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Abstract

Despite growing international interest in seasonal effects on wetland vegetation mapping,
there is a notable lack of research focused on South Africa’s unique fynbos wetlands, leav-
ing a critical gap in understanding the spatiotemporal dynamics of fynbos ecosystems.
This study aimed to assess the ability of Parrot Sequoia and MicaSense RedEdge-M UAV
data collected during six seasonal periods between 2018 and 2020 to discriminate between
fynbos wetland vegetation species. It also identifies the most suitable time of year for
accurate species-level classification. The highest classification accuracy (OA = 98.0%) was
achieved in late winter and early summer (OA = 90.1%), while the lowest (OA = 57.2%)
occurred in mid-autumn. Most species attained high user and producer accuracies, though
Erica serrata and Tetraria thermalis were more inconsistently classified. A Kruskal-Wallis test
revealed a significant effect of seasonality on user and producer accuracy as well as kappa
(p <0.05). A Wilcoxon rank-sum test indicated that the accuracy metrics were not signifi-
cantly different (p > 0.05) when different sensors were used within the same season. The
results suggest that conservation agencies and researchers should collect remote sens-
ing data at the end of winter to take advantage of phenological differences between
plant species.
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1. Introduction

The fynbos biome, a Mediterranean ecogeographic region confined within the Cape
Floristic Region (CFR) of South Africa, boasts rich floral diversity with over 8500 species,
more than 70% of which are endemic to the Southern, South-Eastern, and South-Western
Cape [1]. However, this biodiversity hotspot faces increasing risks from expanding eco-
nomic activity in the region, valued at billions of Rands, and from invasive alien species,
which are more prevalent in fynbos than in any other South African biome [2,3]. In re-
sponse, remote sensing methods have been explored in studies monitoring vegetation in
the CFR [4]. Some of the topics investigated include land use monitoring in the CFR [5], fire
occurrence [6] and recovery [7], understanding plant-water interactions [8], habitat degra-
dation [9], monitoring groundwater-dependent vegetation [10], monitoring invasive alien
vegetation [11], ecological forecasting [12], land surface phenology [13] and wetland soil
moisture [14] and species mapping [15]. While these threats have drawn research attention
to fynbos conservation more broadly, wetlands within the fynbos biome remain critically
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under-researched, despite their ecological importance. Addressing this gap necessitates the
development of effective methods for mapping wetland vegetation at the species level to
guide evidence-based management and long-term preservation.

Wetlands are transitional zones between terrestrial and aquatic ecosystems, charac-
terized by a water table typically at or near the surface or by land covered with shallow
water [16]. They contribute almost 40% of the value of ecosystem services [17] and are
crucial due to their wide-ranging biodiversity and their significance in hydrological and
biogeochemical cycles [18]. Their benefits include providing habitats for terrestrial and
marine species, assimilating waste, controlling stream flow, sequestering carbon, trapping
sediment, improving water quality, mitigating erosion, and attenuating floods, as well as
offering recreational attributes [19-21]. The effective management of wetlands necessitates
the development of tools to monitor ecological risk arising from interactions between
topography, environmental processes and the influence of human activities [22-24].

Though some studies have successfully relied on physical exploration for wetland
biodiversity monitoring [25], this approach remains labour-intensive, time-consuming,
and limited in spatial and temporal coverage, posing significant challenges for consistent
and comprehensive monitoring [26]. This has led to the adoption of innovative methods
and emerging technologies, including remote sensing data, to generate a detailed and
up-to-date inventory of wetland biodiversity [27]. Thus, researchers have also utilized
unmanned aerial vehicles [28,29], nanosatellites [30,31], hyperspectral and multispectral
datasets [32,33], LIDAR [34,35] and Synthetic Aperture Radar [36,37] to advance wetland
research. While these remote sensing-based approaches have significantly advanced wet-
land monitoring by overcoming many of the constraints of physical exploration, they still
face challenges, particularly in capturing species-level vegetation dynamics due to spectral
limitations. These deficiencies have mainly been addressed through the strategic use of
vegetation indices (VIs) [38] and the optimization of temporal data acquisition windows to
align with plant phenology [39].

The latter approach highlights the importance of accounting for phenological stages,
demonstrating that strategically timing image acquisition improves classification accuracy
by capturing distinct spectral signatures linked to seasonal changes [40,41]. Changes in
foliar biochemical and biophysical characteristics occur throughout different phenological
stages [42]. The spectral reflectance characteristics of plant species can be affected by
various factors, such as the stage of growth, soil moisture levels, plant water content,
canopy coverage, and the orientation of the plants [43]. As a result, the spectral attributes
necessary for distinguishing between species differ across various climate zones and
seasons [44—46]. So, studies in this body of literature prescribe the use of multi-seasonal
data, either as an amalgamated dataset for classification or for determining an optimum
season for distinguishing between species [47,48]. This is even more critical in wetlands
because wetland topography and seasonal variability in hydroperiod can lead to diverse
habitat types, which, in turn, support a wide range of plant species adapted to the different
hydrological conditions [49,50]. Consequently, many wetland studies have focused on
identifying the ideal phenological stage for plant discrimination [51-53].

