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Article 

Delineating and Sub-Classifying Depressional 
Wetlands with Gradient Analysis of Littoral 
Vegetation using Sentinel-2A Vegetation Indices 

Basanda Xhantilomzi Nondlazi, Moses Azong Cho, Heidi van Deventer and Erwin Sieben 

bnondlazi@csir.co.za (B.X.N.); mcho@csir.co.za (M.A.C.); hvdeventer@csir.co.za (H.v.D.);  
siebene@ukzn.ac.za (E.S.) 

Abstract: (1) Background: Depressional wetlands are highly vulnerable to changes in temperature 
and rainfall, affecting littoral vegetation, thus HydroGeoMorphic (HGM) wetland types. This study 
aimed to assess the utility of Sentinel-2A vegetation indices in enhancing delineation and sub-
classify depressional HGM types. (2) Methods: We sampled 84 pairs of four vegetation indices from 
10x10m plots along 14 belt transects in eight depressional wetlands in Mpumalanga, South Africa. 
We evaluated vegetation index differences between and within wetlands, focusing on lit-toral 
gradients. (3) Results: Significant differences (Bonferroni p  

Keywords: Aichi Target 11; Sentinel-2A; remote sensing vegetation indices; salinity; NDSI; NDVI; 
NDWI; RENDVI; sustainable development goal (SDG) 6.6 & 15.1  

 

1. Introduction 

Wetland littoral vegetation and biodiversity are crucial for wetland ecosystem services 
(McInnes, 2013; Pantshwa and Buschke, 2019). Water filtration, sediment trapping, floodwater 
retention, and carbon storage are ecosystem services owed to wetland littoral vegetation (Krasnostein 
and Oldham, 2004). Hence, wetlands have international importance (Goodwin, 2017; McInnes, 2013). 
They play an integral role in the ecology of the watersheds where they are located and supply 
ecosystem services beyond the boundaries of their watersheds (Laidig and Zampella, 1999; McKinney 
and Charpentier, 2009). Many faunal and floral species of commercial importance, such as fish, reeds 
and papyrus, are harvested from wetlands (Mnaya et al., 2007; Rosenberger and Chapman, 1999; 
Zolfaghari, 2018). Wetlands are a wildlife refuge and nursery. They are biodiversity hotspots and 
among the most productive ecosystems worldwide (Lofgren, 2020; Pantshwa and Buschke, 2019; Wu 
et al., 2018). Wetlands also control the amount and distribution of sediment and nutrients. Hence, 
they influence floral and faunal organisms' temporal and spatial distribution (Bird et al., 2014; 
Ngqulana et al., 2010). Wetlands mitigate climate change through wetland carbon sequestration that 
outweighs its methane (CH4) emissions despite being Earth's largest natural source of 185±21TgCyr1 
atmospheric flux (Melton et al., 2013; Saunois et al., 2016; Zhu et al., 2015). Wetlands have a low 
decomposition rate; hence they are estimated to store 4% to 30% of Earth's 2500Pg soil C pool (Ji et 
al., 2020). Therefore, human activity, i.e. drainage, overgrazing and vegetation change, needs to be 
monitored. We have to safeguard the sequestration capacity of wetlands, prevent biodiversity loss 
and increase carbon and methane emissions. However, the limited use of wetland vegetation in 
wetland classification and delineation methodology undermines the potential of wetland vegetation 
as an early-warning indicator of wetland degradation.  

