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periods remains challenging owing to uneven availability, varying spatial resolutions, and
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Random Forest Data collection of historical desktop datasets and in-field validation of seven wetland EFG

Remote Sensing types;

Multiple spectral indices derived from the images were combined with topographical variables

and elevation data derived from a Digital Terrain Model, as well as desktop and in-field-

collected data points in a classification algorithm;

Recursive feature elimination was used to select the most informative predictors; and

e The use of a Random Forest machine learning algorithm and recursive feature elimination for
the classifications in GEE.

Changes in EFGs were quantified between 1990 and 2022. The classification algorithm can be used
recursively, while only the input point datasets should be iteratively validated using fine-scale
spatial-resolution data, such as aerial or orthophotos, or in-field validation. The methods
improved the delineation of the seven wetland EFGs compared to other datasets and contributed to
the Red List of Ecosystems (RLE) assessment of the EFGs.

Specifications table.

Subject area Earth and Planetary Sciences
More specific subject area Using Earth Observation methods to determine changes in wetland Ecosystem Functional Groups towards Red Listing of
Ecosystems

Classification approach in mapping wetland Ecosystem Functional Groups and determining these changes over time

Name of your method
[1]. A land use and land cover classification system for use with remote sensor data (Vol. 964). US Government Printing

Name and reference of original

method Office.
Resource availability Google Earth Engine (https://earthengine.google.com/)
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Fig. 1. Location of the Maputaland Coastal Plain (MCP) relative to (a) South Africa, providing (b) an overview of the MCP showing the extent of
wetlands mapped in the National Wetland Map version 5 [5], some key vegetation biomes [6] and main landmarks and towns.
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Background

Cloud computing capabilities developed for Earth Observation (EO) images offer a practical means of tracking the extent and rate of
change in the globe’s most threatened ecosystem type: wetlands. Wetland EFGs are linked wetland ecosystems within the wetland
biome with shared ecological causes and dependencies, resulting in convergent biotic features [2]. These groups simplify complex
wetland ecosystems based on similar vegetation species or communities, allowing for analysis of disturbance responses, resilience to
invasions, and prediction of community shifts due to human-induced changes or climate change. Combining EO imagery, particularly
from the freely available Landsat and Sentinel missions that cover 60 years and more, with machine-learning classification methods
enables multi-decadal tracking of the extent and rate of change that EFGs undergo under shifting climatic and human-driven pressures.
This paper describes a detailed workflow that uses the Random Forest classification algorithm to classify the extent and rate of change
in seven EFGs at a regional scale for the MCP over 32 years, drawing on archival optical and Synthetic Aperture Radar (SAR) data. The
data were analysed in Google Earth Engine (GEE; [3]) and incorporated spectral indices, topographic variables, and
variable-importance selection. The resulting 2022 map was validated against an extensive set of field-collected Global Positioning
System (GPS) points of the six palustrine wetland EFGs collected across the study area, whereas the seventh EFG, lacustrine wetlands,
was modelled at a desktop level. This approach produced more accurate outcomes than comparable extents mapped in other local and
global wetland ecosystem type classification products. Given the workflow's robustness, which draws on cloud computing, machine
learning, an extensive EO archive, and carefully curated input parameters within GEE, the methodology is transferable to other
wetland regions worldwide where floristic types can be distinguished and used for biodiversity reporting and Red Listing of Ecosystems
(RLE).

Method details

The methods below are presented in several subsections: first, the study area description; then, the analytical framework, data
collection procedures, and satellite image pre-processing; the classification and finally, the accuracy evaluation.
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Fig. 2. Overview of the workflow of the wetland Ecosystem Functional Groups classification in GEE, which includes pre-processed image inputs, the
consideration of supplementary datasets to refine the classification, the application of field validation points, and the image classification and
accuracy-assessment methods used in this study. DEM = digital elevation model; MCP = Maputaland Coastal Plain; NDWI = normalised difference
water index; SQRT = square root.
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Description of the study area

The MCP is located in South Africa, on the north-eastern coastal region south of Mozambique (Fig. 1). It covers a total of 8 141 km?
within the range of latitude between 29°13'22.913" S and 26°50'56.266" S and longitude between 31°30'19.69" E and 32°53'27.806" E
in the KwaZulu-Natal Province (see [4] for the full description of the study area and map).

Methodological framework

The approach and workflow (Fig. 2) outline the methodology applied to the detection and quantification of changes in the loca-
tions, rates, and extents of wetland EFG across the MCP. The workflow begins by gathering reference samples to train a Random Forest
classification algorithm for each yearly median composite. Rainfall records were examined, with particular attention to wet years, to
help capture the maximum extent of wetlands. Classifications for 1990 to 2014 relied on Landsat imagery, while the 2018-2022
analyses drew on Sentinel-1 and —2 imagery. Spectral, topographical and textural features, together with elevation data, were then
merged with these images to improve classification performance. A feature-selection step was applied to isolate the most useful
predictors for classifying wetland types, and an accuracy assessment verified the reliability of the resulting classifications. Finally, the
methodology calculates the rate of change in wetland EFGs and pinpoints hotspots of substantial change, alongside projections of likely
future states. Further detail on each of these steps follows in the sections below.

