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ARTICLE INFO ABSTRACT

Keywords: Socio-economic damages caused by extreme floods have been increasing rapidly in recent years, mainly driven
Surface water by changes in the climate and modulated by increasing human population in deltic areas and floodplains. The
Landsat

Cuvelai-Etosha Basin (CEB) in southern Africa, covering southern Angola and northern Namibia, experiences
socially and economically devastating extreme floods. Yet, accurate information on past and current surface
water changes and dynamics is lacking. Here, we estimate and map the surface water extents in the CEB and its

Cuvelai-Etosha
Endorheic basin

Floodin:
Angola s surroundings (CEB + S) for 32 years (1990-2021) from Landsat data using random forest models to provide long-
Namibia term baseline information on surface water changes and dynamics. Based on the reference data, a total of 15,677

+ 1080 km? have been inundated by surface water in the CEB + S during 1990-2021. This extent was accurately
mapped by our local water extent product (mapped area = 16,273 km?, user’s accuracy = 91.5 + 2.5%, pro-
ducer’s accuracy = 91.1 + 6%). With user’s and producer’s accuracy of 91%, our overall water extent provides
the first most accurate long-term baseline information on surface water inundation in CEB + S necessary for local
spatial planning processes to minimise future negative impacts of floods in the basin. Interannual variability of
surface water extent is, however, high, with water extent ranging from 520.8 + 375.7 km? to 12372.3 + 1154.7
km? during the 1990-2021 period. The largest annual water extents (>10,000 kmz) were recorded in 2006,
2008, 2009, 2011, and 2017, whereas the smallest extents (<1000 km?) were recorded in 1992 and 2019. We
found that over 40% of the area inundated in the CEB + S during 1990-2021 was inundated less than 9 times.
With human population increasing rapidly in the CEB + S, rarely inundated areas with short water residence
could become a prime target for human settlements, which may lead to huge socio-economic damages during
extreme floods if no preventive measures are put in place. Globally available surface water maps from the Global
Land Analysis and Discovery (GLAD) and European Commission’s Joint Research Centre (JRC) did not provide
realistic surface water extent for CEB + S, especially during years with extreme floods. Therefore, locally adopted
product for operational monitoring of surface water in the CEB + S is needed to provide accurate information for
informing spatial planning processes and surface water resource management strategies in this endorheic basin
and help minimise future negative impacts of floods.

1. Introduction etal., 2010; Mazzoleni et al., 2021; Tellman et al., 2021) probably due to
rapid population growth in many parts of the world (Gerland et al.,

Deltic systems and floodplains offer unique opportunities for socio- 2014; United Nations, 2017). With climatic and weather extremes

economic growth (Mazzoleni et al., 2021) but socio-economic costs of
extreme floods are drastically increasing in many of these systems
(Allaire, 2018; Alvarez, et al., 2019; Svetlana et al., 2015) because
people are increasingly settling in flood-prone areas (Di Baldassarre
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increasing and becoming more intense (Easterling et al., 2000; Milly
et al., 2002; Rahmstorf and Coumou, 2011; Kundzewicz et al., 2014;
Pohl et al., 2017; Kendon et al., 2019), socio-economic costs of extreme
floods are likely to further increase in deltic systems across the globe. A
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key step in minimising the impacts of extreme floods in these systems is
to integrate accurate spatio-temporal information on surface water
change and dynamic into local spatial planning processes. However,
such information is lacking for many human-inhabited water basins. Of
particular concern are the basins with highly dynamic hydrology but
predominantly ungauged, which are widespread in semi-arid, data-
scarce areas in Africa.

Satellite remote sensing offers capacity to continuously monitor and
produce surface water maps at various spatio-temporal scales (Alsdorf
et al., 2007; Halabisky et al., 2016; Li et al., 2018; Pekel et al., 2016;
Seiler et al., 2009; Tulbure et al. 2016) which can fill the gaps in poorly
ungauged basins. The benefits of integrating spatio-temporal informa-
tion in local planning processes are well recognised. In Australia, for
example, the 2011 extreme floods caused severe socio-economic dam-
ages and triggered the government to initiate a country-wide multi-year
mapping of surface water using earth observation data and obtain ac-
curate spatio-temporal information on surface water change and dy-
namics to support local planning (Mueller et al., 2016). With the
opening of Landsat archives in 2008 (Wulder et al., 2012), temporally
consistent and free-to-use satellite imagery spanning over 40 years are
now available, and has since been instrumental in improving our un-
derstanding of global surface water dynamics (Feng et al., 2016; Pekel
et al., 2016; Pickens et al., 2020) and in many local settings (Deng et al.,
2019; Mueller et al., 2016; Tulbure et al., 2016; Tulbure et al., 2014; Xia
et al., 2019). The 10 m resolution imagery from Copernicus Sentinel-2A
and-2B satellites provide even more spatially enhanced capability than
Landsat to map surface water (Yang et al., 2020) but data from these
satellites are only available since 2015, and do not yet provide elaborate
historical information on changes and dynamics of surface water. In
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addition to providing historical baseline information, satellite data can
also be used for near real-time mapping and monitoring of surface water
(DeVries et al., 2020; Pekel et al., 2014). However, capturing short-lived
flash floods remain challenging due to the long revisit frequency of
satellites with appropriate spatial resolution for mapping floods at local
scale. Cloud cover is also a key obstacle to accurate mapping of flash
floods, but recent availability of multi-temporal optical satellite data
and free Synthetic Aperture Radar (SAR) data has enhanced the capa-
bility to map surface water despite cloud cover (DeVries et al., 2020;
Hardy et al., 2019; De Groeve, 2010). Despite recent methodological
advancements in surface water mapping (Feyisa et al., 2014; Isikdogan
et al., 2017; Tulbure et al., 2016; Isikdogan et al., 2017; Lary et al.,
2016) coupled with the availability of free-to use satellite data covering
several decades (Loveland and Dwyer, 2012; Loveland and Irons 2016;
Waulder et al., 2012, 2015), accurate spatio-temporal information on
surface water changes and dynamics is still lacking for many human-
inhabited basins which experience extreme floods. In such basins,
publicly available global surface water datasets (e.g. Pekel et al., 2016;
Pickens et al., 2020) generated from Landsat data have become an
alternative data-source for local spatial planning and surface water
monitoring activities. Yet, the local utility of global surface water
datasets to support effective spatial planning and surface water moni-
toring remains unknown in many basins. However, a recent study
highlighted the need for regional and local maps of land-cover datasets
in times of global change as global datasets often fail to capture local
changes which are relevant for planning at local and regional level
(Tulbure et al., 2022b).