Wetland vegetation is critical for wetland biophysical processes responsible for the sustainability 
of wetland ecosystem services (Dabrowska-Zielinska et al., 2014; Zheng et al., 2019). Without 
properly functioning biophysical processes, wetlands would be unable to provide the valuable 
ecosystem services they are popular for (Adekola et al., 2015; Maltby and Acreman, 2011). Tall reeds 
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found along the fringes reduce the speed of water currents (Sieben et al., 2016). Reduction in water 
currents increases sand and sediment deposition, which improves water quality (Fennessy et al., 
1994; Geng et al., 2021). During water drawdown, vegetation along the sandbank traps floating 
chemicals and pathogens, exposing them to radiation (Salmon et al., 2022). This trapping action 
allows the sun's radiation to sterilise pathogens from the water. Adapted annual vegetation covers 
the sandbank during the winter months, thus limiting excessive drying of the soil (Chirol et al., 2021). 
Hence, healthy wetland vegetation is crucial for the sustainability of depressional wetlands 
(Milaneschi et al., 2021). The loss of wetlands has gained considerable attention over the past few 
decades, with over 50% loss reported since 1900 (Davidson, 2014). That is why wetland monitoring 
under changing climatic conditions focuses on the wetland littoral vegetation, which can be an early 
warning proxy for changes in hydrology, soil chemistry and biodiversity.  

Climate change threatens the persistence of vegetation species along wetland littoral zones (Cao 
et al., 2020; Sieben et al., 2021). Monitoring depressional wetlands at the national scale requires more 
than qualitative ecological survey methods (Adam et al., 2010; Ovaskainen et al., 2016; Thamaga et 
al., 2021). Meanwhile, remote sensing has become a popular option for monitoring and mapping 
wetlands at national scale (Adam et al., 2010; Adeli et al., 2020; Mahdavi et al., 2018). However, 
regarding vegetation on the littoral banks of depressional wetlands, remote sensing data with spatial 
scales that are small enough to quantify spatial changes in every meter are still not freely available, 
e.g. World View and aerial images (Aroma and Raimond, 2015; Baetz, 2000). Optical remote sensing 
is one of the most attractive options because it offers vegetation indices, and some data are distributed 
free of charge (Alam et al., 2021; Huete, 2012; Jackson and Huete, 1991; Verrelst et al., 2015). The 
opportunities to obtain optical remote sensing data have improved due to the Sentinel-2A satellite 
launch on June 23, 2015 (Djamai et al., 2019). Now, it is collecting multispectral data, including 13 
bands covering the visible, shortwave infrared bands (SWIR) wavelength regions that are freely 
available (Huang et al., 2016). However, sufficient consideration has not been given to the potential 
of Sentinel-2A vegetation indices in quantifying the wetland boundary at 10m spatial resolution. 
Sentinel-2A provides various vegetation spectral indices that can be extracted, including the SWIR 
region (Sonobe et al., 2018). Plant properties influence these indices, i.e. pigments, leaf water contents, 
biochemical, physiological and biophysical properties that vary at resolutions <1m (Cho et al., 2008; 
Main et al., 2011). There is interest in studying wetland vegetation using remote sensing vegetation 
indices (Fernández-Manso et al., 2016; Pettorelli, 2013). NDVI values <0.20 represent non-vegetative 
surfaces, while values <-0.0 represent water or very moist surfaces. However, NDVI values between 
-0.0 and -0.4 and corresponding ranges in RENDVI, NDWI and NDSI have not been declared or tested 
for the possibility of delaminating the wetland threshold. We hypothesised that the detection of the 
wetland boundary could be achieved using Sentinel-2A VIs, i.e. NDVI, RENDVI, NDWI and NDSI. 

