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Abstract: The temperature-based crop water stress index (CWSI) is the most robust metric
among precise techniques that assess the severity of crop water stress, particularly in
susceptible crops like maize. This study used a unmanned aerial vehicle (UAV) to remotely
collect data, to use in combination with the random forest regression algorithm to detect the
maize CWSI in smallholder croplands. This study sought to predict a foliar temperature-
derived maize CWSI as a proxy for crop water stress using UAV-acquired spectral variables
together with random forest regression throughout the vegetative and reproductive growth
stages. The CWSI was derived after computing the non-water-stress baseline (NWSB)
and non-transpiration baseline (NTB) using the field-measured canopy temperature, air
temperature, and humidity data during the vegetative growth stages (V5, V10, and V14) and
the reproductive growth stage (R1 stage). The results showed that the CWSI (CWSI < 0.3)
could be estimated to an R? of 0.86, RMSE of 0.12, and MAE of 0.10 for the 5th vegetative
stage; an R? of 0.85, RMSE of 0.03, and MAE of 0.02 for the 10th vegetative stage; an R?
of 0.85, RMSE of 0.05, and MAE of 0.04 for the 14th vegetative stage; and an R? of 0.82,
RMSE of 0.09, and MAE of 0.08 for the 1st reproductive stage. The Red, RedEdge, NIR,
and TIR UAV-bands and their associated indices (CCCI, MTCI, GNDVI, NDRE, Red, TIR)
were the most influential variables across all the growth stages. The vegetative V10 stage
exhibited the most optimal prediction accuracies (RMSE = 0.03, MAE = 0.02), with the Red
band being the most influential predictor variable. Unmanned aerial vehicles are essential
for collecting data on the small and fragmented croplands predominant in southern Africa.
The procedure facilitates determining crop water stress at different phenological stages to
develop timeous response interventions, acting as an early warning system for crops.

Keywords: crop early warning; random forest classifier; smallholder farming; food security;
resilience and adaptation; remote sensing
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1. Introduction

Agricultural production in sub-Saharan Africa has been at risk due to the increasing
water scarcity challenges compounded by erratic weather patterns and global warming [1].
In South Africa, smallholder farming consists of plots smaller than two hectares, which
mainly depend on highly variable and unreliable rainfall [2]. As such, researchers are
focusing on developing new crop varieties capable of withstanding local harsh climatic
conditions. Maize (Zea mays L.) is a multi-systemic crop whose specific varieties can be
adapted to suit any weather conditions [3]. Currently, it is a basic crop for the vulnerable,
and it contributes to global food security [4]. Nonetheless, the foremost environmental
challenge that hinders the production of maize is water stress [5]. Water stress affects maize
crops at different stages, thereby impacting both the vegetative and reproductive growth of
the crop [5].

Maize requires more water during the reproductive stage [6]. Consequently, maize
yield can be significantly reduced due to water stress during the vegetative and repro-
ductive growth stages. The authors of [7] demonstrated that water stress during rapid
vegetative growth led to up to 40% grain yield loss, which was indicated physiologically by
a reduction in plant extension and a drop in leaf size. Similarly, the authors of [8] noted that
water scarcity resulted in a decrease in leaf growth rates, leaf numbers, leaf area, and plant
height, which ultimately led to significant losses in terms of crop production. In this regard,
there is an urgent need to exert efforts towards detecting and understanding the tolerance
of crops to abiotic stresses. This is particularly true for rainfed agriculture in countries
receiving less than 500 mm of precipitation, as this amount is below the critical levels
required for obtaining good yields [3]. Therefore, it is necessary to determine water stress
levels in maize crop fields at different crop developmental stages to implement appropriate
response measures and mitigate their impacts on crop production.

In the assessment of crop water stress, researchers have utilized different thermal
indices over the last few decades. The canopy-air temperature difference (CATD) was used
as an indicator of crop water stress in the work by [9]. They introduced the concept of “stress
degree day (SDD)”, which is defined as the cumulative difference between canopy and air
temperatures during mid-afternoon over a specified duration [9]. Ref. [10] emphasized the
effective and non-invasive utilization of CATD for quickly monitoring the overall plant
response to water stress. Furthermore, the authors of [11] presented a method for assessing
plant water status relative to the temperature difference between a well-watered crop and
a stressed crop. They termed this temperature difference as the “temperature stress day”
(TSD). The authors of [12] implemented the “temperature-time threshold” (TTT) irrigation
management system, where the canopy temperature surpasses the threshold temperature
every minute, and the cumulative value of TTT is calculated. The variables based on
canopy temperatures, such as CATD, SDD, or TSD, standardize canopy temperature in
relation to air temperature. However, the evapotranspiration demand, which significantly
influences water stress in crop plants, is largely controlled by the vapour pressure deficit of
the surrounding air [13].