Step 1: Collect reference and in-field validation data for wetland EFGs

Reference sample points representing the wetland EFGs within the MCP were gathered in two stages. The initial stage entailed
assembling all existing mapped and published wetland and terrestrial-class information for the MCP (Table 1). Selected areas and
points from these datasets were considered (Table 2), and used to build regions of interest (ROIs) for classification (Table 3), which was
especially useful for historical years lacking field data.

All points were first reprojected into the South African Albers Equal Area (AEA) coordinate system, using 25°E as the central
meridian and standard parallels at 24°S and 33°S [35]. The second stage centred on field validation, with emphasis placed on areas that
earlier studies had covered less thoroughly. Wetland classes followed the Global Ecosystem Typology (GET) at the EFG level [33], with
'Large macrophytes' appended as an additional class based on earlier EO work demonstrating that this group could be reliably
delineated [34]. In this study area, Large macrophytes comprise wetland vegetation typically taller than 4 m, including bulrush (Typha
capensis), common reed (Phragmites australis), Lowveld reed (Phr. mauritianus), paper reed (Cyperus papyrus), and saw-grass (Cladium
mariscus). Ground data supporting the wetland EFG classification were gathered across three separate field campaigns. The first, held
from 6 to 11 June 2021, concentrated largely on the northern MCP; the second, from 6 to 11 February 2022, targeted the southern
MCP; and the third, from 15 to 19 August 2022, aimed to validate preliminary classifications and focused on the far northern MCP
(Fig. 3). Point locations of the EFGs were captured from homogeneous patches of at least 30 x 30 m using a handheld Garmin 62-s GPS
unit, with a spatial accuracy of 4 m. Each point was logged as a waypoint number and recorded in a datasheet, along with a description
of the dominant EFG present. Across the three campaigns, 551 points were collected in total (Table 3); 371 of these (67%) fell within
the extent of protected areas mapped in the South African National Protected Areas Database [36], and the remaining 180 (33%) lay
outside these. These points fed directly into the 2022 classification, while additional terrestrial classes were sourced from other studies,
as listed in Table 3.

For 1990, 2000, 2006, 2014, 2018, 2020 and 2022, the field data and information drawn from previous studies formed the primary

Table 1

Summary of studies that mapped wetland biomes or ecosystem functional group classes using remote sensing and satellite imagery on the Maputaland
Coastal Plain (MCP), showing the extent of wetlands mapped, the wetland types identified, and whether changes in wetland extent were quantified
over time.

Study Area mapped (km?), with the percentage of the Wetland types classified Change detection of
extent relative to the MCP in brackets (%) wetland extent and type
Bessinger et al. [7] 3871 km (5.7) Lacustrine wetlands, intertidal forests and No
shrublands, and Herbaceous coastal wetlands
Dlamini et al. [8] ~134 (1.6) Lacustrine and grouped palustrine wetlands Yes, between 1997 and
2017
Grundling et al. ~943 (11.6) Lacustrine, Wetlands (Sedge/moist grassland), Yes, 1992 and 2008
[9] Swamp forests
Liick-Vogel et al. 305 (3.7) Mangroves, Open water, Reed-sedge, Swamp forests ~ No
[10]
Ramjeawon et al. 2587 (31.8) Lacustrine and grouped palustrine wetlands Yes, between 1986 and
[11] 2019
Slagter et al. [12] 1400 (17) High-vegetated, Low-vegetated, Medium-vegetated No
Van Deventer 1753 (21.5) Six forested wetland species No
etal. [13]
Van Deventer 1753 (21.5) Large macrophytes, Mangrove ferns, Mangrove No
etal. [14] forests, Seasonal wetlands
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Inventory of data used in the Earth Observation (EO) classification of wetland Ecosystem Functional Groups (EFGs) in the Maputaland Coastal Plain
(MCP). GTI = Geo Terra Image; ROIs = Regions of interest.

Title of study

Description of the data used

How the data was prepared for use in the
EO classification

Source

Vegetation classification and description of
five wetland systems and their
respective zones on the MCP.

Analysis of three decades of land cover
changes in the MCP, South Africa.
Assessing subtropical forest fragmentation

for DukuDuku forest.

Conservation conundrum - Red listing of
subtropical-temperate coastal forested
wetlands of South Africa.

Distribution and long-term historic impact
of small-scale subsistence farming on
wetlands in the MCP, KwaZulu-Natal,
South Africa.

Forest and woodland expansion into
forestry plantations informs screening
for native agroforestry species, MCP,
South Africa.

