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Abstract  This study evaluates the feasibility of 
using medium-resolution satellite sensors to monitor 
changes in the extent of ecosystem functional groups 
(EFGs) in South African estuaries, for reporting on 
the 2030 targets of the Global Biodiversity Frame-
work  (GBF). Landsat and Sentinel-1 and -2 image 
collections in Google Earth Engine (GEE) were used 
to generate output layers for each of the national land 
cover years—1990, 2014, 2018 and 2020. Image 
composites of each year’s two growth seasons and 
one dry season, vegetation indices and topographic 
data were generated. Changes in the extent and accu-
racies of three estuarine (mangroves, salt marshes and 

submerged macrophytes) and three freshwater (for-
ested wetlands, freshwater marshes and large mac-
rophytes) EFGs were calculated and compared to a 
manually mapped through image interpretation, high-
confidence layer. Overall, estuarine EFGs comprised 
between 10 and 18% of the extent of the EFGs, while 
freshwater EFGs made up 15% of the extent of estu-
aries. The overall accuracies of detection of EFGs for 
1990 were < 64% compared to the > 71% attained for 
2014, 2018 and 2020. In comparison to manual delin-
eations of some of these habitats, the outputs gener-
ated from these medium-resolution sensors resulted 
in overestimation of extent for all EFGs; for man-
groves by 115% and for salt marshes and submerged 
macrophytes by 150–230%. Finer spatial resolution 
images, and time-series mapping would be critical for Supplementary Information  The online version 
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improved delineation and monitoring of South Afri-
ca’s estuarine habitats.

Keywords  Blue carbon ecosystems · Estuarine 
habitats · Mangroves · Salt marshes · Seagrasses · 
Submerged macrophytes

Introduction

Detecting changes in the extent of estuarine habitats 
is a requirement for reporting to Target 1 of Goal A 
(ecosystems) of the GBF by 2030 (CBD 2022). The 
global ecosystem types (Keith et al. 2022) define sev-
eral EFG for estuaries, including mangroves (MFT1.2 
Intertidal forests and shrubland), salt marshes 
(MFT1.3 Coastal salt marshes and reedbeds), and 
seagrasses or other submerged macrophytes (M1.1 
Seagrass meadows). Several datasets have generated 
extents of estuarine EFGs and vegetation, habitat and/
or land cover types at a global scale using remote 
sensing image classification. These include the extent 
of deltas (Tessler et  al. 2015), mangroves (Spalding 
et al. 2010; Giri et al. 2011; Worthington et al. 2020), 
seagrasses (Green and Short 2003; Short et al. 2007) 
and salt marshes (Allen Coral Atlas 2020). Mangrove 
extent has also been updated for the Global Mangrove 
Watch, including the years 1996, 2007, 2008, 2009, 
2010, 2015, 2016 and 2020 (Bunting et  al. 2022). 
The Global Mangrove Watch datasets provide an 
overview of changes in the extent of mangroves for 
parts of the world, and is considered an informative 
monitoring system by the Global Mangrove Alliance 
(https://​www.​mangr​oveal​liance.​org/).

Global datasets have not assessed the changes 
in the extent of salt marshes and submerged mac-
rophytes or the degree of representation or change 
in the extent of these EFGs in finer scale studies. A 
visual comparison between the most recent datasets 
and the habitats mapped for South African estuaries 
(Adams et  al. 2016, 2019), showed that the extent 
of mangroves varies between the Global Mangrove 
Watch and South African data; an overrepresentation 
of the extent of seagrasses in Short et al. (2007) and 
an under-estimation of more than half of the extent of 
salt marshes in three global datasets (Mcowen et  al. 
2017; Allen Coral Atlas 2020; Worthington et  al. 
2023) (Supplementary Information I).

In South Africa, estuarine EFGs have been mapped 
for some estuaries by ecologists using manual map-
ping methods such as photo interpretation, heads-up 
digitising, and vegetation surveys, with or without 
field surveys, (Adams et  al. 2016, 2019) which has 
resulted in a total of 267 classes across 17 groups 
(Supplementary Information II). This approach is less 
desirable for monitoring over time as it can be time-
consuming, slow, and ultimately costly. Countries are 
faced with the challenge of reconsidering the appro-
priate collection of automated tools in a monitoring 
framework for ecosystems.

Remote sensing image classification presents an 
alternative to manual, heads-up digitising, for a con-
sistent approach in mapping and monitoring estua-
rine EFGs over time. Several studies have illustrated 
the separability of habitat types across estuarine and 
freshwater ecosystems both globally and in South 
Africa. The sensitivity, accuracy, and cost of images 
from the sensors across various platforms differ. For 
example, freely available space-borne sensors of the 
Landsat series of the United States Geology Survey 
(USGS) offer 30  m spatial resolution images every 
two weeks but are prone to cloud cover and may not 
be able to detect narrow extents of habitats and trans-
formed classes. The Sentinel-1 radar and Sentinel-2 
optical images of the European Space Agency are 
also freely available space-borne sensors, but the spa-
tial resolution of bands can be resampled to a 10-m 
spatial resolution, and images for South Africa are 
available approximately every five days. These sen-
sors are often referred to as medium spatial resolu-
tion, space-borne sensors (Reuter 2011; SEOS 2024).

Images with higher spatial resolutions < 10  m, 
referred to as fine-scale resolution images (Lillesand 
et al. 2015; Satellites in Global Development no date 
a; Satellite Imaging Corporation no date b, 2005; 
Ustin and Middleton 2021), include two subtypes: 
(i) those with bands in the red-edge region, that are 
ideal for vegetation mapping (e.g., WorldView [WV] 
and RapidEye sensors); and (ii) those with traditional 
bands (red, green, blue and near infrared; or R, G, 
B and NIR, respectively) but none in the red-edge 
region (e.g., the Satellite pour l’Observation de la 
Terre or SPOT). These high spatial resolution sensors 
and images are, however, costly to purchase and rarely 
used for extensive monitoring at a country-wide scale 
(Ustin and Middleton 2021). The use of these images 
should be selected for particular estuaries, where 

https://www.mangrovealliance.org/
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habitats or vegetation types are narrow or small in 
extent, and higher spatial resolution images therefore 
deemed critical or necessary for mapping.

