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Abstract: Smallholder farmers depend on healthy and productive crop yields to sustain their socio-
economic status and ensure livelihood security. Advances in South African precision agriculture in the
form of unmanned aerial vehicles (UAVs) provide spatially explicit near-real-time information that
can be used to assess crop dynamics and inform smallholder farmers. The use of UAVs with remote-
sensing techniques allows for the acquisition of high spatial resolution data at various spatio-temporal
planes, which is particularly useful at the scale of fields and farms. Specifically, crop chlorophyll
content is assessed as it is one of the best known and reliable indicators of crop health, due to its
biophysical pigment and biochemical processes that indicate plant productivity. In this regard, the
study evaluated the utility of multispectral UAV imagery using the random forest machine learning
algorithm to estimate the chlorophyll content of maize through the various growth stages. The
results showed that the near-infrared and red-edge wavelength bands and vegetation indices derived
from these wavelengths were essential for estimating chlorophyll content during the phenotyping of
maize. Furthermore, the random forest model optimally estimated the chlorophyll content of maize
over the various phenological stages. Particularly, maize chlorophyll was best predicted during
the early reproductive, late vegetative, and early vegetative growth stages to RMSE accuracies of
40.4 umol/m~2, 39 umol/m~2, and 61.6 umol/m~2, respectively. The least accurate chlorophyll
content results were predicted during the mid-reproductive and late reproductive growth stages
to RMSE accuracies of 66.6 umol/m~2 and 69.6 umol/m™2, respectively, as a consequence of a
hailstorm. A resultant chlorophyll variation map of the maize growth stages captured the spatial
heterogeneity of chlorophyll within the maize field. Therefore, the study’s findings demonstrate that
the use of remotely sensed UAV imagery with a robust machine algorithm is a critical tool to support
the decision-making and management in smallholder farms.

Keywords: chlorophyll; drones; machine learning; precision agriculture; random forest; smallholder
farming systems; UAV applications; unmanned aerial vehicle

1. Introduction

Smallholder agricultural systems contribute significantly to developing nations” agri-
cultural production, livelihood sustenance, and socio-economic growth [1]. Specifically,
in sub-Saharan Africa, smallholder farming practices are threatened by a decline in pro-
ductivity and profitability due to climatic variability [2—4]. Maize (Zea mays L.) is one of

Remote Sens. 2022, 14, 518. https:/ /doi.org/10.3390/rs14030518 https://www.mdpi.com/journal /remotesensing


https://doi.org/10.3390/rs14030518
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0000-0002-4589-7099
https://orcid.org/0000-0001-9321-1306
https://orcid.org/0000-0002-9323-8127
https://doi.org/10.3390/rs14030518
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com/article/10.3390/rs14030518?type=check_update&version=1

Remote Sens. 2022, 14, 518

2 of 20

the staple grain crops grown in South Africa and is extensively cultivated at a subsistence
scale for household economic gain, food security, and feedlots [3,5]. Smallholder farmers
typically cultivate maize under rainfed conditions, maximizing production and producing
healthy crop yields. Despite the goals of smallholder farmers to optimize yields, small-scale
farming systems often face a variety of challenges [3,6]. Their dependence on rainfall
poses a significant threat to crop yields, as reduced seasonal rainfall and severe weather
phenomena impact crop health, biochemical processes, and physical development [7,8].
Smallholder farms also lack the resources required to maximize their potential and are
often faced with low unproductive yields that are significantly lower than the potential
of the land [9]. Hence, it is imperative to provide smallholder farmers with innovative,
effective, low-cost solutions to optimize their productivity to produce increased and healthy
yields [10,11]. Therefore, a deeper understanding of crop dynamics could assist smallholder
farmers in identifying crop-health issues at an early stage, allowing them to implement the
necessary remedial solutions to ensure productivity.

Literature has documented various indicators of crop health [12-14]. For example,
previous studies have used soil quality [15], nitrogen levels [16], crop yield [17], and mi-
croorganisms [18] as indicators of plant health and productivity. However, this study uses
chlorophyll content as an indicator of crop health, as it has been identified as one of the
most important and reliable health and productivity indicators [12,19,20]. This is due to
the leaf’s biophysical pigment and biochemical photosynthetic processes that suggest plant
productivity [21,22]. Additionally, literature has documented successful studies using
chlorophyll to measure plant health and productivity [20,23-25]. Hence, monitoring chloro-
phyll concentration and variability in plants could aid smallholder farmers in evaluating
crop productivity through time [26], which is significant towards detecting subtle crop
changes and optimizing healthy yields in smallholder farming practices [27,28].

Advanced and objective tools such as remote sensing have been utilized to estimate
and monitor agricultural vegetative health and productivity for many years [29,30]. For
example, Sibanda et al. [31] estimated the foliar chlorophyll content of grasses using field-
based hyperspectral data, Delegido et al. [32] estimated the chlorophyll content of multiple
crops using Sentinel-2 red-edge bands, and Kooistra and Clevers [33] estimated the chloro-
phyll content in potato leaves using vegetation indices derived from RapidEye satellite
imagery. Such studies have demonstrated the utility of remote sensing as a powerful tool
in characterizing chlorophyll concentrations in different vegetation. Thus, at a farm scale, it
may be useful to use chlorophyll as a proxy for crop health and productivity [34].