In South Africa, van Deventer [54] used field spectrometry to assess the separability
of tree species in the iSimangaliso Wetland Park in the KwaZulu-Natal Province in South
Africa. The study did not identify any significant variations in classification accuracy
when using all the feature-selected bands across various seasons. However, when only
the bands corresponding to the World View 2 and Rapid Eye multispectral bands were
selected, the spring dataset yielded the highest classification accuracies [54]. Another
study in the iSimangaliso Wetland Park assessed the capability of multitemporal RapidEye
imagery, captured in different seasons, to discriminate nine wetland and dryland plant
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communities [55]. The data was collected in 2011 (autumn, winter and spring) and 2012
(summer). The Random Forest classifier was used, and the season results showed the
highest overall accuracies were in spring (80%), summer (79.5%), autumn (78.8%) and
then winter (66.2%) when only captured spectral bands were used [55]. The best accuracy
was achieved in autumn (79.8%) compared to winter (67.2%), spring (79.1%) and summer
(79.5%) when vegetation indices were integrated.

Despite a growing body of international work on optimal temporal windows for
wetland-vegetation mapping, only two published studies, both confined to iSimangaliso
Wetland Park, which is not within the CFR, have explored seasonality in South African
wetlands. This scant coverage highlights a clear research gap in understanding the spa-
tiotemporal dynamics of South Africa’s diverse and rich wetland ecosystem. Given the
limited research on remote sensing in Fynbos wetlands, this study aimed to assess the
ability of UAV data to distinguish between fynbos wetland vegetation species within the
influence of seasonal changes, identify the optimal time of year for achieving accurate
species-level classification within these unique ecosystems, and evaluate the challenges
associated with species-level classification by comparing the performance of different
UAV-based multispectral sensors during similar seasonal periods.

2. Materials and Methods
2.1. Study Area

The site is situated in the Western Cape province, on municipal land within the
Steenbras Nature Reserve, in the City of Cape Town. It is located 80 km from Cape Town
at geographical coordinates 34°10'53.5” S and 18°54/23.8" E (see Figure 1). The region
is recognized by the United Nations Educational, Scientific and Cultural Organisation
(UNESCO) as an area of international importance. The reserve is used for a variety of
recreational activities, including a range of walking trails. However, the municipality has
recognized this area as a crucial site for aquifer water extraction to support the water supply
for the City of Cape Town. Therefore, it is vital to monitor groundwater-fed seep wetlands.

18°E 19°E 20°E 21°E 22°E 23°E 24°E

Legend

[ Wetland Site
.| Western Cape Province (South Africa)
18°E 19°E 20°E 21°E 22°F 23°E 24°F @ Location of Study Site () Cape Town

Figure 1. The study area (Google Earth imagery and UAV RGB composites) [56].
The study area is a seep wetland of Kogelberg Sandstone fynbos. This diverse seep

wetland relies on groundwater flows and is vulnerable to water table lowering, which can
lead to gradual changes in plant composition.
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The region receives most of its annual rainfall from April to September, and the dry
seasons are typically from November to March. The northern portions of the wetland
are lower in elevation and remain permanently inundated. In contrast, the southern
portions, which are at higher elevations, are only seasonally saturated. The seasonal
patterns influence vegetation phenology, and the best season for data collection needs to be
identified to optimize conservation efforts.

2.2. The Dominant Wetland Species

Eleven spatially dominant wetland plant species comprising several fynbos families
were identified by traversing the wetland along transect lines with a botanist (see Figure 2).
Table 1 summarizes key plant traits of the dominant species.

Figure 2. The Key Wetland Plant Species [56]. The figure shows (a) Borbotia gladiata, (b) Elegia
mucronata, (c) Tetraria thermalis, (d) Restio dispar, (e) Berzelia lanuginose, (f) Grubbia rosmarinifolia,
(g) Platycaulos compressus, (h) Erica intervallaris, (i) Erica intervallaris in bloom (purple flowers),
(j) Erica serrata, (k) Erica campanularis (with narrow-linear leaves) and Restio leptostachyus (with
a grassy appearance), and (1) Restio leptostachyus (with a grass-like appearance) alongside Erica
campanularis (with its yellow flowers) in the wetland.

