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Abstract: The Cape Floristic Region (CFR) boasts rich biodiversity but faces threats from
invasive species and land-use changes. Fynbos wetland vegetation within the CFR is under-
mapped despite its crucial role in supporting biodiversity and maintaining hydrological
cycles. This study assessed the potential of UAV VIS-NIR data, gathered during Spring
and Summer, to identify the spectral characteristics of eleven Fynbos wetland species in a
seep wetland. Spectral distances derived from reflectance data revealed distinct spectral
clustering of plant species, highlighting which species could be distinguished from each
other. UAV data also captured differences in reflectance across spectral bands for both
dates. Spectral statistics indicated that certain species could be more accurately classified
in Spring than in Summer, and vice versa. These findings underscore the efficacy of
UAV multispectral data in analyzing the reflectance patterns of fynbos wetland species.
Additionally, the sensitivity of UAV multispectral data to foliar pigment composition across
different seasonal stages was confirmed. Lastly, species classification results demonstrated
that a random forest classifier is well suited, with relative producer and user accuracies
aligning with the derived spectral distances. The results highlight the potential of UAV
imagery for monitoring these endemic species and creating opportunities for scalable
mapping of Fynbos seep wetlands.

Keywords: fynbos; wetland; unmanned aerial vehicles; leaf pigments; spectral distance;
biodiversity

1. Introduction

The CFR contributes substantially to the local economy through fishing, flower har-
vesting, and tourism, contributing billions of Rands [1,2]. The Cape Fynbos, situated in
the Cape Floristic Region (CFR) in South Africa, has rich floral diversity characterized by
more than 8500 plant species, with more than 70% of these endemic to the Western Cape
and Eastern Cape provinces in South Africa [3]. The Cape Peninsula, located South of
Cape Town, has the greatest concentration of plant species in the CFR [4,5]. For instance,
the Kogelberg region in the peninsula is called ‘the heart of the fynbos” with more than
1650 plant species and the most significant floral diversity per unit area in the world [6].
The competing demands of economic growth from the floristic region and conservation
efforts must be managed carefully [7-9] because the Fynbos Biome is more infested by in-
vasive alien species than any other South African Biome [10,11]. Conservation efforts in the
CFR must therefore be backed by updated information about the local vegetation [12,13].
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Wetlands are vital because of their extensive biodiversity and essential role in hy-
drological and biogeochemical cycles [14,15]. Yet, the methods used to map terrestrial
vegetation may be less effective for mapping wetland vegetation. The reason is that the
reflectance spectra of wetland plants are influenced by underlying water and moist soil [16],
and wetland species’ spectral signatures can vary significantly even within phenologi-
cal seasons [17,18]. Moreover, environmental differences within wetlands can result in
ecological patches that are sometimes smaller than satellite spatial footprints [19,20].

UAUVs offer a solution to the limitations caused by the spatial resolution of satellite
data. Their high-resolution data may also provide insights for new satellite sensors [21,22].
UAVs are also advantageous for their ability to deliver up-to-date data and efficiently map
wetlands faster, more cost-effectively, and with minimal intrusion compared to traditional
fieldwork methods [23,24]. Their superiority lies in their ability to provide very high-
resolution aerial photographs and accommodate interchangeable payloads that can be used
with diverse sensors [25,26]. Although their use is limited by proximity to the target site,
UAVs hold significant potential for identifying Fynbos wetland plant species—a possibility
that warrants further exploration.

Several studies have explored the potential of diverse remote sensing datasets as
tools for sustainable mapping of vegetation in CFR. Studies have concentrated on a broad
range of issues, including conservation efforts and the impact of surrounding land use on
vegetation in this region [3,27-29]. Other areas of research include analysis of the impact
of fires [30-32], understanding plant-water variables [33,34], habitat loss [35], detection
of groundwater-dependent vegetation [22], detection of invasive alien vegetation [36-39],
and delineating wetland ecotones [40]. However, there are a limited number of studies
that employ UAVs or articulate plant species identification in wetlands within the Cape
Floristic Region (CFR). This research is therefore crucial to conservation efforts, as many
Fynbos species require hydric habitats [41]. Against the backdrop of this research gap, this
study investigates UAV-based procedures for identifying the spectral traits of Fynbos plant
species in inland seep wetlands.

