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Abstract: Wetland ecosystems are being modified and threatened due to anthropogenic activities and
climate change, hence the urgent need for wetland restoration. Wetland rehabilitation is important in
the reversal of these dire conditions, and this can be pursued through restoring damaged wetland
ecosystems and recovering wetland vegetation. Wetland biophysical properties such as leaf area
index (LAI) are important indicators of vegetation productivity and stress. Therefore, the study
sought to test the potential of Sentinel-2 multispectral instrument (MSI) derived standard bands, tra-
ditional vegetation indices and red-edge derived vegetation indices in estimating wetland vegetation
LAI across natural and rehabilitated wetlands. Traditional field surveys were carried out for LAI
measurement of wetland vegetation using the LAI-2200 Plant Canopy Analyser. Partial Least Squares
Regression (PLSR) algorithms were used to compare the estimation strength of models derived from
all Sentinel-2 MSI bands, conventional vegetation indices and red-edge derived vegetation indices.
Leave-one-out cross-validation (LOOCV) was completed on a selected measured dataset to evaluate
the performance and accuracy of the estimation models. The optimal models for estimating wetland
vegetation LAI were produced based on red-edge bands centred between the 705-783 nm as well as
the 865 nm (Band 8a) of the electromagnetic spectrum. The results showed that vegetation indices
derived from red-edge bands performed better at estimating LAI for both wetlands with a root mean
square error of prediction (RMSE) of 0.32 m? /m? and R? of 0.61 for the natural wetland, and RMSE of
0.51 m?/m? and R? of 0.75 for the rehabilitated wetland. The optimal model for predicting LAI across
natural and rehabilitated wetlands was attained based on red-edge bands centred at 705 nm (Band 5),
740 nm (Band 6), 783 nm (Band 7) as well as 865 nm (Band 8a) yielding a RMSE of 0.51 m?2/m?
and R? of 0.54. Overall, the results underscore the importance of remotely sensed derived data and
vegetation indices in the optimal characterisation of wetland vegetation productivity which can be
utilized in the monitoring and management of wetland ecosystems.
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1. Introduction

Wetlands are important ecosystems and play a significant role in regulating the health
of the environment [1,2]. Wetlands are responsible for maintaining environmental quality,
micro-climate stabilisation, flood control, water infiltration and biodiversity support [1,3-5].
They provide an interface for terrestrial and wetland species interaction [2,6]. Furthermore,
wetlands have been providing an array of social and economic benefits for centuries [7].
However, wetlands are continuously being degraded in terms of their ecosystem services,
diversity and spatial extent by chiefly anthropogenic activities such as urbanization, agricul-
ture and sand mining, and the effects of climate change and invasive species [8]. Invasive
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alien plant infestation also affects wetland functionality, as they reduce the amount of water
that is available for the wetland through their voluminous intakes. Alien invasive plants
compete with the natural indigenous wetland vegetation for water, therefore decreasing
the ability of these plants to perform their function in the wetland ecosystem. Hopkins
etal. [9], state that wetland degradation or loss could increase the net global carbon dioxide
in the atmosphere, by up to 6% per year. This challenge is compounded by the fact that
currently there is a dearth of comprehensive frameworks and objective criteria for monitor-
ing the health of these wetlands. In this regard, even after restoring the degraded wetland
ecosystems, it is still difficult to monitor and assess their health improvement. Recent
studies on wetland restoration have highlighted the importance of restoring degraded
wetlands and the importance of monitoring and maintaining these wetlands [10-12].