Elegia mucronata and Platycaulos compressus (Restioaceae) are tall, tufted restios found in
moist soils. Their tall clusters and dark flowers are easily identifiable in aerial photos, while
Restio dispar and Restio leptostachyus, also belonging to this family, occupy waterlogged
zones. The former features red tufts that stand out in aerial images. Berzelia lanuginosa
(Bruniaceae) is distinguished by its cottony, radiating flowerheads. Bobartia gladiata (Iri-
daceae), a yellow-flowering geophyte, is typically associated with post-fire recovery. The
striking colours of the flowers in both species are important for their identification in aerial
photography. The Erica species—E. serrata, E. intervallaris, and E. campanularis (Ericaceae)—
occur on the drier peripheries, with small brown, pink, and yellow flowers, respectively.
However, their small size and canopy make them less distinguishable than other species.
Grubbia rosmarinifolia (Grubbiaceae), a shrub with narrow, rosemary-like leaves, is restricted
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to very waterlogged soils, while Tetraria thermalis (Cyperaceae), a non-wetland pioneer
sedge, is found on the drier western margins. Most species flower lower in spring. This di-
verse assemblage reflects the influence of hydrological gradients and microhabitat variation
within the wetland system.

Table 1. The characteristics of key plant species in the study area.

Plant Name Leaves Soil Moisture Average Height (m)
Berzelia lanuginosa Small and narrow in whorls Seasonally inundated 1.5m
Bobartia gladiata Rigid ensiform Seasonally inundated 0.8m
Elegia mucronata Stout erect sheaths Seasonally inundated 2.0m
Erica campanularis Small needle-like Seasonally inundated 0.7m
Erica intervallaris Incurved, erect squarrose Seasonally inundated 0.7m
Erica serrata Serrated edges Seasonally inundated 0.7m
Grubbia rosmarinifolia Glossy narrow lanceolate Permanently Inundated 1.3m
Platycaulos compressus Long and narrow Permanently Inundated 0.5m
Restio dispar Reed-like tufts Seasonally inundated 1.0m
Restio leptostachyus Feathery plume-like spikelets Seasonally inundated 0.5m
Tetraria thermalis Drooping sword-shaped Seasonally inundated 0.4m

2.3. Reconnaisance and Acquisition of UAV Data

Ground control points were placed on site before the acquisition of aerial photog-
raphy to ensure high positional and geometric accuracy in the processed orthomosaics.
Five Ground Control Points (GCPs) points were surveyed around the edges of the study
area (Figure 3).
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GNSS Ground Truth Points [208] ® 70 - Grubbia rosmarinifolia [14] ® 117 - Platycaulos compressu [3]
10 - Elegia mucronata [15] ® 80 - Erica campanularis [24] o120 - White Soil [12]
© 11 - Elegia mucronata [5] ® 90 - Erica serrata [2] " 130 - Grey Soil [4]
® 20 - Erica intervallaris [28] ® 100 - Borbotia Gladiata [11] ® 140 - Shadow [4]
® 30 - Tetraria thermalis [6] ® 110 - Platycaulos compressus [3] @ 150 - Restio Dispar [4]
© 40 - Berzelia [19] ® 113 - Platycaulos compressus [4] @ 151 - Restio Dispar [4]
® 45 - Berzelia [3] ® 114 - Platycaulos compressus [4] D Wetland_Edge
© 50- Berzelia [8] ® 115 - Platycaulos compressus [4] A Ground Control Points
® 60 - Grubbia rosmarinifolia [25] ® 116 - Dry Platycaulos compressus [2]

Figure 3. The study area (overlayed on an RGB orthomosaic derived from UAV photos).
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An additional 211 ground truth points and their corresponding land cover per point
were also surveyed within the wetland as ground truthing data. The sampling was mainly
based on Stratified Proportional Random Sampling (SPRS) [57,58]. The wetland was
divided into strata according to plant species distribution zones, with more intensive
sampling in larger or more diverse strata, that is, areas with high species diversity. The
SPRS approach aimed to improve classification accuracy by ensuring each vegetation
type was represented correctly, enhancing the overall mapping and monitoring of species.
Based on the points, 257 polygons were digitized in a GIS environment to correspond with
the points.

A Parrot Sequoia camera (AgEagle Aerial Systems, Wichita, KS, USA) mounted on a
DJI Phantom 3 quadcopter, and a MicaSense RedEdge-M camera (AgEagle Aerial Systems,
Wichita, KS, USA) mounted on a DJI Phantom 4 Professional (DJI, Shenzhen, China)
were used for image capture. The flights were conducted at an altitude of 25 m above
ground level, with 80% forward and side overlap and a flight speed of 5 m/s. This low
flying altitude helped capture detailed imagery while minimizing atmospheric distortion.
However, the flight was high enough so as not to disturb the vegetation through propeller
downdraft. The high degree of overlap also ensured that each GCP appeared in multiple
images, enhancing georeferencing accuracy.

The Parrot Sequoia and MicaSense RedEdge-M sensors were calibrated using a cal-
ibration panel and irradiance sensors, respectively. The specific spectral bands for both
sensors are detailed in Tables 2 and 3. Flight dates, times, and corresponding seasons are
summarized in Table 4.

