© 2022. This manuscript version is made available under the CC-BY-NC-ND 4.0 license
https://creativecommons.org/licenses/by-nc-nd/4.0/. This is the accepted manuscript version of this paper, the final

version (version of record) is available at https://doi.org/10.1016/j.rse.2022.113255

1

10

11

12

13

14

15

16

17

18

19

20

21

22

23

Sentinel-2 high-resolution data for river discharge

monitoring

Paolo Filippucci (1, 3, 4), Luca Brocca (1), Stefania Bonafoni (2), Carla Saltalippi (3), Wolfgang Wagner (4),

Angelica Tarpanelli (1)

1. National Research Council, Research Institute for Geo-Hydrological Protection, Perugia, Italy

(paolo.filippucci@irpi.cnr.it)

2. Universita degli Studi di Perugia, Department of Engineering, Perugia, Italy
3. Universita degli Studi di Perugia, Department of Civil and Environmental Engineering, Perugia, Italy

4. TUWien (Technische Universitdat Wien), Department of Geodesy and Geoinformation, Wien, Austria
Abstract

River monitoring is an open issue due to many intrinsic problems of the ground monitoring network. Over
the last few decades, the role of satellite sensors in river discharge estimation is significantly increased thanks
to the strong growth in technologies and applications. Focusing on daily river discharge measurements, a
non-linear regression model has been used to link the near-infrared (NIR) reflectance ratio between a dry
and a wet pixel around the section of a river to the ground measurements of river discharge. The use of
medium-resolution satellite data, such as those from MODIS sensors, enables to monitor high and low flows
in medium-sized catchments (<100°000 km?), thanks to satellite frequent revisit time and wide spatial
coverage. However, such sensors are not suitable to provide information for medium-narrow rivers (< 250 m
wide), nor to study river features and patterns that are averaged within a single pixel. Here, we investigated
the use of Sentinel-2 NIR reflectances to support the hypothesis that a higher spatial resolution, i.e. 10 m, is
able to better identify the wet pixels, more related to the river dynamics, with obvious advantages for river
discharge estimation compared to the medium resolution sensors (e.g., MODIS at 250 m). Moreover, it also

allows both a finer distinction between vegetation, soil and water and the characterization of water turbidity
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in the river area. A new formulation enriched by the sediment component is proposed together with a first
step towards an uncalibrated procedure to select the wet pixels. Google Earth Engine (GEE) platform has
been employed for the data analysis, allowing to avoid the download of big amounts of data, fostering the
reproducibility of the analysis in different locations. The accuracy of the river discharges derived from
Sentinel-2 reflectances is evaluated against the in-situ observations from selected gauging stations along two
Italian rivers, Po and Tiber. The results confirm the good performances obtained with high-resolution images
over the Po River, with average Nash-Sutcliffe efficiency ranging between 0.39 and 0.56 for the different
configurations adopted. Relatively worse results were obtained over the Tiber River where the Nash-Sutcliffe

efficiency ranged between 0.2 and 0.61, due to an issue on the registration of Sentinel-2 images.

Keywords: NIR reflectance, river discharge, Sentinel-2, sediment transport, Google Earth

Engine, MODIS

1. Introduction

River discharge is one of the Essential Climate Variables, which contribute most to the characterization of
Earth’s climate and its changes, as recognized by the Global Climate Observing Systems. On long time scales,
the knowledge of river discharge values is important to identify potential effects of climate change over
lands and ocean, since their changes could affect both ocean salinity and thermohaline circulation (Nohara
et al. 2006; Piecuch et al., 2018; Ahmed et al., 2020). In shorter terms, it is a variable fundamental for the
water cycle closure and for numerous applications of water management and related services, including

flood protection (Hannah et al., 2011).

Currently, in-situ measurements are the most cost-effective and reliable option for river discharge
monitoring (Fekete et al., 2015). However, there are still many rivers where discharge estimates either do
not exist or are not promptly available, sometimes due to economic or political reasons (Fekete and
Vorosmarty, 2007). This is particularly true in developing countries, even if the number of working gauging

stations is declining worldwide (Crochemore et al., 2020; Vorosmarty et al., 2001).
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Earth Observation (EO) data are currently a valuable source of information capable to support ground-
based networks. In recent years, several approaches have been developed to infer river discharge
information from satellite data. These techniques can be divided into those that need to be calibrated
against observed data and those that do not require calibration and can therefore be applied even in
ungauged basins (Gleason and Durand, 2020). The latter approaches use as input only remote sensing data
or other global data that are independent of specific calibration. River discharge can thus be obtained using
different paradigms. Some studies focus on developing hydrologic models to parse the components of the
hydrologic cycle (precipitation, evapotranspiration, terrestrial storage) obtained by remote sensing and
derive river discharge from the associated water excess (e.g. Emery et al., 2018; Lopez et al., 2017; Parr et
al., 2015). An other paradigm consists of exploiting the laws of fluid mechanic to develop hydraulic models
that can infer river discharge from hydraulic variables, such as elevation, slope, and width (e.g. Larnier et
al., 2020; Oubanas et al., 2018). Finally, Mass conserved Flow law Inversions (McFll, Gleason et al., 2017)
applied to flow equations like the Manning’s equation (e.g. Durand et al., 2014; Garambois and Monnier,
2015) or hydraulic geometric power laws (e.g. Feng et al., 2019; Gleason and Smith, 2014) can be exploited
to infer river discharge in ungauged rivers. In all of these cases, the obtained river discharge is typically
characterized by low accuracy, because the problem of uncalibrated river discharge estimation is basically
ill posed: critical variables for accurately measuring river discharge, such as bathymetry or friction, cannot
be measured by remote sensing (Gleason and Durand, 2020). Nonetheless, uncalibrated models can
improve the scarce information available on ungauged rivers, thus even inaccurate models are useful.
Alternatively, in-situ surveys and Unmanned Aerial Vehicles (UAVs) can be exploited to obtain additional
information on ungauged river systems (Yang et al., 2019), also coupled with satellite data (Lou et al., 2020;
Wufu et al., 2021), thus improving the obtained performance.

Calibrated approaches are usually more reliable, being adjusted using in-situ data or calibrated hydrologic
models. They are mainly useful for extending the knowledge of river discharge in space and time. The
majority of EO satellite-based techniques to retrieve river discharge belong to this category, according to

different paradigms. Calibrated hydrologic models can be used to improve the knowledge of river discharge
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as, e.g., in Dziubanski et al. (2016), where a hydrologic model with a remote sensing-based snow routine is
used to improve river discharge estimation for seven watersheds in the Upper Mississippi River basin. This
is just one example of a rich literature where one or more satellite products are used in
calibration/assimilation to retrieve river discharge information not only at regional (Jodar et al., 2018; Syed
et al., 2005; Wulf et al., 2016) but also at global scale (Chandanpurker et al., 2017; Lin et al., 2019; Zhang et
al., 2016). Hydraulic models are also widely used (e.g., Bjerklie et al., 2003; 2005; De Frasson et al., 2019),
sometimes coupled with hydrological modeling (e.g., Neal et al.,, 2009). Finally, many calibrated
methodologies for estimating river discharge are based on the concept of the space-based rating curves. In
these approaches, satellite measurements of river level, river width or other empirical fluvial geomorphic
phenomena are coupled with observed river discharge data to calibrate empirical relationships that can be
used to effectively estimate river discharge from remote sensing data. In this framework, radar altimetry
and optical sensor measurements are the most promising source of data, although microwave data are
sometimes used as well (Brakenridge et al., 2007; Huo et al., 2021). Altimetric data are widely used because
of the direct relation between stage and river discharge (Abdalla et al., 2021; Belloni et al., 2021; Paris et
al., 2016; Tourian et al., 2013; Zakharova et al., 2020), but the spatial-temporal sampling of the altimetry
missions is currently a limitation, leading to the need of applying different strategies to densify the data
(Tourian et al., 2016; 2017; Boergens et al., 2017; Schwatke et al., 2015). As already demonstrated, if the
altimetry is combined with other satellite information, the estimation of river flow is improved (see
Tarpanelli et al., 2021 for a review). In this respect, satellite optical sensors play an important role together
with radar altimetry for improving the river monitoring. Specifically, water and soil are rather
distinguishable from optical data (Yang et al., 2020). River width measurements can therefore be extracted
from cloud-free images by exploiting these differences. River discharge measurements can be then
obtained from the river width by using empiric formulas, rating curves or models (Elmi et al., 2021; Pavelsky
et al., 2014), also in combination with altimetric data (Sichangi et al., 2016). Notwithstanding this, the

measurement is possible only in free clouds days (reducing the temporal availability of the obtained datum)
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and there are often misclassifications of water pixels due to cloud shadows or in areas characterized by

steep terrain or dense urban environments (Mueller et al., 2016).

