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MAPPING RIVERBED SEDIMENT SIZE FROM SENTINEL 2 SATELLITE DATA

Abstract

A comprehensive understanding of river dynamics requires the grain size distribution of
bed sediments and its variation across different temporal and spatial scales. Several
techniques are already available for grain size assessment based on field and remotely
sensed data. However, the existing methods are only applicable on small spatial scales
and on short time scales. Thus, the operational measurement of grain size distribution of
river bed sediments at the catchment scale remains an open problem. A solution could be
the use of satellite images as the main imaging platform. However, this would entail
retrieving information at sub-pixel scales.

In this study, we propose a new approach to retrieve sub-pixel scale grain size class
information from Copernicus Sentinel-2 imagery building upon a new image-based grain
size mapping procedure. Three lItalian gravel-bed rivers featuring different morphologies
were selected for Unmanned Aerial Vehicle (UAV) acquisitions, field surveys and lab
analysis meant to serve as ground truth grain size data, ranging from medium sand to
coarse gravel. Grain size maps on the river bars were generated in each study site by
exploiting image texture measurements, upscaled and co-registered with Sentinel-2 data
resolution.

Relationships between the grain sizes measured and the reflectance values in Sentinel-2
imagery were analyzed by using a machine learning framework. Results show statistically
significant predictive models (MAE of +8.34 mm and R?=0.92). The trained model was
applied on 300 km of the Po River in ltaly and allowed us to identify the gravel-sand
transition occurring along this river length.

Therefore, the approach presented here - based on freely available satellite data
calibrated by low-cost drone-derived imagery - represents a promising step towards an
automated surface mean grain size mapping over long river length, easily repeated

through time for monitoring purposes.

Keywords: Grain size mapping, Fluvial Remote Sensing, Sentinel-2, UAV, machine

learning.
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1. INTRODUCTION

A key variable to understand fluvial processes and to monitor river behavior is bed grain
size distribution and its pattern of change along rivers over time. In fact, bed sediment size
affects flow resistance, regulates channel morphodynamics, and influences fluvial
ecosystems functioning. Linkages among bed sediment size, river morphology and
ecological dynamics (Ferguson et al., 1996; Pitlick et al., 2008; Pizzuto, 1995; Rice, 1999;
Rice and Church, 2001) call for grain size assessment carried out at large spatial scales,
i.e., over most of the channel network (Dugdale et al., 2010). In fact, river systems and
their biota respond and behave at large temporal and spatial scales (Fausch et al., 2002).
However, the bulk of our scientific measurement and monitoring work occur at much
smaller spatial scales which are usually further constrained by short temporal scales.
These considerations are valid also for particle size measurement. Beside field-based
surveys, remote sensing approaches to grain size mapping have been an active focus of
research for over a decade allowing for the development of more objective and rapid
methods (e.g. Black et al., 2014; Buscombe et al., 2010; Buscombe and Masselink, 2009;
Carbonneau et al., 2018, 2004a, 2004b, 2005; Detert and Weitbrecht, 2012; Dugdale et
al., 2010; Graham et al., 2005, 2010; Rubin, 2004; Verdu et al., 2005; Woodget et al.,
2018).

Remote sensing approaches measure surface roughness, used as a surrogate for particle
size estimation (Cavalli et al., 2008, Smith, 2014, Chappell and Heritage, 2007). This is
due to different particles dimension, shape, spatial arrangement that generate a range of
surface roughness, distinguishable from remote. Roughness detection and measurement
depend on the specific wavelength used, i.e., a rough surface can appear smoother if
shorter wavalengths are deployed.

The spectral properties of granular materials have been investigated mostly by soil
scientists and civil engineers. Therefore, a direct application of their findings to fluvial
sediments can require caution for the possible effect of particle transport and deposition.
However, such studies relative to the spectral response of different soil types — which are
summarized below — offer important insights on the factors which may potentially influence
grain size estimation from satellite images.

