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Abstract
Surface water assumes a pivotal role in sustaining a wide range of wildlife species 
in semi-arid protected areas. However, differences in surface water body typology, 
underlying soil type, wildlife activity, the presence of phytoplankton amongst other 
factors, result in high variability of surface water spectral reflectance and detection 
accuracy. In this study, the performance of radar and optical methods was evaluated 
in detecting surface water of variable spectral reflectance in Hwange National Park, 
Zimbabwe using Sentinel-1 radar and Sentinel-2 optical images for the period 2016–
2023. Results demonstrated that radar methods had low surface water detection ac-
curacy which was highly variable as shown by overall accuracy and kappa statistic 
measures which continuously changed over time compared with optical methods. The 
overall best-performing method was the optical AWEInsh (sharpened) which showed 
high surface water detection accuracy and consistency (OA: 94%–100%) and (κ: 0.88–
1.00) from 2016 to 2023. Therefore, optical methods present a stable and robust way 
for surface water monitoring in heterogeneous semi-arid protected areas. However, 
radar-based methods should be continually explored where optical-based technolo-
gies are impeded as a result of vegetation cover and cloud conditions.
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Résumé
Les eaux de surface jouent un rôle essentiel dans le maintien d'un nombre important 
d'espèces sauvages vivant dans les zones protégées semi-arides. Cependant, les 
différences dans la typologie des masses d'eau de surface, le type de sol sous-jacent, 
l'activité de la faune, la présence de phytoplancton, entre autres facteurs, entraînent 
une grande variabilité de la réflectance spectrale de l'eau de surface et de la précision 
de la détection. Dans cette étude, la performance des méthodes radar et optiques a été 
évaluée pour la détection des eaux de surface de réflectance spectrale variable dans 
le parc national de Hwange, au Zimbabwe, en utilisant les images radar Sentinel-1 et 
les images optiques Sentinel-2 pour la période 2016-2023. Les résultats ont démontré 
que les méthodes radar offraient un faible niveau de précision de détection des eaux 
de surface, qui était très variable, comme l'illustrent les mesures de précision globale 
et de statistique kappa qui ont continuellement changé au fil du temps par rapport 
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1  |  INTRODUC TION

Surface water availability influences the diversity, distribution, 
and interactions of wildlife in semi-arid protected areas (Bartzke 
et al., 2018; Chamaillé-Jammes et al., 2007). Due to the ephemeral 
nature of natural surface water bodies in semi-arid protected areas, 
artificial water sources (e.g., boreholes) augment game water supply, 
particularly during the dry season (Gaylard et al., 2003). However, 
supplementary surface water provision is associated with several 
ecological issues. For example, excessive water points favour water-
dependent ungulates and elephants, increase vegetation damage, re-
duce the spatio-temporal heterogeneity of habitats, amongst many 
others (Davidson et al., 2013; Owen-Smith, 1996; Smit et al., 2007). 
Therefore, regular monitoring of surface water availability is essen-
tial to better inform both surface water provision and wildlife habitat 
management policies, especially in water-limited ecosystems.

In the late dry season, both aerial and ground monitoring surveys 
have been employed to monitor surface water availability, but these are 
time and resource-intensive (Kaplan & Avdan, 2017). This limits the area 
covered and reduces monitoring frequency. Remote sensing which uses 
freely available satellite imagery enables surface water detection at large 
spatial scales and high temporal intervals (Senay et al., 2013). However, 
remote sensing is sensitive to variations in properties of surface water 
bodies (Li et al., 2022). Surface water bodies vary in typology, perime-
ter, depth, underlying soil type, and intensity of use by wildlife. These 
factors affect surface water depth, suspended particulate matter, the 
concentration of nutrients, amount of cynanobacteria, phytoplankton, 
and aquatic macrophytes influencing the spectral signature of surface 
water (Gupta, 2017; Rotkiske & Bostater Jr, 2018). For example, phy-
toplankton biomass has high-spectral reflectance in the near-infrared 
region of the electromagnetic spectrum and in contrast, clear water has 
low spectral reflectance in this region (Kutser, 2009). Such variations in 
surface water body properties result in high variability of surface water 
spectral reflectance and detection accuracy. Thus, to ensure accurate 
detection of surface water, remote sensing-based methods which are 
robust to these spectral complexities should be applied.

