Journal of Hydrology 612 (2022) 128080

Contents lists available at ScienceDirect

Journal of Hydrology

FI. SEVIER

journal homepage: www.elsevier.com/locate/jhydrol
Research papers ' A
Using cloud computing techniques to monitor long-term variations in

ecohydrological dynamics of small seasonally-flooded wetlands in
semi-arid South Africa

Siyamthanda Gxokwe ° Timothy Dube, Dominic Mazvimavi, Michael Grenfell

Institute for Water Studies, Department of Earth Science, University of the Western Cape, Private bag X17, Bellville, 7535 Cape Town, South Africa

ARTICLE INFO ABSTRACT

This manuscript was handled by S Sally Eliz-
abeth Thomson, Editor-in-Chief

Wetlands in drylands have high inter- and intra-annual ecohydrological variations that are driven to a great
extent by climate variability and anthropogenic influences. The Ramsar Convention on Wetlands encourages the
development of frameworks for national action and international cooperation for ensuring conservation and wise
use of wetlands and their resources at local, national and regional scales. However, the implementation of these
frameworks remains a challenge. This is mainly due to limited availability of high-resolution data and suitable
big data processing techniques for assessing and monitoring wetland ecohydrological dynamics at large spatial
scales, particularly in the sub-Saharan African region. The availability of cloud computing platforms such as
Google Earth Engine (GEE) offers unique big data handling and processing opportunities to address some of these
challenges. In this study, we applied the GEE cloud computing platform to monitor the long-term ecohydrological
dynamics of a seasonally flooded part of the Nylsvley floodplain wetland complex in north-eastern South Africa
over a 20-year period (2000-2020). The specific objectives of the study were 1) to evaluate wetland ecohy-
drological dynamics using the 20-year multi-date Landsat composite data coupled with the Random Forest
machine learning algorithm, and 2) to establish the major drivers of wetland ecohydrological changes, using
selected spectral indices (i.e. Normalised Difference Vegetation Index (NDVI), Normalised Difference Water
Index (NDWI) and Normalised Difference Phenology Index (NDPI)) coupled with climate data. The ecohydrology
of the wetland changed over time, with some classes increasing twice when compared to the previous mea-
surement, while others decreasing significantly during the study period. Notably, the bare surface class increased
at rates of 230% and 350% between 2006-2010 and 2016-2020, respectively. Moreover, the indices showed
similar trends throughout the 20-year period, with NDWI having minimum values less than zero in all cases. This
implied no surface inundation, although the presence of some wetland vegetation indicated seasonal to semi-
permanent soil saturation conditions. A comparative analysis of climate data and remotely sensed indices
showed that annual changes of precipitation and evapotranspiration were the main drivers of wetland ecohy-
drological variations. The findings of the study underscore the relevance of cloud computing artificial intelli-
gence techniques, and particularly the GEE platform, in evaluating wetland ecohydrological dynamics for semi-
arid southern African systems which are deteriorating due to the unsustainable use and poor management
resulting from limited knowledge about their changes over time.
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1. Introduction

Semi-arid areas commonly host small intermittently flooded wet-
lands, which are highly sensitive to climate variability and anthropo-
genic influences (Wetlands in Dry Lands Research Network, 2014).
Anthropogenic influences and climate variability are the major causes of
the high inter- and intra-annual ecohydrological variability in these
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systems. In many cases, the disappearance of surface inundation during
the dry season makes such wetlands susceptible to habitat destruction
and loss (Blanckenberg et al., 2020). Globally, semi-arid wetlands have
been reported to be declining at alarming rates mostly due to erratic
rainfall, climate change and high utilisation by the surrounding com-
munities (Thamaga et al., 2021). In Ethiopia, which is predominantly
arid, reports indicate that several seasonal wetlands have been lost
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(Bahilu and Tadesse, 2017). This has been attributed to unregulated use
and over-utilization of these systems resulting in negative impacts on
wetland condition. In China, it has been reported that over 30% of
wetlands have been lost during the past 50 years due to anthropogenic
activities (Liu et al., 2017). Estimates of wetland loss in South Africa
range from 50 to 58%, but the full extent of transformation is difficult to
quantify over the large spatial scales necessary for informing national
policy responses (van Deventer et al., 2019a,b). There is therefore an
urgent need for interventions to halt further degradation of these
important ecosystems.

In order to sustain these systems, programmes such as the South
African National Biodiversity Assessment (van Deventer et al., 2019a,b)
and Working for Wetlands (Dini and Bahadur, 2016) are promoting
conservation, wise use and restoration of all wetlands at local, national
and regional scales. There are also several regional and international
efforts aimed at reversing wetland degradation through dissemination of
information and involvement of local communities in the establishment
of proper management plans (Rebelo, 2010). These efforts are however,
hindered by the lack of data on wetland ecohydrological dynamics at
appropriate spatial and temporal scales, particularly in the sub-Saharan
African region (Gxokwe et al., 2020; Thamaga et al., 2021).