The Cuvelai-Etosha Basin (CEB) in southern Africa, covering south-
ern Angola and northern Namibia, does not have accurate spatio-
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Fig. 1. The location of the study area and the Cuvelai-Etosha Basin. Population density (A) was calculated using population data from 2011 Population and Housing
Census for the Namibian side, and 2014 Population and Housing Census for the Angolan side. Temporal mean rainfall (B) is based on the CHIRPS gridded rainfall
estimates (Funk et al., 2014) for 1990-2021 period. The elevation (C) is based on the Advanced Land Observing Satellite (ALOS) Digital Surface Model (AW3D30). A
zoom-in (D) of the study area showing towns, road, perennial rivers and protected wildlife areas.
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Fig. 2. Monthly mean rainfall for the study area during the 1990-2021 period based on the CHIRPS gridded rainfall estimates (Funk et al., 2014). The rainfall for
each month per year was first averaged spatially before calculating the temporal monthly mean.

temporal information on surface water changes and dynamics. Yet, this
seasonally inundated endorheic water basin is inhabited by more than
1.3 million people (Namibia Statistics Agency, 2011; Mendelsohn et al.,
2013) and it experiences extreme floods, as a result of extreme precip-
itation events (Persendt and Gomez, 2016; Persendt et al., 2015), which
are socially and economically devastating (Mendelsohn et al., 2013). In
2009, for example, more than 670,000 people were directly affected by
floods on the Namibian side alone, of which 21,000 were displaced
(Government of Namibia, 2009). More than 900 small-and-medium
business enterprises were closed and about 45,000 ha of cropland
were destroyed (Government of Namibia, 2009). A total of 135 schools
were forced to close and more than 20 roads were severely damaged,
affecting accessibility to 12 health clinics (Government of Namibia,
2009). Some sewerage systems were washed away, leading sewage to
mix with flood water (Government of Namibia, 2009). The mixing of
surface water with sewage posed a high risk of water-borne diseases
outbreak, especially given that a significant number of households still
do not have access to clean water and therefore use open surface water
for drinking (Namibia Statistics Agency, 2011). The overall economic
damages caused by the 2009 floods in the CEB on the Namibian side
were estimated at US$ 104.6 million. Extreme floods in the CEB do not
only cause unacceptably high socio-economic impacts, they also lead to
post-traumatic stress disorder amongst children (Taukeni et al., 2016) as
well as high drowning casualties (Mendelsohn et al., 2013). Accurate
and locally reliable baseline information on spatio-temporal dynamics of
surface water in the CEB is urgently needed to support local spatial
planning because human population is increasing rapidly in this basin,
leading to high population density in flood-prone areas (Mendelsohn
et al., 2013).

The main objective of this study was to produce long-term baseline
information on surface water changes and dynamics for CEB and its
surroundings (CEB + S) for supporting local spatial planning processes
and for improving our understanding of the past surface water changes
and dynamics in this human-inhabited endorheic basin. Long-term
baseline information on surface water change and dynamic was gener-
ated from Landsat data (1990-2021) using a standard machine learning
algorithm (Breiman, 2001). The following research questions were
addressed:

a. How much of the area in the CEB + S has been inundated by surface
water during 1990-2021?

b. How did the annual surface water extent change between 1990 and
2021? In which years did the CEB + S have the lowest and highest
surface water extents?

c. Which areas are least and most frequently inundated in the CEB + S?

d. To what extent do publicly available Landsat-based global surface
water products capture surface water extent in the CEB + S? How
reliable are the available global surface water datasets regarding the
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spatio-temporal information on surface water changes and dynamics
in the CEB + S?

These research questions were addressed by i) generating sample-
based area estimates of surface water extent for thirty two years
(1990-2021), ii) mapping and validating the maps for surface water
extents, iii) quantifying long-term change in annual surface water
extent, iv) characterising inundation frequency of surface water in CEB
+ S, and v) assessing the utility of globally available Landsat-based
surface water maps (global products) for local surface water assess-
ment by comparing them to the locally produced surface water product
(local product). We defined surface water inundation as the presence of
water on the earth surface as captured by a 30 m resolution Landsat
imagery between 1990 and 2021, and surface water extent as the total
area covered by surface water. Although the Landsat programme has
been acquiring data since 1972, the paucity of data in our study area
during the rainy season prior to 1990 was high, with some years having
no single image during the wet season (October - April). Therefore,
surface water mapping and analysis was limited to the period of
1990-2021 in this study.

2. Study area

Our study area (Fig. 1) covers the whole of the CEB (129368.8 km?)
and small parts of Kunene and Okavango basins (16500.8 km?). The CEB
is an ephemeral wetland, covering a portion of southern Angola and
northern Namibia (Fig. 1). This trans-boundary deltaic drainage system
deposits in the Etosha Pan, and is made up of inter-connected drainage
networks locally known as iishana (plural) or oshana (singular). The
Etosha Pan is an endorheic depression located in the Etosha National
Park, a flagship nature reserve for wildlife conservation in Namibia. The
CEB is bordered by two perennial rivers, namely the Kunene and Oka-
vango, which also drain the southern highlands of Angola (Fig. 1). The
Kunene River deposits in the Atlantic Ocean whereas the Okavango
River deposits in the Okavango Delta in Botswana, so, the Okavango
Basin is also endorheic. Existing evidence shows that the Kunene River
was also an endorheic system that once deposited in the Owambo Basin,
before it got deflected towards the Atlantic Ocean (Hipondoka, 2005).
Generally, the CEB is a flat area with elevation above sea level
decreasing from 1500 m in southern Angola to 1080 m in the Etosha
Pan. More than 1.3 million people live in the CEB, of which the majority
are small-scale subsistence crop-livestock farmers (Namibia Statistics
Agency, 2011; Mendelsohn et al., 2013). The Namibian side of the CEB is
one of the most densely populated areas in Namibia, with population
density reaching about 150 people per km? (Fig. 1A). Overall, about
42% of the Namibian population lives in the Cuvelai-Etosha Basin
(Namibia Statistics Agency, 2011). Climatic conditions in the CEB are
predominantly influenced by two high pressure systems, the South
Atlantic Anticyclone and the Botswana Anticyclone (Mendelsohn et al.,



E. Hamunyela et al.

Landsat data
acquisition &
pre-processing

ISPRS Journal of Photogrammetry and Remote Sensing 191 (2022) 68-84

Global surface
water datasets

Reference data
creation

v

Analysis of

temporal trend in
annual surface

water extent

: - surface water
Pixel-wise

4
Surface water Training Test
mapping dataset dataset
Overall & annual Accuracy

characterisation
of inundation
frequency

extents

= z

assessment &  [¢--
area estimation

v
Comparison of local & global
surface water extents

Fig. 3. The flowchart for mapping surface water inundation in the Cuvelai-Etosha Basin and its surroundings using Landsat data.