Remote-sensing techniques obtain the ability to monitor crop productivity and map
its spatial distribution based on high-resolution images of varied wavelengths [10,35,36].
Previous conventional applications of earth observation techniques use satellite-borne
earth observation or manned aerial vehicles [37,38]. However, a major limitation of freely
available satellite-borne data is its inability to fulfill the ever-increasing need for high spatial
and temporal resolution data, which is necessary for monitoring small-scale crop properties
throughout phenotyping [39]. Previous studies have recommended higher spatio-temporal
resolutions when evaluating small-scale farms for improved outputs [40-43]. Therefore,
manned aerial vehicles can overcome the issues of spatio-temporal resolution, but the
associated costs are a major limitation to smallholder farms.

In recent years, unmanned aerial vehicles (UAVs), commonly known as drones, have
been globally recognized as an innovative, low-cost, and effective precision technology
for agricultural applications. UAVs offer advanced image data throughput analytics at
very high resolutions (VHR) and have proven to be effective in overcoming the limitations
of satellite imagery [10,44]. UAVs have great potential in small-scale agriculture as the
low-flying altitudes capture VHR spatial and spectral data. Multispectral cameras acquire
high-resolution images mounted onboard UAVs, which offer near-real-time data that are
critical for monitoring subtle changes in crop phenology and crop health. Moreover, UAVs
can be deployed repeatedly at user-determined ground-sampling distances and revisit
times, which is impossible with conventional freely accessible satellite-borne sensors such



Remote Sens. 2022, 14, 518

3 0f20

as Landsat 8 Operational Land Imager (OLI) or Sentinel 2 MSI [45]. Thus, VHR UAV
imagery can detect individual maize plants, canopy patches and ultimately, phenological
growth patterns over the fragmented smallholder fields. Most of the studies that have
evaluated the utilization of UAVs in crop phenology and crop health have been conducted
in experimental plots [46—48]. Therefore, accurate mapping and analysis of smallholder
maize fields using a VHR UAV hold significant potential for providing data that could
inform farmers on the health status of their crops through the phenological cycle.

Specifically, multispectral chlorophyll data can be optimally assessed using UAV-
derived vegetation indices (VIs) and a robust machine-learning algorithm. Vs are mathe-
matical transformations of image bands used quantitatively to extract spectral properties
such as vegetation cover, plant vigor and growth dynamics [49,50]. The most common index
used for crop health is the normalized difference vegetation index (NDVI), which is directly
used to provide information on the physiological health status of crops and crop-growth
changes [51,52]. Particularly, chlorophyll-specific VIs have proven to be more valuable than
normalized VIs in some instances as they include a variety of combinations from bands that
reflect highly in vegetation [29]. Such indices include the canopy chlorophyll content index
(CCCI) and the modified chlorophyll absorption ratio index (MCARI), green normalized
difference vegetation index (GNDVI), and green chlorophyll index (Clgreen), which have
shown significant correlations to crop chlorophyll content [53-56]. Furthermore, machine
learning algorithms such as random forest, support vector machines, and multiple linear
regressions have proven to be instrumental in characterizing crop chlorophyll content and
health status [57-60]. The random forest ensemble has been widely proven to outperform
the other two aforementioned algorithms [61,62]. Hence it is anticipated that the combina-
tion of UAV-derived VIs and the robust random forest regression could produce accurate
results to quantitatively assess chlorophyll content of maize as an indicator of health in
smallholder farms.

Thus, with maize being one of the dominant food crops grown across Southern Africa,
there is a need to assess its health in smallholder agricultural systems through a robust
multispectral sensor. A multispectral sensor enables proximal remote-sensing analysis of
maize and can potentially predict chlorophyll content, which serves as an informant on the
health status of the crop. However, to the best of our knowledge, very few studies have
sought to evaluate the prospects of UAV-derived remotely sensed data in assessing crop
health in smallholder croplands. This is primarily because rural smallholder farms are
fragmented and small in size, while a large number of the rural folks are dependent on the
higher revenues they receive from the sale of their maize yields that appear healthier and
display more vigorous chlorophyll concentrations. In this regard, this study investigates
the potential of multispectral UAV imagery to assess maize-crop chlorophyll content using
the random forest model simulation for an improved understanding of crop health and
productivity in smallholder farming systems. Specifically, the study used a UAV for image
acquisition, stationary spectral reflectance sensors (SRS) to measure NDVI, and a soil plant
analysis development (SPAD) device to measure the foliar chlorophyll of specific maize
crops. These measurements all contributed to testing the utility of the UAV multispectral
data. The specific objectives of the study were to: (1) estimate chlorophyll content variations
across the different maize phenological stages using UAV-derived data, (2) determine the
optimal maize growth stage(s) for chlorophyll model prediction.

2. Materials and Methods
2.1. Study Site Description

The research was conducted over 4 months from February 2021 to May 2021 in the
rural area of Swayimani, KwaZulu-Natal (29°31'24"S; 30°41'37"E). Swayimani is in the
uMshwathi Local Municipality and is located approximately 55 km north-east of Pietermar-
itzburg. The small, communal area covers a geographical extent of approximately 36 km?,
and land use is dominated by smallholder farming systems of the local community. Com-
mon crops cultivated in the area include white and yellow maize, sugarcane, amadumbe
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(taro), and sweet potato. The smallholder farmers follow traditional farming methods of
planting, maintenance, and manual harvesting of crops. Farm plots are rainfed, fertilized
using livestock manure and hand-weeded by farmers. Alternatively, the small growers
use herbicide backpack sprayers to control weeds and grasses. The area is predominantly
characterized by smallholder farming, regarded as food security and livelihood sustenance.
The produce is sold at local markets for economic benefits, sustaining farmers’ livelihoods.