Projects such as the current Wetland Monitoring and Assessment
Services for Transboundary Basins in Southern Africa (WeMAST) funded
by European Union — Africa Global Monitoring for Environmental Se-
curity (EU Africa GMES) have been initiated to ensure the effectiveness
of monitoring and assessment of wetlands, using Earth observation data.
Such data provide opportunities for producing detailed wetland in-
ventories and understanding wetland dynamics at scales relevant to the
management of wetlands of varying sizes (e.g. van Deventer et al.,
2019a,b). Moreover, the availability of cloud computing platforms such
as Google Earth Engine (GEE) supports efforts of regional wetland an-
alyses, using Earth observation data. The availability of 40 years and
over a petabyte of remotely-sensed data that are freely accessible,
coupled with advanced machine learning algorithms on the GEE plat-
form, makes it possible to consistently monitor small to large wetlands
and track their changes over-time (Gorelick et al., 2017). This therefore
provides the necessary baseline information about ecohydrological dy-
namics that is much needed for developing management actions.

Although the GEE cloud computing platform offers numerous ad-
vantages to address issues of limited and inconsistent data for wetland
monitoring, the utility of this platform in monitoring long-term changes
in the ecohydrological dynamics of semi-arid wetlands requires further
evaluation (Wua et al., 2019). Studies that have utilized this platform for
long-term monitoring of environmental change include mapping of
forests, croplands and open water (Kumar and Mutanga, 2018; Tami-
minia et al., 2020). The most recent studies which have utilized GEE in
wetlands mapping have demonstrated the potential value of this plat-
form in wetland studies (Gxokwe et al., 2021; Zhou et al., 2019).
Although these studies underscore the relevance of utilizing GEE for
investigating small seasonally-flooded wetlands, they did not assess
longer-term changes using time-series data in GEE.

There is therefore a need to assess the applicability of the GEE and
multi-source spatial data in monitoring long-term changes in ecohy-
drological dynamics of wetlands in semi-arid environments, particularly
in sub-Saharan Africa. This will aid in developing consistent and com-
parable wetland inventories and assessments across the region, and
advance an understanding of drivers of wetland dynamics (including
anthropogenic stressors that contribute to wetland degradation and
loss). This will enhance local, regional and international wetland con-
servation and management programmes. Moreover, long-term moni-
toring of ecohydrological dynamics is critical for preventing or
managing loss of wetland ecosystem services (Millennium Ecosystem
Assessment, 2005). The current study therefore aims to assess the utility
of the GEE cloud computing platform for monitoring long-term varia-
tions in ecohydrological dynamics of small seasonally-flooded wetlands
in a semi-arid region of South Africa over a 20-year period (2000-2020),
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using Nylsvley floodplain as a case study. The specific objectives are 1)
to evaluate the spatio-temporal variations in ecohydrological dynamics
of wetlands using time-series Landsat composite data coupled with GEE
machine learning algorithms, and 2) to establish the major drivers of
ecohydrological changes in the studied systems using remotely sensed
metrics coupled with climate data.

2. Study area

The study was conducted on part of the Nylsvley floodplain located
within the Limpopo Transboundary River Basin (LTRB) (Fig. 1a) in the
Limpopo Province (Fig. 1b), South Africa. The Nylsvley floodplain is 70
km long and 7 km wide when fully inundated bordering the Nyl River
(see the dotted line in Fig. 1c) (24.632116 °S and 28.684779°E;
24.614213°S and 28.686909°E, 24.659827°S and 28.692914°F;
24.659699°S and 28.696835°E). This floodplain is a Ramsar-listed
wetland (Dzurume et al., 2021) and derives water from the Olifants-
spruit, Groot and Klein Nyl rivers, during the period of high flows
(September to December) as well as local rainfall (Botai et al., 2020;
Dzurume et al., 2021; Mosase et al., 2019). The dominant vegetation
includes short grass species such as Cynodon dactylon (Bermuda grass)
and Oryza longistaminata (rice grass) and long grass species such as
Phragmites australis (common reeds). Other plant species present include
Vachellia tortilis, Vachellia nilotica and Vachellia karoo (African Conser-
vation, 1998). The Nylsvley floodplain serves as an important habitat for
about 80 000 birds when inundated (Vlok et al., 2006). The study
focused on the protected area within the Nylsvley Nature Reserve
covering an area of 13.69 km? (Fig. 1c).