Table 2. Spectral properties of the Parrot Sequoia.

Bands Centre Wavelength (nm) Bandwidth (nm)
Green 550 40
Red 660 40
Red Edge 735 10
Near-Infrared 790 40

Table 3. Spectral properties of the Micasense RedEdge-M.

Bands Centre Wavelength (nm) Bandwidth (nm)
Blue 475 40
Green 560 40
Red 668 40
Red Edge 717 10
Near-Infrared 840 40

Table 4. Flight details.

Date Time Sensor Season
31 August 2018 11h15 Parrot Sequoia Late Winter
4 October 2018 10 h 45 Parrot Sequoia Late Spring
10 December 2018 14 h 57 Parrot Sequoia Early Summer
8 February 2019 13 h 02 Parrot Sequoia Late Summer
26 April 2019 11h 34 Micasense RedEdge-M Mid-Autumn
22 February 2020 13h 03 Micasense RedEdge-M Late Summer

2.4. Processing UAV Data

The data processing was performed in Pix4Dmapper version 4.4.12 (Pix4D SA,
Lausanne, Switzerland). The first step in processing UAV data involved geometric cali-
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bration to correct distortions caused by factors such as lens and sensor misalignment, as
well as terrain variation. These distortions can affect spatial accuracy, leading to pixel
mismatches and image blur. To address this, the study employed a self-calibration bundle
block adjustment based on image data, structure from motion (5fM), and ground control
points (GCPs) surveyed using GNSS. The camera pose was established using metadata and
updated in the aerial triangulation process. The resulting sparse point cloud was georef-
erenced to the South African Hartebeesthoek94 coordinate system, and elevations were
constrained to SAGEOID 2010. This process facilitated the generation of high-resolution
orthomosaics (1-3 cm) and a Digital Surface Model (DSM).

The second step was radiometric correction to convert raw UAV data into at-surface
reflectance values. Radiometric correction was also done using Pix4Dmapper version 4.4.12
(Pix4D SA, Lausanne, Switzerland). For MicaSense RedEdge data, reflectance was calcu-
lated using irradiance metadata, while for Parrot Sequoia, reflectance was derived from
pre- and post-flight calibration panel photos. The targetless approach relies on irradiance
sensors to measure in situ solar irradiance mid-flight, as well as the omega, phi, and kappa
flight orientation angles to calculate at-surface reflectance by dividing camera radiance
by sensor irradiance [59,60]. Due to the brevity of UAV flights, the effects of variability
in solar altitude, azimuth angles, and solar radiation during data capture on small sites
are often considered negligible [61]. In the calibration panel approach, an empirical line
regression was calculated between the digital numbers of the reflectance panels and their
known reflectance and used to convert the digital numbers in the photographs to at-surface
reflectance [62,63]. Overall, the study’s radiometric correction methods were consistent
with those used in previous UAV-based research and produced comparable results.

2.5. Creating Spectral Indices

Vegetation indices are typically calculated between bands with the most significant
variance in reflectance, i.e., those highly absorbed and those highly reflected by vegeta-
tion [64]. The choice of bands depends on the environmental and biophysical characteristics
being investigated, such as leaf pigment content, biomass, moisture content, leaf structure
and soil moisture [65-68]. This study utilized multispectral band orthomosaics to calculate
indices in Pix4Dmapper version 4.4.12 (Pix4D SA, Lausanne, Switzerland), corresponding
to several environmental and biophysical characteristics. The indices calculated were
NGRDI [69], NDRE [70], CIRE [71], RG [15], Log Red [15], and Log Red Edge [15], which
were selected because they had been highlighted in previous research [15] for their effective-
ness in discriminating fynbos wetland species. Their efficacy stems from their sensitivity to
leaf pigments (mainly chlorophyll and anthocyanins), leaf area, biomass, and canopy water
content among the plant species. The indices were layer stacked with the captured spectral
bands prior to feature selection and classification.

2.6. Classification of the Wetland Species

Geographic object-based image analysis (GEOBIA) classification techniques are in-
creasingly being used in remote sensing studies. However, identifying the ideal segmenta-
tion criteria is often based on trial and error, which can sometimes lead to the identification
of numerous and conflicting criteria, under-segmentation and over-segmentation [71,72].
Moreover, the segmentation process is sensitive to changes in radiometric conditions; thus,
the transferability of the segmentation and classification parameters between different
scenes is poor [73]. Considering these challenges, despite the increasing popularity of
GEOBIA, Pixel-based (PB) classification approaches are still very popular in wetland stud-
ies [5,74,75]. Further, studies have compared the accuracy of GEOBIA and PB methods
with conflicting results. Some found the GEOBIA approach gave better results [76-78],
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and others recommended the PB approach [79-82]. Consequently, this study used a PB
approach with a Random Forest classifier (RF).