Remote sensing image classification could poten-
tially provide an ideal tool for time-series analysis, 
that could offer a more consistent approach to the 
classification of habitat extent across a variety of 
scales, compared to manual heads-up digitising by 
individuals. The tools and metrics offered within 
several remote sensing software packages, speeds 
up the identification of geographic areas of change, 
and the quantification of extent and types of changes 
compared to manual mapping of these habitats (e.g. 
Bunting et al. 2022). Yet, at the same time, aerial and 
orthophotograph interpretation may serve as excel-
lent benchmarks to validate the remote sensing image 
classification outputs against. However, these data do 
not always exist and may be costly to generate. Out-
puts from the remote sensing classification of estua-
rine EFGs remains to be assessed in their positional 
accuracy and completeness, to evaluate how they can 
contribute to monitoring and reporting to both the 
GBF by 2030 (CBD 2022), or the relevant Sustain-
able Development Goals (SDGs), compared to man-
ual mapping and analysis in geographical information 
systems.

EFGs are poorly represented in South Africa’s 
NLC datasets for the 4  years of 1990, 2014, 2018 
and 2020 (GTI 2015a, 2015b, 2019, 2021), which 
are used for reporting to national and global targets. 
To date, the extent of South African mangroves and 
salt marshes were mapped from a mosaic of several 
Landsat images over two years, collated from availa-
ble images between 1 January 2018 and 31 December 
2019, to map the extent of these two EFGs (Bessinger 
et  al. 2022). Subclasses that consider the supratidal, 
intertidal and subtidal regions of the salt marshes and 
seagrasses can further divide EFGs to a 4th level of 
the global ecosystem types (Keith et al. 2022), which 
would facilitate refined habitat monitoring and report-
ing. Regional variation of remote sensing image clas-
sification accuracies along the coast, ranging from the 
arid west coast to the subtropical east coast, can also 
contribute to improved understanding of the suitabil-
ity of the images for monitoring these regions. This 
study aimed to expand on this initial work by using 
optical Landsat 5–8 and Sentinel-2 optical images, as 
well as the radar Sentinel-1 sensors, for quantifying 
changes in estuarine EFGs. The objectives were to (a) 

determine the accuracies of mapping estuarine EFGs 
of South Africa per subclasses and subregions; (b) 
quantify the changes in extent of the estuarine EFGs 
that have occurred in these over four time periods; 
and (c) evaluate the confidence of changes in these 
EFGs that was generated from the medium-spatial 
resolution image classification process.

Materials and methods

Study area

A total of 332 South African estuarine systems (290 
estuaries1 and 42 micro-estuaries) were included 
in the remote sensing analysis. These systems had 
been delineated and their boundaries updated during 
the latest National Biodiversity Assessment of 2018 
(Van Niekerk et al. 2019; Van Deventer et al. 2020). 
The coast was subdivided into four earth observa-
tion (EO) classification regions for the classifica-
tion process, based on historic and current presence 
of mangroves and submerged macrophytes, to avoid 
overprediction of these in other estuaries where they 
do not occur (Fig.  1). For the mangrove EO region, 
all estuaries between the Nahoon and Kosi estuar-
ies were included, as well as the Tyolomnqa Estuary 
where mangroves were artificially planted. The region 
included 32 estuaries with known locations of man-
groves (Raw et al. 2023), which had historical extent 
data for mangroves, and another 164 where fine-scale 
validation would be required.

The division into the four EO regions showed 
dominance of estuaries (207 or 62% of the total of 
332 estuarine systems) in the mangrove EO region 

1  In South Africa, an estuary is defined as a partially enclosed 
permanent water body, either continuously or periodically 
open to the sea that extends as far as the upper limit of tidal 
action, salinity penetration or back-flooding under closed 
mouth conditions. During high catchment flows or floods an 
estuary can become a river mouth with no seawater entering 
the formerly estuarine area or, when there is little or no fluvial 
input, an estuary can be isolated from the sea by a sandbar and 
become fresh or even hypersaline. Micro-estuaries are defined 
as small, permanent coastal water bodies in which mixing of 
salt- and freshwater can periodically occur owing to overwash 
from the sea or tidal exchange following breaching of the 
mouth. These small systems support low densities of a limited 
number of estuarine and marine species (Van Niekerk et  al. 
2019).
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compared to the non-mangrove EO region (38%) 
(Table 1). Only 12% of the 332 estuarine systems of 
South Africa are estimated to host submerged mac-
rophytes (which include marine species like the sea-
grass Zostera capensis, as well as brackish species 
like Ruppia spp and Stuckenia spp.) Table 1. In both 
regions, the majority of estuarine systems had no 
submerged macrophytes recorded in the Nelson Man-
dela University (NMU) national botanical database 
layer (Adams et al. 2016, 2019) or as sample points 
mapped for this project (90% for mangrove and 85% 
for non-mangrove EO region). 

Typology of estuarine ecosystem functional groups

The global EFGs that were identified for inland 
waters (estuarine and freshwater realms) in the Inter-
national Union of Conservation of Nature’s (IUCN’s) 
global ecosystem types (Keith et al. 2022) were used 
to define the estuarine and freshwater categories. 

These include mangroves (MFT1.2 Intertidal forests 
and shrubland), salt marshes (MFT1.3 Coastal salt-
marshes and reedbeds), and submerged macrophytes 
(not listed as an EFG) for the estuarine realm, and 

Fig. 1   A total of 290 estuaries and 42 micro-estuaries (total 332 estuarine systems) for South Africa were used in the classification 
and divided into four subgroups as Earth Observation (EO) classification regions used for the remote sensing classification process

Table 1   Number of estuaries and micro-estuaries per earth 
observation (EO) remote sensing classification region

The percentage (%) of each subregion is calculated out of the 
total of 332 estuarine systems

With 
submerged 
macrophytes

Without 
submerged 
macrophytes

Subtotals

(a) Mangrove EO region: 207 estuaries (62%)
 Estuary 19 (6%) 159 (48%) 178 (54%)
 Micro-estuary 1 (< 1%) 28 (8%) 29 (9%)

(b) Non-mangrove EO region: 125 estuaries (38%)
 Estuary 19 (6%) 93 (28%) 112 (38%)
 Micro-estuary 0 (0%) 13 (4%) 13 (4%)

Subtotals 39 (12%) 293 (88%)
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forested wetland (Transitional Forest [TF] 1.2 ‘sub-
tropical-temperate forested wetlands’) and freshwa-
ter marshes (TF1.4 Seasonal flood-plain marshes and 
TF1.3 Permanent marshes) for the freshwater realm. 
A third EFG was proposed by Van Deventer et  al. 
(2022) being large macrophytes, that are predomi-
nantly associated with freshwater systems occurring 
within and outside the estuarine systems, and includes 
Cyperus papyrus, Phragmites australis or maurita‑
nus, and Typha capensis. All six of these EFGs may 
occur within the estuarine boundaries mapped, with 
freshwater realms fringing the estuarine habitats, and 
forming an ecotone that may not always be a geo-
graphic definitive boundary, but a mixture of species 
that can be associated with different habitats. Com-
mon reed (Phragmites australis) is found in over 50% 
of South African estuaries (Adams et al. 2016, 2019) 
where they play an important ecological role in the 
fresh and brackish zones of estuaries (Adams et  al. 
2016).

