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Abstract
Context.

Mapping wetlands presents challenges due to the fluctuating hydroperiod conditions and difficult underfoot conditions. Mapping wetland plant communities
distributions provide insights into wetland structure and function.

Objectives.

We aim to use wetland plant spectral signatures to produce maps of spatial arrangements of wetland plant community distribution and transitions (ecotones)
to help understand how the study wetland functions in terms of regulating water flow and sediment trapping.

Methods.

We used binary, Machine Learning Support Vector Machine (SVM) and Random Forest (RF) algorithms to map wetland plant communities, and the Naive
Bayesian Probabilistic Classifier to map wetland ecotones. Field based plant community data is collected to train the algorithms to classify the remotely
sensed optical Sentinel imagery of the Du Toits River wetland embedded within the terrestrial Fynbos Mediterranean ecosystem.

Results.

The RF algorithm accurately mapped wetland plant communities (overall accuracy (OA) of 76% and kappa 0.72). Results distinguished two peat wetland
vegetation types, namely Prionium serratum and Psoralea pinnata. The Probabilistic Classifier identified abrupt ecotones between 1) peat wetland vegetation
groups, 2) peatland, sclerophyllous, and fynbos communities, and 3) within the sclerophyllous wetland vegetation. These correspond to a fine spatial matrix
of deep channels interspersed with areas of sediment deposition (peatland) and formation of sediment islands (sclerophyllous plants) as the plants slow
water run-off and regulate nutrient cycling.

Conclusions.

Remote sensing algorithms capture the spatial distribution patterns of wetland plant communities linked to function. This improved understanding of wetland
ecology provides useful insight for effective wetland management and conservation strategies.

Highlights
Machine Learning and probabilistic classifiers provide useful insight into wetland community spatial structure and function.

The combination of methods identifies complex spatial patterns of plant community distribution which informs understanding of the ecological
functioning of this wetland

Palmiet (peat) wetlands consist of two distinct plant communities, Prionium serratum and Psoralea pinnata

Probabilistic map transect graphs elucidate fine-scale ecotones that link plant community structure to wetland function.

Wetland ecotones are identified as sharp, narrow, abrupt, spatially disjunct, and patchy.

Introduction
Wetlands are crucial for providing various ecosystem services, including carbon storage, flood control, sediment retention, regulation of stream flow, removal
of phosphates and nitrates, and serving as habitats for unique fauna and flora. Additionally, they offer aesthetic benefits, such as education and research
opportunities, tourism, and cultural significance (Van Deventer et al. 2019; Fischer et al. 2019; Ramsar Convention on Wetlands 2018). However, wetlands are
disappearing at an alarming rate globally. For instance, peatland wetlands, which cover 3% of the earth's surface, are at risk with 50 million hectares having
been drained for agriculture, infrastructure, forestry, or peat extraction (Hooijer et al. 2010). Moreover, in the Western Cape of South Africa, approximately 87%
of wetlands are under threat and have been modified or degraded due to various threats including agricultural expansion, urbanization, and invasive species
(Helme & Rebelo 2016). It is vital to understand wetland plant community structure and function so that appropriate conservation and management measures
can be implemented to safeguard these vital ecosystems (Gallant 2015; Job et al. 2018; Rebelo, Finlayson & Nagabhatla 2009; Richards 2001; Sieben, Mtshali
& Janks 2014).

Wetlands consist of various plant communities. Boundaries between these plant communities, and between wetland and terrestrial plant communities, as with
boundaries between ecosystems at any scale, will seldom be exact. Ecotones are “zones of transition between adjacent ecological systems, uniquely defined
by space and time scales and the strength of interactions between these systems” (Holland 1988; Holland, Whigham & Gopal 1990). Ecotones occur at
various scales, from biomes to smaller transition zones that separate different ecological systems or fine scale plant communities. Ecotones are essential for
various landscape functions, including the movement of resources such as nutrients, seeds, and animals, high biological diversity, speciation, high rates of
primary and secondary production, and refuge areas for species under changing conditions such as climate and human-induced impacts (Kark 2005; Kark
2007; Walker et al. 2003; Williams 1996; Hufkens). They often occur along ecological gradients created by spatial shifts in elevation, soil, climate, and other
environmental parameters (Kark 2005). In the case of wetlands, ecotones may occur at various points of hydrogeomorphic units (Ollis et al. 2013). Holland,
Whigham, and Gopal (1990) note that wetlands, like all other ecosystems, have internal and external boundaries that separate distinct vegetation patches,
with various ecological processes and transfers occurring at these boundaries or ecotones. For this study, internal wetland ecotones among vegetation
communities are of interest in an alluvial fan wetland dominated by dense Prionium serratum stands. The wetland is embedded within a Cape Floral Kingdom
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Fynbos system with alluvial channels that deposit and retain varying amounts of sediment, water, and organic material (Fischer et al. 2019; Snaddon et al.
2018).