Literature on remote sensing vegetation indices mainly focuses on vegetation classification or 
estimating vegetation properties. Vegetation properties may include biomass (AGB) and leaf area 
index (LAI). Literature that uses vegetation indices to study vegetation properties such as wetland 
functional traits is rare. Similarly, literature that uses vegetation indices to delineate and classify 
wetlands is uncommon. The objectives of most studies in the literature on vegetation indices are often 
to compare the performance of classification algorithms across acquisition dates or data sources. 
Classification algorithms may include machine-learning, e.g. k-nearest neighbours vs random forest 
vs support vector machines (Akbari et al., 2021; Liu et al., 2018; Mutanga et al., 2012). Data sources 
may include SPOT, Rapid Eye, Landsat and MODIS, while Sentinel 2 is less covered. Sentinel-2A 
provides the red-edge spectral bands that extend its potential usefulness for analysis of wetland 
vegetation, but free of charge and at the competitive spatial resolution, i.e. ten vs 20m compared to 
30m or greater (Koutsias and Pleniou, 2015). The sampling of training data is often completed 
through random selection of field plots. However, research questions require gradient analysis over 
a small scale, e.g. 10 m. Hence purposeful sampling at 10m spatial resolution is preferred and ensures 
that the researcher understands the sampling effects and their impact on the delineation and 
classification results while avoiding data contamination.  
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Due to the reasons outlined above, it is justifiable to investigate the feasibility of delimiting and 
classifying depression wetlands using Sentinel-2A Vegetation Indices (VIs). The use of gradient 
analyses and parametric statistics of remote sensing data derived from systematic transect sampling; 
is novel and justifiable. To our knowledge, Sentinel-2A data have not been used to estimate the 
threshold between wetland and dryland before. Based on the experience of other researchers who 
investigated a variety of satellite sensors in wetland vegetation, we see Sentinel-2A images as a 
valuable source of data for such applications. In the context of VIs in wetlands, studies that do not 
use machine-learning or mapping methods are also limited. Within this framework, the present study 
aimed to evaluate the potential of Sentinel-2A data for delineating the wetland threshold and 
classifying wetlands. The objectives were (i) to assess differences in Sentinel-2A vegetation indices 
between wetlands for classification (ii) to analyse trends of Sentinel-2A vegetation indices from the 
open waterbody to the outer dryland to assess the presence of an inflexion point between dryland 
and wetland. 

2. Materials and Methods 

General Methodology 

The study was conducted systematically, and all the critical steps were recorded to ensure 
repeatability. The general methodology (Figure 5.1) includes satellite remote sensing data, which was 
used to guide the process of selecting sample plots, transects, wetland sites and ecological and data 
science principles. The alignment of the data collection with remote sensing ancillary data ensured 
further repeatability because remote sensing data is publicly available. Therefore, the exact sample 
locations where these data were collected can be retrieved by subsequent researchers. 

 

Figure 1. The summary overview of the methodology followed in the research. 
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Selection of Study Area 

The Mpumalanga Lake District (MLD) was chosen as a study area because it has a rich diversity 
of depressions (and other wetlands). MLD is a good case study for isolated wetland ecosystems 
globally like the Prairie Pothole Region (PPR) in the northern Great Plains of the US. A sequence of 
two strata underlies the geology of MLD. In the stratigraphic order of stratigraphy, the Ecca Group 
is first; dominated by sedimentary deposits composed chiefly of shale and sandstone, followed by 
the Dwyka Group below it  (Smith et al., 1993). The Dwyka Group primarily consists of diamictite, 
tillite, claystone, mudstone and sometimes quartzite or sandstone shale (Visser, 1986). The catchment 
receives 767 mm of mean annual precipitation (Nondlazi et al., 2021). Catchment W55A has over 300 
depressional wetlands in just a 20-odd kilometre radius (Nondlazi et al., 2021). Within MLD, a subset 
of depressional wetlands was selected (, Lake Banagher Farm, 26°20'11.21 "S, 30°21'14.03 "E, in the 
Gert Sibande District, in the Msukaligwa Local Municipality, Mpumalanga Province, South Africa. 
The wetland (ecosystem types and vegetation). The diversity is due to variations in elevation, size, 
shape and width of the vegetated littoral zones. Therefore, sampling the MLD presents a good chance 
of covering a wide range of depressional wetland habitats in a relatively small area. 

Selection of Sampling Locations the Depressional Wetland Sites 

Eight depressional wetlands were selected to represent the range of depressional habitats 
(Figure2). The diversity of wetlands was observed in terms of (a) extent of the waterbody, (b) extent 
of vegetation cover, (c) shape and (d) size. 

Research manuscripts reporting large datasets that are deposited in a publicly available database 
should specify where the data have been deposited and provide the relevant accession numbers. If 
the accession numbers have not yet been obtained at the time of submission, please state that they 
will be provided during review. They must be provided prior to publication. 

