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ABSTRACT

Edited by Menghua Wang

Climate change is a threat to many high-latitude regions. Changing patterns in precipitation intensity and increasing glacial ablation during spring and summer have major influence on river dynamics and the risk of
widespread flooding. To monitor these rapid events, more frequent discharge observations are necessary. Having
access to near-daily satellite based discharge observations is therefore highly beneficial. In this context, the
recently launched Sentinel-1 and 2 satellites promise unprecedented potential, due to their capacity to obtain
radar and optical data at high spatial (10 m) and high temporal (1–3 days) resolutions. Here, we use both
missions to provide a novel approach to estimate the discharge of the Þjórsá (Thjórsá) river, Iceland, on a neardaily basis. Iceland, and many other high-latitude regions, are affected by frequent cloud-cover, limiting the
availability of cloud-free optical Sentinel-2 data. We trained a Random Forest supervised machine learning
classifier with a set of Sentinel-1 backscatter metrics to classify water in the individual Sentinel-1 images. A
Sentinel-2 based classification mask was created to improve the classification results. Second, we derived the
river surface area and converted it to the effective width, which we used to estimate the discharge using an at-astation hydraulic geometry (AHG) rating curve. We trained the rating curve for a six-month training period using
in situ discharge observations and assessed the effect of training area selection. We used the trained rating curve
to estimate discharge for a one-year monitoring period between 2017/10 and 2018/10. Results showed a KlingGupta Efficiency (KGE) of 0.831, indicating the usefulness of dense Sentinel-1 and 2 observations for accurate
discharge estimations of a medium-sized (200 m width) high-latitude river on a near-daily basis (1.56 days on
average). We demonstrated that satellite based discharge products can be a valuable addition to in situ discharge
observations, also during ice-jam events.

Keywords:
Discharge estimation
Hydrology
Sentinel-1
Sentinel-2
Near-daily
High latitudes
Machine learning
Iceland

1. Introduction
While the effects of climate change are now noticeable around the
globe, they are particularly profound in high latitudes where temperatures have risen much faster than the global average (Bekryaev
et al., 2010; Francis et al., 2017; Serreze et al., 2000). The impact of
climate change on the hydrological cycle in the Arctic is visible in many
ways. Over the years, the depth and duration of snow cover has decreased (Bach et al., 2018; Barnett et al., 2005), affecting the storage
and release of meltwater (Cayan et al., 2001; Earman et al., 2006),
while rain-induced erosion has increased due to higher winter temperatures (Kundzewicz et al., 2007; Lu et al., 2010). Additionally, the
increase of permafrost thawing and the higher ablation rates of glaciers
and icecaps accelerate the increase of discharge during spring and
summer (Aðalgeirsdóttir et al., 2006; Déry et al., 2005; Flowers et al.,

∗

2005; Jóhannesson et al., 2007; Osterkamp, 2007; Peterson et al.,
2002). These effects and the resulting changes in discharge patterns of
high-latitude river systems can be expected to influence freshwater
availability and hydropower production (Abegg et al., 2007; Beniston,
2012; IPCC, 2013). The latter is especially important for countries like
Iceland which rely heavily on this form of renewable energy (Icelandic
Energy Authority, 2006). Since river discharge reflects many of the
ongoing changes in the high latitudes, it is one of the important indicators of the impacts of climate change. Because many processes, like
changing precipitation and glacial ablation patterns, have an immediate
impact on river discharges, having access to frequent discharge observations is key to better understand these changing dynamics.
Traditionally, the discharge is derived from the combined knowledge on the cross-sectional shape of the river and the measured water
level and flow speed (Harrelson et al., 1994). For natural rivers it is

Corresponding authors.
E-mail addresses: joost.brombacher@gmail.com (J. Brombacher), johannes.reiche@wur.nl (J. Reiche).

https://doi.org/10.1016/j.rse.2020.111684
Received 15 May 2019; Received in revised form 29 December 2019; Accepted 23 January 2020
0034-4257/ © 2020 Elsevier Inc. All rights reserved.

Remote Sensing of Environment 241 (2020) 111684

J. Brombacher, et al.

impractical to continuously observe the river cross-section and flow
velocity, so often a stage-discharge relation is derived. This relation,
also called a rating curve, is generated by comparing stage heights with
a wide variety of discharge observations. However, prominent issues
are unnoticed morphological changes in the river cross-section and the
fact that the rating curve needs to be extrapolated for extreme discharges (Braca, 2008). Besides, the single and often narrow section of
the river where the water level is observed does not include the complex dynamics of wetland and floodplain inundation (Alsdorf et al.,
2007). In addition, for cold-climate catchments ice cover influences the
hydraulic radius, which results in a decrease in river cross-sectional
area. In some cases floating ice sheets form a natural dam (ice-jam),
which increases the stage height and results in the discharge being
overestimated (Beltaos and Prowse, 2001; Goulding et al., 2009;
Herschy, 2009; Pagneux et al., 2011; Zufelt and Ettema, 2000). Due to
the practical challenges and costs associated with routine discharge
observations, the number of discharge observation stations has declined
dramatically since the 1980s (Fekete and Vörösmarty, 2007). Therefore, there is a need for a reliable alternative to in situ discharge observations. The minimal temporal resolution required for these alternative observations depends on the shape of the streams hydrograph. In
tropical regions where hydrographs show smooth and regular changes
(Hidayat et al., 2017) it might be enough to have weekly or monthly
observations. However, in Arctic regions due to sudden spring melt
events the hydrographs can show large changes in the course of days,
depending on the size and shape of the river basin. As a result, the
required sampling strategy in a relatively small high-latitude river basins should ideally be in the order of a day as well (Alsdorf et al., 2007).
Satellite observations can complement current in situ discharge
measurements and many studies have investigated the capacity of satellite-derived discharge estimations. The most common remote sensing
based discharge estimations are derived from altimetry and river surface area observations (Alsdorf et al., 2007; Bjerklie et al., 2003;
Durand et al., 2016). In addition, data assimilation techniques, where
altimetry and surface area observations are coupled with statistical,
hydraulic or hydrological models, are becoming more popular as well
(Oubanas et al., 2018; Paris et al., 2016; Tourian et al., 2013).
Altimetry based discharge estimations rely on satellite platforms
like the European Remote Sensing (ERS), Envisat, and the forthcoming
Surface Water and Ocean Topography (SWOT) missions (Li et al., 2008;
Milzow et al., 2011; Oubanas et al., 2018; Paris et al., 2016; Tourian
et al., 2013; Tuozzolo et al., 2019). Most of the studies that use altimetry data to estimate the discharge use similar stage-discharge rating
curves as for in situ discharge observations (Clement et al., 2017;
Koblinsky et al., 1993). Although the altimetry observations itself are
proven to be capable of obtaining height resolutions of 3–4 cm, such
resolutions can only be reached when observing large bodies of water,
while for river surfaces the accuracy is in the order of 10–50 cm
(Alsdorf et al., 2007; Smith, 1997). This is caused by the fact that all
altimeters are profiling instruments which only provide observations at
a single spot. When a large water body is observed the different spot
observations can be averaged to yield a high resolution, but for small
rivers the number of observations is sparse, resulting in lower resolutions. However, due to the nature of altimeter observations, it is likely
that a river will not even be observed during one completed orbit.
Alsdorf et al. (2007) explain that for a generic 16-day orbit, 30% of the
world's rivers are not being observed, which reduces the temporal resolution of the platform drastically. The future SWOT mission will deal
with some altimeter issues (Oubanas et al., 2018; Tuozzolo et al., 2019).
It will be capable of observing the extent of rivers wider than 100 m and
the water level will be estimated with an accuracy of 10 cm. The revisit
period of SWOT will be 21 days. However, for each cycle 2 to 7 observations of the same location will be made, which translates to a
temporal resolution of roughly 3 to 10 days, depending on the latitude
(Biancamaria et al., 2016).

