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Abstract: The monitoring of rivers by satellite is an up-to-date subject in hydrological studies as 
confirmed by the interest of space agencies to finance specific missions that respond to the 
quantification of surface water flows. We address the problem by using multi-spectral sensors, in 
the near-infrared (NIR) band, correlating the reflectance ratio between a dry and a wet pixel 
extracted from a time series of images, the C/M ratio, with five river flow-related variables: water 
level, river discharge, flow area, mean flow velocity and surface width. The innovative aspect of 
this study is the use of the Ocean and Land Colour Instrument (OLCI) on board Sentinel-3 
satellites, compared to the Moderate Resolution Imaging Spectroradiometer (MODIS) used in 
previous studies. Our results show that the C/M ratio from OLCI and MODIS is more correlated 
with the mean flow velocity than with other variables. To improve the number of observations, 
OLCI and MODIS products are combined into multi-mission time series. The integration provides 
good quality data at around daily resolution, appropriate for the analysis of the Po River 
investigated in this study. Finally, the combination of only MODIS products outperforms the other 
configurations with a frequency slightly lower (~1.8 days). 

Keywords: Sentinel-3 OLCI; MODIS; river discharge; Po River; multi-mission series 
 

1. Introduction 

The estimation of river discharge is of primary importance for the hydrology community as it is 
fundamental: to close the water cycle, for the efficient management of water resources, and for flood 
forecasting, especially under severe climate change conditions [1–3]. In the last few decades, a 
specific branch of scientific production inherent to river discharge has been focused on remote 
sensing and, in particular, on the use of satellite observations for monitoring river flows (see review 
studies in [4,5]). It is known that radar altimetry measures the water surface elevation of a river and 
numerous studies demonstrated its efficacy for river monitoring [6–9]. It is less known that 
multispectral sensors are able to detect the variability of the dynamic of the river [10–13]. 

Multispectral remote sensing is generally based on the simultaneous acquisition of image data 
of the Earth’s surface at multiple wavelengths, grouped in bands, across the electromagnetic 
spectrum [14]. Different surface types reflect and absorb differently at different wavelengths. It 
follows that it is possible to identify materials by their spectral reflectance signatures. For example, 
the reflectance of clear water is generally low with a maximum at the end of the blue spectrum. 
Turbid water, typical of the rivers, is characterized by sediment suspension with a consequent 
increase of reflectance in the red end of the spectrum. The reflectance of soil generally depends on 
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the composition and the water content, i.e., lower for dry soil and higher for wet soil. Vegetation has 
a unique spectral signature, characterized by a high value of reflectance in the green region and a 
low reflectance in the blue and red regions of the spectrum due to chlorophyll absorption for 
photosynthesis. In the near-infrared (NIR) region, the reflectance is much higher than that in the 
visible band due to the structure of the leaves. Based on these well-known principles, the NIR region 
is largely used by virtue of its high potential to discriminate between soil and water. In particular, 
following studies of Brakenridge et al. [15] and successively Tarpanelli et al. [13], the ratio between 
the reflectance of a dry pixel (C for calibration) and a wet pixel (M for measurement), i.e., the C/M 
ratio, is expected to represent the river variation well both in terms of mean flow velocity and river 
discharge. 

This principle was already applied in several studies [16–23] and extended to the Terra/Aqua 
Moderate Resolution Imaging Spectroradiometer (MODIS), ENVISAT MEdium Resolution Imaging 
Spectrometer (MERIS) and Landsat datasets. Specifically, in accordance with study by Tarpanelli et 
al. [19], MODIS resulted in being the best performer, especially thanks to its daily temporal 
resolution and ease of data processing, two features not shared by MERIS and Landsat. However, 
the MODIS sensor is not accurate for small rivers (<100 m width) and to compensate for this 
limitation, the studies of Li et al. [21] and Shi et al. [22] investigated the use of a high-resolution 
satellite. Li et al. [21] used Landsat in three rivers on the Tibet Plateau ranging from 60 m to 130 m 
width, and obtained Nash–Sutcliffe efficiency, NSE, ranging from 0.32 to 0.82. Shi et al. [22] faced the 
estimation of river discharge at two study areas in the Murray–Darling basin with 60–90 m width 
analyzing the Harmonized Landsat and Sentinel-2 surface reflectance product [24], and obtained 
relative root mean square error, rRMSE, ranging from 19% and 53%. With the purpose to solve the 
problem of the cloud coverage for the tropical areas, Sahoo et al. [23] proposed an integrated 
MODIS-Landsat fusion approach to estimate high-frequency discharge and tested the procedure in 
the Brahmani River Basin in eastern India. The method proposed to merge two datasets through a 
copula-based model to improve the temporal resolution of the single datasets and demonstrated the 
improved results versus the original approach of Tarpanelli et al. [13]. This first study on the 
combination of multi-mission satellites proved its utility in enhancement of the flow monitoring 
especially on the densely cloudy areas.  

Following these studies that deal with the same approach with different satellite products, here 
we introduce the analysis to a new sensor, the Ocean and Land Colour Instrument (OLCI), testing 
for the first time its potential in the monitoring of the river flow variation. Despite OLCI not 
introducing any improved quality feature with respect to the already cited sensors, neither on the 
spatial nor in the temporal resolution, the testing of its potential has become important to confirm 
(or not) the capability of the multispectral sensors to monitor flows. In addition, in the future 
prospect of using the multispectral sensors together with other satellite sensors, i.e., radar altimetry 
[18,19], the co-location of the different sensors in the same platform should bring added value to the 
flow monitoring. During the overflight of a river, the contribution of each sensor can be evaluated at 
the same time frame and the combination of observations allows estimating river discharge during 
each pass of the satellite [5]. This is allowed by the Sentinel-3A/B satellites in which the Synthetic 
aperture Radar ALtimeter (SRAL) and the multi-spectral OLCI are part of the same payload [25].  