Focusing on daily measurements of river discharge, Tarpanelli et al. (2013; 2017; 2020) used passive MODIS
remote sensing data to develop a linear regression approach first introduced by Brakenridge et al. (2007),
which is effectively able to monitor high and low flow in medium basins (<100°000 km?). The approach
(hereafter named CM) is based on the different behavior in the NIR region between a Calibration (C) and a
Measurement (M) pixels chosen over land and water, respectively. Indeed, in a bare soil or urban area, the
C pixel has a reflectance behavior stable in time, while a pixel around the bank of a river, often inundated,
has generally lower reflectance values that are inversely proportional to river discharge (Tarpanelli et al.,
2013; 2017). Both pixels are affected by noises due to different sources, such as the atmosphere or the
acquiring process, but the calculation of their ratio allows to account for them and therefore it is well
correlated with the in-situ measurements of river discharge. Notwithstanding this, the presence of
sediments in the river induces an increase in the water reflectance, which corresponds to an
underestimation of the river discharge assessed through CM approach. The analysis of this phenomenon
for medium-narrow rivers (100 - 300 m) can be facilitated by the use of high-resolution multispectral
sensors to better represent the dynamic of such rivers. With respect to the medium resolution images used
so far (i.e., MODIS, MERIS and OLCI), data with higher spatial resolution coming from the new launched
Sentinel-2 Mission of the Copernicus European Earth Observation programme (10, 20 and 60 m spatial
resolution), have opened new possibilities to investigate small targets. The CM approach has been already
tested with the Sentinel-2 high-resolution data harmonized with Landsat-8 images in the Murray-Darling
basin in Australia, with encouraging results (Shi et al., 2020) but for a short period of time (only one water
year was considered) and by considering only a single pixel M of 30x30 m. Moreover, Shi et al. indicated as
a potential issue the high presence of sediment in the river water during floods events, which introduce a

source of noise in the M signal and consequently in the obtained river discharge.

Based on these premises, the first objective of this paper was to understand the benefits of high-resolution

imagery by Sentinel-2 by extending the procedure to small targets and testing its limitations. For this
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purpose, two Italian rivers were selected as study areas: the Po River in northern Italy and the Tiber River
in central Italy. The first one was selected due to its medium-narrow size and the availability of multiple
stations with a dense record of hydraulic variables, while the second one was selected for its width of about
50-80 m. In particular, a total of seven stations were selected: five stations along the Po River (Piacenza,
Cremona, Borgoforte, Sermide and Pontelagoscuro) and two stations along the Tiber River (Montemolino
and Ponte Felice). In order to check the effective advances of the Sentinel-2 spatial resolution with respect
to medium resolution, the same analyses were carried out also using MODIS product as input. As second
objective, we attempted to improve the estimation of river discharge by implementing modifications at the
original CM approach related to the impact of the solid transport. Finally, we moved a first step towards an
uncalibrated procedure by selecting the sensitive pixels to the river discharge variations through an analysis

of their correlations against land and water pixels.

In order to foster the analysis to large time scales and in several areas, the code was implemented in the
Google Earth Engine, GEE, platform (Gorelick et al., 2017), reducing by far the computational time and

storage capacities required to download images and apply the methodology.

The paper is structured as follows: the study areas with the satellite and ground datasets are introduced in
Section 2, together with the cloud platform GEE. In Section 3, the CM approach and the proposed
modifications are described. A sensitivity analysis of the threshold adopted within the approaches is carried
out in Section 4, together with the results of the proposed models application on the sections of the two
rivers. Finally, in Section 5 the conclusions of the analysis are summarized, including limitations and future

developments of the procedure.

2. Study area & Data

2.1 Study area

The analysis is focused on seven sites located in Italy: five along the Po River at the stations of Piacenza

(45.11 °N, 9.64 °E), Cremona (45.13 °N, 9.97 °E), Borgoforte (45.04 °N, 10.81 °E), Sermide (44.99 °N, 11.33
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°E) and Pontelagoscuro (44.89 °N, 11.60 °E) and the two along the Tiber River at the stations of
Montemolino (42.80 °N, 12.40 °E) and Ponte Felice (41.95 °N, 12.50°E). These sites were selected on the
basis of the availability of in-situ flow measurements during the analyzed periods (2015-2020), the different

regime of flow and the width of the river, which is medium-small.

The Po River is located in Northern Italy and it has a drainage area of 74’000 km?: it is the longest Italian
river and the fifth European river for river discharge. During the analyzed period the average discharge
value at the five stations varies between 818 and 1312 m3/s, with the minimum and the maximum values
being equal to 242 and 8950 m3/s, respectively. The maximum cross-section width at the bankfull discharge
is around 500 m (Domeneghetti et al., 2018), during the seasonal peaks in spring (May-June) and autumns
(November). The river discharge data are available online from the website of the Regional Agency for

Environmental Protection (www.arpae.it/documenti.asp).

The Tiber River in central Italy has a drainage area of 17’375 km? and its average river discharge is much
smaller than the one of the Po River: during the analyzed period, it is around 30.4 m3/s at Montemolino
and 117.2 m3/s at Ponte Felice, with the minimum and maximum extremes being equal to 1.6 and 804.2
m?3/s, respectively, for Montemolino station and equal to 49.4 and 843.3 m3/s, respectively, for Ponte Felice
station. The river width varies between about 50 and 80 meters, surrounded by riparian vegetation. The
data of Montemolino are provided by the Department of Environment, Planning and Infrastructure of the
Umbria Region, which is in charge for the collection of hydro meteorological data in the Umbria Region,
while those of Ponte Felice are made available from the Department of Environment, Planning and

Infrastructure of the Lazio Region.

2.2 Satellite Near Infrared data

In order to assess the benefits deriving from the use of high spatial resolution imagery in estimating river
discharge, two datasets of NIR data characterized by high and medium spatial resolution were selected

from Sentinel-2 and MODIS sensors, respectively.
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The Sentinel-2 mission is composed of two satellites, Sentinel-2A (launched on the 23 June 2015) and
Sentinel-2B (launched on 7 March 2017). The satellites are placed in the same sun-synchronous orbit,
phased 180° to each other. This strategy permits to increase the revisit time of Sentinel-2 from 10 days
(using one satellite) to 5 days (using both of them), with increased revisit frequency in the areas where
adjacent orbits overlap. Each satellite carries a MultiSpectral Instrument (MSI) sensor, capable of sensing
electromagnetic radiations in 13 spectral bands, from visible to short-wave infrared. In this analysis, data
from band 8 (central wavelength ~833 nm, bandwidth=106 nm) are selected, characterized by a spatial
resolution of 10 meters. Two products are available: Level-1C product with orthorectified TOA (Top-Of-
Atmosphere) reflectance and Level-2A product with surface reflectance. Generally, the atmospheric
correction applied to produce the Level-2 product over land is different from the one applied over
ocean/sea. The river is a fairly complex and mixed environment to be managed. In the absence of detailed
studies on this, and because the effects of the atmosphere in clear-sky conditions can be assumed negligible
when computing the ratio of neighboring pixels in the same area (as used in this study, see Section 3), we

performed the analysis by using Level-1C product.

MODIS is a multispectral sensor on-board the TERRA and AQUA satellites, launched on the 18 December
1999 and the 4 May 2002, respectively, and capable of acquiring Earth’s surface data at 36 different spectral
bands with spatial resolution ranging from 250 to 1000 m at daily time scale. In the present study, the
reflectance in band 2 (Near-Infrared, central wavelength ~859 nm, bandwidth=35 nm) of level-2 product
MYDO09GQ version 6 at 250 m of spatial resolution were considered. For cloud masking, the “state_1km”
band of MYDO9GA version 6 product was selected. Both the products come from the MODIS sensor onboard

AQUA satellite.

The dimension of each Sentinel-2 image (~600 MB) and the number of images to be downloaded for a
temporal analysis, make the process of collecting and reading the data not easy and computationally
challenging. In order to show the method and illustrate the new algorithm, we referred to the Sentinel-2
data Level-1C for bands 8 dataset, provided by the Meteorological Environmental Earth Observation (MEEO

— www.meeo.it) company, together with the relative cloud mask probability product. This collection
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includes a subset of Pontelagoscuro area in the period January 2018 — September 2019 and it is used to
generate the figures shown in the Section 3. However, Google Earth Engine platform was used for the
analysis relative to the period 2015-2020 over the seven stations for both the MODIS and Sentinel-2
analysis, in order to lighten the computational load: the results and conclusions at Sections 4 and 5 are

referring to the cloud data.

2.3 Google Earth Engine cloud platform

Following the algorithm definition, the analysis at the study sites was carried out through Google Earth
Engine, GEE (Gorelick et al., 2017), a cloud computing platform for processing satellite imagery and many
kinds of geospatial and observation data. GEE comprehends a catalogue of satellite imagery and geospatial
datasets of over twenty petabytes at planetary scale, together with the analysis capabilities needed to
process them. The data are freely available for scientist, researcher and developers, who can access and
process them through the Earth Engine API using both Javascript or Python. The development of Web-
Application is also possible from the code editor interface. In this study, we developed a code to read,

extract and analyze NIR data at the considered gauging stations.