National Peatlands Database.

National Wetland Vegetation Database
(NWVD).

Satellite-imagery-based classification of
near-natural and used wetlands in a
subtropical region. A case study on the
impact of subsistence farming on the
MCP, South Africa

South African National Land Cover (1990,
2013/14, 2018, 2020).

Subsistence farming and conservation
constraints in coastal peat swamp
forests of the Kosi Bay Lake system,
MCP, South Africa.

The Vegetation Ecology of the Mfabeni Peat
Swamp, St Lucia, KwaZulu-Natal.

Vegetation map of South Africa, Lesotho
and Swaziland.

Point and polygon dataset of floristic
sample points (relevés) with vegetation
descriptions that include large
macrophytes, seasonal and permanent
marshes and swamp forests in the Muzi
swamp system.

Raster dataset of predicted extent of the
timber plantations in northern MCP.

A point dataset containing sample sites of
terrestrial forest species, with some related
to freshwater ecosystems.

Polygon data with digitised terrestrial and
forested wetland extents covering the
whole MCP.

A dataset containing the locations of
historically degraded wetlands in the MCP
(relic gardens).

Dataset with points with descriptions of
terrestrial forests/ woodland and timber
plantations.

Ground sampled points of locations of
peatlands around South Africa.

A point data set containing a floristic
sampling of vegetation clusters at wetland
points in South Africa.

Polygon data containing marsh and swamp
forests (Ficus and Raphia spp.), and for
terrestrial classes, forests, thicket and
shrub, grassland, water, and bare sand.
Transformed classes were built up, timber
plantations and subsistence cropland.

A 20-m spatial resolution raster dataset
containing most of the upland classes such
as built-up areas, grasslands and
shrublands.

In-field data of floristic sampling of forested
wetlands containing a classification of
swamp forests as pristine, recently
disturbed, old disturbed or active
gardening in the Kosi Bay Forest Reserve.
Polygon data containing descriptions of,
marsh wetlands, and forested wetlands.

Polygon dataset including lacustrine and
upland vegetation classes.

Used to inform points for marsh wetlands,
large macrophytes and subtropical-
temperate forested wetlands.

Used to inform points for the selection of
timber plantations.

Some points were selected for classifying
terrestrial forests (coastal forests). A few
points of Bridelia micrantha could not be
revisited during fieldwork to validate their
extent relative to the Landsat and Sentinel-
2 pixels.

Used to select ROIs of subtropical-
temperate forested wetlands and terrestrial
forests.

Used to select cultivated wetland and relic
garden points.

Used to select ROI points for timber
plantations and terrestrial forests.

Data were corrected and some points were
used to inform areas of forested wetlands,
marshes and large macrophytes wetland
EFGs.

Points identified with high confidence were
used directly in the classification, while
other points informed the ROIs.

Used to select points for cultivated
wetlands, subtropical-temperate and
upland classes.

To mask out transformed land cover classes,
such as commercial farms and mining.

Used to inform ROIs in the classification of
subtropical-temperate forested wetlands
and cultivated wetlands.

Used to select subtropical-temperate
forested wetland classes, large
macrophytes, and marsh wetlands ROIs.
Used to inform ROIs of upland classes.

Pretorius [15]

Ramjaewon et al.
[11]
Cho et al. [16,17]

Van Deventer et al.
[18]

Arndt [19]

Starke et al. [20]

Grundling et al.
[21]

Sieben et al. [22]

Riedel [23]

GTI [24-27]

Grobler et al., [28]

Venter [29]

Mucina and
Rutherford [30];
Dayaram et al. [6]

ROIs; these were, however, cross-checked as far as possible against imagery available in Google Earth Pro [37], which helped confirm
that the ROIs still matched the landscape as it had changed over time.

Areas within historical imagery that showed no change over time were designated as reference points (Table 4). Where points fell
within areas that had since been converted to other land use/land cover classes, they were either shifted to the location the wetland or
land-cover type had moved to or discarded where the original wetland location could not be confirmed with confidence. This
assessment drew on high-resolution historical imagery for 1990, 2000, 2006, 2014, 2018, 2020 and 2022 from Google Earth Pro [37]
images (version 7.3.3.7786, covering 1985-2022) ranging between 15 cm — 15 m spatial resolution, and South African orthophotos at
50 cm spatial resolution.
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Table 3
Number of field-collected points of wetland Ecosystem Functional Groups (EFGs) for each fieldwork campaign in the Maputaland Coastal Plain.
Wetland EFG name Description Number of Number of Number of Reference of the
and other wetland- points in June  points in points in description
related classes 2021 February 2022 August 2022
Burnt wetland Desiccated peatlands with visible burn scars. 11 6 2 Grundling et al. [21]
Coastal saltmarshes Rooted vegetation, mainly succulent chenopods 0 27 3 Adams [1]; Adams
found near river mouths, bays, coastal plains, and etal. [31];
lagoons. Key species include Atriplex patula (Spear Liick-Vogel et al. [10]