Remote Sensing (RS) of the Earth’s surface has long been recognized in ecology as a timesaving, non-labour-intensive, and consistent long-term means of
monitoring ecosystems and their surrounding environment at different scales, both locally and globally (Pettorelli et al. 2017; Wang et al. 2010). RS is
particularly useful where field-based techniques are limited due to difficult terrain or dangerous underfoot conditions (Buchanan et al. 2017), such as deep
channels often concealed, and/or with fast-flowing water, typical of channelled wetlands. This study will use binary supervised machine learning, Support
Vector Machine and Random Forest on optical satellite imagery to map wetland plant community classes, and probabilistic classification to map and
characterise fine-scale, internal ecotones in a peat (palmiet), alluvial fan fynbos embedded wetland in the mountains of the south-Western Cape, South Africa.
Results should elucidate processes forming these spatial distribution patterns and so wetland functions, such as sediment deposition, which will aid in
effective conservation and restoration practices being identified and implemented.

Materials and methods

Study Area
The Du Toits River Wetland is an alluvial fan typically formed by sediment deposition from the channelled nearby upstream (Fischer et al. 2019, Grenfell et al.
2019). Its characteristics are shaped by a distributary network from an upstream node with areas closest to the river's origin having more concentrated
sediment deposition than areas farther away. The water flow in the distant areas of the wetland is more spread out and less concentrated, which causes small
channels to branch off from the main river channel and diffuse over time (Grenfell et al. 2019). The wetland starts off upstream as a channelled valley-bottom
wetland (Fischer et al. 2019) and becomes weakly channelled and sometimes unchanneled in the middle course. In the lower reaches (toe) it becomes a major
alluvial fan with multiple channels and tributaries that feed the fan with very fine sediment that would have had channel reforming.

The Du Toits river wetland is situated in a high rainfall (total rainfall of 1241 mm/year) and high rainfall intensity catchment (Snaddon et al. 2018). It is
located within the Cape Floristic Region (CFR) consequently experiencing a Mediterranean-type climate, with wet winters and moderately intense drought-
prone summers (Midgley et al. 2003; Rebelo et al. 2017; van Wilgen 1984).

This wetland is located northwest of Theewaterskloof Dam (Fig. 1) and is one of three key wetlands in the area that largely contributes to enhancing water
quality entering the dam. The dam is a crucial water supply for human use, primarily for domestic and industrial, water supply into Cape Town metro as well
as for irrigation more locally (Fischer et al., 2019, p.23). Most of the wetland is managed and protected by CapeNature as part of the Hottentots-Holland
Nature Reserve Complex (CapeNature, 2017) and is located almost entirely within the Theewaterskloof World Heritage site (Fischer et al. 2019; Snaddon et al.
2018).

The wetland is surrounded by Elgin Shale, Hawequas Sandstone, and Kogelberg Sandstone Fynbos vegetation units (Rebelo et al. 2006), but the wetland itself
is a mosaic of dominant of palmiet (Prionium serratum, Psoralea pinnata), which is analogous to peat, and sclerophyllous wetland vegetation embedded
within upland Fynbos vegetation (Sieben et al. 2017; Sieben, Mtshali & Janks 2014). The wetland is said to be in a pristine condition as there are relatively low
impacts affecting the system (Fischer et al. 2019, Snaddon et al. 2018).