RF is an ensemble learning algorithm that builds several decision trees and combines
their results to improve classification accuracy [83]. One of the central hyperparameters of
Random Forest is ‘mtry’, which defines the number of randomly drawn candidate variables
considered at each split when growing a tree; lower values lead to more diverse, less
correlated trees and thus greater stability when aggregating. Another key parameter is the
number of trees (ntree), which controls how reliable and stable the aggregated predictions
are because too few trees result in instability. Conversely, too many add unnecessary
computation [84].

The dataset consisted of the multispectral bands and calculated indices. In the latter,
the dimensionality of the data was reduced by feature selection using recursive feature
elimination (RFE) in R software (version 4.3.1) using ‘Caret’ and ‘Random Forest’ libraries.
REFE iteratively trains a classification model, starting with all features and discarding the
lowest-ranking features based on their contribution to the model’s performance [85]. The
top ten features were layer-stacked for the classification of wetland species using Quantum
GIS (QGIS) software (version 3.40).

Ground truth data were used to train a Random Forest (RF) classifier, with 70% of the
samples allocated for supervised classification. RF has been reported to perform well in
mapping heterogeneous wetlands [86-88]. RF relies on the ‘collective wisdom of the crowd’
to identify the appropriate class of the feature of interest. During training, decision trees are
created on randomly selected subsets of the training data and available features [89]. This
technique, called bagging, reduces overfitting by increasing diversity among trees in the
prediction [90-92]. RF aggregates the predictions of multiple independent decision trees to
determine the final classification and overall robustness of the classification model [83,90].
Before classification, the optimal hyperparameters (‘ntree’ and ‘mtry’) were determined
through an iterative grid search using the ‘Dzetsaka’ plugin in QGIS [93]. The use of feature
selection and hyperparameter tuning is commonly recommended in land cover studies [94].
Finally, the classification accuracy was assessed using the residual 30% of the samples as
a validation set, with accuracy metrics calculated via the ‘Semi-Automatic Classification
Plugin (SCP)’ [95] version 8.5.0. The evaluation metrics included overall accuracy, the
kappa coefficient, and class-specific producer and user accuracies.

2.7. Statistical Analysis

A Shapiro-Wilk and Levene’s test [96] were used to assess the normality and ho-
mogeneity of the classification results (kappa, user accuracy, and producer accuracy),
respectively. Subsequently, since the PA, UA, and Kappa were not normally distributed,
Kruskal-Wallis and Wilcoxon tests (with Bonferroni correction) [97] were performed, using
seasons as the predictor variable and the classification results as the response variables,
to verify the significance of accuracy differences between seasons and sensors. A direct
comparison, without Bonferroni correction, was also made between late Summer 2019 and
late summer 2020, where different sensors were used.

The methodology is summarized in Figure 4; however, a more detailed description
of the GNSS survey, geometric and radiometric corrections is described in our previous
publications [15,56].
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Figure 4. Flowchart of the methodology used in this study.

3. Results and Discussion

This study sought to address two key gaps in the limited research on remote sensing of
Fynbos wetlands. The first objective was to evaluate the influence of seasonal variation on
the ability of UAV data to discriminate between wetland vegetation species. The second was
to identify the most suitable time of year for achieving accurate species-level classification
within these distinctive ecosystems.

3.1. Seasonal Classification Results

Figure 5 shows the classification maps, and Figure 6 shows the classification accura-
cies that were created for each of the seasons. The classification maps consistently show
clusters of Elegia mucronata in the southwest of the wetland site. Platycaulos compressus
was the most dominant wetland plant around the northernmost transect line. Similarly,
Grubbia rosmarinifolia was also located in the northern part of the wetland, which is always
inundated. The Ericicae species were consistently classified in the centre of the wetland along
the second transect line in seasonally inundated soils. In general, Platycaulos compressus,
Grubbia rosmarinifolia, Elegia mucronata, and Bobartia gladiata were the most stable classifi-
cations across seasons, occurring in both seasonal and permanently inundated areas of
the wetland.

The classification training accuracies were generally high, ranging between 85.5% and
98.8% (Figure 6). The classification accuracy peaked in August 2018 (late winter), followed
by December 2018 (early summer), and October 2018 (late spring).