With the aim of developing a new methodology for estimating river discharge through the 
combination of satellite radar altimeter and multi-spectral sensors data, the European Space Agency 
(ESA)-funded Project RIDESAT (RIver flow monitoring and Discharge Estimation by integrating 
multiple SATellite data [26]), under the EO4Society Permanent Open Call, proposes two main 
activities: 1) to implement algorithms that link altimeter and optical sensor retrievals to river 
flow-related variables and 2) to develop a merging procedure for the estimation of river discharge 
through a physically consistent approach. First, the single-instrument products (altimetric or 
multi-spectral) are independently processed to generate a dataset of proxies of river flow-related 
variables (e.g., water level, flow velocity, river width). Secondly, these proxies are used to build a 
physical formulation for the final estimation of river discharge. With this objective, it is important to 
explore the potential of the reflectance ratio to estimate not only the river discharge, but other 
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flow-related variables useful for the future prospective to incorporate them in the physical 
formulation. 

Differently from similar studies that proposed and used the same approach to derive river 
discharge from the reflectance ratio, here, we tries to examine in depth new aspects, not only related 
to a new sensors, but also to scrutinize better which river-flow related variables are best represented 
by the reflectance ratio and, above all, by the possibility to improve the temporal resolution of the 
satellite series with a combination of more sensors observing the same region in different temporal 
instances. Indeed, due to the passive nature of the multispectral instruments, the presence of clouds 
represents a limit. The possibility to have more than one satellite observing the same area at different 
times facilitates monitoring and enables us to experiment with the combination of satellite from 
different missions, in order to shorten the frequency and also to correct possible outliers in the 
measurements.  

Based on these premises, the analysis aims to answer three different scientific questions: 

(1) What is the potential of OLCI in the estimation of the river discharge? 
(2) Which is the river flow-related variable best represented by the reflectance ratio, behind the 

river discharge? 
(3) Could a multi-mission approach, obtained by the combination of different multispectral sensors 

(i.e., OLCI and MODIS), provide an improved estimation of river discharge or flow-related 
river variables? 

To answer these questions, the study compares the performances obtained by OLCI with those 
obtained by the MODIS sensor, already used in previous studies [13,16,18,19], according to 
independent analyses and, successively, analyzes the integration of the two products to evaluate 
possible enhancements in river flow monitoring. 

The analysis is carried out for the Po River, where a hydro-monitoring network including 
numerous sites recording water level and river discharge is present and where the geometric survey 
of the river cross sections is available and used with the purpose of calculating the river flow-related 
variables, i.e., mean flow velocity, surface width and flow area. All these variables are employed to 
carry out a sensitivity analysis in function of the reflectance ratio and answer the second scientific 
question above. More details are given in the next sections. 

The paper is organized as follows: Section 2 presents the study area and the in-situ and satellite 
datasets; Section 3 describes the methods; Section 4 shows and discusses the results; Section 5 
summarizes the conclusions. 

2. Study Area and Datasets 

The Po River in Northern Italy has often been the subject of hydrological/hydraulic studies [27–
29]. Its characteristics make it particularly suitable for testing potential remote sensing data. For 
example, its 650 km east-west extension and the large Po Valley, also called the Padan Plain, (46,000 
km2, including its Venetic extension not actually related to the Po river basin, see Figure 1) fostered 
the use of satellite radar altimetry for river discharge estimation [30,31] and implementation of 
hydraulic models [32,33]. The morphology of the river with a single branch and a width of around 
300 m makes it suitable for imaging sensor analysis. 

In this work, the river stretch from the Piacenza gauging station up to the Pontelagoscuro 
gauging station (latitude 44.771°–45.205° and longitude 9.562°–11.901°), already investigated in 
other papers [13,18], has been selected to test the capability of the Sentinel-3A/B OLCI sensor to 
monitor the variations of flow along the Po River. This allows us, therefore, to compare the 
performance obtained by OLCI with those already evaluated and here improved through MODIS 
sensors. 
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Figure 1. Geographical location of the study area, including spatial distribution of in situ stations 
used in this study. 

2.1. In Situ Datasets 

Five stations are analyzed: Piacenza, Cremona, Borgoforte, Sermide and Pontelagoscuro. The 
daily water level and river discharge data are downloaded by the Dexter Service of the Regional 
Agency for the Forecasting, the Environment and the Energy of the Emilia Romagna Region (Arpae) 
[34]. Moreover, for each ground station, a 2005 topographic survey by the Interregional Agency of 
the Po River provided geometric data of the cross-sections. The topographical survey is used to 
derive the flow-related variables of surface width and flow area for the period January 2016–
December 2019. The mean flow velocity is calculated through the ratio between discharge and flow 
area. Table 1 shows the range of variability (maximum and minimum values) of the variables used 
in the analysis within the period of interest. 

Table 1. Characteristics of the gauged stations of the Po River in the period January 2016 –December 
2019: latitude (Lat), longitude (Lon), basin area (Ab), maximum and minimum of river water level 
(WL), river discharge (Q), river flow area (A), river width (W) and mean flow velocity (v). 