3. Method

In this section, the original CM approach, as proposed by Tarpanelli et al. (2013) and subsequently modified
by Tarpanelli et al. (2017), is described and adapted to the Sentinel-2 data. In particular, the higher spatial
resolution with respect to previous studies allows to highlight two aspects that have been neglected so far:
1) the position of the M pixel, which might be different for low and high flows, and 2) the influence of
suspended sediments on the C /M ratio and, thus, on the estimated river discharge. Based on the spatial-
temporal behavior of the reflectance in the analyzed area, a modification of the original formulation is
proposed, to take into account the presence of patterns and features resulting from the high spatial

resolution images. The new formulation is implemented in the GEE platform for its extensive use.
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3.1 Adaptation of the original CM approach to Sentinel-2 data

Following the previous study of Brakenridge et al. (2007) carried out with AMSR-E datasets, Tarpanelli et al.
(2013) developed an approach to estimate river discharge from reflectance data based on the different
responses of water and soil to radiation in the NIR band. Indeed, in this region of the electromagnetic
spectrum, the reflectance of soil and vegetation is much greater than that of pure water. Therefore, the
reflectance of a “wet” pixel, located near the boundaries of the river, changes according to the river
discharge variations: specifically, it decreases when river discharge increases and the pixel is flooded.
Changes in reflectances are not caused only by changes in river discharge, but could be also related to other
sources, such as vegetation, atmosphere composition, soil moisture variations and bidirectional reflectance
effects, not negligible over water bodies (Kremezi and Karathanassi, 2019). A “dry” pixel not affected by
river discharge variation is then selected to correct the measure, assuming to be affected by the same
sources of noise, as mentioned above. By defining the “dry” pixel as Calibration (C) pixel and the “wet” pixel
as Measurement (M) pixel, it is possible to obtain a proxy of river discharge by calculating the NIR
reflectance C /M ratio. An exponential filter (Wagner et al., 1999) is then applied to the ratio to reduce the
effect of residual noises. The locations of C and M are generally calibrated by calculating all the possible
combinations of the reflectance C/M ratio on a certain area in the vicinity of the gauged station and by
comparing them with the in-situ measurements of river discharge, paying attention that no relevant source
of water intake or outlet is located inside the selected region or between the latter and the gauged station.
The reflectance ratio providing the highest correlation defines the best location for M and C (see Tarpanelli

et al., 2013 for details).

The passage from medium to high spatial resolution images required several adjustments. The first one was
related to the sensitivity to cloud of the NIR band. The solution adopted by Tarpanelli et al. (2013) for the
medium resolution product consisted in discarding all the images affected by clouds. To make the
procedure automatic, in this work, the Sentinel-2 images where the label “percentage of cloudy pixels” was

greater than 70% were discarded because the residual valid pixels were not statistically sufficient to

10
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represent a robust sample. Moreover, the Sentinel-2 cloud probability product was used to mask each
Sentinel-2 image’s pixels with a probability greater than 50% of being cloudy. The choice of the threshold
is based on the fact that for lower values (30-40%), the cloud detection algorithm may occasionally confuse
water pixels as clouds in the selected areas, while some cloudy pixels could be confused as valid if higher
thresholds were adopted (60-70%). Moreover, just for development purposes, a visual inspection of each
NIR images provided by MEEO was carried out to verify the chosen threshold and to discard those in which
the river was not clearly visible, i.e. in case of failure of the cloud detection algorithm or in case of few pixels

to be used in the analysis.

The cloud masking has the side effect to replace clouds with “holes” of no-data in each image. Therefore,
the selection of a single pixel for C, as in the original formulation, should be avoided in order to prevent the
loss of data in case a cloud appears over the selected “dry” pixel. Following Tarpanelli et al. (2017), the C
timeseries was defined as the average reflectance value of the pixels that had a low temporal coefficient of

variation (specifically lower than 5% percentile) with respect to all the pixels of the selected area.

Regarding the M pixel, as previously noticed, it should be selected over the river boundaries, since this area
is the interface between water and soil and it is particularly sensitive to river discharge variations. The
selection was constrained to an extended water mask that includes the river and a buffer around it. The
European Commission's Joint Research Centre (JRC) Global Surface Water map (Pekel et al.,, 2016)
“max_extent” was used to identify the river region, after the application of a 2-pixels buffer (60 m) applied
to enlarge the resulting river area. To assess the best location for M, each pixel within this extended water
mask was selected to calculate the C/M ratio (except the pixels already selected for the calculation of C, if
any was included in the water mask) over the full available timeseries. Then, the exponential filter was
applied, using a value of the filter T parameter equal to 5, which is the median number of days between
two consecutive acquisitions of Sentinel-2 images. The Spearman correlation between the observed river
discharge and the obtained filtered C/M series was then calculated, as shown in Figure 1b for
Pontelagoscuro station. By comparing Figure 1a with Figure 1b, it is evident that the highest correlations

for the M pixel coincide with the sediment deposit not vegetated near the river bank.

11
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Figure 1: Po River at Pontelagoscuro station. Panel a) represents the location of the area from Google Earth (Copyright ©2021, CNES
/ Airbus, European Space Imaging, Landsat / Copernicus, Maxar Technologies). Panel b) shows Spearman correlation between filtered
C/M and the ground observed river discharge, obtained varying the location of pixel M and fixing C as the average of the pixels with
coefficient of variation lower than 5t percentile calculated between January 2018 - September 2019.

3.2 Limits of the CM approach for high resolution products

The expected benefits of the use of satellite imagery at high spatial resolution consist in the possibility to
observe and account for aspects related to river discharge estimation that are not clearly observable from
lower resolution products. In this paper, two main factors were considered to improve the CM approach:
the presence of sediments in the water and the selection of multiple pixels for M. In order to better observe
these phenomena, an analysis was carried out in a smaller area of the Po River at Pontelagoscuro (Figure
2a), within the coordinates [11.588 °E, 11.605 °E, 44.887 °N, 44.9 °N], in the period January 2018-September

2019.

The reflectance of clear water in the NIR band is very close to zero, but the reflectance of the river generally
appears to be different from zero, although it remains low compared to soil or vegetation. During high

flows, rainfall events mobilize large amounts of fine sediment into river systems (Keesstra et al., 2019),
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which contribute to the suspended sediment loads in the river, thus increasing the water reflectance (Ahn
and Park., 2020). In these cases, the expected decrease in M reflectance due to inundation is hindered by
the reflectance increase caused by the change in suspended sediments in the river. Consequently, the C/M
ratio fails in estimating high flow, when the measure is most useful. This phenomenon is clearly visible in
Figure 3a, where the hydrograph of the river discharge at Pontelagoscuro during the flood event of October-
November 2018 is shown along with the C /M ratio calculated by selecting M as the single pixel that showed
the highest Spearman correlation with the observed discharge (see the location of M in Figure 2b). By
observation of two images acquired before and in concomitance with the flood event (Figure 3b-3c), the
river becomes larger and strongly turbid, increasing its reflectance up to values very close to the
surrounding soils (see Figure 3c). During and after the flood event, the suspended sediments decrease due
to the catchment sediment dynamic (Keesstra et al., 2019; Gentile et al., 2010), which is different from the
river discharge dynamic. Consequently, M decreases and the C/M ratio increases (see Figure 3a), leading
to the late detecting of the inundation. In order to correct the issue, particularly important in the
hydrograph rising limb, a correction should be introduced in the formulation of the CM approach to taking

in account the role of the suspended sediments.

Another important aspect is strongly related to the pixel dimension of Sentinel-2. Due to the high frequency
of the NIR electromagnetic waves and to the water absorption properties in this band, the NIR reflectance
decreases significantly with water depth down to 0.75 m (shallow water condition, Gilvear et al., 2007) and
remains constant for lower depths. A completely flooded pixel would therefore lose most of its sensitivity
to the water level increasing and thus, to the river discharge variation. A single pixel of Sentinel-2 is too
small to account for the variation of the river discharge over the study area because the width of the Po
River during a flood event is much larger than the dimension of a single Sentinel-2 pixel (compare Figure 3c
and 3b for the Po River width variation). Indeed, by looking at Figure 3a, the C /M ratio obtained from the
maximum correlated pixel shows a limited variability during the low flow from July to October 2018, being
the chosen M pixel located over completely dry soil. In the high-resolution product analysis, the single pixel

can be affected by both long period of dry condition (with reflectance very similar to the soil) alternated
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with period of saturated conditions (completely flooded pixel, with reflectance very similar to the water
inside the river). When the flow variation causes a pixel to be saturated, the relative C/M ratio stop varying

and therefore the selected pixel cannot be used to properly represent further variation of river discharge.