Interventionary studies involving animals or humans, and other studies that require ethical 
approval, must list the authority that provided approval and the corresponding ethical approval 
code. 

 
Figure 2. Showing the positioning of the sampled transects numbered T1 to T3 (red coloured 
10mX10m belt transect of plots 100m2) lines for illustration purposes. The image has been clipped to 
the shape of the current boundary of the Lake Banagher farm. The map was created using Sentinel-
2A at the spatial resolution of 10m, a natural colour composite. 
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Field Surveys Design 

Two field surveys were conducted to collect ground truth data for wetland NDVI, RENDVI, 
NDSI and NDWI, i.e. Above Ground Biomass (AGB), Plant Species Richness (PSR), Vegetation 
Moisture Content (VMC). The first survey was conducted in March 2018, and the second was 
conducted in November 2018. The first survey focused on two big (0.30-1.3km2) wetlands, and the 
second focused on six smaller (0.003k-0.22km2) wetlands. Only two wetlands had data collected in 
both sampling periods. The repeated wetlands were used to quantify and ensure that the change in 
vegetation growth was negligible between the two sampling periods.   The sampling procedure was 
based on the belt transect method according to the Sentinel-2A pixels scheme. Sentinel-2A provides 
data with global coverage in a five-day revisit cycle side, making an overpass from above the equator. 
In addition to near-infrared and shortwave infrared bands, it has three red-edge bands (Bands 5-7 
(NIR) centre of the SWIR at 705, 740 and 783 nm, respectively), which have been proven helpful in 
vegetation classification. The intention was to cover the range of variation in the visible vegetation 
physiognomy from the water's edge to the dryland area (Figure 3). The best location for transects was 
the region of the wetland-dryland gradient that had the highest turnover in pixel tone (colour 
variation). A high variation of pixel tone was considered to reflect higher turnover in species or 
vegetation structure or both. At each wetland, a field survey was conducted. The belt transect method 
was preferred to adequately sample the longitudinal gradient from the waterbody to the dryland. 
The width of the transects was 10m in line with the spatial resolution of Sentinel-2A. Transects had 
varying lengths, dependent on the width of the littoral zone being sampled (30m - 130 m). 

Setting Up the Belt Transects 

A mash grid made up of contiguous 10m plots was generated in ArcGIS ArcMap 10.5. This grid 
was overlaid on a true colour composite of the Sentinel-2A to identify the best locations for transects, 
following the approach by Goodman (1990). For wetlands greater than 0.2 km2 (the three most 
extensive wetlands, Appendix C), three transects were sampled around each wetland (Figure 2). For 
the smaller wetlands, one transect was sampled. Plots with similar vegetation structure and 
composition as the ones preceding them were not sampled to avoid repetition. Purposeful sampling 
ensured that the sampling maximised the efficiency of a representative sampling of landscape 
features and avoided repetitive sampling and anomalies, e.g. termite mounds. The length of a transect 
was limited by the fence or by reaching the dry ground.  

Imagery Collection, Data Pre-Processing and Selecting Vegetation Indices 

Concurrent availability of 10-day Sentinel-2A data provides an unprecedented opportunity to 
gather high-resolution (10m) data for national mapping of wetland ecosystems. Sentinel-2A data 
became available for South Africa in the middle of 2015, and its capabilities to map wetland 
ecosystem types, boundaries and species still require adequate assessment. The easy and 
simultaneous access to the entire archive of Sentinel-2A products through fast and scalable 
computational machine learning tools. Google Earth Engine (GEE) makes machine learning an 
essential and powerful tool for wetland monitoring and assessment. Processing cloud-free imagery 
can be computationally challenging. However, the combined use of coding computations in R and 
GEE offers seamless alternatives to expensive software such as ArcGIS and ENvironmet for 
Visualising Images (ENVI).  