Field data collection and plant community classes
The first set of field data collection took place between 21–23 October 2020 (spring) and the second took place between 7–9 June 2021 (winter) for training
and verification that corresponds with the imagery date being used in classification (Wegman et al. 2016), and to cover a range of hydroperiods. Initially,
transects were laid in an east-west direction across the wetland to sample the heterogeneity of the landscape. However, many of these were not accessible
(water logging, deep channels, unsafe underfoot conditions, and private property). A handheld Garmin GPS (eTrex 10) was used to collect geographic
coordinates at the northeast corner of each transect. Along each transect sampled, 1x1 metre quadrats were placed approximately 20m or more apart to
ensure that plots represented different pixels in the 10-metre Sentinel-2 MSI imagery used in the classifications. Ideally plots should be further apart to reduce
spatial autocorrelation of spectral signatures of pixels corresponding to field plots, but accessibility was very limited. Within each quadrat, each species was
identified and the frequency of occurrence (%) recorded.

A preliminary plant community assessment of these data identified three wetland plant communities, Prionium Serratum, Psoralea pinnata (both are palmiet
wetland types), and Sclerophyllous Wetland Vegetation (Pteridium aquilinum, Restio paniculatus, and Merxmuellera cincta), and a Fynbos class. Three
additional land cover classes occurred in the study area, namely Bare soil/sandstone, Water, and Degraded. This yielded seven land cover classes with four
distinct plant communities. Due to the low number of field points collected during the first set of fieldwork (Supplementary Material Appendix B, Table 1), a
second set of points was gathered using simple random sampling (Wegman et al. 2016) across the full extent of the wetland in a second field visit
(Supplementary Material Appendix B, Table 3). A random sampling map was created in ArcGIS 10.7.1. where field samples were collected as close as possible
to these randomly generated points, given access constraints. Plant community or land cover type, as defined in round 1 of field data collection, was assigned
to these points based on plant species composition and dominance. A sum of 40 samples was collected across both field sets. These points are used in the
binary classifications.

Multispectral Imagery Classification of plant communities
To investigate the distribution of plant communities across the wetland, we used binary supervised, machine learning classifiers namely Random Forest and
Support Vector Machine, on multispectral Sentinel-2 MSI Level-2A (henceforth referred to as S2A) imagery for two distinct periods: winter rainfall (June 2020,
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July 2020, and August 2020) and summer dry period (December 2020, January 2021, and February 2021) (Van Wilgen 1984, CapeNature 2017). Imagery was
sourced from Google Earth Engine (GEE), after being atmospherically corrected and surface reflectance normalized. The imagery was further processed by
cloud masking, conversion to UTM zone 34S (EPSG: 32734) and clipping to the demarcated wetland area of interest. We selected bands 2 (Blue), 3 (Green), 4
(Red), and 8 (NIR) as they have the highest spectral response for vegetation (Wegman et al. 2016) (see code in Appendix A).

The Support Vector Machine (SVM) classification method (Cortes and Vapnik 1995), uses a hyperplane to maximize the separation between data points
(pixels) belonging to different classes. SVM is relatively memory-efficient and has been shown to maintain high performance even with a limited number of
training samples (Mountrakis et al. 2011). Previous studies have demonstrated the utility of SVM in a range of land cover analyses (Khatami et al., 2016). We
implemented SVM using the R package, caret (version 6.0–90, Kuhn et al., 2021) and opted for a linear kernel (svmLinear method) as it is fast. Moreover, our
preliminary analysis using the non-linear radial kernel function resulted in low accuracies. Before applying the linear kernel, we normalized the data by setting
the TuneLength to select 10 random values for the cost parameter (C parameter).

Random Forest (RF) is a machine learning algorithm that fits decision trees to different subsets of training data. Once many trees are generated, the most
popular tree or class is identified and classified, resulting in high accuracy (Breiman 2001; Wegman et al. 2016). RF is commonly used for satellite image
classification, and several studies have reported its effectiveness (Bargiel and Herrmann 2011; Fu et al. 2017; Mellor et al. 2013; Poona et al. 2016; Xie, Sha
and Yu 2008). We implemented RF in R using the randomForest package (Liaw and Wiener, 2002) where 200 decision trees were generated and four predictors
per split were randomly selected. An 80/20 split of the field data was used for training and testing points for both algorithms. See Appendix B for the full
description and characteristics of each land cover class, and the code for RF and SVM.