 Lat Lon 
Ab  

[km2] 
WL  
[m] 

Q 
[m3/s] 

A 
[m2] 

W 
[m] 

v 
[m/s] 

Piacenza 45.07 9.73 42′030 41.27–49.10 242–6850 1119–4467 153–855 0.22–1.79 
Cremona 45.13 9.99 50′726 26.71–37.50 377–6630 520–4080 237–707 0.55–1.94 

Borgoforte 45.05 10.76 62′450 11.63–21.17 457–5957 739–3602 231–421 0.59–1.72 
Sermide 45.02 11.29 68′724 5.52–13.72 397–6062 979–5008 458–531 0.41–1.21 

Pontelago
scuro 

44.89 11.61 70′091 1.45–9.89 406–5905 1181–3443 249–291 0.34–1.77 

2.2. Satellite Datasets 

Concerning satellite data, OLCI and MODIS datasets have been collected for the analysis. 
Specifically, OLCI observes the Earth in 21 spectral bands, ranging from the visible to the 
near-infrared (400 nm to 1020 nm). Almost daily OLCI Surface Reflectance OL_1_EFR products from 
Sentinel-3A and Sentinel-3B have been downloaded for the region of interest from the Copernicus 
Open Access Hub website [35]. The choice of processing Full-Resolution Earth Observation (EFR) 
products at Level-1 is due to the masking of river areas in the correspondent Level-2 products. The 
OLCI Level-1 data include 22 measurement and 7 annotation data files. Measurement files are 
written in netCDF4 format and contain the top of atmosphere (TOA) radiation and the error 
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estimates for each OLCI channel. OLCI EFR products have a spatial resolution of approximately 300 
m on ground. 

The following steps have been carried out for obtaining Level-2 OLCI reflectance values: 

(1) pre-processing, including: (i) conversion of reflectance from radiance to the top of the 
atmosphere based on sensor-specific information [36] and removal of the effects of differences 
in illumination geometry (different solar angle, Earth–Sun distance); (ii) first phase of 
pre-classification helps us to understand the performance results of each processor taking into 
account the type of pixel (clouds and snow / ice); 

(2) correction of TOA reflectance for gaseous absorption (nitrogen—NO2, ozone—O3, oxygen—O2 
and water—H2O) 

(3) second phase of pixel pre-classification (consolidated land/water). This allows for 
systematically generating maps and multi-temporal statistics of water constituents from 
Sentinel-3 to classify the territory. The classification could make use of various automatic or 
semi-automatic techniques, however, this being a fundamental step in the production chain, it 
was decided to create an ad hoc water mask for the study area. The mask filtering allowed the 
removal of pixels whose spectrum has been contaminated by land or terrestrial targets and that, 
undoubtedly, would have caused an erroneous estimate of the biogeophysics parameters. 

(4) smile correction, which is a necessary step together with the TOA reflectance correction because 
of the small-scale variations due to the wavelength of the central body which is not constant in 
some bands of the visual field. Smile correction can be defined as the second instrumental 
correction along with TOA to achieve maximum accuracy. Atmospheric correction acts on 
errors due to the atmosphere, while smile correction acts on errors in the spectral misalignment 
of the measured wavelength. Both corrections guarantee uniformity in the local variations of 
reflectance with the wavelength and allow a sure estimate of the reflectance derivative. The 
correction is made on the basis of a subset of bands, specific to the types of land surface and 
water. 

(5) system vicarious calibration and alternative atmospheric correction: these are the final 
pre-processing steps performing an indirect calibration with in -situ high-precision radiometry 
and improving the atmospheric correction on turbid and highly absorbent waters through a 
neural network. The Case 2 Regional Coast Color (C2RCC) processor is used, based on a neural 
network method with multi-sensor per pixel artificial, built on the AC Case 2 Regional and 
Coast Colour algorithms [37]. 

Once processed, the OLCI reflectance data coming from band 17 (855–875 nm) are referred to as 
the Level-2 product. 

MODIS observed the Earth in 36 spectral bands ranging from 405 nm to 14,385 nm at a 
resolution variable from 250 m to 1 km. Here, Level-2 version 6 Surface Reflectance daily product at 
250 m resolution from Terra (MOD09GQ) and Aqua (MYD09GQ), tile h18v04, have been collected 
from the United States Geological Survey (USGS) website [38]. These provide an estimate of the 
surface spectral reflectance in band 2 (841–876 nm) corrected for atmospheric effects such as gasses, 
aerosols, and Rayleigh scattering [39]. 

3. Methods 

The adopted method is based on the procedure developed by Tarpanelli et al. [13]. The general 
principle and the main steps are summarized below, along with the adaptation required by this 
specific analysis. The derived Level-3 product will be compared to the river flow-related variables as 
explained in detail in the following subsections. 

3.1.  Estimation of the Level-3 Reflectance Ratio 

The procedure for estimating the reflectance ratio from optical images, proxy of river 
flow-related variables, is based on the reflectance signal, which differs in the case of water or land. 
The surface reflectance of a dry pixel is higher than that of a wet pixel. When a pixel close to the river 
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changes its moisture content from dry to wet, its reflectance varies in a decreasing way. For the 
natural channels, this decreasing signal is related to an increasing of moisture into the river related 
to the increasing of discharge and, hence, all the other geometric variables connected to it (e.g., water 
level and surface width). Under this condition, even if it is observed that the reflectance signal is 
quite sensitive to the variation of river discharge [13,17] some adjustments need to be addressed. For 
example, analyzing only the pixel close to the river is risky because of the confounding effects of 
vegetation and atmosphere. Considering a reference pixel that is not affected by water variation, 
such as a pixel in an urban area or on bare soil, this reduces these effects. Therefore, by defining the 
reference pixel as a calibration pixel (C), in a dry zone, and the measurement pixel (M) close to the 
river, the reflectance ratio C/M is used for the retrieval of river discharge. The location of M is really 
important and should be calibrated in order to obtain plausible results. If the pixel M is fully wet (the 
pixel is located inside the water course) the reflectance will be almost constant, and less sensitive to 
the variation of the discharge than a pixel located partially in the river. It has been observed from 
previous studies [13,19] that the pixel M is highly sensitive to the variation of the water extent and 
hence the river discharge, especially if taken close to the bank, over sediment deposits that are not 
vegetated, or emerging during low flows. Indeed, because the riparian vegetation can affect the 
reflectance measurement, the pixel M should be located, if possible, over areas not fully vegetated. 
Even if the resolutions of MODIS or OLCI are similar to the surface width of the river, the pixel M 
should contain enough information to detect a variation of water extent imposed by a flood event. 
Put simply, the pixel become wetter due to the enlargement of the river and hence its reflectance 
decreases. Being the denominator in the ratio, this translates into an increase of the reflectance ratio 
C/M. 