This is confirmed by the location of the pixels showing the highest correlation coefficients with the ground
observed river discharge: for medium-low flows (river discharge values below the threshold of 50t
percentile, around 1000 m3/s in the selected period), the highest Spearman correlations were obtained
more internally into the river, as shown in Figure 2c. Conversely, the highest Spearman correlations were
obtained in the external area (Figure 2d) for high flow condition (river discharge values above the threshold
of 50" percentile). On the basis of these considerations, the choice of a single pixel for all river conditions

is not advisable: M should be based on multiple pixels, chosen so as to take almost all the river regimes into

account.
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Figure 2: Po River at Pontelagoscuro station. Panel a) represents the area from Google Earth (Copyright ©2021 Immagini ©2021,
CNES / Airbus, Maxar Technologies). Panels b), c) and d) show Spearman correlation between filtered C /M and the ground observed
total discharge (b), low discharge below the 50t percentile (c), high discharge above the 50t percentile (d). The red circles in panels
b, ¢, d represent the position of the M pixel where the Spearman correlation with the ground-based observations is highest.
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Figure 3: Po River at Pontelagoscuro station. Panel a) shows the hydrograph of the river discharge and the C /M ratio calculated for
the analyzed area. The circles on the temporal series represent the days when the satellite overpasses. Panel b) and c) show the
Sentinel-2 reflectance images before and during the October-November 2018 flood event, respectively. The red squares in the panels
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b and c represent the position of the M pixel, where the Spearman correlation with the ground-based observation is the highest.

3.3 A new formulation: the CMW approach

Following the considerations described in the previous paragraph, two main modifications of the CM

approach are required: the management of suspended sediments effect and the use of multiple pixels for

M selection.

The role of suspended sediments is important for a correct evaluation of the M reflectance. As specified
above, the presence of suspended sediments makes the water turbid and increases the M reflectance, with
the consequent decreasing of the C/M ratio especially during high flows. In order to evaluate the
reflectance of the turbid water, it is necessary to average the reflectance of multiple water pixels, W,
located over a region of the river constantly wet (inner part of the river, with water always present, also

during low flows). Assuming W reflectance as a proxy of the presence of suspended sediments, M should

vary between C for low flows (dry conditions) and W for high flows (wet conditions).

The original CM approach for the estimation of the river discharge, Q, assumed as:
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C
Q x CM =+ (1)

can be then reformulated as:

Cc
M-W+z

Q x CMW = (2)

where z is a numerical coefficient: in condition of high flow, M tends to be completely flooded and
therefore its value is very close to the one of W. Any noise within their measurements can cause their
difference being lower than 0, invalidating the obtained index. Furthermore, in case the selected M pixel
become completely flooded, the condition of M = W would be verified and the CMW ratio would tend to

infinity. For both these reasons, we introduced z as

z = max (W — M) + min(M) (3)

W pixels have to be selected within the river. This condition can be ensured by considering only the pixels
included within a water mask, and by calculating, for each pixel, the product between the temporal average
of the reflectance (the lower, the more probable presence of water) and its temporal standard deviation
(the lower, the less variation occurs in the pixel). The W reflectance of eq. (2) can be then calculated by
averaging the NIR reflectance of the pixels for which the product above defined is below a threshold (fixed
at the 5™ percentile according the sensitivity analysis, see Section 4.1), in order to identify the pixels where

water is always present.

The timeseries of M should be obtained by averaging reflectances from multiple pixels located in an area
within the water mask that is particularly sensitive to variations in river discharge. In this paper, we
investigated several configurations to analyze the best strategy: 1) single pixel; 2) 3x3 pixels; 3) 9x9 pixels;
4) multiple pixels. In particular, configuration 1) was investigated to be compared to the original
formulation. Configurations 2) and 3) were investigated to identify possible improvements from the
evaluation of multiple pixels. Finally, configuration 4) was included in order to not calibrate the position of
the M pixels with the ground observed discharge timeseries, but to approach an automated procedure for

selecting an area or set of pixels that is particularly suitable for describing the river discharge variation. This
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area was identified following the fact that the NIR reflectance timeseries of the constituent pixels should
not be correlated with the W and/or C timeseries. Specifically, pixels sensitive to low flow should be poorly
correlated with C (because they are inundated most of the time), while those sensitive to high flow should
be poorly correlated with W (because they are dry most of the time). Therefore, the condition that a pixel
has to meet for being selected as one of the optimal M pixels is a very low Spearman correlation in
reflectance with the pixels of W or C (lower than the 10" percentile, according to the sensitivity analysis
descripted in Section 4.1). In addition, to avoid selecting permanently flooded pixels (because they are
poorly correlated with C), a maximum threshold on the pixels Spearman correlation with W is set to a fixed

value (0.7 according the sensitivity analysis, see Section 4.1).

Summing up, the new procedure to estimate river discharge from high-resolution NIR reflectance data

consists into the following steps (see also Figure 4):

The water mask is delineated through the “max extent” from JRC Global Surface Water map by considering
a buffer of 3 pixels around each pixel of the water map;

each image where the field “percentage of cloudy pixels” of the Sentinel-2 product indicates a percentage
of cloudy pixels greater than 70% is directly discarded and each image’s pixels in which the cloud probability
is greater than 50% is masked out. Furthermore, the images with less than the 20% (empiric threshold) of
valid pixels over the extended water mask are also discarded;

the C timeseries is calculated by averaging the reflectance of those pixels showing a temporal coefficient
of variation lower than a certain threshold (5" percentile, see Section 4.1);

the W timeseries is calculated by averaging the reflectance of those pixels, included in the water mask (step
3), whose product between temporal average and temporal standard deviation of reflectance values is

below a certain threshold (5™ percentile, see Section 4.1);

17



Sentinel-2 image collections Cloud filtering LEGEND
Images with «Cloudy pixel
S2 level 1cband 8 percentage» < 70% INPUT
S2 Cloud Pixel Cloud ALGORITHM,

Probability probability < 50 % MODEL,OPERATIONS

Valid pixel in INTERMEDIATE AND
riverarea =20% EINAL PRODUCTS
JRC Global Surface Water Mapping Buffer
“max-extent” band) 2 pixels l
Cloud free
dataset

l l

W timeseries C timeseries
Average of pixels with . Average of pixels with
9 * p < 5t percentile Calculation of CMW 9/u < 5% percentile
CMW = ———
M—-W+z
with

z = max(W — M) + min(M)

Yes Calibration No

l

Average window appliance M timeseries conf. 4
(1x1, 3x3, 9x9) . X
Average of pixels with:
l Spearman correlation with W < 0.7

and
M timeseries conf. 1-3 Spearman correlation with C < 10" percentile
Calibration of M on the point with or
maximum Spearman correlation Spearman correlation with W < 10% percentile

cmMw
timeseries

In-situ River ; .
Discharge I
Exponential Filter
(T=5)

l

Callbration:. Estimated River
Application Non-Linear

B i Discharge timeseries

395

396 Figure 4: Flowchart of the CMW approach. The thresholds are identified according to the analysis shown in Section 4.1.

397 5. the M timeseries are obtained by considering the four configurations mentioned above. In the first three

398 configurations, each pixel within the water mask (step 3) is used to calculate the ratio CMW according to
399 eg. (2): in the case of configuration 2 and 3 each pixel value is resampled with a moving average spatial
400 window of 3x3 pixels and 9x9 pixels, respectively. The pixel where the Spearman correlation between CMW
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and the ground observed discharge is maximized, is selected as M pixel. Alternatively, for configuration 4,
multiple pixels in the water mask having Spearman correlation with W or C below a percentile threshold
(10t percentile, see Section 4.1) and with W below a fixed value (0.7, see Section 4.1) are selected and
averaged to obtain M without the use of any information from ground data (for this reason we referred to
this configuration as uncalibrated).

C, W and M are used to calculate CMW index, which is then filtered through the exponential smoothing

function with T equal to 5 days.

In order to compare the improvements of the new CMW approach, the CM approach was also tested,
following the same steps except for the 4", because W was not needed, and replacing CMW index by C/M

ratio in the step 5.

Both approaches were also tested using MODIS data, in order to compare the high with the medium spatial
resolution data and evaluate potential benefits. The adopted procedure is very similar to the Sentinel-2

one, with the following exceptions:

1) a buffer of 3 pixels (instead of 2) is applied to the Global Surface Water map (Pekel et al., 2016) to
identify the extended area over the Tiber River, since otherwise the water mask size could not reach
the spatial resolution of MODIS pixels;

2) due to the absence of a MODIS Cloud Probability product in GEE, the cloud filtering is performed by
exploiting the “state_1km” band of MYDO9GA product. Specifically, all the pixels labelled as cloudy,
mixed, cirrus, snow, ice or adjacent to cloud are masked out;

3) configurations 2 and 3 are not applied to MODIS data because a single pixel of this sensor exceed the
sensitivity of a Sentinel-2 pixel in configuration 3 (¥90x90 m of Sentinel-2 against ~250x250 m of

MODIS).

3.4 Performance scores

In terms of performance scores, the coefficients of correlation of Spearman, Rs, and Pearson, Rp, were

calculated between the CMW or CM timeseries and the ground observations of river discharge. Then, the
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estimation of the river discharge from CMW or CM was performed by a fitting function (cubic function)

described, for CMW, as:
Q=a+b  -CMW +c-(CMW + d)3 (4)

where Q is the estimated river discharge, a, b, c and d are parameters, with b and c being positive so as to
ensure the monotonicity of the function. The parameters were calibrated for each station using in-situ

discharge observations in order to obtain the most accurate river discharge estimation.