The sensitivity of the canopy temperature (Ic) to changing weather conditions resulted
in the development of the crop water stress index (CWSI) [14], which accounts for the impact
of air temperature (Ta) and other meteorological factors, such as the vapour pressure deficit
(VPD), wind speed (WS), and relative humidity (RH) [15], thus making it more suitable
for water stress measurement [16]. The CWSI measures crop water stress based on canopy
temperature and, therefore, reduces the need for ground surveys [17]. There are two widely
used CWSI models: the theoretical model [15] and the empirical model [9]. The primary
benefit of the empirical approach is attributed to the fact that it is relatively cheap, and its
implementation only necessitates the measurement of three variables: canopy temperature,
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relative humidity, and vapour pressure deficit (Ta, RH, and VPD, respectively) [16,17]. The
empirical approach utilizes the relationship between the disparity in canopy temperature
and air temperature (Tc-Ta), along with the vapour pressure deficit of the atmosphere
(VPD), in both water-stressed and non-water-stressed conditions [18]. The lower limit
baseline is formed by the linear relationship between the Tc-Ta and VPD values for well-
irrigated plants, and at the given VPD, the upper baseline is created by the Tc-Ta values of
water-stressed plants [19,20]. As such, the CWSI has been the most commonly used index
for assessing crop water stress by examining the canopy temperature [21].

The computation of the CWSI has been explored as an effective method for monitoring
the crop water status for maize [22,23]. However, the aforementioned studies that utilized
the CWSI to assess crop water stress used point-based approaches that did not take into
consideration the spatial variability in crops. Other than the application of fine spatial
resolution UAV-acquired images, the integration of robust machine learning algorithms
and vegetation indices (VIs) in predicting crop water stress indicators has shown to be
effective in mapping crop water stress in a spatially explicit manner (Zhao et al., 2018). In
the quantification of water stress in plants, numerous VIs have been identified that are
particularly useful for both direct and indirect quantification [24,25]. Such indices include
the renormalized difference vegetation index (RDVI), normalized difference vegetation
index (NDVI), soil-adjusted vegetation index (SAVI), transformed chlorophyll absorption
in reflectance index (TCARI), and optimization of soil-adjusted vegetation index (OSAVI),
which are based on visible, near-infrared (NIR), and RedEdge bands [25]. These VIs
are significant in providing vital vegetation information because of their sensitivity to
vegetation density and biomass (e.g., NDVI and SAVI), as well as leaf water content
(e.g., NDWI) [26]. These VIs are used to monitor and predict leaf area, leaf chlorophyll
absorption, and crop water stress, as well as for other applications. However, when these
indices are used to predict crop characteristics, they are influenced by the soil background;
to reduce this impact, indices including TCARI/OSAVI are used [27]. The use of machine
learning techniques has been encouraged because they can predict trends and accurately
anticipate major crop parameters in the multitemporal collection of many spectral bands
and VIs, generating highly dimensional data [28].

In particular, a commonly used machine learning algorithm is the random forest
(RF), which operates by obtaining predicted values from combined decision trees [29].
Compared to other machine learning algorithms, the RF is easy to execute, is more robust,
and has been known to be resistant to overfitting issues [29,30]. Moreover, the RF model
is a non-linear method that provides high simulation accuracy as well as an easy model
development process [31]. It is nonparametric and well-known for its capacity to detect
subtle differences in multiple spectral variables without being affected by collinearity,
variable autocorrelation, or model overfitting [32]. Moreover, the RF offers the benefit of
employing a bootstrapping mechanism that optimizes resampling and data utilization
when drawing training data points to build trees for each model, irrespective of the sample
size [32]. The RF has been extensively used for crop monitoring because of its rapid
computational speed, as well as its good degree of stability in comparison with linear
regression and Neural Network algorithms [33]. The RF may consider multiple variables,
is highly stable with changes in the parameter values of a classification model, and can
average tree forecasts for each forest.

As a result, in terms of classification and prediction, the RF has an advantage. There-
fore, the RF was expected to be a suitable method for precisely estimating leaf temperature
and stomatal conductance as signs of crop water stress in small-scale farms. The RF regres-
sion algorithm was used to predict the maize CWSI from spectral bands and VIs because it
can develop a multicollinear and multidimensional analysis on large databases [32]. Given
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the possibilities presented by UAV data and machine learning techniques in evaluating
crop water stress, this research examined the practicality of using UAVs to determine
the CWSI for maize crops. The random forest algorithm was used to assess the maize
CWSI in a smallholder farm across different phenological stages, from the vegetative to
reproductive stages, and determine the optimal stage to deduce the CWSI. The objectives
were to determine maize water stress using the crop water stress index (CWSI) for the
various maize phenological stages and estimate the optimal maize growth stage(s) for crop
water stress index (CWSI) model prediction.

2. Materials and Methods
2.1. Description of the Study Area

This research was conducted on a 0.28-hectare smallholder maize field (Figure 1). This
study field (—22.125031° to —34.834171° S and 16.451891° to 32.891122° E) is situated 55 km
to the northeast of Pietermaritzburg, within the rural region of Swayimane, uMshwathi
Local Municipality, in the KwaZulu-Natal Province of South Africa (Figure 1). The area
is dominated by smallholder farming systems, which are mainly rainfed. The main crops
grown in the region consist of maize, sugarcane, sweet potato, and amadumbe (taro). Here,
smallholder farmers use traditional agricultural techniques to plant, care for, and manually
harvest their crops. Farm plots rely on natural rainfall for irrigation and are fertilized with
animal manure, as well as manually weeded by farmers. As an alternative, small-scale
farmers utilize herbicide backpack sprayers to manage weeds and grasses.

Furthermore, crop production in the area thrives due to the favourable environmental
conditions in the region, where summers are mainly warm and wet, whilst winters are
dry. The yearly temperatures vary from 11.8 °C to 24 °C, with an average annual tem-
perature of 17 °C. The annual precipitation ranges from 600 mm to 1200 mm, with the
majority of rainfall occurring during the summer months. The area experienced an average
humidity of 82.81%, 242.8 mm rainfall, and the highest air temperature of 24 °C over the
study period [34]. An automated weather station located at Swayimane Primary School,
approximately 2 km away from the maize field, kept track of the weather conditions.

