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Abstract: During the southern summer season of 2015 and 2016, South Africa experienced one of
the most severe meteorological droughts since the start of climate recording, due to an exceptionally
strong El Niño event. To investigate spatiotemporal dynamics of surface moisture and vegetation
structure, data from ESA’s Copernicus Sentinel-1/-2 and NASA’s Landsat-8 for the period between
March 2015 and November 2017 were utilized. In combination, these radar and optical satellite systems
provide promising data with high spatial and temporal resolution. Sentinel-1 C-band data was
exploited to derive surface moisture based on a hyper-temporal co-polarized (vertical-vertical—VV)
radar backscatter change detection approach, describing dynamics between dry and wet seasons.
Vegetation information from a TLS (Terrestrial Laser Scanner)-derived canopy height model (CHM),
as well as the normalized difference vegetation index (NDVI) from Sentinel-2 and Landsat-8,
were utilized to analyze vegetation structure types and dynamics with respect to the surface moisture
index (SurfMI). Our results indicate that our combined radar–optical approach allows for a separation
and retrieval of surface moisture conditions suitable for drought monitoring. Moreover, we conclude
that it is crucial for the development of a drought monitoring system for savanna ecosystems to
integrate land cover and vegetation information for analyzing surface moisture dynamics derived
from Earth observation time series.

Keywords: drought monitoring; surface moisture; time series analysis; savanna ecosystems; Sentinel-1;
NDVI; Sentinel-2; Landsat-8; Kruger National Park

1. Introduction

South Africa has faced one of the most severe meteorological droughts during the southern summer
season of 2015 and 2016, due to an exceptional El Niño event, which was ranked as third strongest since
climate recordings [1,2]. The El Niño/Southern Oscillation phenomenon (ENSO), which is driven by
fluctuations of ocean temperatures in the equatorial Pacific [3], is negatively correlated with the amount
of rainfall during the summer season in southern Africa [4,5]. Thus, a strong ENSO phenomenon
has enormous impacts on ecosystem dynamics, as well as agricultural and biomass productivity in

Remote Sens. 2018, 10, 1482; doi:10.3390/rs10091482 www.mdpi.com/journal/remotesensing

http://www.mdpi.com/journal/remotesensing
http://www.mdpi.com
https://orcid.org/0000-0002-6793-4073
https://orcid.org/0000-0002-1213-4095
https://orcid.org/http://orcid.org/0000-000
http://www.mdpi.com/2072-4292/10/9/1482?type=check_update&version=1
http://dx.doi.org/10.3390/rs10091482
http://www.mdpi.com/journal/remotesensing


Remote Sens. 2018, 10, 1482 2 of 20

semiarid regions of southern Africa [6,7]. The classification of ENSO is challenging, as the phenomenon
varied in strength and duration throughout the last century [8].

During the summer season 2015/2016, ENSO has caused a delay in the start of rainfall as well as
a decrease of the total amount of precipitation in the summer rainfall areas of South Africa causing a
meteorological drought, with exceptional impacts to the northeastern region, including the Kruger
National Park (KNP) (Figure 1). Although droughts are natural phenomena and have important
ecological roles to play in natural settings, they often result in suffering and the loss of human
livelihoods, and have various negative environmental and economic impacts, especially in the
agricultural sector. Compared on a continental level, Africa in particular has faced the majority
of drought events (up to 300) throughout the last century, with increasing trends in frequency, strength,
and spatial extent [9]. However, each drought is unique, and differs in intensity and duration [10].
In 2015/2016, a particularly severe drought had extensive consequences for several million people by
threatening the food security and causing the outbreak of diseases and decline in medical care [1,2].
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Particularly the savanna ecosystems, which are covering 20% of the global terrestrial surface [13] 
and nearly 50% of Africa, are ecologically and economically of high importance [14], and have many 
humans directly dependent on them. The savanna ecosystems in South Africa, which are 
characterized by woody plants (e.g., shrubs and trees) and grasslands with seasonal changes due to 
dry and wet seasons, are vulnerable to impacts from droughts, fires, herbivory, etc. [13,15,16]. High 
spatial resolution time series information on vegetation structure, as well as moisture properties of 
the surface, are important parameters to analyze these impacts [17,18]. The monitoring of changes in 
vegetation structure and dynamics, which are influenced by external factors (e.g., droughts, fires, 
herbivory, etc.) is one of the essential components for the management of the Kruger National Park [19]. 

Various studies focused on the development of drought monitoring concepts using Earth 
observation data from different sources [20] for different applications, such as agriculture [21,22], 
grasslands [23,24], as well as savanna ecosystems [25,26]. So far, the majority of these studies have 
used optical remote sensing information with coarse spatial resolution (e.g., MODIS (Moderate-
Resolution Imaging Spectroradiometer), AVHRR (Advanced Very High Resolution Radiometer)) for 
analyzing drought indicators such as the NDVI (normalized difference vegetation index), EVI 

Figure 1. Moderate-Resolution Imaging Spectroradiometer (MODIS)-normalized difference vegetation
index (NDVI) time series of the area (10 km × 10 km) around the Skukuza flux tower (25◦1.184′S,
31◦29.813′E) and the oceanic Niño index (ONI) [11,12]. Note the significant decrease in NDVI during the
meteorological drought of 2015/2016 in combination with the occurrence of an extreme El Niño event.

Particularly the savanna ecosystems, which are covering 20% of the global terrestrial surface [13]
and nearly 50% of Africa, are ecologically and economically of high importance [14], and have many
humans directly dependent on them. The savanna ecosystems in South Africa, which are characterized
by woody plants (e.g., shrubs and trees) and grasslands with seasonal changes due to dry and
wet seasons, are vulnerable to impacts from droughts, fires, herbivory, etc. [13,15,16]. High spatial
resolution time series information on vegetation structure, as well as moisture properties of the surface,
are important parameters to analyze these impacts [17,18]. The monitoring of changes in vegetation
structure and dynamics, which are influenced by external factors (e.g., droughts, fires, herbivory, etc.)
is one of the essential components for the management of the Kruger National Park [19].