2013). These high pressure systems move southward during the summer
(October-April; Fig. 2), allowing the inter-tropical convergence zone
(ITCZ) with warm moist air to also move southwards (Mendelsohn et al.,
2013). This southward movement of warm moist air triggers cloud
development and subsequently precipitation over the Cuvelai-Etosha
Basin. The average rainfall in the CEB has a strong east-west gradient
on the Namibian side (Fig. 1B), whereby the extreme western areas
receive an average annual rainfall of about 250 mm, whereas the
extreme eastern areas receive an annual rainfall of about 600 mm
(Fig. 1B). The wettest part of the Cuvelai-Etosha Basin in the Angolan
highlands receives about 900 mm/year (Fig. 1B). Although the rainy
season starts in September-November, significant rain is often not
received until the January - April period (Fig. 2). During extreme flood
events, iishana in the CEB become inundated with surface flood water,
locally known as efundja, originating from upstream mainly from
Angolan highlands and complemented by local rainfall, thus forming
ephemeral wetlands. The flow of flood water downstream through the
basin is generally slow due to the gentle sloping nature of the basin
(Fig. 1C and D). Although efundja comes with many benefits for local
inhabitants, which include fish (Hipondoka et al., 2018; Mendelsohn
et al., 2013) and improved grass growth in iishana to support livestock
grazing (Mendelsohn et al., 2013), extreme flooding in recent years have
had devastating economic and social impacts in the CEB (Government of
Namibia, 2009).

3. Data and methods

Several steps were followed to characterize surface water changes
and dynamics in the CEB + S using Landsat data (Fig. 3). Landsat images
(LT1 Tier 1) covering the study area were acquired and pre-processed
(see Section 3.1). Then, reference pixels for training and validation
purposes were selected (see Section 3.2) and labelled (see Section 3.3).
Random forest models were then trained and subsequently applied to
each Landsat image to compute the probability of surface water pres-
ence per pixel (see Section 3.4). Composite probability maps for surface
water inundation were created (see Section 3.5), and the accuracy
assessment of surface water maps including area estimates was then
performed (see Section 3.6). Temporal change in annual surface water
was quantified (see Section 3.7) and pixel-wise inundation frequency
was characterised (see Section 3.8). Locally generated surface water
maps were then compared to globally available Landsat-based surface
water extent maps (see Section 3.9).
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Table 1
The number of Tier]l Landsat images available at each Landsat scene (Row/Path)
that covers the Cuvelai-Etosha Basin, from 1990 to 2021.

Landsat Scene Number of Tier 1 Average number of Landsat

(Row/Path) Landsat images images per year
178,071 607 18
178,072 632 20
178,073 605 19
179,071 622 19
179,072 626 20
179,073 650 20
180,071 609 19
180,072 616 19
180,073 603 18

3.1. Landsat data acquisition and pre-processing

Surface water changes and dynamics in the CEB + S were mapped
using all available analysis-ready Tierl 30 m resolution surface reflec-
tance data from Landsat-5/TM, Landsat-7/ETM + and Landsat-8/0LI.
We downloaded seven Landsat spectral bands (Blue, Green, Red, Near-
infrared, Short-wave infrared 1 and 2, and Thermal infrared) and five
corresponding spectral indices from The United States of America’s
Geological Survey (USGS) Landsat Surface Reflectance (SR) Climate
Data Records (https://espa.cr.usgs.gov/). The downloaded spectral
indices were: normalised difference vegetation index (NDVI, Rouse
et al., 1973; Tucker, 1979), enhanced vegetation index (EVI, Liu and
Huete, 1995), normalised difference moisture index (NDMI, Gao, 1996),
soil-adjusted vegetation index (SAVI, Huete, 1988) and modified soil-
adjusted vegetation index (MSAVI, Qi et al., 1994). In addition, we
calculated the modified normalised difference water index (MNDWI, Xu,
2006). Tier 1 Landsat data have good geometric accuracy, and are thus
suitable for time-series analysis. Surface reflectance data for Landsat-5/
TM and Landsat-7/ETM + were generated using the standard Landsat
Ecosystem Disturbance Adaptive Processing System (LEDAPS) algo-
rithm (Masek et al., 2006; Schmidt et al., 2013), whereas Landsat 8 OLI
surface reflectance products were generated using the Landsat-8/0OLI
surface reflectance algorithm (Vermote et al., 2016). Clouds and cloud
shadows were masked in each Landsat image using pixel quality flags
which were distributed together with Landsat surface reflectance data.
Pixel quality flags were generated using the CFmask algorithm (Zhu
et al., 2015; Zhu and Woodcock, 2012, 2014). A total of 5570 Landsat
images spread over nine (9) Landsat scenes were used to map surface
water changes and dynamics in the CEB + S, with the average number of
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Table 2

The number of reference pixels which were used for training purposes and
validation of surface water inundation maps. Training dataset was used to train
the random forest model for surface water inundation, whereas the test dataset
was used to validate the surface water inundation. Area proportion represents
the size of each stratum.

MNDWI stratum Training set Test validation set Area proportion

<—-0.25 232 368 0.417
—0.25-0.00 251 199 0.460
0.01-0.24 183 144 0.040
0.25-0.49 175 175 0.018
0.50-0.74 182 167 0.022
>0.74 176 148 0.043
Total 1199 1201 1

Landsat images per scene per year varying from 18 to 20 images during
the 1990-2021 period (Table 1).

3.2. Selection of reference pixels

Training data were needed to train the random forest algorithm for
mapping surface water from satellite data, and validation data were
needed for accuracy assessment and area estimation of surface water
extents. Reference pixels were selected through stratified probability
sampling (Midzuno, 1951; Stehman, 2009) to facilitate the creation of
training and test validation data. To do this, a maximum-value com-
posite image for MNDWI based on all available Tier 1 Landsat-5/TM and
Landsat-8/ OLI MNDWI images covering the 1990-2021 period was first
created for the whole study area using Google Earth Engine (Gorelick
et al., 2017). The MNDWI image was classified into six classes (Table 2)
based on the pixel values. Each class was treated as an independent
stratum from which reference pixels were then selected using stratified
probability sampling. In total, 2400 reference pixels were selected of
which 1199 were for training purposes and 1201 for validation.
(Table 2). For validation set, 385 samples were the ideal minimum
sample size when aiming for 5% margin error and 95% confidence in-
terval given the population size of 162,077,334 of 30 m Landsat pixels
covering the study area. Our validation set of 1201 samples is therefore
3 times larger than the ideal minimum sample size.