As anticipated, some modifications shall be introduced to main processing described in 
Tarpanelli et al. [13] to improve the process and account for other aspects of the present analysis. A 
time series of length N of multi-spectral images is extracted from the NIR band products. From each 
image, a box of size J × K is extracted and centered on the site of interest (e.g., the ground gauging 
station). Afterwards, a threshold of 0.2 is applied on the reflectance to discard pixels affected by 
clouds. All boxes are then visually checked to ensure that clouds are no more affecting the imagery. 
By contrast with the original development of the approach in [13], in which a single pixel was 
calibrated, here we focus on multiple pixels with a low temporal coefficient of variation. In order to 
ensure a constant value of reflectance, we calculate C as the average of the reflectance values of 
pixels presenting a temporal coefficient of variation lower than the 5th percentile of the pixels 
contained in each box [16]. For the M pixel, a calibration of its location is done by considering only 
pixels within a buffer of 1 km on each side of the central river line. This arbitrary value is assumed to 
be plausible for the Po River, whose median width is around 280 m, and should be extended for 
rivers having a larger width. Each single pixel included in the 1 km buffer is selected to calculate the 
C/M time series. Successively, each time series is compared against the observed river discharge in 
the same time period in terms of correlation coefficient. The time series with the highest correlation 
coefficient with the observations is selected and, hence, the location of the corresponding M pixel is 
identified [13]. 

Li et al. [21], considering the Landsat imagery at 30 m, preferred to resample the original 
satellite scenes in tiles of 3 × 3 pixels. Indeed, by averaging the reflectance in multiple pixels, the 
values of the M pixel are expected to be more stable and less affected by the geometric misalignment 
of the images comprising the temporal series. In the case of high-resolution images, such as those 
from Landsat, the resampling is an added value to the analysis. Therefore, it is worth investigating if 
the averaging of multiple pixels provides better results than the original single-pixel approach also 
for medium-resolution satellites. For this reason, two more configurations (performing a 2 by 2 and 3 
by 3 pixels resampling of the original grid) are considered to investigate the effect of multiple-pixel 
ratio as described by Li et al. [21]. Accordingly, the size of the resampled box is j × k where j = J/2 and 
k = K/2 or j = J/3 and k = K/3. The original single configuration will, hereafter, be named “single-pixel” 
whereas the resampled configurations will be named “multiple-pixel”. 
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In all the configurations, the C/M time series are processed through a low-pass filter (moving 
window average) to obtain smoothed time series. The resulting Level-3 products are identified with 
the name of the optical sensor(s) originally used to derive the datasets: MOD for MODIS Terra; MYD 
for MODIS Aqua; OLCI A for OLCI Sentinel-3A; OLCI B for Sentinel-3B. The flow chart of the 
procedure to derive the C/M ratio from multi-spectral sensors is represented in Figure 2. 

 
Figure 2. Flow chart of the procedure to derive the ratio between the reflectance of a dry pixel and a 
wet pixel (C/M) from the near-infrared (NIR) images. 

3.2.  Reflectance Ratio as a Proxy of River Flow-Related Variables 

In previous studies, the reflectance ratio was correlated to river discharge and mean flow 
velocity [13,19,21–23]. Here, to infer possible new relationships between reflectance ratio and 
hydraulic variables characterizing the river, the C/M time series are compared to the time series of 
water level, flow area, surface width, river discharge and flow velocity registered at each gauged 
station (Figure 1). This sensitivity analysis is performed by calculating the Pearson correlation 
coefficient, R, between the C/M time series and each river flow-related time series. 

3.3.  Integration Procedure for the Multi-Mission C/M Time Series 

The integration of multi-mission time series widens the possibility to describe the flow 
dynamics in a more accurate and detailed way thanks to the increased sampling frequency coming 
from different satellite passes. The combination of MODIS and OLCI sensors, which have different 
revisit frequencies (16 days for MODIS and 27 days for OLCI) and different pass epochs (Terra 
overpasses the area at 10:05 UTC, Aqua at 13:05 UTC, Sentinel-3A and Sentinel-3B around at 9:30 
UTC), also increase the possibility of obtaining cloud-free images. No examples are provided in 
literature for integrating reflectance products in a multi-temporal scale. Tarpanelli et al. [40] merged 
five rainfall products, obtained through the application of the SM2RAIN algorithm to five soil 
moisture products, for the estimation of a multi-mission rainfall product in Italy and India. Here, we 
follow a similar approach and consider different configurations, for a total of seven combinations, 
based on the different inputs considered for the integration. In this manner, it is possible to identify 
the role of each satellite in the estimation of the C/M reflectance ratio. 

All the configurations consist in a linear combination of the satellite reflectance products 
derived from NIR observations [40]. The weights of the linear combination vary in time and space 
(for each site) and they are computed by maximizing the temporal correlation coefficient between 
the estimated multi-mission C/M reflectance ratio and ground-based observations (here selected as 
the more representative variable). The sum of the weighting factors shall be equal to one. 