Estuarine reference map layer and classes

The South African estuarine habitat classification 
system and NMU national botanical database layer 
(Adams et  al. 2016, 2019; hereafter ‘NMU layer’) 
present manual maps of 267 macrophyte types or 
ecotones and a range of land use/land cover classes 
through heads-up digitising from a diverse number of 
images to track changes in estuarine habitats. These 
classes were grouped into 17 general classes to be 
used in the remote sensing classification, of which 
some classes concur with the IUCN EFG classes, 
which allow for the capturing of narrower habitat 
types and transformed land use/land cover classes 
than what would be feasible when coarser, spatial 
resolution space-born images are used for the classifi-
cation. This database was used as a reference layer to 
which the remote sensing image classification outputs 
were compared in the Discussion section.

Remote sensing data acquisition, pre‑processing, and 
analysis

The remote sensing classification was undertaken 
across four processing phases, including (a) sam-
ple preparation and validation, (b) generating image 
composites for each year in GEE, (c) executing the 
remote sensing image classification in GEE and (d) 

integrating the data with the transformed land cover 
categories of the NLC products (Fig. 2). The follow-
ing four sub-sections detail the steps taken as part of 
the workflow for generating the spatial outputs for 
each of the four selected years, 1990, 2014, 2018 and 
2020.

Generating regions of interest (ROIs) for remote 
sensing classification of estuarine ecosystem 
functional groups

This phase consisted of four subphases as per Fig. 2, 
with a description of the relevant steps undertaken 
under each phase explained in Supplementary Infor-
mation III:

	(a1)	 Automated extraction of points from the NMU 
manually-mapped layer

	(a2)	 Validation of sample points using Google Earth 
Pro (GEP 1985–2022) images

	(a3)	 Capturing of additional samples points in 
Google Earth Pro for selected classes

	(a4)	 Spatial integration and translation of sample 
point classes from all datasets to a single file 
per year with consistent class names

These steps resulted in more than 12,000 points 
being available for each year for classification, though 
the numbers varied per class (Table 2).

Use of multi‑seasonal images for classification

Previous work has shown that for the tropical and 
subtropical coastal systems, located within the sum-
mer rainfall region of the country, the best time for 
habitat classification is in the spring and summer 
(Van Deventer et  al. 2017, 2020), when the major-
ity of the plant nutrients are mobilised towards the 
leaves of evergreen tree species (mangroves and for-
ested wetlands). However, the combination of all 
four seasons maximised the separability between six 
evergreen wetland tree species and other classes (Van 
Deventer et al. 2017, 2020).

While capturing the sample points in the project, 
it was also observed that the extent of supratidal salt 
marshes was maximised in the dry season during 
low tides on the Google Earth Pro images. A deci-
sion was therefore made to include the dry, win-
ter season for all rainfall regions which offers the 
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mapping of salt marsh extent during low inunda-
tion regimes. The combination of the growth season 
with the dry season, across various tidal ranges, will 
also enhance the separability between some of the 
supratidal, intertidal and subtidal classes. There-
fore, for these EO regions, a 17 month period was 
selected for each year to be classified, ranging from 
the 1st of September before the selected NLC year, 
to the 28th of February after the selected NLC year 
(Table 3).

Selection and pre‑processing of satellite images

GEE (Gorelick et al. 2017) was chosen as the plat-
form to process the outputs, considering the capabil-
ities of this cloud-computing platform in managing 
extensive areas and number of images, compared to 
individual desktop machines. The pre-processing of 
the Landsat series of images, and the Sentinel-1 and 
-2 datasets, as well as the spectral indices used, are 
explained in Supplementary Information IV.

Classification of satellite images

The Random Forest (Breiman 2001) classifier was 
used for the classification of the estuarine EFGs and 
other classes within the estuaries. Random Forest is a 
non-parametric algorithm known for managing large 
datasets with low representation in numbers of sam-
ples (Van Deventer et al. 2017; Weitkamp and Karimi 
2023). Spectral reflectance data show predominantly 
a non-normal distribution, and non-parametric classi-
fiers have improved the accuracy of classification of 
spectral data above traditional classifiers that assume 
normal distribution. In addition, the Random Forest 
algorithm has been successfully used in several wet-
land classification studies (e.g., Mahdianpari et  al. 
2020; Van Deventer et al. 2022).

In the GEE platform, the Smile Random For-
est (ee.Classifier.smileRandomForest) was used for 
the classification of the estuarine EFGs and other 
classes. The ntree was set at 1000, whereas the mtry 
variable defaults for classification to the square root 
of the number of classes used. The training data was 

Fig. 2   Workflow showing the overall steps in the remote sens-
ing image classification of the extent of estuarine ecosystems 
or estuarine Ecosystem Functional Groups (EFGs). The over-
all phases included (a) preparation of sampling points per 

class; (b) generating of image composites; (c) execution of the 
remote sensing image classification and (d) accuracy assess-
ment
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randomly selected at 70% of the total number of the 
sample points per class, and the remaining 30% used 
for the testing. The raster result produced was gener-
ated at a 30 m spatial resolution for 1990 and 2014, 
and 10 m spatial resolution for 2018 and 2020.

For each year and class, the percentage of overall 
(OA%), producer’s (PA%) and user’s (UA%) accura-
cies (Story and Congalton 1986) were computed for 
reporting in GEE. An error matrix was used to report 
the spectral overlap between classes to inform the 
improvements. Classes with user’s accuracies > 70% 
could potentially be considered sufficient for report-
ing of the extent of the estuarine ecosystem functional 
groups, however, a visual comparison of the image 
classification outputs to the manually-mapped layer 
was also undertaken, and comparisons of the extent 
of the EFGs predicted in the remote sensing clas-
sification of the year 2020, was compared to assess 
the percentage overlap per grouped class of estuarine 
EFGs, namely for mangroves, salt marshes and sub-
merged macrophytes.