River surface area based discharge estimations rely on a simple
relationship between the observed discharge and the effective width
(We) of a river, similar to the stage-discharge relation used for in situ
observations. The result is a calibrated rating curve which can be used
to estimate the discharge without needing additional discharge observations. To derive this relationship, one can use the so-called at-thestation hydraulic geometry (AHG), which was first described by
Leopold and Maddock (1953). This widely accepted method has been
successfully used by, among others, Ashmore and Sauks (2006),
Boschetti et al. (1998), Brakenridge et al. (2005), Cooley et al. (2017),
Gleason and Smith (2014), Hagemann et al. (2017), Hou et al. (2018),
Huang et al. (2018), Pavelsky (2014), Sichangi et al. (2016), Smith
et al. (1996), Smith (1997), Smith and Pavelsky (2008), Sun et al.
(2010), Sun et al. (2018), and Xu et al. (2004). To derive the We,
multiple satellites can be used, either in the optical (e.g. MODIS,
Landsat, SPOT) or microwave (e.g. RADARSAT, ERS, JERS-1) part of
the electromagnetic spectrum, each with their own advantages and
disadvantages (Alsdorf et al., 2007; Boschetti et al., 1998; Cooley et al.,
2017; Gleason and Smith, 2014; Hou et al., 2018; Huang et al., 2018;
Pavelsky, 2014; Sichangi et al., 2016; Smith et al., 1996; Sun et al.,
2010, 2018; Tarpanelli et al., 2013; Zaji et al., 2018). Optical multispectral observations are in some ways superior to radar imagery due to
generally higher spatial resolutions, the observations of many bands,
and the fact that these images are more intuitive to use. However,
prominent issues for these satellites are cloud cover, smoke from forest
fires, and observing water beneath flooded vegetation (Alsdorf et al.,
2007; Mertes, 1997). Cloud cover is the biggest problem for optical
satellites in Arctic regions (Ju and Roy, 2008; Probst et al., 2012), and
especially so for Iceland which is often the source of low-pressure
systems with persistent cloud cover as a consequence (Hanna et al.,
2004). Radar-based imagery is more successful in reaching higher
temporal resolutions due to their capacity to penetrate clouds and observe at night. However, whatever traditional freely available platform
is used, due to cloud cover or a long revisit period the extent of the river
could only be observed on a weekly to monthly basis.
In 2014 and 2016, as part of the ESA's Copernicus programme,
Sentinel-1A and 1B C-band Synthetic Aperture Radar (SAR) satellites
were launched. Because of this mission, for the first time both high
spatial (10 m) and high temporal resolution (1–3 days) C-band SAR
observations are freely available (Attema et al., 2007; ESA, 2012a). The
actual temporal resolution differs per location and depends on many
factors. At higher latitudes the temporal resolution generally increases
due to the higher chance of overlapping paths caused by the smaller
circumference of the earth (Torres et al., 2012). This effect is not visible
for every continent, because ESA chooses to only store both ascending
and descending images for high priority areas such as Europe, parts of
Canada and the Northern Atlantic (Bauer-Marschallinger et al., 2018;
ESA, 2012a; Torres et al., 2012). Fig. 1 shows that over Europe, on
average, from 2017 until 2019, almost one image every day is acquired
in Interferometric Wide (IW) swath mode, with increasing frequency
towards the poles. Given this high spatial and temporal resolution,
Sentinel-1 unlocks an unprecedented potential for estimating the discharge of high-latitude medium-sized river systems. However, up to
now, no study has focussed on the potential of Sentinel-1 for generating
near-daily discharge estimations in high-latitudes. Besides Sentinel-1, in
2015 and 2017 ESA also launched two high resolution (10 m) optical
multi-spectral Sentinel-2 satellites which have the same orbital characteristics as Sentinel-1 (ESA, 2012b). Due to the short revisit period of
the platform, Sentinel-2 is better capable of reaching higher temporal
resolutions than comparable missions, but cloud cover prohibits neardaily observations. In this paper we study the potential of Sentinel-1
and 2 to estimate the discharge of a high-latitude medium-sized
(50–400 m wide) river on a near-daily basis. We aim to answer the
following research questions:
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Fig. 1. The global average observation frequency of Sentinel-1 Level 1 Ground Range Detected (GRD) observations in Interferometric Wide (IW) swath mode derived
from the Google Earth Engine database, calculated for the period between 2017/01/01 and 2019/06/01 and visualized at a 0.5-degree pixel size.