The seven configurations are listed in Table 2, specifying the sensors combination and merging 
period. The first three configurations are calculated in the common period of the four products, from 
December 2018 to November 2019, whereas for the other configurations the period from January 
2016 to November 2019 is considered. The configurations are set up to identify the best integration 
approach (e.g., MODIS-only, OLCI-only or a combination of both). The evaluation of the 
performance is done through: (i) the correlation coefficient versus the river flow-related variable 
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well represented by the reflectance ratio; (ii) the sample frequency of the final multi-mission time 
series; and (iii) the evaluation of performance metrics in the evaluation of the flow-related river 
variable best correlated. Concerning the latter point, a regression curve is fitted between the 
multi-mission C/M time series and the most representative variable. The simulated variable is 
compared to the ground observed variable to estimate the performance indices described in the 
Session 3.4 and evaluate its accuracy. 

Table 2. Configurations for the multi-mission C/M time series and period of analysis. 

Configuration  
Number Combination Period of Analysis 

1 MOD, MYD, OLCI A, OLCI B Dec. 2018–Nov. 2019 
2 MOD, MYD Dec. 2018–Nov. 2019 
3 OLCI A, OLCI B Dec. 2018–Nov. 2019 
4 MOD, MYD, OLCI A Jan. 2016–Nov. 2019 
5 MOD, MYD Jan. 2016–Nov. 2019 
6 MOD, OLCI A Jan. 2016–Nov. 2019 
7 MYD, OLCI A Jan. 2016–Nov. 2019 

3.4.  Evaluation of the Results 

The evaluation of the performances of C/M reflectance ratio is carried out in terms of the 
Pearson coefficient of correlation, R. In order to evaluate whether the differences between the results 
are significative, the one-way analysis of variance (ANOVA) test is used [41]. ANOVA is a statistical 
test that determines whether the means between independent groups are equal. Considering a 
significance level α equal to 0. 05 as a threshold for rejecting the null hypothesis, if the probability 
p-value is less than or equal to the significant level, the differences between some of the means are 
statistically significant. If p-value is greater than the significance level the differences between the 
means are not statistically significant. 

Concerning the performance metrics used to evaluate the goodness of the simulated variable in 
representing the ground-observed variable, we selected the Nash–Sutcliffe efficiency, NSE [42], root 
mean square error, RMSE, and relative RMSE, rRMSE defined as: 

𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑦𝑦�𝑜𝑜𝑜𝑜𝑜𝑜

∙ 100  (1) 

where 𝑦𝑦�𝑜𝑜𝑜𝑜𝑜𝑜 is the mean value of the observed time series. It varies in the range from 0 (perfect 
estimate) to infinity (low performances). 

4. Results and Discussion 

As anticipated, two main analyses were carried out: the first analysis compared the 
single-mission performance of OLCI and MODIS sensors in monitoring the river flow, whereas the 
second analysis evaluated the multi-mission performances. In the description of the results, different 
aspects were taken into account: (1) the analysis of the reflectance of M and C pixels; (2) the use of 
single and multiple pixels; (3) the sensitivity analysis relating the C/M ratio to the different river 
flow-related variables (water level, river width, river discharge, mean flow velocity and mean flow 
area); (4) the possibility to combine several reflectance ratio time series into a single C/M time series 
to be used for monitoring the river flow at each site. 

4.1. Analysis of the Reflectance for M and for C Pixels 

The original formulation [13] of the single pixel approach to derive C has been modified to 
define a more stable C time series by considering multiple pixels [16]. Pixels with a coefficient of 
variation smaller than the 5th percentile are selected and their reflectance is spatially averaged in 
order to obtain a single time series identifying the reference reflectance for each box. For the 
Borgoforte site, the C time series for each satellite product is reported in Figure 3, along with the M 
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time series. The C time series is always higher than the M time series, confirming that the reflectance 
of a dry pixel is higher than that of a wet pixel. The differences between C and M time series are 
quite evident not only in terms of bias but also for their variability (see also Figure 4). The dynamic 
range of C is narrower than that of M and shows a seasonal trend. 

 
Figure 3. Results for the Borgoforte station: (left column) comparison between the time series of 
reflectance from area C (averaged value) and pixel M calibrated for each satellite sensor; (right 
column) comparison between the reflectance ratio C/M and the filtered C/M time series (MOD: 
MODIS Terra, MYD: MODIS Aqua, OLCI A: and OLCI Sentinel-3A, OLCI B: OLCI Sentinel-3B). 

For each site, Figure 4 shows the box plot of M and C pixel reflectance for different sensors. For 
each boxplot, with respect to the distribution of the five sites, the central mark indicates the median 
value, whereas the bottom and top edges of the box indicate the 25th and 75th percentiles, 
respectively. The whiskers extend to the most extreme data points not considering outliers 
(indicated with the “+” symbol). The circle reported above each box represents the mean value. 

Despite the calibration being carried out separately for each sensor, the location of M lies almost 
always in the same area, and often at the same pixel suggesting a consistency between the 
reflectance values measured by the sensors for most of the cases. Generally, the median of the 
reflectance values is quite similar but reflectance values measured by OLCI A in two cases (Piacenza 
and Borgoforte) are higher. By contrast, OLCI B sometimes shows a very different variation, to be 
attributed to the short-length time series analyzed. MOD and MYD are very similar both in dynamic 
and median values. 



Remote Sens. 2020, 12, 3867 10 of 18 

 

 
Figure 4. Boxplot of the reflectance values for the C and M pixels and for each sensor (MOD is for 
Moderate Resolution Imaging Spectroradiometer (MODIS) Terra, MYD is for MODIS Aqua, OLCI A 
is for Ocean and Land Colour Instrument (OLCI) Sentinel-3A, OLCI B is for OLCI Sentinel-3B) at 
each site. 