Once the function was defined, three performance scores were computed to quantify the error in the final
estimation of the river discharge: i) the Root Mean Square Error (RMSE), ii) the relative RMSE (rRMSE),
defined as the ratio between RMSE and the mean observed river discharge and iii) the Nash-Sutcliffe

efficiency (Nash and Sutcliffe, 1970), NS.

4. Results and discussions

This section contains the results obtained from the analyses of Sentinel-2 and MODIS data, carried out with
the help of the Google Earth Engine, in the period: July 2015 — December 2020. First, the sensitivity analysis
carried out on the thresholds selected to identify the masks for every configuration is shown for
Pontelagoscuro station, along the Po River. Then, taking in account the selected thresholds, the approach
is applied at Pontelagoscuro and Montemolino (Tiber River) stations and a deep analysis on the masks and
the consequent results is carried out. Finally, the analysis is extended to the seven stations and the results
are shown by comparing the original algorithm CM and the new formulation CMW for both the products

Sentinel-2 and MODIS.

4.1 Sensitivity analysis

The methodology developed to infer the river discharge from NIR reflectance is based on the selection of
multiple thresholds, needed to obtain the static masks of C, W and M. In order to assess the validity of the

selected thresholds, a sensitivity analysis was conducted at the station of Pontelagoscuro. Regarding the

20



449

450

451

452

453

454

455

456

457

458

459

460

461

462

463

464

465

466

467

468

469

470

471

472

473

474

calibrated configurations (1-3), the percentile thresholds to select C and W pixels was made to vary
between the 2™ and the 8" percentile (1 percentile step), resulting in 21 possible layouts for the CM
approach (7 C-masks * 3 calibrated configurations) and 147 possible layouts for the CMW approach (7 C-
masks * 7 W-masks * 3 calibrated configurations). Regarding configuration 4, the thresholds related to the
C and W masks selection were fixed at the 5™ percentile (based on the results of the other configurations)
and just the ones related to the M selection were modified, to limit the degrees of freedom of the analysis.
Therefore, the percentile correlation with C and W was made varied between the 8" and the 12% percentile
(1 percentile step) and the maximum correlation with W between 0.5 and 0.9 with a (0.1 step), resulting in
125 different layouts (5 C percentile limits * 5 W percentile limits * 5 maximum correlation with W
thresholds). The sensitivity of the thresholds was evaluated in terms of Spearman correlation Rs calculated

between the obtained CM or CMW timeseries and the observed river discharge.

The sensitivity analysis was carried out for the station of Pontelagoscuro, where the methodology was
developed. The obtained results in terms of Rs are shown in Figure 5. Regarding the calibrated approaches
(configurations 1 to 3, Figure 5a and 5c), the selection of the percentiles for obtaining the C and W masks
has little incidence on the performance of CM and CMW, varying the Rs in the range of 0.01. Based on these
evidences, the percentile thresholds to select C and W pixels was selected equal to the 5th percentile,
according to the work of Tarpanelli et al., 2017. The variability of configuration 4 results (Figures 5b and 5d)
is instead in the order of 0.06 for CM approach and 0.03 for CMW approach, mostly ascribable to the
threshold related to the maximum correlation with W. When the simple CM approach is considered (panel
5b) the high W correlation thresholds (dark red surfaces) allow to select many pixels in the inner river well
correlated with W, providing worse performances with respect to the low thresholds (light red surfaces)
due to the fact that these pixels are flooded most of the time and thus particularly sensitive to the sediment
load of the river. This effect is worsened by choosing a low percentile correlation with W or an high
percentile correlation with C: in both cases, the portions of pixels sensitive to low flows within M tends to
be greater than those sensitive to high flows, obtaining the same aforementioned effect due to the absence

of the sediment contribution within the CM. Conversely, if the CMW approach is applied (panel 5d), the

21



475

476

477

478

479

480

481

482

483
484
485
486
487
488

489

490

491

presence of sediments is taken in account and accepting a larger number of pixels well correlated with W
becomes advantageous for the final results. In the Pontelagoscuro area, positive effects on the results can
be obtained also by increasing the percentile correlation thresholds of C and W, due to the presence of the
vast area subjected to periodic floods noted in Figure 2. Notwithstanding this, such an area is not
encountered in all the sections of a river nor in all the rivers. Therefore, the M mask selection thresholds
for the configuration 4 were fixed at the 10th percentile for the correlation with W and C, whereas the

maximum correlation with W was set at 0.7.
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Figure 5: Sensitivity analysis at Pontelagoscuro station (Po River) in terms of Rs between CM and CMW timeseries and ground based
river discharge. The subplots on the left show the Rs obtained using the CM (panel a) and CMW (panel c) approaches by varying the
C mask from the 2t to the 8t percentile (panel a) and the C and W mask from 2th to 8t percentile (panel c) for the configurations 1
to 3 (indicated from light to dark green or blue). The subplots on the right show the Rs obtained by using the CM (panel b) and CMW
(panel d) approaches for the uncalibrated configuration 4 where the correlation with C and W is made to vary between the 8t and
the 12t percentile and the maximum correlation with W between 0.5 and 0.9.

4.2 Pontelagoscuro results assessment

Focusing on Pontelagoscuro station, a total of 743 images of Sentinel-2 Level 1C band 8 were available on

GEE (accessed on 03/03/2022) during the period July 2015 — December 2020, obtained in 316 different
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days. After the cloud masking procedure, 168 cloud free images were retained and analyzed through the

CM and the CMW procedure.

The timeseries obtained for the four configurations are shown in Figure 6, together with the hydrograph of
the observed river discharge. All the configurations were successful in detecting the river dynamic. CMW
approach showed a general better agreement with the observed discharge with compared to the CM
approach, in particular at the beginning of the flood events in March 2016, May 2018, November 2018 and
November 2019, when the high river discharge triggered a high level of sediment transportation. This can
be noticed by observing the scatter plots on Figure 7, representing the CM and the CMW timeseries against
the observed river discharge in green and red, respectively: most of the green dots in the upper-left area
of the panels, characterized by low reflectance ratios and high discharge values due to the high sediment

transportation condition, are avoided with CMW approach.

The results of the different configurations show that by increasing the number of pixels for the calculation
of M (from the first to the fourth configuration, respectively on the top and the bottom of the Figure 6),
CM approach improves, gradually agreeing with CMW approach with the exception of the aforementioned
flood events. Indeed, by selecting a greater number of pixels, the reflectance ratio is more sensitive to river
discharge variation, since each pixel becomes wet for different flow conditions and thus a greater variability
of the ratio is obtained. Moreover, selecting a large area makes the approach less sensitive to residual
sources of error, e.g., residual clouds and cloud shadows, since it is unlikely that all the M-mask selected

area is equally affected by the noises.

Even though the new formulation is in good agreement with the observed river discharge and it improves
the previous methodology, the peak floods experienced in November 2018 and November 2019 were still
underestimated for all the configurations. This is due to the fact that the M pixels selected in the
configurations were completely flooded for values of river discharge lower than those of the two peaks,
preventing them to give information of flow events much greater than those at which they were saturated.

Moreover, a registration issue between Sentinel-2 images was detected, leading to the impossibility of
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selecting precisely the river boundary pixels (additional details in Section 4.3). Indeed, the expected river
width variation for very high flow is limited and the pixels sensitive to it are extremely few, due to the river
embankments presence. The inaccuracy of Sentinel-2 imagery registration and the low frequency of highest
discharge peaks (encountered just two times during the study period) meant that none of the pixels
affected by them were selected by the M configurations. These flood events had in fact too low importance
in terms of Spearman correlation to influence the pixels selection of the calibrated approaches and too low

statistical significance to affect the one of the uncalibrated one.

It should be finally noticed that additional river discharge peaks were not detected due to the low temporal
resolution of Sentinel-2 (no overpass during the flood events) and the discard of the images affected by
clouds (gray peaks in Figure 6, e.g., see the flood event in December 2016). Notwithstanding this, the
simulated discharges were in good agreement with the ground observed discharges, as confirmed by the
performance indices of Table 1, that shows correlations Rp higher than 0.62 and Rs up to 0.89. If compared
with the CM approach, Rp was higher than the CMW approach for all the configurations, with increments
from +0.09 to +0.14. Similarly, improvements were observed by the use of multiple pixels rather than a
single one, from +0.02 to +0.22 by considering both approaches together, in terms of Pearson correlation.
Slighter improvements were also observed in terms of Rs. In terms of river discharge, by applying the cubic
law of eq. 4, the performance scores of Table 1 show a decrease of rRMSE up to 0.19 and an increase of NS

up to 0.45, considering both the multiple pixels and the different methodology.
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Figure 6: Po River at the Pontelagoscuro station: comparison in terms of temporal series between the ground observed discharge and
the CM (green) or CMW (red) timeseries for configuration 1 (single pixel, panel a), configuration 2 (3x3 averaged pixel, panel b),
configuration 3 (9x9 averaged pixel, panel c) and for configuration 4 (multiple uncalibrated pixels, panel d). The observed discharge
is shown in light grey for the full timeseries and in blue for the measurements coincident to Sentinel-2 overpass.
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Figure 7: Po River at the Pontelagoscuro station: comparison in terms of scatter plots between the ground observed discharge and
the CM (green) or CMW (red) timeseries for configuration 1 (single pixel, panel a), configuration 2 (3x3 averaged pixel, panel b),
configuration 3 (9x9 averaged pixel, panel c) and for configuration 4 (multiple uncalibrated pixels, panel d). The calibrated
relationships of the estimated river discharge are shown as solid lines for both CM (dark green) and CMW (red).