Saltbush / Common Orache), Salicornia meyeriana
(Marsh Sampbhire), Sarcocornia natalensis, and Juncus
kraussii (Dune Slack Rush), dominate these tidal

systems.
Cultivated wetlands A mosaic of subsistent vegetable gardens and fruit 10 16 4 Grobler [32]; Grobler
crops ranging from crops used for subsistence et al. [28]

farming (amadumbes, cassava, maize, spinach,
sugarcane, sweet potatoes, and pumpkins) to
commercial farming (e.g., bananas.
Intertidal forests and The intertidal forests and shrublands are salt-tolerant 0 32 1 Keith et al. [33]
shrublands trees, shrubs, and other plants growing in brackish to
saline tidal waters. These are mostly dominated by
mangrove species.

Lacustrine wetlands Wetlands that are predominantly permanently 0 7 4 Keith et al. [33]
inundated, open water bodies.

Large macrophytes All reeds and sedges are taller than 1.5 m, including 22 83 4 Van Deventer et al.
predominantly Cyperus papyrus, Phragmites australis, [34]
and Typha capensis.

Marshes Permanent and seasonal freshwater marshes or 15 62 0 Keith et al. [33];
marshlands, dominated by emergent macrophytes, Sieben et al. [22]

aerenchymatous stems and leaf tissues enable
oxygen transport to roots and long rhizomes and into
the substrate.
Subtropical temperate  Forested wetlands consist of swamp, riverine, and 28 205 9 Van Deventer et al.
forested wetlands floodplain forests. Barringtonia racemose (powderpuff [18]
tree), Bridelia micrantha (coastal golden-leaf),
Casearia glandiformis (sword-leaf), Cassipourea
gummiflua (Large-leaved Onionwood), Ficus sur
(Broom Cluster Fig), Ficus trichopoda (Swamp Fig)
are some of the key species.
Total 86 438 27

Step 2: Use rainfall data to identify suitable years for assessing changes in wetland EFGs

Because the maximum extent of all wetland EFGs is best captured during the wet season, this study concentrated on wet-season
conditions when quantifying change. Given the sparse coverage of ground-based weather stations across the MCP, rainfall records
were instead sourced from the Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS [38]). Peak rainfall months
were identified, with particular attention to the high-rainfall period from September to February in each composite year (Fig. 4B).
Certain above-average rainfall years (e.g., 1981 and 1984; Fig. 4A) had to be excluded or adjusted because cloud cover and other
image-quality issues affected the composites for those periods. Conversely, several below-average rainfall years, including 1990, 2014,
2018 and 2020, were retained because they coincide with years used in South Africa's National Land Cover products ([24-26]; 2020),
which are routinely applied in ecosystem change detection and reporting for the National Biodiversity Assessments (e.g., Skowno et al.
[36]). The seven years ultimately used to quantify change were therefore 1990, 2000, 2006, 2014, 2018, 2020, and 2022.

Step 3: Select and pre-process satellite data

Pre-process Landsat images

Landsat surface reflectance datasets from the Tier 1 collection in GEE [3] were used to generate image composites for 1990, 2014,
and 2018 from Landsat 5, 7, and 8 images for the MCP (Fig. 5). To ensure consistency, all band names were renamed to match the
bands of Landsat-8 OLI. This study used only bands common to all Landsat datasets to ensure consistency across years. The Landsat
surface reflectance datasets in GEE provide calibrated surface reflectance (SR) values corrected for atmospheric effects. Additional
pre-processing steps were undertaken on the Landsat surface reflectance collection in GEE for the years 1990, 2000, 2006 and 2014,
using the following pre-processing steps:

e Images with < 10% cloud cover were selected from the Landsat collection of images available in GEE;
e Cloudy pixels were then masked using the quality assessment (QA) bands bitmasks provided in the Landsat metadata;
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Fig. 3. Spatial distribution of the field points gathered in June 2021, February 2022 and August 2022, shown together with the Maputaland Coastal
Plain boundary [18] and the South African National Protected Areas Database (SAPAD; [36]).

e The median reflectance values of the selected images were used to generate composites for the wet season of each of the seven

years; and
e Finally, all the bands were scaled to reflectance values using band-dependent scaling factors available in the GEE documentation.

Imagery for 1985-1990 was too sparse and too cloud-affected to meet this study's 10% cloud-cover threshold (Fig. 5), and these
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Table 4

Number of regions of interest (ROISs) selected between 1990 and 2022 for each of the wetland Ecosystem Functional Groups (EFGs) used by Keith et al.
[33] and Van Deventer et al. [18]. Coding for the EFGs including F= Freshwater; MFT = Marine-Freshwater-Terrestrial; SANLC = South African
National Land Cover; TF = Terrestrial-Freshwater realm.