4.2. Reflectance Values for the Estimation of Different River Flow-Related Variables: Sensitivity Analysis 

A sensitivity analysis was carried out to investigate which river flow related variable was 
reproduced better by the C/M reflectance ratio. For this purpose, the comparisons between the C/M 
time series and the variables of flow area, A, river width, W, water level, WL, mean flow velocity, v 
and river discharge, Q, were evaluated in terms of R and reported in Figure 5. Based on the boxplots, 
all the optical sensors show a good potential for the estimation of river flow-related variables. The 
ANOVA test in Table 3 (left) shows p-values greater than 0.05. This means that differences in the 
correlations means are not significant and all the river flow-related variables can be considered as 
representative of the C/M reflectance ratio. However, speculating on the results, mean flow velocity 
achieves better performance (i.e., higher R values) consistent with other studies available in 
literature [13,18] and it is used in the next step of the multi-mission analysis. This result is probably 
due to the narrow range of variation of the mean flow velocity with respect to the other variables 
(see Table 1) that facilitates the linear relationship with the reflectance ratio values. 
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Figure 5. Boxplot of the Pearson correlations between the C/M reflectance ratio calculated for the 
different sensors (MOD is for MODIS Terra, MYD is for MODIS Aqua, OLCI A is for OLCI 
Sentinel-3A, OLCI B is for OLCI Sentinel-3B) and the river flow-related variables of the river cross 
sections. The boxplot is related to the results obtained from the five sites. 

Concerning the sensors, the ANOVA test in Table 3 (right) shows the variability of the sensors 
to the river flow-related variables. Generally, p-values are lower than 0.05 except for surface width 
that shows a global p-value of 0.0531. However, considering this variable, the comparison between 
MOD and OLCI B assumes a p-value equal to 0.0431. MODIS often outperforms OLCI. Specifically, 
the median and mean values for MOD are globally higher. OLCI B shows lower performance 
probably due to its temporal availability that covers only one year. These results are due to different 
aspects. First, MODIS and OLCI have similar spatial resolution but not identical. The pixel size in the 
OLCI image is around 300 m, and undoubtedly contains more water/soil of the pixel in the MODIS 
image that is smaller (around 250 m). Therefore, the reflectances measured by the two sensors in the 
same pixel are different (compare Figure 2). Second, the MODIS grid is not coincident with the OLCI 
grid and a shift of a few tens of meters can provide different values of reflectance and hence, of the 
C/M reflectance ratio. Third, each satellite mounting the sensors overpasses the river in different 
pass epochs. Considering MODIS Terra and MODIS Aqua that are available in the same period, the 
two sensors overpass the same area in the morning and in the afternoon, respectively. Generally, the 
Padana Plain is affected by a strong and dense fog during the morning that disappears during the 
afternoon. Despite the region and the sensors being the same, the observations vary during the day 
because of the different atmospheric conditions. Four, each sensor is evaluated independently of the 
others. The time of passage and the cloud coverage have an influence on the temporal series of C/M 
reflectance ratio. Because the dynamic of the river is quite fast, the four sensors observe four 
different instances of the river and some missing observations are due to the clouds or simply to the 
revisit time of the satellite and can determine different temporal series and consequently different 
performances. 

The results are very close to those obtained in the study of Tarpanelli et al. [13], even if slightly 
improved. Indeed, they analyzed the period 2005–2012 for four stations (all included in the present 
analysis except Sermide) with Aqua satellite and obtained coefficients of correlation ranging from 
0.67 and 0.77 (0.65 and 0.75) against the mean flow velocity (river discharge). For the same stations, 
in the present study the correlation coefficients range between 0.72 and 0.77 (0.68 and 0.78) against 
the flow velocity (river discharge). 

Table 3. Analysis of variance (ANOVA) test results referred to the analysis in Figure 5, to evaluate 
the differences in the means between the correlation coefficients. 

 Sensors River Flow-Related Variables 
 MOD MYD OLCI A OLCI B WL Q A W V 

F 1.87 0.96 0.28 1.31 5.47 4.31 4.46 3.17 7.35 
p-value 0.1556 0.4502 0.8881 0.3015 0.0088 0.0208 0.0185 0.0531 0.0026 
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4.3. Comparison between Single- and Multiple-Pixel Configurations 

The performances obtained in the above analysis are referring to the single-pixel configuration. 
Following the analysis of Li et al. [21] further configurations are considered to test the possibility to 
increase the performances. Considering the results in Figure 6, an increased performance is not 
achieved using medium-resolution satellite images over the Po River. Each plot in the figure 
represents the median values of the correlation coefficients of the distributions obtained for the five 
sites, grouping for river flow-related variables and configurations. The single-pixel configuration 
has the highest values compared with the other two configurations with the only exception of flow 
velocity with OLCI B. The ANOVA test suggests that the differences between single-pixel 
configuration and multiple-pixel configuration with 2 × 2 pixels for MOD (p-value = 0.29), OLCI A 
(p-value = 0.14) and OLCI B (p-value = 0.88) are not significant. In the case of MYD, the ANOVA test 
shows that configurations multiple-pixels, 2 × 2 and 3 × 3, are very similar (p-value = 0.51) even if 
they deviate from the configuration at single-pixel which exhibits the best performance. 

 
Figure 6. Median correlation coefficient calculated between the reflectance ratio extracted from 
different satellite sensors (MOD is for MODIS Terra, MYD is for MODIS Aqua, OLCI A is for OLCI 
Sentinel-3A, OLCI B is for OLCI Sentinel-3B) and the river flow-related variable (WL is for water 
level, Q is for river discharge, A is for flow area, W is for river surface width and v is for mean flow 
velocity). 

4.4. Multi-Mission Time Series 

Based on the previous analyses, the mean flow velocity was the variable that correlated better to 
the C/M ratio for both OLCI and MODIS sensors. For this reason, the multi-mission time series 
resulting from the next investigations were compared with the ground observations of the mean 
flow velocity. In particular, different configurations were analyzed for the resulting time series and 
two investigations (A and B) were undertaken. The investigation “A” consisted in calibrating the 
weights of the individual products using coexisting data, that is, belonging to observations that took 
place on the same day. The investigation “B” consisted in using these weights even if some of the 
products were missing. In this latter case, as for each day the sum of the weights must be equal to 1, 
each individual weight was re-scaled with the sum of the weights of the day. 