An important finding is that the single scattering albedo of the smaller particles is greater
than for bigger particles (Nash and Conel 1974, Pilorget et al., 2015, 2016). This has been
demonstrated through laboratory experiments by Pilorget et al. (2013, 2015, 2016), who

suggest that in the near-infrared region, even a small variation in the size of a mixture of
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particles with a given composition and scattering properties tends to control the overall
photometric behavior. In Pilorget et al. (2016) the macroscopic roughness parameter, as
defined by Hapke (1984), has been shown evolving with the wavelength and being to first
order correlated with the absorptivity of the particles, thus mostly corresponding to a
measurement of the particles shadowing. Additional support for this observation can be
found in Carson et al. (2015), who finds from a physically robust modelling study that fine
granular soils composed of quartzite and magnetite have a Bidirectional Reflectance
Distribution Function (BRDF) intensity which is inversely proportional to wavelengths and
therefore results in a systematically higher reflectance at longer infrared wavelengths for
all view angles. Furthermore, Robinson and Friedman (2005) observed that the dielectric
constant of materials composed of spherical particles can be affected by the geometry of
the sphere packing arrangements. This finding is important because the reflectance
intensity of an electromagnetic wave is proportional to the dielectric constant of the
reflecting material (Marion and Heald, 1980), and thus, for longer wavelengths, the particle
size of granular soils may affect the intensity of reflected radiation.

Remote sensing approaches for grain size mapping have been widely applied with high
resolution imagery (mm-cm/pixels) where there is an implicit assumption that surface
properties of sediment will affect image properties even if only using standard RGB
imagery. Applications of this approach has led to a range of airborne and terrestrial remote
sensing methods, each with well-documented errors, able to collect high resolution (mm to
sub-mm) imagery suitable for the measurement of surficial particle size distribution (e.g.
Detert and Weitbrecht, 2012; Graham et al., 2005; Rubin, 2004), and/or to generate mm-
resolution topographic surveys by terrestrial laser scanning technology (Brasington et al.,
2012; Heritage and Milan, 2009, Hodge et al., 2009) and/or SfM-photogrammetry point
clouds useful to directly extract surficial grain sizes (Vazquez-Tarrio et al., 2017; Woodget
et al., 2018).

A common approach used to derive particles size requires a measure of the surface
texture derivable from the images collected by remote sensing techniques. Roughness
can indeed be considered as a synonym of
texture (e.g., Trevisani and Cavalli 2015, Cavalli et al., 2008; Grohmann et al., 2011).
Within this approach, empirical correlation between some statistical properties of an image
patch, such as co-occurrence textures or semivariance, and a measure of grain size such
as median (Dso) or Dss values (e.g. Buscombe and Masselink, 2009; Carbonneau et al.,
2004b, Chappell and Heritage., 2007) has to be established.
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4

Unmanned Aerial Vehicles (UAVs, also referred to as drones) has been one of the most
used and promising technology for several river surveys practices in the last decades.
However, although the current UAV technical properties would permit low-cost
measurement of several river attributes over kilometric scales, this technology cannot
extend river surveys up to large catchment, regional or continental scales, and acquisitions
at high temporal frequencies are difficult.

In contrast, little investigation has focused so far on the sub-pixel (102 to 10° m/pixel)
imagery for grain size mapping. Black et al. (2014) attempted to use hyperspectral data
from aircraft technology (image resolution of 3 cm/pixel). Their results suggest that sandy
patches reflect more brightly than larger particles in the red and infrared region. Satellite
data, despite their low spatial resolution (m/pixel), have been used in sub-pixel methods to
study landscape units with characteristic dimensions below 100 m or even below 10 m
(Busetto et al., 2008; Verhoeye and De Wulf, 2002). A recent study by Purinton and
Bookhagen (2020) showed that radar amplitude collected by several satellites, with
different wavelength and resolution, have the potential to identify sediment size in mixed
sand- and gravel-bed rivers.