The study location (Lake Banagher farm) was identified and delineated with a polygon using 
six/seven vertices. A Sentinel-2A Multispectral Instrument (MSI), Level-2A image collection was 
downloaded from the European Union - Copernicus (ESA). Images that fall within the interval of the 
target dates ("2017-07-01", "2020-09-30") were filtered and downloaded from the Sentinel-2A 
collection of images using the "filterDate" function algorithm. The resulting subset collection was 
sorted into ascending cloud cover (from the least cloud cover to the highest) using the "sort" function. 
This function uses the Sentinel-2A cloud probability from the Sentinel-2A cloud detector library 
(using "LightGBM"). All bands were up-scaled through resampling using bilinear interpolation to 
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10m resolution before applying the "gradient boost base" algorithm. The resulting 0 to 1 floating point 
probability is scaled as 0 to 100 and stored as a UINT8. Areas missing any or all of the bands were 
masked out. Higher values are considered to be clouds or highly reflective surfaces. The first image 
out of this collection - i.e. the most cloud-free image was selected and used for the analysis 
(COPERNICUS/S2 SR/20191004T074749 20191004T080733 T36JTR). Define visualisation parameters 
were de ned in a JavaScript dictionary to render a true colour composite as bands 4,3 and 2 as RGB, 
respectively. Normalised Different Salinity Index (NDSI) was computed as" (SWIR1 - SWIR2) / 
(SWIR1 + SWIR2)". Where SWIR1="B11" (1610 nm) and SWIR2 = "B12" (2190 nm) at a spatial 
resolution of 20 m. Normalised Difference Water Index (NDWI) was computed as" (GREEN - NIR) / 
(GREEN + NIR)". Where GREEN="B03" (560 nm) and NIR= "B08" (842 nm) at a spatial resolution of 
10 m. Normalised Difference Vegetation Index (NDVI) was computed as" (NIR - Red) / (NIR + Red)". 
Where NIR="B08" (842 nm) and Red= "B04" (665 nm) at a spatial resolution of 10 m. Red-edge 
Normalised Difference Vegetation Index (RENDVI) was computed as" (VRE1 - VRE2) / (VRE1 + 
VRE2)". Where VRE1="B05" (705 nm) and VRE2= "B06" (740 nm) at a spatial resolution of 20m (Figure 
3). 

 
Figure 3. Maps of indices from which the data were extracted. The classification maps were analysed 
using Google Earth Engine. The figure supports the study's key aim, i.e., determining littoral 
transition, because classifying images is critical before extracting data. Colour composites can also 
provide information on vegetation distribution. 

Normalised Difference (NDVI) and Red-Edge Normalised Difference Vegetation Index (RENDVI) 

The normalised difference vegetation index (NDVI) was one of the first satellite vegetation 
indices and strongly correlates with canopy cover (r2 = 0.84), photosynthesis and primary production 
of vegetation (Cho and Ramoelo, 2019). Sentinel-2A NDVI was calculated using the visible red 
(VisRed) and the Near Infrared (NIR) bands. These regions are often used to analyse vegetation 
(Kaplan and Avdan, 2017). These regions interact with vegetation tissues' internal pigment and 
chemistry. The red-edge NDVI is less prone to saturation because it penetrates the vegetation canopy. 
This ability to penetrate means measuring the variation of leaf foliage that is not exposed, located at 
the bottom of the canopy. Meanwhile, NDVI declines when the species composition changes to more 
sedge species because of fewer leaves and, therefore, less chlorophyll among sedge species. While 
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this decline in NDVI could confound the decline in NDVI that is a response to the decrease in 
vegetation biomass, it might be useful for detecting an increase in the abundance of sedge species 
along the littoral gradient of wetlands.    

Normalised Difference Salinity Index (NDSI) 

The natural interaction between salty seawater and soils along the coastline has driven the wide 
application of remote sensing indices of soil salinity (Abdel-Kader, 2013; Chi et al., 2019; Das et al., 
2011). Monitoring salinity intrusion has been a key application area for soil salinity indices (Nguyen 
et al., 2020). The normalised different salinity index (NDSI) accurately detects overall salinity and 
applies to exposed soils (Al-Khaier, 2003). The application of the salinity index to detect changes in 
soil chemical salt conditions has been widely used in the literature despite the limitation where 
vegetation covers the soil. The idea of collecting soil samples underneath vegetation over a geo-
referenced spatial scale and analysing it using laboratory spectroscopy can solve the challenge of 
vegetation cover but has not been widely tested. Variations in the salt content of the soil underneath 
vegetation pose another unique challenge when correcting soil background attenuation with 
vegetation cover.  