1. How accurate can we classify the surface of a medium-sized river
using Sentinel-1, and can the accuracy be increased using Sentinel2?
2. Can we accurately estimate discharge from the near-daily river
surface area observations, and what is the effect of the selected
training area on the accuracy?

Importantly for this research, the location of station V320 is known
as an area where ice-jams can form (Eliasson and Gröndal, 2008). At
this location, the river changes from a braided river of roughly 300 m
wide into a narrow gorge of just 70 m wide (bottom left panel of Fig. 2).
The ice-jam itself is typically about 3–4 km long and extends through
the entire gorge (Eliasson and Gröndal, 2008). Ice-jams are disruptive
for the flow of the river and reduce the hydraulic capacity of the
channel upon which it develops, possibly resulting in widespread floods
either upstream or downstream of the obstruction (Beltaos and Prowse,
2001; Goulding et al., 2009; Pagneux et al., 2010, 2011; Zufelt and
Ettema, 2000). Due to the change in hydraulic capacity of the channel,
the river stage is not representative for the discharge anymore, which
causes discharge observations in the vicinity of the ice-jam to be incorrect. There are two different types of ice-jams, i.e. freeze-up and
dynamic ice-jams. The first occurs when the surface of the river starts to
freeze, in general in early winter. Dynamic ice-jams are caused by the
breakup of ice sheets due to changes in weather conditions, i.e. temperatures above 0 °C. These ice sheet fragments can get stuck at narrow
sections or a sharp bend of the river. In a hydrograph the difference
between the two can be spotted by looking at the rate at which the
observed discharge increases. For freeze-up ice-jams the water level,
and thus the observed discharge, rises steadily to the point when the
ice-jam breaks and releases the stored water. Dynamic ice-jams show a
faster response in the hydrograph and are usually short-lived. Because
the study area is affected by both of these ice-jams, in this research we
therefore also assess the impact of ice-jams on the possible benefit of
remote sensing based discharge observations which are acquired away
from the actual ice-jam.

The study area of this research is the Þjórsá (Thjórsá) river, Iceland,
due to the ongoing and expected future impact of climate change on the
region's hydrological cycle and the availability of discharge observations necessary for calibration and validation.
2. Study area
The Þjórsá is located in the southwest of Iceland (Fig. 2). With a
total length of 230 km, a catchment area of 7530 km2, and a yearly
mean discharge of 350 m3/s it is Iceland's longest and largest river
(Gudmundsson, 2017; Hróðmarsson and Þórarinsdóttir, 2018;
Ólafsdóttir and Ólafsson, 1999). The main source of water is overland
flow due to high amounts of precipitation (1500–3000 mm/y) and the
melting of snow in combination with the presence of older relatively
impermeable basalt formations. This results in a peak discharge during
spring when the precipitation peak and snow melt rate is at its highest
(Ólafsdóttir and Ólafsson, 1999). In summer, when ablation is highest,
also the Hofsjökull and Vatnajökull glaciers are contributing significantly to the discharge. The Þjórsá and its tributaries house six
hydropower stations with a combined energy output of 935 MW
(Gudmundsson, 2017; Landsvirkjun, 2018). These power stations have
a significant effect on the discharge since the flow in the river is not
solely driven by precipitation and temperature, but also by energy demand of the Reykjavik area. For the Þjórsá there is only one discharge
measurement station available (station V320, see Fig. 2) (Icelandic
Meteorological Office, 2011). The study area for this research stretches
from this station roughly 15 km upstream and circumvents the river
with a buffer distance of 500 m. Five sub-areas with different landscape
features were defined to assess the impact for discharge estimations,
e.g. inner bank (A1), narrow stream (A2), large sandbars (A3), small
sandbars (A4), and inundated land (A5).

3. Data and methods
An overview of the data and methods used in this research is shown
in Fig. 3. We acquired near-daily Sentinel-1 C-band SAR images for the
period between 2017/04/01 and 2018/10/01. Subsequently, cloud-free
Sentinel-2 multi-spectral images were obtained. For this period, hourly
in situ discharge observations were available. First, we calculated a set
of backscatter metrics that were used to classify water from individual
Sentinel-1 images using a Random Forest classifier (Section 3.2.1).
3
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Fig. 2. Overview of the study area. The upper left panel shows the Þjórsá catchment and the right panel shows a Sentinel-2 image of the study area itself including the
five sub-areas and the discharge observations station (V320). This station is located just downstream of the study area, near the Urriðafoss waterfall and the Route 1
bridge over the Þjórsá, which is shown in the bottom left panel (Iceland Magazine, 2017). The river section shown in the bottom left panel is also prone to the
formation of ice-jams due to the sudden decrease in river width.

Second, we generated a classification mask based on multi-temporal
Sentinel-2 images to increase the accuracy of the Sentinel-1 based water
classifications. For this mask we used the Modified Normalized Difference Water Index (MNDWI) (Xu, 2006) to identify areas of stable land,
stable water and dynamic areas using K-means density curve clustering
(Section 3.2.2). We converted the water classifications to the effective
width of the river that was subsequently used to estimate discharge
through a rating curve. We used a six-month training period (2017/
04–2017/10) to calibrate the rating curve with the observed discharge.
We compared the modelling results for the different training areas.
Finally, we used the rating curve of the best performing training area to
estimate the discharge for the monitoring period between 2017/10/01
and 2018/10/01 (Section 3.2.3). To validate the water classifications
and discharge estimations, very high (3 m) resolution Planet imagery

and in situ discharge observations were used respectively
(Section 3.2.4). The entire method is made available open-source allowing to reproduce results and main figures: https://github.com/
JoostBrombacher/NearDailyDischargeEstimations.
3.1. Data
3.1.1. Sentinel-1
We acquired Sentinel-1 C-band SAR images from Google Earth
Engine (GEE) for the period between 2017/04/01 and 2018/10/01
(ESA, 2012a; Google Earth Engine, 2019). In GEE, Sentinel-1 images
were pre-processed to backscatter coefficient (sigma nought and dB
scale). In total, for the training and monitoring period combined, 358
dual-polarized (VV and VH) images with a pixel size of 10 m acquired in