Agriculture and crop production in Swayimani is supported by the favorable envi-
ronmental conditions of the region. The climate is characterized by warm wet summers
and cool dry winters, with an annual average air temperature of approximately 18 °C.
The mean annual rainfall ranges from 600 to 1200 mm, with the majority of rain occurring
during the summer in the form of thunderstorms. During the research period, Swayimani
had a maximum average air temperature of 24 °C and total rainfall of 242.8 mm amongst
other weather data (Figure 1). Weather conditions were continuously monitored by the
Automatic Weather Station installed at a Swayimani high school. Weather data were down-
loaded from the Swayimani weather website. The weather station is situated approximately
2 km from the smallholder maize farm, and as such, it is proximally adequate in capturing
the weather conditions of the study site. The research was conducted on a smallholder
maize field of 30 x 96 (2850 m?) (Figure 2). The field was located on a slope that reached an
elevation of approximately 850 m to 839 m.
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Figure 1. Swayimani weather conditions over the period of maize phenotyping.

2.2. Maize Phenotyping

Maize seedlings were sown on the 8 February 2021 and harvested on the 26 May 2021
(Table 1), having a total growth cycle of 108 days. Chlorophyll was examined at different
growth stages of the maize phenological cycle. Maize phenology is generally divided into
vegetative stages (which range from emergence to tasseling according to the number of
fully expanded leaves) and reproductive stages (which range from silking to physiological
maturity according to the degree of kernel development) [63,64]. Certain transitions are
important for monitoring and informing smallholder farmers within the various stages,
these being crop vegetative emergence (date of onset photosynthetic activity, termed VE),
tasseling (date when maximum leaf area is attained and maize tassels emerge, termed VT),
initiation of senescence (date when green leaf area visibly begins to decrease) [65].
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Figure 2. Location of the Swayimani study area, study site, and smallholder maize field.

It is worth mentioning that during the mid-vegetative stage, the field’s western portion
(lower elevation) appeared unhealthy. This may have been because this portion of the
field was not weeded during the early vegetative growth stage with the rest of the field.
However, the farmer applied herbicide during the mid-vegetative growth stage to remove
grasses and weeds found between maize rows. Consequently, the herbicide impacted these
crops’ health status, and the maize suffered herbicide burn.
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Table 1. Maize growth stages.

Days after Growth Stage Description Pictures
Emergence
0 VE
Germination and emergence. Planting depth 5-8 cm.
7 V2
21 V5 ” Plant population established. Growth point 20-25 mm
& below surface. Leaf sheath and blades. Tassel initiation.
]
32 V8 < .
T Ear initiation and early cob development.
38 V10 &
V)
v
=
=
44 V12 8
> Tassel at growth point begins to develop rapidly. Active
growth of lateral shoots and cob development from the
sixth to eighth node above surface. Brace root
development.
49 V14
56 VT
Tasseling stage. Silks are developing. The demand for
water and nutrients is high. All leaves present.
63 Rl Pollination 5-10 days.
70
77 R2-R3 3 Kernel development. Silking stage.
84 g
n
91 5
g
3 Grain filling. Nutrients are transported to cob. Sugars
R3-R4 .
] converted into starch.
98 B
Q
105 3
o
112 g
R5-R ~ Physiological maturity and drying of kernels. Starch in
5-R6 kernels. End of mass gain.
119
160 R+ Ready for harvest. Optimal moisture and nutrients.

2.3. Field Data Collection, Sampling, and Survey

Field data collection was conducted throughout the maize phenological cycle.

In-field chlorophyll measurements of maize, at 2-week intervals, were collected from
the early vegetative (V5) growth stage to the late reproductive growth stages (R6). Pre-
sampling of the maize smallholder field was conducted in Google Earth Pro, where the
experimental field’s polygon was digitized. The digitized polygon was then imported into
ArcGIS 10.5, where it was used to generate sampling points. A total of 63 sample points
were generated based on stratified random sampling within the digitized field boundary.
These points were then uploaded into a handheld Trimble Global Positioning System (GPS)
with submeter accuracy (1-100 cm). These locations were used to navigate to each sample
point for field data collection. The maize plants at each sampling point were marked for
consistent biweekly measurement.
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A Konica Minolta soil plant analysis development (SPAD) 502 chlorophyll meter
(Minolta corporation, Ltd., Osaka, Japan) was used to measure the chlorophyll content
of maize leaves. SPAD meter readings are portable, nondestructive measurements of the
red (650 nm) and infrared (940 nm) radiation leaf transmittance. The device instantly
calculates a SPAD value corresponding to the chlorophyll concentration in the sample
leaf by providing a unitless SPAD value [31,66]. Field measurements were conducted
between 10:00 a.m. to 2:00 p.m., corresponding with the optimal period of the day for
crop photosynthetic activity. During the early growth stages (where a six-leaf was present),
the SPAD readings were measured on the newest fully expanded leaf with an exposed
collar (width > 7 cm). After the tasseling stage, the ear leaf (i.e., the leaf attached at the
same node as the primary ear shank) was measured [67]. Readings were taken on one
leaf per plant. The different locations of leaf measurement included: (a) the midpoint
of each leaf blade, next to the main leaf vein, (b) approximately 2/3 down from the leaf
tip, and (c) approximately 1/3 of the way down from the leaf tip. An average of the
three measurements per leaf was recorded to reduce the location precision issues. Most
of the leaves that were considered for this procedure were big (greater than 7 cm) and
exposed to sunlight and the camera. In this regard, it is suggested that future studies
should consider using GPS gadgets with up to a cm accuracy in measuring the sampling
points. The chlorophyll meter was sheltered from direct sunlight when conducting the
chlorophyll readings. SPAD meter readings were conducted at the same time as UAV image
acquisition. Subsequently, SPAD values were transformed into chlorophyll-based values
using Equation (1) derived by Markwell et al. [68] that achieved an R? = 0.94:

Chl = 10(M™**) 1)

where Chl represents the total chlorophyll-per-unit leaf area in pmol/m~2 and M is the
unitless SPAD value [69]. The chlorophyll data were then added to the 63-sampling points
map in a geographical information system (GIS). The point map was overlaid with the
multispectral UAV image of each sampling point’s derived spectral reflectance values.