The main objective of this study is to assess the effectiveness of UAV multispectral
data in distinguishing wetland species, evaluating its efficacy in seasonal spectral changes,
and analyzing its potential for species classification using machine learning.

2. Materials and Methods
2.1. Study Area

The study site is part of the Kogelberg Sandstone Fynbos area, a part of the Western
Cape province, in South Africa, which includes approximately 8486.778 Hectares of land
owned by the municipality of Cape Town. The study area is located 80 km from Cape Town,
just south of the upper Steenbras dam in the Steenbras Nature Reserve at geographical
coordinates 34°10’53.5” S and 18°54'23.8" E. The region receives 80% of its yearly rainfall
from April to September, and the dry seasons are typically from November to March [42,43].
The portions of the wetland at lower altitudes are permanently inundated, whilst those at
higher elevations are seasonally saturated.

2.2. Identifying the Dominant Plant Species

A municipal dataset of vegetation plots depicting data along the three transect lines
(see Figure 1) and the corresponding plot coordinates was used to identify the positions of
spatially dominant plant species in the wetland. These plots also helped the researchers
visually identify the appearance of the dominant wetland species, enabling the survey
of ground truth positions for these species. Eleven spatially dominant wetland plant
species comprising the Cyperaceae, Bruniaceae, Ericaceae, Grubbiaceae, Iridaceae, Proteaceae,
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and Restionaceae Fynbos families were identified. Table 1 lists their information. Figure 2
shows the appearance of plant species.
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Figure 1. The study area (Google Earth imagery and UAV RGB composites).

Table 1. Dominant plant species.

Plant Name Plant Family Average Height Leaves
Berzelia lanuginosa Bruniaceae 1.5m Small and narrow in whorls
Bobartia gladiata Iridaceae 0.8m Rigid ensiform
Elegia mucronata Restionaceae 20m Stout erect sheaths
Erica campanularis Ericaceae 0.7 m Small needle-like
Erica intervallaris Ericaceae 0.7m Incurved, erect squarrose
Erica serrata Ericaceae 0.7m Serrated edges
Grubbia rosmarinifolin ~ Grubbiaceae 1.3m Glossy narrow lanceolate
Platycaulos compressus ~ Restionaceae 0.5m Long and narrow
Restio dispar Restionaceae 1.0m Reed like tufts
Restio leptostachyus Restionaceae 0.5m Feathery plume-like
spikelets
Tetraria thermalis Cyperaceae 0.4m Drooping sword-shaped

2.3. Creating Photogrammetric Ground Control Points

Five Ground Control Points (GCPs) consisting of permanent 12 mm round iron pegs
were placed around the periphery of the study area. Placing GCPs around the study area
enhances the positional and geometric accuracy in the orthomosaics [44,45]. The GCPs were
coordinated using a Trimble R4 GNSS RTK System comprising a base, rover, and Trimble
Juno data collectors [46]. The coordinates of the GNSS base station were determined using
a three-hour static observation, and a Real-Time Kinematic (RTK) survey was undertaken

to establish the coordinates of the four GCPs (PTR1-PTR4) around the wetland.
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Figure 2. The dominant plant species in the wetland. The plant species are as follows: (a). Tetraria
thermalis; (b). Borbotia gladiata; (c). Restio dispar; (d). Berzelia lanuginosa; (e). Platycaulos compressus;
(f). Grubbia rosmarinifolia; (g). Erica intervallaris; (h). Erica serrata; (i). Elegia mucronata; (j). Erica
campanularis (with narrow-linear leaves) and Restio leptostachyus (with a grassy appearance); (k). Erica
campanularis (with its yellow flowers) alongside Restio leptostachyus (with a grassy appearance) in
the wetland.

2.4. Acquiring UAV Data

The next step in the fieldwork involved capturing high-resolution aerial photography
at the study site. A Parrot Sequoia (AgEagle Aerial Systems, Wichita, KS, USA) mounted
on a DJI Phantom 3 quadcopter (DJI, Shenzhen, China) was used for the aerial survey of
the wetland. Ground control targets were placed over the GCPs so that the centre of each
target coincided with the surveyed point. The targets were plastic, white, and black, 1 m by
1 m wide, as per a similar study in the same area [46].