Fig. 3. Overview of the steps and processes which enable to estimate the discharge using Sentinel-1 and 2 observations. Each box corresponds to a specific subchapter
within the Data and Methods chapter. All the boxes corresponding to the Data section represent the data sources and their preprocessing steps, and all the boxes
corresponding to the Methods section represent the different processes which describe the workflow of this research.
4
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Interferometric Wide (IW) swath mode were obtained. This corresponds
to an average observation frequency of 1.53 days per image. Images
obtained in IW mode have a swath size of 250 km. For Iceland also
dual-polarized HH and HV observations are available, but these were
not used in this research. In addition to the standard pre-processing
done in GEE, which includes thermal noise removal, radiometric calibration, and terrain correction (Google Earth Engine, 2019), we applied
a Refined Lee filter to reduce the effect of radar speckle (Lemoine,
2017). Speckle is the result of the interference of incoherent signals,
which is common for imaging systems that rely on coherent radiation,
such as radar (Yommy et al., 2015). The resulting “salt and pepper”
effect on radar images, due to the local amplification or attenuation of
the signal, can be reduced using a speckle filter. The Refined Lee filter is
based on the original Lee filter (Lee, 1986) and uses the K-Nearest
Neighbor (KNN) algorithm instead of the standard Minimum Mean
Square Error (MMSE) filtering criterion (Yommy et al., 2015).

Table 1
Overview of the different Sentinel-1 backscatter metrics used for this research,
including a brief description and example images focusing on sub-area A1.

3.1.2. Sentinel-2
We acquired 23 pre-processed and cloud-free optical Sentinel-2 images
from GEE for the period between 2016 and 2018. This longer period was
used because of the scarcity of cloud-free Sentinel-2 observations over
Iceland. Sentinel-2 observes with 13 spectral bands ranging from the visible
to the short-wave infrared (SWIR) part of the electromagnetic spectrum.
The spatial resolution of the satellite is 10 m for the visible and near infrared (NIR) bands and 20 m for the red-edge and SWIR bands. Other bands
which are used for monitoring water vapor, cirrus clouds, and coastal
aerosols have a spatial resolution of 60 m (ESA, 2012b).
3.1.3. Discharge observations
Discharge observations from station V320 were made available by the
Icelandic Meteorological Office and the National Power Company of
Iceland, and were retrieved from the Hydrological Database no. 2018-1113/01 (Icelandic Meteorological Office, 2018). The dataset consists of
hourly discharge observations and was derived from water-level observations with the use of a stage-discharge relationship. The Icelandic Meteorological Office checks the accuracy of the observed discharge, which
was done until 13-11-2017. For the remainder of the dataset the observed
discharge was not checked for major flaws in discharge observations,
which are possibly caused by the formation of ice-jams.

conditions and inundation area. The images were collected during
different seasons with discharges ranging between 280 and 480 m3/s.
Two of the six sets of images included snow and ice. Training points for
water and land were collected from the Sentinel-1 images and checked
using Sentinel-2 images. For each of the six Sentinel-1 images, 50 points
were sampled for river areas and 150 points for land, respectively. This
ratio roughly represented the distribution between water and land areas
for the study area. In total 1200 training points were collected. The
Random Forest classifier was optimized by setting the number of trees
(ntree) to 500 and calibrating the mtry parameter using tuneRF function of the randomForest R-package (Strobl et al., 2008). We assessed
the variable importance of the backscatter metrics by calculating the
Mean Decrease Gini (MDG). MDG expresses the purity of the nodes at
the end of the decision tree when leaving out a specific metric. The
larger the MDG value, the more important the metric for the Random
Forest classifier (Calle and Urrea, 2010; Han et al., 2017).

3.2. Methods
3.2.1. Sentinel-1 based water classification
We classified water from individual Sentinel-1 images using a
Random Forest classifier (Breiman, 2001; Liaw and Wiener, 2002). In
addition to the original VV and VH backscatter images we derived a set
of mono- and multi-temporal backscatter metrics (Table 1). The monotemporal backscatter metrics were derived by subtracting, adding, and
dividing the original VV and VH backscatter images. Multi-temporal
backscatter metrics were derived to identify the temporal dynamics of
the river. The mean was calculated over tree consecutive images (n −
1, n, and n + 1) for both polarizations and mainly reduced the signal
noise of individual observations. The standard deviation was calculated
for the observations of the entire training period for both polarizations,
and mainly gave insight to which areas were most subjected to a
changing land cover. Since no drastic changes during the training
period were expected due to the limited abundance of vegetation in the
area and the lack of snowfall, changes in land cover could be allocated
to changes in river width. This helped to identify areas which are easily
inundated, which increased the accuracy of the classifier.
As training data, six cloud-free Sentinel-2 images and six corresponding Sentinel-1 images were collected. The time difference between each set of Sentinel-1 and 2 image was in the order of a few hours
to two days. However, more important than the time difference, the
difference in discharge between each of these pairs of observations was
checked to assure that both images corresponded to the same discharge

3.2.2. Sentinel-2 based classification mask
Many researches already exploited the possibility of estimating the
discharge using optical remote sensing observations due to their generally high spatial resolution and the observation of many different
bands (Cooley et al., 2017; Gleason and Smith, 2014; Huang et al.,
2018; Pavelsky, 2014; Sichangi et al., 2016; Smith and Pavelsky, 2008;
Sun et al., 2018). However, as mentioned earlier, the poor temporal
resolution of most of the used platforms make it difficult to generate a
dense discharge time series. Sentinel-1 is not as powerful as optical
satellites for water monitoring and due to the noisy nature of the individual C-band SAR observations classification errors exist in the
Sentinel-1 based water classifications (Manakos et al., 2019; Tavares
et al., 2019). To fuse the high (water classification) accuracy of optical
sensors with the high temporal resolution of Sentinel-1, we generated a
Sentinel-2 based classification mask to eliminate errors in the Sentinel-1
based water classifications for areas where the land cover (water or
land) is stable and not affected by river discharge dynamics (Fig. 4).
Examples of such areas are the middle of the river which is always
flooded and representing stable water, and overgrown or elevated areas
5
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Fig. 4. The approach of creating the classification mask. First the MNDWI is calculated over the mean of 23 cloud-free Sentinel-2 images (left). The histogram of the
MNDWI is then converted to a density curve and three different classes (water, land, and mixed) are derived by using K-means clustering. The threshold values are
derived by calculating the mean MNDWI values for the water and land clusters (center). The result is a classification mask where all the white (striped) areas
represent variable land cover, while the brown and blue areas have a fixed classification (right).

which are rarely flooded and representing stable land. To get a representative classification mask, a wide variety of inundation areas
corresponding to low and high flow should be included in the set of
optical images. In our research, we generated the classification mask
based on the MNDWI calculated for 23 cloud-free Sentinel-2 observations. The MNDWI (Eq. (1)) is used since it is one of the most robust
optical indices for classifying water features (Feyisa et al., 2014;
McFeeters, 2013; Qiao et al., 2012; Xu, 2006; Yang et al., 2017).