In this work, we aim to investigate the potential of retrieving sub-pixel scale grain size
information from Copernicus Sentinel-2 imagery. The approach combines low-cost UAV
imagery to calibrate robust linear correlations between grain sizes of dry exposed river
bars and reflectance values from Sentinel-2 imagery. We hypothesize that: (i) there is an
inverse correlation between grain size and Sentinel-2 reflectance data; (ii) such a
correlation, calibrated by UAV imagery and field data, permits to infer mean grain size of
exposed sediment bars by means of Sentinel-2 reflectance data; (iii) the gravel-sand

transition in the Po River (Italy) can be detected by Sentinel-2 reflectance data.
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2. METHODS

2.1 Study areas

Six study sites, correspondent to exposed sediment bars, were selected along three lItalian
gravel-bed rivers: Po, Sesia and Bonamico (Figure 1). The choice of these sites was
driven by the need of having a heterogeneous dataset in terms of grain size and lithology
and large (>100 m?, to account for the Sentinel-2 pixel size 10mx10m), homogeneous and
unvegetated sediment bars. The prerequisites of a wide range of climatic and lithologic
conditions, met in the geographic variety of reaches selected, was intentional: having
various lithologies and environmental conditions allow to highlight and focus on the
correlation between roughness and Ds,. Four study sites lie in Northern lItaly: three on the
Po River and one on the Sesia River. The Po River is the largest Italian river, both in terms
of length (652 km) and drainage basin area (about 74,000 km?). The wide alluvial plain of
Po River is almost unique for its large variety of lithological and structural features. It is
developed within a highly variable geomorphological framework, correspondent to a
complex geologic and tectonic context. Throughout its length the Po River receives
contributes from both Alpine and Appennine tributaries, that carry sediments of different
lithological origin. The geological units range from deep lithospheric mantle rocks to
oceanic basalts and relevant sedimentary covers, from the plutonic and volcanic
continental rocks to the overlying carbonate and siliciclastic sedimentary covers, as well as
to many kinds of metamorphic rocks (source: official webgis ARPA Piemonte). Within the
channel these sediments are all recognized under the category of fluvial deposits. The Po
valley is one of the most populated and productive areas of Italy, so that human activities
have deeply modified the Po River behavior over the centuries (Gumiero et al., 2009,
Marchetti 2002, Surian and Rinaldi 2003). Along its length, the Po River displays a wide
spectrum of channel patterns as consequence of both natural and anthropic factors,
including single-thread sinuous and meandering, transitional and multi-thread braiding
patterns. River bars are mostly dominated by gravel down to the confluence with the Ticino
River. Downstream of this section, the Po channel becomes narrower with a sinuous to
meandering pattern, and displays alternate and point bars mainly composed of sand. The
three study sites along the Po River are located upstream (site P1, Fig. 1) and
downstream of the Ticino confluence (sites P2 and P3, Fig. 1).

The Sesia River (basin area of around 2920 km?) is an important Alpine tributary of the Po

River, which feeds the latter with high volumes of bedload, ranging in size from coarse
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gravels to cobbles. Morphologically, once the Sesia leaves the confined reaches within the
Alps, it features island-braiding channel pattern, which downstream evolves into a single
thread meandering channel. As regards lithology, the river starts in a confined channel in
the Alps characterized by metamorphic units (Gneiss, Schist, Acid igneous rock, Marble,
Orthogneiss, Granulite, Paragneiss). Moving downstream to the valley sedimentary rocks
(conglomerate, terraced alluvial and debris flow deposits) are predominant (source: official
webgis ARPA Piemonte ). The study site on the Sesia River is located in the Piedmont
part, along the island-braiding reach (site S1, Fig.1), characterized by a gravel bed, close
to the town of Arborio.