The flight height was 25 m above ground, with an 80% side lap and forward overlap
and a flight speed of 5 m/s [46]. Figure 3 shows the layout of the GCPs and Table 2 shows
the flight dates, times, and seasons. The low flying altitude results in high-resolution
photographs and reduces atmospheric influence [47]. Moreover, the flying height was high
enough to avoid downdraft disturbance on the vegetation. Additionally, the considerable
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overlap between the aerial photographs ensured that the GCPs were visible in several
photos [48].

® Ground Control Points
[ wetland Edge

Figure 3. Ground Control Points used during the study (Municipal Aerial RGB photo).

Table 2. Flight details.

Date Time Sensor Season
4 October 2018 10 h 45 Parrot Sequoia Late Spring
10 December 2018 14 h 57 Parrot Sequoia Early Summer

The Parrot Sequoia photos were calibrated using calibration panels and irradiance
sensors. Before and after the flight mission, the drone was positioned approximately one
metre above the calibration panel to capture three sets of photos with each multispectral
sensor. The wavelength and the published mean scale factors of the Parrot Sequoia are
shown in Table 3.

Table 3. Spectral properties of the Parrot Sequoia.

Bands Centre Wavelength (nm) Bandwidth (nm)  Reflectance Factor
Green 550 40 0.72
Red 660 40 0.73
Red Edge 735 10 0.72
Near-infrared 790 40 0.69

2.5. Processing UAV Data

The first step involved geometric calibration of the UAV data. UAV aerial photog-
raphy contains geometric distortion due to lens distortions, sensor misalignment, terrain
effects, changes in sampling rates, unstable platforms, and many more [49]. Known ground
truth coordinates, obtained from Ground Control Points (GCPs), were used to develop
polynomial equations and transform distorted dataset coordinates to the correct spatial
locations [50,51]. An accurate Digital Elevation Model (DEM) is used to produce orthorecti-
fied images [49,52]. This study used a self-calibration bundle block adjustment based on
the image data, structure from motion (5fM), and GCPs [53-55].
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Firstly, 10,000 tie points were computed on the images to create a sparse point cloud
and determine the camera pose. The geometric calibration of the sparse point cloud was
based on the processed GNSS coordinates of the surveyed GCPs. The point cloud was
georeferenced and transformed from the World Geodetic System 1984 (WGS84) coordinate
system to the South African Hartebeesthoek94 coordinate system. The project heights were
also constrained to the South African Geoid (SAGEOID 2010) to ensure interoperability
with other local spatial datasets, such as the vegetation plots. Finally, a bundle adjustment
was performed, and a high-resolution Digital Surface Model (DSM) was created (approxi-
mately 12-centimetre resolution) and used to generate high-resolution orthophotos and
orthomosaics (approximately 3 cm resolution).

The second step was the radiometric correction. Radiometric calibration in UAV
studies can be broadly categorized into two groups: those using calibration targets [56-58]
and those using irradiance sensors [59-61]. Studies using calibration targets typically
capture photographs of radiometric calibration targets before and after flight campaigns or
place several radiometric reference targets (RRT) in the scene so that at least one is captured
in each aerial photo. Then, an empirical line regression is calculated between the digital
numbers of the reflectance panels and their known reflectance, which is used to convert the
digital numbers in the photographs to at-surface reflectance [48,61].

The radiometric correction was performed in Pix4D Mapper (Pix4D, Lausanne,
Switzerland, version 4.5). Reflectance was calculated using the average reflectance factor
values provided with the camera calibration reflectance panels, sun irradiance information
imported from the Camera Irradiance EXIF tag, and the calibration photos of the reflectance
panels taken before and after the flights. The three sets of calibration photos were imported
into Pix4D Mapper, and the published reflectance factors were inserted for each reflectance
calibration photo (See Figure 4).

f Radioemetric Calibration - Sequoia_4.0_1280x960 (Green)(1) ? x

File Name: |J_Parrot_Sequoia_FIightsteoember 2018/10-12-2018/Data/0121/IMG_181210_145447_000 2_GRE.'I'IF|| Browse...