Most studies for extracting surface water information have been 
based on optical sensors due to free access to data and historical data ar-
chives (Bhangale et al., 2020; Mishra et al., 2020). The launch into space 
of Sentinel-1 satellite has made radar data freely available at high spatial 
and temporal configurations (Slagter et al., 2020). The advantage of the 
Sentinel-1 radar sensor is that it is not impeded by cloud cover and the 

radar signal can penetrate through tree canopy gaps due to its longer 
wavelength (Huang et al., 2017; Slagter et al., 2020) whereas Sentinel-2 
optical sensor becomes limited in detecting surface water under dense 
vegetation cover and cloudy conditions (Peña-Luque et al., 2021).

Radar imagery has successfully been used in flood mapping 
(Clement et  al., 2018), wetland mapping (Behnamian et  al., 2017), 
soil moisture content estimation (Gangat et  al.,  2020), rice fields 
mapping (Ovakoglou et al., 2021), and monitoring lake dynamics in 
different catchments (Zeng et al., 2017). Markert et al. (2018) tested 
the capability of radar and optical data for mapping surface water by 
combining the two sensor datasets and applying a water extraction 
technique to both datasets and produced consistent, harmonised 
surface water time series information. While radar-based methods 
are still few and being developed, their ability to detect surface water 
bodies of variable spectral reflectance in semi-arid ecosystems along 
with other conventional optical methods, remains under-tested.

The objective of this study was to assess the performance and 
comparability of radar and optical methods in detecting surface 
water of variable spectral reflectance in Hwange National Park 
(HNP), a semi-arid protected area in southern Africa. The study also 
explored thresholding methods which could improve the perfor-
mance of radar and optical methods. We expected the performance 
of Sentinel-1 radar methods to be comparable to that of Sentinel-2 
optical methods because of Sentinel-1 sensor's sensitivity to sur-
face water in a range of catchments and high penetrative capacity 
of radar signal through tree canopy cover. Comparability of radar 
and optical Sentinel-based methods could allow regular monitoring 
of surface water availability in heterogeneous semi-arid protected 
areas under conditions of cloud cover.

2  |  MATERIAL S AND METHODS

2.1  |  Study area

The study was carried out in HNP which spans an area of 
14,651 km2. HNP is located in northwest Zimbabwe between 
latitudes 18°30′ and 19°50′S and longitudes 25°24′ and 27°24′ E 
(Figure  1). Rainfall ranges between 300 and 800 mm annu-
ally which is received mostly between November and April. The 
northern and North-western portions of the park are drained by 
the Deka, Lukosi, and Inyantue rivers, tributaries of the perennial 

aux méthodes optiques. La méthode la plus performante était la méthode optique 
AWEInsh (sharpened) qui a offert un niveau de précision élevé et constant dans la 
détection des eaux de surface (OA : 94 %-100 %) et (κ : 0,88-1,00) de 2016 à 2023. 
Par conséquent, les méthodes optiques constituent un moyen stable et efficace pour 
la surveillance des eaux de surface dans les zones protégées semi-arides hétérogènes. 
Cependant, les méthodes basées sur le radar devraient continuer à être explorées 
lorsque les performances des technologies basées sur l'optique sont compromises en 
raison de la couverture végétale et des conditions nuageuses.
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Gwaai river, while the extreme south of the park is drained by Nata 
river (Rogers, 1993). The river network is seasonal and dries out as 
the dry season progresses leaving some disconnected river pools 
(Owen-Smith, 1996). There are diverse surface water body types: 
artificial waterholes, dams, springs, pans, and small depressions 
capable of holding water in the wet season.

2.2  |  Acquisition of remote sensing data

2.2.1  |  Acquisition and processing of Sentinel-1 data

Sentinel-1 radar images which cover the study area were down-
loaded from Corpenicus Open Access Hub (https://​scihub.​coper​
nicus.​eu/​dhus/#/​home). The Sentinel-1 radar images were for 
September/October for the years 2016, 2017, 2018, 2019, 2020, 
2021, and 2023. Due to the unavailability of Sentinel-1 images for 
the year 2022 over the study area, we used Sentinel-1 images avail-
able for the earliest date, that is, February 2023. The downloaded 
ground range detected (GRD) imagery in Interferometric Wide (IW) 
acquisition mode has a pixel spacing of 10 m. The Sentinel-1 GRD 
images were pre-processed in SNAP (Sentinel Applications Platform) 

software version 8.0.0 by applying the orbit file, border noise re-
moval, radiometric calibration, terrain correction, and converting 
the final product to decibel (db) units (Filipponi, 2019).