Wetland functionality and health monitoring have proven to be complex tasks due
to the complexity of these ecosystems. This is a result of limited wetland data that can
be used to assess restored wetlands over a period of time [10,11]. However, there has
been an increase in studies exploring different methods that can be used to assess the
ecological attributes of restored wetlands [12]. According to Eviner et al. [11] and Wortley
et al. [11], vegetation characteristics such as LAI, biomass and vegetation height, as well as
wetland ecological processes, can be used to measure wetland functionality. In practice,
wetland vegetation is the most common indicator of wetland rehabilitation success or
failure and therefore can serve as a health index of these ecosystems. This is because
wetland degradation is directly reflected in the decreased productivity and even mortality
of wetland vegetation. Therefore, vegetation’s biophysical properties such as leaf area index,
biomass, chlorophyll and water content can be used as the main indicators of vegetation
health and productivity in wetland ecosystems [8,13,14]. Currently, there is no standardised
method for monitoring and assessing the ecological attributes of wetlands, hence the
necessity to explore and develop detailed and accurate methods for wetland assessment.

Remote sensing techniques are frequently used to map and monitor plant species dis-
tribution, quality and quantity as a sustainable management method for wetlands [15,16].
This is because traditional wetland monitoring methods such as manual species discrim-
ination and taxonomical information are highly labour intensive, overpriced and time-
consuming. Furthermore, some of these methods cannot be applied in larger areas. Mean-
while, remote sensing techniques offer time and cost-effective means of estimating wetland
vegetation biophysical parameters [15]. Leaf area index (LAI) is one of the commonly used
vegetation biophysical properties in measuring vegetation health and functionality. It is an
indicator of ecological processes, such as photosynthesis, plant and soil respiration, net
primary productivity and energy exchange rates between plants and the atmosphere [17].
It can be used to predict future growth and changes in canopy structure, which are fun-
damental aspects of environmental management [18]. Specifically, when a plant grows,
even after a disturbance, its leaf area index increases with the increase in leaf density. In
this regard, LAI can then be used as a proxy for assessing the health and productivity of
vegetation across restored and natural wetlands. Wetland plants and their attributes such
as LAI are not easy to detect using point-based manual techniques. As a result of varying
wetland conditions such as soil moisture and wetland hydrology, wetland vegetation traits
vary and these compound the challenge of characterising their productivity [19]. Above all,
it could be very challenging to identify the boundaries between their plant communities.
Therefore, there is a need to establish techniques that are robust and can cost and time
effectively distinguish wetland vegetation attributes such as LAI [20].

Remote Sensing has been widely proven to be a time and cost-effective technique
for detecting and mapping vegetation attributes such as LAI [21,22]. It is in this regard
that the launch of the advanced new generation sensor, the Sentinel-2 Multispectral In-
strument (MSI), has been proven to be of great advantage to LAI estimation [21]. Studies
have confirmed the strength of the added red-edge bands provided by the Sentinel-2
Multispectral Instrument for LAI estimation [22]. For instance, Clevers & Gitelson [22]
successfully estimated LAI in crops and grasslands, which illustrated the significance of
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the red-edge bands of the multispectral instrument. A study by Delegido, Verrelst, Alonso,
& Moreno [23], also demonstrated the importance of the red-edge band on Sentinel-2 MSI
for LAI estimation in grasslands and crop vegetation. Furthermore, vegetation indices
derived from the red-edge spectrum have proven to have high accuracies when estimating
vegetation properties such as biomass, which are particularly associated with LAI [24,25].

Research on estimating wetland vegetation LAI has often been done on forested
wetlands and mangrove wetlands [26]. According to Adam et al. [15], the univariate
regression analysis inclusive of vegetation indices (some of which are normalized), the
difference vegetation index (NDVI), and simple ratio (SR) derived from the visible and
NIR wavelengths are the most commonly used empirical models used in estimating
LAI Sibanda et al. [25] illustrated that the error in the estimation of LAI was reduced
with the inclusion of red-edge vegetation indices. This is because vegetation spectral
reflectance is influenced by vegetation biophysical properties such as LAI, chlorophyll
content and leaf angle distribution, these properties are known to be highly associated
with the red-edge [23,24,27,28]. However, wetlands are characterised by high moisture
content, leaf density, and leaf angle distribution associated with various wetland plant
species. These often attenuate the signal of vegetation through the process of saturation,
making it difficult to characterise physiochemical plant characteristics such as LAI in
a wetland setting. Therefore, it is perceived that including red-edge vegetation indices
could significantly improve the accuracy of LAI estimation models across the rehabilitated
and natural wetlands. In our understanding, there has not been a study undertaken to
estimate wetland vegetation LAI across natural and rehabilitated wetlands using Sentinel-2
MSI with the red-edge bands. Therefore, this study aims to test the ability of Sentinel-2
MSI-derived data and vegetation indices in estimating the variation in leaf area index for
vegetation growing in a natural wetland and that growing in a rehabilitated wetland. The
ultimate goal is to evaluate whether wetland rehabilitation improves the productivity of
wetland vegetation and assess the extent to which this natural capital can be monitored
from remote sensing.

