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Highlights
• Sentinel 1A and 2A can assess wetland AGB at a finer spatial resolution with
comparable accuracies to that of WorldView-3, yet at no cost.
• The results demonstrated the capability of being able to assess AGB for wetlands
that are narrow in extent which previously were not detectable.
• The predicted AGB maps depicted an AGB range which was significantly different
between wetland and dryland grass types.
• The monitoring of wetlands in semi-arid countries is possible while providing
information on their regional productivity and functionality.

Abstract
Wetlands store higher carbon content relative to other terrestrial ecosystems, despite
the small extent they occupy. The increase in temperature and changes in rainfall
pattern may negatively affect their extent and condition, and thus the process of
carbon accumulation in wetlands. The introduction of the Sentinel series (S1 and S2)
and WorldView space-borne sensors (WV3) have enabled monitoring of herbaceous
above ground biomass (AGB) in small and narrow wetlands in semi-arid area. The
objective of this study was to assess (i) the capabilities of the high to moderate
resolution sensors such as WV3, S1A and S2A in estimating herbaceous AGB of
vegetated wetlands using SAR backscatter, optical reflectance bands, vegetation
spectral indices (including Leaf Area Index or LAI measurements) and band ratio
datasets and (ii) whether significant differences exists between the AGB ranges of
wetland and surrounding dryland vegetation. A bootstrapped Random Forest
modelling approach, with variable importance selection, was utilised which
incorporated ground collected grass AGB for model calibration and validation.
WorldView-3 (WV3) yielded the highest AGB prediction accuracies (R2 = 0.63 and
RMSE = 169.28 g/m2) regardless of the incorporation of bands only, indices only or
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the combination of bands and indices. In general, the optical sensors yielded higher
modelling accuracies (improvement in R2 of 0.04-0.07 and RMSE of 11.48-17.28
g/m2) than the single Synthetic Aperture Radar (SAR) sensor but this was marginal
depending on the scenario.

Incorporating Sentinel 1A (S1) dual polarisation

channels and Sentinel 2A (S2) reflectance bands, in particular, yielded higher
accuracies (improvement in R2 of 0.03-0.04 and RMSE of 5.4-16.88 g/m2) than the
use of individual sensors alone and was also equivalent to the performance of the
high resolution WV3 sensor results. Wetlands had significantly higher AGB
compared to the surrounding terrestrial grassland (with a mean of about 80 g/m2
more). Monitoring herbaceous AGB at the scale of the wetland extent in semi-arid to
arid grassland enables improved understanding of their carbon sequestration
potential, the contributions to global carbon accounting policies and also serving as a
proxy for functional intactness.

Keywords
Vegetation biomass, AGB, wetland types, carbon sequestration, remote sensing,
earth observation, Sentinel sensors

1. Introduction
The above ground biomass (AGB) of wetland vegetation contributes to peat
formation and subsequently to carbon sequestration. The inundation of wetlands
favours carbon sequestration, while a number of biotic, thermal and chemical
processes, as well as the intactness of the wetland and vegetation types can
increase the rate of accumulation (Amundson, 2001; Nahlink and Fennessy, 2016).
Despite the small extent of wetlands (estimated at 5-8%), it is estimated that they
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store a higher carbon content relative to other terrestrial ecosystems (Amthor et al.,
1998; Kayranli et al., 2010; Mitsch and Gosselink, 2015). A number of threats
prohibit this continuous process of organic carbon accumulation, including land
transformation to urban, cropland or forestry, alteration of the hydrological regime of
wetlands, continuous grazing or fire regimes (Jones and Donnelly, 2004; Kayranli et
al., 2010). The increasing temperatures observed and predicted for climate change,
as well as the associated increase in evapotransporation and changing rainfall
patterns, may exacerbate current pressures (Parton et al., 1993; Poiani et al., 1995;
Jones and Donnelly, 2004; IPCC, 2013; MacKellar et al., 2014; Van Wilgen et al.,
2016). To facilitate the monitoring of the process of AGB accumulation in palustrine
wetlands and adjacent grasslands, frequent temporal monitoring at a regional scale
is required.

Traditional assessments of herbaceous AGB in wetland are a tedious procedure,
requiring in situ samples across various and often inaccessible terrains. AGB
measured in the field ranged from 30 to 1 720 g/m², depending on the
hydrogeomorphic wetland type, climatic region and vegetation growth, as reviewed
by Truus (2011). Grasses and sedges AGB (dry weight) showed ranges between 30
– 200 g/m², whereas macrophytes such as Phragmites species AGB ranged from
300 to 1300 g/m² (Truus, 2011). In temperate coastal wetlands, Owers et al. (2018)
reported significant differences between rush saltmarsh and grasses and sedge
saltmarsh biomass (~1600 g/m2 versus ~750 g/m2 consecutively). More information,
however, is required for palustrine wetlands, located in semi-arid regions of the
southern hemisphere. Destructive methods of quantifying grass AGB are, however,
time consuming and costly and are often limited to a number of sites. In wetlands
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physical measurement of AGB is also strongly limited due to issues of
manoeuvrability and access due to the presence of water. Remote sensing
technology, in contrast, has established non-destructive methods for estimating total
biomass and the carbon stock in vegetation at a regional scale and in inaccessible
areas (Liao et al., 2013).