ISPRS Journal of Photogrammetry and Remote Sensing 191 (2022) 68-84

3.3. Labelling of training and test validation samples

To validate our multi-year maps of surface water, we relied on visual
interpretation of Landsat images themselves to create training and test
validation data for surface water because there were no reliable and
consistent multi-year in-situ observations or temporally consistent high
spatial resolution satellite data covering the 1990-2021 period. Visual
interpretation was done through a web application implemented on
Google Earth Engine (https://github.com/jdbcode/ee-rgb-timeser
ies/blob/main/eo-timeseries-explorer.js) using a timesync approach
(Cohen et al., 2010) which allows for interpretation of satellite image
using visual clues (i.e. context, texture, shape and connectivity) in
addition to temporal spectral response to determine the presence/
absence of surface water at each reference pixel. Fig. 4 shows the
screenshot of the user-interface for the web application. The labeling of

Table 3

Landsat images from the wet and dry season in the Cuvelai-Etosha Basin on
which the random forest models were trained to predict the probability of sur-
face water presence.

Click on a location

[ avow>  opions ¢
Options
Sensor selection
Landsar 8 SR
|| Y-axis index
swr1
RGB visualization
SWIRV/NIR/GREEN
Duration (months prior)
12

Cloud threshold % (exclude >)
30

Image chip width (km)

o ®ecccccee
March 2020 July 2020
Date

November 2020

2020-03-11

Wet season Dry season
Row/ Acquisition Sensor Acquisition Sensor
path date date
178,071 1991-03-30 Landsat-5/ 1991-08-05 Landsat-5/
™ ™
178,072 1998-03-17 Landsat-5/ 1998-08-24 Landsat-5/
™ ™
178,073 2001-03-25 Landsat-5/ 2001-08-16 Landsat-5/
™ ™
179,071 1997-03-21 Landsat-5/ 1997-08-28 Landsat-5/
™ ™
179,072 2009-03-22 Landsat-5/ 2017-08-03 Landsat-8/
™ OLI
179,073 2017-02-24 Landsat-8/ 2008-08-10 Landsat-5/
OLI ™
180,071 2017-03-19 Landsat-8/ 2017-08-10 Landsat-8/
OLI OLI
180,072 2017-03-19 Landsat-8/ 2017-08-10 Landsat-8/
OLI OLI
180,073 2017-03-19 Landsat-8/ 2017-08-10 Landsat-8/
OLI OLI
2020-02-24 2020-03-27 2020-04-12 2020-04-28

2020-05-14

Fig. 4. A screenshot of the user-interface for web application, implemented on the Google Earth Engine, which was used for the interpretation of Landsat images to
label surface water reference samples in the Cuvelai-Etosha Basin. The web application has three panels - the panel with high resolution Google Earth image
background (top left panel), the pixel time series chart (bottom left panel), and the panel for image chips of Landsat multispectral images (right panel). In this
example, the image chips are for Landsat-8/0LI visualised as SWIR1-NIR-GREEN colour composite. The original App is available at https://github.com/jdbcode/ee-r
gb-timeseries/blob/main/eo-timeseries-explorer.js. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of

this article.)
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the training and test validation samples was done differently. For the
training data, each sample was interpreted and labelled twice whereby
one label was based on interpretation of an image from the wet season
and the other from the dry season (see Table 3). Training the random
forest models using data from the two seasons was necessary for mini-
mising seasonal bias in the model predictions. Training samples were
only interpreted from 18 multispectral images from Landsat 5/TM and
Landsat-8/0LI comprising of nine images per season of which each
image represent one of the nine (9) Landsat scenes covering the study
area. In contrast to training samples, the test validation samples were
elaborately interpreted and labelled through time resulting in each
sample containing annual temporal information on the presence/
absence of surface water for each year from 1990 to 2021. The presence/
absence of surface water at each test validation sample per year was
determined by visually inspecting all available Tier 1 multispectral
Landsat surface reflectance images per year also using the web appli-
cation (Fig. 4). For each year, a sample was assigned a “water* class if
surface water was visible from at least one of the images from such a
year, otherwise a "no water* class was assigned.

3.4. Surface water prediction

We computed the probability of surface water presence from Landsat
data in the CEB + S using a random forest algorithm (Breiman, 2001)
implemented in the randomForest R-package (Liaw and Wiener, 2002).
The number of decision trees for the random forest model was set to 501
and the number of randomly selected candidate variables at each split
was set to 5. The random forest algorithm is one of the widely used
machine learning algorithm to map surface water from satellite images
in recent years (e.g. Tulbure and Broich, 2013; Wang et al., 2018; Li and
Xu, 2021). Random forest models, trained using the training data from
wet and dry seasons to minimise seasonal bias (see Section 3.3), were
used to predict the presence of surface water on each pixel for each
Landsat image, resulting in an image time series of water presence
probability. We used seven Landsat spectral bands (Blue, Green, Red,
Near-infrared, Short-wave infrared 1 and 2, and Thermal infrared) and
six spectral indices (NDVI, EVI, NDMI, MNDWI, SAVI, MSAVI) as pre-
dictors for surface water presence. Data analysis was performed in R (R
Core Team 2018) with raster data handling capabilities powered by
raster R-Package (Hijmans and van Etten, 2015) and rgdal R-package
(Bivand et al., 2018).

3.5. Creating composite probability maps for surface water

We created overall and annual composite probability maps for sur-
face water. An overall probability map was created from all available
individual probability maps (see Section 3.4) using maximum-value
composite approach. This approach was used to ensure that each pixel
in the composite probability map contains the highest temporal proba-
bility value for surface water. Annual probability maps were created
from individual probability maps of surface water for each year also
using maximum-value composite approach.

3.6. Accuracy assessment of surface water maps

The accuracies of the overall and annual surface water maps were
assessed using the test validation data set (Table 2) based on the rec-
ommended good practice for accuracy assessment and area estimation
(Olofsson et al., 2014; Stehman, 2012). Our goal was to generate overall
annual surface water maps that have the lowest area bias (the lowest
difference between producer’s and user’s accuracy). So, we used prob-
ability thresholds that minimise area bias to bin overall and annual
probability maps into water / no water classes. Monthly surface water
maps for each year were created by applying probability thresholds
which were used to create corresponding annual surface water maps.
The probability threshold for annual surface water maps were higher
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Table 4
A generic population error matrix for water and non-water where cell entries are
expressed in terms of proportion of area.