Normalised Difference Water Index (NDWI) 

The Normalised Difference Water Index (NDWI) is derived from a band ratio of Near-Infrared 
(NIR) and Short Wave Infrared (SWIR) channels (Gao, 1996, 1995). The traditional application, such 
as that of Tucker (1980), emanates from the premise of the response of SWIR reflectance to changes 
in both the vegetation water content and abundance of spongy mesophyll cell structure in vegetation 
canopies. The response of the NIR reflectance to leaf internal structure and leaf dry matter content 
(Ceccato et al., 2002, 2001; Huang et al., 2018; Jackson et al., 2004) can be helpful. For example, the 
abundance of mesophyll cells signifies the abundance of obligate wetland vegetation. Against this 
background, we hypothesised the non-traditional use of dry soil samples (Delbart et al., 2005). We 
hypothesise that these two wavelength regions (SWIR and NIR) should also respond to variations in 
soil structure. Gu et al. (2008) proposed that its response to the structures of spongy mesophyll cells 
would also interact with the different soil structural compositions that emanate from differences in 
waterlogging characteristics of soil along the wetland gradient (Delbart et al., 2005; Jackson et al., 
2004). 

3. Data Analysis 

Density plots and box and whiskers plots were used to visualise and assess the variability of the 
three vegetation remote sensing indices. Significance tests were conducted to assess the statistical 
validity of the results. All analyses were conducted using R version 3.6.2 (R Development Core Team, 
2019). The Tukey Honest Significant Difference test, accounting for the Bonferroni effect, controlled 
Type I errors in multiple comparisons. To test the significance of the hypotheses at = 0.05, the possible 
number of combinations or Bonferroni coefficient (m) for eight wetlands was m=28. The "m" value 
and a new alpha level of 0.001 were calculated using the combination formula (Eq. 5). Where the 
default alpha level (0.05) is divided by “m” i.e. (nCr = n / r * (n - r)). Where n represents the total 
number of items, i.e. 8, and "r" represents the number of items being compared at a time, i.e. 2, to 
calculate the Bonferroni adjustment alpha level. Maps in this paper were created using ArcGIS® and 
ArcMap® software by Esri; used herein under intellectual property license, Copyright Esri©, unless 
otherwise stated. For more information about Esri® software, please visit www.esri.com.  

4. Results  

The mean NDVI values (Figure4) of the eight wetlands were significantly different (F 7;77 = 
4.3539, p< 0.001) at Bonferroni adjusted alpha level (p<0.001, One-way ANOVA) and NDSI (F 7;77= 
7.0765, p< 0.001) but not NDWI (F 7;77= 3.135, p=0.0058), RENDVI (F 7;77 = 3.1995, p=0.005). The 
results from ordination analysis, conducted using all four variables, revealed three groups of 
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wetlands (Principal Component Analysis (PCA)). Group A biased towards NDVI and NDSI, group 
B is biased towards NDWI and group C is biased towards RENDVI. The first two PCA axes were the 
most important latent variables that correlated (88.38%) to the four variables. The first PCS axis was 
biased toward RENDVI (18.78%), and the second PCA axis was biased towards NDWI (69. 51%). 
Therefore, based on the eigenvalues of the correlation matrix for the four active variables, ordination 
results further support the ANOVA findings of the importance of spectral difference in 
differentiating the wetlands from one another (Figure 5).  

 
Figure 4. Median NDWI, NDSI, RENDVI and NDVI across the eight sampled wetland sites (data that 
is combined by site). Data have been arranged in descending alphabetic order by site name. Sample 
density distributions of the eight wetlands' four vegetation remote sensing indices appear below 
respective horizontal boxplots, following the same colour scheme of the horizontal boxplots—
projection of the variables on a 1÷4 factor-plane (right). Each data point in each of the four regions of 
the ordination space is influenced more by the variable correlated with the specific region. 