3. Materials and methods
3.1. Field data collection

Field data were collected between 28-09-2020 and 1-10-2020. A
total of 300 ground truth points representing different landcover classes
were collected during field surveys, using a handheld Geographical
Positioning System (GPS) with an error margin of less than 3.65 m. The
landcover observed during field surveys included classes such as bare
surfaces, short wetland grass species comprising of Cynodon dyctolon
(Bermuda grass) and Oryza longistaminata (Rice grass), as well as long
wetland grass species comprising of only Phragmites australis (Common
reeds). These vegetation communities were visually identified in the
field. The floodplain was completely dry during the field survey and
therefore no water surface was identified. The field survey period
coincided with the months when some of the images used in this study
were acquired. Ground truth points were collected following a stratified
random sampling approach. Consequently, the floodplain was sub-
divided into 30 m x 30 m quadrants which were spaced by about 10
m apart. The 30 m x 30 m quadrants were chosen because of the pixel
sizes of the remotely sensed data used as well as the size of the studied
floodplain. This is supported by a number of remote sensing studies such
as Mudereri et al., (2021); Thamaga and Dube, (2018). A minimum of 20
points were randomly collected from each quadrant depending on the
heterogeneity of the landcover identified in each quadrant and the
accessibility of some sections within the wetland. The field data were
further supplemented by 350additional points that were randomly
extracted from higher resolution Google Earth images, coinciding with
dates of some of the remotely sensed images used. The data gathered
from field visits and higher resolution Google Earth image comprised of
552 points representing short grass species, 68 points for bare surface
and 30 points for long grass species. The collected points were then
randomly split on R-studio into 70% for training (386 points for short
grass, 48 points for bare surface and 21 points for long grass) and 30 %
for validation (136 points for short grass, 20 points for bare surface and
9 points for long grass) of classification of images by the Random Forest
model.
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Fig. 1. Location of the Nylsvley floodplain. The map of the floodplain was produced using a true colour composite of a Sentinel-2 image captured on the 15th

October 2020.

3.2. Ancillary data

The 2000-2020 monthly rainfall and temperature data for the
Mookgopong Weather Station located at —24.42745 and 28.59419
North West of Nylsvley floodplain were collected from the South African
Agricultural Research Council. The station is located at an altitude of
820 m towards higher elevation areas, and 26 km away from the studied
floodplain (Fig. 1c). Due to the unavailability of evapotranspiration
data, evapotranspiration rates were estimated using the following Har-
greaves and Samani, (1985) equation (1):

E =125 x 0.0023 x R, T**(T, + 17.8) @

where E is potential evapotranspiration rate (mm/day), R, is extra-
terrestrial radiation (mm equivalent per day), T, is monthly tempera-
ture range (°C) and Ty is average daily temperature for the month (°C).
Other methods for estimating evapotranspiration such as the Penman-
Monteith equation could not be used because solar radiation, wind
speed and relative humidity are not available for the study area.

3.3. Remote sensing data acquisition and processing

The steps followed during the acquisition and processing of remote
sensing data are presented in Fig. 2. Prior to image classification,
remotely sensed products were extracted from the GEE catalogue. The
images extracted are for the Landsat-7 ETM + chosen because of having
the longest availability on the platform. Although it is reported in the
literature that Landsat-7 ETM + was adversely affected by the failure of
the Scan Line Corrector SLC (Dube and Mutanga, 2015) after 31 May
2003, the stripes caused by this failure did not affect the area covered by

the studied wetland. The data collected was then filtered by the
boundaries of the studied wetland and the date, using the codes “Image.
filterBounds ()” and “ee. Filter.Date () in the GEE cloud computing
platform. After filtering of images by dates and boundaries, they were
then filtered by cloud cover. Images with clear cloud coverage (0%)
were selected because of the size (13.69 kmz) of studied wetland. Images
with cloud cover were excluded since cloud masking would result in
severe error propagation. The “ee.Filter.eq (“CLOUD_COVER”, 0)” code
was used to filter images with clear cloud cover. The number of images
obtained from the filtering process are presented in Table 1. Cloud free
images were then grouped by intervals of 5 years. The first interval was
from 2000 to 2005 and all the images for that period were grouped. The
second and third intervals were from 2006-2010 and 2011-2015, and
the last interval was from 2016 to 2020. After the grouping of images,
wetland indices such as the Normalised Difference Vegetation Index
(NDVI), Normalised Difference Water Index (NDWI) and Normalised
Difference Phenology Index (NDPI) were computed for all images ob-
tained in each interval using the equations presented in the supple-
mentary material (Table A) then extracted to assess their variations
overtime. These indices were used as proxy for ecohydrological dy-
namics. The NDVI was chosen because of its sensitivity to photosyn-
thetically active biomass, which enables discrimination between
wetland and non- wetland areas as well as vegetated and non-vegetated
areas (Liu and Huete, 1995). NDWI was chosen as this can discriminate
between water and non-water areas. Although it was noted that the
studied system has very limited open water, the NDWI was used to
capture pixels which may have open water at any time periods. NDPI
which was recently developed by Wang et al., (2017) and it uses the
weighted combination of Red and Short-Wave Infrared (SWIR) bands
instead of the red band like in the NDVI. The weighted combination is
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Fig. 2. Image classification process using the GEE cloud computing platform.