Reference
Water Non-water Total
Map Water Dii Pij Pi.
Non-water Pji Pj p;.
Total Pi pj 1

than 0.8, except for two years (1990 and 1996) when thresholds were
0.79 and 0.70, respectively. The probability threshold for the overall
local water extent was 0.95. During accuracy assessment, an error ma-
trix populated by estimated proportions of area based on sample count
weighted against the area proportion of the strata was constructed to
facilitate the calculation of accuracy metrics for surface water maps.
Table 4 shows a generic population error matrix for water and no water
with cell entries expressed in terms of area proportions. From the error
matrix, the user’s and producer’s accuracies were calculated as user’s
accuracy = p;i/pi. and producer’s accuracy = pji/p.; where py; is an area-
adjusted proportion for reference pixels with surface water that was
correctly mapped; p;. is the total mapped area proportion for surface
water; and p; is the total estimated area proportion for surface water
based on reference data. The 95% confidence intervals for user’s and
producer’s accuracies were estimated as +1.96 , where is the variance
for a respective accuracy metric (Olofsson et al., 2013, 2014). The
variance for each accuracy metric was calculated following the formulas
proposed in Olofsson et al. (2014). We calculated the mapped and
estimated areas for overall and annual surface water extents. The
mapped (M,) and estimated (E,) areas of surface water, expressed in
km?, were calculated as M, = Zpixel X 0.0009 and E; = p;j X Tpixel X
0.0009 respectively, where zpixe) is total number of pixels classified as
water, and Tpixe is the total number of Landsat pixels that covered the
study area. The estimated water extent refers to the total area of surface
water based on sample estimates, whereas the mapped extent refers to
the total area of surface water based on the total pixels classified as
water. The 95% confidence interval for estimated surface water extent
was calculated following Olofsson et al. (2014) approach, where the 5%
margin of error for the confidence interval is estimated as +1.96 x T
pixel X S (P;). In this case, the S (P ) is the standard error for sample-
based area estimates, calculated as S (P;) = \/ [((pi.pii — pizi)/ (n; — 1)
+ ((pj.pji - pji 2)/(nj, — 1))1, where n;, and n;, are row totals for sample
counts.

3.7. Quantifying temporal trend in annual surface water extent

We quantified the long-term temporal trend in annual surface water
extent and mean rainfall in the CEB + S using a linear model to un-
derstand how the annual surface water extent changed between 1990
and 2021. We also correlated the annual surface water extent with the
mean rainfall using Spearman correlation to understand how annual
surface water extent in the CEB + S is related to the prevailing rainfall.

3.8. Characterising pixel-wise inundation frequency

We characterised pixel-wise inundation frequency in the CEB + S to

Table 5
Inundation frequency (years) categories which were used for classifying the
inundated areas in the Cuvelai-Etosha Basin and its surroundings.

Inundation frequency score Inundation frequency Assigned class name

<0.26 1to8 Rarely inundated
0.26-0.50 9to 16 Occasionally inundated
0.51-0.75 17 to 24 Frequently inundated
>0.75 25 to 32 Very frequently inundated
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Fig. 6. Annual estimated (sample-based) and mapped surface water extents derived in the CEB + S for 1990-2021 period. The mapped water extents were derived
from from Landsat data. The standard error bars represent the 95% confidence interval.

allow the identification of most and least inundated areas, which can be
used to identify critical water bodies. We quantified inundation fre-
quency by counting the number of years between 1990 and 2021 when
surface water was detected on each pixel from Landsat data. A pixel-wise
inundation frequency score (IFS) was then calculated as IFS = w/Tg,
where w is the inundation frequency and Tg is the temporal extent for the
study, which was 32 years. We then classified the inundated areas into
four classes based on the IFS (Table 5).

3.9. Comparison to global surface water products

Publicly available global surface water datasets (e.g. Pekel et al.,
2016; Pickens et al., 2020) generated from Landsat data have become
alternative data-source for local planning and surface water monitoring
activities in areas where locally accurate maps of surface water do not
exist. But the local utility of these datasets for local surface water
assessment and monitoring remains unknown. To assess their suitability,
we used statistically robust sample-based approach to compare esti-
mates of surface water extents to the mapped water extents from our
local maps (local product) and two global surface water products,
namely European Commission’s Joint Research Centre (JRC) global
surface water (JRC product, Pekel et al., 2016) and the Global Land
Analysis and Discovery (GLAD) global surface water (GLAD product,
Pickens et al., 2020). The two global surface water products were all
generated from the same Landsat data and provide overall, annual and

monthly information on the extent of surface water across the globe. The
JRC product was available from 1984 to 2020, whereas the GLAD
product was only available from 1999 to 2021. For the overall surface
water extent, the comparison was only done for local and JRC products
because the GLAD product had a shorter temporal extent (1999-2021).
Global products were cropped to match the spatial extent of the local
product. Area estimates and spatial accuracy (user’s and producer’s) for
the global and local products were assessed using the same reference
data (see Section 3.2).

4. Results
4.1. Overadll surface water extent

Sample-based area estimates show that 15676.98 + 1079.98 km?,
equivalent to 10.6% of the study area, have been inundated with surface
water in the CEB + S between 1990 and 2021. This overall inundation
extent was mapped within the error-margin by the local surface water
product (mapped area = 16273.48 km?). The overall surface water
extent (Fig. 5) was mapped with high user’s (91.5 + 2.5%) and pro-
ducer’s (91.1 &+ 6%) accuracies. The commission and omission errors
were less than 10% and the area bias was less than 0.5% in favour of the
commission error. Our analysis shows that 90.2% of the overall surface
water extent mapped by the local product in the study area was within
the CEB, and the remaining 9.8% was detected in the surrounding areas
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Fig. 7. Change in annual surface water extent during 1990-2021 period at Omadhiya Lakes where surface water converges before flowing towards Etosha Pan. The
background high resolution multi-spectral image is from Google Earth™. The striping effect in water extent for 2006, 2009, 2011 and 2012 is caused Landsat 7 SLC-

off gaps.
that cover the Kunene and Okavango basins.

4.2. Annual surface water extent

Annual sample-based area estimates show a high interannual vari-
ability in surface water extent in the CEB + S between 1990 and 2021,
with surface water extent ranging from 520.8 + 375.7 km? to 12372.3
+ 1154.7 km?. The lowest extent was recorded in 1992 whereas the
highest extent of surface water was recorded in 2008. From the surface
hydrology perspective, 1992 and 2019 were the driest years in CEB + S
during 1990-2021 period, with surface water extent of less than 1000
km?, whereas 2006, 2008, 2009, 2011 and 2017 were the wettest years
with annual surface extent exceeding 10,000 km?. The annual surface
water extents were generally mapped accurately by the local extent,
with mapped water extents within the error margin for sample-based
estimates (Fig. 6). A spatial depiction of interannual change in surface
water extent at Omadhiya Lakes where surface water converges before
flowing towards Etosha Pan is shown in Fig. 7.