 

Figure 5. PCA ordination diagram of the Lake Banagher Wetland remote sensing vegetation indices 
dataset with data points representing plots grouped by the site (colours).  

Trends of Edaphic Factors Along the Wetland Gradient 

 Generally, there were negative trends in the response of NDSI (r2=0.96-0.34), NDVI (r2=0.99-
0.20) and NDWI (r2=0.95-0.20) along the gradient from the centres of the wetlands to the outer 
dryland boundary, while RENDVI had positive trends (r2=0.95-0.25). However, at relatively short 
distances, ranging from 30 to 70 m. This distance probably reflected the extent of the palustrine 
section of the depressional wetlands (Figure 6). When the data from the remote sensing indices were 
combined across the gradients of all wetlands to drylands, the index maintained their general trends, 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 8 July 2024                   doi:10.20944/preprints202407.0631.v1

https://doi.org/10.20944/preprints202407.0631.v1


 9 

 

NDSI, NDVI and NDWI = negative, and RENDVI = positive (Figure7). The change of the patterns of 
Sentinel-2A indices, which probably reflects the mean seasonal maximum extent of the wetland, at 
70m on average for combined data with the 8th plot (80 m) showing a change in the direction of the 
pattern to the opposite direction. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 8 July 2024                   doi:10.20944/preprints202407.0631.v1

https://doi.org/10.20944/preprints202407.0631.v1


 10 

 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 8 July 2024                   doi:10.20944/preprints202407.0631.v1

https://doi.org/10.20944/preprints202407.0631.v1


 11 

 

 
Figure 6. Polynomial regression models of remote sensing vegetation indices to increasing distance 
from the edge of the wetland waterbody (solid red lines, mathematical model iterations;  statistics 
for the model are in appendices). 
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Figure 7. Mean values of vegetation spectral indices aggregated by plot number across the littoral 
gradient of depression wetlands, showing adjacent groups of plots being similar in spectral indices 
and differences in spectral indices between the two sides of the wetland threshold. 

5. Discussion  

Differences in remote sensing vegetation indices across the depressional wetland 
This study investigated differences in selected remote sensing indices of vegetation among eight 

depressional wetlands in a temperate grassland biome. Our results showed that significant (p<0.001) 
site-level differences were detected for two of the indices, NDVI (1/28) and NDSI (1/28), between 
wetland pairs. Four other wetlands showed a significant difference at p<0.05. Wilson and Norman 
(2018) analysed spatial and temporal trends in vegetation greenness and soil moisture. Still, they used 
normalised difference infrared index (NDII) instead of normalised difference water index NDWI and 
normalised difference vegetation index (NDVI) from Landsat instead of Sentinel-2A. To our 
knowledge, vegetation indices derived from Sentinel-2A data have not been used to estimate the 
thresholds between wetland and dryland or to delineate wetlands or group wetland sites in the MLD 
(Wilson and Norman, 2018). Wilson and Norman also noted the effect of grazing on canopy cover 
(2018), lowered NDVI performance, while NDII was better at tracking changes in areas with 
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continuous grazing. Results from Wilson and Norman (2018) could explain why only one out of 28 
pairs was significantly different as all the other camps where the other wetlands are found were 
grazed. Lumipan was in a rested camp, to be grazed following Blinkpan, which was being fed during 
the time of sampling. These results can be relied upon because they were produced with data 
collected from cloud-free images (<5% cloud cover), and the indices were manually calculated using 
a javascript in GEE. This use of GEE and cloud-free images means that the image quality, location 
reference and calculations were based on a standard protocol collected together with management 
information and are repeatable. There is a need for further research on the seasonal time-series of 
vegetation spectral indices of depressional wetlands (Li et al., 2017). We tested similarities in spectral 
indices across the wetland sites. The differences in spectral indices across the eight wetlands showed 
that although the wetlands differ in characteristics that partly affect or drive the spectral indices, there 
is still high convergence or grouping in the trends of vegetation spectral indices. The meaning 
similarity in spectral indices is present within formed groups. These groups are more likely to result 
in wetland groups with similar functioning. Two wetlands were distinct from each other (Blinkpan 
and Slangpan), while other wetlands were similar.  