Reflectance Factor

Green 0.72

Figure 4. Application of reflectance factors on the green band calibration photos. The digitised rectan-
gle denotes the area showing the reflectance in the green band. The value 0.72 is the reflectance factor.
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The atmospheric influence is negligible in UAV data gathered at low flight altitudes [49]
with studies suggesting threshold altitudes of 60 m [62] to 100 m [47,63]. Also, because
UAV flights are very short, the effects of variability in solar altitude, azimuth angles, and
solar radiation during data capture on small sites are commonly presumed negligible [61].

2.6. Processing Ground Truth Data and Spectral Curves

The processed orthomosaics corresponding to the different camera spectral bands
were layer-stacked using Quantum GIS (QGIS version 3.22). During the survey of the GCPs,
208 ground truth points, locations, and species at that location were identified based on
archival transect data and a field trip with a botanist. Homogenous clusters were surveyed
using GNSS within the wetland (Figure 5). A shapefile was created from the coordinates of
the surveyed points and imported into a GIS. Then, another 257 polygons of specific fynbos
species were digitized in the GIS for classifier training and validation. The polygons were
identified by their similarity to the species at the locations of the overlaid surveyed points.
A Stratified Proportional Random Sampling (SPRS) was used to ensure each vegetation type
was adequately represented, improving the overall mapping and monitoring of species [64].
The point-in-polygon GIS algorithm was used to randomly create new points within the
polygons such that each polygon could accommodate up to 40 points, each overlaying a
unique pixel, based on the pixel resolution of the orthomosaics. The new points layer and
ground truth points, totaling 8889 points, were used to sample reflectance values where
they intersected with the orthomosaics of the spectral bands. As a result, the point shapefile
contained attribute data consisting of the land cover classes and corresponding reflectance
values in the spectral bands. The data were exported to a spreadsheet and analyzed using
R software (version 4.2.1). The spectral reflectance values for each band were averaged
separately for each land cover class using the “dplyr” library in R software. Then, each
species” averaged spectral reflectance values were plotted against the corresponding band’s
central wavelength.

In addition, Euclidean spectral distances were computed to investigate similarity
in reflectance across species [65-67], and quantile-quantile (Q-Q) plots were plotted to
investigate normality. Since the data showed skewness, a non-parametric pairwise Wilcox
test [68] was computed for each pair of plant species across wavelengths for both data
collection dates. The computations were performed using “dplyr”, “tidyr”, and “stats”
libraries, and the visualizations were generated using the “pheatmap” and “ggplot2”
libraries in R Software (version 4.2.1). The corresponding p-values (p < 0.05) indicated the
likelihood that the observed variance between group means occurred by chance [69]. A
p-value below 0.05 is typically considered statistically significant [70].

2.7. Classification of the Wetland Species

Several classification algorithms were used in the study. The decision on what classifier
to utilize was informed by previous review studies that focused on delineating plant species
and vegetation classification studies [71-73]. Other considerations included the capacity of
the classifier to handle the notable uneven spatial distribution of the plant species within
the study area. Consequently, the classifiers investigated were Random Forests, K-Nearest
Neighbour, and Support Vector Machines [74,75]. These classifiers represent several groups
of ML algorithms, namely logic-based algorithms (RF), instance-based learning (KNN),
and Support Vector Machines [76]. RF combines the prediction of several decision trees
based on multiple subsets of training data, making it robust to overfitting even with
high-dimensional data [77]. SVMs can derive optimal hyperplanes in multi-dimensional
classification with the highest margin between classes [78,79], and KNN is robust to noisy
data [79]. All these classifiers have been used extensively in recent studies.
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Figure 5. Ground truth GNSS positions of the dominant plant species in the wetland.