Description of ecotones using probability classification
To investigate plant community transitions i.e. ecotones between three wetland and one fynbos plant community, we used ArcMap's Bayesian-based Class
Probability (ArcMap 10.7.1. ESRI, Redlands) classifier. The Bare Soil, Open Water, and Degraded classes were excluded as they were not the focus of the
ecotone analysis. We conducted analyses on the summer imagery, as it provided the most accurate results in the binary classification analyses.

For the Bayesian Class Probability classifier, training data polygons were captured based on the field collected data points used in the binary RF and SVM
classifications. A total of 120 polygons were digitized and split using an 80/20 split, where 80% was used as training data and 20% as testing data, resulting
in 96 training and 24 verification polygons distributed randomly for each of the four vegetation classes. Accuracy assessments i.e. overall accuracy, kappa,
producer's accuracy, and user's accuracy, sensitivity, and specificity (sensu Fielding and Bell, 1997; Longley et al. 2015; Wegman et al. 2016) was performed
using the caret package in R (version 4.1.1, see Appendix C for the full code) (Kuhn, 2008).

Transects
To illustrate the nature of internal wetland ecotones, six transects were digitized and placed subjectively in such a way that each transect covered each of the
four distinct vegetation types at gradients observed in field. Transects 1 & 2 were placed in the lower eastern parts of the wetland where upland Fynbos
conditions were dominant. Here soils were dryer, coarser, and had less organic matter present as observed in the field. (See supplementary data Appendix D for
soil profiles collected). Transects 3 & 4 focused on ecotones between peatland vegetation and sclerophyllous wetland vegetation, while transects 5 & 6
focused on the northern wetland areas dominated by peatland vegetation. Transects were 1.6 km in length and 200 m wide. Class probabilities were binned
every 50 m, giving 32 readings per transect. Transects generally run from east to west, except for Transect 5 and 6 which run north-south due to the narrow
size of the head of the wetland.

Results And Discussion

Classifying wetland plant communities:
Overall, the RF classification yielded the most accurate results i.e. 0.81 overall accuracy, and 0.78 kappa (see Table 1) for summer images, which is consistent
with other vegetation mapping exercises comparing RF and SVM (Sehic and Latifi 2019, Boori, Vozenilek and Choudhary 2019, Chen, Li and Wang 2019, Lu
and Weng 2007). With few exceptions, this trend also holds for user's and producer's accuracy, and sensitivity per target vegetation class. SVM on a summer
image sometimes produced slightly higher results, such as a Producer's Accuracy of 90.6% for Prionium serratum compared to 86% for RF and Fynbos (see
Table 1). Previous research has demonstrated the utility of summer images for wetland classification in winter rainfall areas (Rebelo 2017) which supports
our findings. Specificity results are less conclusive. Similarly, the Class Probability map has an overall accuracy of 82.7% (Table 2) which is a moderately good
accuracy. The high producer’s and user’s accuracy for Prionium serratum and Psoralea pinnata for the binary classifiers (Table 1) and Class Probability
classification (Table 2) indicate that these two peatland vegetation classes are well separated which is confirmed by Rebelo et al. 2019.

Analysis of the occurrence of plant communities in this wetland using both binary classifiers (Fig. 4 and Fig. 5) on summer and winter images and the Class
Probability map (Fig. 6) showed that the head and centre of the wetland where the main channel flows are dominated by peatland vegetation (Prionium
serratum and Psoralea pinnata) on inundated soils that are rich in organic material or sediment (consistent with field observations). These two vegetation
types also occur sporadically southward adjacent to the middle wetland channel, with smaller plants such as Zantedeschia aethiopica growing underneath
their dense canopies. Prionium serratum was also classified as occurring in patches further southwest and southeast of the wetland, likely where narrow
tributary channels occur.

Table 1. Overall summary statistics of how each classifier (RF and SVM) performed using Sentinel-2: MSI, Level-2A imagery (S2A). Top scorers are in bold, and
top scores and those within 2% thereof are shaded light grey.
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      Random Forest Support Vector Machine Linear