Wetland EFG and Description No. of No. of No. of No. of No. of No. of No. of
other classes ROIs ROIs ROIs ROIs ROIs ROIs ROIs
1990 2000 2006 2014 2018 2020 2022
Wetland EFGs
Coastal Saltmarshes Coastal saltmarshes comprise rooted vegetation, 366 421 349 366 358 366 367
(MFT1.3) mainly succulent chenopods found near river
mouths, bays, coastal plains, and lagoons.
Intertidal forests and The Intertidal forests and shrublands are salt- 938 890 879 938 938 938 939
shrublands tolerant trees, shrubs, and other plants growing in
(MFT1.2) brackish to saline tidal waters. These are mostly
dominated by mangrove species.
Lacustrine wetlands Open water bodies, including large lakes and river =~ 581 359 554 538 512 348 575
(F1 and F2) channels.
Large macrophytes All reeds and sedges are taller than 1.5 m, 2951 1574 2360 2613 2608 2851 2951
(TE.8) including predominantly Cyperus papyrus,
Phragmites australis, and Typha capensis. Added to
the classification due to abundance and
separability as the 8th class in the TF realm.
Seasonal and Permanent and seasonal freshwater marshes or 1042 1112 957 1112 1133 1106 1043
permanent marshlands, dominated by emergent macrophytes,
marshes (TF1.3 aerenchymatous stems, and leaf tissues enable
and TF1.4) oxygen transport to roots and long rhizomes and
into the substrate.
Subtropical - Forested wetlands consist of swamp, riverine, and 917 941 941 941 905 938 917
temperate floodplain forests.
forested wetlands
(TF1.2)
Terrestrial ecosystem types
Bare land Dryland consists of sand or soil with no vegetation 922 201 543 676 526 1019 922
cover.
Beach Coastal landforms alongside seawater consist of 785 777 758 798 784 796 784
loose particles, typically made from rock, such as
sand, gravel, and pebbles.
Coastal forests Lowland terrestrial forests along the Indian Coastal 1 967 1821 2 054 2156 1841 2156 1967
Belt, including species such as the Flat-crown
(Albizia adianthifolia), coastal golden leaf (Bridelia
micrantha), red beech (Protorhus longifolia), forest
mahogany (Trichilia dregeana) and forest fever-
berry (Croton sylvaticus).
Dune forests A rich vegetation community comprising a variety 736 593 593 593 593 593 580
of trees, shrubs, and herbaceous plants, many of
which have adapted to the sandy, nutrient-poor
soils [6].
Sand forests Subtropical forest regions with unique restrictions 780 331 331 331 331 331 305
on ancient coastal dunes.
Shrubs Small-to-medium-sized woody plants. 690 751 741 752 707 707 690
Terrestrial grasses Large open areas of dry grass. 963 812 963 974 974 955 963
Anthropogenically transformed land use/land cover classes
Built-up Areas dominated by human-made structures, such 870 1718 629 790 887 887 784
as buildings and roads.
Burnt peatland Peatland areas that have experienced fire events, 142 0 0 82 82 106 142
with visible burn scars.
Cleared land Areas where vegetation and other obstacles have 736 262 316 344 599 706 736
been removed, typically for construction or
agricultural purposes, leaving soil exposed.
Commercial farms Large-scale farming operations focused on the 780 676 738 761 780 780 780
production of crops, mainly maize, sugarcane and
pineapple stands.
Cultivated wetlands A mosaic of subsistence vegetable gardens and 492 63 79 395 472 492 492

fruit crops ranging from crops used for subsistence
farming (amadumbes, cassava, maize, spinach,
sugarcane, sweet potatoes, and pumpkins) to
commercial farming.

(continued on next page)
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Table 4 (continued)

Wetland EFG and Description No. of No. of No. of No. of No. of No. of No. of
other classes ROIs ROIs ROIs ROIs ROIs ROIs ROIs
1990 2000 2006 2014 2018 2020 2022
Relic gardens Historical wetland gardens are often associated 256 256 245 257 256 256 257
with indigenous cultivation practices.
Timber plantations Large-scale timber plantations. This includes both 3 701 1355 1570 974 256 3099 963
commercial and subsistence timber plantations.
Total 20 615 14 913 15 600 16 391 1542 19 430 17 157
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Fig. 4. Rainfall in the Maputaland Coastal Plain, with (a) average precipitation data between 1981 and 2022 from the Climate Hazards Group
InfraRed Precipitation with Station data (CHIRPS; [38]), where the black line indicates the average rainfall across this period; and (b) average
rainfall for each month between 1981 and 2022 derived from the CHIRPS data.

years were therefore excluded from the classification. To address possible data gaps arising from the Landsat 7 Scan Line Corrector
(SLC) failure affecting scenes acquired after May 2003, a median composite combining overlapping Landsat 5 TM and Landsat 7 ETM+
scenes was used; wherever the two sensors overlapped, this approach filled the SLC-off gaps and produced full coverage of the study
area.
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Fig. 5. Availability of Landsat data between 1985 and 2024 in GEE for the Maputaland Coastal Plain.