The results of the two investigations are shown in Figure 7. Bar plots report the percentage of 
data of the multi-mission time series on the y-axis, the adopted configuration on the x-axis and the 
Pearson correlation coefficient, indicated on the top of the bar. The upper panels show the results for 
the investigation “A”. For configuration 1, due to the different overpass and variability of clouds, the 
coexistence among the four products is very rare. The percentage of data, calculated as the number 
of days in which all products are coexisting divided by the total number of days in the period, is 
about 9% on average indicating a frequency of about 1 product every 10 days. Configurations 2 and 
5 consider only the two MODIS products and show the higher percentage of data (around to 40%, 1 
product every 2.8 days). When only OLCI products are included (configuration 3) the percentage is 
about 13% (1 product every 6.8 days) demonstrating that the orbit/constellation design heavily 
affects the monitoring frequency. Indeed, the presence of OLCI A in the configuration 4, 6 and 7 
decreases the percentage of data in the time series by 20%, 25% and 23% on average (1 product every 
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4.7, 3.7 and 4 days, respectively). Generally, in terms of R, good performances are found for 
configuration 4, whereas lower performances are found for configurations 1 and 3. 

The bottom panel of Figure 7 shows the results of the investigation “B”. It is quite evident that 
the increased number of data, with the highest percentages reached in the period of the 
configurations 1 (66% of data, on average, obtaining 1 data every 1.53 days) and 4 (60% of data, on 
average, obtaining 1 data every 1.66 days) and percentages above 50% for the other configurations. 
In terms of R, the combination of MODIS products (configuration 5) provides the highest correlation 
with 1 datum every 1.77 days. 

 
Figure 7. Percentage of data in the periods of analysis (December 2018–November 2019 for 
configurations 1–3; January 2016–November 2019 for configurations 4–7). The Pearson correlation 
coefficient, R, between the merged time series and the ground flow velocity time series is indicated at 
the top of each bar. Upper plots (a–e) show the results for investigation “A” (all products coexisting 
in the same days). Lower plots (f–l) show the results for investigation “B” (existence of the least one 
product and weights redistributed among the datasets). 

In conclusion, the best trade-off is reached by the configuration 4 and 5, with high correlation 
and almost daily frequency (the median of the frequency is 1 day for both the configurations). For 
example, the scatter plot in Figure 8 shows the multi-mission C/M time series against the mean flow 
velocity at each site for configuration 4. The multi-mission time series is in very good agreement 
with the observations of flow velocity as demonstrated by the limited spread of the circles. This is an 
encouraging result for the rivers characterized by fast dynamics and for which the revisit time of a 
single satellite is not sufficient to describe the flow variations. In this respect, the multi-mission 
approach guarantees almost daily observations and contributes to reinforcing the hydro-monitoring 
network of remote areas or areas where the number of gauged stations is small. 
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Figure 8. Scatter plot of the C/M merged time series (obtained by configuration 4) against the mean 
flow velocity for the five sites analyzed. In the subplots, the frequency of the temporal series is 
reported. 

In order to understand how this similarity can be translated into the estimation of the mean 
flow velocity, Table 4 displays the performance indices in terms of R, RMSE, rRMSE and NSE of the 
simulated v for the two configurations (4 and 5) and for the two investigations. The results show 
RMSE in the range 0.10–0.12 m/s on average, and this underlines the added value of the 
multi-mission time series with respect to the single sensor. Indeed, if compared to the results of 
Tarpanelli et al. [13] with only MODIS Aqua, in which the RMSE lies between 0.11 and 0.17, the 
present analysis provides improved outcomes. Similar values are obtained for the NSE: in [13], the 
range was between 0.45 and 0.59 which is similar to the results obtained in the present analysis. The 
advantage here is the increased observation frequency. In terms of relative errors, stations with 
higher rRMSE are Piacenza and Pontelagoscuro, with values greater than 22.9% and 18.3%. For the 
other stations, the relative error is between 10.4 % and the 13.9%. These performances calculated 
between multi-mission time series C/M and the mean flow velocity represent the first step towards a 
robust river monitoring system based not only on the multispectral sensors, but also on the 
altimetry. If on one hand the system is supported by frequent observations guaranteed by the 
multispectral sensors, on the other hand it benefits from the major accuracy dictated by altimetry 
missions [18,26]. 

Table 4. Performances in terms of coefficient of correlation, R, root mean square error, RMSE, 
Relative RMSE, rRMSE and Nash–Sutcliffe efficiency, NSE, of the multi-mission time series 
(configuration 4 and configuration 5) against the in situ observations of mean flow velocity (v). In 
bracket close to the R, the number of sample, ns. 

 R (ns) 
[-] 

RMSE  
[m/s] 

rRMSE  
[%] 

NSE 
[-] 

R (ns) 
[-] 

RMSE  
[m/s] 

rRMSE  
[%] 

NSE 
[-] 

 Investigation A Investigation B 
 Configuration 4 

Piacenza 0.81 (290) 0.11 22.92 0.66 0.73 (833) 0.14 28.82 0.54 
Cremona 0.78 (203) 0.09 10.40 0.62 0.66 (844) 0.11 12.82 0.46 

Borgoforte 0.80 (331) 0.09 11.76 0.64 0.74 (873) 0.11 13.23 0.55 
Sermide 0.68 (289) 0.07 12.12 0.46 0.65 (844) 0.08 13.94 0.42 

Pontelagoscuro 0.78 (298) 0.11 18.33 0.60 0.69 (849) 0.14 22.06 0.48 
 Configuration 5 