As per multiple studies, some of the sample data were retained to validate the clas-
sification [80-82]. Seventy per cent of the samples were used for supervised pixel-based
classification with optimized hyperparameters, and the rest for validation. The accuracy
statistics of the classification were calculated using the retained validation samples (30%).
This was achieved using the Semi-Automatic Classification Plugin (SCP) in QGIS and the
r.kappa function in GRASS GIS. The additional spectral information derived from indices
improved the classification results. The validation of the classification was performed using
kappa, overall, and per-class producer and user accuracy metrics [80,82]. The methodology

is summarized in Figure 6.
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Figure 6. Flowchart of the methodology used in this study.

3. Results and Discussion
3.1. Differentiating Between Wetland Species Based on Their Spectral Signatures

This section presents the spectral distances and boxplots derived from the two dates.
The larger distances represent higher spectral separation (Figure 7), highlighting the poten-
tial for spectral separation of plant species.

Spectral Distance Heatmap - October 2018

009 009

0.09 0.09

:I m A @ (7] m m o
= =] ® b ] o e}

Figure 7. Spectral distance results for October 2018. The class labels in the figure represent the key
plant species as follows: B (Berzelia lanuginosa), BG (Borbotia gladiata), DPC (Dry or Dead Platycaulos
Compressus), EM (Elegia mucronata), EC (Erica campanularis and Restio leptostachyus), EI (Erica interval-
laris), ES (Erica serrata), GR (Grubbia rosmarinifolia), PC (Platycaulos compressus), RD (Restio dispar), and
TT represents Tetraria thermalis.
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The results show that T. thermalis, E. mucronata, and R. dispar were the most distin-
guishable species. In contrast, the spectral differences between B. lanuginosa, B. gladiata,
and G. rosmarinifolia were minimal, indicating potential challenges in accurately classify-
ing these species in late spring. However, all three exhibited relatively higher spectral
differences when compared to the Ericaceae family.

The corresponding box plots (Figure 8) revealed that T. thermalis, E. mucronata, and
R. dispar had distinct reflectance patterns in the near-infrared, red edge, and red bands.
Meanwhile, B. lanuginosa, B. gladiata, and G. rosmarinifolia displayed similar reflectance
patterns, though indices utilizing the green and red bands might help amplify spectral
differences between these species.

Reflectance by Species (Ordered by Median) for Each Band (October 2018)

Green NIR

0.15
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Figure 8. Box plot of spectral distance results for October 2018. The class labels in the figure are as
per the preceding figure. The figure plots are sorted by the median.

Notably, the spectral separability of B. lanuginosa and G. rosmarinifolia improved
significantly in December 2018 (Figure 9). G. rosmarinifolia and T. thermalis emerged as the
most spectrally distinct species relative to other species, but they were spectrally similar
to each other. This improved separability may be attributed to pronounced reflectance
differences in the red and near-infrared bands. However, the spectral distances in December
2018 were lower than those in October 2018, suggesting that late spring may be more
favourable for spectral discrimination than summer. The results also demonstrate the
impact of seasonality on species discrimination.

The corresponding box plots (Figure 10) revealed that G. rosmarinifolia, T. thermalis,
and B. lanuginosa had distinct reflectance patterns in the green and red edge bands, sug-
gesting that indices based on those bands might help amplify spectral differences between
these species.
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Spectral Distance Heatmap - December 2018
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Figure 9. Spectral distance results for December 2018.

Reflectance by Species (Ordered by Median) for Each Band (December 2018)
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Figure 10. Box plot of spectral distance results for December 2018. The figure plots are sorted by
the median.

3.2. Inter-Seasonal Foliar Spectral Variations in the Species

This section presents the spectral reflectance curves derived from the two dates.

3.2.1. Berzelia lanuginosa

In October 2018, B. lanuginosa demonstrated the highest reflectance in the green
and red bands (Figure 11). This consistently high reflectance suggests relatively high
chlorophyll content, particularly during early spring. Additionally, this species exhibited a
steep gradient between the red and NIR bands, further confirming its higher chlorophyll
levels compared to other species. In December 2018, which corresponds to the summer
months, the chlorophyll content remained elevated, as evidenced by its comparatively
higher canopy reflectance in the NIR and red edge bands (Figure 12).
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3.2.2. Borbotia gladiata

B. gladiata, like B. lanuginosa, showed the highest reflectance in the green and red
bands during October 2018 (Figure 11). This is indicative of a relatively high chlorophyll
content during those months. The presence of chlorophyll was further confirmed by a
steep gradient observed between the red and near-infrared (NIR) bands, which remained
prominent in December 2018 (Figure 12).