Number of remotely sensed images with no cloud cover obtained per time in-
tervals with their details.

Period No. of images obtained Remote sensing product
2000-2005 26 Landsat (ETM+)
2006-2010 20 Landsat (ETM+)
2011-2015 25 Landsat (ETM+)
2016-2020 37 Landsat (ETM+)

almost equal to the value of Near Infrared band (NIR) for different soils
and is sensitivity to vegetation. Moreover, the NDPI considers the ab-
sorption of leaf water content in the SWIR band, thus could account for
variations in canopy water content. This assist in improving the sepa-
rability of soil and vegetation with varying leaf water content- a previ-
ous daunting task when using NDVI. The NDPI was chosen for these
reasons. Further, the above-mentioned indices were computed from the
time series data and then used to assess wetland ecohydrological dy-
namics overtime. In addition, visible (Red, Green and Blue), NIR and
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SWIR bands were extracted from the grouped images representing each
interval, and concatenated to the extracted indices to form images with
only the appropriate band combinations that better enhances the
wetland features. The concatenated images were then composited per
interval to form single images representing each interval using the me-
dian composite algorithm in GEE. The median composite algorithm re-
duces a stack of images by calculating a median across the matching
bands of the image stack thus minimising the illumination effects such as
shades as well as the effects of cloud cover (Gorelick et al., 2017;
Mahdianpari et al., 2020). Consequently, the derived composite images
were subjected to the Object Based Image Analysis (OBIA). OBIA was
chosen because of its superiority to pixel-based analysis. Various studies
such as Mahdianpari et al., (2019); Pande-Chhetri et al., (2017), have
shown that OBIA does not only rely on spectral characteristics but also
considers contextual information (height, texture, area, perimeter etc.)
of a pixel which helps in improving the discrimination of wetland
classes. The initial step in OBIA, is image segmentation. This process
involves the partitioning of the image into multiple discreet and non-
overlapping objects based on a specific criterion. This maximizes the
separability of different landcover classes and prevents the “salt and
pepper” effects on the final classified image (Dlamini et al., 2021a).
Further, a Simple Non-Iterative Clustering (SNIC) Algorithm was used to
partition the composite images. The SNIC undertakes image segmenta-
tion by initializing the centroids in a regular gridded image, and then the
dependency of each pixel relative to the centroids is established, using
the distance in five- dimensional space of colour and spatial coordinate.
The distance joins the normalised spatial and colour distances to pro-
duce uniform super pixel. The candidate pixel is added to the cluster
based on its shortest distance to the centroid (Achanta and Siisstrunk,
2017). The algorithm was selected because of the simplicity, memory
efficiency as well as the ability to incorporate connectivity between the
pixels after initiation of the algorithm. The SNIC algorithm was imple-
mented using the code “ee.Algorithms.Image.Segmantation.SNIC()” and
the outputs were images with super pixels as well as contextual infor-
mation of those pixels such as areas, texture (standard deviation), pe-
rimeters and heights. These were then integrated with the selected
spectral bands and used as an input concatenate images in the selected
machine learning algorithm.

3.4. Adopted wetland classification approach

Classification of the acquired images was executed using the Random
Forest (RF) Machine Learning Algorithm in the GEE cloud computing
platform. The RF algorithm is an ensemble non-parametric classifier
which consists of many different trees from subsets of randomly selected
training data (Dlamini et al., 2021b). Each tree casts a unit vote to decide
on the final class of the object. The algorithm was selected because of the
ability to handle large differences between landcover classes, thereby
neutralising noise in the data set (Simioni et al., 2020). Moreover, the
selection of the RF algorithm in this study was informed by a study by
Gxokwe et al., (2021) which identified RF as an appropriate GEE algo-
rithm for classifying small seasonally-flooded wetlands. Comparatively,
the RF algorithms produced highest overall, producer’s and user’s ac-
curacy. Prior to the classification, the ground truth points were split on
R- studio into 70% training and 30% validation samples. The split
training data were then imported and converted to vector files in a GIS
environment, and then imported to the GEE to train the classifier. The
training of the RF classifier on GEE was executed using the code “ee.
Classifier.train()”. In training the object-based RF model, the grid search
value for mtry parameter was varied from 1 and 5. The grid search value
for ntree parameter was varied from 500 to 10 000 with an interval of
500. The ranges were selected based on studies of similar nature such as
Dlamini et al. (2021a,b); Gxokwe et al., (2021); Ryan et al., (2014). The
search yielded hundred combinations of mtry and ntree values, and the
optimum values (1500 ntree and 5 mtry) from these combinations were
finally used as the RF model input parameters for classifying the
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Landsat-7 composite images. Classification of the remotely sensed image
composites was then executed using the code “Image.classify()”.