Regional estimation of AGB with remote sensing has mostly been done in the
terrestrial environment, with limited studies focusing on wetland vegetation. For the
large Poyang Lake system in China, Synthetic Aperture Radar (SAR) and optical
systems were able to estimate the AGB of wetland vegetation with coefficients of
determination (R²) above 0.70 and Root Mean Square Errors (RMSEs) below 140
g/m2 (Liao et al., 2013; Li & Liu, 2002). Also in China but Inner Mongolia, Xie et al.,
(2009) utilised empirical models, derived from optical Landsat data, to obtain mean
ranges of grass AGB of up to 147g/m2. Similarly, Zhang et al., (2018) made use of
Landsat data to predict sawgrass biomass in the Florida Everglades using a
combined object oriented machine learning approach and yielded high modelling
accuracies (R2 > 0.9) which predicted a range up to 500 g/m2. In South Africa, the
AGB of a Papyrus (alien) dominated wetland has been estimated with WorldView-2
which achieved accuracies of R² of 0.76 and RMSE of 442 g/m2 with a predicted
AGB range of 2000 to 5000 g/m2 (Mutanga et al., 2012).

The use of vegetation indices and the red-edge band of newer optical sensors have
improved the estimation of wetland and terrestrial AGB, overcoming the saturation
effect of higher AGB and dense canopies (Penuelas et al., 1993; Mutanga et al.,
2012; Ramoelo et al., 2015; Huang and Ye, 2015; Sibanda et al., 2017). In
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grasslands, vegetation indices offer the advantage of superseding the influences of
soil background, atmospheric composition and the viewing and zenith angle effects
while enhancing the vegetation signal, when estimating AGB. Leaf Area Index (LAI),
i.e. the half of the total green leaf area per unit area (Reid and Huq, 2005), is an
index which captures the energy interactions between the leaves and the
environment. LAI serves as a good indicator of vegetation growth and productivity
and is also considered in the literature as proxy to AGB (Fan et al., 2009; Van Wijk
and Williams, 2005; Masemola et al., 2014).

Microwave radar (e.g. Synthetic

Aperture Radar - SAR) technologies, on the other hand, is often favoured above
optical sensors because of its cloud-penetrating capacities. However, the differential
scattering of radar signal under inundated or non-inundated scenarios in wetlands
can result in errors in the estimation of wetland biomass (Silva et al., 2008; Liao et
al., 2013; Gallant, 2015). The integration of optical and SAR technologies have also
been proven to be more accurate than the individual technologies separately (Huang
et al., 2016). Using these combined datasets, the study documented an
improvement in RMSE of ~300 g/m2 compared to the best individual sensor scenario
(in this case Terra ASTER and ERS-2 SAR). To date, however, most SAR and
optical sensors used for estimating herbaceous AGB were coarse resolution
sensors, with spatial resolutions of >30 m. In semi-arid regions, however, the extent
of wetlands is often smaller in diameter and therefore requires finer spatial
resolutions.

The availability of newer Earth Observation satellites such as the European Space
Agency (ESA) Sentinel series, which are now freely available and operational since
2015, offers new opportunities to assess the capabilities of determining AGB of
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palustrine wetland in temperate and semi-arid grasslands. The Sentinel 1A (S1A)
satellite hosts a C-band (5.6cm) SAR sensor operating with various cross and copolarisation configurations depending on the sensing mode (Vertical-Horizontal or
VH, Horizontal-Horizontal or HH, and Vertical-Vertical or VV). Volumetric backscatter
interactions, from VH polarised data, and/or the use of co-polarised data (e.g. VV) for
double bounce interactions with pole-like plants of the genus Phragmites (as the
case in Ye et al., 2010), can allow SAR sensors to be effective for ascertaining
vegetation AGB but are restricted from sensing submerged aquatic vegetation due to
its inability to penetrate into the water column (Silva et al., 2008). The Sentinel 2A
and 2B (S2A; S2B) optical sensors hosts a number of bands in the red-edge region
of the electromagnetic spectrum, which has previously shown to produce more
accurate vegetation biomass estimates (Mutanga et al., 2012; Sibanda et al., 2015).
The S2A and S2B sensors also offers a spatial resolution of between 10 and 20 m,
which may be better suited for the detection of the extent of wetlands in arid and
semi-arid regions, compared to the previous sensors. The WorldView 3 (WV3)
space-borne sensor (DigitalGlobe Pty Ltd) is also a space-borne sensor which offers
a band in the red-edge region but with a spatial resolution below 1 m, however, it is
costly to acquire at the regional scale. It remains to be assessed whether these
sensors can determine grass AGB across dryland and wetland areas and whether
the AGB modelling accuracies between free data platforms (e.g. Sentinel series) and
the high resolution state-of-the-art sensor (e.g. WV3) are comparable. What makes
this study novel is that the latter is yet to be tested in academic literature from a
wetland grass biomass perspective especially for palustrine wetlands, in semi-arid
countries. Understanding the capabilities of free versus state-of-the art sensors in
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estimating AGB would be crucial for cost effective monitoring of small wetland
extents and features.

This study, thus, aimed to assess the performance of the S1, S2, and WV3 sensors,
together with the addition of LAI as an additional modelling parameter, for estimating
herbaceous AGB for both wetlands and surrounding drylands using spectral data
and selected established indices. In particular, we (i) compared the ability of radar
(S1A) and optical (S2A, WV3) sensors for estimating AGB of vegetated wetlands,
separately and combined and (ii) assessed whether significant differences exists
between the AGB ranges of wetland and dryland vegetation.