Finally, the last two study sites (B1 and B2 in Fig.1) were selected in the Calabria Region
(Southern ltaly) along the Bonamico River, a short length watercourse (18 km) draining a
small-sized catchment (about 136 km?) starting from the Aspromonte Massif and flowing in
a very steep valley. This typical watercourse, called ‘fiumara’, features a large supply of
coarse sediments (gravel and cobbles) and an active braiding pattern. The lithology of the
area is predominantly composed by metamorphic Variscan complex terrains (Carbonifero-
Permiano) and fragmentary sedimentary cover (from Mesozoic to Pleistocene) composed
of: conglomerates in arenitic matrix, of metamorphic or granitic nature, late-orogenic flysch
deposits (Oligocene superior — Miocene inferior) and antisicilidi clays which close the
sequence of the nappe-pile tectonic stack (The youngest sedimentary deposits are the

Lower Pleistocene marine terraces) (source: geological map of Italy, ISPRA 2011).

Figure 2 reports the methodological workflow embraced by this study and includes a i)
ground-truthing step of grain size analysis on the study sites; ii) a satellite-based analysis
on the same study sites, and iii) an application of the grain size prediction model derived
from steps i) and ii) to sediment bars selected along 300 km of channel length in the Po
River from the city of Torino (Piedmont Region) to the town of Casalmaggiore (Lombardy
Region). These steps are illustrated in detail in the following sections. The overall

framework was conducted in QGIS and Python.

2.2 Ground truthing data acquisition and analysis
Ground-truthing data for sediment size distribution on river bars were collected at different

times and with different techniques, exploiting both high resolution drone imagery and field
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sampling with subsequent lab sieving. Two different procedures were then applied to grain
size data measurement to obtain a grain size map on the entire sediment bars, used as

training data for machine learning models.

Drone flights were conducted on the 20" and 21% September 2018 in the Po and Sesia
rivers respectively (sites P1 and S1; Fig. 1), and in the 23™ and 24™ October 2018 in the
Bonamico River (sites B1 and B2; Fig. 1). Dates of flight were characterized by sunny and
dry conditions. Surveys were conducted by a DJI Phantom 4 Pro drone for images
acquisition and by a Trimble R10 RTK-GPS for ground target data collection at cm-
accuracy (the number of ground control points per site are 18 for P1, 13 for S1, 11 for B1,
13 for B2). The UAV images were acquired at 80% forward overlap and 50% sidelap, at
different altitudes: one flight at around 50 m above ground level to collect RGB imagery of
the whole site, whereas other flights were conducted at 20 m and further near ground at 5-
7 m. Low altitude images were collected to cover the whole grain size range found on river
bars and later used to extract the ground truth grain size data). Flight patterns for the
acquisition of photosieving imagery were based on Carbonneau et al (2018). This method
also delivers optimal results for terrain mapping by using established flight patterns that

involve oblique imagery and acquisition at multiple altitudes.

Agisoft Metashape software Professional Edition, version 1.6, was used to process all
UAV images (50, 20 and 5-7 m altitude) and to produce orthophotos with a spatial
resolution of 2 cm. In the orthophoto process generation the blending mode and hole fitting
mode were unchecked to minimize blurring and/or distortion effects. The near ground
images at 5-7 m above surface were used to detect particles down to a size of about 3
mm, over an area of around 100 m? per image. From each image, an automated
photosieving process, using PebbleCounts software (Purinton and Bookhagen, 2019), was
used to determine surface grain sizes and sand percentage. The photosieving technique is
a well-established methodology used to measure superficial grain size distribution from
high resolution images. This technique finds some limitations when there are blurred
patches and/or distortions within the image so that a carefully choice of suitable images
was made. Another limitation of this technique is linked to the presence of irregular shape,
not well recognized by the software, that reduce the performance of the technique. In our
case, most of the grains in all sites were characterized by rounded shape, typical of fluvial
deposits. For these considerations, we can assume that results obtained by the

photosieving technique is comparable with those reported in literature. Carbonneau et al
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(2018) and Dugdale et al (2010) have summarized our current knowledge on the errors
associated to photosieving methodologies. The consensus view is that these are

constrained in the area of 0.05y to 0.33y.