2.4. UAV Multispectral-Thermal Camera and Platform

The DJI Matrice 300 (DJI M-300) platform mounted with a MicaSense Altum camera
and Downwelling Light Sensor 2 (DLS-2) was used to conduct aerial-based flights over
the smallholder farms. The rotary-wing DJI M-300 series has vertical takeoff and land-
ing (VTOL) technology, making it well-suited for small-scale agricultural crop imaging
(Figure 3a). The DJI M-300 platform novelties include its 15 km transmission range, 7000 m
maximum altitude, obstacle avoidance, flight-path planning and locational position tracker.
The maximum flight time of the M-300 is 55 min (without payload), and it can reach a max-
imum speed of 27 m/s, which surpasses most drone platforms on the market. Moreover,
the MicaSense Altum camera is a multispectral and thermal-imaging sensor that integrates
five spectral high-resolution narrow bands (blue, green, red, red-edge, near-infrared) with a
radiometric longwave infrared thermal camera (Figure 3b). The high-performance camera
offers synchronized multispectral and thermal-image capture and uses a global shutter that
supports a 1-s capture rate for crisp and aligned imagery [70]. The multispectral bands
have a sensor resolution of 2064 x 1544 at 120 m (3.2 megapixels per multispectral band)
and a ground sample distance (GSD) of 5.2 cm per pixel at the height of 120 m, suggesting
the optimum flight altitude above the crop to receive high-resolution images (Table 2). The
camera also has a 48° x 37° FOV, with an 8 mm focal length.
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(a) (b)

Figure 3. (a) DJI Matrice 300 platform, and (b) MicaSense Altum multispectral-thermal camera.

Table 2. MicaSense Altum camera specifications.

Ground Sampling Distance at a

Band Spectral Color Band Center/Range 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 maize field was digitized in Google Earth Pro and imported into
the DJI M-300 smart console, where it was used to design a flight plan covering the study
area (Figure 4a). The flight plan enabled a hands-free drone flight mission over the study
field and adjacent areas. The UAV was calibrated before and after the flight using the
MicaSense Altum calibrated reflectance panel (CRP). This included the user manually
taking an unshaded image directly over the CRP to discern the lighting conditions of the
specific flight date, time, and location (Figure 4b). We conducted UAV flights every 2 weeks
on selected days with clear sky conditions. UAV flights were conducted between 10:00 a.m.
and 12:00 p.m., which is the time of optimal solar irradiance. This period also coincided
with chlorophyll content measurements. Detailed flight conditions are presented in Table 3.

/
" 18.0m

56.0m
i

2 L)
B 96.4m
R

Lt N L R Y
(a) (b)
Figure 4. (a) DJI M-300 flight plan, (b) MicaSense Altum calibration reflectance panel.

Table 3. UAV flight specifications.

Parameters Specifications
Altitude 100 m
Ground sampling distance 7 cm
Speed l6m/s
Flight duration 14 min 36 s
Composite images 321

Image overlap 80%
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A total of 3576 images were stitched together and radiometrically corrected (Pix4Dfields
1.8.0, Pix4d Inc., San Francisco, CA, USA). Radiometric correction was conducted in
Pix4Dfields using all the captured images, including the before-and-after flight CRP images.
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 camera. This
enables the software to calibrate and correct the reflectance of the images accordingly in
line with the prevalent atmospheric conditions during the image acquisition. The CRP also
assists in reducing sun-angle effects, sensor-angle effects, and shadows. Furthermore, the
CRP also has an absolute reference, which gets the absolute reflectance values, making it
possible to compare data from several flights. Once processed, a final orthomosaic and
a digital elevation model (DEM) GeoTIFF image were generated. The orthomosaic was
georeferenced in ArcGIS 10.5 using ground-reference points from Google Earth Pro to an
RMSE of less than a pixel (<3 cm). Images were referenced to the Universal Transverse
Mercator (UTM zone 36S) projection.

The maize reflectance data was extracted from the multispectral Altum image. This
was done by overlaying the ground-truthed maize chlorophyll measurements and their GPS
coordinates in the form of a point map with the UAV multispectral image. The reflectance
values were extracted for each coordinate and each UAV spectral band. The image was then
used to compute vegetation indices (VIs) detailed in Table 4. VIs selected included various
combinations of the multispectral bands specific to vegetation health and chlorophyll, such
as the NDVI, the canopy chlorophyll content index (CCCI), and the red-edge chlorophyll
index (Cliededge). These vegetation indices were chosen based on their performance in
literature [49,71-73].

Table 4. UAV-derived vegetation indices.