2. Methods
2.1.

Study area

Approximately 26% of South Africa’s surface area is dominated by the grassland
biome where a variety of palustrine and lacustrine wetlands occur (Mucina &
Rutherford, 2006). The grassland biome is one of the most threatened biomes in
South Africa with 45% of it being transformed through expansions in agriculture,
plantations, mining and alien plant species (Fourie et al., 2015). Wetlands,
particularly in such a biome, are extremely fragmented ecosystems and are also the
most endangered ecosystem types in South Africa (Burgoyne et al., 2000). The
South African National Water Act, Act 36 of 1998, defines a wetland as ‘land which is
transitional between terrestrial and aquatic systems where the water table is usually
at or near the surface, or the land is periodically covered with shallow water, and
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which land in normal circumstances supports or would support vegetation typically
adapted to life in saturated soil.’ (RSA, 1998). Two study areas, found in the
grassland montane areas of South Africa, were chosen: Hogsback and
Tevredenpan. The Hogsback study area is located within one of 22 Strategic Water
Source Areas of South Africa where rainfall runoff is high and which disproportionally
contributes to national water security (Le Maitre et al., 2018). The Tevredenpan
study area forms part of the Chrissiesmeer Protected Environment, and owing to the
large density of shallow inland depressions, amongst other criteria, qualifies for
Ramsar listing (MTPA, 2014).

The Hogsback study area (32.55°S, 26.97°E) is located in montane grasslands of
the Amathole mountain range in the Eastern Cape Province (Figure 1A, B). The
latter receives between 611 and 1 239 mm rainfall per annum and experience mean
annual evapotranspiration of around 1 650 mm (Middleton and Bailey, 2008). The
wetland types (Figure 2B) range from valley-bottom and floodplains on lower
grassland slopes to seeps on the higher slopes of the mountains, extending to areas
between forest plantations of Pine and Eucalyptus species. A seep is a wetland area
located on a gentle to steep sloping land and is dominated by a gravity-driven,
unidirectional movement of water (mostly subsurface flow from an up-slope position)
and material down-slope (Ollis et al., 2015). Carex acutiformis forms dominant
stands in the low-lying wetlands, with small intermittent patches of Phragmites
australis. On the higher slopes a greater diversity of grass and sedge communities
exist (Janks, 2014). Grazing dominates the land use with cropland, such as maize
and soya, providing fodder. Forest plantations are situated to the south of the study
area (Figure 1A, B).
9

The Tevredenpan study area (26°12’40.7”S; 30°12’42.6”E) is located in the gradually
undulating plateau of South Africa in the grassland biome (Figure 1A, C). It forms
part of the largest pan belt in southern Africa (Goudie and Wells, 1995). The Mean
Annual

Precipitation

(MAP)

is

around

750

mm

and

the

mean

annual

evapotranspiration is between 1 700 and 1 800 mm per annum (Middleton and
Bailey, 2008) while the mean annual temperature ranges from 12.4°C to 25.2°C
(Schulze, 1997). Wetlands in the Tevredenpan study area feed two river systems,
the Mpuluzi River in the north, and the Pearl stream in the south. A large limnetic
and Phr. australis-dominated depression, called “Tevredenpan” is located in the
western edge of the study area (Figure 2A) with floating macrophytes and a
substrate of peatlands (Grundling et al., 2003). A large part of the soil in the valleybottoms is permanently saturated, though not inundated, whereas valley-bottom and
seep wetlands on slopes are seasonally to temporary saturated. A wide variety of
grass and sedge species dominate all wetlands (Sieben et al. 2014; Linström 2014),
though monotype Typha capensis, Phragmites australis and Carex acutiformis has
been observed for patches in the valley-bottom and river systems.
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Figure 1: A) The location of the two study areas in the montane grassland biome (grey) of South Africa. B= Land cover
classes for the Hogsback study area; C= Land cover classes for the Tevredenpan study area (GeoTerraImage, GTI Pty Ltd.
2015)

A)
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B)

Figure 2: Hydrogeomorphic wetland types for the (A) Tevredenpan study area and (B) Hogsback study area.

Hydrogeomorphic (HGM) wetland types have been captured according to South
Africa’s tiered Classification System (National Wetlands Map 5; Van Deventer et al.,
submitted) for inland wetlands which distinguished five HGM wetland types, namely
channelled valley-bottom (CVB), unchannelled valley-bottom (UVB), depression,
floodplain, seep and wetland flat wetlands (Ollis et al., 2015). This classification
system was applied for both sites. Features inside the HGM wetland type boundaries
were considered to be wetlands while features outside were considered to be
drylands.

2.2.

Data collection

Ground Range Detected (GRD) images of the Sentinel-1A C-band sensor, in
Interferometric Wide (IW) swath mode, were acquired from the Alaska Satellite
12

Facility

(ASF)

(https://www.asf.alaska.edu/sentinel/data/).

SAR

imagery

was

acquired in the transitional seasons (spring and autumn) to allow the growth and
accumulation of wetland vegetation biomass (both wetland and dryland) which can
be sensed by the SAR sensor while avoiding the summer season where the bulk of
the rainfall would negatively impact the backscatter.
Multi-spectral

Instrument

(MSI)

were

Images of the Sentinel-2A

downloaded

from

the

https://remotepixel.ca/projects/satellitesearch.html website, and the WV3 images
were purchased from DigitalGlobe Pty Ltd (Table 1). The S2 and WW3 image
scenes were selected with <10% clouds at the middle to end of the peak of the
hydroperiod in the grassland (i.e. summer to late summer), except for one S2A
acquired during the late winter due to cloud presence of earlier scenes. During this
period, it is the end of the growing season of the sedges and grasses which means
that there is optimal greenness with limited water inundation. No clouds, however,
were present for parts of the image scenes over the Hogsback and Tevredenpan
study areas.
Table 1: Space-borne images accessed for the two study areas in South Africa

Study Area
Tevredenpan

Hogsback

Sensor
S1A
S2A
WV3
S1A
S2A
WV3

Final spatial
resolution
20m
10m
1m
20m
10m
1m

Image data
12/04/2017
19/01/2017
21/03/2017
21/09/2016
24/08/2016
21/03/2017

Season
Autumn
Summer
Summer
Spring
Winter
Summer

*S1A = Sentinel-1A, S2A =Sentinel-2A, WV3 = WorldView-3

2.3.