The user’s and producer’s accuracies for mapped annual surface
water extents varied greatly, but the surface water extent for many years
was mapped with high user’s and producer’s accuracies (Table 6). Out of
32 annual surface water maps, 72% had both user’s and producer’s
accuracy higher than 60% (Table 6). Surface water maps for 1996 and
1998 had the lowest accuracy, where both the user’s and producer’s
accuracy were lower than 45% (Table 6), which indicates that the
commission and omission errors for these maps were excessively high.
The most important predictors of surface water were water indices
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(MNDWI, NDMI) and SWIR bands, whereas the bands from visible
spectral regions were the least important (Fig. 8).

4.3. Trend in annual surface water extent

Trend analysis did not reveal a significant increase in annual surface
water extent (Fig. 9A) in the CEB + S during 1990-2021 period (df = 30,
p = 0.0685). The mean rainfall also did not show a siginificant change
over the last 32 years (df = 30, p = 0.6544). In the late 2000 s, the CEB
-+ S was characterised by successive years (2006, 2008, 2009, 2010,
2011) with above average rainfall, a pattern which was rare during
1990-2021 period (Fig. 9C). The Spearman correlation between the
annual surface water extent and mean rainfall was 0.66 (Fig. 9B).

4.4. Inundation frequency

Over 40% of the area inundated in the CEB + S during 1990-2021
was rarely inundated, and less than 5% (4.2 km?) was inundated very
frequently during the same time period, of which 76% (3.3 km?) was in
the CEB (Fig. 10A). Rarely inundated areas are areas that were inun-
dated less than 9 times during the entire 1990-2021 period, whereas
very frequently inundated areas were inundated more than 24 times
during the same study period. A significant portion (>12%) of the
inundated area was inundated only once during 1990-2021 (Fig. 10B) in
the whole study area (CEB + S). Very frequently inundated area were
mainly portions of the perennial Kunene which was part of our study
area and the Olushandja Dam (Fig. 11A), as well as the Omadhiya Lakes
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Table 6

Overall, and producer’s and user’s accuracies for annual surface water extents
derived from Landsat data over CEB + S. The standard errors represent the 95%
confidence interval.

Year PA [%] UA [%] OA [%]

1990 64.3 + 15 62.1 + 10 98.2 + 0.6
1991 53.8 + 14 53.7 £ 09 97.6 + 0.7
1992 50.8 + 36 522+ 24 99.7 £ 0.2
1993 74.1 £12 73.3 £ 06 98.1 £ 0.6
1994 50.1 &+ 20 51.7 + 14 98.9 + 0.5
1995 87.5+ 08 87.2+ 04 98.5 + 0.6
1996 33.2+13 325+11 97.1 £0.7
1997 87.3 + 08 87.8 + 04 98.6 + 0.6
1998 42,5+ 22 42.6 + 15 99.0 + 0.4
1999 59.8 + 16 60.4 + 09 98.3 £ 0.6
2000 56.5 + 15 57.9 + 10 98.2 + 0.6
2001 80.3 + 10 79.1 + 06 98.2 + 0.6
2002 70.5 + 12 70.9 + 07 97.9 £ 0.7
2003 79.9 £ 17 70.5 £ 08 99.0 £ 0.4
2004 81.5+11 79.5 + 06 98.7 + 0.5
2005 71.7 £13 73.1 £ 08 98.4 + 0.6
2006 83.7 £ 08 85.1 +£ 04 98.0 £ 0.7
2007 63.0 + 16 62.4 + 09 98.4 + 0.6
2008 85.8 + 07 85.9 + 03 97.7 £ 0.8
2009 87.3 £ 07 88.8 + 03 98.3 £ 0.7
2010 86.4 + 08 84.1 +£ 04 98.2 £ 0.6
2011 87.6 + 07 86.0 + 04 98.0 + 0.7
2012 80.7 + 09 78.5 + 05 97.7 £ 0.7
2013 53.4 £ 25 46.5 £ 16 99.2 +£ 0.4
2014 80.9 + 10 81.2 + 05 98.2 + 0.6
2015 67.4 + 20 71.2+11 99.3+ 0.4
2016 75.2 £12 75.1 £ 07 98.2 +£ 0.6
2017 88.3 +£ 07 86.1 + 04 98.1 +£ 0.7
2018 82.5+ 09 84.4 + 04 98.2 £ 0.7
2019 62.7 + 30 49.3+18 99.4 £ 0.3
2020 88.6 + 07 87.0 + 04 98.4 + 0.6
2021 75.0 £ 11 74.2 £ 07 98.0 + 0.6
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Fig. 8. Random forest feature importance for surface water mapping Cuvelai-
Etosha Basin with Landsat. Metrics with high feature importance were the
most important predictors of surface water.

and parts of several iishana in the CEB (Fig. 11B). Very frequently
inundated areas therefore represent areas which often had surface water
even during dry years, whereas rarely inundated areas correspond to
areas which become inundated only during extreme floods. In some
frequently inundated areas, surface water has ceased to occur (Fig. 12D)
whereas previously uninundated areas are now frequently inundated
(Fig. 11E).

4.5. Local and global surface water extents comparison

Variation in the annual surface water extent was accurately captured
by the local product (Fig. 13), leading to the Spearman correlation of
0.99 between the mapped and estimated extents. For the GLAD product,
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the correlation between the mapped and estimated annual water extents
was also high 0.92. However, the GLAD product underestimated surface
water extent almost for each year (Fig. 13). The correlation between the
estimated water extent and water extent mapped by JRC product was
0.60. The JRC product also underestimated the extent for most of the
years (Fig. 13). The overall water extent mapped by the JRC product
(5618.02 km?) in the CEB + S was at least two times lower than the
sample-based area estimates (15677 + 1080 km?). Based on sample
estimates, the highest annual water extent (12372.3 + 1154.7 km?) was
recorded in 2008. This water extents was much higher than the extent
mapped by JRC product (4280.64 km?) and GLAD product (7568.25
km?). The water extent mapped by local product (12076.25 km?) in the
same year was much closer to the one estimated from reference data.
Fig. 14 shows spatial comparison of the local and global surface water
maps at three sites in the CEB for March 2017. Generally, the GLAD
surface water extents for CEB + S are more realistic than JRC surface
water extents (Fig. 13), but both global products do not provide reliable
extent of surface water inundation in this basin.