Various studies focused on the development of drought monitoring concepts using Earth
observation data from different sources [20] for different applications, such as agriculture [21,22],
grasslands [23,24], as well as savanna ecosystems [25,26]. So far, the majority of these studies have used
optical remote sensing information with coarse spatial resolution (e.g., MODIS (Moderate-Resolution
Imaging Spectroradiometer), AVHRR (Advanced Very High Resolution Radiometer)) for analyzing
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drought indicators such as the NDVI (normalized difference vegetation index), EVI (enhanced
vegetation index), VCI (vegetation condition index), as well as the SPI (standard precipitation index) [26].
However, additional parameters derived from microwave remote sensing data, surface moisture in
particular, are essential in the analysis and monitoring of impacts and dynamics of droughts in various
ecosystems [20]. The retrieval of surface moisture information for analyzing the impacts of droughts is
of high importance, as it is highly correlated to vegetation and soil respiration, which represents both
root and microbial respiration, and is one of the main fluxes of carbon in savanna ecosystems [27].

Earth observation-based soil moisture missions, such as SMOS (soil moisture and ocean salinity)
and SMAP (soil moisture active passive) are using L-band microwave techniques for the retrieval of
global soil moisture information with coarse spatial resolution (around 50 km) [28,29]. During recent
years, various studies were carried out utilizing C-band SAR (Synthetic Aperture Radar) data, from e.g.,
ERS-1/2 (European Remote Sensing) [30–32], ENVISAT ASAR (Environmental Satellite—Advanced
Synthetic Aperture Radar) [33–35], as well as RADARSAT [36–38], in various observation modes for
soil moisture applications on different scales. The new Sentinel-1 C-band SAR, with high spatial
resolution and repetition rate, offers new perspectives in the retrieval of surface moisture information
with C-band SAR [39]. The potential of surface moisture retrieval using Sentinel-1 C-band data
have already been tested during the pre-launch phase [40,41]. Compared to other surface moisture
approaches from different Earth observation data sources [42,43] and hydrological approaches [44,45],
Sentinel-1 data has, so far, only been used in a few studies for surface moisture mapping. Gao et al. [46]
have been analyzing the synergistic usage of Sentinel-1 and Sentinel-2 for surface moisture mapping at
coarse spatial scale (100 m).

The potential for analyzing surface moisture in savanna ecosystems retrieved from spatial and
temporal high-resolution Sentinel-1 time series, in combination with vegetation information from
Sentinel-2 and Landsat-8, has not been addressed, so far, in the literature. The increasing availability
of Earth observation data introduces new challenges in developing synergistic approaches utilizing
optical and microwave satellite information (e.g., Sentinel-1/-2, Landsat-8) for drought monitoring
with high spatial and temporal resolution [20]. The launch of recent satellite missions, such as the
Sentinel fleet of ESA’s Copernicus programme and Landsat-8, has led to a tremendous increase in the
available Earth observation data provided without cost, increasing the potential for the synergetic
usage of optical and radar data suitable for drought monitoring. The increase in data availability
creates new opportunities for analyzing data not only in the spatial but also temporal domain, by using
time series visualizing processes on the Earth’s surface, e.g., surface moisture dynamics.

The overall goal of this study is to analyze the potential of deriving surface moisture and
vegetation information for drought monitoring in the savanna ecosystem of the southern part of the
KNP using Sentinel-1, Sentinel-2, and Landsat-8 time series. The region of interest is the area around
the Skukuza flux tower, which is situated close to the main tourist rest camp of Skukuza, where the
administrative headquarter of the KNP is located. By applying a change detection technique [47,48] to
VV-polarized Sentinel-1 C-band GRD (ground range detected) backscatter time series, it was possible
to derive a surface moisture index (SurfMI) capturing the dynamics within the study area at a high
spatial (10 m pixel size) and temporal resolution. The radar-based surface moisture information was
compared to in situ soil moisture data from two probes, as well as precipitation measurements from
two climate stations located in the study area. In addition, vegetation classes extracted from a TLS
(Terrestrial Laser Scanner) height information dataset have been used to analyze moisture dynamics
for different land cover units on small scale. Using NDVI information derived from Sentinel-2 and
Landsat-8 time series, it was possible to analyze the impact of surface moisture changes to different
land cover classes by using image object segmentation.

2. Study Area

The study area is located in the southern KNP, South Africa (Figure 2). The focus region is
situated approximately 13 km southwest of Skukuza, and covers an area of about 50 km2 around the
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eddy covariance flux tower, built in 2000. It is part of the study area of the Adaptive Resilience of
Southern African Ecosystems (ARS AfricaE) research project [13], where the tower is used to analyze
biogeochemical interactions and their significance to the resilience of the savanna ecosystem to climate
change [49].

The elevation of the region is around 365 m a.s.l. and is formed by the N’waswitshaka catchment,
which is nested within the larger catchment of the perennial Sabie River. The area is classified as broad-
and fine-leafed savanna, with the dominant tree species belonging to the Combretum and Acacia genera.
The wet season starts end of October and lasts until end of April, with a mean annual precipitation of
around 550 mm, with large interannual variability [50]. The temperature varies between mild in winter,
with July being the coldest month in Skukuza (average minimum 5.6 ◦C; average maximum 25.9 ◦C),
to hot in summer, with January the hottest month (average minimum 20.6 ◦C; average maximum
32.6 ◦C) [51].
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Figure 2. Location of the study area (ca. 50 km2) in the southern Kruger National Park (KNP)
(Skukuza eddy covariance flux tower and in situ soil moisture probes, white cross) (Imagery source:
Copernicus Sentinel-2A data 19 January 2017 (R: Band 8; G: Band 4; B: Band 3)/Google Earth/FAO
Country Shape).

3. Materials and Methods

3.1. Materials

Recent satellite missions from ESA’s Copernicus programme and Landsat Data Continuity Mission
(LDCM) has led to an enormous increase in available Earth observation data. This introduces new
opportunities for analyzing data with higher spatial and temporal resolution for different applications,
e.g., drought monitoring. With the new ESA SAR satellite Sentinel-1A, there is now the possibility
to observe the Earth’s surface with a repeat rate of up to twelve days and a spatial resolution
of 10 m regardless of atmospheric effects and sun illumination. In combination with Sentinel-1B,
the temporal resolution would increase up to less than six days, depending on the geographic location.
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However, data from Sentinel-1B have not been utilized in this study, as it has been operated since
October 2016 only. The study site data coverage for the three satellites used in this study is shown in
Figure 3.Remote Sens. 2018, 10, x FOR PEER REVIEW  5 of 20 

 

 
Figure 3. Overview of the temporal data coverage of 69 Sentinel-1A, 21 Sentinel-2A/-2B, and 23 
Landsat-8 satellite scenes. 