Patterns of Remote Sensing Vegetation Indices Along the Wetland Littoral Gradient 

The trends in vegetation spectral indices are related to field capacity and edaphic factors, 
including the amount of water content held in the soil after excess water has drained away and the 
rate of downward movement has decreased (Castelli et al., 2000; Colman, 1947; Twarakavi and Sakai, 
2009). Furthermore, NDVI can be strongly influenced by surface and groundwater availability 
(Aguilar et al., 2012; Fu and Burgher, 2015). The available water capacity is also crucial in explaining 
these patterns. It refers to the ability of soil to hold water from infiltrating to the lower levels of the 
soil profile yet make it available to plants (Cassel and Nielsen, 1986). It is the water held between 
field capacity and the wilting point.   

The wetland-dryland threshold boundary for delineating endorheic wetlands 
In this research, we tested whether remote sensing vegetation indices can be used to delineate 

the boundary of endorheic wetlands by thresholding wetland edaphic factors, similar to studies in 
the PPR, situated in the temperate grasslands of the US (Wu and Lane, 2016). However, the 
delineation of thresholds of endorheic wetlands from Wu and Lane (2016) is based on a micro 
elevation determined using Light Detection and Ranging. It does not specify the distance from the 
wetland waterbody. In this study, the empirically derived threshold of the maximum extent of 
individual wetlands ranged between 30m and 70 m. However, the aggregate threshold for all eight 
depressional wetlands, based on the three median vegetation remote sensing indices, was 70 m. 
Hence, we recommend using a maximum buffer of 100m to add a precautionary vegetation buffer of 
30m to accommodate the ferralitic zone of incoming subsurface seepage. The buffer width should be 
based on site-specific recommendation using the percentage change threshold; hence the 100m is a 
policy recommendation, not a scientific result. Ma (2016) suggests a minimum buffer of 20m 
(Semlitsch and Bodie, 2003). Wetland buffering is vital for wetland management and water 
protection, flooding control, groundwater storage, habitat for wild species, recreation, aesthetics and 
removal of sediment and pollutants (Castelle and Johnson, 1994; Correll, 1996; Gleason et al., 2003; 
Wenger and Fowler, 2000). In theory, a generalisation of a percentage change threshold can be used 
in the place of a distance measure. This theoretical approach allows the results of our study to be 
applied to other wetlands globally and can therefore be theoretically represented (equation 6) for 
determining the wetland threshold using empirical measurements of edaphic factors (Nondlazi et al., 
2021). Therefore, this result is crucial for the South African policy framework and environmental 
impact assessments (Sandham et al., 2019). 

6. Conclusions 

Study results showed that depressional wetlands of the temperate grassland biome differ 
significantly in remote sensing indices. There are correlations between these remote sensing 
vegetation indices and field measurements at the plot or pixel level, but the regression relationships 
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remain tested. However, similarities are present among some of the wetlands depressions are related 
to the size of the littoral zones. This study also revealed consistent horizontal trends in the vegetation 
remote sensing indices from the open water to the outer dryland characterised.This study also 
revealed consistent horizontal trends in the vegetation remote sensing indices from the open water 
to the outer dryland, characterised by a declining trend for NDSI, NDVI, NDWI and increasing trends 
for RENDVI. This study demonstrated that for depression wetlands within the MLD, the wetland 
threshold (threshold between dryland and wetland) could be empirically detected at a relatively 
short distance of about 30 to 70 metres; a threshold where the trends of vegetation remote sensing 
indices change to opposite directions with a percentage change that is greater than 5%. This threshold 
can potentially inform the delineation of the outer edge of endorheic wetlands, which are poorly 
mapped globally for under threat wetlands. 
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