2.2. Methodological Framework

Figure 2 is a flowchart of activities undertaken to assess the maize CWSI using machine
learning algorithms and the derivation of the results. This work included data collection, as
represented by the blue colour, data preparation, application, and analysis using machine
learning algorithms (the random forest), as shown by the orange colour, and, lastly, data
analysis and the derivation of results, as shown by the activities indicated in the green
colour (Figure 2). The stages of the flowchart were repeated at every phenological phase of
the maize crop. Each of these stages is detailed in the preceding sub-sections.

2.3. Maize Phenotyping

The maize seeds were sown on 8 February and harvested on 26 May 2021, resulting in
a total growth period of 108 days. Maize development is divided into vegetative stages and
reproductive stages, as outlined by [7]. Within each stage, maize growth and development
encounter certain transitions as a function of the environmental conditions under which
it is grown, as well as the crop’s genetic potential. These are significant to deduce for
monitoring and informing smallholder farmers so that the farmers can manipulate the
growth environment at the right time to increase yields. Although these stages are outlined
in the work by [35], Table 1 only outlines stages that were examined for this study. These
stages were chosen due to data availability as well as their significant characteristics in
maize growth and development.
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Figure 1. Location of the Swayimane study area, study site, and smallholder maize field.
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Figure 2. Flowchart showing the data collection (blue), data preparation RF analysis (orange), and

data analysis (green).

Table 1. Assessed maize growth stages and their characteristics.

Days After
Emergence

Growth Stage

Description Pictures

21-31

V5

38-43

V10

49-55

V14

Vegetative stages.

The plant population is established at this stage
as potential cobs and tassel forms. Thus, the yield
potential is determined.

A growth point of 20 to 25 mm below the surface.

Early cob development and ear initiation.

Tassel begins to grow fast at the growth point.
From the sixth to the eighth node above the
surface, active development of lateral shoots

and cobs.

Brace root development.

Highly sensitive to heat and drought stress; thus,
farmers should avoid any nutrient and water
shortages to ensure maximum cod and

kernel development.

63-69

R1

Reproductive stage.

Pollination takes over for a 5-10-day period.
Maize is sensitive to stress during this period;
thus, if leaves are already wilted from moisture
stress in the morning, a crop loss of about 7% per
day is experienced.

Maize begins to translocate nutrients from other
parts of the plant to the cob.
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2.4. Maize Canopy Temperature Measurement

The canopy temperature was recorded with two infrared radiometers (IRRs) (Apogee
SI-111, Apogee Instruments Inc., Logan, UT, USA) situated on a four-meter meteorological
tower at the centre of the maize field (Figure 3). The temperature measurement readings
from these sensors ranged from —60 °C to 110 °C in the 8-14 um range. Additionally, the
field of view (FOV) was set at a 23° and 45° half-angle perpendicular to the row direction
to obtain canopy temperature data. The canopy temperature was obtained every 10 s and
then later averaged to 5, 10, 30, and 60 min using a datalogger CR1000 (Campbell Scientific,
Logan Utah, USA) (Figure 3). This study used 60 min interval foliar temperature data to
develop the non-water-stressed baseline (NWSB) and non-transpiring baseline (NTB) for
the vegetative and reproductive stages.

Figure 3. (a) An automated in-field meteorological tower in the maize field, (b) meteorological
tower-mounted infrared radiometers (IRRs), and (c) a CR1000 data logger, an Em50 datalogger, and a
12 V battery.

The calibration of the IRR sensors was conducted by a chamber that is temperature-
controlled with blackbody cones for radiation sources, where the sensors were held at an
opening on the blackbody. Thermal isolation from the cones was used for each of the IRR
sensors, which were monitored at their respective temperatures. The IRR was kept at a
steady temperature, while the cone was regulated to temperatures below 12 °C, above
18 °C, and consistent with the IRR. For every 10 °C measured, measurements of IRR and
black body cones were performed until they reached at least a constant temperature. The
IRR measurements and the maize temperature-calibrated handheld IRT measurements
were used for the development of the CWSI.

The experimental field polygon was digitized using Google Earth Pro and thereafter
used in ArcGIS 10.5 for generating sampling points. To obtain a total of 50 sample points
within the digitized field perimeter, systematic random sampling was then conducted. The
coordinates were then transferred to the handheld GPS unit of Trimble Global Positioning
System with submeter accuracy. To navigate the sampling zones, these locations were
used. A maize plant situated near the sampling location was chosen and evaluated for
this study upon reaching the sampling point. Maize plants at each sampling site were
marked in order to achieve consistency with the measurements completed once a week. A
handheld infrared GM320 thermometer (IRT) with digital laser was used to measure foliar
temperature data during the early vegetative growth to late reproductive growth stages of
maize at two-week intervals.