3.2.3. Grubbia rosmarinifolia

G. rosmarinifolia, along with B. lanuginosa and B. gladiata, showed high reflectance in the
green and red bands in October 2018. The steep gradient between the red and NIR bands in
these months further confirmed its high chlorophyll levels (Figure 11). In December 2018,
G. rosmarinifolia continued to show relatively high chlorophyll content, demonstrated by its
higher reflectance in the red edge and NIR bands (Figure 12).

3.2.4. Tetraria thermalis

T. thermalis exhibited the highest reflectance in both the green and red bands during
October 2018, similar to B. lanuginosa, B. gladiata, and G. rosmarinifolia. Unlike the other
species, T. thermalis demonstrated the largest gradient between the green and red bands, in-
dicating a high chlorophyll content (Figure 11). However, in December 2018, the reflectance
in the green band for T. thermalis decreased, while the red band reflectance remained high.
This change suggests the possibility of vegetation stress, seasonal senescence, or an increase
in anthocyanin content [83,84].

3.2.5. Erica intervallaris

E. intervallaris showed the lowest green reflectance in October 2018, which could be
indicative of lower chlorophyll content or increased anthocyanin presence (Figure 11).
Studies have shown that Ericaceae shrubs exhibit increased anthocyanins and reduced foliar
chlorophyll in spring [85]. This trend continued into December 2018, when E. intervallaris
exhibited lower reflectance in the green band compared to the red band. These characteris-
tics suggest a potential response to environmental stresses or higher anthocyanin content.
In contrast, during the same months, E. intervallaris exhibited higher reflectance in the red
band, signalling a reduced chlorophyll presence (Figure 12).

3.2.6. Erica serrata

In line with E. intervallaris, E. serrata showed low green and higher red band reflectance
in October 2018, signalling lower canopy chlorophyll (Figure 11). The increased reflectance
in the red band and the overall lower green band reflectance suggest potential vegeta-
tion stress or increased anthocyanin levels. These characteristics remained consistent in
December 2018 (Figure 12).

3.2.7. Elegia mucronata

E. mucronata showed the least reflectance in the red band in October 2018 (Figure 11). Its
green and red band reflectance was generally similar, indicating a relatively low chlorophyll
content, and this pattern continued through December 2018 (Figure 12).

3.2.8. Platycaulos compressus

P. compressus also displayed very low reflectance in the green band in October 2018,
similar to E. mucronata. Its reflectance in the red band was comparable to its green band
reflectance, indicating low chlorophyll content (Figure 11). This trend continued into
December 2018, when the species continued to show relatively low reflectance in both
bands (Figure 12).
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3.2.9. Restio dispar

R. dispar exhibited very low green reflectance, comparable to that of E. mucronata and
P. compressus. The species demonstrated reduced reflectance in the red band, with a
consistent reflectance pattern observed between the red and green bands in October 2018
(Figure 11). By December 2018, R. dispar showed a slight increase in reflectance, particularly
in the near-infrared (NIR) band, which suggests a rise in chlorophyll content (Figure 12).

3.2.10. Erica campanularis (and Restio leptostachyus)

E. campanularis and R. leptostachyus displayed similar reflectance trends to the
Restionaceae plants, R. dispari, and E. mucronata, with relatively low reflectance in the
green band and higher reflectance in the red band. The similarity in reflectance was likely
influenced by the spectral reflectance of the R. leptostachyus, a Restionaceae, that coexisted
with the Erica campanularis, an Ericaceae. In October 2018, this pattern indicated lower
chlorophyll content or higher anthocyanin levels (Figure 11). These trends continued in
December 2018, with increased reflectance in the NIR band indicating higher chlorophyll
content (Figure 12).

3.3. The Classification of the Wetland Species

Figures 13 and 14 show the classification results for October 2018 and December 2018
respectively. The figures correspond to Support Vector Machines (SVMs), Random Forest
(RF), and K Nearest Neighbour (KNN).