Vegetation Index Abbreviation Equation Reference
Normalized difference NDVI (NIR — RED)/ (NIR + RED) Xue and Su [49]
vegetation index
Green normalized difference Naito, Ogawa, Valencia, Mohri,
vegetation index GNDVI %18% Urano, Hosoi, Shimizu, Chavez,
& Ishitani and Selvaraj [72]
Red-green ratio index RGR CRERN Qiu, et al. [74]
Normalized difference NIR—RED EDGE .
red-edge index NDRE NIRTRED EDGE Fitzgerald, et al. [75]
Corrected transformed NDVI+0.5 Naito, Ogawa, Valencia, Mohri,
vegetation index CTVI ABS(NDVI+0.5) Urano, Hosoi, Shimizu, Chavez,
8 ( ABS(NDVI+ 0-5) Ishitani and Selvaraj [72]
Infrared percentage IPVI NIR Haghighian, Yousefi and
vegetation index (NIR+RED) Keesstra [73]
NIR—RED
Soil adjusted vegetation index SAVI (NIRJF RED+L) *(1+1) Xue and Su [49]
L is a constant between 0 and 1.
Optimized soil adjusted NIR—RED
vegetation index OSAVI NIRFRED--016 Xue and Su [49]
Green chlorophyll index Clgreen (NIR/GREEN) -1 Zhang and Zhou [71]
Red-edge chlorophyll index Clrededge (NIR — RED EDGE) — 1 Zhang and Zhou [71]
Canopy chlorophyll CCCI NDRE — NDRE,n Fitzgerald, Rodriguez and
content index NDREmax— NDREmnin O’Leary [75]
.. RED . .
Chlorophyll vegetation index CVI NIRx <m> Vincini and Frazzi [55]
Modified chlorophyll MCARI 1.5[2.5(NIR —RED)—1.3(NIR—GREEN)] Wu, et al. [76]

absorption ratio index

VI(@NIR +1)*— (6NIR-5 , /(RED) ) —0.5
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2.6. Statistical Analysis

The random forest algorithm was used to predict maize chlorophyll content since
it is renowned for its simplicity, robust nature, and ability to perform well regardless of
sample size [77,78]. The random forest ensemble is a machine learning algorithm that uses
bootstrap aggregation to construct multiple trees on a subset of samples derived from the
training data [57]. Decision trees are grown to their maximum capacity with a randomized
subset of predictors (UAV-derived spectral data), and each node is split using random
subsets of input variables [79]. Furthermore, the random forest regression can identify
predictor variables that are influential in the prediction model based on the sum of the
reduction in Gini impurity across the nodes of the feature [80].

Specifically, the RGtk2 and rattle packages in RStudio software version 1.4.1564 were
used to develop the random forest regression model through numerical inputs. Variables
used for the random forest model were the multispectral wavebands (blue, green, red, red-
edge and NIR) and VIs (Table 4). The outputs of the random forest model were optimized
using the variable importance as they determine the most influential bands and VlIs in
prediction. Variables of low importance were removed throughout the analysis, and the
random forest model was continuously modified for optimal prediction. The process of
variable selection reduces issues of variable redundancy and multicollinearity, which affect
the performance of the regression model.

Before running the random forest algorithm, the data (n = 63) were split into (70%)
training and (30%) testing datasets. Specifically, the training data (n = 40) were used to train
the model while the testing data (30%) (1 = 19) were used to validate the derived models. In
tuning, the mtry, which is the number of variables randomly sampled as candidates at each
split, and the ntree, which is the number of trees to grow, were used in this study in training
each model. All the models were user-defined and fine-tuned to an optimal 500 trees and
eight variables. These hyperparameters were attained for numerous iterations. Although
a similar number of ntree and mtry were used for all the models, model calibration and
validation were stage-specific.

2.7. Accuracy Assessment of Chlorophyll Content Models

Accuracy assessments were conducted to evaluate the performance of the regression
models of the predicted chlorophyll content. The accuracy metrics used were the coefficient
of determination (R?), root-mean-squared error (RMSE), and the relative root-mean-squared
error (RRMSE). The R? measured the variation between the measured and predicted: foliar
temperature and stomatal conductance. The RMSE assessed the error magnitude between
the field measurements and modeled foliar temperature and stomatal conductance outputs,
while the RRMSE evaluated the accuracy of the model and was used to compare the
performance of regression models across maize phenotyping. The RRMSE is calculated by
normalizing the mean of each variable RMSE value and expressed as a percentage, where
lower percentages are considered more accurate [81].

3. Results
3.1. Descriptive Analysis of UAV-Derived Data and Ground-Based Maize Data

Chlorophyll content varied over the maize growth cycle. Table 5 illustrates the descrip-
tive statistics of maize leaf chlorophyll content. The lowest chlorophyll concentration was
attained during the early vegetative growth stage (V5-V10) at 172.9 umol/m~2 (Table 5).
The highest chlorophyll concentration was recorded during the early reproductive stage
(R1-R3) at 1087.3 umol/m~2. The average and median of maize chlorophyll, across the
growth stages were 519.5 pumol/m~2 and 508 umol/m 2, respectively. The average stan-
dard deviation of chlorophyll values were 725.4, which indicated a large deviation of the
measurements from the mean value of 519.5.
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Table 5. Descriptive statistics of maize chlorophyll content throughout the various growth stages.