Temperature measurements were recorded at each sampling point/plant from
10:00 a.m. to 14:00 p.m. (South Africa Standard Time). Temperature measurements
of the maize canopy were captured simultaneously with the image acquisition using the
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drone across all field sampling dates. Foliar (IRT-measured) temperature readings were
conducted from a fresh, completely visible ear of the leaf with the collar visible during
the vegetative stage. Thereafter, the foliar temperature was then measured from the ear
leaf [32]. Temperature measurements from IRT were conducted and averaged three further
times. Each temperature measurement was then captured in a spreadsheet, along with
other measured crop properties, including stomatal conductance. The SC-1 leaf porometer
(Decagon Devices, Inc., Pullman, WA, USA) was used to measure stomatal conductance
in mmol m~2 s~! for a period of 30 s. The multispectral and thermal UAV imagery was
combined with all the field-measured samples to create a point map.

2.5. Meteorological Data Collection

The automatic weather stations (AWSs) set up at Swayimane Primary School, following
the World Meteorological Organization’s guidelines, were utilized to gather meteorological
data [32]. Hourly averaged meteorological information, such as relative humidity (%) and
air temperature (°C), was employed to calculate the vapour pressure deficit (VPD) for
determining NWSB and, ultimately, the CWSIL.

2.6. UAV Multispectral-Thermal System

A quad-rotor UAYV, specifically, the DJI Matrice 300 (DJI Inc., Shenzhen, China), along
with a Micasense (MicaSense, Inc., Seattle, WA, USA) multispectral sensor system, was
employed to gather images for this research (Figure 3b). The camera system was character-
ized by a Downwelling Light Sensor 2 (DLS-2) integrated with a GPS module (RedEdge,
MicaSense Inc., Seattle, WA, USA) that records high-resolution five-band multispectral
narrow bands (blue, green, red, red-edge, near-infrared (NIR)) (Table 2), along with a
longwave infrared thermal camera that meets the specifications in [32,36].

Table 2. MicaSense Altum camera specifications.

Band Spectral Colour Band Range Ground Sampling Distance at

a 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 81 cm per pixel

2.7. Image Acquisition and Processing

The flight plan was designed using field boundary digitized on Google Earth Pro
and integrated into the UAV’s smart interface in a keyhole markup language format (kml)
(Figure 4c). A flight controller was used to generate a flight plan, which the aircraft traced
while capturing the images. After the flight plan’s generation, the flight-specific details
were obtained, as illustrated in Table 3. Prior to image acquisition, the MicaSense Altum
calibrating reflectance panel (CRP) was utilized to adjust the sensor prior to and following
the flight (Figure 4d). This involved the pilot directly capturing an unshaded image above
the CRP to assess the lighting conditions before and after the flight. The remotely acquired
dataset was acquired using the UAV at 2-week intervals and simultaneously with the other
crop elements.

Once the images were gathered, they were combined into a mosaic and adjusted for
radiometric accuracy using Pix4Dfields software (Pix4d Inc., San Francisco, CA, USA).
Images from the CRP acquired before and after the acquisition of the flights were used
to calibrate the capture reflectance values from possible variabilities imposed by changes
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in atmospheric conditions. A complete orthomosaic GeoTiff image was generated after
pre-processing. Reference points selected in Google Earth Pro were utilized to orthorec-
tify the image in ArcGIS 10.5. The images were aligned to the Universal Transverse
Mercator (UTM zone 36S) projection, achieving a root mean square error (RMSE) of less
than 0.5 pixels (3.5 cm).

Figure 4. (a) UAV system, DJI Matrice 300, (b) MicaSense Altum camera, (c) DJI M-300 flight plan,
and (d) MicaSense Altum calibration reflectance panel.

Table 3. Unmanned aerial vehicle (UAV) flight specifications.

Parameters Specifications

Altitude 100 m

Ground sampling distance (multispectral) 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%

2.8. Selection of Vegetation Indices

The temperature readings depicted on the point map, as described in Section 2.7, were
utilized to obtain reflectance values for the multispectral bands. These surface reflectance
values were subsequently applied to calculate vegetation indices. The chosen vegetation
indices are well-established for correlating with canopy physiological parameters [37].
Furthermore, these indices seek to enhance the role of vegetation optical traits in the overall
spectral response of the canopy [37]. The vegetation indices also attempt to correct any
confounding factors, such as soil bottom reflectivity in the crop, especially in the early
stages of the growth cycle [38]. To create a regression model that links data collected by
UAVs with the CWSI, incorporating multispectral and thermal bands, along with Vis in the
work by [34], were selected.

2.9. Crop Water Stress Index (CWSI) Calculation
The CWSI was calculated by using Equations (1)—(3):
AT — Twet
CWSI= Tdry — Twet @

where AT is the precise calculation of the disparity between canopy and air temperature
(Tc — Ta), Twet as the lower boundary, and Tdry as the upper boundary for the predicted
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baselines. In this context, Twet and Tdry are also known as the non-water-stressed baseline
(NWSB) and the non-transpiring baseline (NTB), respectively, which are defined in the
following manner:

Twet =m*x VPD +b (2)
Tdry = m* VPG +b 3

where m and b in both equations represent the slope and intercept, respectively. VPD is
obtained using Equations (4)-(6), as described in [39]:

17.27T
RH
€; = €5 * (100) (5)
VPD = ¢ —¢q 6)

where T represents the air temperature, RH signifies the relative humidity, es denotes the
saturated vapour pressure (kPa) at the air temperature Ta, and ¢, is the actual vapour
pressure (kPa). To compute Tdry values, the vapour pressure gradient (VPG) is calculated.
The VPG represents the difference in air-saturated water vapour pressure at temperature
Ta compared to the air-saturated water vapour pressure at temperature Ta + b [40].