Diameter percentiles considered were the Ds, and Dss. The large particle-size fractions are
indeed those that influence most the surface roughness and can be exploited for the
purpose of this study. The presence of fine particles in the interstitial area between gravels
affects image texture thus it needs to be accounted for. To include the sand percentage
data (% sand), the final D50 percentile value was calculated as Dy, %(1—%sand). The
same procedure was followed for the D84 percentile. A total of 48 particle percentiles

values (for D50 and D84) were measured in all sites.

To enlarge the dataset, a texture-based grain size mapping approach was used to derive
grain size measurement from the UAV orthoimage texture. The idea behind is to use cm-
scale resolution UAV orthophotos to generate grain size maps of the entire sediment bars
under study. Texture-based grain size mapping approaches are well established in
literature (Woodget et al 2018, Carbonneau and Lane 2005) showing strong linear
relationship between surface grain size and the texture properties of remotely sensed
data. The next steps of the analysis were conducted in Python with emphasis on the scikit-
learn and scikit-image libraries (Pedregosa et al., 2011; Walt et al., 2014) which offer high-
level routines for machine learning and image processing, including texture calculation. A
range of 33, 51 and 101 kernel window sizes were used, based on previous experience
(Carbonneau 2005, Black et al., 2014) to calibrate the surface grain size determination
models. The window for the Gray Level Co-occurrence Matrix (GLCM) calculation, needed
for dissimilarity algorithm application, was centered at the XY location of the ground truth
data collected by the photosieving technique. A linear model was used to fit the
dissimilarity extracted values and the Ds, diameter with a 5-fold cross validation, later used
to generate the grain size map of each sediment bar. As noted by Woodget et al. (2018),
often the SfM orthorectification process limits the strength of the results obtained with
texture-grain size approach. To avoid the inclusion of blurred patches and limit the
disturbance linked to different light conditions between different lines of flight, the texture-
grain size approach was limited to tiles of 8x8 m cut on the orthophoto centered on the XY
cameras positions. After a manual selection of tiles not contaminated by water and
vegetation, dissimilarity values were extracted for each tile, with a moving window of

101x101 pixels (in orthophotos with a pixel size of 2 cm). The texture-grain size model
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previously calibrated was thus used in prediction and the median diameter value
calculated in each 8x8 m tile was taken as reference grain size percentile for the
correspondent XY sampling location. Moving to QGIS, the dataset was interpolated
exploiting the GRASS v.bspline command, to generate a grain size map for each site with
the same resolution (10 m/pixel) and coordinate system of Sentinel 2 data. Resulting grain
size maps were readily comparable with reflectance values of Sentinel 2 images since

they overlap perfectly with the corresponding Sentinel 2 pixels.

In addition to UAV-based ground-truthing on gravel bars, in April 2021 field samplings in
the Po River were carried out to enlarge the dataset to the sand-dominated bars (sites P2
and P3, Fig. 1). For such sediment size, the application of the photosieving technique is
not feasible, and laboratory analysis were necessary on sediment samples. Two sand bars
downstream the confluence with the Ticino River (sites P2 and P3; Fig. 1) were sampled,
characterized by homogeneous grain size distribution through the entire bar. A total weight
of 2.4 kg for site P2 and 3.6 kg for site P3 were sieved to measure particles dimensions.
Sampling sediments, carried out in the first 10 cm of the soil bars, did not show
stratification in the upper layer. A grain size map at 10 m resolution was generated for
each bar by assigning the median diameter derived from the two field samples, by

assuming a uniform superficial grain size distribution, as assessed in the field.