2.2.2  |  Acquisition and processing of 
Sentinel-2 data

Sentinel-2 optical images covering the study area were acquired 
for September/October 2016–2021 and February/March 2023. 
Sentinel-2 optical images were acquired as Level-1C products and 
Level-2A products. Level-2A products had undergone geometric, 
radiometric, and atmospheric corrections from Corpenicus Open 
Access Hub (https://​scihub.​coper​nicus.​eu/​dhus/#/​home). Level-1C 
products were processed into Level-2A products using the Sen2Cor 
version 2.05.05 software (ESA, 2020).

2.3  |  Water detecting methods

Table  1 shows radar and optical water detecting methods com-
puted in this study. AWEInsh, and MNDWI (defined in Table 1) were 

F I G U R E  1 Map of Hwange National Park showing different surface water features.
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computed in two ways, that is, first using 10 m image sharpened 
SWIR1 or SWIR2 band(s) and secondly using 10 m resampled SWIR1 
or SWIR2 band(s). The intensity hue saturation (IHS) technique was 
adopted for sharpening the 20 m low resolution SWIR1 and SWIR2 
bands to 10 m resolution using the 10 m NIR band (Du et al., 2016). 
The IHS technique is one of the classical most widely used and suc-
cessful image sharpening approaches which enhances the spatial 
resolution while maintaining the spectral fidelity of the fused image 
product (Du et al., 2016).

2.4  |  Surface water and dryland reference data

Surface water availability reference data for this analysis were 
acquired from annual aerial survey reports which described the 
dry season condition of water pans during routine game counts 
organised by Wildlife and Environment Zimbabwe in HNP. Surface 
water pans which were still holding surface water in the dry sea-
son (September/October) of each year in HNP were selected. 
For each year an equal number of dryland sites which could be 
visually discerned from high-resolution imagery were selected for 
comparing their spectral properties with those of surface water-
bodies and to evaluating the capability of radar and optical meth-
ods to differentiate water bodies from dryland sites (Dzinotizei 
et al., 2018).

2.5  |  Thresholding techniques

Thresholds were used for segmentation of surface water and dry-
land pixels. The thresholds were computed two ways, that is, using 
fixed optimal thresholds and automated Jenks natural breaks.

2.5.1  |  Fixed optimal thresholds

Reference data on surface water and dryland were acquired from 
historical high-resolution images made available through Google 
Earth for April 2016 and February 2019. Sentinel-1 radar and 
Sentinel-2 optical images for April 2016 and February 2019 were 
used for surface water mapping. Thereafter, the manually iterated 
threshold which showed the highest agreement between ground-
truth reference data and image data were selected (Vázquez-Jiménez 
et al., 2018). The better-performing threshold between the 2 years, 
that is, 2016 or 2019 was used as a fixed optimal threshold for binary 
classification of images for the years 2016, 2017, 2018, 2019, 2020, 
2021, and 2023.

2.5.2  |  Automated Jenks natural breaks

The Jenks natural breaks method uses an automated data clustering 
technique that aggregates data into two natural groupings, that is, 
surface water and dryland by minimising the within-group variance 
and maximising the between-group variance (Coulson,  1987). This 
automated method allows adjustment for variability in image reflec-
tance values over time due to variations in external conditions (Du 
et  al.,  2002; Li et  al.,  2024). Automated Jenks natural breaks were 
applied to surface water and dryland data for each water detecting 
method for the years 2016, 2017, 2018, 2019, 2020, 2021, and 2023.

2.6  |  Accuracy assessment

To assess the accuracy of binary image classification, a confusion 
matrix was generated and the overall accuracy (OA) and kappa 

TA B L E  1 Radar and optical methods computed.