To begin with, the initial phase of calculating the CWSI consisted of establishing
functions for Twet and Tdry for rainfed maize based on the environmental conditions of
Swayimane, as suggested in [41]. Maize AT was calculated by IRT measurements in the field
after two significant rainfall days and was plotted with their corresponding VPD values.
This was completed under the assumption that after these wetting events, the soil water
deficit was replenished, and, therefore, maize had access to sufficient soil water. Therefore,
non-water-stressed conditions existed. This was established for two hours prior to and two
hours following noon, as suggested by [15]. The coefficients for Equations (5) and (6) were
derived from the linear segment equation through the application of basic linear regression.
To illustrate the correlation between AT and VPD during the vegetative and reproductive
stages, a three-step moving average method was employed [9]. According to [41], the
CWSI method is applicable solely in clear-sky situations; therefore, all the days chosen
for calculating the CWSI aligned with the dates of field visits during all evaluated stages.
The CWSI values span from 0 to 1, with 0 representing no water stress and 1 denoting the
highest level of stress.

2.10. Statistical Analysis

RF regression was adopted in this study following its high performance in predicting
the CWS], surpassing SVM and partial least squares (PLS) [34]. The RF was implemented
in RStudio software version 1.4.1564, and the outputs were a set of decision trees. Sub-
sequently, the trees were divided at each node based on the explanatory variable that
contributed most significantly to the response variable [42]. For every prediction of the
response variable, an average value was generated from a variety of decision trees and their
outputs. The models developed included spectral variables (bands and VIs) and the CWSI
as the exploratory variable and response variable, respectively. Furthermore, all the models
created for each stage of growth in this study have distinct hyperparameters that enhance
their performance. In random forest (RF), the mtry parameter represents the count of
variables utilized to create splits at every node of the decision tree. In R, the standard value
of mtry is determined by taking the total number of predictive variables and dividing it by
three [43]. Meanwhile, the other parameter, ntree, which indicates the generated number
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of trees, has a default value of 500 [44]. This study employed the K-fold cross-validation
method due to its noted effectiveness in the existing literature [45]. In this research, the
complete process for developing the predictive model involved performing 10-fold cross-
validation three times on the training dataset, utilizing the “train” function found in the
“caret” package in R. This cross-validation approach allowed for the retention of the most
effective components that achieved the lowest RMSE across all models. Ultimately, the final
model for each phenological stage was optimized and fine-tuned with hyperparameters
that included 500 trees and various VIs. Moreover, the final model was used to identify
variables that were the most important for explaining the CWSI at each phenological stage
using the “varImp” function in R. Thus, variable importance assessment was only applied
on the optimal performing model at each stage. The dataset in this research was divided,
with 70% allocated for training and 30% for testing purposes (Figure 4).

2.11. Accuracy Assessment

The effectiveness and reliability of the RF predictive models were evaluated using
the coefficient of determination (R?), the root mean square error (RMSE), and the mean
absolute error (MAE).

3. Results

3.1. Non-Water-Stressed Baselines (NWSBs) and the Maize Crop Water Stress Index (CWS) for
Vegetative and Reproductive Stages

Figure 4a,b show the correlation of Tc-Ta vs. VPD, which was utilized to derive the
slope and the intercept of the NWSB. The same coefficients developed for NWSB were
also determined for NTB using VPG instead of VPD, while Figure 5 shows the significant
correlation at the vegetative (R? = 0.83) and reproductive (R% = 0.95) stages. The results
indicate that Tc-Ta decreases when VPD increases.

(@)

Tc-Ta (°C)

Vegetative Growth Stage: (b) Reproductive Developmment Stages:
DOY 93 and 97 DOY 123 and 138
4.0 6.00
3.0 - < _ 400 y =-3.6502x +5.9992
o R2?=0.9461
< 2.00
2.0 =
1.8402x + 3.9671 g 00
=-1. X+ 3.
10 7 =
R?=0.8347 -2.00
0.0 -4.00
0.0 0.5 1.0 15 0.00 1.00 2.00 3.00
VPD (kPa) VPD (kPa)

Figure 5. Non-water-stressed baselines used to calculate the CWSI for maize growth stages.

The trend in the CWSI for four distinctive days of the maize growth stages can be
observed in Figure 5. The results show that the values of the CWSI are close to zero for the
two growth stages. The lowest CWSI value was determined on DOY 76, whilst the highest
value was determined on DOY 89. On average, there was low crop water stress during
the study period. Generally, these findings show that maize water stress levels varied at
different stages as maize grows from the vegetative to the reproductive stage. Figure 6
depicts that overall, for both stages, the maize incurred low water stress levels.
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Figure 6. The variation in the CWSI for maize over different DOYs in 2021.