Image and data pre-processing

The S1A GRD intensity datasets were processed in GAMMA (TM) SAR preprocessing software. The datasets were subjected to the following steps: combining
13

of Sentinel-1A bursts, multi-looking, radiometric calibration (from digital numbers to
sigma nought backscatter), geocoding and topographic normalization. In order to
reduce typical SAR speckle, multi-looking factors of 2 and 2 were applied to the
range and azimuth directions, respectively. The Shuttle Radar Topography Mapper
(SRTM) Digital Elevation Model (DEM) at 30 m pixel size (SRTM 30) was used for
geocoding and topographic normalization. The Sentinel-1 images were processed to
a final spatial resolution of 20m.

Sentinel-2 images were acquired at the 1C

processing level which included orthorectification as a pre-processing step. The
Sen2Cor algorithm, available through the ESA’s Sentinel Application Platform
(SNAP), were used to atmospherically correct the multispectral Sentinel-2A images.
The algorithm parameter were chosen based on the location and environment type
of the study sites as well as the values recommended in the Sen2Cor configuration
and user manual (Mueller-Wilm, 2017).

2.4.

Field AGB and LAI sampling

Field visits were made to the study sites in November 2016 for Hogsback and in
March 2017 for Tevredenpan for the collection of wet AGB and LAI data for 62
sample plots (30 sites from Hogsback and 32 from Tevredenpan). We selected
6X6m sample plots within homogeneous patches (generally bigger than 20X20m to
take into account the pixel size of Sentinel 1) in terms of dominant species
composition and general grass structure (height, cover and AGB).
prioritised the capturing of the representative range of AGB.

These plots

A differentially

corrected GPS location (less than 50cm horizontal error using a Trimble GEO 7X
GPS) was acquired from the centre point of each sample plot. Within each sample
plot, three 0.5X0.5m quadrants were randomly placed from which wet herbaceous
14

AGB was harvested, weighed, and subsequently averaged over the entire sample
plot. Also within each 0.5X0.5m quadrant, three leaf area index (LAI) measurements
were taken from the LiCOR LAI-2200C Plant Canopy Analyzer which were also
averaged over the entire sample plot. The plot level LAI measurements were then
utilised as an additional independent variable in the modelling procedure (motivated
for in section 2.6). LAI was also considered in the literature as proxy to AGB (Fan et
al., 2009; Van Wijk and Williams, 2005).

The wet herbaceous AGB was

subsequently dried in an oven at 80°C until the weight stabilised (i.e. no change in
weight over a 48 hour period) to get dry AGB measurements which were used as the
dependent variable in the modelling procedure.

2.5. Extraction of remote sensing data and computation of vegetation
indices and regional LAI
For the extraction of the remote sensing predictors or independent variables, the 62
sample plot 6X6m polygons and point shapefiles (centred over the GPS locations)
were used depending on the spatial resolution of the remote sensing datasets. The
62 sample plot points were used to extract a single pixel value of S1A (backscatter)
and S2A (reflectance band values) while the 62 sample plot 6X6m polygons were
used to extract the mean reflectance band values from WV3.

The presence of free running or standing water in wetlands does alter the overall
spectral signal in optical sensors as water absorbs electromagnetic radiation.
Despite this fact, particular spectral regions such as the green region, with greater
light penetration in water (Kirk, 1994) and the NIR and red- edge regions (Mutanga
15

et al., 2012) have been proven useful in studying submerged and non-submerged
wetland vegetation. These spectral regions can be combined in the form of VIs and
band ratios which have been proven to correlate highly with wetland vegetation
biomass (Huang et al., 2016, Adam et al., 2010, Mutanga et al., 2012). A variety of
VIs and band ratios, which were known to correlate well with AGB estimation and
vegetation structure, were derived from the reflectance and backscatter polarisation
data (Table 2 below).
Table 2: Formulae of Vegetation Indices and band ratios used as model predictor variables

Index

Formula

NDVI Red Edge 1
NDVI Red Edge 2
NDVI Red Edge 3
NDVI Red Edge 4
NDVI Green 1
NDVI Green 2
Band Ratio 1
Band Ratio 2
Band Ratio 3
Band Ratio 4
Band Ratio 5
Band Ratio 6
SAR Band Ratio

(NIR -RE)/(NIR+RE)
(NIR -RE)/(NIR+RE)
(NIR -RE)/(NIR+RE)
(NIR -RE)/(NIR+RE)
(NIR -GR)/(NIR+GR)
(NIR -GR)/(NIR+GR)
NIR/RE
NIR/RE
NIR/RE
NIR/RE
NIR/GR
NIR/GR
VH/VV

Sentinel-1
Bands θ

Sentinel-2
Bands σ
(B8-B5)/(B8+B5)
(B8-B6)/(B8+B6)
(B8-B7)/(B8+B7)

WorldView-3
Bands ß
(B8-B6)/(B8+B6)

(B8-B3)/(B8+B3)