3.1.1. Sentinel-1 Data and Pre-Processing 

The analysis of the C-band Sentinel-1A surface moisture time series was done using 69 scenes 
acquired between 20 March 2015 and 5 September 2017 in GRD Mode from relative orbit 145, which 
covers the entire KNP extent. With some smaller gaps in this time series, the used Sentinel-1A data 
have an average repeat cycle of 12 days (see Figure 3). 

The pre-processing of the Sentinel-1A data has been done using pyroSAR, a Python framework 
for large-scale SAR satellite data processing [52]. The pyroSAR environment aims to provide a complete 
solution for the organization and pre-processing of SAR satellite data from recent and historical satellite 
missions for applications on the scale of personal computers up to large server infrastructures, using 
various open source tools and libraries. Moreover, pyroSAR provides a user-friendly access to processing 
utilities in ESA’s Sentinel Application Platform (SNAP), as well as GAMMA Remote Sensing software. 
Once the images are pre-processed, further functionalities are available for mosaicking and resampling 
images to common pixel boundaries suited for time series analysis. 

Within pyroSAR, the Sentinel-1A data, with a spatial resolution of 10 m, have been pre-
processed using GAMMA (Software Version: December 2016, GAMMA Remote Sensing AG, 3073 
Gümligen, Switzerland) [53]. In a first step, each individual scene was radiometrically calibrated. 
Besides using the precise orbit state vectors (precise orbit ephemerides), height information from the 
SRTM (Shuttle Radar Topographic Mission) (30 m) was utilized for the orthorectification of the data 
[54]. Furthermore, terrain flattening of the data, whereby the backscatter values are converted from 
beta naught (β0) to gamma naught (γ0), was performed for which the SRTM data was also used [55]. 

3.1.2. Optical Earth Observation Data 

Sentinel-2 Imagery 

The Sentinel-2A/-2B images (Tile No.: 36JUT) used for this study were retrieved via the 
Copernicus Open Access Hub (https://scihub.copernicus.eu/). In total, 21 cloud free satellite scenes 
covering a period from 26 November 2015 to 16 October 2017 have been identified and downloaded 
(Figure 3). As the Sentinel-2 data are delivered at Level 1C (orthorectified top of atmosphere (TOA) 
reflectance), an atmospheric correction was applied using Sen2Cor (Version 2.5.0) [56], which is 
embedded in ESA’s SNAP software. Sen2Cor uses a cloud detection algorithm and detects both 
aerosol optical thickness and water vapor. Various parameters, such as terrain correction, definition 
of aerosol type, ozone, etc., have been set within Sen2Cor before converting TOA to surface 
reflectance values [56]. 

Landsat-8 Imagery 

Although Sentinel-2 images are covering the study area, cloud free acquisitions were only 
available after the 26 November 2015. Thus, we incorporated satellite information from Landsat-8 

Figure 3. Overview of the temporal data coverage of 69 Sentinel-1A, 21 Sentinel-2A/-2B, and 23
Landsat-8 satellite scenes.

3.1.1. Sentinel-1 Data and Pre-Processing

The analysis of the C-band Sentinel-1A surface moisture time series was done using 69 scenes
acquired between 20 March 2015 and 5 September 2017 in GRD Mode from relative orbit 145,
which covers the entire KNP extent. With some smaller gaps in this time series, the used Sentinel-1A
data have an average repeat cycle of 12 days (see Figure 3).

The pre-processing of the Sentinel-1A data has been done using pyroSAR, a Python framework for
large-scale SAR satellite data processing [52]. The pyroSAR environment aims to provide a complete
solution for the organization and pre-processing of SAR satellite data from recent and historical
satellite missions for applications on the scale of personal computers up to large server infrastructures,
using various open source tools and libraries. Moreover, pyroSAR provides a user-friendly access to
processing utilities in ESA’s Sentinel Application Platform (SNAP), as well as GAMMA Remote Sensing
software. Once the images are pre-processed, further functionalities are available for mosaicking and
resampling images to common pixel boundaries suited for time series analysis.

Within pyroSAR, the Sentinel-1A data, with a spatial resolution of 10 m, have been pre-processed
using GAMMA (Software Version: December 2016, GAMMA Remote Sensing AG, 3073 Gümligen,
Switzerland) [53]. In a first step, each individual scene was radiometrically calibrated. Besides using
the precise orbit state vectors (precise orbit ephemerides), height information from the SRTM
(Shuttle Radar Topographic Mission) (30 m) was utilized for the orthorectification of the data [54].
Furthermore, terrain flattening of the data, whereby the backscatter values are converted from beta
naught (β0) to gamma naught (γ0), was performed for which the SRTM data was also used [55].

3.1.2. Optical Earth Observation Data

Sentinel-2 Imagery

The Sentinel-2A/-2B images (Tile No.: 36JUT) used for this study were retrieved via the
Copernicus Open Access Hub (https://scihub.copernicus.eu/). In total, 21 cloud free satellite scenes
covering a period from 26 November 2015 to 16 October 2017 have been identified and downloaded
(Figure 3). As the Sentinel-2 data are delivered at Level 1C (orthorectified top of atmosphere (TOA)
reflectance), an atmospheric correction was applied using Sen2Cor (Version 2.5.0) [56], which is
embedded in ESA’s SNAP software. Sen2Cor uses a cloud detection algorithm and detects both
aerosol optical thickness and water vapor. Various parameters, such as terrain correction, definition of
aerosol type, ozone, etc., have been set within Sen2Cor before converting TOA to surface reflectance
values [56].

https://scihub.copernicus.eu/
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Landsat-8 Imagery

Although Sentinel-2 images are covering the study area, cloud free acquisitions were only
available after the 26 November 2015. Thus, we incorporated satellite information from Landsat-8
(Path 168/Row 77) in order to increase the data availability of optical satellite information for this
study. We identified 23 Landsat-8 scenes in total, covering the period between 10 March 2015 and
5 July 2017 (Figure 3). This enables the expansion of the time series, as well as shortening the time
interval in combination with Sentinel-2.