Day of Year Chlorophyll Content at Minimum Maximum Mean Median Standard
(DOY) Various Growth Stages (umol/m—2) (umol/m—2) (umol/m—2) (umol/m—2) Deviation
61 V5-V10 172.9 542.1 336.3 334.1 89.8
77 V12 337.2 1051.1 600.4 585.8 128.1
90 V14-VT 438.5 1015.7 643.3 613.7 126.7
102 R1-R2 406.6 1087.3 660.2 649.2 137.6
118 R2-R4 240.3 883.7 535.8 528.0 142.3
134 R4-R5 191.5 706.8 340.9 337.2 100.9
Average value 297.8 881.1 519.5 508 725.4

3.2. Random Forest Models of Maize Chlorophyll Content
3.2.1. Optimized Regression Models of Maize Chlorophyll Content over the Various
Growth Stages

The relationship of measured (SPAD derived) and modeled (UAV derived) chlorophyll
content varied across the various maize growth stages. The model optimally estimated
the chlorophyll content throughout the various growth stages; however, the prediction of
chlorophyll proved more accurate during the vegetative growth stages. During the early
vegetative growth stage (V5-V10), the RMSE accuracy achieved was 61.6 umol/m~2, with
an R? = 0.80 and RRMSE = 8% (Figure 5a). The mid-vegetative growth stage (V12) obtained
an RMSE = 61.9 umol/m~2, R? = 0.79 and RRMSE = 10% (Figure 5b), whereas the late
vegetative growth stage (V14-VT) produced the lowest RMSE = 39 umol/m~2, R? = 0.87
and an RRMSE model accuracy of 7% (Figure 5c).
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Figure 5. Linear relationships between measured and predicted maize chlorophyll content for
vegetative stages (a) V5-V10, (b) V12, (c) V14 to VT, and reproductive stages (d) R1-R3, (e) R3-R4,
(f) R5-R6. The model calibration and validation were stage-specific.

Similarly, the early reproductive development stage (R1-R2) obtained a low
RMSE = 40.4 pumol/m~2, R? = 0.90 but produced the highest RRMSE accuracy of 6%
(Figure 5d). The RMSE accuracies during the mid-reproductive (R2-R4) and late repro-
ductive (R4-R5) growth stages were 66.6 umol/m~2 and 69.6 pmol/m~2, respectively.



Remote Sens. 2022, 14, 518

12 of 20

However, the model produced the lowest RRMSE and R? accuracies during the R2-R4
and R4-R5 stages at an RRMSE of 16%, R?=0.78 (Figure 5e) and an RRMSE of 18%,
R? = 0.75 (Figure 5f), respectively.

3.2.2. Variable Importance of Maize Chlorophyll Content Models over the Various
Growth Stages

The early reproductive (R1-R3) growth stage produced the most optimal model
performance in general, with an RRMSE = 6% and R? = 0.90. The top VIs and spectral
bands selected by the model for the early reproductive growth stage were the NDRE, NIR,
Clrededge, NDVI, and the red-edge, amongst others, in order of importance (Figure 6d).
The late vegetative (V14-VT) growth stage also yielded a high model RRMSE = 7% and
R? = 0.87 based on the CCCI, NDVI, NIR, red-edge, amongst others (Figure 6c). The
aforementioned variables of importance for the R1-R3 and V14-VT stages were major
contributors in modeling chlorophyll content, as there was a major step down in the
importance of the other VIs and bands. Similarly, the mid-vegetative (V12) and mid-
reproductive (R4-R5) have major standout importance variables of MCARI, CCCI, red-edge
and then the NIR, red-edge, MCARI, amongst others, respectively. On the other hand, the
early vegetative (V5-V10) and late reproductive (R5-R6) stages gradually decrease variable
importance scores based on the NDRE, Clyegeqge, NDVI, NIR and NIR, red-edge, MCARI
and OSAVI, amongst others, respectively. In general, the variables obtaining the highest
importance scores were derived from the NIR, red-edge and red wavebands.

6000 4 __ (a) 70000 (b) . 120000 - ©
, 5000 ééoooo gmooo
2 50000 g
324000 [3 g 80000
g 540000 g,
ESND 2 60000 -
.E |E30000 =
o -
5 2000 1 20000 g Ao
] g =
51000 Z10000 20000 1 'II'
5
0 s 0 - 0 e e o e 'S'”KK"S'SK ,
Y oe Ev‘?‘&!i"'o‘:":‘ Hhe SEEE S REE E"“"‘ g5 b B Y 4 &
2 82 E Evn.ﬁu-’ﬁ ) [ - ® & B 15 OpEvlka@cebad
% b4 % g [ §=E 0 % = % I o % 11 % § O % K % 8 '§ o 5 §
3 8 o = & 4 <
£ & & S 3
&ﬁmal Vegetation Indices and Bands Optimal Vegetation Indices and Bands Optimal Vegetation Indices and Bands
200000 -
180000 4 @ 1600000 9 O] , 40000 ®
® T - 8 35000 {
§ 1000 | i 1400000
g 1400 - 41200000 g 3000 1
£ 120000 A gloooooo Ez;ooo 1
o k- p
g 100000 S 800000 £ 20000
{ & 15000 A
2 80000 '§ 600000 ]
™ 60000 = 100000 Elmw 1
2 40000 f 5000 1 i I
20000 - 200000 iII oL LERLEERTIRRLY
; SENNNNEEES NISEENEERENEYNE EREE LEEEEEELD
WK g HEEEUEgEE 20 g ubBEEFUEgEEER '5‘0“%%‘)"""“%0
Bzwggsgﬁgguas 583%‘%EU§E,§&;§5 §EO0X0
S WAL =% ° 8 ©
%phmal\’egehbonlndices and Bands Op&m:l‘\’c tation Indices and Bands Optimal Vegetation Indices and Bands
‘egetation ices an

Figure 6. Variable importance scores of optimal chlorophyll content VIs and bands for vegetative
stages (a) V5-V10, (b) V12, (c) V14 to VT, and reproductive stages (d) R1-R3, (e) R3-R4, (f) R5-R6.
The model calibration and validation were stage-specific.