3.5. Accuracy assessment

Accuracy assessment was executed using three metrices namely, the
Overall Accuracy (OA), User’s Accuracy (UA) and Producer’s Accuracy
(PA). OA measures the overall correctly classified pixels (Story and
Congalton, 1986) and UA measures the probability that a classified pixel
of a particular category belongs to that category on the ground. PA
measures how well the reference ground cover type pixels were classi-
fied (Story and Congalton, 1986). The OA was implemented using the
code “Image.accuracy()” in GEE. PA and UA were implemented using
the codes “Image.producersAccuracy” and “Image.consumersAccuracy
(7. During the implementation of the above-mentioned algorithms in
GEE, the validation vector produced from the 30% field data was firstly
imported to the platform, and zones on the classified image corre-
sponding to the vector points were sampled using the code “Image.
sampleRegions()”. The sampled zones as well as the validation vector
points were then used as input files to the latter algorithms to compute
each accuracy metric (OA, UA and PA).

3.6. Change analysis, variations and major drivers

To assess wetlands ecohydrological changes, the area covered by
each land cover class were estimated from the classified image per in-
terval and the rate of change for each class (RAC) was established using
the method described by Shen et al., (2019) (Equation (2)).

EA —IA

RAC = ( ) x 100% 2

where RAC is given as the rate of change of wetland area; EA is the area
at the of the period considered (refers to the areas in years 2000-2005,
2006-2010, 2011-2015, 2016-2020); IA is the initial wetland area
(refers to the total area for the period of 2000-2005 calculated as the
sum of the surface areas covered by the wetland classes identified). The
variations in ecohydrological dynamics were established by analysing
time series of NDVIs, NDWIs and NDPIs which were used as proxy for
wetland ecohydrological dynamics.

4. Results
4.1. Variations in ecohydrological dynamics

The changes in spatial distribution of the wetland cover classes for
the time periods are presented in Fig. 3. Water class could not be iden-
tified using the object-based RF model due to unavailable training and
validation data for this class. This is resulting from no visible spatial
coverage of the class during the ground truthing period, which may have
been caused by short term surface inundation. Moreover, the indices
used could not detect any water class mainly because of the forested
vegetation within the wetland, as well as the spatial resolution of the
data used. Although water could not be detected, most vegetation spe-
cies identified such as Phragmites australis are associated with the pres-
ence of semi-permanent saturated wetland soils which provided
ecohydrological information about the Nylsvley floodplain. This is
supported by the findings in Kotze and O’connor, (2000), who reported
that species such as Phragmites australis were associated with wettest
zones within the studied wetland, therefore implying that ecohydrology
information could be deduced from these types of species.

The class distribution shows that the short grass was the most
dominant class except for the period 2016 to 2020 when bare surface
was the most dominant class. Long grass was the least dominant class for
all the cases except for the 4th period (2016-2020) where short grass
was least dominant. Visual assessment of the changes from the derived
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Fig. 3. Spatial distribution of wetland classes for the studied periods (Period 1: 2000-2005, Period 2: 2006-2010, Period 3: 2011-2015 and Period 4: 2016-2020),
produced using object based Random Forest classification of Landsat-7 data.

spatial distribution maps of the wetland classes shows variations in these
classes over time. These results show that classes such as short grass and
long grass declined between period 1 and 2 (2000-2005 and
2006-2010). However, a resurgence was observed in these classes
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during period 3 (2011-2015). For bare surface an increase was noted for
the entire monitoring period except for period 3 (2011-2015) where a
decline of about 1.5 km? was noted. A sharp decline in spatial distri-
butions of short and long grass were observed for the period 4
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Fig. 4. Nylsvley floodplain land cover surface areas per time periods (Period 1:2000-2005, Period 2: 2006-2010, Period 3:2011-2015 and Period 4: 2016-2020).
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(2016-2020) as bare surface sharply increased for the same period.

The class area results shown in Fig. 4 corroborate with the visual
observation during fieldwork of the spatial distribution of the identified
wetland classes. The results show that the short grass class had the
highest surface area for the periods 1, 2 and 3 (2000-2005, 2006- 2010
and 2011-2015), with surface areas ranging between 5 km? and 8 km?,
respectively. The long grass had the lowest surface area for the above-
mentioned periods, which ranged between 0.1 km? to 0.5 km?, respec-
tively. During period 4 (2016-2020), bare surface had the highest sur-
face area of 4.8 km? and short grass had the lowest (1.5 km?).