OctoberWI_SVM2022 I 204 - Elegia mucronata [ 208 - Grey Soil Il 212 - Shadow
I 201 - Berzelia [ 205 - Erica campanularis T 209 - Grubbia rosmarinifolia [l 213 - Tetraria thermalis
[ 202 - Borbotia Gladiata [ 206 - Erica intervallaris [ 210 - Platycaulos compressus | 214 - White Soil

[771 203 - Dry Platycaulos compressus Bl 207 - Erica serrata Il 211 - Restio Dispar

Figure 13. Classification results for October 2018. (a) SVM. (b) Random Forest. (c) KNN.



Geomatics 2025, 5,17

15 of 21

[ 204 - Elegia mucronata [l 208 - Grey Soil
[ 205 - Erica campanularis 2] 209 - Grubbia rosmarinifolia [l 213 - Tetraria thermalis
[ 206 - Erica intervallaris  [[7] 210 - Platycaulos compressus [_] 214 - White 5oil

I 211 - Restio Dispar

December2018_WI
[ 201 - Berzelia
[ 202 - Borbotia Gladiata
[ 203 - Dry Platymulos compressus [ 207 - Erica serrata

Figure 14. Classification results for December 2018. (a) SVM. (b) Random Forest. (c¢) KINN.

I 212 - shadow

User accuracy is a metric for assessing the reliability of the classification to the user [86].

It is a measure of the pixels that are correctly classified against the total number of pixels

in a class as per the classification [87]. It is the complementary metric of the commission

error [88]. The producer accuracy reflects the extent to which the training pixels were

correctly classified [89]. It is the complement of the omission error [88]. Random Forest had

the best overall classification results, but the user and producer accuracies varied across

the species (Table 4). The Supplementary Files contain the confusion matrices.

Table 4. Classification results for October 2018.

Classes B BG DPC EM EC EI ES GR PC RD TT
RF—Overall Accuracy [%] = 87.4% Kappa = 0.85

PA [%] 85.1 83.8 88.0 94.7 88.3 89.7 35.4 74.8 93.0 47.3 87.2

UA [%] 66.7 85.3 92.9 92.8 732 83.5 57.5 90.2 96.9 60.7 82.7

Kappa 0.63 0.85 0.93 0.92 0.72 0.82 0.57 0.88 0.96 0.6 0.83
SVM—Overall Accuracy [%] = 83.6% Kappa = 0.81

PA [%] 89.7 85.3 78.5 96.0 87.9 84.5 421 67.6 85.8 46.5 96.3

UA [%] 66.4 75.8 94.6 90.5 729 76.4 73.7 93.0 96.6 53.1 80.9

Kappa 0.62 0.75 0.94 0.89 0.70 0.74 0.73 0.92 0.96 0.52 0.81
KNN—Overall Accuracy [%] = 85.5% Kappa = 0.83

PA [%] 85.8 89.0 77.9 93.6 90.1 88.9 53.1 74.6 86.4 65.9 76.2

UA [%] 72.2 74.5 96.3 92.3 742 76.5 69.6 93.0 96.3 57.4 74.5

Kappa 0.69 0.74 0.96 0.91 0.72 0.74 0.69 0.92 0.95 0.56 0.74
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T. thermalis and E. mucronata had high user accuracies as anticipated from the spectral
distances, but R. dispar was relatively poorly classified. This could be attributed to the
limited classification data, as there were only three tufts in the wetland area. B. lanuginosa
and E. serrata were also poorly classified with high commission errors. This is because of
the spectral similarity to G. rosmarinifolia and Erica intervallaris, respectively (See Figure 9).

B. lanuginosa and E. serrata were also poorly classified in December 2018 (Table 5).
The user accuracies of several species improved, with E. serrata, R. dispar, and T. thermalis
showing the most significant gains. In contrast, the producer accuracies of B. lanuginosa,
B. gladiata, and G. rosmarinifolia declined, indicating that more instances of these species
were either omitted or incorrectly classified as other species. It is also evident that B.
lanuginosa was overestimated in comparison to October 2018. The poor user accuracy is
indicative of commission errors, particularly at the Southern boundary of the wetland
(Figure 14). Notably, the KNN classifier performed better than RF and SVM at mapping the
B. lanuginosa. This may indicate that the B. lanuginosa is irregularly distributed, but KNN
can adapt since it makes decisions based on local neighbours.