The Landsat-8 Level-2 products were acquired via the USGS (United States Geological Survey)
Earth Explorer. This platform provides ready-to-use surface reflectance Landsat data processed by the
EROS (Earth Resources Observation and Science) Science Processing Architecture (ESPA) on-demand
interface, the Landsat Surface Reflectance Code (LaSRC) [57].

3.1.3. In Situ Data Sources

Precipitation Records

Long-term precipitation information was available via the SANParks (South African National
Park) data repository. A climate station is located in Skukuza, which is approximately 13 km in eastern
direction from the central point of the study area, and measures the daily amounts of precipitation in
mm [58]. Additional precipitation records from the Skukuza flux tower were made available by CSIR
(Council for Scientific and Industrial Research). As the study area covers these two climate stations,
both precipitation records are averaged for the following analysis.

In Situ Soil Moisture Measurements

In situ soil moisture information was available for an area near the Skukuza flux tower (25◦1.184′S,
31◦29.813′E). The soil moisture was measured using a CS-616 Soil Moisture Probe (Campbell Scientific
Inc., Logan, UT, USA). This ground station consists of two units, which are acquiring volumetric
moisture content (m3/m3) and the soil temperature (in ◦C) at 6, 13, 26, and 59 cm depth. For this study,
only moisture information from the upper 6 cm was used, as there are no significant dependencies or
direct influences to the radar signal below this depth [59]. The values from both probes were averaged
for each time step to one single soil moisture measurement.

Terrestrial Laser Scanner Data

A high spatial resolution (0.06 m) canopy height model (CHM), which was extracted from TLS
data, was utilized to detect trees, shrubs, and ground pixels around the Skukuza flux tower location.
The TLS data was acquired using a RIEGL VZ-1000 (RIEGL Laser Measurement Systems GmbH,
3580 Horn, Austria) and covers a footprint of 51.8 ha. Additional information about the TLS data and
the creation of the CHM can be found in Odipo et al. [60].

The pixel size of the canopy height model was rescaled to 10 m, representing the spatial resolution
of the Sentinel-1A data. The rescaling process was done using the value of the 95th percentile below
each pixel, which reduces the possibility of including potential outliers. We used percentile information
in order to retrieve “true” tree cover pixel as well as ground pixel with no vegetation cover inside the
resolution cell.

3.2. Methods

The methodological framework of this study is shown in Figure 4. In general, the workflow is
based on the analysis of cross-polarized Sentinel-1 C-band GRD backscatter time series information for
a change detection-based surface moisture retrieval at high spatial resolution (10 m) (see Section 3.2.1).
Vegetation greenness information (NDVI) derived from Sentinel-2 and Landsat-8 time series were
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used in order to analyze the impact of surface moisture changes on different land cover classes
(see Section 3.2.2).Remote Sens. 2018, 10, x FOR PEER REVIEW  7 of 20 
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3.2.1. Surface Moisture Retrieval using Sentinel-1 Time Series

The SurfMI, which was utilized as an indicator for analyzing the impact of drought in the
study area, was derived using multi-temporal C-band time series information from VV-polarized
Sentinel-1 data. It is assumed that factors influencing the radar backscatter signal are variable over
time. Influences of vegetation and surface roughness affect long-term changes, whereas short-term
variations of the backscatter are associated with moisture variations. The high temporal resolution of
Sentinel-1 SAR time series is a precondition for the development of relative surface moisture (ms(t))
mapping using the following equation, as shown in [47,48]:

ms(t) =
σ0(t)− σ0

dry(t)

σ0
wet(t)− σ0

dry(t)
∗ 100, (1)

where σ0(t) represents a pixel time series. σ0
wet(t) and σ0

dry(t) denote the minimum and maximum
backscatter values observed over the study period, which are considered to be equivalent to the soil’s
dry reference (permanent wilting level) and wet reference (field capacity), respectively. In this study,
we used the 5th percentile as dry reference, and the 95th percentile as wet reference, in order to account
for outliers related to speckle noise. By applying Equation (1) to the entire time series dataset, it is
possible to linearly scale the remaining SAR backscatter values between these two extremes. Values
lower and higher than the defined references are set to 0 or 100, respectively. The resulting relative
SurfMI, with a data range between 0% and 100%, allows for the analysis of surface moisture dynamics
in order to identify the impact of droughts. Including additional soil information, such as the bulk
density, would allow for a conversion from the relative index to absolute volumetric soil moisture
values [61,62].
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3.2.2. Differentiation of Vegetation Cover Classes

Based on the atmospheric corrected Landsat-8 and Sentinel-2 data, we calculated the NDVI
(normalized difference vegetation index) [63], in order to retrieve time series information of vegetation
greenness. The NDVI is calculated as the ratio of the difference between the red and near-infrared
signal of the electrometric spectrum divided by the sum of both, which refers to the spectral bands 4 and
5 for Landsat-8, and bands 4 and 8 for Sentinel-2. Vegetation indices, such as the NDVI, are essential
tools for monitoring savanna ecosystem functions and describing the vegetation activity as well as
productivity [17]. Combining data from different satellites is challenging, as discrepancies due to
different sensor properties (e.g., spectral bandwidth) might be present. Hence, the NDVI information
has been corrected based on the study of [64], in order to reduce discrepancies when comparing data
across satellite sensors. The NDVI time series was then used as input for calculating multi-temporal
statistics, such as mean, standard deviation, percentiles, etc. An image object segmentation was
carried out using eCognition Developer software (Version 9). We found that the 5th percentile and
95th percentile are most suitable to discriminate between areas characterized by different vegetation
cover. Moreover, a chessboard segmentation algorithm, where each segment has the same size as the
related pixel, was utilized to assign objects to different vegetation cover classes, such as closed (>60%),
open (20–60%), and sparse (<20%) as defined by [65]. This was done using an NDVI threshold, which
has been identified as the most suitable value to detect individual or clusters of trees or shrubs in the
study area (mean NDVI > 0.4). In addition, we used this NDVI threshold to mask out trees and shrub
in the class of sparse vegetation, in order to detect dynamics of bare ground as well as seasonal grass.

4. Results

4.1. Comparing Sentinel-1-Derived Surface Moisture Information to In Situ Soil Moisture Information

The Sentinel-1-derived SurfMI data was compared to the in situ soil moisture measurements of a
unit located near the Skukuza flux tower. The area is characterized by bare soil and sparse vegetation.
As mentioned before, only the in situ moisture information measured at a depth of 6 cm was used,
as there are no dependencies or direct influences to the C-band radar signal below such depth [59].