2. Materials and Methods
2.1. Study Area Description

The study was conducted in the Greater Edendale Mall wetland (29°38'54.70” S and
30°20/28.03"” E) and Wetland Erf 1105 in Willowfontain (29°42/41.51” S and 30°20'49.22" E),
both situated in Pietermaritzburg, KwaZulu-Natal (Figure 1). The Willowfontain wetland
is a natural wetland that is approximately 347.051 m?, while the Edendale wetland is a reha-
bilitated wetland that is approximately 502.519 m?. Currently, these wetlands are colonised
by common hydrophytes such as Typha Capensis and Cyperus dives species (Figure 2). How-
ever, other species such as Cyperus sphaerospermus, Cyperus textilis, Imperata cylindrical and
Ischaemum fasciculatum grow on these wetlands. Degradation of the Edendale wetland
was a result of historic and current land-use practices, which include the encroachment of
residential and commercial development as well as grazing pressure, which has resulted
in significant modifications to the catchment. This in turn altered the wetland system’s
functions such as flood attenuation, sediment trapping and erosion control.

The rehabilitation process on the Greater Edendale wetland started in the year 2010.
This was done as part of the development of the Greater Edendale Mall. The rehabilitation
was done to ensure that there is no diffuse flow of water through the wetland system.
This has allowed for the establishment of a diverse range of wetland species through the
transformation from temporary to permanently wet soils. The wetland was dominated by
alien invasive plant species such as Lantana camara, Melia azedarach, Solanum mauritianum
and Sorghum halepense. Sewage water was also identified as one of the main disturbances
to the wetland ecosystem.

The study site generally experiences summer rainfall, but with some rainfall in winter.
Average annual rainfall ranges between 801-1000 mm, while mean annual temperatures
range from approximately 4.1 °C to 27 °C. The dominant soil types in the study site consist
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of fill colluvial and residual soils that overlie weathered shale, with the average elevation
ranging from 712-721 m.
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Figure 1. Map showing the location of the study area within KwaZulu-Natal, Pietermaritzburg.
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Figure 2. (A) Greater Edendale Wetland (rehabilitated wetland), (B) Willow fountain wetland (natural
wetland) and (C) Typha Capensis, one of the two dominant wetland vegetation species.

2.2. Field Data Collection

Prior to field sampling, Google Earth Pro was used to digitise the wetland areas.
Subsequently, the digitised polygons were transferred into a geographic information system
(GIS), where a total of 130 random points were generated for LAl measurement. Specifically,
72 sampling points from the Greater Edendale wetland and 58 from the Willow fountain
wetlands were conducted and considered for this research. A handheld global positioning
system (GPS) was used for navigation around the wetlands to the point of sampling. At
each point, a 10 m by 10 m quadrat was established and used as a sampling unit.

At each quadrat, LAI estimate measurements were conducted and recorded against
the coordinates of that sampling point using the LAI-2200 Plant Canopy Analyser.