Table 5. Classification Results for December 2018.

Classes B BG DPC EM EC EI ES GR PC RD TT
RF—Overall Accuracy [%] = 88.0% Kappa = 0.86

PA [%] 33.5 69.1 100.0 100.0 96.2 86.9 31.6 65.6 99.2 64.5 100.0

UA [%] 13.2 75.0 100.0 92.5 75.0 84.0 100.0 95.7 95.0 100.0  100.0

Kappa 0.11 0.74 1.00 0.92 0.73 0.83 1.00 0.95 0.94 1.00 1.00
SVM—Overall Accuracy [%] = 61.9% Kappa = 0.56

PA [%] 95.6 37.4 21.1 100.0 73.2 46.8 33.7 64.8 922 3.2 6.1

UA [%] 33.8 222 100.0 90.2 80.0 739 85.7 96.0 93.0 100.0  100.0

Kappa 0.21 0.19 1.00 0.90 0.78 0.70 0.86 0.95 0.92 1.00 1.00
KNN—Overall Accuracy [%] = 85.7% Kappa = 0.83

PA [%] 69.8 18.7 100.0 100.0 92.3 79.8 54.8 77.2 93.9 22.0 100.0

UA [%] 53.8 12.5 100.0 75.5 81.3 68.6 60.0 96.9 90.9 100.0  100.0

Kappa 0.51 0.09 1.00 0.74 0.80 0.67 0.59 0.97 0.89 1.00 1.00

These results contradict the spectral distance analysis, which showed a significant
improvement in the spectral separability of B. lanuginosa and G. rosmarinifolia (Figure 10). A
possible explanation is that B. lanuginosa had very limited coverage in the wetland, resulting
in a small sample size, while G. rosmarinifolia was spectrally similar to T. thermalis, leading
to classification challenges.

4. Conclusions

This study clearly met its main aim. First, it sought to explore the ability of UAV
multispectral data to differentiate between wetland species based on their spectral sig-
natures. Second, it examined the sensitivity of UAV multispectral data to inter-seasonal
foliar spectral variations across different fynbos wetland species. Finally, it investigated the
correlation between spectral differences among species and their classification accuracy
using machine learning algorithms.

The relative spectral distances varied across species and seasons. UAV data success-
fully highlighted differences in reflectance across spectral bands for the two dates. Based
on the spectral curves and box plots, it was evident that certain species were more likely
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to be classified accurately in October 2018 than in December 2018, and vice versa. These
findings underscore the efficacy of UAV multispectral data in analyzing the reflectance
patterns of fynbos wetland species. Furthermore, the sensitivity of multispectral sensors to
foliar pigment composition across different seasonal stages was confirmed.

Euclidean spectral distances calculated from the reflectance data revealed distinct
spectral clustering of plant species, which varied across different temporal intervals and
included species from diverse plant families. These clusters highlighted which species
could be discriminated from one another at specific dates and seasons. In October 2018,
T. thermalis, E. mucronata, and R. dispar were the most distinguishable species. In December
2018, G. rosmarinifolia and T. thermalis emerged as the most spectrally distinct species relative
to others, though they were spectrally similar to each other.

Lastly, species classification results demonstrated that a random forest classifier is
well suited for this task. The relative producer and user accuracies aligned with the
spectral distance calculations and box plots. While most species were classified accurately,
B. lanuginosa, E. serrata, and R. dispar warrant further investigation. Conservation efforts in
the CFR must be backed by updated information about the local vegetation. The methods
demonstrated in this study provide a means for municipal officials to remotely monitor
seep wetlands and the changes at the species level. Future research should assess the
influence of spectral indices and seasonality on these species and should explore the use
of high-resolution satellite data with similar or higher spectral resolutions. Additionally,
more data should be collected across all seasons to determine the optimal time of year for
optimum plant species discrimination.
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