The raster output layers are generated in GEE as 
unprojected, Geographic World Geodetic System 
of 1984 (WGS84) tiles, and were subsequently con-
verted from raster to polygon layers in ArcGIS 10.7 
into a geodatabase. The polygons were then merged 
into a single layer and projected to the Albers Equal 
Area (AEA) coordinate system of South Africa that is 
used for all ecosystem extent layers, with 25°E as the 
central longitudinal meridian, and the two parallels of 
24° and 33°S. AEA minimises the distortion of the 
extent of polygons (Snyder 1987, 1993). The trans-
formed classes of the NLC layers were then masked 
out for the purpose of reporting the extent of estua-
rine EFGs only.

Integration of data with the transformed land cover 
classes

Four transformation classes of the NLC output layers, 
including built-up areas, croplands, mining and tim-
ber plantations, were considered for each NLC class 
of the 4 years of study. The NLC raster datasets pix-
els were extracted in ArcGIS 10.7 (Extract by Mask 
under Spatial Analyst) using the 50 m buffered extent 
of the estuarine system. The raster outputs were then 
converted from raster to polygons without any simpli-
fication, to obtain the spatially most accurate extent 
of the original pixels. The transformed land cover 

classes were then extracted for each year, and unioned 
with the EFG output polygons. Lastly, the polygon 
layer was clipped to the original extent of the estuar-
ies (excluding the shoreline part) and the total extent 
of each class calculated in hectares, using the AEA 
coordinate system.

Results

Remote sensing classification results

The results of the remote sensing classification 
showed a general increase in the extent of mangroves 
and salt marshes between 1990 and 2020, while sub-
merged macrophytes initially appeared to decline 
from 1990 to 2018, and then increased in 2020 
(Fig. 3). The overall accuracies (OA) for the last three 
years were > 71.2% in all EO classification subre-
gions, whereas the 1990 classifications had an OA of 
58–73% (Table 4). These results suggest that overall, 
the 1990 classification shows poor representability of 
class accuracies compared to the other three years and 
should be interpreted with caution.

The user’s accuracies of the mangroves were 53% 
and 66% in the no-submerged and submerged sub-
regions, respectively, for 1990 and ≥ 81% for 2014, 
2018 and 2020 (Table 4). Upon closer inspection and 
comparison of the outputs, it was evident that the 
Landsat images do not detect all  mangrove extents, 
particularly narrow and fragmented patches. The 
availability of Landsat 7 and 8 images tripled in num-
ber for the 2014 classification, compared to the 30 
Landsat 5 images used for 1990, which contributed to 
the improved accuracies reported for 2014. In com-
parison, the 10 m spatial resolution Sentinel images 
visibly improved on the omission errors of Landsat, 
but showed some commission errors upstream and 
above the 5  m a.m.s.l. height, that would unlikely 
be mangrove. The 2020 extent (Fig. 3) was 151% of 
the extent mapped through heads-up digitising from 
aerial and Google Earth Pro images in the 7 March 
2023 layer compared to the NMU layer, which could 
be considered an unacceptably high degree of over-
prediction for reporting.

The remote sensing classification of six salt marsh 
classes were undertaken across all four EO remote 
sensing classification regions, with three intertidal 
(other, Spartina maritima and succulent) and three 
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supratidal (Juncus kraussii, saline grasses and other). 
In the Mangrove EO region, the intertidal salt marsh 
and Spartina maritima attained high user’s accura-
cies > 78% for 2014, 2018 and 2020, although the 
user’s accuracy for Spartina maritima was only 
67% in 2020 (Table  4). Juncus kraussii and other 
supratidal salt marshes showed variation across the 
estuaries, and sometimes attained user’s accura-
cies > 70%, but in other years then again between 27 
and 68%. An insufficient number of sample points 
for the class ‘Saline grasses supratidal salt marshes’ 
in the mangrove EO region resulted in a single point 
being either 100% accurately classified for some 
years, but in other years achieving 43% or 44% user’s 
accuracy. In the non-mangrove region, the inter-
tidal salt marshes show no results to very low user’s 
accuracy (33% in 1990 for non-mangrove and no 
sub-merged macrophyte region; Table  4). The other 
classes varied from 38 to 85% (ignoring 100% for 
single sample points per class). The supratidal salt 
marshes (other) ranged across both mangrove subre-
gions and all four years between 54 and 67%. In com-
parison to the 7 March 2023 edition of the estuarine 
habitats layer, the remote sensing image classification 
predicted double the amount of salt marshes in 2020 
(3 261.4 ha, Fig. 3) compared to 12 153 ha mapped in 
the NMU manually-mapped layer.

Submerged macrophytes had three subclasses: 
intertidal Zostera capensis, subtidal Zostera capensis 
and other classes (Table 4). Of these, the ‘other’ class 
overpredicted for the full extent of the open water 

class in the mangrove EO regions, while attaining 
user’s accuracies of > 85% for all four years (Table 4).

Changes that could not be predicted

Changes in the extent of natural land cover classes 
other than the estuarine EFGs were observed in 
some of the estuaries, such as the iMfolozi/uMsun-
duze (Fig.  4) and Verlorenvlei (Fig.  6) estuaries. 
Cloud cover obscured the classification in 1990 for 
the iMfolozi/uMsunduze Estuary (a part of the wider 
St Lucia Estuarine Lake Complex), but for the other 
years, the transformation from forested wetlands 
to cropland (mainly banana plantations) is evident 
(Fig.  4a) and was also reported and quantified by 
other studies (Apleni et al. xxxx; Van Deventer et al. 
2021).

Changes in the smaller estuaries with narrowed 
extents did show representation of the different EFGs, 
and could be useful for reporting extent changes over 
time, such as the Mnyameni and Mtolane estuaries, 
for example (Fig.  5). In these systems the extent of 
mangroves appears to be expanding over the years, 
whereas the submerged macrophytes showed higher 
degrees of changes in extent, location and subtypes. 
These increases may however be unreliable, consid-
ering the overprediction of the extent of these EFGs, 
and not be a reflection of true expansion over this 
time period. Drought and over-abstraction of water 
in the Verlorenvlei Estuary have led to a significant 
reduction in open water, exposure of peat area and 
increase in large macrophytes over the four time peri-
ods (Fig. 6).

Discussion

This study assessed the feasibility of freely available, 
space-borne Landsat and Sentinel-1 and -2 images 
for mapping changes in estuarine EFGs of South 
Africa. Overall, three classes in estuarine EFGs were 
mapped, including mangroves, submerged macro-
phytes and salt marshes, as biodiversity types related 
to the global ecosystem types (Keith et  al. 2022). 
Although changes in these three EFGs were observed 
between 1990, 2014, 2018 and 2020, the accuracies 
are discussed in the following subsection, in relation 
to comparative studies and findings to assess the fea-
sibility of using these results for reporting.