5. Discussion

This paper estimated and mapped surface water extents in the CEB +
S for 32 years (1990-2021) to improve our understanding of changes
and dynamics of surface water in this human-inhabited endorheic basin
and to provide the first most accurate spatio-temporal information on
the surface water changes and dynamics in the CEB at 30 m resolution.
Sample-based area estimates show that 10% of the CEB + S has been
inundated by surface water between 1990 and 2021 though the
maximum area inundated in a single year was only 8%. This could be
due to the fact that some areas have experienced inundation cessation
and inception over the years as a result of human-induced land modi-
fications (see Fig. 12). We found a high interannual variability in surface
water extents in the CEB + S, with surface water extent less than 0.5% of
the study area during drier years, and about 8% during the wet years.
This interannual variability could even have been much higher if small
parts of the perennial Kunene and Okavango Rivers were not included in
the study area. Higher interannual variability in the annual water ex-
tents is a result of extreme droughts and floods that occurred in the CEB
+ S during the 1990-2021, and also due to high evaporation. Even if an
extreme floods occur in the CEB + S, most of the surface water evapo-
rated in few months. Interannual variability in the surface water extent
has been observed in other water basins in drylands (Tulbure and
Broich, 2013), but the variability in those areas were less strong because
of large perennial rivers that transverse such basins. During the thirty
two years (1990-2021), the 2008-2011 period was the wettest in the
CEB + S resulting in larger surface water extents. This period was
characterized by extreme floods in the CEB which were the most socially
and economically devastating floods in recent decades in this area
(Mendelsohn et al., 2013). Our area estimates show that the surface
water extents for 1992, 1998, 2013 and 2019 were the smallest during
1990-2021 period. This is not surprising because these years were
characterized by extreme droughts which have had devastating impacts
on livestock and livelihood of many inhabitants in Namibia, including in
the CEB (Mendelsohn et al., 2013; Sweet, 1998). We did not find sig-
nificant trend in annual surface water extent and rainfall in the CEB + S
during the 1990-2021 period. The correlation between the annual sur-
face water extent and mean rainfall was moderate. This is probably
because, or some years with relatively high rainfall, the rain might have
been spread over many days with longer temporal gap between rainfall
events. Such rainfall pattern may not trigger flooding due to high
evaporation rate in the study areas.

The overall surface water extent for 1990-2021 period was mapped
with user’s and producer’s accuracies over 90%. These accuracies are
similar to those achieved by Tulbure et al. (2016) who mapped surface
water extent over the Murray-Darling Basin in Australia during
1986-2011 using Landsat data. The overall surface water extent



E. Hamunyela et al.

ISPRS Journal of Photogrammetry and Remote Sensing 191 (2022) 68-84

15000 A 15000 4
IS ° IS
X X
N N
< <
I} 10000 A i) 10000 4
x x
(O] (0]
p S
] 2
: g
® 5000 ° 5000 A
[&] O
© ©
= ©
j ]
w w
0 04
1990 2000 2010 2020 400 600 800 1000
Year Mean rainfall (mm)
— 7504
1S
£
=
g 500
©
L.
C
3
s 2504
0-
O r NN TWON DD rNDLTDONDDO - NDITWON QD O
DDDDDDHDDDDNDNO OO OO0 rrrrr-rrr-r—r—rrr— N
DD OODDDDDDOO0OO0OO0O0O0O0O0O0O0O0O0O0O0O0O0O0O0 OO0 OO
i el el el i e e B oV I oV A oV B o VA oV NN oV A oV I oV N oV I oV I oV A oV Y oV A oV BN oV i oV I oV I oV A oV I oV N oV I oV |
Year

Fig. 9. Trends in annual surface water extent (A), the relationship between surface water extent and mean rainfall (B) and temporal distribution of mean rainfall in
the Cuvelai-Etosha Basins and its surroundings (C) during 1990-2021 period. The red dashed line C indicates the long-term temporal mean of the rainfall. Rainfall
data are based on the CHIRPS gridded rainfall estimates (Funk et al., 2014), and were averaged spatially. (For interpretation of the references to colour in this figure

legend, the reader is referred to the web version of this article.)

o A B
<
Il CEB only ° == CEB only

o Il CEB+S - = CEB+S
—~ ™7
S
g 2
< 1

=

o] sl o

Rarely Occasionally Frequently Very frequently 0 10 20 30
inundated inundated inundated inundated
(1 to 8 times) (9to 16 times) (17 to 24 times) (25 to 32 times)

Inundation frequency (years)

Fig. 10. Distribution of area by inundation frequency category (A) and by number of frequency (B) in the Cuvelai-Etosha Basin and its surrounding area during

1990-2021 period.

produced in this study provides the first most accurate and reliable
overall surface water extent for CEB + S, and could therefore play an
important role in other applications such as surface hydrological
modelling, which often require input from remote sensing data (Heim-
huber et al., 2016), to explore future flood risk under various climatic
scenarios. This multi-decadal water extent can also be used as a
benchmark mask when monitoring surface water evolution during
extreme floods, and can play a critical role in spatial planning processes
in the basin to minimise inappropriate land modifications and human
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settlement expansions.

Extracting drainage network for CEB from the best available digital
elevation models (with 30 m horizontal and 5 m vertical resolutions,
Takaku et al., 2018) is challenging (Niipele and Chen, 2019; Persendt
and Gomez, 2016) because the CEB is generally flat. As a result, accurate
dataset for drainage networks does not exist to support surface hydrol-
ogy studies in the basin. Such drainage networks can be inferred from
this multi-decade surface water extent to improve our understanding of
the drainage networks inter-connectedness in the basin. Identifying the
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Fig. 11. Spatial patterns of inundation frequency in the CEB + S during 1990-2021 period.

inter-connectedness of critical drainage network would allow us to
determine water channels that should be protected from land trans-
formations to maintain the integrity of surface water flow in the CEB.
Inferred drainage networks would also be needed for studies that aim to
identify critical routes of seasonal fish and fisheries refugia in the CEB (e.
g. Hipondoka et al., 2018).

When compared to area estimates based on reference data, our maps
for annual surface water extent captured the interannual variability in
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surface water extent for CEB + S accurately, except that some maps of
much drier years had higher omission and commission errors. High
omission and commission errors for drier years imply that our random
forest models were unable to separate correctly water pixels from non-
water pixels during drier years, probably because of high surface
reflectivity and shallowness of the water bodies. Our result of low user’s
and producer’s accuracies during dry years is different from the findings
of Tulbure and Broich (2013) who also used random forest model to map
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Fig. 12. The full pixel-time series for probability of water presence, with high values indicating high likelihood of water presence on a pixel. (A) inundation occurs
only over few events (crop field: 17.6798S, 15.2459E), (B) almost permanently inundated area (lake: 17.6728S, 15.2926E), (C) inundation occurs in many years but
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(17.6675S, 15.7232E). The probability of water presence time series was derived from all cloud-free Landsat observations from 1990 to 2021 using a random

forest model.
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Fig. 13. Relationship between annual estimated and mapped surface water extents for GLAD, JRC and local products in the CEB + S. Annual surface water extents
were estimated/mapped between 1990 and 2021 period. Mapped areas were derived from Landsat data. Estimated extents were based on sample reference data.