Sensor type Water detecting method Equation Reference

Sentinel-1 Vertical-horizontal (VH) λVH Kim and van Zyl (2009)

Vertical-vertical (VV) λVV Kim and van Zyl (2009)

Polarised Ratio Index (VHrVV) VH

VV

Brisco (2015)

Normalised Difference 
Polarisation Index (NDPI)

VV−VH

VV+VH

Mitchard et al. (2012)

Sentinel-1 Water Index (SWI) 0.1747 × VV + 0.0082 × VH × VV + 0.0023 × VV2−0.0015 × VH2 + 0.1904 Tian et al. (2017)

Modified Sentinel-1 Water 
Index (MSWI)

0.00045 × VH-0.027687 × (VH-VV) 
− 0.00429 × VV × VH + 0.00489 × VV2-0.00147 × VH2-0.92412

Wang et al. (2019)

Sentinel-2 Automated Water Extraction 
Index (AWEInsh)

4 × (Green-SWIR1)−(0.25 × NIR + 2.75 × SWIR2) Feyisa et al. (2014)

Modified Normalised 
Difference Water Index 
(MNDWI)

Green− SWIR1

Green+ SWIR 1

Xu (2006)

Water Ratio Index (WRI) Green+Red

NIR+ SWIR1

Shen and Li (2010)

Normalised Difference Water 
Index (NDWI)

Green−NIR

Green+NIR

McFeeters (1996)

New Water Index (NWI) Blue− (NIR+ SWIR1+ SWIR2)

Blue+ (NIR+ SWIR1+ SWIR2)
Ding et al. (2018)
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statistics were used to evaluate the performance of Sentinel-1 radar 
and Sentinel-2 optical methods for 2016–2023.

3  |  RESULTS

3.1  |  Evaluating the performance of radar and 
optical methods using fixed optimal thresholds

The fixed optimal thresholds and corresponding OA and kappa co-
efficient for each water detecting method are given in in Table 2. 
Sentinel-1 radar methods were associated with low surface water 
detection accuracy for the year 2016 (OA: 51%–63%) and (�: 
0.03–0.25). However, there was a gradual improvement in sur-
face water detection accuracy for all Sentinel-1 radar methods 
from year to year. For the year 2023: VH, VV, SWI, and MSWI 
showed improved surface water detection accuracy (OA: 82%–
91%) and (κ: 0.64–0.82); however, VHrVV and NDPI still per-
formed poorly (OA: 59%–61%) and (κ: 0.18–0.22). At their fixed 
optimal thresholds, Sentinel-1 radar methods showed highly vari-
able performance.

For all Sentinel-2 optical methods assessed there was moderate 
to high surface water detection accuracy for the years 2016–2021 
(OA: 73%–98%) and (κ: 0.46–0.96). However, for the year 2023 
MNDWI (sharpened), MNDWI (resampled), WRI, NDWI, and NWI 
showed low surface water detection accuracy (OA: 50%–76%) 
and (κ: 0.00–0.52) and only AWEInsh (sharpened) and AWEInsh (re-
sampled) maintained high surface water detection accuracy (OA: 
99%–100%) and (κ: 0.98–1.00). Based on fixed optimal thresholds, 
overall Sentinel-2 optical methods mostly showed consistency in 
performance and less temporal variability except for the year 2023. 
AWEInsh (sharpened) showed the highest and most consistent sur-
face water detection accuracy from 2016 to 2023 (OA: 94%–100%) 
and (κ: 0.88–1.00).

3.2  |  Evaluating the performance of 
radar and optical methods using automated Jenks 
natural breaks

The Jenk's natural break values for automated segmenting of sur-
face water from dryland are shown in Table S1. The corresponding 
OA and kappa coefficient accuracy assessment measures are given 
in Table 3. The performance of Sentinel-1 radar methods when au-
tomated natural breaks were applied did not show much difference 
compared with when fixed optimal thresholds were applied.

There was an improvement in the performance of Sentinel-2 
optical methods when automated natural breaks were applied for 
the year 2023 (Table  3), where there was a poor performance by 
MNDWI (sharpened), MNDWI (resampled), WRI, NDWI, and NWI 
when fixed optimal thresholds were applied.

3.3  |  Mapping surface water bodies and dryland 
sites using radar and optical methods

Figures S1 and S2 show maps of surface water bodies and dryland 
sites respectively, using Sentinel-1 radar and Sentinel-2 optical 
methods in a subset area of HNP for February/March 2023. Surface 
water body maps for radar methods show more mixed pixels com-
pared with optical methods, which are a result of radar methods 
misclassifying surface water as dryland. Dryland site maps for radar 
VHrVV and NDPI show more mixed pixels than other radar and opti-
cal methods, which are a result of VHrVV and NDPI misclassifying 
dryland as surface water.