Pre-process Sentinel-1 and —2 images

Sentinel-1 is a European Space Agency (ESA) C-band synthetic aperture radar (SAR) mission pair operating primarily in inter-
ferometric wide-swath (IW) mode with a nominal six-day revisit. Following the loss of Sentinel-1B in December 2021, only Sentinel-1A
remained operational, extending the revisit interval to 12 days. Dual-polarimetric (VV and VH) ground-range detected (GRD) scenes,
calibrated and orthorectified at 10-40 m spatial resolution, are available in GEE. Pre-processing of the Sentinel-1 data followed the
approach of Mullissa et al. [39], covering scene selection, noise correction, speckle filtering and terrain normalization.

Sentinel-2, on the other hand, is a two-satellite constellation (S2A and S2B) operated by ESA, offering a 90 km swath width [40]. Its
12 spectral bands are delivered at 10 m, 20 m and 60 m resolution. This study used GEE's Level-2A Sentinel-2 surface reflectance
product, atmospherically corrected with the Sen2Cor v2.11 algorithm and default location-based parameters [41,42]. Sen2Cor derives
surface reflectance from scene metadata and auxiliary information, such as atmospheric profiles and aerosol optical thickness [42].
Pixels affected by cloud or cloud shadow were removed using the built-in QA60 band, and scenes were additionally filtered to retain
only those with 10% cloud cover or less.
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Fig. 6. The number of images and sensors used for each composite year between 1990 and 2022.
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Within GEE, the Sentinel-1 and Sentinel-2 scenes were merged into composites, combining bands from both datasets at a common
10 m spatial resolution. The number of images contributing to each composite year is shown in Fig. 6.

Step 4: Calculate spectral indices and other datasets to enhance variable importance selection and classification accuracies

Elevation, vegetation, and water-related datasets were derived to supplement the landscape information available for wetland
mapping (Table 5). Elevation data, used to assess the likely direction of water flow and accumulation, are important predictors of
wetland distribution and function [43] and were used in GEE to derive elevation, slope, and aspect layers. Vegetation indices helped
distinguish the different vegetation types that characterise wetland ecosystems. Water indices, which are central to characterizing
wetlands [44] were included to capture the extent of open water and soil moisture. Topographic indices, including the topographic
wetness index (TWI) and topographic position index (TPI), provided additional information on landforms and the movement of water
across the landscape [45,46]. Texture indices were also derived to capture spatial patterns and variation in surface materials, aiding
differentiation between wetland types. These texture indices required a simulated grayscale panchromatic band for both the Landsat
and Sentinel-2 imagery, computed as a linear combination of the green, near-infrared (NIR), and red bands using Equations 1 and 2.

Equation 1: Simulated panchromatic band from Sentinel-2 bands

PAN_S2 = (0.3 x NIR) + (0.59 x red) + (0.11 x green)
Equation 2: Simulated panchromatic band from Landsat-5 bands
PAN_L = (0.52 x NIR) + (0.23 x red) + (0.25 x green)

Here, PAN_S2 denotes the panchromatic image derived from Sentinel-2, PAN_L the equivalent derived from Landsat, and the
coefficients reflect the weighting of each band's contribution [55]. A Principal Component Analysis (PCA) was then run on the 36
Gray-Level Co-Occurrence Matrix (GLCM) texture features generated from these panchromatic bands for the respective Landsat and
Sentinel-2 sensors, retaining only the first three Principal Components, which together explained 90-95% of the variance. Before
classification, feature selection and optimization were performed using the recursive feature elimination (RFE) algorithm [56] in R
(version 2023.03.1; R Team, 2023), with the 'caret' package [57]. RFE automatically identifies the most influential variables (the top
20, in this case) within a dataset and was run here with cross-validation.

Step 5: Classify wetland EFGs

Wetland EFG types were classified in GEE using the Random Forest classification algorithm [58], an ensemble method that
combines many decision trees to increase classification accuracy and robustness. The number of trees was set to 1000, and mtry was left
at its default (the square root of the number of predictor variables). Training data were split randomly into 70% for model training and
30% for testing. Raster outputs were generated at 30 m spatial resolution for the years 1990, 2000, 2006 and 2014, and at 10 m spatial
resolution for 2018, 2020 and 2022. A confusion matrix was used to compute overall, user and producer accuracy [59].

Table 5
Spectral and radar indices that were included in the classification of wetland Ecosystem Functional Groups (EFGs). NIR = near-infrared;
SWIR = Shortwave infrared.