The comparison of in situ and Sentinel-1-derived moisture was done for a 3-by-3 pixel area
covering the location of the in situ soil moisture probes. The moisture values from Sentinel-1 were
averaged for nine pixel for each individual time step. In addition, the two daily values of the probes
were averaged and compared to the Sentinel-1-derived surface moisture information. This results in
a moderate Pearson correlation coefficient of R = 0.65 and a Root Mean Square Error (RMSE) = 0.02
(Figure 5). It should be noted that this agreement is only valid for the location of the soil moisture
probes, which is characterized by bare soil and sparse vegetation.

In general, the majority of the in situ soil moisture values range between 0.05 m3/m3 and 0.15 m3/m3.
The SAR-derived SurfMI varies between 20% and 100% relative moisture. The overall agreement
between the in situ and satellite-based moisture information implies that the Sentinel-1-derived SurfMI
is capable of detecting surface moisture and dynamics.

Figure 6 is showing the averaged time series of the in situ probes and the Sentinel-1-derived
surface moisture information. Similar to Figure 5, the Sentinel-1 index is based on an average value
per time step for a 3-by-3 pixel area covering the in situ measurements. The in situ soil moisture values
represent daily averages and have been converted to relative moisture values for the observation
period. The horizontal lines delineates the wet and dry season, which are defined from May to October
(dry), and November to April (wet) in each year [10]. In general, the temporal dynamics of the in situ
soil moisture values are well represented by the SurfMI, with a mean absolute relative error of 22.5%
for the observed period.



Remote Sens. 2018, 10, 1482 9 of 20

Remote Sens. 2018, 10, x FOR PEER REVIEW  8 of 20 

 

are essential tools for monitoring savanna ecosystem functions and describing the vegetation activity 
as well as productivity [17]. Combining data from different satellites is challenging, as discrepancies 
due to different sensor properties (e.g., spectral bandwidth) might be present. Hence, the NDVI 
information has been corrected based on the study of [64], in order to reduce discrepancies when 
comparing data across satellite sensors. The NDVI time series was then used as input for calculating 
multi-temporal statistics, such as mean, standard deviation, percentiles, etc. An image object 
segmentation was carried out using eCognition Developer software (Version 9). We found that the 
5th percentile and 95th percentile are most suitable to discriminate between areas characterized by 
different vegetation cover. Moreover, a chessboard segmentation algorithm, where each segment has 
the same size as the related pixel, was utilized to assign objects to different vegetation cover classes, 
such as closed (>60%), open (20–60%), and sparse (<20%) as defined by [65]. This was done using an 
NDVI threshold, which has been identified as the most suitable value to detect individual or clusters 
of trees or shrubs in the study area (mean NDVI > 0.4). In addition, we used this NDVI threshold to 
mask out trees and shrub in the class of sparse vegetation, in order to detect dynamics of bare ground 
as well as seasonal grass. 

4. Results 

4.1. Comparing Sentinel-1-Derived Surface Moisture Information to In Situ Soil Moisture Information 

The Sentinel-1-derived SurfMI data was compared to the in situ soil moisture measurements of a 
unit located near the Skukuza flux tower. The area is characterized by bare soil and sparse vegetation. 
As mentioned before, only the in situ moisture information measured at a depth of 6 cm was used, as 
there are no dependencies or direct influences to the C-band radar signal below such depth [59]. 

The comparison of in situ and Sentinel-1-derived moisture was done for a 3-by-3 pixel area 
covering the location of the in situ soil moisture probes. The moisture values from Sentinel-1 were 
averaged for nine pixel for each individual time step. In addition, the two daily values of the probes 
were averaged and compared to the Sentinel-1-derived surface moisture information. This results in 
a moderate Pearson correlation coefficient of R = 0.65 and a Root Mean Square Error (RMSE) = 0.02 
(Figure 5). It should be noted that this agreement is only valid for the location of the soil moisture 
probes, which is characterized by bare soil and sparse vegetation. 

 
Figure 5. Comparison of in situ soil moisture information and the Sentinel-1-derived surface moisture
index (SurfMI) (N = 69). The regression line is shown in dashed grey. * is a multiplication symbol.

Remote Sens. 2018, 10, x FOR PEER REVIEW  9 of 20 

 

Figure 5. Comparison of in situ soil moisture information and the Sentinel-1-derived surface moisture 
index (SurfMI) (N = 69). The regression line is shown in dashed grey. * is a multiplication symbol. 

In general, the majority of the in situ soil moisture values range between 0.05 m3/m3 and 0.15 
m3/m3. The SAR-derived SurfMI varies between 20% and 100% relative moisture. The overall 
agreement between the in situ and satellite-based moisture information implies that the Sentinel-1-
derived SurfMI is capable of detecting surface moisture and dynamics. 

Figure 6 is showing the averaged time series of the in situ probes and the Sentinel-1-derived 
surface moisture information. Similar to Figure 5, the Sentinel-1 index is based on an average value 
per time step for a 3-by-3 pixel area covering the in situ measurements. The in situ soil moisture 
values represent daily averages and have been converted to relative moisture values for the 
observation period. The horizontal lines delineates the wet and dry season, which are defined from 
May to October (dry), and November to April (wet) in each year [10]. In general, the temporal 
dynamics of the in situ soil moisture values are well represented by the SurfMI, with a mean absolute 
relative error of 22.5% for the observed period. 

 
Figure 6. Relative in situ soil moisture information (blue line) and Sentinel-1-derived SurfMI (red dots) 
time series for the dry (May to October) and wet (November to April) seasons between 2015 and 2017. 

The abrupt changes (peaks) in soil moisture content in the upper 6 cm of the soil layer, caused 
by infiltration after precipitation events, are fairly well covered by the C-band radar-based moisture 
index (Figure 6). It needs to be highlighted that the moisture content at 6 cm depth is also influenced 
by a temporal delay as a result of time and intensity of the rain event, the infiltration capacity of the 
soil, and the time of measurement [66,67]. In addition, small rainfall events may not infiltrate to 6 cm 
into the soil, yet may influence the SurfMI estimate. 

Comparing both wet seasons, only a few abrupt changes in soil moisture are found for the season 
2015/2016, whereas the wet season in 2016/2017 is characterized by multiple and more intense 
changes in soil moisture content at 6 cm depth. The dry seasons of the observed period show only 
one peak in soil moisture. 