2.3 Sentinel 2 data extraction

Sentinel 2 multispectral data were downloaded from the Copernicus services data hub
(https://scihub.copernicus.eu/) for each selected site. Acquisition time was selected as the
closest to the field work date, avoiding cloudy days with no visibility. Additional checks
were also performed to ensure no rainfall occurred in the 3 days prior to Sentinel image
acquisitions. Furthermore, discharge values from the nearest upstream gauging station
and precipitation records were checked to control hydraulic conditions. Indeed, wet soils
have a much higher dielectric constant and so appear much darker (Swain and Davis
1978). This means that the approach tested here should be restricted to dry sediment
bars. Following these prerequisites Sentinel 2 data were downloaded at level 2A products
(with full atmospheric correction) on the 24™ of September 2018 for the tiles TMQ and
TNQ, covering Sesia and Po rivers (sites S1, P1, P2, P3, Figure 1); on the 22™ of October
2018 for the tile SWC covering the Bonamico river (sites B1 and B2, Figure 1). The output

products of the atmospheric correction step are: four bands at 10 m: 490 nm (B2), 560 nm
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(B3), 665 nm (B4), 842 nm (B8); nine bands at 20 m: 490 nm (B2), 560 nm (B3), 665 nm
(B4), 705 nm (B5), 740 nm (B6), 783 nm (B7), 865 nm (B8a), 1 610 nm (B11), 2 190 nm
(B12); three bands at 60 m: 443 nm (B1), 945 nm (B9) and 1 375 nm (B10). The Super
resolution algorithm available as the Sen2Res plugin for the ESA SNAP open-source
software, was used to super resolve the available bands at 10 m resolution (Brodu et al.,
2017). In this work bands 1, 9 and 10 were not used because were designed to detect
atmospheric quantities, thus the 10 bands available from VIS to SWIR region constituted
the reflectance dataset. The super-resolution method has a high computational cost but it
was necessary in this work, in accordance with the requirement needed by the Fuzzy logic

classifier of Carbonneau et al., 2020.

Fuzzy classification of the Sentinel-2 imagery was used to select field samples generated
from the UAV work described above. Our initial UAV grain size maps could include
sediment patches that have a small percentage of water or vegetation which is well below
the size of a single Sentinel-2 pixel. Given that these 2 components interact strongly with
infrared radiation, their presence at a sub-Sentinel-2 pixel scale can substantially degrade
the quality of a grain-size mapping process based also on infrared reflection. The last step
of the procedure was therefore to filter and select only pixels belonging to dry sediments
clear of vegetation. The fuzzy classifier developed in Carbonneau et al., 2020 infers sub-
pixel composition with median errors ranging from -0.05 to 0.02 and mean absolute errors
ranging from 0.14 to 0.21 and predicts the membership percentage of three classes of
pixels: water, sediment and vegetation. This allowed for the selection of a total of 4597
sediment pixels, later available to train the model, of which 2404 belong to the sand class
(amount of pixels on the sand bars P2 and P3) and 2193 belong to the gravel sediment

class (amount of pixels on the gravel dominated bars S1, P1, B1, B2).

2.4 Models training and assessment

The dataset for the development of the grain size mapping model is composed of 4597
grain size values (Dso percentile, see section 3.1 for the explanation of why we used the
Dso only) and 4597 corresponding radiance values registered from Sentinel 2 in 10 bands,
which correspond to 4597*10 m? of exposed, unvegetated sediment bars (Fig 1).

First, the spectral signature of each study site and that of each sediment class was
analyzed to investigate the potential of the dataset collected and to test the hypothesis of