The Plant Canopy Analyser computes the LAI from the canopy based on incoming
radiation measurements from a fisheye optical sensor. In measuring LAI estimates, five
measurements were conducted (1 measurement) above and (4 measurements) below the
canopy on sunny conditions. LAI estimates measurements were conducted in such a
way that no external object obstructed the LAI-2200 instrument’s optical sensor. The
optical sensor was then placed levelled underneath the leaf canopy, with the above canopy
measurement focusing in a similar direction. LAI measurements were recorded, captured
in Microsoft Excel as a CSV file and imported into GIS as a table. A point map of LAI was
then created using the imported Excel sheet with recorded LAI from each sampling point.
This point map was then overlaid with the remotely sensed data to extract the spectral
signatures from each sampling point.

2.3. Remotely Sensed Data

A Sentinel-2 Multispectral Instrument satellite image of the study area that was
acquired on 3 October 2018 was obtained from the ESA Copernicus Open Access Hub
(https://scihub.copernicus.eu/, accessed on 8 October 2018). The image’s acquisition
date coincided with the period when field sampling was conducted. The image was
pre-processed using Sentinel Application Platform (SNAP) version 2.2, the atmospheric
correction was thereafter implemented on the image in order to extract accurate wetland
vegetation spectra in a GIS system. The spatial resolution on Sentinel-2 MSI ranges between
10 m to 60 m with a revisit period of five days under clear sky conditions (Frampton et al.,
2013). Sentinel-2 MSI consists of 12 spectral bands, where bands 2, 3, 4 and 8 are positioned
at 10 m, bands 5, 6, 7, 8a, 11 and 12 are positioned at 20 m and bands 1, 9 and 10 are
positioned at 60 m. Sentinel-2 MSI offers unique red-edge bands which are situated at
wavelengths between 705-783 nm (bands 5, 6 and 7).
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However, spectral signatures for wetland vegetation were extracted from all Sentinel-
2 MSI bands. Vegetation indices were generated based on the simple ratio (sR) and
normalised difference vegetation (nDVI) from all conceivable Sentinel-2 MSI band combi-
nations including red-edge bands for estimating LAI. Additionally, traditional vegetation
indices such as the green normalised difference index (GNDVI), the normalised difference
water index (NDWI), and the chlorophyll green (Clgreen), transformed difference vegeta-
tion index (TDVI) were also computed using Sentinel-2 MSI bands excluding those with
a 60-m spatial resolution, which are atmospheric correction channels (Table 1). Approxi-
mately 270 spectral variables were used in this study, as illustrated in Table 1.

Table 1. List of Sentinel-2 bands and vegetation indices used in this study.

AISI:;;ZIS Variable Type Variable Formula
1 All Sentinel 2 MSI bands ~ D11s 8reen red NIR
and red-edge
2 Conventional VIs SR NIR/Red
SR.re NIR/Red-edge
NDVI (NIR—Red)/(NIR + Red)
NDWI (Green—NIR)/(Green -NIR)
GNDVI (NIR)/(Blue + NIR)
Chlgreen (NIR—Green)/(Green + Red)
TDVI /(NIR—Red)/(NIR + Red)
3 Modified VIs sR B1/B2*
nDVI (B1-B2)/(B1 + B2) *
4 Combim.ed spectral Bands & VIs
variables
5 Pooled data Combined wetlands

& VIs

* Where B1 and B2 are any Sentinel 2 MSI spectral bands.

2.4. Statistical Analysis

Before the analysis, a Shapiro-Wilk normality test was completed. This was done
to ensure that there are no significant deviations of field-measured LAI. The descriptive
statistics were also computed on SPSS statistics 24. The Shapiro-Wilk test results illustrated
that there were no significant deviations in LAI data from the normal distribution (p > 0.05).

2.5. Partial Least Squares Regression Method

Partial Least Square Regression (PLSR) in R was used to evaluate the capability of
Sentinel-2 MSI derived data in estimating wetland vegetation LAI between a natural and
rehabilitated wetland. This advanced technique was selected because it uses a selection
of independent variables to predict a selection of dependent variables and is particularly
advantageous when prediction is done using a considerable selection of independent
variables [28,29]. This model is desirable for this study because the remotely sensed data
(bands) are transformed into new orthogonal factors which aid in avoiding multicollinearity
and overfitting issues [25,30]. The algorithm imposes sparsity, as it selects the optimal
variables for each model that are most suitable for LAI estimation [25].