Piacenza 0.76 (561) 0.14 27.53 0.58 0.74 (833) 0.14 28.30 0.56 
Cremona 0.80 (373) 0.09 10.79 0.64 0.77 (758) 0.10 11.24 0.59 

Borgoforte 0.78 (568) 0.10 11.99 0.61 0.74 (834) 0.11 13.22 0.55 
Sermide 0.68 (511) 0.07 12.33 0.47 0.68 (789) 0.08 13.43 0.46 

Pontelagoscuro 0.77 (518) 0.12 18.71 0.59 0.71 (774) 0.14 21.38 0.50 
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5. Conclusions 

Although no satellite mission so far has been designed with the primary objective of monitoring 
rivers, several studies have shown that good estimates of river discharge can be obtained separately 
from altimetry or multi-spectral satellite sensor observations and improved when these data are 
integrated [9,17–19]. Space agencies are now working toward the launch of specific satellite 
missions, such as the Surface Water and Ocean Topography (SWOT) [43], the Sentinel-6 Michael 
Freilich [44] and the Copernicus Polar Ice and Snow Topography Altimeter (CRISTAL) missions 
[45], and supporting scientific projects for demonstrating the potential of the current orbiting 
satellites in the evaluation of hydrological quantities [26,46,47]. 

In this respect, RIDESAT Project [26] proposes to implement algorithms that link altimeter and 
optical sensor retrievals to river flow-related variables. The primary objective of the project is to use 
the sensors onboard the same satellite to investigate the benefit of co-location of the two sensors. 
Sentinel-3 is the current satellite with radar altimeter SRAL and a multispectral sensor OLCI on 
board. As first step, here we analyzed the potential of OLCI sensors onboard Sentinel-3A and B to 
monitor river flow. We used the NIR band of the multi-spectral sensors to derive a reflectance ratio 
between a dry pixel and a wet pixel, i.e., the C/M ratio, suitably calibrated to best describe the river 
flow characteristics of the site of interest. The temporal series of C/M extracted from four years of 
continuous images acquired from the OLCI Sentinel-3A sensor are compared with those of the 
MODIS sensor. Generally, the C/M time series derived by different satellites are consistent with each 
other and small discrepancies are found for the OLCI Sentinel-3B sensor probably due to its reduced 
data availability (about one year, the satellite was launched on 25 April 2018). 

The single-pixel configuration mostly outperforms the multiple-pixel configuration for all 
variables and sites. This conclusion cannot be taken as definitive as further tests are necessary to 
understand the limits of applicability for both the spatial resolution of the sensors and the surface 
width of the selected river. In this case, the Po River has a width of around 280 m that matches the 
single-pixel resolution of a MODIS image well. The 2 × 2 and 3 × 3 pixel re-sampling proved to be 
detrimental for the analysis. 

The following answers can be given to the three scientific questions posed in the introduction: 

(1) OLCI is able to detect the dynamics of the river, showing good correlations with all the river 
flow-related variables. The performances are consistent with those of other satellite sensors 
tested in the past, and specifically, with MODIS. 

(2) For all the sites analyzed, the reflectance ratio C/M is compared with five river flow-related 
variables: water level, river discharge, flow area, surface width and mean flow velocity. No 
sensitive differences are found among the river flow-related variables, but all are correlated 
well with the C/M ratio. However, river flow velocity shows the highest coefficient of 
correlation. 

(3) The integration of the time series from multiple sensors provides a multi-mission time series 
that is in frequency well adapted to follow the temporal variation of the river including low- 
and high-flow periods. From the different configurations analyzed in a one-year period, the 
combination with only OLCI sensors is found to perform less well than the configuration with 
MODIS sensors. The linear combination of all sensors (configuration 1), provides good results 
with a very high frequency (about 1.5 days), even if the best trade-off is represented by the 
combination of MODIS sensors (configuration 5, with R from 0.68 to 0.77) and MODIS and 
OLCI Sentinel-3A (configuration 4, with R from 0.65 a 0.74), both with a daily temporal 
resolution. The accuracy in describing the mean flow velocity is demonstrated by the 
performance indices calculated: on average the RMSE is lower than 0.14 m/s, the relative 
rRMSE is between the 10% and the 29%, whereas the NS is higher than 0.42. 

In the near future, the procedure will be implemented in other areas to investigate its 
applicability in different climate and flow regimes. In particular, different aspects should be 
addressed: the role of the suspended sediment matter and the riparian vegetation in the surface 
reflectance and the benefit of using the high resolution imagery. Water turbidity, due to suspended 
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sediment at the water pixel, affects the measurement of surface reflectance and if not considered 
correctly can greatly deteriorate the final estimate of the river discharge. The analysis of vegetation 
can help to evaluate the effective contribution of the water in the mixed pixel and address the choice 
of the pixel that better represents the river discharge of the river. Indeed, the variation of reflectance 
observed by the water pixel is affected by the riparian vegetation included in the interface between 
land and river. Therefore, specific investigations should be carried out to remove the contribution of 
the vegetation by incorporating specific satellite products (i.e., Normalized Difference Vegetation 
Index (NDVI) and leaf area index) derived by optical images. Finally, the understanding of the 
impact of these two variables and their inclusion in the approach can benefit from a detailed analysis 
through the high-resolution imagery (i.e., Sentinel-2) that allows us to monitor the fine spatial 
structure of water variables in inland water allowing us to distinguish the percentage of sediment 
into clear water and to identify the vegetation role over heterogeneous mix, especially in narrow 
width rivers. 

A global analysis performed on a large dataset of sites with different geomorphological 
characteristics would help us to understand the limits and advantaged of the procedure and to 
define specific laws between the C/M ratio and river flow-related variables for a possible application 
to ungauged river sites. 
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