Furthermore, decrease in moisture is well captured by the algorithm, which is visible in the dry 
season of 2015. The decrease of the SurfMI after a precipitation event shows a temporal delay, 
whereas the in situ measurements show immediate response to the dry-out. However, a time lag in 
the radar-derived SurfMI could also be caused by additional moisture input to the uppermost surface 
layer, which does not have the capacity to infiltrate to 6 cm depth, leading to surface runoff. 

The algorithm used for extracting surface moisture dynamics from Sentinel-1 data is also 
sensitive to small changes in moisture, as found during the wet season of 2015/2016, which has been 
exceptionally dry with only small precipitation events in the mid-term of the season. 

At the location of the in situ soil moisture probes, a CHM derived from a TLS campaign in 
September 2015 is available. The TLS-derived height information was converted to three land cover 
classes (ground ≤ 0.5 m, shrub = 0.5–2 m, trees ≥ 2 m) with a spatial resolution of 10 m, in order to 

Figure 6. Relative in situ soil moisture information (blue line) and Sentinel-1-derived SurfMI (red dots)
time series for the dry (May to October) and wet (November to April) seasons between 2015 and 2017.

The abrupt changes (peaks) in soil moisture content in the upper 6 cm of the soil layer, caused by
infiltration after precipitation events, are fairly well covered by the C-band radar-based moisture index
(Figure 6). It needs to be highlighted that the moisture content at 6 cm depth is also influenced by a
temporal delay as a result of time and intensity of the rain event, the infiltration capacity of the soil,
and the time of measurement [66,67]. In addition, small rainfall events may not infiltrate to 6 cm into
the soil, yet may influence the SurfMI estimate.

Comparing both wet seasons, only a few abrupt changes in soil moisture are found for the season
2015/2016, whereas the wet season in 2016/2017 is characterized by multiple and more intense changes
in soil moisture content at 6 cm depth. The dry seasons of the observed period show only one peak in
soil moisture.

Furthermore, decrease in moisture is well captured by the algorithm, which is visible in the
dry season of 2015. The decrease of the SurfMI after a precipitation event shows a temporal delay,
whereas the in situ measurements show immediate response to the dry-out. However, a time lag in



Remote Sens. 2018, 10, 1482 10 of 20

the radar-derived SurfMI could also be caused by additional moisture input to the uppermost surface
layer, which does not have the capacity to infiltrate to 6 cm depth, leading to surface runoff.

The algorithm used for extracting surface moisture dynamics from Sentinel-1 data is also
sensitive to small changes in moisture, as found during the wet season of 2015/2016, which has
been exceptionally dry with only small precipitation events in the mid-term of the season.

At the location of the in situ soil moisture probes, a CHM derived from a TLS campaign in
September 2015 is available. The TLS-derived height information was converted to three land
cover classes (ground ≤ 0.5 m, shrub = 0.5–2 m, trees ≥ 2 m) with a spatial resolution of 10 m,
in order to compare to the Sentinel-1 data. Based on these classes, individual pixels were selected,
representing homogenous areas close to the in situ soil moisture probes. Each of the three clusters
contain less than ten pixels. Our aim was to describe the different soil moisture dynamics for different
land cover units close to the in situ soil moisture probes. As the TLS dataset is spatially limited to
the flux tower location (50 ha), the transfer to larger areas, using Sentinel-2- and Landsat-8-derived
vegetation information, is part of the next section.

Figure 7 shows the time series of the Sentinel-1-derived SurfMI for the three different land
cover classes, Sentinel-1 cross-polarized (vertical-horizontal—VH) backscatter, which represents the
volumetric scattering component of the signal (vegetation structure), as well as precipitation records
for this area, which are combined from two stations within the study area.
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During the dry season of 2015, a decline in moisture for the classes shrub and ground was
observed. In contrast to that, the tree cover class shows a slight increase in the SurfMI, which is likely
related to the fact that the roots can access water and nutrients from deeper soil layers, which are not
reachable by shrubs, or used larger stored reserves. The beginning of the wet season in 2015/2016,
the exceptional drought period [1,2], is characterized by few and small precipitation events causing
an increase in moisture index and volume scattering from vegetation, which was identified in the
Senintel-1 VH backscatter time series. The development of grasses on the ground is also influencing
the VH backscatter. Since the beginning of 2016, no significant rainfall occurred besides a single
precipitation event (around 40 mm). This causes a strong declining trend in the moisture index of
the majority of land cover classes during the rest of the wet season as well as the entire dry season in
2016. The dry period leads to an additional decrease in surface moisture for all classes, where bare
ground shows larger decrease when compared to shrub and tree cover. Large amounts of precipitation
at the beginning of the wet season 2016/2017 resulted in strong increasing trends in the moisture
index for the entire season. Comparing both wet seasons, a large difference can be seen in terms of
dynamics in moisture regimes as well as vegetation development, characterized by the increase in
volume scattering indicated by the C-band VH backscatter. The exceptional drought, which covers
the wet and dry seasons in 2015/2016, is characterized by relatively low and decreasing trend in the
SurfMI for all classes, which is clearly visible in the Sentinel-1 time series data.

4.2. Drought Impacts on Vegetation Greenness

To analyze the impact of the drought on vegetation greenness, NDVI time series information from
Sentinel-2 and Landsat-8 was utilized. Figure 8 shows the combined NDVI time series derived from
cloud-free Sentinel-2 and Landsat-8 scenes available for the entire study area within the observed period.
Note, that the first Sentinel-2 cloud-free image for this region was available on 26 November 2015.
The data coverage during the wet seasons of 2015/2016 and 2016/2017 is limited due to cloud coverage
during the rainy season.
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The impact of the drought on vegetation greenness in late 2015 becomes clearly visible comparing
both wet seasons. The difference in average NDVI values between the wet seasons are approximately
0.3 to 0.4. The NDVI values during the dry period are ranging between 0.2 and 0.4, which is almost
identical to the wet season of 2015/2016, which indicates very dry conditions with low cover of green
vegetation. The wet season of 2016/2017 exhibited high values above an NDVI of 0.6/0.7. The decrease
in NDVI values at the beginning of the dry season is significant. This is due to the fact that the region
was characterized by high NDVI values during the previous wet season, and reflects the normal
senescence of leaves during the dry season.