Table 3   Temporal ranges used for the classification of estua-
rine ecosystem functional groups in South Africa

Landsat 5 (L5) was operational 1 March 1984–5 June 2013; 
Landsat 7 (L7): 15 April 1999–6 April 2022; Landsat 8 (L8): 
11 February 2013 to date; Sentinel-1A (S1): 3 April 2014; 
Sentinel-1B (S1): 25 April 2014; Sentinel-2A (S2): 23 June 
2015; Sentinel-2B: 7 March 2017

Sensors Landsat Sentinel

Periods L5 L7 L8 S1 S2

1 September 1989–28 February 
1991

✔

1 September 2013–28 February 
2015

✔ ✔ ✔

1 September 2017–28 February 
2019

✔ ✔

1 September 2019–28 February 
2021

✔ ✔
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Confidence in the changes in mangrove extent 
compared to other studies

The outputs of the remote sensing classification extent 
for mangroves showed an increase across the four 
time periods from 1990 to 2020, with the 2020 extent 
reported as 3261.4 ha for a total of 207 (62%) of the 
total number of 332 South African systems occurring 
in the Mangrove EO region (Table 1). These estuar-
ies dominate in number but cover less than a third of 
the extent of the South African coastline, occurring 
from the Tyolomnqa Estuary in the Eastern Cape 
Province eastwards to Kosi Estuary at the border with 
Mozambique. The user’s accuracies of mangroves 
were low for 1990 (66% and 53% for estuarine sys-
tems with submerged macrophytes and those without, 
respectively), while attaining > 81% for 2014, 2018 
and 2020. Therefore, only changes between 2014 and 
2020 should be considered in reporting, and not those 
of 1990.

To further explore the confidence of the changes 
in mangrove extent in South African estuaries, a 
comparison was made with three other datasets that 

mapped mangrove extent. The first comparison was 
between the mangroves resulting from the remote 
sensing outputs to those manually mapped. The NMU 
layer mapped mangroves manually with high confi-
dence in extent and presence in only 32 estuaries of 
South Africa, with historical extent lost in 11 estuar-
ies, and the Tyolomnqa only recently showing emer-
gence of mangroves (Adams et al. 2016, 2019; Raw 
et  al. 2023; Riddin et  al. 2024a). The mangrove EO 
region was, however, mapped more extensively in this 
paper, from the Nahoon to Kosi, to assess the capa-
bilities of remote sensing to automate monitoring of 
the mangroves for the subtropical and tropical estua-
rine bioregions. The mangrove extent resulting from 
the remote sensing prediction for 2020 (3261.4  ha) 
resulted in a remote sensing prediction of mangrove 
extent for 95% (197 of the 207) estuarine systems in 
the mangrove EO region. This extent makes up 114% 
of the extent of 2820  ha collated through heads-up 
digitising in the NMU layer, which mapped habitat 
cover for only 122 (59%) of the 207 estuaries in the 
mangrove EO region, of which 32 of the estuaries 
have confirmed mangrove habitat. Upon individual 

Fig. 3   Changes in the extent of estuarine ecosystem functional groups predicted from Landsat and Sentinel-1 and -2 images between 
1990 and 2020 for South Africa



Wetlands Ecol Manage           (2025) 33:12 	 Page 17 of 25     12 

Vol.: (0123456789)

Ta
bl

e 
4  

Pe
rc

en
ta

ge
 o

f o
ve

ra
ll 

an
d 

us
er

’s
 a

cc
ur

ac
ie

s (
%

) a
tta

in
ed

 fr
om

 th
e 

re
m

ot
e 

se
ns

in
g 

cl
as

si
fic

at
io

n 
re

po
rte

d 
pe

r c
la

ss
 a

cr
os

s t
he

 fo
ur

 E
ar

th
 O

bs
er

va
tio

n 
(E

O
) r

eg
io

ns
 a

nd
 y

ea
r

EO
 re

gi
on

 h
as

 n
o 

su
bm

er
ge

d 
m

ac
ro

ph
yt

es
; S

M
 E

O
 re

gi
on

 h
as

 su
bm

er
ge

d 
m

ac
ro

ph
yt

es
. W

he
re

 th
e 

su
bt

yp
es

 o
f s

al
t m

ar
sh

es
 c

ou
ld

 n
ot

 b
e 

id
en

tifi
ed

, t
he

 te
rm

 ‘S
al

t m
ar

sh
’ w

as
 u

se
d

EO
 re

gi
on

 (a
cr

os
s)

N
ot

 m
an

gr
ov

es
 E

O
 re

gi
on

M
an

gr
ov

e 
EO

 re
gi

on

Ye
ar

 (a
cr

os
s)

19
90

20
14

20
18

20
20

19
90

20
14

20
18

20
20

C
la

ss
 (d

ow
n)

 a
cc

ur
ac

ie
s (

ac
ro

ss
)

C
la

ss
#

no
SM

SM
no

SM
SM

no
SM

SM
no

SM
SM

no
SM

SM
no

SM
SM

no
SM

SM
no

SM
SM

O
ve

ra
ll 

ac
cu

ra
ci

es
 (%

, a
cr

os
s)

72
.6

57
.5

74
.5

61
.3

78
.8

67
.1

78
.4

68
.0

63
.4

64
.2

73
.6

71
.2

78
.6

76
.1

82
.5

78
.7

B
ar

e 
so

il
1

0.
0

0.
0

0.
0

0.
0

0.
0

0.
0

10
0.

0
0.

0
0

0.
0

0.
0

0.
0

0.
0

0.
0

0.
0

0.
0

B
ea

ch
 sa

nd
2

64
.3

20
.0

10
0.

0
10

0.
0

84
.6

10
0.

0
50

.0
10

0.
0

61
.9

0.
0

65
.2

66
.7

81
.8

0.
0

75
.0

10
0.

0
B

ui
lt-

up
 a

re
as

3
85

.2
69

.2
79

.2
61

.9
85

.2
60

.0
90

.0
56

.3
0.

0
0.

0
0.

0
94

.1
0.

0
95

.8
0.

0
10

0.
0

C
le

ar
ed

 la
nd

4
0.

0
50

.0
0.

0
0.

0
0.

0
50

.0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
C

ro
pl

an
d

5
0.

0
45

.5
0.

0
62

.1
0.

0
65

.6
0.

0
42

.1
57

.1
0.

0
62

.5
0.

0
75

.0
0.

0
66

.0
0.

0
C

ul
tiv

at
ed

 w
et

la
nd

6
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
65

.9
0.

0
69

.3
0.