Spectral index Equation Wetland EFG property enhanced
Difference Vegetation Index (DVI); Tucker [47] DVI = NIR — Red Soil Moisture
Enhanced Vegetation Index (EVI) [48,49]) (NIR — Red) Chlorophyll
EVI =25 x
(NIR+ (6 x Red —7.5 x Blue) +1
Green Difference Vegetation Index (GDVI); Tucker et al. [50] GDVI = NIR — Green Chlorophyll and nitrogen
Green Normalized Difference Vegetation Index (GNDVI); (NIR — Green) Chlorophyll
Gitelson et al. [51] SNDVI = (NIR T Green)
Green Soil Adjusted Vegetation Index (GSAVI); Mahdianpari gSAVI — (NIR — Green) o Chlorophyll
et al. [44] (NIR + Green)
Modified Normalised Difference Water Index (MNDWI) [46] MNDWI — (Green — SWIR) Leaf water content
(Green + SWIR)
Modified Soil Adjusted Vegetation Index (MSAVI); Qi et al. [52] MSAVI = Chlorophyll
2NIR +1 — 1/(2NIR + 1)* — 8(NIR — RED)
2
Normalised Difference Vegetation Index (NDVI); Tucker [47] NDVI — (NIR — Red) Chlorophyll
(NIR + Red)
Normalised Difference Water Index (NDWI) [53] NDWI — (RNIR — RSWIR) Leaf water content
(RNIR + RSWIR)
Optimised Soil Adjusted Vegetation Index (OSAVI) [54] OSAVI — (NIR — Green) Chlorophyll and leaf area index
(NIR + Red) + 0.16
Red Edge Normalized Difference Vegetation Index (NDVIre) (NIR — Red Edge) Chlorophyll, leaf area/biomass and

NDVIre = ——————°=
[51] Vire (NIR + Red Edge) nitrogen

Sentinel-1 ratio [12] Vegetation structure and vegetation

Sratio = w
~VH inundation
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Step 6: Classify seasonal and permanent marshes

Because Seasonal and Permanent marshes share similar spectral and radar backscatter signatures during wet periods, when both
are saturated, these two classes were initially treated as a single combined marsh class. This combined class was later separated from
the broader classification for each composite. For each composite year, the normalised difference water index (NDWI; [53,60]) was
tracked across the full composite period, monthly where possible, and at three-month intervals for 1990 and 2000, given the limited
availability of monthly imagery in those years. NDWI serves as a proxy for wetland inundation: dry conditions typically correspond to
NDWI values below —0.3, while values above —0.2 indicate saturation or inundation [61]. Variation in NDWI across a wetland area
over time therefore indicates how frequently that area experiences standing water. Based on this NDWI-derived water-occurrence
frequency for each year, marshes were classified as follows:

e Permanent marshes: inundated for >80% of the year [12].
e Seasonal marshes: inundated between 20% and 80% of the year [12].
e Ephemeral marshes: inundated for 20% or less of the year.

Step 7: Calculate the extent of changes in wetland EFGs

To quantify the extent of each wetland EFG classification, all maps were reprojected to South Africa's AEA coordinate system. The
area occupied by each EFG was then calculated in km?, along with the proportion each EFG represented relative to the overall MCP
area. Results are reported both as the absolute extent of each wetland EFG and as a percentage of the total MCP extent.

Step 8: Determine areas where wetland transitions took place and hotspot areas of change

A change matrix was used to identify transitions between aquatic and terrestrial classes, estuarine and freshwater classes, and the
loss of forested wetland to Large macrophytes or marsh, as well as wetlands that remained stable and changes attributable to spectral
confusion. This analysis was carried out in ArcGIS Pro 3.0 [62] using the Compute Change Raster tool with the categorical difference
parameter.

Step 9: Calculate rates of change in EFGs

The rate of change for each class was calculated via Equation 3 [63].
Equation 3: Rate of change [63]:

r = 1 ><lng
C\2-t1 al

In this equation, r is the average rate of change and In denotes the natural logarithm. This formulation captures how much a
quantity grows or declines between an initial value al at time t1 and a final value a2 at time t2.

Step 10: Calculate absolute rate of decline

The absolute rate of decline (ARD) was calculated for each wetland EFG to project the year at which the ecosystem would reach
100% decline [64], following Equation 4.
Equation 4: Absolute rate of decline [64]:

Area (t2) — Area (t1)

ARD =
RD t2 — tl

Area (t2) and Area (t1) are the measured areas at the initial and final time steps, respectively. The ARD was projected over a 50-
year window, from 2000 to 2050. The year 2000 was chosen as the baseline for classifying wetland EFGs in the MCP because it
represents a meaningful benchmark for recent ecological conditions [18]: it followed the highest rainfall recorded in KwaZulu-Natal
Province in eight decades, driven by the extensive flooding associated with Cyclone Eline [65]. The wetland extent recorded after this
extreme event closely reflected the wetlands' natural state in recent times, making 2000 a dependable reference point for tracking
subsequent change [66;18].