4  |  DISCUSSION

This study showed that Sentinel-2 optical methods had higher sur-
face water detection accuracy than Sentinel-1 radar methods. The 
performance of Sentinel-1 radar was highly variable over time, 
whereas the performance of Sentinel-2 optical methods was less 
variable. The performance of Sentinel-2 optical methods improved 
when automated natural breaks were applied instead of fixed opti-
mal thresholds, whereas the performance of Sentinel-1 radar meth-
ods was not affected by either of the two thresholding methods.

Accuracy in the detection of surface water of variable spectral 
reflectance was higher with Sentinel-2 optical methods. Differences 
in performance may be attributed to the limited spectral informa-
tion captured by Sentinel-1 radar sensor dual polarised bands and 
reliance on texture and homogeneity of surfaces for accurate fea-
ture detection (Kaplan & Avdan,  2018; Tamkuan & Nagai,  2021). 
In contrast, multispectral optical sensors may respond better to 
wide variations in spectral reflectance in the visible, near-infrared, 
and short-wave infrared regions of the electromagnetic spectra 
(Bioresita et al., 2019) and this is probably necessary to detect wa-
terbodies that undergo wide variations in spectral properties in 
space and time (Li et al., 2022).

Surface water detection accuracy by Sentinel-1 radar methods 
was highly variable as shown by OA and kappa statistic assessment 
measures which continuously changed over time. Surface water de-
tection for Sentinel-1 was low in year 2016 but there was a trend 
of gradual improvement in surface water detection each year and 
this resulted in high temporal variability. We speculate that this tem-
poral variability in surface water detection could have been related 
to a systematic distortion in backscatter values of the Sentinel-1 
images over the study region, resolved by the improvement in the 
technology and image quality over time. A study which monitored 
Tankwa non-perennial river in an arid wildlife area in South Africa 
using Sentinel-1 and Sentinel-2 images for the year 2016 observed 
low surface water detection accuracy by Sentinel-1 VV and VH 
bands and contrasting high surface water detection accuracy by 
Sentinel-2-based NDWI algorithm (Seaton & Dube, 2021). From the 
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long-term evaluation done in this study, it can be acknowledged that 
surface detection by all Sentinel-1 radar methods was initially low 
but notably improved over time.

Overall, the multiband optical AWEInsh (sharpened) had the high-
est surface water detection accuracy compared with all other spec-
tral band combination methods. The optical AWEInsh (sharpened) 
proved to be robust to spectral complexities of surface water bodies 
in the heterogeneous semi-arid protected area. This might be at-
tributed to the incorporated SWIR bands in the algorithm, which are 
robust to spectral variability of surface water and less responsive to 
concentrations of sediments and other optically active constituents 
(Huang et al., 2018; Yang & Chen, 2017). Fusing the SWIR bands with 
the NIR band yielded better results compared with using SWIR bands 
alone because of the sensitivity of the NIR band to chlorophyll-a con-
stituents, for example, in phytoplankton (Kutser, 2009) and the spec-
tral contrast between surface water and land, enabling high surface 
water detection accuracy (Mondegar & Tongco, 2019).

The performance of Sentinel-2 optical methods can be optimised 
using automated natural breaks. For the year 2023, Sentinel-2 op-
tical MNDWI (resampled) and NWI calculated using fixed optimal 
thresholds, failed to accurately detect surface water. When auto-
mated natural breaks were applied, surface water detection mark-
edly improved. Of exception is the optical AWEInsh (sharpened) 
whose surface water detection accuracy was consistent regardless 
of the thresholding method applied. The stability of thresholds can 
be explained by the integrated coefficients in the AWEI algorithm 
intended to minimise spectral overlap between diverse land cover 
classes, allowing them to be easily segmented by thresholds (Feyisa 
et al., 2014; Zhai et al., 2015).

In the absence of ground reference data for automated image-
scene-based thresholding, the stable and robust AWEInsh (sharp-
ened) can be applied using fixed-optimal thresholds. Where 
optical-based technologies are impeded as a result of radiation 
scattering by tree canopies and clouds, especially during the wet 
season in semi-arid Savanna ecosystems, there is a need to con-
tinually explore robust radar methods because they allow regular 
surface water monitoring. Other techniques which can improve 
the performance of Sentinel-1 radar methods, for example, tex-
ture and geometry metrics and machine and deep learning mod-
els need to be explored for optimal detection of surface water 
of high-spectral variability using radar imagery in semi-arid pro-
tected areas.
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