      S2A Winter S2A Summer S2A Winter S2A Summer

  OA:   0,76 0,81 0,69 0,73

  KS:   0,72 0,78 0,64 0,68

Landcover class: Prionium serratum User’s Accuracy 78 83,1 79,7 81,4

Producer's Accuracy 79,3 86 85,5 90,6

Sensitivity 77,9 83 79,6 81,3

Specificity 96 97 97,3 98,3

Psoralea pinnata User’s Accuracy 81,7 86,7 78,3 78,3

Producer's Accuracy 83,1 85,2 83,9 81

Sensitivity 81,6 97 78,3 78,3

Specificity 96,7 97 97 96,4

Sclerophyllous Wetland Vegetation User’s Accuracy 68,4 82,5 57,9 75,4

Producer's Accuracy 63,9 69,1 62,3 57,3

Sensitivity 68,4 82 57,9 75,4

Specificity 92,8 93 93,5 89,6

Fynbos User’s Accuracy 72,3 70,2 61,7 74,5

Producer's Accuracy 29,2 91,7 50 77,8

Sensitivity 72,3 70 61,7 74,4

Specificity 95,6 99 90,1 96,8

Bare soil/sandstone User’s Accuracy 80,4 80,4 57,1 65,2

Producer's Accuracy 80,43 75,5 65,3 63,8

Sensitivity 80 80 70 65

Specificity 97 96 95 95

Degraded User’s Accuracy 75 85,4 69,4 63,3

Producer's Accuracy 72 83,7 61,5 70,5

Sensitivity 75 85 67 71

Specificity 96 97 94 97

Water User’s Accuracy 77,6 75,5 84,2 70,8

Producer's Accuracy 86,36 80,4 79,1 77,3

Sensitivity 77,5 76 69,3 63,2

Specificity 98,1 97 97,1 95,9

OA = Overall Accuracy; KS = Kappa Statistic

High probabilities of Sclerophyllous Wetland Vegetation were observed toward the middle sections of the wetland (seen in Figs. 4,5 and 6), surrounding the
Prionium serratum and Psoralea pinnata (east and west edges), and occurred toward the southern (‘nearest’) edge (toe) of the wetland approaching the open
dam water. Additionally, Sclerophyllous Wetland Vegetation was found abutting the outer Fynbos edges as the soils dry out in the transition from peatland to
upland Fynbos vegetation. At a local scale within the wetland, the Sclerophyllous Wetland group may be regarded as the transitional area from pure peat
wetland conditions to the drier, sandier Fynbos conditions. These areas have a mixture of damp or sometimes dry, and sandy to sandy loam soil conditions,
which are very different from those in the pure peatland areas where Prionium serratum and Psoralea pinnata are found on deeper, wetter, peat-accumulated
soils. Fynbos vegetation was classified as having high probabilities toward the outer edges of the wetland boundary, with distinct soil conditions (drier,
coarser, and sandier soils). However, there were instances where Fynbos was found next to the peatland communities. There was some spectral confusion
between the sclerophyllous wetland vegetation and Fynbos classes, with around 50% of Fynbos reference data being misclassified as Sclerophyllous Wetland
Vegetation by the Class Probability map (Table 2). Patches of Degraded and Bare soil classes (only in the binary classifications) occur almost throughout the
wetland, but predominantly on the drier areas towards the eastern or western wetland edges.
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Table 2
Confusion matrix with accuracy metrics for the four vegetation classes, Class Probability classifier using Sentinel-2 MSI: Level-2A, summer 2020/2021

imagery (Fig. 6).

    Classified data

    Prionium
serratum

Psoralea
pinnata

Sclerophyllous Wetland
Vegetation

Fynbos Row
Totals

EO
%

PA
%

Reference
data

Prionium serratum 98 2 4 0 104 5.8 94.2

Psoralea pinnata 2 98 0 2 102 3.9 96.1

Sclerophyllous Wetland
Vegetation

0 0 44 7 51 13.7 86.3

Fynbos 0 0 52 91 143 36.4 63.6

Column Totals 100 100 100 100 400 (TP)    

  EC % 2 2 56 9      

  CA % 98 98 44 91      

  Overall Accuracy %: 82.75            

  Kappa: 0.77            

EO = Errors of Omission; PA = Producer’s Accuracy; EC = Errors of Commission; CA = User’s Accuracy; TP = Total Pixel