The poorest overall accuracy was recorded in April 2019. There were similar classifi-
cation accuracies in February 2019 and February 2020 (late summer). The results suggest
that the optimal time for species discrimination occurs at the onset of the flowering season,
marking the end of winter and the beginning of spring. However, the ideal time for the
classification of specific species may vary across different seasons.
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I Borbotia gladiata
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I Elegia mucronata
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I Erica intervallaris
B Erica serrata

B Grey Soil

0 Grubbia rosmarinifolia
9 Platycaulos compressus
M Restio Dispar
I Shadow

Figure 5. Classification maps: (a) August 2018 (late winter), (b) October 2018 (late spring),
(c) December 2018 (early summer), (d) February 2019 (late summer), (e) April 2019 (mid-autumn),
(f) February 2020 (late summer).
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Figure 6. Image classification accuracies across all seasons, i.e., August 2018 (late winter), October
2018 (late spring), December 2018 (early summer), February 2019 (late summer), April 2019 (mid-
autumn), February 2020 (late summer).
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3.2. Temporal Insights into Species-Specific Classification Accuracy

Figure 7 shows the seasonal kappa values per class. The acronyms in the figure
are: B (Berzelia), BG (Borbotia gladiata), DPC (Dry or Dead Platycaulos compressus), EM
(Elegia mucronata), EC (Erica campanularis), El (Erica intervallaris), ES (Erica serrata),
GR (Grubbia rosmarinifolia), PC (Platycaulos compressus), RD (Restio Dispar), and TT
(Tetraria thermalis).

Heatmap of Kappa Classification Accuracy by Species and Season

Kappa
ES by 043 0.65 | 1.0
3 08
8 06
El 0.23 0.32 04
EC X 0.28 047
B 0.24 0.70
é@ @e;‘\
R &
%
&
N
Q"LQ
& v
\)@) \)‘06
v R
(<®

Season

Figure 7. Seasonal Kappa values per class.

The most consistently distinguishable species across the seasons were E. mucronata,
G. rosmarinifolia, and P. compressus Additionally, T. thermalis was generally well classi-
fied across the seasons except for autumn 2019 (April) and summer 2020 (February).
G. rosmarinifolia and P. compressus were located in the northern part of the wetland, which
is the lowest-lying and consistently wet area. The persistent wetness in that part of the
wetland may explain the spectral stability of the species throughout the different seasons.

Conversely, E. mucronata and T. thermalis were in the periodically inundated sections of
the wetland; consequently, their spectral separability may be due to their better adaptation
to seasonally fluctuating soil moisture in the seep wetland. Previous studies have shown
that the diversity and reflectance spectra of wetlands are influenced by underlying water
and moist soil. Table 5 provides a summary of the confusion matrices, emphasizing the
classification accuracies of the species across different seasons. The complete confusion
matrices have been included as Supplementary Materials.

The overall classification metric in August was 8% higher than the next best classi-
fication from December 2018. Apart from Tetraria thermalis, the producer accuracy of the
plant species ranged from 75.4% to 100%, indicating that the random forest classification
model could adequately fit the training data for most plant species. Furthermore, the
user accuracies ranged from 83.3% to 100%, suggesting that the final classification maps
generally reflect the actual locations of the plant species within the wetland. The lowest
producer and user accuracies were attributed to Erica serrata. The results show that the
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model correctly predicted this class 83.3% of the time. However, it missed more than half

of the actual instances, possibly due to within-class spectral variations.

Table 5. Classification accuracies per class.

August 2018 (Late Winter)-Overall Accuracy [%] = 98.0 and Kappa = 0.97

Class B BG DPC EM EC EI ES GR PC RD TT
PA [%] 98.1 93.5 94.5 99.4 96.9 79.9 100.0 100.0  100.0 75.4 447
UA [%] 98.9 94.4 97.5 99.5 95.7 98.7 95.0 93.2 98.0 100.0 83.3
Kappa 0.99 0.94 0.97 0.99 0.95 0.99 0.95 0.93 0.97 1.00 0.83

October 2018 (late spring)-Overall Accuracy [%] = 87.4 and 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 85.2 92.9 92.8 73.2 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 0.60 0.83
December 2018 (early summer)-Overall Accuracy [%] = 90.1 and Kappa = 0.88
PA [%] 100.0 74.7 99.5 100.0 94.7 82.7 329 70.5 98.3 49.9 100.0
UA [%] 44.1 100.0 100.0 97.4 87.5 77.8 100.0 100.0 93.1 100.0  100.0
Kappa 0.42 1.00 1.00 0.97 0.87 0.76 1.00 1.00 0.92 1.00 1.00
February 2019 (late summer)-Overall Accuracy [%] = 71.0 and Kappa = 0.67
PA [%] 69.7 65.7 61.6 86.4 71.2 77.0 259 86.1 77.2 21.3 100.0
UA [%] 64.7 87.0 23.2 63.9 271 73.4 87.5 85.0 93.9 55.4 94.1
Kappa 0.61 0.86 0.22 0.61 0.24 0.70 0.87 0.83 0.92 0.55 0.94
April 2019 (mid autumn)-Overall Accuracy [%] = 57.2 and Kappa = 0.50
PA [%] 55.6 84.9 79.1 76.5 38.8 35.3 5.1 67.2 60.7 26.1 71.5
UA [%] 28.8 61.4 244 79.9 32.5 31.0 44.4 75.6 92.0 52.4 23.5
Kappa 0.24 0.60 0.23 0.77 0.28 0.23 0.43 0.70 0.89 0.51 0.23
February 2020 (late summer)-Overall Accuracy [%] = 71.2 and Kappa = 0.64
PA [%] 54.7 34.4 77.3 75.2 59.0 45.0 32.5 81.8 86.7 18.5 53.2
UA [%] 72.5 68.8 70.8 66.2 49.3 36.9 66.0 79.3 84.0 68.6 32.5
Kappa 0.70 0.68 0.70 0.61 0.47 0.32 0.65 0.77 0.74 0.68 0.32