The process of model validation refers to assessing the performance of a model under
realistic conditions using independent data [31]. Leave-one-out cross-validation (LOOCYV)
was therefore completed on a selected measured dataset to evaluate the performance of the
PLSR model. Cross-validation (CV) has been proven as a useful method in prediction error
estimation [32]. It is an unbiased and commonly used method to determine the optimal
number of components to take into account [33]. CV splits data into training and testing
data. Research conducted on plant biophysical data often uses LOOCYV as a validation
method [31]. The LOOCYV coefficient of determination (R?), root mean square error (RMSE)
and relative root mean square error of prediction (relRMSE) of the regression were used to
generate the goodness of fit for all of the models, and these were computed to assess and
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compare the LAI estimation models across both wetlands. The models representing the
measured and predicted LAI were compared for both wetland types. The most optimal
model was represented by the lowest RMSE and relRMSE. This indicated that the model
performed better than the other models.

3. Results
3.1. Measured LAI Descriptive Statistics

The highest in-situ measured LAI value was 5.07 m?/m?, which was recorded from
the rehabilitated wetland (Figure 3). The number of sampled points in the rehabilitated
wetland were higher in measured LAI compared to the natural wetland. This is due to
the productivity of the rehabilitated wetland as compared to the natural wetland. Field
measured LAI mean values of 2 m?/m? and 3 m?/m? were observed for the natural and
rehabilitated wetlands, respectively. The standard deviation of LAI data in the natural
wetland was 0.60 m?/m? and 1.17 m?/m? for the rehabilitated wetland (Table 2). After the
outliers were removed, 3.61 m?2/m? was the highest recorded LAI measured for natural
wetland and 5.07 m?/m? for the rehabilitated wetland. The LAI measurements represent
a variable distribution across the two types of wetlands, and a wide range of LAI mea-
surements was recorded for the rehabilitated wetland (Figure 3). The Shapiro-Wilk test
results illustrated that there were no significant deviations in LAI data from the normal
distribution (p > 0.05).

)

sm-

~

Measured LAI (m

1
Wetlands

B Natural [] Rehabiltated

Figure 3. Box plots of LAI, where the grey box represents the natural wetland and the white box
represents the rehabilitated wetland.

Table 2. Descriptive statistics of LAI (m2/m?) for natural and rehabilitated wetlands.

Samples Minimum Maximum Mean Std. Dev
Natural Wetland LAI 46 0.97 3.61 2.051 0.602
Rehabilitated Wetland LAI 52 0.75 5.07 3.042 1.176
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3.2. Comparing the Influence of Standard Bands and Traditional Vegetation Indices in Estimating
LAI of Wetland Vegetation between Natural and Rehabilitated Wetlands

In comparing the standard bands with traditional vegetation indices in estimating LAI
of wetland vegetation, the results exhibited better accuracies when standard bands were
used for LAI estimation for the natural wetland, as compared to traditional vegetation
indices. An RMSE of 0.72 m?/m? and an R? of 0.51 was obtained from using standard
bands, whereas a RMSE of 0.78 m2/m? and an R? of 0.42 was obtained when traditional
vegetation indices were used based on the PLSR algorithm. However, for the rehabilitated
wetland, results showed that standard bands were outperformed by traditional indices in
estimating wetland vegetation LAI. A RMSE of 0.59 m?/m? and R? of 0.74 was attained
using standard bands, while a RMSE of 0.57 m?/m? and an R? of 0.71 was obtained
when traditional indices were used. The optimal variables that were selected for this
model included red-edge bands, vegetation indices which comprised of red, green and
yellow near-infrared (NIR) and mid-infrared (MIR) for the natural wetland. Whereas the
optimal variables selected for the rehabilitated wetland were from the red section and the
red-edge bands.