3.2.3. Mapping the Spatial Distribution of Maize Chlorophyll Content over the Various
Growth Stages

The modeled chlorophyll concentrations ranged from 198 pmol/m~2 to 340 umol /m 2
(Figure 7). The chlorophyll content index of maize was low during the early vegetative



Remote Sens. 2022, 14, 518

13 of 20

growth stage (V5-V10) and then progressively increased throughout the various growth
stages. In the late vegetative (V14-VT), early reproductive (R1-R3), and mid-reproductive
(R4-R5) growth stages, the chlorophyll concentrations were the highest. Subsequently,
chlorophyll content was depleted during the late reproductive stage (R5-R6).

% | (a) Eadly vegetative

; : ; A : J A R L8 At
(c)Late vegetative | |§ Early reproductive | (e) Mid reproductive ;. (f) Late reproductive

Chlorophyll Variation

N . High : 340
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- e s Meters L
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Figure 7. Spatial distribution of chlorophyll content over the maize field for vegetative stages
(a) V5-V10, (b) V12, (c) V14 to VT, and reproductive stages (d) R1-R3, (e) R3-R4, (f) R5-R6.

4. Discussion

This study aimed to predict chlorophyll content variations across maize phenological
stages using UAV-derived VIs and the random forest algorithm. In doing so, we attempted
to determine the optimal maize growth stage(s) for chlorophyll prediction. It is evident
that chlorophyll concentrations varied over the phenological stages, and the model could
discern the optimal growth stage for estimating chlorophyll. The chlorophyll variations of
maize over the growing season are useful for estimating the health and productivity status
of the smallholder field.

4.1. Estimating Maize Chlorophyll Content across the Growing Season

The findings of the study’s model performed well throughout the vegetative growth
stages. The earliest vegetative growth stage yielded an RMSE accuracy of 61.6 umol/m~2,
R? = 0.80 (RRMSE = 8%) based on the NDRE, Clrededge, NDVI, and NIR as the most
influential variables (in order of importance). Specifically, the red-edge and NIR regions
were identified as crucial wavelengths in the model’s prediction of chlorophyll content
due to their association with healthier plants. This is because the red-edge wavelength is
sensitive to plants with high chlorophyll content, nitrogen content, and biomass, and thus
are better predicted using the red-edge [31,32,82]. Additionally, the NIR region strongly
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influences the prediction of chlorophyll content, as it is sensitive to the high foliar reflectance
induced by the pigment concentrations of plant canopy structures [83,84]. The studies of
Sibanda, Mutanga, Dube and Mafongoya [31] and Singhal et al. [85] demonstrated a similar
association between the red-edge and NIR regions with chlorophyll content by achieving
an R? of 0.91 and 0.90, respectively. Strong chlorophyll concentrations were associated with
crop emergence and development in this study. The leaf-area index was low, resulting in
more dynamic photosynthetic rates of the crop, which facilitated high reflectance in the red-
edge and NIR regions. Furthermore, red-edge and NIR-derived VIs are known to surpass
the effects of atmospheric interferences, visible irradiance, variable background effects,
and geometrical arrangement of a scene when compared to conventional bands [86,87].
Thus, the red-edge and NIR wavelengths facilitated optimal maize chlorophyll prediction.
The low foliage density of the early vegetative growth stage did not saturate and caused
spectral confusion of the sensor during image acquisition. Furthermore, the relationship
between chlorophyll concentration, red-edge, NIR, and their derived vegetation indices
have been noted to be critical in crop health assessment [85,88,89].

During the mid-vegetative growth stage, the major variables of importance were
derived from the NIR region; however, the green waveband was also identified as a
significant contributor towards model estimation. This may be attributed to the high
biomass accumulation, increase in leaf-foliage density associated with high chlorophyll
concentrations. Chlorophyll rapidly increased at this stage from a mean of 336.3 pmol /m 2
during early vegetative stage to 600.4 pmol/m~2 during mid-vegetative growth. Moreover,
literature has stated that a moderate-to-high increase in chlorophyll concentrations during
maize growth results in less sensitivity of the red band and more sensitivity in the green
band [90,91]. This further explains why the green band was identified as a variable of
significantly high importance only during mid-vegetative growth. Thus, such findings
from the prediction model and the continuous increase in SRS-NDVI values suggested the
optimal growth and productivity of the smallholder maize field.

Meanwhile, high chlorophyll concentrations have been associated with the late vege-
tative and early reproductive growth stages, as maize reaches photosynthetic maturity and
requires high productivity to begin fruit production [92]. Results from this study showed
a similar trend, as the model prediction accuracies were most optimal during the late
vegetative and early reproductive with an RRMSE accuracy of 7% and 6% and R? values
of 0.87 and 0.90, respectively. Such results are attributed to the fact that the reflectance of
maize-leaf chlorophyll content during the late vegetative and early reproductive stages are
stronger than other stages of phenotyping due to the high leaf area index and full canopy
closure characterized by these stages [9,93]. It has been documented in studies by Walker,
Drewry, Slattery, VanLoocke, Cho and Ort [93], Dahms et al. [94] and Costa et al. [95] that
during the stages of tasseling silking and pollination, maize is characterized by a fully
developed leaf canopy structure with a high leaf area index that promotes the detection
of higher chlorophyll content. Hence, the dense canopy architecture and absence of soil
background effect created a homogenous scene of green pigment reflectance, which was
optimal in predicting chlorophyll content over the smallholder field.

Similarly to the early vegetative stages, the NIR and red-edge bands were significant
variables of maize chlorophyll prediction due to these regions’ favorable detection of high
chlorophyll reflectance. The biochemical properties of a dense foliar canopy are the thick
waxy cuticle, air cavities, chloroplasts, and mesophyll cell thickness all contribute to the
high NIR ad red-edge reflectance, directly correlated with chlorophyll content [80,96]. Such
findings of the chlorophyll estimation during the late vegetative and early reproductive,
supported by the high measured SPAD chlorophyll values of these stages, are associated
with a healthier crop and further coincide with the SRS-NDVI values of approximately 0.65.
In this regard, the high levels of chlorophyll content were favorable in model prediction,
hence these stages being the most accurate in estimation.