an inverse correlation between grain size and reflectance data of Sentinel 2. As already
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mentioned above, the spectral signature of soils follows a common pattern along the
electromagnetic spectrum, differing based on several parameters, such as surface
roughness. To build the spectral signatures of each sediment bar, the average of the
reflectance data was calculated and plotted against the wavelengths. The same plot was
done by splitting the dataset in four grain size classes, from medium sand to coarse
gravel, and averaging the radiance values of each class, in each wavelength available.
Second, supervised machine learning techniques were used for model training in Python.
Response variables are the 4597 grain size values, and predictor variables are the 10
bands corresponding reflectance values. Regression models were trained, both linear
(Huber regression) and nonlinear (Random Forest, DNN). The Mean Error (ME) and Mean
Average Error (MAE) were applied to a 20% portion of the dataset set aside and not used
in model training. The resulting error metrics are used as performance metrics to select the
most meaningful model. Alternative model configurations were tested by selecting the
most meaningful bands as candidate predictors for the observed diameter percentile (Dso).
Furthermore, logistic regression was used as a binary classification algorithm to
distinguish sand and gravel. The threshold was set at 2 mm, 22.6 and 32 mm, to
discriminate between fine (sand) and coarse (gravel) particles in the dataset, following the
Wentworth scale (Wentworth, 1922). Model assessment was evaluated looking at the
confusion matrix scores
(https://scikit-learn.org/stable/modules/generated/sklearn.metrics.confusion_matrix.html),
used to summarize the prediction made by the binary classification model. The binary
classifier calibrated can make two types of errors: it can incorrectly assign a class who
defaults to the no default category, or it can incorrectly assign a class who does not default
to the default category. Thus, the confusion matrix shows which of these two types of

errors are being made.

2.5 Model prediction

The regression model derived as explained above was applied to predict grain size of
exposed sediment bars selected along 300 km of the Po River (Figure 1). The aim was to
test the model for large scale surface grain size mapping and to validate the model in
terms of transition from gravel to sand dominated bars. The same procedure described in
2.2, based on the Fuzzy logic classifier of Carbonneau et al. (2020), was applied on the Po

River corridor to select Sentinel-2 pixels corresponding to sediment bars. Figure 3 reports
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an example of two river reaches, selected in a wandering reach and in a sinuous reach
classified into three fuzzy members: water, sediment and vegetation. Each pixel was
assigned to each class with a probability (value from 0 to 100%), resulting from the fuzzy
logic approach. Only pixels classified with a score > 95% were used in this work for the
model prediction.

To visualize the longitudinal grain size variation predicted, a distance value was assigned
to each pixel identified as sediment. A vector line following the river channel was
delineated in QGIS and its vertexes were stepped up and extracted. The cumulative
distance value was automatically calculated for each vertex, together with its projected
coordinates (mgrs grid zone: UTM 32T). The resulting output was a raster where each
sediment-classified pixel has been assigned both longitudinal distance and a Ds, value.
The model was applied using the reflectance values of Sentinel 2 data, collected on the
14" of September 2020. This date was selected following the criteria of no rain events in
the previous three days, in a season coherent with the field data acquisition of the gravel
bars, in a year (2020) in between 2018 and 2021, when field activities were carried out.
Moreover, some field activities were carried out to check and validate values predicted on

the sand dominated bars.

3. RESULTS

3.1 Texture-based model for grain size estimation from UAV images

Table 1 reports the ground truth data (Dso and Ds4 values ), obtained as the value of the
total samples collected per site and the area covered in each site. As it can be noticed, the
grain size range goes from sand to gravel class. The median diameter of the site P1 in the
Po River - about 100 km upstream from the city of Torino - is 35 mm and the Ds. is 49
mm. The median diameter of the Po River sites P2 and P3 — located downstream close to
the city of Cremona - ranges from 0.43 to 0.35 mm (Dss from 0.8 to 0.6 mm). These bars
are mostly composed of sand, with occasional patches of finer sediments. The site S1,
selected along the Sesia River near the town of Arborio, is characterized by a coarse
sediment bar with a cobble bed (Dso = 42 mm, Dg=88 mm). Along the Bonamico, sites B1

and B2 feature a Dso of 33 mm and of 42 mm, and a Dss of 71 and 69 mm, respectively.
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In Figure 4a the 48 Ds, values extracted by UAV-based photosieving on all study gravel
bars are plotted against the corresponding texture dissimilarity values (see section 2.2). A

linear relationship between median diameters and the texture metric is apparent.