3.2. Predicting the Crop Water Stress Index (CWSI) of Maize During the Vegetative and
Reproductive Growth Stages Using Random Forest

The CWSI was predicted at an RMSE of 0.12 and R? of 0.86 during the vegetative stage
(V5) based on NDWI, SAVI, TCARI_RDVI, RedEdge, TIR, GNDVI, and MTCI (in order
of importance) as optimal explanatory variables (Figure 7(ai,aii)). During the V10 growth
stage, the CWSI was predicted at an RMSE value of 0.03 and an R? value of 0.85 using
Red, TIR, GNDVI, TCARI, CI_GREEN, CCCI, and NIR, ranked by priority (Figure 7(bi,bii)).
During the final vegetative stage (V14), the CWSI was predicted at an RMSE value of 0.05 as
well as an R? of 0.85 using NDRE, MTCI, CCCI, GNDVJ, TIR, Cl_RedEdge, and MTVI2 as
optimal variables, ranked by priority (Figure 7(ci,cii)). Meanwhile, during the reproductive
stage, the CWSI of maize was estimated to have an RMSE of 0.09 and R? of 0.82 based on
TIR, TCARI, RedEdge, Red, RDVI, RVI, and Green as the best variables, ranked by priority.
Overall, the results indicate that the vegetation stage V10 was the optimal stage to predict
the CWSI, with the lowest RMSE of 0.03 using Red, TIR, GNDVI, TCAR], etc., in that order.
The least optimal stage to determine the CWSI was the early vegetative stage, with the
highest RMSE of 0.12.

3.3. Spatial Distribution of the Maize Crop Water Stress Index (CWSI) at Different Phenological Stages

Figure 8 illustrates the spatial arrangement of the CWSI in the experimental field
at different growth stages. The images (Figure 8) indicate that, on average, there were
consistently low water stress levels throughout the stages. However, the CWSI increased as
the maize grew and the phenological periods changed.

The early reproductive (R1) phenological period exhibited the highest CWSI, ranging
from 0.05. Subsequently, the CWSI was minimal during the vegetative phase (V5, V10, and
V14). Despite this, the results depicted in Figure 8 indicate that the western section of the
field (Figure 8c,d) exhibited signs of water stress during the late vegetative phase and the
early reproductive phase (V14 and R1). The observed outcomes can be attributed to the
farmer’s application of herbicides in the western section to eradicate the grass and weeds
present between the rows during the mid-vegetative phase (V5 and V10). As a result, the
herbicides negatively impacted the health of these crops, causing the plants to experience a
slight herbicide burn and thus appear to have high stress. However, Te-Ta increased as the
winter season approached, suggesting reduced transpiration due to water stress during the
mid-reproductive and senescence phases in the late reproductive growth stages.
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Figure 7. Linear relationships between the actual and predicted CWSI for maize crop’s vegetative
stages (ai) V5, (bi) V10, and (ci) V14 and (di) reproductive stages (R1), as well as the corresponding
variables’ importance (ai-dii).



Drones 2025, 9, 192

14 of 21

30°41'50" | 30°41'51"  30°41'52" . 30°41'50"  30°41'51"  30°41'52"
Legend fv's 3 Legend
K] : I
3 Boundary g E‘i' [ Boundary
i ¢ CWSI_V5 8 R CWSI_V10 |3,
m |\ M o.08 : Woos  |®
Ll r ] [\
& Ll -035 ji 0.04 e
Y in e 5
1 ™M n
L M
i m fad I
o m
=} o
: 8 R s
O ' M
o -
pad r n
m [
Q )]
=2} = (5]
o e © !
(]
= [y
‘ Fen | L
o ™M
o)} [}
= o g s
N . h N
B
& NoR )
) )
(a) = | ® L
] ¢ fd
: : . , ‘ & al— , .
30°41'50" 30°41'51" 30041'52" % ~N30°41'50" 30°41'51" 30°41'52"
30°41'50" | 30°41'51" | 30°41'52" :  30°41'50"  30°41'51" | 30°41'52"
Legend |© Legend
o B Boundary
T o
: O Boundary Q CWSI_R1 .
6 cwsI_via |° Mot n
i e
':' ™o.44 L | 0.05 5
& 036 — Q
) g Eq
] = =1 L
& &
H ‘? ~N fb
© ! ]
a %
w r 4 [\
o o
2 2 i
) 5 8
] ;,;‘, pd L
- )
; D &
) :
= L ren
o &
o z . i
Ly P 5
(c) = ol @ -
] ¢ pod
; ; ; ; - | — . : : ;
30°41'50" 30°41'51" 30°41'52" N30°41'50" 30°41'51" 30°41'52"
LA | 20 10 0 20 40 60 80 |
Meters

Figure 8. The maize CWSI over the smallholder field for vegetative stages (a—c) and reproductive
stages (d).

4. Discussion
4.1. Determination of the Baselines and the Maize CWSI for the Vegetative and Reproductive Stages

According to the results, the NWSB slope during the reproductive stage was more
pronounced than at the vegetative phase. Because the NWSB’s gradient indicates the
capacity for crop transpiration [40], the findings show that maize transpiration fluctuates
based on alterations in microclimatic conditions at every stage (i.e., vegetative and repro-
ductive growth stages). This leads to a Tc decrease due to growth from the vegetative to
the reproductive stage, thus leading to a Tc-Ta decrease and similar changes in VPD and,
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concurrently, a decline in the NWSB slope. Additionally, this change in different stages
can also be attributed to the change in the weather season from summer to winter as the
maize stage changes from the vegetative stage to the reproductive stage. This is similar to
the work performed by [46], who found that the baselines in different growth stages were
related to variations in weather conditions from the beginning to the end of the growth
stage, necessitating the need to determine baselines at each stage. Additionally, ref. [47]
emphasized that there is a need to use different baselines to avoid a decline in the CWSI's
ability to recognize variations under different water stress conditions. Consequently, when
developing the CWSI empirical model, it was necessary to establish NWSB individually for
various growth stages of maize.