(B7-B6)/(B7+B6)
(B8-B3)/(B8+B3)
(B7-B3)/(B7+B3)

B8/B5
B8/B6
B8/B7

B8/B6

B8/B3

B7/B6
B8/B3
B7/B3

B2/B1

B: band (sensor specific); NIR: Near Infrared; RE: Red Edge; GR: Green; VH and VV: cross and co-polarisations
θ: B2 = VH, B1 = VV; σ: Refer to https://earth.esa.int/web/sentinel/user-guides/sentinel-2-msi/resolutions/spatial for band identities; ß =
Refer to http://www.landinfo.com/WorldView3.htm for multispectral band identities

Depending on the number of bands available in each sensor the following summary
of derived VIs and band ratios were made. S1A predictor variables included VH and
VV backscatter channels and the VH/VV band ratio. S2A predictor variables included
10 reflectance bands, 3 Red Edge and 1 Green band NDVI indices and 4 reflectance
band ratios. WV3 predictor variables included 7 reflectance bands, 2 Red Edge and
2 Green band NDVI indices and 4 reflectance band ratios. This resulted in a
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modelling dataset consisting of 36 remote sensing predictor variables and field
based LAI measurements.

Since field LAI was used as an additional predictor to model AGB the spatial
distribution of LAI across both study areas was required to apply the AGB models
across the images. The spatial maps of LAI were created by using an LAI PROSAIL
radiative transfer model (RTM) (executed in Environment for Visualizing Images
Integrative Development Language or ENVI IDL), developed from Darvishzadeh et
al. (2008), which was applied to the preferred optical image that emerged from the
modelling scenarios. Table 3 below, documents the various environmental variable
settings used in this study which was specific for the acquisition data and was
parameterised using the LAI range from the ground data.
Table 3: Specific range values of the tuning parameters within the LAI PROSAIL radiative transfer model

Variable

Hogsback
Min
0
0
0
0
0.004
0.0019

Max
90
10
25
1
0.04
0.165
0.3
Leaf Structure Parameter (N)
1.2 (Mean)
(Std)
Average Leaf Angle (°)
25
80
0.01
Hot Spot (m/m)
0.2 (Mean)
(Std)
Viewing Zenith Angle (°)
6.2
6.2
Solar Zenith Angle (°)
25.25
25.25
Rel. Azimuth Angle (°)
153.32
153.32
Soil Coefficient (unit less)
0
1
Note:
Diffuse Fraction of 0.70 and default soil reflectance profile
10000 number of Look-up samples and 85 Random Seed
Chlorophyll (μg/cm2)
Leaf Area Index (m2/m2)
Carotenoid Content (μg/cm2)
Total Brown Pigment (unit less)
Equivalent Water Thickness (cm)
Dry Matter Content (g/cm2)

Tevredenpan
Min
Max
0
90
0
10
0
25
0
1
0.004
0.04
0.0019
0.165
1.2 (Mean)
25

0.3 (Std)
80

0.2 (Mean)
7.7
28.39
164.11
0

0.01 (Std)
7.7
28.39
164.11
1
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2.6. Random Forest modelling and modelling scenarios
A Random Forest (RF) machine learning algorithm was used as the regression
approach for this study. The following modelling scenarios (18 in total) were
implemented (the number of inputs is listed in parentheses, refer to Table 2):
1)

S1 only, 3 scenarios: backscatter (2), SAR band ratio (1) and backscatter +

SAR band ratio (3)
2)

S2 only, 3 scenarios: reflectance (10), VIs + reflectance band ratios (8) and

reflectance + VIs + reflectance band ratios (18)
3)

WV3 only, 3 scenarios: reflectance (7), VIs + reflectance band ratios (8) and

reflectance + VIs + reflectance band ratios (15)
4)

S1 + S2, 3 scenarios: backscatter + reflectance (12), VIs + SAR band ratio +

reflectance band ratios (9) and backscatter + reflectance + VIs + SAR band ratio +
reflectance band ratios (21)
5)

S1 + WV3, 3 scenarios: backscatter + reflectance (9), VIs + SAR band ratio +

reflectance band ratios (9) and backscatter + reflectance + VIs + SAR band ratio +
reflectance band ratios (18)
6)

S2+WV3, 3 scenarios: reflectance (17), VIs + reflectance band ratios (16) and

backscatter + reflectance + VIs + reflectance band ratios (33)

RF is widely considered to be more robust than other parametric regression
techniques (Naidoo et al., 2014; Ismail and Mutanga, 2010) and have been utilised in
similar remote sensing studies of grass biomass estimation (Adam et al, 2014;
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Mutanga et al., 2012; Ramoelo et al., 2015). Due to the large number of predictor
variables a RF-based variable importance selection procedure was conducted, using
the ‘caret’ package in R statistical software, to remove highly co-linear variables
which likely may cause model overfitting. This process was based on the percentage
inclusive mean squared error (%IncMSE), and was implemented for modelling
scenarios which required more than 10 predictor variables as inputs. During the
variable importance selection process, 100 bootstrapped RF models, which utilised a
70% versus 30% split in training and validation datasets, were computed for each
scenario and the %IncMSE values of each of the predictor variables were averaged
across the 100 iterations and ranked. The ten predictor variables with the highest
%IncMSE values were used. For modelling the AGB retrieval, 100 bootstrapped RF
models were computed again but using only the top 10 ranked predictor variables.
This bootstrapping approach was implemented for added robustness and mean
validation accuracy statistics (coefficient of determination or R², Root Mean Square
Error or RMSE and Standard Error of Prediction or SEP) were recorded to determine
the performance of the different modelling scenarios. Preliminary analysis of the
different modelling scenarios which included and excluded field based LAI illustrated
that the inclusion of LAI markedly improved modelling accuracies (and LAI was the
most important input variable from an RF variable importance perspective) and was
thus included in all modelling scenarios mentioned above.