MNDWI =

Green SWIR
Green + SWIR

outlet of each sub-area, roughly following the center of the river. For
the braided sections of the river we used a single line as well. Since
these lines were drawn by hand, the effective width does not 100%
reflect the actual width of the river for each sub-area. However, in this
research we were not interested in the actual river width itself, but in
the discharge, whose estimates will not become more or less accurate
when using more precise approaches for extracting the river length.
Instead, the accuracy depends more on the accuracy of the river surface
area observations.
After calculating We we derived the rating curve which described
the relationship between the effective width and the discharge. Due to
the nature of a rating curve, in situ discharge observations are needed
to calibrate the rating curve parameters. Leopold and Maddock (1953)
derived three different functions which describe the so-called at-a-station hydraulic geometry (AHG). One of these functions describes the
relationship between the effective width and the discharge as a power
function and is used by many studies to generate remote sensing based
discharge estimations (Alsdorf et al., 2007; Ashmore and Sauks, 2006;
Boschetti et al., 1998; Brakenridge et al., 2012; Cooley et al., 2017;
Gleason and Smith, 2014; Hagemann et al., 2017; Hou et al., 2018;
Huang et al., 2018; Pavelsky, 2014; Sichangi et al., 2016; Smith and
Pavelsky, 2008; Smith et al., 1996; Sun et al., 2010, 2018; Xu et al.,
2004; Zaji et al., 2018). The function is formulated as follows:

(1)

The MNDWI ranges between -1 and 1, with high values corresponding to water and low values to land. The MNDWI is calculated
using Sentinel-2’s green (Band 3 at 559.8 nm) and short-wave infrared
(SWIR) bands (Band 11 at 1613.7 nm). Fig. 4 visualizes the process of
generating the classification mask. For the study area, the histogram of
the MNDWI showed a typical trimodal distribution. The left peak represents land, the right peak water and the center peak mixed land
cover. We first derived the density curve from the histogram and used
K-means clustering (MacQueen, 1967) to separate these three classes.
Next, the mean MNDWI values of the water and land clusters were used
as thresholds values to identify stable land (MNDWI < 0.01) and stable
water pixel (MNDWI > 0.79). Every pixel with an MNDWI value that
lies between these two thresholds was excluded from the classification
mask and its land cover was derived from Sentinel-1 images that were
classified with Random Forest.

We = aQb

where We is the effective width (m), Q is the discharge (m3/s), and a
and b are empirically derived coefficients which define the relationship
between the discharge and the effective width. These coefficients are
affected by many different factors like the slope, the shape of the river,
the flow speed, and so on. Leopold et al. (1995) found that on a global
average the b-exponent has a value of 0.26 and also other studies tried
to link these coefficients to hydraulic geometries of many rivers in
different climates (Jowett, 1998; Park, 1977; Rhoads, 1991; Smith and
Pavelsky, 2008). However, the exchangeability of the derived coefficients from one catchment to another is not proven (Alsdorf et al.,
2007). To determine what the optimal values for coefficients a and b for
the Þjórsá were, the rating curve was calibrated for a six-month training
period (2017/04–2017/10) where both the effective width and the
discharge were observed. The rating curve was derived for all the different training areas (study area and sub-areas) while excluding and
including the classification mask. In the end, the rating curve of the best
performing training area was used to estimate the discharge for yearlong monitoring period (2017/10–2018/10).

3.2.3. Discharge estimation
To be able to estimate the discharge, the water surface area was
calculated from the individual water classifications using the following
equation:

Aw =

Pw Atotal
Ptotal

(2)

where Pw and Aw represent the number of pixels and the size of the area
(m2) classified as water, and Ptotal and Atotal represent the total number
of pixels and the total size of the area (m2), respectively. From the water
surface area the effective width was calculated for every image. The
effective width is derived by dividing the water surface area (Aw) in m2
by the length of the specific river section (L) in m, as shown in Eq. (3).

We =

Aw
L

(4)

(3)

L was derived from hand drawn lines reaching from the inlet to the
6
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3.2.4. Validation
Besides Sentinel-2, many different platforms carry optical instruments which can be used for the validation of the Random Forest
classifier. However, they either have a lower spatial resolution (like
Landsat and MODIS), or they are commercial products which often
charge a lot of money for their service. Planet is an example of the
latter, and provides very high resolution (3 m) imagery on a daily basis.
Due to the highly dynamic behavior of the Þjórsá, the cloud-cover intensity over Iceland, and the differences in satellite orbits, acquiring
both a cloud-free optical image and a Sentinel-1 images which both
represent the same discharge conditions was highly challenging. For
this research we acquired one cloud-free Planet image from 2017/08/
20. The closest Sentinel-1 observation was obtained 28 h earlier. Due to
the river being relatively stable over this particular period, the difference in discharge was only 6 m3/s, making both images suitable candidates to validate the classifier. For this Sentinel-1 image 88.5% of the
area was classified as land and the other 11.5% as water. To validate
this image a dataset of 1500 points was created. In order to obtain a
dataset of equal density for water and land, 173 water points and 1327
land points were randomly selected according to this 11.5/88.5 ratio.
The classification of each sample point was then checked for being
water or land with the Planet image. We finally calculated the overall,
user's, and producer's accuracy using the resulting confusion matrix
(Banko, 1998; Congalton and Green, 2009; Radoux and Bogaert, 2017;
Sammut and Webbs, 2011). The overall accuracy (Eq. (5a)) indicates
for all classes combined what percentage of the points are being classified correctly. The user's accuracy (Eq. (5b)) represents the reliability
of the classifier, by informing the user how well the classifier represents
each class. The producer's accuracy (Eq. (5c)) also tells how well each
class is classified, but it refers to the proportion of observed features
which are present in reality but not classified correctly.