Ecotones between plant communities within the wetland on probabilities:
The ecotones between plant communities in this wetland were identified based on their locations and nature. Each plant community class was assigned a
colour: Prionium serratum (red), Psoralea pinnata (green), Sclerophyllous Wetland Vegetation (blue), and terrestrial Fynbos (medium sand colour). Pixels
presenting mixed coloration or very dark hues (sometimes black) were considered mixed pixels. The probability map (Fig. 6) shows the presence of mixed
pixels with hues that vary between the designated class colours. In remote sensing literature, mixed pixels are generally considered a problem when using
coarser (30m or larger pixel) resolution data as they are less sensitive to spatial complexity or heterogeneity (Rocchini 2007). However, in this study, mixed
pixels in the probabilistic classification are suggested to be a mixture of classes with varying probability values of at least two vegetation types (or more),
identifying an ecotone pixel where there is a transition from one vegetation type to another over the space of a pixel width (10 m). This is consistent with
observations in the field. For example, in the multi-layered raster with four band layers (one band per plant community), a pixel may have a 55% probability
value for the red band (Prionium serratum) and a 44% probability value for the green band (Psoralea pinnata), indicating that the pixel represents an ecotone
that has high probabilities of both peatland species present, with transitions occurring sharply and abruptly from Prionium serratum to Psoralea pinnata
within the 10 m resolution of Sentinel-2 pixel. The probabilistic approach supports the identification of co-occurrence of species within the frame of medium
spatial resolution data, and their rapid turnover within the same geographical space over a very fine spatial scale, i.e., an ecotone pixel. Another example is a
pixel that includes probability values for all four classified classes: Sclerophyllous Wetland Vegetation (blue) = 4%, Psoralea pinnata (green) = 43%, Prionium
serratum (red) = 50%, and Fynbos (alpha band) = 2%. This example indicates an abrupt and rapid turnover from sclerophyllous wetland conditions into high-
probability peatland conditions, and then into lower-probability Fynbos conditions.

Ecotones in this alluvial fan wetland are patchy, narrow, generally sharp, and abrupt, which leads to nonlinear behaviour, emphasizing that these transitions
are ecotones in the strict sense di Castri, Hansen and Naiman 1988. The probability graphs (Fig. 7, see Appendix E for the code developed to generate the
graphs) reveal how the dominance of vegetation types change along the length of the identified transects. Three types of ecotones were identified: 1) abrupt,
sharp ecotones between peatland vegetation groups (Transect 5 and 6); 2) sharp, narrow ecotones under 10m between high probability peatland,
sclerophyllous and fynbos communities (Transect 3 and 4); and 3) complex ecotones with both slow and rapid turnover between sclerophyllous wetland
vegetation and fynbos vegetation (Transect 1 and 2).

In Transect 1 (Fig. 7a), which was located in the far south-eastern corner of the wetland and focused on sclerophyllous, and fynbos dominated areas, the
graph shows high probability values for Fynbos vegetation as expected. At the western-most point of the transect, there are negligible probability values for
Prionium serratum and Psoralea pinnata, followed by a few hundred meters of high probabilities of peatland occurrence at approximately 500–800 m of the
transect. This abrupt transition may be due to hidden channels and tributaries, leading to spatial plant community shifts over different elevations, water levels,
and peat soils. Field observations support this argument as narrow, hidden channels were observed within the wetland. The presence of Prionium serratum in
random patches reinforces what the graphs suggest: species turnover occurs rapidly, and dominant vegetation zones transition abruptly, indicating spatial
heterogeneity. Transect 2 (Fig. 7b), which occupies similar geographical space as Transect 1 shows the same complex transitions between sclerophyllous
wetland vegetation and Fynbos. This may be due to the two vegetation types having similar structural traits such as growth form and architecture (Sieben,
Mtshali & Janks 2014) which from remote sensing may be difficult to differentiate at medium to coarse scales of 10 m.

Transect 3 (Fig. 7c) and Transect 4 (Fig. 7d) were positioned to cover all four vegetation types but were predominantly situated in large patches of
Sclerophyllous Wetland Vegetation, as noted from field observations. In Transect 3, the graph corroborates this observation, with high probability values for
Sclerophyllous Wetland Vegetation and Fynbos in the western section of the transect. Moreover, the transitions in this transect reveal different patterns along
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the transect length, where there is a gradual shift from high Prionium serratum values to low values for Sclerophyllous Wetland Vegetation, followed by an
abrupt and sharp transition into Psoralea pinnata, before gradually moving back into high probabilities of Sclerophyllous Wetland Vegetation. The graph
shows an almost rippling effect, with an intricate range of sharp changes between Prionium serratum, Sclerophyllous Wetland Vegetation, and Fynbos
occurring between 0-300 m of the transect length. Moderate occurrences of Fynbos are present around 20–400 m, and there is no occurrence of Fynbos
approaching the easternmost point.