3.3. Comparing the Influence of nDVI and sR Vegetation Indices in Estimating LAI of Wetland
Vegetation between Natural and Rehabilitated Wetlands

LAI estimation accuracies improved with the use of nDVI and sR vegetation indices,
as compared to the accuracies derived from using standard bands only. A RMSE of
0.32 m?/m? and an R? of 0.61 were attained for sR vegetation indices whereas, a RMSE of
0.34 m?/m? and an R? of 0.62 were obtained from nDVI (Figure 4). Therefore, nDVI vegeta-
tion indices were outperformed by sR vegetation indices in the natural wetland. However,
for the rehabilitated wetland, results show improved accuracies in LAI estimations for
wetland vegetation with the use of nDVI vegetation indices. A RMSE of 0.51 m?/m? and
an R? of 0.72 were obtained for nDVI vegetation indices and an RMSE of 0.56 m?/m? and
an R? of 0.74 was attained for sR vegetation indices. The selected optimal variables for
the natural wetland were vegetation indices that were a combination of the green, red,
red-edge and NIR/SWIR bands. However, for the rehabilitated wetland, some of the
optimal vegetation indices included the blue band, red-edge bands and bands from the
NIR sections of the electromagnetic spectrum.

3.4. Estimating Wetland Vegetation Leaf Area Index Using Combined Data

When all the Sentinel-2 MSI conventional bands and vegetation indices were collec-
tively used for wetland vegetation LAI prediction, a high estimation accuracy was attained
for the natural wetland as compared to the rehabilitated wetland (Figures 4 and 5i,ii). A
RMSE of 0.32 m?/m? and an R? of 0.63 was obtained for combined data (conventional
bands and all vegetation indices) for the natural wetland, whereas a RMSE of 0.52 m? /m?
and an R? of 0.75 was obtained for the rehabilitated wetland. When data from both sites
(natural and rehabilitated wetlands) were pooled together a low accuracy was produced
for wetland vegetation LAI, with a RMSE of 0.67 m?/m? and an R? of 0.51. Figure 5iii
illustrates the relationship between measured and predicted LAIL Noticeably, the individual
predictive models outperformed the pooled predictive model, with the natural wetland
model producing high accuracies (Figure 5i). The selected optimal variables when natural
wetland data was combined were comprised of red-edge derived vegetation indices paired
with the red, green and yellow NIR bands. The optimal variables that were selected for
the rehabilitated wetland included all the visible sections of the electromagnetic spectrum,
coupled with the red-edge derived vegetation indices and the NIR and SWIR section of
the electromagnetic spectrum. The spatial distribution of the modelled LAl in natural and
rehabilitated wetlands is illustrated in Figure 6.
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Figure 4. LAI estimation accuracies (a,b) Bands, (c,d) Traditional Indices, (e,f) Simple Ration and (g,h) nDVI for natural and
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4. Discussion

Results of this study show that wetland vegetation productivity was optimally char-
acterised across wetland systems under different management practices using Sentinel-2
MSI data (Figure 4). Specifically, the results illustrated that optimal wetland vegetation
LAI estimations were obtained with the use of Sentinel-2 MSI red edge derived vegetation
indices in combination with traditional vegetation indices. In particular, the optimal vari-
ables in the model that estimated LAI across the natural and the rehabilitated wetlands
were red edge bands 5, 6 and 7, as well as NIR band 8a. The findings of the current
study show that the estimation error for the natural wetland was lower when compared
to the rehabilitated wetland. This suggests that the estimation model performed better
in LAI estimation for the natural wetland. This could be due to high moisture content,
leaf density, as well as lack of vegetation diversity in the rehabilitated wetland. These
wetland characteristics attenuate the vegetation signal through the process of saturation,
making it difficult to characterise physiochemical vegetation properties such as LAI in
wetland settings, especially in more managed wetlands as compared to natural wetlands.
However, for the natural wetland, these saturation issues were overcome by plant species
diversity and representation due to the natural setting of the wetland. The Sentinel-2 MSI
red edge region directly influenced the spectral reflectance of wetland vegetation in the
natural wetland. Xie et al. [34] presented similar results, where they illustrated that red and
red-edge vegetation indices improved the R? of LAI by 10% in a study that highlighted the
influence of red and red-edge vegetation indices combinations for LAI estimation. Sibanda
et al. [25], also attained high accuracies with an RMSE of 0.5074 m?/m? and R? of 0.91
when Sentinel-2 MSI red edge bands were used to estimate LAL