Overall accuracy =

User's accuracy =

TP + TN
TP + TN + FP + FN

TP
TP + FN

Producer's accuracy =

TP
TP + FP

mean of the predictions is the same as the mean of the observations.
The KGE is preferred above the more traditional Nash-Sutcliffe efficiency (NSE) since the KGE is proven to be more tailored for regressing
simulations against observations. The KGE is build using the correlation
coefficient (r), the variability error (α), and the bias error (β) as described in Eq. (7) (Gupta et al., 2009).

KGE=1
where: r =

1
n

(si

oi )2

,
o

1) 2 + (

=

o

,

=

s

1)2

µs

µo

(7)

o

covso represents the covariance between the simulations and observations, σs and σo represent the standard deviations of the simulations and observations, and μs and μo represent the mean of the simulations and observations. In order to create a confidence interval around
the derived rating curve, bootstrapping was applied. The bootstrap
method is created by Efron (1979) and is a process where multiple
times a dataset is randomly resampled with replacement to be able to
calculate statistics that cannot be calculated with the original dataset.
In our case, the rating curve (Eq. (4)) that was defined for a specific
training area was recalculated 500 times by randomly resampling the
dataset of the calculated effective width. With these 500 rating curves
also the discharge was estimated 500 times, so we could calculate the
90% confidence intervals for the estimated discharge as well.
4. Results
4.1. Water classification and classification mask
The results for the water classification are shown in Table 2 and
Fig. 5. The overall accuracy excluding and including the classification
mask was 91.5% and 92.5%, respectively. However, due to the difference in number of samples for water and land, this is not a proper
metric to use. The user's and producer's accuracy provide more accurate
and detailed information on the accuracy. The user's accuracy for both
the water and land classes were already high for the unmasked validation image (89.6% and 91.9% respectively), but increased slightly
when adding the classification mask (91.0% and 92.8% respectively).
For the producer's accuracy the difference between the water and land
class was higher, with an initial producer's accuracy of 71.6% and
97.5% for the water and land classes respectively. When including the
classification mask, the producer's accuracy of the water class increased
to 75.1%, while the producer's accuracy of the land class only increased
with 0.2%. The overall lower producer's accuracy of the water class was
mainly visible for the smaller branches of the river which were mostly
not classified as water (Fig. 5). Fig. 6 shows the MDG calculated for the

(5a)
(5b)
(5c)

backscatter metrics used in the Random Forest classifier. VV was the
most important metric for the classifier, followed by σVV and VV/VH.
Apart from VV and VH , the other metrics were of little importance for
the classification process. Overall, the VV metrics were more dominant
for the Random Forest classifier than the VH metrics.
Table 2
The overall, user's, and producer's accuracies calculated for the classified validation image (2017/08/19) both excluding (unmasked) and including
(masked) the classification mask.

n
i=1

1) 2 + (

covso
s

In binary classifications, such as our water/land classification, four
different outcomes within the confusion matrix exist, i.e. (i) True
Positives (TP), (ii) False Positives (FP), (iii) False Negatives (FN), and (iv)
True Negatives (TN) (Radoux and Bogaert, 2017; Sammut and Webbs,
2011). When calculating the user's or producer's accuracy of the water
class, TP represents pixels that are correctly classified as water, FP represents land pixels that are classified as water, FN represents water
pixels that are classified as land, and TN represents pixels that are
correctly classified as land.
To investigate the accuracy of the calculated effective width and the
estimated discharge, the Root Mean Square Error (RMSE) and KlingGupta Efficiency (KGE) (Gupta et al., 2009) were calculated. The RMSE
was calculated both for the difference between the observed effective
width and the estimated effective width and for the difference between
the observed discharge and the estimated discharge. The KGE was only
calculated for the latter. Due to the nature of the RMSE, outliers and
large errors are emphasized (Willmott and Matsuura, 2005). The RMSE
is calculated as follows:

RMSE =

(r

Unmasked

(6)

where si and oi are the simulations and observations for moment i, and n
represents the number of observations. Like the RMSE, the KGE is a
measure to analyze the accuracy of a prediction compared to the observation. However, the KGE is designed for time series analysis and
ranges from −∞ to 1, with 1 being a perfect fit. When the KGE is 0, the

User's accuracy
Producer's accuracy
Overall accuracy
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Masked

Water

Land

Water

Land

89.6%
71.6%

91.9%
97.5%

91.0%
75.1%

92.8%
97.7%

91.5%

92.5%
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Fig. 5. The reference very high resolution Planet image (RGB) compared to the classified validation image (2017/08/19) either excluding (left) or including (right)
the classification mask. Note the large river features being classified accurately, while smaller streams seem difficult to classify correctly.
Table 3
The KGE of the estimated discharge for the training period and all the training
areas, both excluding (unmasked) and including (masked) the classification
mask.
Training areas

Unmasked

Masked

Study area (SA)
Inner bank (A1)
Narrow stream (A2)
Large sandbars (A3)
Small sandbars (A4)
Inundated land (A5)

0.230
0.400
−0.667
0.235
0.133
0.292

0.456
0.787
−0.654
0.463
0.428
0.422

interval bands increased for high and low discharge estimations due to
the lack of extreme discharge observations during the training period.
Due to sub-area A1 yielding the highest KGE for the estimated discharge
during the training period, its rating curve was used to estimate the
discharge for the monitoring period of 2017/10 to 2018/10. The result
of the estimated discharge for this period including the residuals is
shown in Fig. 8. The KGE of the estimated discharge for sub-area A1
increased from 0.787 during the training period, to 0.831 for the
monitoring period. Overall, Fig. 8 shows that the seasonal trend with
low discharges in winter and high discharges in summer was well represented. In addition, most of the observed discharge peaks were
visible for the estimated discharge as well. During winter, however,
some observed discharge peaks were not estimated accurately. If the
winter period (November–March) is excluded from the analysis the KGE
increases to 0.867 and the RMSE decreases to 46.7 m3/s. The winter
period itself yields a KGE of 0.241 and a RMSE of 59.6 m3/s.

Fig. 6. The Mean Decrease Gini (MDG) of the Random Forest classifier calculated for the two original (VV and VH) and seven derived backscatter metrics
(Table 1).