The descriptions of the acronyms above are as follows: OA denotes Overall ac-

curacy, PA denotes Producer Accuracy, UA denotes User Accuracy. B (Berzelia), BG
(Borbotia gladiata), DPC (Dry or Dead Platycaulos compressus), EM (Elegia mucronata), EC
(Erica campanularis), EI (Erica intervallaris), ES (Erica serrata), GR (Grubbia rosmarinifolia), PC

(Platycaulos compressus), RD (Restio Dispar), and TT (Tetraria thermalis).

The Kruskal-Wallis test results for the cross-seasonal PA, UA and kappa were
p = 0.000626, p = 0.00000106 and p = 0.000000651, respectively. The results (p-values < 0.05)
confirm statistically significant differences in classification accuracies between seasons

for all three metrics (PA, UA, and Kappa). Figure 8 presents the results of the pairwise

Wilcoxon tests. Significant differences (p-values much lower than 0.05) were found be-

tween the user accuracies in the late winter season and those in all other seasons, except

early summer.
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Figure 8. Pairwise Wilcoxon comparisons (Bonferroni-adjusted p-values) of classification statistics.
The stars indicate the extent of significance.

Furthermore, there were significant differences in user accuracies between early sum-
mer and mid-autumn, as well as between early summer and late summer. Similar trends
were observed for the Kappa accuracies. The significant differences for the producer accu-
racies were observed between late winter and mid-autumn, as well as between late winter
and late summer.

These findings suggest that species discrimination is most effective at the onset of
the flowering season, particularly during late winter and early spring, although optimal
classification periods may differ among species.

3.3. Cross-Sensor Evaluation of Seasonal Species Classification Accuracy

The aerial photographs were captured in February 2019 and February 2020 using a
Parrot Sequoia and a MicaSense RedEdge-M sensor, respectively. A comparison of the
classification results across the two dates reveals similar trends in the classification of the
species, except for E. serrata, R. dispar, and T. thermalis (see Figure 7, Table 5 and Figure 9).

The significance of the differences in accuracy was assessed using the Kruskal-Wallis
test. The results showed p-values of 1.00 for PA, UA and Kappa metrics (Figure 8). The
direct comparison (Wilcoxon rank-sum test) showed that the unadjusted p-values between
both summer dates were 0.300, 0.439, 0.478 for PA, UA and Kappa, respectively. Both tests
show that across all three metrics (PA, UA, Kappa), the two late summer classifications
do not differ significantly, meaning the classification performance in February 2019 and
February 2020 is statistically equivalent.

Consequently, the variance in classification accuracy may be due to changing con-
ditions in the wetland such as soil moisture as opposed to sensor differences. Seasonal
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changes in plant phenology, such as flowering and senescence, or variations in environmen-
tal conditions, can significantly impact spectral reflectance and are inherently challenging
to model.

100.0 - 1.00
90.0 0.90
v M 7"'--..::\/:\§ /
80.0 4 = / 0.80
M //---..__,______“
700 Pl . I 0.70
=t ]
600 ||1] / { 0.60
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100 | | o
30.0 \ H 0.30
200 2 0.20
B BG EM EC EI ES GR PC RD TT

2019 PA [%] 697 657 864 712 770 259 861 772 213 100.0
2019 UA [%] 647 870 639 271 734 875 850 939 554 941
2020PA [%] 547 344 752 590 450 325 818 867 185 532
12020 UA [%] 725 688 662 493 369 660 793 840 686 325
——2019Kappa 061 086 061 024 070 087 083 092 055 094
——2020Kappa 070 0.68 061 047 032 065 077 074 068 0.32

2019 PA [%] 12019 UA [%] 2020 PA [%]
2020 UA [%)]

2019 Kappa

2020 Kappa
Figure 9. Comparisons of classification statistics in late summer.

3.4. Optimizing Remote Sensing Data Collection in CFR Seep Wetlands

Several satellite-based studies have demonstrated that classification accuracy can be
improved by using data from multiple seasons. For example, Jenackovi¢ et al. [98] studied
185 permanent wetland vegetation plots with eleven plant communities across several
seasons in the central Balkan Peninsula, showing that summer was optimal for identifying
most species in hydrologically stable habitats, whereas spring was more appropriate for
periodically inundated habitats. Similarly, Piaser & Villa [99] tested several combinations
of feature dates across European lakes and found the highest accuracies when classifying
aquatic vegetation using July-August datasets. Van Deventer et al. [55] found that combing
four seasons of RapidEye Imagery improved the classification accuracy of wetland and
dryland vegetation communities in iSimangaliso Wetland Park in South Africa by 6%.
These studies all highlight the benefits of combining multi-seasonal data.