The results on the rate of change per class are shown on Table 2.
Drastic changes occurred in the wetland cover classes at high rates be-
tween the periods. The results show that the short grass declined at a
rate of about 38% between the period 1 and 2 (2000-2005 and
2006-2010), whereas other classes increase at a rate of 228% and 230%,
particularly bare surface, which doubled compared to period 1
(2000-2005). Although a decline in short grass was observed for the
above-mentioned periods, there was an increase in this class during the
period 3 (2011-2015) at a rate of 51%. Bare surface and long grass
decreased at the rates of 69% and 46% respectively for period 3
(2011-2015). Furthermore, the results show that the short grass
declined by 81%, while other classes such as long grass doubled.

There were no major changes of the temporal variations of NDVI,
NDPI and NDWI for the Nylsvley floodplain (Supplementary material:
Figure A). However, the NDWI had low values less than 0 throughout
implying that there was no surface inundation detected. NDPI and NDVI
had values greater than 0 in most cases particularly for the time periods
2000-2005, 2006-2010 and 2016 - 2020 (supplementary material:
Figure A) implying that there was vegetation detected although it was
not healthy.

4.2. Accuracy assessment

The accuracy assessment results showed that the OA (Fig. 5) for all
the periods were within the acceptable range between 72 % and 78%,
with 2011 - 2015 and 2016 — 2020 having the highest values and 2006 —
2010 the lowest value.

The class accuracy results are presented in Table 3. The results show
that for all the periods the PA ranged between 33% and 88%, and the
short grass had the highest PA in all the cases and long grass had the
lowest PA particularly for period 1 and 2 (2000-2005 and 2006-2010),
during which the PA was 33%. For period 3 and 4 (2011-2015 and
2016-2020), the bare surface had the lowest PA with 37.5% for both
periods. The UA results ranged from 40% to 100% with long grass
having the highest UA for period 1 and 2 (2000-2005 and 2006-2010).
The lowest UA was for bare surface during period 1 (2006 — 2010) with a
proportion of 40% (Table 3).

4.3. Drivers of ecohydrological variation

A statistical summary of the NDVI, NDWI and NDPI results for all the
periods are presented in the supplementary material (Figure B). The
results indicate that the indices are mostly positively skewed except for
NDWI for years like 2006 in time period 2 and 2014 in time period 3,

Table 2
Rate of change of Nylsvley floodplain between the time periods.

Class Rate of change from
P1 to P2 (%)

Rate of Change from
P2 to P3 (%)

Rate of Change from
P3 to P4 (%)

Short -38 51 -81
grass

Long 228 —46 896
grass

Bare 230 —69 350
surface

*P1: 2000-2005, P2: 2006-2010, P3: 2011-2015 & P4: 2016-2020.
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which have symmetric distributions. The data also show larger varia-
tions in most cases with large ranges (stretched whiskers), except for
some years such as 2003 in Period 1 (2000-2005), where the whiskers
for NDVI, NDWI and NDPI are squeezed, as well as 2008 and 2009 in
Period 2 (2006-2010), where the whiskers are short. The outliers were
observed for NDVI, NDWI and NDPI data for the year 2004 in time
period 1 and in period 4 for the years 2017, 2018 and 2019. For the time
period 3, outliers were observed for NDVI during the year 2015. Further,
an inverse relationship between the biomass (indices) and the annual ET
rate (Fig. 6) was noted. The NDPI decreased considerably during years
when ET increased, e.g. 2002 and 2004 (Fig. 6a).

The biomass indices except for NDPI tended to increase as expected
with the amount of annual precipitation, e.g. 2007 to 2009 (Fig. 7). This
relationship is however not evident during some years such as 2002 to
2004 in time period 1. A wetland typically stores both surface and
subsurface water, and therefore a decrease in rainfall in a single year
such as 2002 and 2003 may not have significant effects to the growth of
plants as they may be utilising water already in storage.

5. Discussion

This study assessed the utility of the GEE cloud computing platform
in monitoring long-term (2000-2020) variations in ecohydrological
dynamics of the small seasonally-flooded wetlands in a semi-arid envi-
ronment of South Africa, using the Nylsvley floodplain as a case study.
The main classification results showed that the following three land-
cover classes could be identified; i) short grass vegetation characterised
by species such as Cynodon dyctolon and Oryza longistaminata, ii) long
grass species such as Phragmites australis, and iii) bare surfaces. These
land cover classes represent zones with semi-permanent soil saturation
as shown by the presence of Phragmites australis, and temporary to sea-
sonal saturation represented by short grass (Oryza longistaminata) (Kotze
and O’Connor, 2000). While overall the Nylsvley floodplain may be
considered a seasonally flooded system, the results of this study show
that the system contains both seasonal and semi-permanent hydro-
periods because of the presence of the above-mentioned wetland vege-
tation species which are viewed as indicators of environments with
semi-permanent saturated soils and seasonal inundation. The water
class could not be detected due to unavailable training and validation
data covering this class resulting from the absence of surface inundation
during the period of ground truthing. Moreover, the remotely sensed
spectral indices used failed to detect the presence of water mostly due to
the dense vegetation in parts of the studied system as well as the spatial
resolution of the landsat-7 ETM+, which was selected because of the
length of the image record, and the number of good quality images
(Table B in supplementary material) available for this product on the
GEE catalogue.