Landsat-8 image for 19-03-2017

JRC surface water extent

GLAD surface water extent

Local surface water extent

Fig. 14. Spatial comparison of local and global surface water products at three sites (A: 17.646S, 14.856E; B: 17.633S, 15.138E; C: 17.4408S, 15.793E) in the CEB for
March 2017. The multi-spectral images (A-C) visualised as 5-4-3 colour composite show surface water as captured by Landsat-8/0LI on 19 March 2017 and is
compared against the surface water extent generated by JRC product (D-F), GLAD product (G-I) and local product (J-L) from the same image. Note that this was the
only image available for March 2017.

surface water in Murray-Darling Basin of Australia from Landsat data.
Tulbure and Broich (2013) reported lower producer’s and user’s accu-
racies of water extent for wet years than dry years. This difference might
be due to the way we trained our random forest models, and the
geomorphological differences between the two basins. However, Tul-
bure and Broich (2013) had separate models for various seasons whereas

we used one random forest model trained using data from wet and dry
seasons. Our relatively small training dataset (n = 1199) might also have
contributed to low mapping accuracy during dry years. Future studies on
surface water mapping in the CEB + S or similar setting should therefore
consider using a significantly large representative training dataset to
improve surface water mapping accuracy.

81



E. Hamunyela et al.

Continuous availability of surface water bodies in any landscape is
important because such water bodies support many important biological
and ecological processes (Allen et al., 2020). In the CEB + S, however,
only 4% of the total inundated area had water almost every year during
1990-2021 period, and this area could be much smaller if the portions
for perennial Kunene and Okavango rivers are excluded. Our analysis
did not include identification of non-river bodies which retain water
throughout the year, including during dry years. However, areas that
retain or accumulate water during dry years in drylands provide
important ecosystem services, and should therefore be identified in
future studies to allow for protection from land transformations and
pollution. In the context of CEB, identifying non-river bodies which
retain water throughout the year would also be critical for the ongoing
research which is investigating the main sources of seasonal fish that
become prevalent in iishana during good rain seasons (Hipondoka et al.,
2018; Mendelsohn et al., 2013).

A large portion (>40%) of the area that was inundated in the CEB
during 1990-2021 was rarely inundated. With population still growing
in the CEB + S, rarely inundated areas could become prime target for
land transformation to accommodate human settlements and economic
activities. Such land transformations, however, could lead to massive
socio-economic impacts during extreme floods if no preventive mea-
sures are put in place. Therefore, our surface water maps provide
necessary spatio-temporal information that could inform future land
transformation activities in the CEB to minimise negative socio-
economic impacts during extreme floods.

Global datasets for surface water are seen as potential alternative
sources of spatio-temporal information for the areas where locally pro-
duced accurate maps for surface water do not exist. Our analysis,
however, shows that globally available Landsat-based maps for surface
water extent (Pekel et al., 2016; Pickens et al., 2020) underestimate
surface water extent in the CEB + S. They even fail to correctly capture
interannual variability in surface water in this basin. However, the
GLAD product performed reasonably much better than the JRC product.
The inability for globally generated surface water products to properly
map surface water extent in the CEB + S is not surprising because global
products were generated using globally tuned algorithms, and would not
be able to capture complex local variability in surface water conditions.
Further refinement of algorithms through increased training data from
regions with complex surface water dynamics could potentially improve
the accuracy of global surface water products.

Overall, this study provides the first most accurate baseline infor-
mation on surface water changes and dynamics over three decades, and
this information can support surface water management and landscape
transformation policy formulation for CEB to minimise flood-related
economic losses in the future. However, there are a few limitations to
this dataset. Firstly, the overall and annual surface water estimates and
maps undoubtedly underestimated the surface water extent in the CEB
+ S. This is because inundation caused by flash flood which have shorter
residency period might have been missed because Landsat has temporal
revisit of 16 days when only a single sensor is in orbit or 8 days when two
Landsat sensors are in orbit. When this temporal revisit is coupled with
cloud cover, most of the surface water might have evaporated or seeped
into the soil before it could be captured by Landsat. With ongoing effort
to harmonise data from Landsat and Sentinel-2 sensors (Claverie et al.,
2018; Shao et al.,, 2019), the problem of low revisit time will be
addressed. The benefit of using harmonised Landsat and Sentinel-2
dataset for surface water mapping has been demonstrated recently
(Tulbure et al., 2022a). Secondly, water bodies smaller than 0.09 ha
were possibly not mapped accurately by 30 m resolution Landsat data
due to mixed pixel problems, and very shallow water might not have
been detected, especially given that we relied on visual interpretation of
30 m resolution Landsat imagery for reference data. A typical example of
water bodies missed by our product is the 160 km man-made open water
canal with width smaller than 5 m that supply bulk water throughout the
year from Calueque dam in Angola to Oshakati in Namibia for irrigation
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and domestic use. Mapping water bodies of this size accurately would
therefore require satellite data with much higher spatial resolution. Data
from the European Copernicus satellites with 10 m and PlanetScope with
<5 m resolution have potential to improve the mapping of such water
bodies in the CEB + S. Generally, the CEB + S does not have high woody
vegetation cover, but some areas in Angola do. If some of those areas
were inundated, such surface water was largely missed because Landsat
sensors are unable to detect surface water under dense vegetation cover.
The use of data from Synthetic Aperture Radar (SAR) sensors, for
example the European Copernicus Sentinel-1, which have some capa-
bility to penetrate the canopy for dense vegetation (DeVries et al., 2020;
Hardy et al., 2019; Long et al., 2014; De Groeve, 2010) could further
improve the mapping and monitoring of surface water inundation in the
CEB + S. Future work should therefore explore the utility of SAR data for
operational surface water mapping and flood monitoring in the CEB + S
while using maps generated in this study as baseline information.

6. Conclusion

In this study, surface water extent in the CEB + S was estimated and
mapped for 32 years (1990-2021) from Landsat data, resulting in the
first most accurate baseline information on changes and dynamics of
surface water in this human-inhabited endorheic basin. Interannual
variability in surface water extent is high in the CEB + S, with water
extent increasing almost 15 times during wetter years. A large part of the
CEB + S (40%) is however rarely inundated. Rarely inundated areas
could become a prime target for human settlements in the future which
might contribute to huge socio-economic damages during extreme
floods if no precautionary measures are put in place. Therefore, the
surface water maps produced in this study provide important baseline
information on surface water changes and dynamics in the CEB + S and
could therefore support evidence-based spatial planning processes
within the basin. The extent and interannual variability of surface water
in CEB + S is currently poorly mapped by globally available surface
water datasets (JRC and GLAD water extents). With global products
unable to provide realistic water extents in CEB + S, there is a need for
targeted regular monitoring of surface water extent in the CEB + S to
continuously produce surface water maps with local utility to help
minimise future impacts of extreme floods.
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