0
87

.7
Fo

re
ste

d 
w

et
la

nd
7

0.
0

0.
0

0.
0

0.
0

0.
0

0.
0

0.
0

0.
0

30
.0

70
.5

55
.6

60
.8

62
.5

72
.4

78
.6

77
.2

Fr
es

hw
at

er
 m

ar
sh

8
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
50

.0
60

.8
42

.9
67

.2
25

.0
61

.2
85

.7
70

.1
In

te
rti

da
l s

al
t m

ar
sh

 (O
th

er
)

9
33

.0
10

0
0.

0
10

0
0.

0
0.

0
0.

0
50

67
.0

0.
0

86
0.

0
78

0.
0

10
0.

0
0.

0
In

te
rti

da
l s

al
t m

ar
sh

 (S
pa

rt
in

a 
m

ar
iti

m
a)

10
0.

0
38

0.
0

63
0.

0
85

0.
0

85
0.

0
0.

0
10

0
0.

0
10

0
0.

0
66

.7
0.

0
In

te
rti

da
l s

al
t m

ar
sh

 (S
uc

cu
le

nt
)

11
0.

0
54

0.
0

39
0.

0
75

0.
0

63
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
La

rg
e 

m
ac

ro
ph

yt
es

12
58

.8
71

.4
46

.5
59

.2
66

.7
66

.0
76

.2
85

.2
41

.7
53

.2
43

.4
59

.2
52

.7
64

.3
63

.3
64

.4
M

an
gr

ov
es

13
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
53

.1
65

.9
81

.7
84

.9
85

.4
80

.6
86

.5
82

.7
M

in
in

g
14

10
0.

0
69

.2
85

.7
82

.9
10

0.
0

93
.8

10
0.

0
87

.8
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
N

ym
ph

ae
a 

sp
p.

15
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
10

0.
0

0.
0

83
.3

0.
0

50
.0

O
pe

n 
w

at
er

16
82

.8
65

.1
89

.9
68

.2
89

.2
72

.9
88

.2
81

.2
60

.4
74

.0
74

.7
73

.1
97

.5
81

.9
91

.3
80

.8
Re

lic
 g

ar
de

ns
17

0.
0

0.
0

0.
0

0.
0

0.
0

0.
0

0.
0

0.
0

0.
0

45
.7

0.
0

68
.8

0.
0

84
.0

0.
0

88
.6

Sa
lt 

m
ar

sh
18

47
.4

57
.7

66
.7

63
.3

75
.0

55
.2

54
.2

65
.9

39
.1

10
0.

0
55

.0
10

0.
0

10
0.

0
10

0.
0

84
.0

50
.0

Sa
nd

/m
ud

ba
nk

s
19

0.
0

60
.0

0.
0

62
.1

0.
0

63
.6

0.
0

70
.4

0.
0

12
.5

0.
0

50
.0

0.
0

77
.8

0.
0

10
0.

0
Su

bm
er

ge
d 

m
ac

ro
ph

yt
es

 (i
nt

er
tid

al
 Z

os
te

ra
)

20
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
85

.0
0.

0
98

.1
0.

0
89

.6
0.

0
90

.1
Su

bm
er

ge
d 

m
ac

ro
ph

yt
es

 (s
ub

tid
al

 Z
os

te
ra

)
21

0.
0

55
.6

0.
0

63
.4

0.
0

67
.9

0.
0

64
.1

0.
0

65
.1

0.
0

74
.3

0.
0

76
.5

0.
0

78
.0

Su
pr

at
id

al
 sa

lt 
m

ar
sh

 (J
un

cu
s k

ra
us

si
i)

22
0.

0
10

0.
0

0.
0

75
.0

0.
0

75
.0

0.
0

60
.0

82
.4

62
.8

66
.7

60
.7

78
.6

78
.7

42
.9

70
.4

Su
pr

at
id

al
 sa

lt 
m

ar
sh

 (O
th

er
)

23
53

.6
55

.8
62

.7
62

.9
67

.6
62

.4
67

.1
62

.1
33

.3
10

0.
0

66
.7

75
.0

27
.3

73
.3

10
0.

0
71

.4
Su

pr
at

id
al

 sa
lt 

m
ar

sh
 (S

al
in

e 
gr

as
se

s)
24

0.
0

0.
0

0.
0

0.
0

0.
0

0.
0

0.
0

0.
0

0.
0

42
.9

0.
0

10
0.

0
10

0.
0

44
.4

0.
0

75
.0

Te
rr

es
tri

al
 g

ra
ss

es
25

0.
0

28
.6

0.
0

75
.0

0.
0

20
.0

0.
0

50
.0

76
.9

52
.4

78
.6

57
.7

72
.0

73
.5

93
.8

73
.5

Te
rr

es
tri

al
 sh

ru
bs

26
0.

0
33

.3
0.

0
33

.3
0.

0
59

.3
0.

0
47

.1
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0
Te

rr
es

tri
al

 tr
ee

s
27

0.
0

51
.7

0.
0

73
.0

0.
0

75
.0

0.
0

78
.8

70
.4

67
.9

76
.8

76
.3

79
.3

80
.3

82
.8

81
.8

Te
rr

es
tri

al
 v

eg
et

at
io

n
28

78
.4

57
.1

74
.7

40
.5

74
.0

44
.8

77
.5

55
.6

0.
0

88
.9

0.
0

50
.0

0.
0

85
.7

0.
0

57
.1

Ti
m

be
r p

la
nt

at
io

ns
29

0.
0

0.
0

0.
0

0.
0

0.
0

0.
0

0.
0

0.
0

60
.9

10
0.

0
88

.8
81

.8
82

.1
75

.0
96

.4
83

.3
W

av
es

30
0.

0
0.

0
0.

0
0.

0
10

0.
0

0.
0

0.
0

0.
0

0.
0

0.
0

10
0.

0
0.

0
0.

0
0.

0
0.

0
0.

0



	 Wetlands Ecol Manage           (2025) 33:12    12   Page 18 of 25

Vol:. (1234567890)

comparison to the 32 estuaries that were mapped 
by NMU, more than half of the estuaries showed an 
overprediction of mangrove extent of > 115%, with 
only ten estuaries within 85–115% of the manually-
mapped extent (Adams et  al. 2016; 2019), and five 
estuaries an underestimation of the extent < 85% of 
the NMU mapped extent. The prediction of mangrove 
extent in these 175 estuaries as outputs from remote 
sensing classification when using the medium spa-
tial resolution imagery, would benefit from finer spa-
tial resolution imagery to improve the automation of 
monitoring and the accuracy of detecting mangrove 
saplings in the field.