4.2. Discharge estimation
Table 3 shows the results of the KGE calculated for the estimated
discharge compared to the observed discharge for the training period.
In comparison to the difference in accuracy between the classifications
when including and excluding the classification mask (Table 2 and
Fig. 5), the difference in KGE for the estimated discharge was significantly larger. Table 3 and Fig. 7 show that the worst performing
training area was sub-area A2, which included a narrow stream,
showing where the limits of Sentinel-1’s 10 m spatial resolution lie for
accurate river dynamic observations. The other training areas yielded
better results, with the study area and sub-areas A3, A4, and A5
yielding roughly the same KGE when the classification mask was included (0.422 –0.463). Sub-area A1, which included the inner bank,
yielded the highest accuracy with a KGE of 0.787. The RMSE calculated
for this sub-area was 51.5 m3/s, which is roughly 14.7% of the yearly
average discharge. For all the training areas the 90% confidence

5. Discussion
In this research, we proposed a method aimed at estimating the
discharge of a gauged medium-sized, high-latitude river and on a neardaily basis, using high spatial and high temporal resolution Sentinel-1
and 2 observations. We translated near-daily Sentinel-1 observations to
water classifications using Random Forest. We showed that implementing additional backscatter metrics was beneficial for the
8
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Fig. 7. The Sentinel-2 images (left), the rating curves (center), and the comparison between the estimated and observed discharge (right) for all the training areas
during the six-month training period while including the classification mask. For both the rating curves and the estimated discharge the 90% confidence intervals (CI)
are provided.

classification accuracy and that including the Sentinel-2 based classification mask was key for generating accurate discharge estimations.
Due to the capacity of Sentinel-1 to observe through clouds, on average
the discharge could be estimated once every 1.56 days, showing the
potential of dense C-band SAR satellite observations for discharge estimation in fast responding high-latitude catchments. The following
sections provide a detailed discussion of the results.

while preserving the river dynamics in the backscatter signals. The σVV
and σVH metrics were calculated for the six-month training period and
gave insight where the backscatter intensity was most likely to change.
By using the Sentinel-1 based backscatter metrics, we showed that
we were able to accurately classify water using the Random Forest
supervised machine learning algorithm. Once the algorithm is trained
thoroughly, one could easily implement the classifier to classify water
for different study areas and potentially create a standardized water
classification algorithm. However, there is still room for improvement.
For example, Random Forest does not compare neighboring pixels for
its classification process. With other classification techniques one could
also implement knowledge on the topography and the stream network
(Shen et al., 2019).
Although the water classifications were proven to be accurate for
the validation image (Table 2 and Fig. 5), there are some threats when
using Sentinel-1 based backscatter metrics for water classifications. For
example, wind roughing is a known issue for C-band SAR observations.
Due to the relatively short wavelength (5.5 cm) of the C-band antenna,
for large rivers the backscatter intensity can change due to changes in
wave heights (Alsdorf et al., 2007). For smaller rivers, or rivers with a
high flow velocity, standing waves can affect the backscatter intensity
as well. These changes potentially decrease the accuracy of the water
classifier. Ideally an L-band radar should be used for water surface
classifications since the longer wavelengths do not interfere with small
scale waves as much as C-band signals do. Additionally, L-band sensors
are better capable of monitoring water surfaces beneath dense vegetation (Alsdorf et al., 2007; Hidayat et al., 2017). Unfortunately, today no

5.1. Training area selection
We showed that training area selection is crucial for accurate discharge estimation. The five sub-areas used in this research gave insight
into the effect of different features in the landscape (Table 3 and Fig. 7).
Gently sloping features like inner banks and large isolated sandbars,
and sufficient river width (100–200 m) were proven to be beneficial for
the accuracy of the estimated discharge. Narrow streams (≤ 50 m) are
to be avoided, due to Sentinel-1 not being able to accurately observe
river dynamics at such a small scale.
5.2. Water classifications
We showed that implementing additional backscatter metrics is key
for generating accurate water classifications. The MDG (Fig. 6) showed
¯

that the VV and σVV metrics were crucial for the Random Forest
classifier, and that overall the individual VH backscatter metrics were
less important for the model. The success of these metrics was the
balance between smoothing the noisy original VV and VH observations

Fig. 8. The resulting discharge estimations for sub-area A1 while including the classification mask, derived by calibrating the rating curve parameters during the
training period (2017/04–2017/10) and obtaining effective width observations during the monitoring period (2017/10–2018/10) (top). The residuals were derived
to visualize trends in estimation errors, supported the application of Loess Smoothing (bottom) (Wickham, 2016).
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L-band radar platform with both high temporal and high spatial resolution is available.
5.3. Classification mask
We showed that a Sentinel-2 based classification mask, which is
used to classify areas of stable water and stable land, is important to
obtain accurate discharge estimates derived from dense Sentinel-1
backscatter observations (Table 3 and Fig. 7). When excluding the
classification mask, the KGE of the estimated discharge decreased to a
maximum value of 0.4, which at best only explains the large scale
discharge patterns on a long time scale. The histogram of the MNDWI
showed a clear trimodal distribution (Fig. 4). However, one should
consider that such a clearly distributed histogram might not always be
acquired. In such cases other methods like Otsu's algorithm could be
considered (Otsu, 1979). The threshold values which divided the
MNDWI into areas of fixed and variable land cover were derived by
calculating the mean MNDWI of the entire water and land clusters. This
method should be reproducible for other study areas with different
histograms, but the quality of the classification mask is not guaranteed.
Therefore, more research is necessary to delineate a reproducible and
universal method for generating a classification mask based on fixed
and variable land cover classifications. A step forward could be the
implementation of a high resolution (≤ 10 m) Digital Elevation Model
(DEM). A DEM could be used to mask areas based on their slope and
relative height compared to the river. However, especially braided
rivers are known for changing their course frequently over time.
Therefore, one could ask at what point a DEM becomes outdated due to
the formation of new gullies or the complete change of the course of the
river. For this issue a DEM such as the ArticDEM could be a solution,
due to its multi-temporal nature (Barr et al., 2018; Dai et al., 2018). For
future research we therefore recommend the use of such a multi-temporal DEM in conjunction with a Sentinel-2 (or any other high resolution optical satellite) based classification mask.