Table 1: Performance scores for the different configurations (1 for single pixel, 2 for 3x3 pixels, 3 for 9x9 pixels and 4 for multiple

pixels) for the period 2015-2020 at Pontelagoscuro station. Spearman (Rs) and Pearson (Rp) correlations are calculated between the
CMW or CM timeseries and the ground observed river discharge. Root Mean Square Error (RMSE), relative Root Mean Square Error
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(rRMSE) and Nash-Sutcliffe efficiency (NS) refer to the comparison between the simulated discharge calculated according eq. 4 and
the ground observed discharges.

M cMw

Config. | Rs Rp  RMSE rRMSE NS Rs Rp  RMSE rRMSE NS

[ [ Im¥s] [ F ) mis [ [-]

1 0.80 0.48 689 0.57 0.17 | 0.87 0.62 600 0.50 0.38

2 0.80 0.53 655 0.54 0.26 | 0.88 0.64 556 0.47 0.40

3 0.85 0.61 581 049 035(0.89 0.70 508 0.43 0.50

4 0.85 0.70 545 045 048086 0.79 461 0.38 0.63

By moving from the single to aggregated pixels, the performance increased, reaching the best values for
configuration 4. This is justified by the Sentinel-2’s pixels size, which is smaller than the Po River width: it is

convenient to aggregate multiple pixels for a proper representation of the river discharge.

Figure 8a shows the pixels of the box with lower (less than 5™ percentile) temporal coefficient of variation,
selected to obtain the C timeseries. As expected, they are mostly concentrated over roads and bare soil
areas, due to the temporal stability of the reflectances measured in these areas. Figure 8b shows the pixels
within the water mask selected for the W timeseries. They represent the lower (less than 5™ percentile)
product between the average reflectance and its standard deviation, represented in Figure 8d, and they are
correctly identified in the center of the river. Figure 8c represents the selected M pixels: the different
calibrated configurations (1-3) are highlighted with different colors, while the light grey area shows the M
pixels selected by the configuration 4 (without using any ground observation for calibration) and coming
from the evaluation of the Spearman correlation between the reflectance timeseries of each pixel included
in the water mask (except those pixels already used for W and C) and the timeseries already calculated for
C (or W) deriving from the masks in Figure 8e (or 8f). Specifically, the blue pixels in Figure 8e are poorly
correlated with C, and coincide with those showing greater correlation with low flow (compare with Figure
2c) and those always inside the water. Conversely, the pixels in yellow in Figure 8f are highly correlated

with W timeseries (stable water pixels) and therefore identify the inner river, while the blue pixels coincide
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with those showing greater correlation the high flow (compare with Figure 2d). Permanently flooded pixels
(highly correlated with W) are also poorly correlated with C (Figure 8e), therefore the condition of
Spearman correlation with W < 0.7 was needed to avoid their selection for the M-mask in configuration 4.
This condition helps reaching a tradeoff between keeping low the number of pixels selected for M and
ensure the sensitivity of the procedure to the high river discharge. In fact, the pixels sensitive to high flow
condition are expected to be less in number than those sensitive to low flow condition due to the nature
of the phenomenon: therefore, it is important to limit the selection of the pixels poorly correlated with C,
sensitive to low flow, in order to balance the M pixels distribution. Despite this step, the M-mask obtained
by configuration 4 is much larger than those obtained by configurations 1-3. However, this allows to
decrease the sensitivity of M to atmospheric noises, by diluting the pixels affected by random clouds with

a larger number of pixels.
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Figure 8: Po River at Pontelagoscuro: in light gray the pixels used for calculating C (panel a), W (panel b). Panel c shows the location
of the pixel M obtained from configuration 1 (1 pixel, greed dot), configuration 2 (3x3 pixels, blue square), configuration 3 (9x9 pixels,
red square) and configuration 4 (multiple uncalibrated pixels, light gray). Panel d) shows the product between the average and
standard deviation of the NIR reflectance for each pixel within the water mask; panel e) and f) represent the Spearman correlation
map between the reflectance timeseries of each pixel in the water mask and the average reflectance calculated for the C (panel e)
and W timeseries (panel f), respectively. Background Copyright ©2021 Immagini ©2021, CNES / Airbus, Maxar Technologies.

27



587

588

589

590

591

592

593

594

595

596

597

598

599

600

601

602

603

604

605

606

607

608

609

610

611

612

In order to better asses the source of errors in terms of river discharge, we analyzed the Sentinel-2 images
acquired during the days in which the difference between estimated and observed river discharge was the
highest. One of the main disagreement reasons is the clouds presence. Despite the Sentinel-2 cloud
probability mask allows to remove the majority of the them, some residual clouds were undetected and
unmasked. Furthermore, cloud shadows were not considered in the masking process, and the pixels
affected by those were not removed. Clouds are very bright in the NIR, therefore their presence cause river
discharge overestimation when they overlap with C or W and underestimation when they coincide with M
pixels. In contrast, cloud shadows reduce the reflectance of the affected pixels, causing underestimations
when they coincide with C or W and overestimations when they overlap with M. An example of these
issues is shown in Figure 9. The panels a and ¢ show the Sentinel-2 1c band 8 image collected on 24/05/2018
over Pontelagoscuro area, before and after the application of the cloud probability mask at 50%. Residual
clouds can be clearly distinguished over the river, while a cloud shadow is clearly distinguishable in the top
of the figure. Panel b and d of Figure 9 show the image collected on 10/06/2017: few clouds were present
on the west area of the river, but the algorithm masked out a large number of pixels that were confused
with clouds, hampering the river discharge estimation. This is another source of noise cloud-related: in

some cases, the mask fails in correctly identifying the clouds, filtering out valid pixels.

Another issue is related to the reflectance values of C. It was noticed that the reflectance values of the
terrain pixels were occasionally significantly lower/higher than in other days, potentially due to, e.g., the
effect of soil moisture variations or bidirectional reflectance effects. These conditions led to a lower/higher
C value, which caused the under/overestimation of CMW and consequently of the flow peaks, worsening
the effect of the pixels’ saturation. This is the case for the floods occurred at the ends of 2020 (Figure 6),
where CM and CMW index underestimated the river discharge due to a low value of C, causing most of
the CMW outliers that can be noticed in Figure 7. Finally, it should be noticed that the fitting functions
shown in Figure 7 were supposed to exhibit steeper behavior to compensate the effect of the M pixels
saturation. The presence of residual clouds and shadow, however, generated outliers that compromised

the effectiveness of the relationship, highlighting the need to improve the masking procedure.
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Figure 9: Po River at Pontelagoscuro: Sentinel-2 1c Band 8 images acquired on 24/05/2018 (Panel a and c) and on 06/10/2017 (Panel
b-d), prior (a and b) and after (c and d) the application of the cloud mask equal or above 50% of cloud probability (light gray area).

4.3 Montemolino results assessment

The results obtained at Montemolino station, over the Tiber River, are described in this section. For this
area the total number of available images for the period 2015-2020 was 728, obtained in 625 different days.

After the cloud masking, 373 images with valid data were analyzed (based on the access on 03/03/2022).

Figure 10 shows the pixels selected from each mask at the Montemolino station over the Tiber River. As for
Pontelagoscuro station, C-mask (Figure 10a) coincided with roads, parking and bare soil. The river bed was
again successfully identified by the product of the average reflectance and its standard deviation (Figure
10d). The holes within the river course were caused by river zones that were not detected from the JRC
Global Surface water map. In Figure 10b, the pixels selected for W were shown. It can be noticed that they
did not fall within the center of the river but prevalently on its southern borders. A possible cause of this
phenomena is the shadow created by the riparian vegetation, which decreases the average reflectance of
the pixels affected by it and facilitates their selection. Figures 10e and 10f show the Spearman correlation

between the reflectance timeseries of each pixel in the water mask and the C and W timeseries,
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respectively. Figure 10e shows many pixels poorly correlated with C over the northern river boundaries of
the southern river branch, which were selected to obtain M timeseries by the uncalibrated configuration,
as shown in Figure 10c. In contrast with the results obtained at Pontelagoscuro, by comparing Figure 10e
with Figure 10f, it can be noticed that many of these pixels show a low correlation with W as well, while for
the Po River the pixels poorly correlated with C were better correlated with W and vice versa. By further
analyzing the selected area, a failure of the image co-registration procedure was detected: the coordinates
of each image often not correspond to the real coordinates of the area, but there was often a
misregistration of a few pixels. An example of this issue is shown in Figure 11, where the Sentinel-2 1c band
8 image acquired on 22/08/2017 is shown in panel a along with a clipping of the image acquired on

27/08/2017 in panel b: a miss-registration of ~1-2 pixels can be noticed by comparing the two images.
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Figure 10: Tiber River at Montemolino: in light gray the pixels used for calculating C (panel a), W (panel b). Panel c shows the location
of the pixel M obtained from configuration 1 (1 pixel, greed dot), configuration 2 (3x3 pixels, blue square), configuration 3 (9x9 pixels,
red square) and configuration 4 (multiple uncalibrated pixels, light gray). Panel d) shows the product between the average and
standard deviation of the NIR reflectance for each pixel within the water mask; panel e) and f) represent the Spearman correlation
map between the reflectance timeseries of each pixel in the water mask and the average reflectance calculated for the C (panel e)
and W timeseries (panel f), respectively. Background Copyright ©2021 Immagini ©2021, CNES / Airbus, European Space Imaging,
Maxar Technologies.
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Figure 5: Tiber River at Montemolino: detail of Sentinel-2 1c Band 8 image acquired on 22/08/2017 (Panel a and b) and on 27/08/2017
(central patch Panel b), showing a miss-registration between the two images of about 1-2 pixels.