2.7. Above ground biomass mapping
The optimal sensor (or sensor combination) and modelling scenario were chosen for
the AGB mapping in both sites, where the R² was the highest and RMSE and SEP
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the lowest. The raster layers of the best model variables, including LAI, were
resampled to the common spatial resolution and stacked for the RF mapping
procedure which was conducted in R statistical software using ‘raster’ and ‘rgdal’
packages.

To assess differences between the wetlands and drylands, 50 random points were
extracted for each class and used to extract AGB map values. Plantations, crop
fields, waterbodies and artificial wetlands were excluded to restrict the points to
relevant classes, and each point were checked to ensure it doesn’t fall on any trees
or inundated patches. Differences between the wetlands and drylands were
assessed using a Shapiro-Wilk t-test and box plots in the R software (RStudio Inc. v.
0.99.491, 2009-2015, R version 3.2.5. for x64bit). Coefficient of Variation (COV) was
also calculated. Differences are reported for each site individually for comparative
purposes.

3. Results
3.1. Ability of sensors to estimate AGB of vegetated wetlands
According to Table 4, when scrutinising the individual sensors (S1, S2 and WV3)
performance alone, WV3 yielded the highest accuracies regardless of the
incorporation of bands only, indices only or the combination of bands and indices. In
general the optical sensors yielded higher modelling accuracies than the C-band
SAR sensor but this is marginal when examining the obtained SEP values (<1%
difference between S1 and S2 but ~6% for WV3, p value of R2 & RMSE < 0.05). The
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combination of indices/band ratios and reflectance/polarisations, however, provided
minimal benefits in modelling accuracies with the reflectance/polarisation bands
contributing the most over the indices and band ratios.
Table 4: Mean RF validation modelling results (of 100 bootstrapped iterations) for AGB prediction using bands, indices
and its combinations of Sentinel-1 (S1), Sentinel-2 (S2) and WorldView-3 (WV3) datasets alone

Scenarios

R²

S1 (SAR)
RMSE SEP

S2 (optical)
R² RMSE SEP

WV3 (high res. optical)
R²
RMSE
SEP

Bands (Reflectance/Backscatter) 0.56 186.56 43.42 0.60 175.08 41.48 0.63 169.28 34.86
Indices (NDVIs/Band ratios)
0.52 192.88 46.38 0.50
195.4
46.26
0.53
184.84
40.90
Bands + Indices*
0.55 182.16 39.79 0.60 178.32 40.69
0.61
176.44
34.03
2
*Top 10 most important variables (LAI included in all scenarios); RMSE is in g/m and SEP is in %

When examining the results of Figure 3, WV3 achieves a marginally better fit than
S2 with S1 showing the poorest fit (R2=0.51). In relation to the 1:1 trend line across
all sensors (A-C), WV3 illustrated a closer fit especially between the 0-400 g/m2 and
around the 800 g/m2 AGB range. All sensors, however, show signs of saturation
from 700 g/m2 AGB value which is indicative of noticeable AGB underestimation.

Figure 3: 100 Bootstrapped iterations, including accuracies, of observed versus predicted AGB density scatterplots
derived from Sentinel-1 (A), Sentinel 2 (B) and WordView-3 (C) data only (dotted black line = 1:1 line).

According to Table 5, combining S1 polarisation channels and S2 reflectance bands,
in particular, yielded higher accuracies than the use of these individual sensors alone
and was also equivalent to the performance of the high resolution WV3 sensor
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results (no significant difference between these scenarios with a p value of R2 &
RMSE > 0.05). Also the use of individual reflectance bands and polarisation
channels generally yielded higher accuracies than the incorporation or use of VIs
and band ratios with exception of the S1+S2 combination. The latter produced the
best results and was used in creating the AGB maps. The LAI regional map, also
required for the AGB map, was generated from the S2 dataset using the LAI
PROSAIL RTM. Also the combination of either the S1 or S2 data with the high
spatial resolution WV3 data did not yield any significant improvements in modelling
accuracies compared to the combined S1 and S2 modelling results (p value of R2 &
RMSE > 0.05).
Table 5: Mean RF validation modelling results (of 100 bootstrapped iterations) for AGB prediction using a combination
of the sensors in question

Scenarios
Bands (Reflectance/
Polarisations)*
Indices (NDVIs/Band
ratios)*
Band + Indices*

S1 + S2 (SAR + optical)

S1+WV3 (SAR + high
res. optical)

S2+WV3 (optical + high
res. optical)

R²

RMSE

SEP

R²

RMSE

SEP

R²

RMSE

SEP

0.63

169.68

35.79

0.64

172.16

37.59

0.64

168.00

35.58

0.45

200.48

41.77

0.54

186.48

40.97

0.55

181.64

37.45

0.62

173.08

32.22

0.61

173.16

38.86

0.59

174.80

36.12

2

*Top 10 most important variables (LAI included in all scenarios); RMSE is in g/m and SEP is in %