Fig. 9. The estimated and observed discharge for the winter of the monitoring
period (top) and the original discharge observations with a one-hour time interval for the period between 2017/12/15 and 2018/01/15 to investigate the
presence of an ice-jam (bottom).

5.4. Discharge estimation

less dramatic. This could be a benefit of using remote sensing based
discharge estimations instead of in situ observations during ice-jam
events. Although, the height difference between the gauging station and
sub-area A1 is roughly 20 m, it is unknown how much our study area is
influenced by backwater effects due to the ice-jam itself, which should
be investigated in more detail.
Although the effect of ice-jams should be less on remote sensing based
discharge estimations, snow and ice in general presumably have a negative
influence on the accuracy of the water classifications and the estimated
discharge. Especially ice would cause the most issues since these areas
would not be classified as water, although water is still capable of flowing
underneath its surface. An observed effective width in winter would thus
correspond to a different discharge than during ice-free conditions. Snow
does not directly increase or decrease the backscatter intensity but causes
the signal to refract in the boundary between snow and air due to differences in dielectric properties (Guneriussen et al., 2001). Since there is a
difference in accuracy of the estimated discharge for summer and winter,
two classifiers could be trained each representing a different season. The
summer model would follow the same approaches as evaluated in this
research, but the winter model, where snow and ice formations become an
issue, can be elaborated on the implementation of snow and ice detection.
The knowledge on the presence of snow and ice can then be used to calibrate the rating curve. This way, for potentially every high-latitude
catchment which does not completely freeze over, the discharge could be
estimated on a near-daily basis using Sentinel-1 and 2 satellite observations.
Finally, we showed that it is possible to yield a KGE of 0.831, which
is something not all hydrological models can achieve for every catchment (Finger et al., 2011; Jónsdóttir, 2008; Rögnvaldsson et al., 2007).
However, in contrast to estimating the discharge when using

In this research we showed that both for the training period and for
the monitoring period the discharge could be accurately estimated on a
near-daily basis (Figs. 7 and 8). Although there is still need for in situ
discharge observations to calibrate the rating curve, these remote sensing based discharge estimations can become a welcome addition next
to in situ observations. Our results show that the discharge estimations
for the winter period significantly decreased in accuracy (Fig. 8). Most
observed discharge peaks were not represented by the estimated discharge. However, the most prominent divergent pattern was not found
when looking at the estimated discharge, but could be found for the in
situ discharge observations. Fig. 9 shows that between 2017/12/25 and
2018/01/06 the observed discharge increases constantly. However,
such an increase in discharge is not a natural precipitation, groundwater, or ablation induced process, but is presumably caused by the
formation of a freeze-up ice-jam, a common phenomenon in Icelandic
rivers (Pagneux et al., 2010, 2011), formed in the vicinity of the gauging station. As mentioned earlier, the Þjórsá itself is known for developing ice-jams at the location of the observation station V320
(Fig. 2) every year and some records even indicate a water-level increase of 18 m during such events (Eliasson and Gröndal, 2008). The
large discharge peak in February, shown in Fig. 9, could indicate the
presence of a dynamic ice-jam, due to the rapid increase in discharge
and the height of the discharge peak. Due to such ice-jam events, the
uncorrected in situ discharge observations might not always be reliable,
indicating the vulnerability of some in situ discharge observations.
However, because our remote sensing based discharge product is not
based on the observations at the location of the ice-jam, but at a much
wider section of the river roughly 15 km upstream, the impact of icejams on the water-level, and thus the estimated discharge, should be
11
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hydrological models, the estimated discharge peaks cannot directly be
linked to environmental conditions, but solely to the extent of the river.
Mainly changes in the hydraulic geometry of a river remain difficult to
monitor from space. There are many approaches for generating discharge estimations using remote sensing based observations (Alsdorf
et al., 2007). However, until recently none of the satellite platforms was
capable of observing at temporal and spatial resolutions of 1–3 days and
10 m respectively. To overcome this issue other studies have combined
multiple (both altimetry and imagery based) platforms with statistical,
hydraulic, or hydrological models (Brakenridge et al., 2012; Hagemann
et al., 2017; Hou et al., 2018; Oubanas et al., 2018; Paris et al., 2016;
Perumal et al., 2007; Poortinga et al., 2017; Sichangi et al., 2016; Sun
et al., 2010; Tourian et al., 2013; Zaji et al., 2018). Combining neardaily remote sensing based river surface area and/or discharge estimations potentially increases the performance of these models. This
could make remote sensing based hydrological modeling of ungauged
basins become a more viable option.

constructive feedback. Finally, we would also like to thank ESA and
Google for providing free access to the Sentinel-1 and Sentinel-2 data
through the Google Earth Engine platform. This research contains
modified Copernicus Sentinel data 2017-2018.
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6. Conclusion
In this research we demonstrated the potential of the Sentinel-1 and
2 satellites to generate accurate near-daily discharge estimations for a
medium-sized high-latitude river. We showed that the water surface
area of the Icelandic Þjórsá could be accurately classified with a user's
and producer's accuracy of 91.0% and 75.1% respectively. In addition,
we showed that, depending on the training area, the discharge could be
estimated with a high KGE up to 0.831 for a year-long monitoring
period. The achievements of this research relied on multiple key factors,
e.g. (i) the implementation of multiple Sentinel-1 backscatter metrics
derived from the original VV and VH observations, which provided the
Random Forest classifier with more elaborate information on the river
dynamics, (ii) the implementation of the Sentinel-2 based classification
mask, which reduced the amount of misclassifications at locations with
little land cover change over time, and (iii) the training area selection,
where we showed that sufficient river width (100–200 m) and the
presence of gently sloping features like large isolated sandbars and
inner banks are preferred. During winter the accuracy of the estimated
discharge decreased. However, we also showed the vulnerability of in
situ discharge observations in locations which are affected by ice-jams.
Having access to near-daily discharge estimations derived from training
areas which are less influenced by ice-jams is therefore valuable.
Further research should test our methods for different catchments to
unveil the full potential of dense Sentinel-1 and 2 observations for neardaily high-latitude discharge estimation as a valuable asset next to
existing in situ discharge observations for climate change monitoring.
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