Other studies, however, have focused on a single year of seasonal data to identify
optimal classification windows. Rupasinghe & Chow-Fraser [100], using one year of
Landsat 7, Landsat 8, and Sentinel-2 data, demonstrated that late summer and fall were the
most effective periods for distinguishing invasive Phragmites australis from other wetland
species in Canadian Lake Erie wetlands. Similarly, Dong et al. [101] tracked the spread
of Spartina alterniflora in mangrove forests in China using Sentinel-1 SAR and Sentinel-2
multispectral data. They observed spectral similarity among wetland species but concluded
that January and August were the best months for classification, achieving accuracies up
t0 99.63%.

Unlike satellite sensors, where spatial resolution is relatively coarse, UAV data pro-
vides very high spatial detail. While this is advantageous for fine-scale vegetation mapping,
it makes the integration of multitemporal datasets technically challenging. For this reason,
we adopted an approach of assessing each season separately rather than combining them.
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This strategy not only leverages the spatial strengths of UAV data but also allows pheno-
logical differences across seasons to be fully explored. The findings from this approach can
inform future conservation and monitoring initiatives in the Cape Floristic Region (CFR),
where understanding seasonal dynamics is critical for effective wetland management.

4. Conclusions
4.1. Seasonal Classification Results

The classification results demonstrated high training accuracies across all seasons,
with the highest overall accuracy achieved in late winter (August 2018) and early summer
(December 2018). Classification performance declined toward mid-autumn, with the lowest
accuracy recorded in April 2019. Notably, similar levels of accuracy were observed in
late summer seasons (February 2019 and February 2020). These findings suggest that
conservation agencies and future research should prioritize remote sensing data collection
at the end of winter or early summer to capitalize on phenological differences between
plant species.

4.2. Temporal Insights into Species-Specific Classification Accuracy

The Elegia mucronata, Grubbia rosmarinifolia, and Platycaulos compressus were the most
consistently classified species. The spectral stability of G. rosmarinifolia and P. compressus
may be attributed to their occurrence in the permanently wet northern zone of the wet-
land. In contrast, the reliable classification of E. mucronata and T. thermalis, which occur
in seasonally inundated areas, may reflect their adaptation to fluctuating moisture condi-
tions. These findings support previous research linking wetland vegetation reflectance to
soil moisture dynamics and highlight the importance of seasonal timing in species-level
wetland classification.

4.3. Cross-Sensor Evaluation of Seasonal Species Classification Accuracy

The classification results across these two summer dates and different sensors (Parrot
Sequoia and a MicaSense RedEdge-M) revealed broadly similar trends. This suggests that
the observed variance in classification accuracy may be more driven by changes in wetland
conditions, such as soil moisture, rather than by differences between sensors. Future
studies should incorporate additional ground-truth data and sensors to better account for
confounding environmental factors.

4.4. Future Work: Leveraging Emerging Technologies for Improved Wetland Vegetation Mapping

A promising future research trajectory for fynbos wetland monitoring lies in the
integration of emerging digital technologies, particularly Artificial Intelligence (Al), Big
Data, and the Internet of Things (IoT) [102]. Al can enhance species classification, predict
ecological dynamics, and refine conservation strategies with greater precision. Big Data
analytics provide the capacity to manage and analyze diverse datasets from remote sensing
platforms, in situ measurements, and citizen science initiatives, enabling the detection
of complex ecological patterns [103]. Additionally, IoT-enabled sensor networks can fa-
cilitate continuous data collection on hydrological processes, vegetation dynamics, and
environmental stressors, supporting adaptive management responses [104]. Together, these
technologies can establish a data-driven framework that enhances the accuracy, scalability,
and temporal resolution of fynbos wetland monitoring, ultimately contributing to more
effective conservation in the Cape Floristic Region.

As a further research direction, the BioSCape project [4,105,106] provides an important
opportunity: its large-scale multi-sensor data acquisitions in October and November 2023
across the Greater Cape Floristic Region (GCFR) coincide with the seasonal windows
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identified in this study as optimal for classification. Leveraging BioSCape data to map
wetlands, particularly where vegetation clusters are large and relatively homogeneous,
holds great promise for improving our understanding of the phenological traits of endemic
species in the CFR.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/geographies5040060/s1, Table S1: Seasonal confusion matrices.
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