conductance 
	Optimised Regression Models of Maize Foliar Temperature and Stomatal Conductance over the Phenological Stages 
	Mapping the Spatial Distribution of Maize Temperature and Stomatal Conductance over the Various Phenological Stages 


	Discussion 
	Prediction of Maize Water Stress Using Foliar Temperature and Stomatal Conductance 
	Implications of the Study 
	Limitations and Recommendations for Future Research 

	Conclusions 
	References