Furthermore, the results also revealed that the intercept of NWSB in the vegetative
stage was lower than in the reproductive stage, showing that as the maize continued to
grow, the gap gradually increased. This further indicates that under the vegetative stage,
the maize canopy temperature was lower than in the reproductive stage, and their Tc-s
values were different. Similarly, various studies have found that there is a notable differ-
ence in the NWSB slope at different phenological stages. For instance, ref. [40] found that
there is a significant difference in the NWSB slope of summer maize during jointing, the
tasselling stage, milky ripening, and the maturity stage. This difference has also been noted
in other crops. Ref. [48] found that the NWSB slope of greenhouse grapes was reduced in
different stages, namely, the flowering, fruit swelling, and ripening stages at 3.56, 2.5 cui-
iuiuicuuicuicl, and 1.97, respectively. Additionally, ref. [49] found that the NWSB slope
and intercept were significantly different for wheat in two consecutive stages; before and
after heading, the slopes were —1.75 and —1.11 for both stages, respectively. This indicated
that after heading, the slope of NWSB was less steep. Nonetheless, studies have reported
slopes and intercepts ranging from —1.79 to 3.35 and 1.06 to 3.43, respectively [17,41,50].
Our findings revealed that the slope and intercept values were not outside the range of
the existing NWSB intercept and slope. This variability could be attributed to differences
in climatic conditions, given that these values were determined under the Mediterranean
climate, which differs from the tropical climate experienced in the KwaZulu-Natal province.
To the best of our knowledge, maize baselines have not been identified in this region,
resulting in a lack of literature for comparison.

The NWSB results were able to determine the CWSI for both the vegetative and
reproductive stages. The results reveal that the CWSI was relatively low during these
stages (CWSI < 0.3), which may well be because the study location received rainfall that
could have replenished moisture in the soil, availing it for photosynthesis. Previous studies
found that under well-irrigated conditions, CWSI values were less than 0.5 [17,51,52].
Notable results indicate that the CWSI values began to decline in the reproductive stage.
Similarly, refs. [17,23] noted that the CWSI was lowest during the maize reproductive stage.
Meanwhile, ref. [53] found that CWSI values over 0.40 led to a substantial reduction in
yield. Adopting the CWSI as a water stress indicator is further recommended by [54-57],
who suggested that, in comparison to techniques like soil moisture-based indicators, the
CWSI provides a simpler indicator for detecting water stress.

4.2. Comparative Estimation of the CWSI in Maize Across Different Growth Stages

Based on the RF results, the V5 stage yielded the maximum RMSE of 0.12 using NDWI,
SAVI, TCARI_RDVI], and RedEdge band as significant variables, in order of importance.
These results indicate the CWSI's sensitivity to the RedEdge, Red, Green, and NIR bands,
as well as their associated derivatives, as these indices were formulated using these spectral
bands. This has been corroborated by the literature, which shows a statistically representa-
tive correlation between leaf reflectance across the spectrum and water quantity in crop
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leaves [58]. Specifically, the RedEdge section has been related to crop water stress [55,59].
This is due to RedEdge’s capability to record the changes in chemical and physiological
processes generated by photosynthetic activities, stomatal conductance, and crop foliar
temperature [24]. Additionally, because of its sensitivity to high foliar reflectance due to
pigment concentrations within plants” canopy structure, the Red and NIR regions have
been largely related to the chlorophyll concentration [60,61]. Red, RedEdge, and NIR
bands and the associated VI significance in this early vegetative stage indicates strong
chlorophyll concentrations due to low leaf area values, leading to a higher dynamic crop
photosynthesis rate and enabling high reflectance in RedEdge and NIR sections [62]. Fur-
thermore, in the V5 stage, the NDWI was able to explain the variations in the maize CWSI,
owing to its strong correlation with plant water stress [40]. However, since the NDWI was
developed to monitor crop water stress by detecting changes in the leaf water content [63],
the early vegetative stage is composed of smaller leaf portions relative to the bare soil [64],
therefore affecting the performance of the index. Overall, our results indicate that low
canopy coverage in the V5 stage was impacted by soil background reflectance during image
acquisition; thus, the RedEdge and NIR bands led to the highest RMSE achieved and the
poor performance of CWSI prediction.

The lowest RMSE of 0.03 was attained when predicting the CWSI during the middle
vegetative stage (V10) using the Red band, TIR band, GNDVI, TCARI, Cl_Green, and
CCC(I as the best variables, in order of significance. Meanwhile, the late vegetative stage
(V14) yielded an RMSE of 0.05 using NDRE, MTCI, CCCI, GNDVI, TIR band, Cl_RedEdge,
MTVI2, and Red band as the best variables, in order of significance. Generally, the late vege-
tative stages are characterized by high LAI and stronger chlorophyll concentrations, which
are sensitive to these spectral derivatives [65]. In addition, the high levels of chlorophyll,
due to maize reaching photosynthetic maturity and requiring a high degree of productivity
for fruit production, are associated with later vegetative stages [32]. Our results reveal that
the chlorophyll-based VIs and bands (such as the Red band, C1_Green, CCCI, C1_RedEdge)
were significant to the estimation of the CWSI. Perhaps dense canopy coverage, which
presents a homogenous scene of green pigment reflectance during image acquisition, led
to the optimal prediction of the CWSI in the smallholder field due to little to no soil back-
ground disturbance. Comparable findings were observed by [4,66,67], who noted that there
was a high chlorophyll concentration in the late vegetative growth stages of maize, which
was susceptible to water stress indicators.