Accuracy assessment results showed that an overall accuracy was
within the acceptable range of 69% — 79%. Although this was the case,
there were some inaccuracies for classes such as bare surface and long
grass for some periods. These can be mostly attributed to the spatial
resolution of the remotely sensed product used, which resulted in sig-
nificant spectral mixing between the classes. Several studies such as
Dvorett et al., (2016) and Gxokwe et al., (2021) have demonstrated that
the spatial resolution of the remotely sensed data does significantly
impact the accuracy of classification results particularly when mapping
small areas such as the wetlands studied here. Moreover, the report by
Federal Geographic Data Committee (1992) highlighted that with
Landsat data which is used in this study, accurate identification of an
object requires at least 9 pixels, which covers a total surface area of
about 0.9 ha and at most 25 pixels. The limited training data of bare
surface and long grass relative to the short grass species due to the
spatial coverage of these classes within the wetland led to unequal dis-
tribution of training points, which affected the ability of the training
data to adequately characterise the classes of interest.

Due to the small size of bare surface and long grass within the
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Table 3

Error metrices results for the classified image composites representing the time
Period 1: 2000-2005, Period 2: 2006-2010, Period 3: 2011-2015 and Period 4:
2016-2020.

Period Class PA (%) UA (%)
2000-2005 Short grass 88 78.57
Long grass 33.3 100
Bare surface 50 57.14
2006-2010 Short grass 84 84
Long grass 33.3 100
Bare surface 50 40
2011-2015 Short grass 92 85.18
Long grass 66.6 66.6
Bare surface 37.5 50
2016-2020 Short grass 92 88.46
Long grass 66.6 50
Bare surface 37.5 50

wetland, fewer points were collected for these classes than for short
grass thus resulting in the imbalance in training samples. These imbal-
ances are likely to have caused inaccuracies in the classification of bare
surface and long grass than short grass which had more training data.
Several studies such as Millard and Richardson, (2013); Ustuner et al.,
(2016); Xia et al., (2019) have demonstrated that unequal distribution
or imbalance in the training data is likely to influence the classification
accuracy of the classes in a way that the over-represented classes may
dominate the underrepresented classes resulting in classification inac-
curacies for the underrepresented classes. However, the imbalances in
training samples in this case were not as a result of sampling error but
rather a result of lower number of training points available for bare
surface and long grass caused by the small areal coverage these land
cover class in the area under study.

The spatiotemporal variation results showed that ecohydrological
conditions varied from one period to another, denoted by some of the
classes changing to more than double, the previous area, and some
which significantly dropped to half the previous period. The results
indicated that in most cases bare surface significantly increased for pe-
riods such as 2006-2010 and 2016 — 2020. This can be attributed mostly
to seasonal changes as most images used for these periods were collected
during dry season (addendum A), which is the leaf off season. Few
suitable images were available for the wet season images (leaf on sea-
son) due to frequent cloud cover. Moreover, below average precipitation

was received in the LTRB around 2016-2017 which significantly
impacted most ecosystems including the wetlands in the area (Gxokwe
et al., 2021), which therefore explains the cause of bare surface domi-
nation. This is also evident in Figure 9. The temporal variations in the
indices results showed similar trends between NDVI, NDWI and NDPI
and the floodplain was dry for most times. These finding corroborates
with Nhamo et al., (2017) who reported high seasonal variabilities in
wetland of the Witbank Catchment in South Africa although the study
focused only on inundation dynamics at larger scale than the studied.

As expected, there was an inverse relationship between ET and
wetland biomass for all the periods. This is because ET tends to
contribute to water losses in wetlands, particularly in semi-arid regions,
therefore resulting in loss of moisture available in wetlands and thus
contributing to the decline in the NDWI values for the wetlands. Due to
the decline in moisture content available in the wetland, some vegeta-
tion become less healthy because water stress results in NDVI and NDPI
decline. A study by Al-Shehhi et al., (2011) monitored the effects of
variable soil moisture content to the MODIS derived NDVI for different
vegetation species in Abu Dhabi. The findings showed that with
increasing evaporation rates, less healthy vegetation dominated the
studied area due to plants wilting, thus resulting in decreased NDVI
values. These results by Al-Shehhi et al., (2011) corroborate with the
findings of current study although the focus was not only on wetland
vegetation. Further, West et al., (2018) studied vegetation response to
varying soil moisture using Sentinel-2 data, and the results show strong
correlation between Sentinel-2 derived NDVI as well as soil moisture
content, which therefore supports the findings of the current study.