Figure 9 shows the ∆NDVI, which defines the difference between the NDVI at the start and the
end of the wet and dry season, respectively. The dry season of 2015 is dominated by low negative
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NDVI changes (approx. −0.1) between start and end of the season. The wet season 2015/2016 is
showing a slight increase (approx. 0.1) during this period. Overall, the dry season of 2015 and 2016
are comparable in terms of vegetation greenness. However, during this time, individual trees show a
high decline in NDVI, which is likely caused by the loss of tree leaves due to the long-lasting drought
with no precipitation for almost one year. By contrast, the wet season of 2016/2017 is characterized
by an exceptional increase in NDVI (approx. 0.4). This phenomenon is caused by the occurrence of
precipitation during the entire season, resulting in an immediate response of the vegetation. Based on
this, the decline in vegetation greening in the follow up season (dry season 2017) is larger compared to
the other dry periods.

In general, using Sentinel-2 and Landsat-8 NDVI time series, the impact of the drought from
2015/2016 is clearly visible by the comparison of changes in the NDVI signal, which describes the
vegetation greenness and vitality, from the beginning and end of the respective season.
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4.3. Drought Impacts to Surface Moisture Dependencies of Vegetation Cover

In contrast to Section 4.1, where vegetation information was extracted for a very limited area
covered by the TLS data, this section highlights the results analyzing the Sentinel-1-derived SurfMI
for larger regions of the study area (see Section 2) by using image objects, which are describing
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homogenous land cover types using NDVI time series from Sentinel-2 and Landsat-8. The aim was
to focus on a larger scale to analyze the potential of using Sentinel-1 in combination with vegetation
information derived from optical Earth observation data (Sentinel-2 and Landsat-8) in order to monitor
the impact of droughts in the whole savanna ecosystem.

The object classes distinguish between different vegetation cover (e.g., closed (>60%), open (20–60%),
and sparse (<20%), as defined by Gregorio & Jansen [65]), which are comparable to the TLS classes
used in Section 4.1. Figure 10 presents the Sentinel-1 derived SurfMI and the Sentinel-1 derived VH
backscatter time series for each land cover class, as well as the NDVI time series and the precipitation
records. The colored areas around the solid lines display the standard deviation of values inside the
corresponding objects.
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A slight decrease in both the Sentinel-1-derived SurfMI and the NDVI time series are clearly
visible during the wet season of 2015 for all three classes. At the same time, the Sentinel-1 VH
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backscatter is stable with some exceptions due to small precipitation events towards the end of the
season. The wet season from 2015/2016, i.e., the onset of the extraordinary drought, is showing two
significant increases in the SurfMI for all classes, which is potentially caused by small precipitation
events at the beginning of the wet seasons. The Sentinel-1 VH backscatter time series also shows
similar dynamics for the land cover classes “open” and “sparse vegetation”. However, the class
“closed vegetation” is showing almost no changes in the volumetric scattering processes. As the wet
season 2015/2016 was characterized by low amounts of rainfall, it exhibits relatively stable conditions
for the NDVI signal describing the vegetation greenness and vitality. The dry season of 2016 featured
an additional decline in the SurfMI. Especially the class “sparse vegetation”, which is including the
majority of bare soil areas, is influenced by these exceptionally dry conditions. The NDVI time series
has a very dense temporal resolution as the cloud cover during this period is quite limited. All land
cover classes are showing a decreasing NDVI trend. In this time, the decrease in the classes “open”
and “sparse vegetation” had the largest decline in NDVI from the end of the wet season. In addition,
the SurfMI derived from Sentinel-1 shows a larger impact of drought on low and medium vegetation
cover than on closed vegetation cover, dominated by trees [68]. After the extremely dry period from
2015 to 2016, the wet season of 2016/2017 is characterized by a strong precipitation events right at the
beginning of the period (refer to Section 4.2). This results in a strong increase in the SurfMI during
the entire season. When analyzing the SurfMI, as well as the Sentinel-1 VH backscatter time series,
this effect tends to be higher for the land cover classes “open” and “sparse vegetation”. After the
strong precipitation events, the NDVI values are showing a strong increase for all land cover classes.
Unfortunately, no NDVI information was available for the beginning of this particular wet season of
2016/2017, which would potentially allow for a better description of the NDVI time series dynamics.
The following dry season experienced almost no significant rain events, which is also clearly visible in
the SurfMI and NDVI time series for all observed land cover classes. However, small precipitation
events at the beginning of the dry season seem to have a larger impact on the class “sparse vegetation”
than on “closed” and “open” vegetation cover types.

5. Discussion

This study focused on the extraction of surface moisture information from high spatial resolution
Sentinel-1 time series between 2015 and 2017, using a change detection technique for drought
monitoring in combination with NDVI-derived vegetation characteristics from Sentinel-2 and
Landsat-8 for a test site in the savanna ecosystem of the southern part of the Kruger National Park.

The comparison of the Sentinel-1 C-band-derived SurfMI to two soil moisture probes shows a
good agreement (R = 0.65, RMSE = 0.02). The best fit to the regression line was found for the SurfMI
range between 20% and 60% (Figure 5), which corresponds to the findings of [69]. It needs to be
mentioned that the availability of additional ground-based soil moisture information is sparse in
this study area. Supplementary in situ information from other areas within the study area would
facilitate an enhanced analysis of the agreement between the remote sensing-derived and ground-based
moisture measurements. However, the overall agreement between the measurements has shown that
the derived SurfMI is a suitable tool for drought monitoring using high spatial Earth observation data.

Various aspects affect the comparison of satellite-derived moisture information with ground-based
measurements. Large amounts of rainfall during the image acquisition might introduce significant
uncertainties when comparing satellite-derived surface moisture to in situ soil moisture, as water is
likely to be present at the surface, influencing the backscatter signal. In our time series, we found that
seven out of 69 observations have been acquired when a precipitation event took place during the
same day. However, as the rain intensity was very low on these dates (less than 2 mm on average),
and as we compared the SAR-based surface moisture information to daily in situ averages only,
this circumstance can be neglected. In addition, soil infiltration processes and timing are influenced by
different factors, such as soil type, soil temperature, existing moisture content, evaporation potential,
surface roughness, etc. [39,61,67]. However, a drying of the upper surface layer, which is detected by
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the satellite signal, might not be visible in the in situ measurements, which are acquired 6 cm below
the ground, thus causing an additional source of uncertainty.