The findings from this analysis show that vegetation indices significantly improved
wetland vegetation LAI estimation for both wetlands by producing a lower error of es-
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timation of 0.32 m?/m? for sR vegetation indices and 0.34 m?/m? for nDVI vegetation
indices for the natural wetland, whereas the error of estimation for the rehabilitated wet-
land vegetation LAI was reduced to 0.56 m?/m? when using sR vegetation indices and
0.51 m?/m? when using NDVI vegetation indices. Background effects such as soil and litter
can affect the model performance, especially with the use of standard bands only. Standard
bands are more susceptible to soil background interference and other atmospheric issues
that result in the impairment of vegetation reflectance when properties such as LAI are
measured [24,35,36]. The findings of this analysis also indicate that the use of red-edge
vegetation indices outperformed standard bands in LAI estimation. This is mainly due to
the strong relationship between red-edge bands and LAI as compared to standard bands.
It has been demonstrated that LAI strongly influences the shape of red edge reflectance
spectra [34].

The results indicate that traditional indices performed poorly in estimating wetland
vegetation LAI Out of the traditional indices that were used in this study, Clgreen was the
most optimal in estimating wetland vegetation LAI in the natural wetland., For the reha-
bilitated wetland it was Clgreen and NDWI that proved to be the most optimal variables
in estimating wetland vegetation LAI The reason for this could be that these traditional
indices were derived from the broadband sections of the electromagnetic spectrum. This
makes these vegetation indices (VIs) unstable due to soil moisture and atmospheric condi-
tions [16,37,38]. In a related study, Adam et al. [15] illustrated that NDVI asymptotically
saturates within the particular measurement of biomass density and specific ranges of LAI
measurements. Therefore, the estimation accuracy drops considerably for both the natural
and rehabilitated wetland. Overall, the model performed better for wetland vegetation
LAl in the natural wetland, as it provided the least estimation error when compared to the
model derived for the rehabilitated wetland. The study adopted a PLSR model to establish
the capability of Sentinel-2 MSI- derived data in estimating the wetland vegetation leaf
area index between a natural and rehabilitated wetland. The findings show that the PLSR
algorithm can be used to estimate wetland vegetation LAIL

5. Conclusions

The current study sought to investigate the ability of Sentinel-2 MSI derived data
and vegetation indices to estimate wetland vegetation LAI under different management
regimes. Grounded on the findings of this study, the following can be concluded.

e the new generational Sentinel-2 MSI sensor data can optimally quantify the variability
of wetland vegetation LAI across natural and rehabilitated wetlands based on the
red-edge bands, as most of the optimal variables with the lowest estimation errors for
LAI estimation included red-edge bands and red-edge derived vegetation indices.

e  The combination of standard bands, red-edge derived vegetation indices and tradi-
tional indices yielded low estimation errors for the natural wetland as compared to
the rehabilitated wetland.

Although the study focused on using the Sentinel-2 MSI sensor data, the study sug-
gests comparing the potential of other multispectral sensors to quantify the variability of
wetland vegetation LAI across natural and rehabilitated wetlands. Overall, the findings
confirmed that Sentinel-2 MSI offers a cost-effective and less time-consuming data source
to accurately estimate LAI in resource-scarce environments. The methods used in this
study can be used for wetland monitoring by means of LAI estimation and comparison
across wetlands under different management regimes.
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