Fine-scale manual mapping of mangroves was 
done with high confidence for the recent red listing of 
the ecosystem (Riddin et al. 2024a). This was based 
on site specific data that exists for all mangrove estu-
aries in South Africa. The comparison of these data 
with our study showed that the remote sensing out-
puts have resulted in spectral confusion between the 
mangroves and forested wetlands or terrestrial pine 
forests, with contradictory results. This is because 
these forests often occur together in mosaics and in 
some systems as a thin, single line of mangrove trees 
and would require higher spatial resolution imagery 
for detection and monitoring.

The predicted extent of mangroves made up 115% 
of the Global Mangrove Watch extent of 2821 ha in 
2020 (Bunting et  al. 2022). The Global Mangrove 
Watch recorded an increase of 77  ha of mangrove 
from 2566 to 2643  ha between 1996 and 2020 for 
South Africa (Bunting et al. 2022). Mangroves were 
incorrectly mapped in this dataset for the Keiskamma 
Estuary where salt marshes occur. In comparison, 
Landsat images used for 2014 predicted 26–8% 
more extent compared to the Sentinel image predic-
tions of 2018 and 2020 and showed that the extent of 
1990 (1093 ha) doubled by 2014 (2148 ha), which is 
unlikely.

In contrast, the calculated extent forms 10% of the 
extent of mangroves (33,000 ha) that were predicted 
by Bessinger et  al. (2022) using a mosaic of Land-
sat–8 images between 1 January 2018 and 31 Decem-
ber 2019 for estuaries in the Western Cape, Eastern 
Cape and KwaZulu-Natal Provinces. No mangroves 
occur in the temperate Western Cape Province, and 
therefore these predictions are incorrect.

Natural expansion of mangrove canopy cover has 
been previously observed between 1937 and 1996 

at 0.3  km2/annum for a few estuaries on the eastern 
shores of South Africa, however, transformation to 
subsistence agriculture was reported for parts at a rate 
of 0.4 km2/annum (Wessels 1997). Finer-scale studies 
for these areas mapped from aerial photographs show 
an increase in the mangrove extent for four of the 
ten estuaries on this stretch of the coastline between 
1930 and 2018 (Adams and Rajkaran 2020). Large 
increases of 50 ha have been observed in the uMlalazi 
Estuary, owing to the artificial mouth breaching in the 
1930s. Other minimal increases have occurred in the 
Great Kei, Kwelera, Nahoon and Tyolomnqa estuar-
ies totalling less than 5 ha (Riddin et al. 2024a, b).

In some studies, changes in the extent of man-
groves derived from Landsat images produced 
incorrect trends compared to finer scale studies. 
The Global Mangrove Loss Drivers application that 
assessed changes in the extent of mangroves between 
2000 and 2016, using Landsat images at a 30 m spa-
tial resolution, showed that 62% of the extent of man-
groves in the uMhlathuze and Richards Bay estuar-
ies have decreased through erosion (Goldberg et  al. 
2020). In comparison, finer-scale analysis, indicated 
expansion of mangrove extent in the uMhlathuze 
Estuary by 1000 ha over recent years verified by site 
visits. Finer-scale images used for mapping changes 
in the extent of mangroves in 2018 (Machite 2023) 
also found little change in the extent of the mangrove 
habitats for 16 Eastern Cape estuaries but reported 
changes in the density of vegetation due to declining 
ecological condition and increase in pressures such as 
livestock browsing and cutting of trees.

Visual investigations of the predicted extent of 
mangroves for 2020 from the Sentinel images also 
clearly showed overprediction of extent in some 
areas, and underrepresentation of small, narrow and 
fragmented mangrove patches. Despite the good 
accuracies attained in this study for the predictions 
of years 2014, 2018 and 2020 for the mangroves, the 
understanding of representativity errors is critical for 
informing monitoring and reporting to provincial, 
national and global targets. In the red listing of eco-
systems (Bunting et  al. 2022), changes in the extent 
of ecosystems are required across a 50  year period 
or since 1750. This study only covered four years 
across a 30 year time period, with poor understand-
ing of how much of the original extent, with natural 
increase in canopy cover, can be expected. To address 
this shortcoming, fine-scale mapping from the 1940s 
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aerial photographs of these estuaries (e.g. Adams and 
Rajkaran 2020), and more recent fine-scale images 
would be required to assess the error in representa-
tion of change in the layers of our work and those of 
the Global Mangrove Watch, ranging across more 
pristine to degraded systems with higher degrees of 
impacts and pressures.

Confidence in the changes of salt marshes extent 
compared to other studies

The extent of salt marshes predicted for 2020 from the 
Sentinel-1 and -2 multi-season images classification 
(24307 ha) showed an increase of 5116 ha or 127% 
from the 1990 Landsat image extent. The remote 
sensing layer predicted coverage across 322 estuaries 

totalling 165% of the extent reported by NMU for 
115 estuaries (14713 ha; Raw et al. 2023). The man-
ually-mapped layer was more than double the extent 
mapped in the Allen Coral Atlas of 2020 (McOwen 
et  al. 2017). In comparison to the most recent map-
ping of tidal salt marshes totalling 8973.8  ha (Wor-
thington et  al. 2023), the manually-mapped layer 
showed 16941.8  ha, which is more than double the 
extent of the global dataset. The global dataset still 
shows omission and commission errors, even though 
representing only 53% of the measured extent. This 
can be attributed to the fact that the manually-mapped 
layer includes both intertidal and supratidal vegeta-
tion; i.e. all salt marsh areas below the 1.5 m above 
mean sea level contour line. User’s accuracies in the 
mangrove regions were > 78%, whereas those in the 

Fig. 4   The distribution of estuarine and freshwater ecosystem functional groups of the iMfolozi/uMsunduze Estuary varies across 
4 years: a 1990, b 2014, c 2018 and d 2020. Classes with a * indicate those derived from the National Land Cover data
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non-mangrove regions varied between 33 and 85% 
across the four years. Visual image interpretation 
(Lillesand et  al. 2015, p. 59) showed overprediction 
beyond the 5 m and 10 m above mean sea level con-
tour lines, which are usually used as a guideline for 
where the estuaries change to freshwater or terrestrial 
ecosystems (Van Niekerk et al. 2019).