This apparent movement of the full river section caused many pixels vary “artificially” between soil and
water, which were in turn selected for M from the automated procedure of configuration 4, even being
insensitive to river discharge. The error was also found in Pontelagoscuro images, but it was less severe due
to the different extent of the river, even if it can be responsible of the missing information for the greater
river discharge peaks, since, as mentioned above, those are related to very few pixels. To correct the issue,
several attempts were done using GEE “register” function without satisfying results, mainly because of the
presence of geometric distortions between the analyzed Sentinel-2 images. The correction of this effect
should be therefore entrusted to the data provider, in order to increase the multi-temporal consistency of
Sentinel-2 dataset.

The M pixels chosen over the fields, in the north of Figure 10c, highlight two additional limitations of the
automatic procedure. First, the vegetated pixels, which are poorly correlated with both C and W, are not
taken in account by the configuration 4, and can be potentially wrongly selected for M . Second, the number
of pixels sensitive to river discharge variation can change to not only rivers but also sections of the river

itself. The use of the percentile to obtain M pixels is needed for the portability of the methodology between
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rivers of different sizes, but it could lead to select too many of them, especially for rivers with rectangular
sections or narrow flooded area. In Montemolino case, for example, the most sensitive area is actually
narrow and can be easily identified by looking at the M pixels selected by the calibrated procedures
(configurations 1-3: green dot, blue area and red area, respectively, in Figure 10c): they fall in the same
area inside the river, which is periodically submerged (it is shown in light blue color in Figure 10d: in some
periods it dries, therefore the average reflectance and the standard deviation are higher with respect to
the rest of the river area) and it is therefore sensitive to river discharge variation. No further sensitive areas
can be clearly distinguished, probably due to the presence of the riparian vegetation, which obstruct their
detection.
Once the C-, W- and M-mask were obtained, the C and W timeseries were used to estimate the river
discharge with the CMW and the CM approaches, using both the uncalibrated and calibrated M timeseries.
The performances of the obtained approaches for the river discharge estimation are shown in Table 2. The
misregistration issue affects particularly the uncalibrated procedure, which showed the lowest
performance in terms of Rs, Rp, RMSE and NS. The calibrated methods were also affected, with score values
worse than those obtained at Pontelagoscuro. Neverthless, the relevance of considering sediment
transport was again confirmed by the stable improvement in performances comparing the CMW and the
CM results. Regarding the CMW approach, the configurations that show the best performance were the
first two, where just one pixel and an area of 3x3 pixels were considered. This was due to the moderate
width of the river, which requires a limited number of pixels to obtain the full river discharge variation.
Table 2: Performance scores for the different configurations (1 for single pixel, 2 for 3x3 pixels, 3 for 9x9 pixels and 4 for multiple
pixels) for the period 2015-2020 at Montemolino station. Spearman (Rs) and Pearson (Rp) correlations are calculated between the
CMW or CM timeseries and the ground observed river discharge. Root Mean Square Error (RMSE), relative Root Mean Square Error

(rRMSE) and Nash-Sutcliffe efficiency, NS, refer to the simulated discharge calculated according eq. 4 and the ground observed

discharges.

cM cMmw
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Config. | Rs Rp  RMSE rRMSE NS Rs Rp  RMSE rRMSE NS

[ [ Im¥s] [ F ) mis [ [-]

1 0.87 0.46 26.79 159 0.15|091 0.63 24.09 143 0.32

2 0.86 043 2729 162 012|091 062 23.01 137 0.38

3 0.76 0.40 2724 164 012|082 044 2588 154 0.21

4 0.44 0.27 2956 1.70 0.07|0.57 036 2737 158 0.20

Figure 12 shows the timeseries of the ground observed discharge and those derived by CMW and CM
approaches at Montemolino station for all the configurations. The quality of the uncalibrated procedure
(Figure 12d) is relatively poor: even if flood periods were correctly detected, the surplus of M pixels and the
registration issue of Sentinel-2 data deteriorates the information. The calibrated procedure shows instead
better results (Figures 12a, b, c), even if all the river discharge peaks were underestimated, probably due
to saturation issues. Low flow conditions were quite well represented in most configurations. These results
are confirmed by the scatter plot shown in Figure 13: the configurations 1 and 2 (panel a and b) show a less
sparse couples with respect of the configuration 3 and 4 (panel ¢ and d), which suffer from great noises.
This is also confirmed by the behavior of the fitting functions shown in the scatter plots, particularly for the
CMW ones (red lines, Figure 13): those in panel a and b show the steep behavior expected due to the
saturation of the M pixels, while the noises of configuration 3 and 4 (panel c and d) cause the obtained

relationships to display a milder slope.
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703 Figure 12: Tiber River at the Montemolino station: comparison in terms of temporal series between the ground observed discharge
704 and the CM (green) or CMW (red) timeseries for the configuration 1 (single pixel, panel a), configuration 2 (3x3 averaged pixel, panel
705 b), configuration 3 (9x9 averaged pixel, panel c) and for configuration 4 (multiple uncalibrated pixels, panel d). The observed discharge
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708 Figure 63: Tiber River at the Montemolino station: comparison in terms of scatter plots between the ground observed discharge and

709 the CM (green) or CMW (red) timeseries for configuration 1 (single pixel, panel a), configuration 2 (3x3 averaged pixel, panel b),
710 configuration 3 (9x9 averaged pixel, panel c) and for configuration 4 (multiple uncalibrated pixels, panel d). The calibrated
711 relationships of the estimated river discharge are shown as solid lines for both CM (dark green) and CMW (red).
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4.4 Comparison between Sentinel-2 and MODIS: overall results assessment

After the confirmation of the thresholds adopted and the acceptability of the results for both sites of
Pontelagoscuro and Montemolino, the CM and CMW approaches were applied also to the remaining five
sites by using data from both Sentinel-2 and MODIS. For Sentinel-2 all the configurations were considered,
whereas with MODIS data only configurations 1 and 4 were adopted, because, in the configurations 2 and
3, the final size of the resampled MODIS pixel is too large to represent accurately the river and to apply the
approaches with reasonable results. The performance indices obtained between the CM and CMW ratios

and the ground measurements of river discharge at all the seven sites are shown in Figure 14.
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Figure 74: Spearman correlation, Rs (a, b), Pearson correlation Rp (c, d) between CM and CMW timeseries and ground observed
discharges, relative Root Mean Square Error, rRMSE (e, f) and Nash Sutcliffe efficiency, NS (g, h) between estimated and ground
observed discharges by using Sentinel-2 (a, c, e, g) and MODIS (b, d, f, h) data as input for the different configurations. For the five
sites of the Po River, the results are represented with box plots, whereas with stars and circles for the two stations of the Tiber River.

The CM approach showed always lower or at most equal value of Rs or Rp compared to those obtained
from the CMW approach when Sentinel-2 data were considered. Conversely, if MODIS data were adopted,
CM had higher correlations than CMW (It should be noticed that the obtained results are lower than those
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of Tarpanelli et al. (2013;2020) because of differences in the adopted methodology, e.g., cloud masking,
temporal interpolation). This was mainly due to the complexity in the selection of the W pixels in the latter
approach when MODIS data are adopted. In fact, because its spatial resolution was similar to or bigger than
the average width of the selected rivers, for low flows, the W pixels can be contaminated by a land fraction,
adding a source of noise to the obtained CMW index and causing a loss in performance with respect to the
original CM approach. Similarly, in the configuration 4, M is represented by the pixels that show low
correlations with both water and soil, but since W signal was contaminated, the selection of M pixels was
not optimal and consequently the performances were low. Moreover, the low spatial resolution of MODIS
causes the existence of many mixed pixels composed by fractions of terrain, water and vegetation, whose
signals will be poorly correlated with both C and W and thus erroneously selected for M. These
considerations were particularly exacerbated at the Tiber River sites, where the width of the river was
extensively lower than the MODIS resolution. Configuration 4 showed good results when Sentinel-2 data
were used, with Rs similar to those obtained for the other configurations whereas Rp higher for the Po
River. Slight worse performances were obtained for the Tiber River for both Rs and Rp. Specifically, the
performances obtained by configuration 4 at the Tiber River were affected by the presence of the riparian
vegetation and various agricultural fields in the neighboring of the river, together with the Sentinel-2 images

registration issue as detailed in the Section 4.3.