Transect 4 shows considerably low probability values for Fynbos, with a sudden surge in occurrence at around the 1500 m mark. Within this transect, there are
greater instances of peatland vegetation, which undergo an abrupt transition into Sclerophyllous Wetland Vegetation for several hundred meters, before
sharply transitioning back into areas of high Fynbos, interspersed with patches of Psoralea pinnata. This occurrence is likely due to the presence of 'sediment
islands' formed between meandering alluvial channels.

The classified map and associated graphs suggest that transitions between and within wetland vegetation, i.e. Prionium serratum and Psoralea pinnata, are
abrupt with high probability values for either vegetation type. This phenomenon is most prominent in the main wetland channel (northern area of the wetland
in Fig. 7), where ecotone pixels occur over several pixels (mixed green and red pixels in Transect 5 and Transect 6). Transect 5 (Fig. 7e) shows an abrupt
transition line from high probabilities of Prionium serratum to higher probabilities of Psoralea pinnata across the length of the transect. At approximately 1500
m, this transitions rapidly from high occurrence of Psoralea pinnata into abrupt high occurrence of Prionium serratum. When another vegetation type such as
the sclerophyllous class intersects (at approximately 100–200 m), a sudden island of sclerophyllous conditions is present, followed by very high probabilities
of Psoralea pinnata. This may indicate that wetland species such as Priounium serratum and Psoralea pinnata are clustering wetland vegetation types, which
often cause monodomination in a system (Gallant 2015) and spatially compete with smaller, finer wetland vegetation species.

Soils in the peatland areas are distinctly different, with a layer of damp, accumulated peat generally forming due to decaying animal and plant matter (Job
2014), which may account for the low probability value of Fynbos vegetation within this transect. Upland Fynbos and terrestrial species may not survive in
these permanently wet and peat conditions. Transect 6 (Fig. 7f), occurring in the same geographical space as Transect 5 shows similar ecotonal conditions
for the peatland vegetation group. Here, the graph shows relatively high probabilities for both peatland vegetation types interchanging across the transect,
with low occurrences of sclerophyllous wetland vegetation. These interchanging inferences may be related to the main channel being deepest in Transect 5,
possibly resulting in higher erosion control, sediment trapping, and increased accumulation of peat than in adjacent areas. Together these transitions help us
understand spatial interactions of wetland plant communities, and we can gain insights into how they contribute to important ecosystem functions such as
silt deposition and soil formation. There are also hidden channels where peatland communities ‘show up’ as patches of peatland plant communities between
sclerophyllous areas. This further highlights the relationship between the hydrological patterns, specifically the flow of the river, and the formation and
changes in these ecosystem functions. For some wetlands, it can be challenging to distinguish where one patch ends and another begins, while for others, it is
more apparent (Holland, Whigham & Gopal 1990). In the case of the Du Toits River wetland, internal ecotones are intricate but distinguishable, as shown by
the probability graphs and the mixed pixels. Prionium serratum and Psoralea pinnata have distinct spectral properties that differentiate them from other
vegetation, enabling a clear distinction between peatland vegetation, sclerophyllous wetland vegetation, and fynbos communities. Holland, Whigham, and
Gopal (1990) refer to these types of transitions as wetland-wetland ecotones, where surficial or diffuse flow transfers across vegetation zones with each zone
dominated by a specific species. This study suggests that ecotonal areas in the wetland may have distinct hydrological and sedimentary properties due to
their varying probabilities of comprising at least two vegetation types. This contrasts with areas with low species diversity that are dominated by one
vegetation community. The different hydrological and sedimentary properties of ecotonal areas may affect the ecosystem services provided by this peatland
system, such as water flow regulation (e.g., storage and flood attenuation), climate regulation (e.g., carbon storage, energy exchange), and water quality
regulation (e.g., retention/removal of excess nutrients or pollutants, and biogeochemical transformations) (Rebelo et al. 2019). Flood attenuation and
sediment trapping (and peat accumulation) properties may be entirely different in peatland vegetated areas, due to the extensive root systems of Prionium
serratum, than in sclerophyllous and Fynbos areas, where smaller and finer plants belonging to these communities may not efficiently attenuate flows or trap
sediment. Therefore, these results highlight the importance of understanding wetland-wetland (i.e. internal) ecotones to ensure the preservation of the valuable
ecosystem services they provide.