PlanetScope images at approximately 3  m spa-
tial resolution between December 2023 and January 
2024 predicted the extent of salt marshes for estuar-
ies between the Orange River (bordering between 
South Africa and Namibia), and the Coega Estuary 
in the Eastern Cape Province, as a total of 9130  ha 
with a user’s accuracy of 77% (Campbell et  al. 
xxxx). In comparison, the 2020 prediction of 10  m 

spatial resolution Sentinel-1 and -2 images, predicted 
16677  ha, which is an overestimation of the salt 
marsh by 183%. In particular, the ‘Supratidal salt-
marsh (Other)’ makes up 85% of the extent of all the 
salt marshes categories. The capabilities of finer spa-
tial resolution images for mapping and monitoring the 
salt marshes in general, and their subtypes, remain to 
be assessed.

Confidence in the changes of submerged macrophyte 
extent compared to other studies

The extent of submerged macrophytes declined by 
4611 ha between 1990 and 2020, totalling 38% of the 
original extent predicted for 1990. The multi-seasonal 

Fig. 5   The distribution of estuarine and freshwater ecosystem 
functional groups of the Mnyameni Estuary (centre), with the 
Mtolane Estuary in the south and the micro-estuary ‘Subtropi-

cal 33’ in the north, varies across 4 years: a 1990, b 2014, c 
2018 and d 2020. Classes with a * indicate those derived from 
the National Land Cover data
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classification predicted between 410 and 684% of 
the extent that was mapped for estuaries in the NMU 
layer (1755  ha; Raw et  al. 2023). Only 12% (39 of 
332) of the estuaries host submerged macrophytes. 
In comparison to the global dataset, our remote sens-
ing mapped between 18 to 29% of the extent in Short 
et al. (2007), which shows a complete overprediction 
of extent in the global dataset for South African estu-
aries, compared to the NMU layer. The user’s accu-
racy for submerged macrophytes exceeded 74% for all 
years in the mangrove EO subregion mapped, except 
for the subclass Submerged macrophytes (subtidal 
Zostera) that attained 64% user’s accuracy in 1990. 
In the non-mangrove EO region, the user’s accura-
cies for submerged macrophytes were < 68% and 

insufficient for predicting and monitoring changes in 
submerged macrophytes.

The classes with Z. capensis overpredicted 
for > 90% of the extent of the open water in the 
Klein, Langebaan, Swartvlei and Qora estuaries in 
this study, though showing relatively good extent 
predictions visually in other systems. Kohlus et  al. 
(2020) compared aerial mapping, ground mapping 
and Landsat-8 classification for estimation of Zos‑
tera spp. beds in the Wadden sea. Landsat-8 clas-
sification had an 84% accuracy for high density 
beds (> 60%), compared to 79% accuracy for Sen-
tinel-2 classification. Beds of low density, i.e. those 
that occurred in small channels, were not always 
detected correctly when compared to fine scale 
mapping (Landsat-8 68% and Sentinel-2 86%) with 

Fig. 6   The distribution of estuarine and freshwater ecosystem functional groups of the Verlorenvlei Estuary varies across 4 years: a 
1990, b 2014, c 2018 and d 2020. Classes with a * indicate those derived from the National Land Cover data
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a tendency to underestimate extent, especially in the 
bed density range of 10–40%. However, aerial map-
ping and in situ transect mapping both show a more 
generalised outline. In South Africa, Zostera capen‑
sis often forms narrow bands along the sides of the 
estuary channel, or on the water side of mangrove 
stands (Adams 2016) making classification of them 
through remote sensing difficult at a spatial resolu-
tion of ≥ 10 m.

The extent of submerged macrophytes between 
the Orange River and Coega estuaries from the Plan-
etScope images (Campbell et  al. xxxx) resulted in 
1718 ha with a user’s accuracy of 67%. The outputs 
from the 10  m spatial resolution Sentinel-1 and -2 
images in this study predicted the extent of the sub-
merged macrophytes for the same area as 6133 ha, or 
357% more, for the year 2020. Finer spatial resolution 
images should be pursued for mapping and monitor-
ing the subtypes of the submerged macrophytes.

The use of multitemporal images can contribute to 
distinguishing supratidal from intertidal salt marshes 
and intertidal from subtidal seagrass areas, across the 
hydrological complexity and tidal variation of differ-
ent estuarine ecosystem types. However, using multi-
seasonal images from medium spatial resolution 
sensors in the prediction of submerged macrophytes 
extent is therefore not advised. These are dynamic 
ecosystems where die-off and spatial changes occur 
naturally, in response to natural drivers such as estu-
ary mouth state, ambient water level, turbidity and 
salinity (Adams 2016). The stacking of multiple 
images, across various inundation and mouth states, 
contributed to spectral confusion between water and 
submerged macrophytes, resulting in overestimations 
of extent. In the visual comparison of the results with 
multiple images, this study measured the extent of the 
submerged macrophytes occurrence in Google Earth 
Pro images relative to centre points of some of the 
Sentinel-2 pixels and found it hard to secure dense 
areas with > 70% cover to use as sample points in the 
classification. The extent of these submerged macro-
phytes also showed variation across mouth states and 
estuarine types. Classifications of salt marshes with 
individual time-stamp Sentinel-2 images for three 
estuaries in the Western Cape attained user’s accu-
racies > 70 (Struwig 2022). This means that map-
ping of submerged macrophytes may require specific 
time-definite images for classification (not stacked), 

and understanding the changes relative to the mouth 
states, and how these should be considered for 
national and global reporting to targets.

Conclusions

The outputs of our assessment showed changes in 
the extent of mangroves, salt marshes and submerged 
macrophytes for 4 years (1990, 2014, 2018 and 2020) 
for 332 South African estuaries. We have a medium 
confidence that the multi-season Sentinel image clas-
sifications were able to map the extent of mangroves 
and can potentially be used for monitoring changes in 
these ecosystems over time. However, further work 
is required to quantify the representativity errors and 
the degree to which degradation can be detected and 
monitored.

In contrast, the use of multi-season images in the 
classification of salt marshes and submerged macro-
phytes results in extensive overprediction across all 
years. Improvements should be investigated in the 
ability of time-series analysis to quantify changing 
extents in relation to estuary mouth states and hydro-
logical cycles and distinguish natural changes from 
those resulting from anthropogenic and/or climate 
change.

Quantifying changes in estuaries are important 
for GBF reporting and early intervention, as is dem-
onstrated by the case of the Verlorenvlei Estuary 
(Fig. 6), a Ramsar site, that is now recommended for 
the Montreux list (Riddin et al. 2024b). Comparisons 
with historic and current finer scale, and finer spatial 
resolution images are critical to determine the repre-
sentativity errors of extent of the coarse-scale Landsat 
and Sentinel images, and their sensitivity in detecting 
changes over time, for the three main estuarine EFGs, 
and their subtypes.
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