During R1, the model prediction resulted in an RMSE of 0.09, with TIR, TCARI,
RedEdge, Red, RDVI, RVI, and Green as the best variables, in order of significance. In
the 1970s, thermal remote sensing became a possible instrument for detecting early plant
water stress [68]. The TIR band has been linked to biophysical parameters such as canopy
temperature and stomatal changes resulting from water availability [69]. Plants close
their stomata when they experience water stress, thus reducing the loss of water and
consequently leading to a reduction in evaporative cooling. This results in a balance
between the temperature of the plant’s canopy and the surrounding temperature. On
the other hand, well-hydrated plants allow transpiration and evaporative cooling to be
maintained, which leads to a lower temperature of the canopy [24]. Consequently; it is
feasible to identify plant water stress by measuring canopy temperature. The occurrence of
water stress in crops can be observed through remote assessments of canopy temperature
using thermal infrared (TIR) technology [15,70]. Specifically, canopy temperature, which is
strongly determined by TIR, can record released radiant energy [24]. This stage (Maize R1)
is characterized by dense canopies, and our results show that the accuracy of estimating
the CWSI through the TIR region was improved. Thus, crop surface temperatures were
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strongly detected in the reproductive stage (RI) when TIR was the optimal variable for the
RF model at this stage.

Overall, previous research has shown that multispectral VIs obtained from UAV data
strongly correlate with indicators of water stress, demonstrating the capability to evaluate
water stress and its variation through the use of multispectral VIs [25]. Ref. [67] discovered
a strong relationship between GNDVI and stomatal conductance. Ref. [71] obtained an
R? value of 0.68 from a linear regression analysis connecting the NDVI and stem water
potential. Ref. [24] reported an R? value of 0.77 relating the Photochemical Reflectance
Index (PRI) and the CWSI. However, our results indicate that using multispectral Vis and
associated bands in the early vegetative stages does not yield optimal results. Similarly, in
the early vegetative stages of maize, the highest RMSE was also observed by [32], where
they reported the highest RMSE of 13.9 umol/m—2 during the earliest vegetative growth
stage of maize when compared with the mid-vegetative as well as the reproductive stages.
Even though this is the case, this study indicated that the V10 stage is the most optimal stage,
followed by V14, to estimate the CWSI. This suggests the paramount significance of UAV
data in maize water stress monitoring, considering that water stress in maize is particularly
critical during the tasselling stage since it can lead to significant yield reduction [72].

4.3. Implication of the Findings

As commercial agricultural practices become a focal point of modern innovation and
development, smallholder farmers often do not have the necessary resources needed to
adopt effective agricultural practices and optimize agricultural production. Therefore, the
findings from this study suggest a potential advantage for UAVs, as they may be capable
of profoundly investigating near real-time crop water stress detection using the CWSI
as a proxy, incorporating multispectral and thermal imaging technology. Therefore, the
findings from this study are valuable as a source of information about agricultural water
management of smallholder farmers since they provide information about water stress
levels at various phenological stages (V5, V10, V14, R1). Notably, the results from this
research revealed stages that have a generally low CWSI, with stage V14 showing the
highest CWSI level of 0.44, which indicates a slight moisture deficit and, therefore, suggests
irrigation intervention during this stage. Irrigating during the vegetative growth phases
helps ensure maximum productivity and reduces the risk of early water stress in crops.

The results also suggest the need for the potential adoption of climate-smart practices
during the stages that are susceptible to water stress in order to improve crop production
and yield. Notably, the UAV data revealed optimal periods for CWSI prediction, partic-
ularly during the V10 stage. The effective determination of crop water stress during this
vegetative stage is critical since it notably affects crop development as well as productivity.
Implementing water management climate-smart practices during this stage could help
smallholder farmers achieve desired yields and prevent crop loss.

5. Conclusions

This study sought to identify the optimal phenological stage for predicting the CWSI
of maize using UAV data. Based on the results of this research, it can be concluded that
data acquired from UAVs can effectively assess water stress in maize during various
phenological stages. Data from the UAV resulted in high prediction accuracies in the
investigated periods (i.e., V10, V14, and R1). Additionally, the findings reveal that RF
regression, when applied to UAV remotely sensed data, can effectively predict the maize
CWEI during both the vegetative and reproductive growing stages. To be precise, our main
conclusions are as follows:
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e  The RF regression model demonstrated high predictive accuracies for the CWSI in
the investigated maize growth stages, i.e., V10, V14, and R1, with the NDWI, Red
band, NDRE, and thermal band being the most influential variables in all the stages,
respectively (R? > 0.80 and RMSE < 0.1 for all stages).

e  The optimal RF model was identified at the V10 growth stage, with the Red band
being the most influential variable, followed by the thermal band (R? = 0.85 and
RMSE = 0.028).

The Red, RedEdge, NIR, and TIR UAV bands and their associated indices (NDWI,
MTCI, GNDVI, NDRE) were significant in the predictors of the CWSI. In addition to
identifying stage V10 as the optimal stage, this research also revealed the practicality of
assessing maize water stress and monitoring its spatial variability at a farm level through
the UAV-based multispectral VI and band regression models developed in this study. The
successful quantification of the CWSI using UAV technology provides valuable information
for smallholder farmers, enabling them to take precautionary measures and make informed
decisions regarding farm management. This positions the technology of UAVs as a credible
and promising remote sensing data acquisition tool for precision farming.
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