As hydrology is recognized as the primary driving force in wetland ecosystems, changes in hydrologic conditions can have significant impacts on both biotic
and abiotic characteristics such as salinity, nutrient availability, soil anaerobiosis, and vegetation composition (Holland, Whigham & Gopal 1990; Tiner 1999).
In this alluvial fan peatland, several factors including flow velocity, flow direction, and the zones of vegetation and their associated ecotones through which it
flows can affect wetland ecological processes. During periods of high flooding, water may move across the ecotones between peatland, sclerophyllous, and
fynbos areas, potentially altering the regulating ecosystem services such as water flow regulation, erosion control, and sediment trapping. To better
understand these distinct properties, in-situ measurements of water flow and quality, sediment, and nutrient levels are necessary to confirm this hypothesis.
Wetland ecotones can also act as important buffers in a landscape by regulating and reducing water flows through the wetland. They can slow down overland
runoff, soak, and store rainwater to replenish the groundwater table, bind soil together, reduce soil erosion, and intercept or trap sediment and silt from land
runoff, thereby filtering and purifying water flowing through the wetland (Richards 2001).

Conclusions
Both RF and SVM with a linear kernel performed well in delineating the distribution of different wetland plant communities in the Du Toits River wetland.
Probability classification map and graphs of ecotones facilitate understanding of the interplay between plant communities, relating to the wetland function.
Results highlight the presence of two distinct types of peatland vegetation, namely Prionium serratum and Psoralea pinnata. Other wetland vegetation, such
as the sclerophyllous group of grasses, ferns, and restios, along with Fynbos vegetation, are mainly found on the outer edge of the wetland, although patches
occur sporadically on 'sediment islands' formed by silt deposition between meandering channels.
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This study demonstrates that this wetland is a complex spatial mosaic of plant communities with distinct properties of species composition, species function
within the wetland and thus sediment trapping resulting in differing soil composition.
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Figures

Figure 1
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Study area of the Du Toit River Wetland (solid black line surrounding the alluvial fan wetland), with the Theewaterskloof Dam situated further south. The black
dot in the map insert shows the wetland location within the Theewaterskloof catchment (displayed as a red outlined polygon) in the Western Cape province of
South Africa.

Figure 2

Three Fynbos Biome vegetation types that occur within the study area namely Hawequas Sandstone Fynbos, Kogelberg Sandstone Fynbos and Elgin Shale
Fynbos. This Fynbos Vegetation Unit Classification is based on the Rebelo et al. 2006 National Vegetation Map for South Africa, Lesotho, and Swaziland. The
data is provided as a shapefile available on the SANBI BGIS website and is the 2018 final version of the National Vegetation Map.
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Figure 3

Samples collected in the field during October 2020 and June 2021 are presented as red dots. Random Sampling points created in ArcMap are represented as
black dots.

Figure 4

Map outputs of the Random Forest classifier for a) winter 2020 composite and b) summer 2020/2021 composite with seven distinct landcover classes.
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Figure 5

Map outputs of the SVM linear classifier for a) winter 2020 composite and b) summer 2020/2021 composite with seven distinct landcover classes.

Figure 6



Page 14/14

Class Probability value map (RGB) for the four distinct vegetation types in the Du Toits River Wetland i.e., Prionium serratum (red), Psoralea pinnata (green),
Sclerophyllous Wetland Vegetation (blue) and Fynbos (medium sand). Transects are outlined by black solid lines.

Figure 7

Probabilistic graphs (right) and associated map transects (left) of probability values for Prionium serratum (red), Psoralea pinnata (green), Sclerophyllous
Wetland Vegetation (blue) and Fynbos (medium sand). For the graphs, class colours coincide with colours of the probability map in Figure 4.2. Values are
binned at 50 m intervals over the 1600 m transect length. Ecotone pixels or ‘mixed pixels’ are displayed as varying saturated pixels within transects.
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