3.3 Predicted above ground biomass maps
Both AGB maps (figure 4) illustrated the expected patterning of high and low AGB
throughout the study areas. In Hogsback, intermediate AGB ranges (320-560 g/m2)
were evident over the wetlands where stands of T. capensis, P. australis and C.
acutiformis prevail (B-1). Lower AGB ranges (<320 g/m2) were prevalent over the
seasonally to temporary seep wetlands along slopes and Afromontane grassland
areas (B-2). Pastoral fields mostly fell within this AGB range as well. The
Tevredenpan study area illustrated generally higher AGB ranges over the dryland
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HGM type compared to the Hogsback area (320-400 g/m2 AGB range with less
patches of AGB <240 g/m2). Agricultural pastoral fields had typically a high AGB
range (400-560 g/m2) while similar ranges were found mostly along the valley-bottom
wetlands (A-1). A few patches of high AGB (720-840 g/m2) was found along the
channels in the southern Pearl channelled valley-bottom wetland where the Phr.
australis and T. capensis species were particularly dense (A-2). Interestingly, a high
AGB value range (400-720 g/m2) was also observed over the Tevredenpan, the very
large depression in the south-western part of the study area, which consists of
primarily floating P. australis in the centre surrounded by open water (A-3).
(A)

A-1

A-2
A-3
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B-2
B-1

(B)

Figure 4: Above ground biomass (g/m2) estimated from the combination of the Sentinel 1 (SAR) and 2 (optical) sensors
for (A) Tevredenpan and (B) Hogsback.

3.4 Differences between wetland and dryland vegetation AGB
The mean AGB of wetlands was significantly higher (p < 0.05) than the dryland
vegetation for both the ground samples and the predicted maps in both study sites
(Figure 5, Table 6). Additionally, both ground samples and the predicted maps in
Hogsback and Tevredenpan indicated a significant difference at the 99 percentile
interval (p > 0.001) between wetland and dryland AGB (Table 6).
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Figure 5: Variation in AGB across drylands and wetlands for (A) ground samples of Tevredenpan (Dryland n = 6, wetland
n = 26); (B) the ground samples of Hogsback (Dryland n = 21; wetland n = 9) (C) the predicted AGB for Trevedenpan
(Dryland n = 20, wetland n = 200); and (D) predicted AGB for Hogsback (Dryland n = 50, wetland n = 200); Significant
differences between wetlands and drylands (t-test) are indicated in the letters below the boxplots

Table 6: Differences in AGB between wetlands and drylands (t-test, p < 0.05). The number of samples (n) is given for
drylands, wetlands; df = degrees of freedom

Ground samples
n

Predicted map

df

p

n

df

p

Tevredenpan

6, 26

29.5

0.0000134600000

50, 200

205.7

0.000000000004

Hogsback

21, 9

20.1

0.0000000009209

50, 200

120.2

0.0000000000000

Table 7: Statistics of predicted Above Ground Biomass (AGB) for drylands and wetland types of Tevredenpan and
Hogsback

Predicted
(g/m2)
Minimum
Mean
Maximum
Standard
Deviation
COV

Tevredenpan
Dryland Wetland

Hogsback
Dryland Wetland

221.1

226.1

195.7

199.7

315

404.83

256.8

331.85

421.3

823.2

356.5

605.9

52.9

38.16

42.1

10.97

0.2

0.09

0.2

0.03
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Based on the predicted AGB values per vegetation type (Table 7), it is evident that
the Tevredenpan study site has a greater range of wetland vegetation than the
Hogsback study site. These values range from a total range of 226.1 - 823.2 g/m2 in
comparison to the range of the more sedge-dominated Hogsback study site of 199.7
– 605.9 g/m2. The Tevredenpan study site also possessed a slightly larger dryland
AGB range with the mean values illustrating a difference of ~60 g/m2.

3. Discussion
This study evaluated the capabilities of the Sentinel (1A and 2A) and WorldView-3
sensors for estimating herbaceous AGB, using Random Forest, in wetlands of two
Afromontane study sites in the South African grassland biome. Additionally, the
study sought to ascertain if there are significant differences in the AGB ranges
between wetland vegetation and dryland vegetation types. Cost effective monitoring
and quantification of AGB can improve the understanding of the functionality of plant
material contribution to soil carbon sequestration at a regional scale in arid and semiarid regions.

The modelling results indicated that the WV3 and Sentinel sensors can predict the
AGB for two study areas and to the extent of dryland and wetland types. When the
individual sensors were compared (WV3, S1 and S2), the WV3 sensor outperformed
the other sensors attaining the highest coefficient of determination (R² = 0.63) and
lowest RMSE and SEP (169.28 g/m2 and ~35% respectively) using the WV3
individual bands in a RF model. WV offers a high spatial resolution (< 1m) and
although highly suited for modelling and monitoring AGB of wetlands in these arid to
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semi-arid grasslands, the images are expensive for regional monitoring. Using a
combination of Sentinel SAR (S1) and optical (S2) with a spatial resolution of 20m
(aggregated to the coarser S1 spatial resolution), comparative results were obtained
using the individual bands and polarisations, attaining a coefficient of determination
of R² = 0.63 and an RMSE of 169.68 g/m2 (SEP of ~ 36%) in a RF model. The
combination of the SAR and optical Sentinel sensors improved the modelling
performance over the use of the individual Sentinel sensors separately and were
comparable with accuracies obtained from the higher spatial resolution but more
expensive WV3 sensor.

Huang et al. (2016), though predicted wetland AGB

including trees, also reported the benefit of integrating optical and SAR datasets.
This is due to volumetric (from the SAR sensor) and surface reflectance (with no risk
of saturation due to this study’s AGB range) information being complementary and
when combined strengthened modelling performance. This result supports the idea
that wetland AGB can be suitably monitored with freely available satellite data albeit
at a coarser spatial resolution.