Comparative analysis of annual precipitation with average NDVI,
NDWI and NDPI showed that with increase in annual precipitation the
indices also increased for all the time periods except for 2000-2001
where the indices showed delayed response to varying annual precipi-
tation. The delayed response could be resulting from the use of dry
season images which corresponds to the leaf off season for vegetation
and low flow period for inundation. The study by Chen et al. (2020)
evaluated the vegetation response to precipitation anomalies in the
semi-arid Inner Mongolia Plateau China over a 34-year period using the
Advanced Very High-Resolution Radiometer (AVHRR) derived NDVI
and multi-source precipitation data. The findings of the study show that
there is a time lag in vegetation response to precipitation though the
duration is not visible.

Annual variations of rainfall and evapotranspiration rates have been
shown in this study to be major drivers for the ecohydrological dynamics
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of the Nylsvley floodplain. Annual rainfall will also influence the
availability of both soil water and groundwater which also influence
vegetation growth in a wetland. These finding corroborate with the
study of Birkhead et al. (2007) which modelled the hydraulic behaviour
of the Nylsvley floodplain using field measured climate data coupled
with LIDAR data. The study identified ET and annual rainfall as driving
factors of the ecohydrological changes in the floodplain.

Overall, the findings underscore the relevance of cloud computing
artificial intelligence platforms such as GEE in monitoring long-term
variations in ecohydrological dynamics of semi-arid wetlands in the
sub-Saharan region, and therefore providing information on their
degradation rates and loss which is currently unknown for these regions.
These findings are critical in the development of sustainable use and
management frameworks of small seasonal flooded wetlands in semi-
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arid regions. Besides, they provide useful alternative ways and robust
methodologies to generate routine and continuous wetland information
about their changes - a previous daunting task from traditional mapping
and monitoring techniques. This therefore will aid in development of
local to global scale frameworks that will assist in setting up conserva-
tion policies and apply effective management practices of wetlands,
particularly in data scarce regions with semi-arid climates and semi-
permanent wetland with varying ecohydrology that typically may be
over exploited during dry periods.

The study also informs the ongoing efforts by the projects such as
Global Monitoring Environment and Security (GMES)—Africa hosted by
Southern African Science Services Centre for Climate Change and
Adaptive Land Management which is promoting the use of Earth
observation data for assessing, monitoring and managing wetlands in
transboundary basins, to prevent loss of ecosystems services. which are
beneficial to the communities around these systems. Further, the study
contributes towards achieving the key priority areas of the African
Union’s Agenda 2063, which elaborates on preserving at least 17% of
the of terrestrial and inland waters (including wetlands) and 10% of the
marine areas by 2023. The study also contributes to achieving Sustain-
able Development Goal (SDG 6.6) which advocates for the prevention of
the destruction and degradations of all the ecosystems, and rehabili-
tating those that had already been destroyed (Sudmanns et al., 2020).

6. Conclusion

The study utilized remotely sensed data accessible from the GEE
platform coupled with advanced machine learning algorithms to
monitor long-term ecohydrological dynamics (over a 20-year period) of
semi-permanent wetlands, using Nylsvley floodplain in Limpopo, South
Africa as a case study. The findings of the study showed that the eco-
hydrology of the wetland varied over time and space. For example, bare
surface increased twice as much as the previous measurement period,
whereas short grass decreased significantly during study period 2.
Moreover, the remotely sensed derived spectral indices showed similar
trends throughout the 20-year period, with NDWI having minimum
values less than zero in all cases implying that there was no surface
inundation. However, the presence of some wetland vegetation indi-
cated seasonal to semi-permanent soil saturation conditions. The results
also showed that annual rainfall and ET were the major drivers to eco-
hydrological dynamics of the Nylsvley floodplain. These findings un-
derscore the relevance of using cloud computing artificial intelligence
techniques coupled with optical remotely sensed data in monitoring
changes in ecohydrology of small seasonal-flooded wetlands and are
critical in sustainable use and management of these systems in these
regions. They provide useful alternative ways and robust methodologies
to generate long term baseline information about their changes overtime
- a previously daunting task from traditional mapping and monitoring
techniques. This, therefore, aids in development of local to global scale
frameworks that will assist is setting up conservation policies and
applying effective management practices of wetlands, particularly in
data scarce regions with semi-arid climates and semi-permanent
wetland that vary in ecohydrology may typically be over exploited
during dry periods. While the study offers new opportunities to generate
high resolution continuous wetland-scale information, it is recom-
mended that the potential of this platform in catchment-scale moni-
toring the impacts of adjacent land use and land cover changes as well as
groundwater level change to these systems be investigated.
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