The seasonal variations and short-term changes in the in situ soil moisture time series have been
well represented by the Sentinel-1-derived SurfMI. This sensitivity was especially found during the wet
season of 2015/2016, which was classified as an exceptional drought period as only a few precipitation
events in the mid-term of the wet season with low amounts of rainfall were recorded. The utilization
of Sentinel-1A and -1B, which will enhance the temporal resolution of the time series by increasing
the repetition rate to approximately six days, is likely to even further improve the representation of
small-term moisture changes by the SAR-based change detection approach.

Moisture variability and dynamics for different vegetation cover classes in the observed period
have been analyzed by the integration of Sentinel-2 and Landsat-8 time series information (Figure 10).
During the wet season of 2015/2016, all vegetation cover classes are exhibiting a similar declining
response in the Sentinel-1-derived SurfMI, due to the absence of precipitation. In particular, open and
sparsely vegetated areas are showing large declines. The subsequent dry period, which is also
characterized by extremely low precipitation rates, is indicating the strongest decline in the SurfMI
for non-vegetated areas, whereas vegetated areas are characterized by more stable conditions in the
SurfMI. The end of this drought period (wet season 2016/2017) coincided with large precipitation
events at the beginning of the season, and resulted in a sharp increase in the Sentinel-1 moisture index
for all observed vegetation classes (close, open, and sparse). However, open and sparsely vegetated
areas feature a much larger increase in the SurfMI. Further, the NDVI time series from Sentinel-2 and
Landsat-8 are showing a similar response as the surface moisture observations. The class “closed
vegetation” showed a more stable NDVI signal than the classes “open” and “sparse”, which were
also visible during the rainy period where those classes were characterized by greater variations.
These findings are comparable to the study of Berry et al. [70], which showed that even precipitation
events of low intensity are increasing the water availability of the root system of the woody vegetation
(below 20 cm soil depth), whereas the development of grasses is directly linked to precipitation events
and the water availability in the upper 20 cm. Thus, an increase in woody vegetation biomass in
periods of less precipitation is possible, as tree roots reach deeper soil layers with remaining water
content, making use of stored reserves. These circumstances are visualized in Figure 9, where the
∆NDVI indicates remaining vegetation greenness of larger tree communities, which are situated in
the riparian areas of a tributary of the Sabie River in the southern part of the study area during the
drought period of 2015/2016. Hence, analyzing surface moisture information from high-resolution
Sentinel-1 C-band time series data in savanna ecosystems requires detailed information on existing
vegetation cover and phenology. Besides the used change detection methodology for the surface
moisture retrieval, future investigations might also focus on utilizing additional approaches, such as
the artificial neural network and water cloud models, which are widely used for the extraction of soil
moisture information from optical and SAR Earth observation data. These approaches are showing
promising results, but require additional in situ information for training and testing of the modelling,
which is limited to large scale surface moisture monitoring [46].

As the ENSO phenomenon has potentially intensified during the last century [71,72], it is likely
that extreme drought events in South Africa will happen more frequently, as well as in increased
strength and duration. The so called “flash drought phenomenon”, which is characterized by scarcity
of soil moisture in combination with extremely high air temperatures (e.g., heat waves) [73,74],
has already increased by 220% in South Africa during the last 50 years, and is mainly attributed
to anthropogenic climate change [75]. This phenomenon will introduce vast changes to savanna
ecosystems in the future, which requires adaption of economic and natural management structures in
order to prevent drought-induced impacts to humans and nature, such as food shortage, water scarcity,
wildfires, etc. To overcome this problem, new state-of-the-art and innovative forecast applications and
tools, operating with high spatial and temporal resolution information from recent satellite missions,
are essential requirements [76]. In addition to monitoring the spatiotemporal extent of droughts under
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a changing climate regime, large scale surface moisture estimates, as presented here, could also prove
valuable for landscape management. For example, fuel moisture, climatic variables (e.g., wind speed
and relative humidity), and fuel loads, are critical variables with which to estimate fire risk, behavior,
and intensity [77]. Expanding the work presented here to allow for accurate and timely estimates
of fuel moisture over large landscapes will, in combination with other remote sensing products
(e.g., fuel loads; [78]), provide valuable tools for managers in fire-prone ecosystems to predict areas at
risk of fire and, possibly, tools with which to estimate fire intensity.

6. Conclusions

The objective of this paper was to derive surface moisture information from Sentinel-1 C-band
time series data for drought monitoring for a selected test area in the southern part of the KNP,
South Africa. In addition, multi-temporal Sentinel-2 and Landsat-8 NDVI information was derived
to compare the findings from the SAR-based SurfMI to different vegetation cover types and their
phenological dynamics. The analysis was carried out for the time period between March 2015 and
November 2017, including one of the most severe drought events in South Africa (2015/2016) since
climate recordings began.

We found good agreement (R = 0.65, RMSE = 0.02) between the SurfMI, derived from VV-polarized
Sentinel-1 time series information, with in situ soil moisture values recorded near the Skukuza flux
tower. The dynamics of the temporal profiles are matching very well when comparing the SAR-based
moisture index with in situ soil moisture information. In addition, even small changes in moisture
regimes were detected by Sentinel-1, which indicates the suitability of utilizing the data for drought
monitoring. Deriving different moisture time series profiles for different vegetation units, which were
based on a TLS classification, we found that vegetated areas exhibit a time lag in reaction to moisture
changes, e.g., stronger decline in moisture for ground areas during dry-out phases. As the vegetation
information from TLS is only limited to a very small area, we used Sentinel-2 and Landsat-8 NDVI data
to compare the SurfMI from Sentinel-1 for different vegetation cover classes based on the Food and
Agriculture Organization of the United Nations—Land Cover Classification System on larger scale.
Using larger areas, the impact of the drought in the southern summer of 2015/2016 is clearly visible.
However, vegetation areas including tree and shrub cover showed different reactions between the
precipitation events and dry-out phases when compared to bare ground, which indicates an immediate
response to changes in moisture regimes.

We conclude that it is of high importance to use land cover and vegetation information for
analyzing surface moisture dynamics derived by Earth observation time series. The knowledge on
vegetation cover, as well as the phenology, is central to the development of a drought monitoring
system for savanna ecosystems.
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