The intermediate modelling accuracies achieved in this study and the reliance on the
integration of LAI in the modelling procedure, however, could be linked to the field
sampling and data extraction protocol utilised in this study as in most cases, a single
S1 pixel and S2 pixel could have been extracted over each of the sample plots (the
field plots were smaller than the S1 and S2 pixels). Within the limited number of S1
and S2 pixels extracted, standing water and variable moisture presence between
wetland and dryland vegetation communities could have contributed as a source of
error in the modelling as both the S1 backscatter and S2 reflectance values would
have been affected. Mathieu et al., 2013, also, indicated that the use of a single pixel
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of Radarsat-2 backscatter in woody vegetation modelling yielded poorer results in
comparison to more pixels aggregated from larger sampling windows. Additionally,
GPS error of the ground field plots and orthorectification of the S2 product could
have contributed to this error. Due to the heterogeneity of features (e.g. variable
hydrogeomorphic features between fine channel networks) associated with smaller
wetland systems, such as Hogsback and Tevredenpan, these sources of error would
be expected especially when utilising sensors of a 10-20m spatial resolution. In the
modelling results, the use of spectral indices and band ratios, unlike in the case of
Sibanda et al., 2017 and Mutanga et al., 2012, did not provide any improvements in
modelling accuracies in comparison to the use of reflectance and polarisation bands
alone. The lack of tonal variations (i.e. similar reflection, emittance, transmission or
absorption characteristics) between vegetation communities in these particular study
areas may support this result (Sibanda et al., 2017) but further investigation is
required.

The predicted AGB maps with an AGB range between 168-845 g/m2, based on the
integrated Sentinel 1A and 2A RF model, was comparable and within the expected
range of other studies in palustrine wetlands of the grassland biome. Matayaya et
al., 2017 found several grass and sedge species associated with palustrine wetlands
of temperate grasslands north of Harare, Zimbabwe, to range from 92-2092 g/m2 in
undisturbed sites. Li et al., 2017 documented a range of 122.31-1463.04 g/m2 within
the temperate grassland study site in Inner Mongolia and Xie et al., 2009 obtained
mean ranges of up to 147g/m2 in the same environment.
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From the predicted maps, it was found that the predicted AGB values were
significantly different between wetland and dryland species. The AGB ranges within
these wetland and dryland vegetation types are controlled by the natural conditions
of such features (i.e. permanently and seasonally inundated and species physiology
and abundance) and disturbances from the current land use practices (e.g. cattle
grazing and fire). In the study area we observed grazing in the temporary to
seasonal seeps and valley-bottom wetlands of both study areas, however seasonal
saturation and inundation prohibits the movement of cattle through certain wetland
types. Some wetland vegetation, such as the P. australis, T. capensis and C.
acutiformis, are also not palatable, and hence are less grazed. Physiologically, these
and other wetland species (e.g. Cyperus papyrus) tend to accumulate a larger
amount of AGB than dryland grass species over a specific unit area (Mutanga et al.,
2012). Regarding fire impacts, Matayaya et al., 2017, suggested the presence of
significantly lower AGB in areas where burning, clearing, clipping or conventional
tillage was applied but the impacts of fire in our study area were not clearly visible.
Thus, taking into account firstly the conditions of the hydroperiod and secondly the
impacts of grazing and fire, our results indicate that wetlands would offer higher
potential of maintaining expected ranges of AGB and carbon (i.e. higher) relative to
the drylands or temporary to seasonal seeps.

The estimation of AGB across dryland and wetland vegetation types can offer the
potential to monitor the functionality as well as pressures on wetlands over time.
Further studies should be done to determine the natural ranges (i.e. in the absence
of disturbances) of AGB for the dryland and wetland types, across the hydroperiod,
as a benchmark for functional intactness of wetlands in the landscape. It is also
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unclear whether grazing and fire regimes impact all systems and to which degree as
the literature shows potential negative and positive impacts on soil nutrition, AGB
regrowth and species richness but ultimately, AGB is dependent on management
regimes of the area (Truus, 2011; Matayaya et al 2017).

In conclusion, the novelty of the study lies in the ability of the Sentinel 1A and 2A to
assess AGB now at a finer spatial resolution with comparable accuracies attained to
that of the high spatial resolution WorldView-3 sensor, yet at no cost. In addition, the
results demonstrated the capability of being able to assess AGB for wetlands that
are narrow in extent which previously were not detectable. These novel findings
suggest that the assessment and monitoring of wetlands in semi-arid countries can
be done and provide quantifying information on their productivity and functionality at
a regional scale.

4. Conclusion
The paper assessed the capability of sensors to estimate above ground biomass
(AGB) of wetland vegetation in the grassland biome of South Africa. The combined
Sentinel SAR and optical sensors datasets achieved comparable results to the WV3
sensor, while being affordable for regional monitoring. Complementary and
combined Sentinel sensor information (i.e. volumetric information from the S1 sensor
and surface reflectance information, with no risk of saturation, from the S2 sensor)
was found to strengthen the modelling performance. Though being comparable,
WV3 still offers a greater spatial detail than the Sentinel sensors so the specific
applications will still dictate which sensor to use. The predicted AGB maps also
depicted an AGB range which was significantly different between wetland and
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dryland grasses types which would be linked to the natural conditions of grass types
(i.e. permanently and seasonally inundated plus species physiology and abundance)
and disturbances from the current land use practices. Estimation of the AGB of
wetland vegetation enables carbon sequestration studies and has the potential of
monitoring functional intactness of wetlands in the landscape.
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