Many of the considerations made for the correlations are confirmed for the performances of NS and rRMSE
for the Po River. Instead, for the Tiber River the results at the two sites were very different each other.
Montemolino showed very low performances, particularly in terms of rRMSE, mainly due to the registration
issues of the Sentinel-2 images as discussed above. It is worth to notice that, despite the indices derived for
the configuration 4 did not take in account any in-situ data in the calibration of C, M and W location, the
knowledge of the ground observed discharge is still necessary to calibrate the parameters of eq. 4.
Notwithstanding this, the obtained results are promising and represent a step forward towards the

developing of a completely uncalibrated procedure to estimate river discharge from satellite data.
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4.5 Discussion: potential and limitations

The application of the CM approach to Sentinel-2 NIR data allows enlarging its field of application to
medium-small rivers, due to the higher spatial resolution of Sentinel-2 with respect to MODIS data, for
which the approach was developed. The analysis of very narrow rivers (10-20 meters) is still challenging
due to the presence of a co-registration issue among Sentinel-2 images. This issue has a strong impact on
the obtained performances (as observed at Montemolino station, section 4.3), since it causes many pixels
to vary “artificially” between soil and water, preventing the observation of the actual temporal variability
of the selected pixels reflectance signals. Moreover, it should be noticed that the application of the
sediment correction introduced in this study (CMW approach) to such narrow rivers should be avoided
when Sentinel-2 imagery are used. In fact, when the average river width is close to the size of a Sentinel-2
pixel, the probability that W pixels are contaminated by soil increases, thus adding a source of noise that
affects the obtained performances. The same effect has been observed from the application of the CMW
approach to MODIS data over the Po River (Section 4.4): the average Po River width at Pontelagoscuro
(~300 m) is close to the size of a MODIS pixel (~250 m), so the selected W pixels are contamined by soil and
do not reflect the actual variability of the water reflectance. The sediment correction is therefore biased,
and the CMW approach is less performing than the original CM approach.

Notwithstanding these technological limitations, this study successfully demonstrated that high spatial
resolution and sediment correction allow to increase our ability to estimate river discharge from satellite
optical data. Moreover, the use of the uncalibrated approach to obtain M pixels locations is a first step
toward the application of the methodology on ungauged rivers. In order to achieve a fully uncalibrated
procedure, the approach needs further testing on multiple study areas worldwide, to assess the obtained
relationship and verify its applicability to different river regimes and areas. In addition, the role of
vegetation should be properly addressed, also to avoid vegetated pixels being wrongly selected for M, as
in the Montemolino station analysis (Figure 10c). Finally, a procedure to obtain the relationship between
river discharge and CM-based proxies without observed data has yet to be developed. However, the good

correlation between the obtained uncalibrated proxies and the observed river discharge indicates that their
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information could be already exploited as qualitative signals, thus allowing the assessment of temporal
variability of river discharge (e.g., high flow and low flow periods) also on ungauged river systems.

Over gauged basins, estimated timeseries of river discharge can be obtained from CM indices using the
space-based rating curve concept. Indeed, the CM-based proxies are different from the satellite
measurements of hydraulic variables that exploit the same concept, such as altimeter river level data and
satellite measurements of river width. CM/CMW, in fact, do not estimate directly a physical quantity and
therefore they cannot be used directly in most available empiric or physical models. Nevertheless, also
satellite river level and river width data have inherent limitations. Altimeters are characterized by lower
temporal resolution and reduced spatial coverage with respect to optical sensors (Fekete et al., 2007;
Tarpanelli et al., 2021). On the other hand, optical data cannot be used to obtain information on the river
system in the presence of clouds. This issue is critical for river width estimation, which often lead the
researchers to discard many satellite images by imposing strict thresholds on the presence of clouds (Feng
et al., 2019), to consider cloud-free composite optical product with lower quality and temporal resolution
(Elmietal., 2015; 2021) or to obtain river width measurements from sensors that are not affected by clouds,
such as microwave SAR (Synthetic Aperture Radar) sensors (Mengen et al., 2020). CM approaches, on the
other hand, show less sensitivity to presence of clouds, due to the use of a masking procedure of the pixels
affected by clouds and the averaging of large areas to obtain the values of the desired pixel values (e.g., in
this study, images with 70 % of cloudy pixels were processed, whereas in Feng et al. 2019 all images with
cloud percentage above 25 % were discarded). In addition, the techniques for estimating river width from
satellite are usually based on a water/non-water binary characterization (Elmi et al., 2015; 2021; Feng et
al., 2019; Mueller et al., 2016; Pavelsky et al., 2014; Sichangi et al., 2016), which limits the accuracy of the
obtained river width measurement to the pixel size of the relative satellite. Instead, CM approaches exploit
the measured reflectance values and should therefore theoretically allow for greater accuracy in river
discharge estimates with respect to river width analysis. Each of the existing methodologies for estimating
river discharge from satellite sensors has its own strengths and limitations, as river discharge is a rather

complex variable to observe because of its relationship with multiple physical quantities. Synergies
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between the methodologies should be exploited to compensate their mutual weakness and maximize the
accuracy of the obtained product (Sichangi et al, 2016; Tarpanelli et al., 2017). Future research should be

oriented in this direction, to improve our ability to estimate river discharge from space.

5. Conclusions

Taking advantage of the high-resolution of Sentinel-2 data and their availability on Google Earth Engine
platform, a modification of the CM approach to estimate river discharge from NIR satellite data was
proposed. The method was enriched with the additional concept of exploiting a water (W) area to take in
account the variation of sediment load in the river. The averaging of multiple pixels to obtain M timeseries
was also proposed, to increase the methodology sensitivity to river discharge by avoiding as much as
possible the condition of completely flooded or dry M. Four different configurations were applied for the
selection of M pixels to test this concept, using as input Sentinel-2 data: three calibrated (1 pixel, 3x3 pixels
and 9x9 pixels) against the observed river discharge, and one uncalibrated, based on selecting as M pixels
those with low Spearman correlation with W or C. In order to test the advantages deriving from the use of
Sentinel-2 high-resolution data, the single pixel calibration and the uncalibrated one were also tested by

using as input the data from MODIS.

As a first step, a sensitivity analysis of each configuration thresholds was conducted at the station of
Pontelagoscuro, over the Po River: the thresholds related to the extraction of the C- and W-masks had little
incidence on the performance of the estimated river discharge and were fixed at the 5™ percentile, while
the ones related to the selection of M generated greater variability, proving that further research is needed
to adapt the methodology to the different river regimes. The CM and CMW approaches were then applied
over seven stations from two rivers in Italy: at Pontelagoscuro, Sermide, Borgoforte, Cremona and Piacenza
along the Po River, and at Montemolino and Pontefelice along the Tiber River, for the period 2015-2020,
exploiting the capacities of Google Earth Engine cloud platform. Results indicated a stable performance

improvement of the CMW approach with respect to the CM approach for all the areas and configurations
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when Sentinel-2 data were adopted, proving the relevance of taking in account the sediments to correctly
estimate the river discharge. The same advantages were not observed using MODIS data, due to the
impossibility of correctly account for the sediment contribution when the satellite pixel size is similar or
greater than the river width. Configuration 4 had proved the most effective at the Po River stations with
respect to the calibrated ones. Over the Tiber River, instead, the uncalibrated procedure failed to detect
the pixels sensitive to the variation of river discharge due to the presence of heavily vegetated pixels and
the misregistration issues of the Sentinel-2 images: the apparent movement of the full area led to the
selection of pixels that were not related to river discharge variation. The issue was present also at the Po
River stations, but to a lesser degree and with a less severe impact due to the greater river width. Two
additional sources of error were identified: the presence of cloud shadows and residual clouds not masked
by the cloud masking procedure, and the variability of the value of C, due to, e.g., the effect of soil moisture

variations or bidirectional reflectance effects.

This work represents a new step toward a non-calibrated methodology capable to obtain a river discharge
proxy over ungauged river, thanks to the development of an uncalibrated methodology to derive the
reflectance indices. The sediment contribution proved to be necessary to improve the river discharge
estimation. Still, well registered and frequent NIR high-resolution data are fundamental to increase the
accuracy of the retrievals. Further research is also needed to develop a relationship between the obtained
uncalibrated proxy and the river discharge that does not need calibration, based, e.g., on model data or
regionalization, in order to obtain a full uncalibrated methodology to estimate river discharge from space.
Moreover, the need of testing the procedure over different study areas and understanding the role of the
vegetation on river discharge estimation over highly vegetated cross sections should be also addressed, as
well as the development of the procedure to obtain a better threshold selection and greater sensitivity to

very high flows.
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