Step 11: Accuracy assessment and method validation
The success of the method was evaluated and tested in three ways: a statistical accuracy assessment based on held-out reference
points, a spatial comparison against fine-scale, ground-validated maps in selected regions of the MCP, and a comparison of this study's

user accuracies against other published wetland datasets covering the MCP.

Statistical accuracy assessment
For each classification year, the field and ancillary reference points were split randomly, with 70% used to train the classifier and

12
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30% withheld to build a confusion matrix in Google Earth Engine using the ee.ConfusionMatrix() function. Three metrics were
calculated from each matrix: overall accuracy, user's accuracy, and producer's accuracy.

The overall accuracy of a classification provides a general measure of how well the classification process performed in correctly
identifying different wetland EFGs [59]. It is the percentage of correctly classified pixels in relation to the total number of pixels
(Equation 5).

Equation 5: Overall Accuracy (OA)

Sum of major diagonal
Sum of total correct pixels

OA = x100

The user’s accuracy, also known as the error of commission, indicates the likelihood that a pixel classified into a certain category
represents that category on the ground EFGs (Equation 6; [59]). Users who rely on the classification must understand the probability
that a given area is correctly identified as a wetland EFG.

Equation 6: User accuracy (UA)

Total number of correct pixels in a category
row total

UA =

The producer’s accuracy, or the error of omission, reflects the probability of a certain ground truth category being correctly
classified as an EFG (Equation 7; [59]). This metric is important because producers of the classification need to measure how well the
classification algorithm has performed on individual wetland classes mapped.

Equation 7: Producer accuracy (PA)

Total number of corect pixels in a category

PA =
column total

Spatial comparison against fine-scale, ground-validated maps

The classified outputs were compared to two maps that were independent of this study's training data, both produced through
ground-validated heads-up digitisation at a spatial resolution considerably finer than the Landsat or Sentinel classifications. The first
compared this study's 2006 Landsat classification to Venter [29], who digitised wetland EFGs in the uMfabeni Peatland in the MCP
from a mosaic of colour aerial photography at 23 cm spatial resolution using ground-validated heads-up digitisation. Raster outputs for
the uMfabeni Peatland were converted to polygons and overlaid with Venter's [29] polygons for the Large macrophytes, Marsh
wetlands, and Subtropical-temperate forested wetlands classes, and the area (km?) mapped by each dataset was compared to calculate
a percentage agreement per class. The second compared this study's 2018 classification, produced from Sentinel-1 and Sentinel-2
imagery, to the estuarine wetland EFG map of Adams et al. [67], who mapped coastal saltmarshes and intertidal forests and shrub-
lands along the estuarine functional zone of the MCP using heads-up digitisation of Google Earth Pro [37] imagery and aerial pho-
tographs spanning 2008 to 2018. The same overlay and percentage-agreement procedure was applied to these two classes.

Comparison against other published wetland datasets

User's accuracies from this study's Landsat classifications (1990, 2000, 2006 and 2014) were compared with those reported for the
same wetland EFGs by three other datasets covering the MCP or a wider area: the South African National Land Cover of 2014
(SANLC2014), the South African coastal ecosystem map of Bessinger et al. [7], and the Global Annual Wetland Dataset [68]. We also
compared against the continental African wetland dataset of Li et al. [69], which used Landsat imagery and a random forest classifier,
closely matching this study's approach for direct comparison.

The method presented here was applied to support the RLE and the associated rate-of-change assessment in Van Deventer et al. [4].
Relative to other datasets that also mapped some or all of the six wetland EFGs, this method produced a more accurate mapping of the
extent of all six EFGs than fine-scale, in-field delineation carried out by botanists (see the Discussion and Supplementary Information in
[4,29]). While the workflow and GEE environment could reasonably be extended to other study areas, its success here owes much to
the thorough desktop and, in particular, field data collection, which was carefully designed to capture change over time. The time and
cost invested in validation, therefore, contribute substantially to the representativeness and accuracy of the outputs.

Limitations

The limited availability of historical Landsat data constrained the temporal scope of this analysis and may have limited a fuller
assessment of long-term EFG trends. Imagery from the 1980s was scarce and largely too cloud-affected to allow whole-study-area
composites to be generated. The relatively coarse spatial resolution of the older imagery can also lead to overestimation of the
extent of EFGs that are narrow or small: where a wetland covers >60% of a pixel, the entire pixel is assigned to that class, which can
inflate extent estimates in years relying on Landsat imagery relative to years using Sentinel data. Further work is needed to quantify the
error associated with the Landsat-based years and to assess whether this error could be corrected retrospectively for red list assess-
ments of these ecosystems.

In addition, the sparse coverage of the South African Weather Service's rainfall gauges across the study area made it necessary to
rely on CHIRPS data, which, although useful, may not fully reflect local rainfall patterns. Future work could focus on areas experi-
encing substantial anthropogenic change to characterise the degree of degradation.
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