The model prediction accuracies were lowest during the mid-reproductive and late-
reproductive stages, with an RRMSE of 16% and 18% and R? values of 0.78 and 0.75,
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respectively. The low model-prediction accuracies could be attributed to the adverse
effects of a hailstorm that damaged the maize canopy structure, resulting in a lower crop
chlorophyll content. The physical damage to the maize canopy exposed the underlying
soil surface that consisted of damaged and decayed maize leaves. This resulted in spectral
confusion due to the hybrid of soil and senescing leaf reflectance imaged by the MicaSense
Altum camera, resulting in the failure of the model to discern the apparent chlorophyll
variations. This is due to the predominant brown tone of the senescing leaves and soil that
resulted in most bands and VIs being absorbed due to the low chlorophyll concentrations,
whereas wavelengths such as the red band reflected much higher. Nevertheless, an apparent
decline in NDVI values prior to the hailstorm was evident and was associated with a decline
in chlorophyll. This may be because, at this point in phenotyping, the crop channels its
nutritional resources and energy towards fruit production [93], resulting in a reduction of
chlorophyll concentration that is also apparent in the results.

4.2. Implications of the Study

Smallholder farmers constantly strive to maximize their small-scale crop production
and produce healthy and productive yields. However, they are seldom the focus of in-
novation and lack resources, as it is always assumed that their scale of operations does
not necessitate such. Thus, such findings demonstrate the use of precision agricultural
technologies (i.e., UAVs), which can facilitate improved smallholder agricultural man-
agement. Specifically, UAV-derived data are near-real-time, enabling quick and effective
management that may improve crop health and productivity. Moreover, near-real-time data
are particularly useful when there are erratic weather conditions, such as the hailstorm oc-
currence. Such agrometeorological effects prove how smallholder farmers are subjected to
the variability of weather and climate, which has consequences on crop growth, health, and
the overall productivity of their farms. In such instances, UAV-derived data could be used
to rapidly assess likely hail damage in near-real-time, allowing farmers to make informed
and effective decisions on agricultural management to provide warning for food insecurity.
Therefore, near-real-time UAV technology is beneficial in smallholder agricultural systems
as it allows for rapid and informed decisions to limit further crop-health issues.

5. Limitations and Recommendations

Although the UAV onboard sensor availed a high spatial resolution, the spectral
resolution of the sensor limited the multispectral bands and derived vegetation indices
choices. 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. Moreover, high precision and accuracy of GPS gadgets with up to a cm
accuracy need to be considered during the sampling procedure. There is a need for future
studies to consider other applications such as masking, different algorithms, and maize
varieties in generating crop-health assessment models. Furthermore, this may also result in
improved model performance and more detailed map outputs of chlorophyll content across
the study area. The use of a higher hyperspectral sensor may assist with this limitation of
the study; however, these sensors have a high acquisition cost that is not feasible towards
near-real-time smallholder applications.

Moreover, this study used two sets of data to train and test the model. However, some
studies achieved improved results due to incorporating a third set of independent data to
test the model. Therefore, it is recommended that further analysis of model performance
is undertaken in future, when and if more data become available. Nevertheless, the
synergistic application of UAV-derived data with a predictive random forest algorithm
proved to be instrumental in assisting smallholder farmers in near-real-time to make the
necessary management decisions.
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6. Conclusions

Smallholder farming systems lack the required resources to maximize their produc-
tivity and monitor croplands for healthy growth and development. In recent years, the
synergistic use of UAV remotely sensed technology and crop-health proxies such as chloro-
phyll content have facilitated a deeper understanding of crop dynamics. In this regard, the
study tested the utility of UAV-derived multispectral data by estimating maize chlorophyll
content over the various stages of phenotyping. This was done using a random forest
prediction model, which estimated the chlorophyll concentrations of maize in smallholder
farms of Swayimani. Therefore, premised on the findings of the study, it is concluded that:

e  Optimal chlorophyll-content prediction accuracies were produced during early vege-
tative growth stages (V5-V10 and V12), late vegetative growth stages (V14-VT), and
early reproductive growth stages (R1-R3),

e  Maize chlorophyll content was optimally estimated through UAV-derived NIR and
red-edge wavelengths.

Since chlorophyll content has been widely illustrated as a proxy of crop health, the
study’s findings imply that UAV-derived data could be optimally utilized to characterize
the general state of maize health in smallholder cropping lands, with significantly improved
spatial accuracies. The findings displayed optimal maize crop health and productivity
across phenotyping; however, the occurrence of a hailstorm damaged the canopy structure
and had adverse consequences on the smallholder maize health status. Such precision
technology advancements are a low-cost, objective, and accurate technique that smallholder
farmers can adapt to inform decision-making and agricultural management. Specifically,
multispectral UAV technology is spatially explicit and provides near-real-time data for un-
derstanding crop health through the biochemical indicator of chlorophyll. This technology
potentially overcomes some limitations associated with satellite imagery. However, the
study could have benefited from higherspectral resolution data and the third independent
testing data set to improve the model performance. Nevertheless, the random forest model
successfully predicted the chlorophyll content in smallholder farms. Therefore, multi-
spectral UAV technology is a beneficial solution to smallholder agriculture. It provides
farmers with information on crop dynamics at user-defined spatial and temporal scales for
improved management and overall productivity.
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