As expected, as the median diameter increases the texture of the image window, and
hence the difference in brightness between adjacent pixels, increases. A linear model was
used to fit the data, with a 5-fold cross validation. Figure 4b shows the observed vs
predicted values, and a R? = 0.78 is obtained. The Mean Absolute Error (MAE) resulting
from the 5-fold cross validation results to be 5.5 mm with a standard deviation of +0.23
mm. This model was used to predict grain size data on the entire river bars and generate a
grain size map (of Ds) at 10 m resolution (Sentinel 2 resolution), thus increasing the
sampling dataset from 48 up to 4597 values. The same model calibration procedure was
carried out for the Dgs, values, obtaining a R? = 0.66, MAE = 4.3 mm with a standard
deviation of £ 1.1 mm. Considering such results, all the subsequent analysis presented in

this paper have focused on the Ds only, for sake of conciseness.

3.2 Spectral signatures from Sentinel-2 images

Figure 5 shows the analysis made on the 4597 grain size values (Dso values) and the
corresponding Sentinel 2 radiance values super resolved at 10 m resolution, made to
investigate the potential of the dataset collected and to test the hypothesis of an inverse

correlation between grain size and reflectance data of Sentinel 2.

In Figure 5a the average of the reflectance value of each sediment bar is plotted versus
each wavelength of Sentinel 2. Overall, as expected, the spectral signatures follow similar
trends at all sites (Swain and Davis 1978). Sand-dominated sites (P2 and P3, Fig. 1) with
a Dso of about 0.5 mm, have the highest reflectance over the whole spectrum. As grain
size increases (Dso in the range of 25-40 mm) the overall spectral signature has lower
values. Gravel bars in the Sesia and Po rivers (sites S1 and P1) feature a median
diameter of 30-40 mm, and plot very close to the sand sites in the VIS region but are well
distinguishable in the NIR and SWIR region. Gravel bars in the Bonamico River (sites B1
and B2) feature Dsy values in the range 30-40 mm — i.e. very similar to the Po and Sesia

gravel bars - but differ considerably in terms of spectral signature.
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Figure 5b illustrates the clear effect of grain size on the spectral signature. In fact, it is
evident how fine to coarse sand grain sizes feature higher reflectance in the whole
spectrum compared to gravel grain sizes. At larger wavelength (beyond 950 nm) more
sediment classes can be differentiated. Overall, Figure 5 confirms the hypothesis of an

inverse correlation between surface grain size and reflectance data.

3.3 Calibration of the grain size predictive model from Sentinel 2 multispectral data

Multiple linear (Huber regression) and nonlinear (Random Forest, DNN) regression models
were trained, where response variables are the 4597 Ds, values and predictor variables
are the 10 bands corresponding Sentinel 2 reflectance values. Table 2 reports the

performance metrics resulting from the calibrated models.

The test set is used to assess the models. All models perform reasonably well, revealing
robustness in the fitting and suitability of the dataset. The coefficient of determination R? is
quite high in any model, ranging from 0.92 to 0.98 for Random Forest. The absence of
large errors can be noticed, and the Mean Absolute Error (MAE) and the Mean Squared

Error (MSE) remain stable between the test data and the training data.

The Huber regressor was chosen to be the most appropriate for the purpose of this study
because: model performance in calibration, stability, absence of outliers, insights into the
physical explanation behind the observed phenomena, model performance in application,
and computational time. The Random Forest model was abandoned because of overfitting
issues linked to the strong non-linearity of the model and its tendency to learn the noise in
data rather than an overall trend. Figure 6 shows the good performance of the Huber
regression model, resulting in predicted values close to the observed data values. Results
show a suitable predictive performance, which is similar for all the sites thus indicating that

the model is consistent and robust.

The Huber regression model performs within £+ 2.85 mm. To this value it needs to be
added the error of which the grain size dataset is affected, as derived from the texture-
based model (MAE for Dso is 5.51 mm, see section 3.1). Thus, the overall prediction error
is £8.36 mm. Nonetheless, a gap in the dataset is present in the grain size range 1-10 mm,

as investigated bars were either finer or coarser than these sizes. Looking at the sand
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class data some sand particles diameters are assigned with a negative value. This has no
physical meaning but is explained by the total error of about 10 mm of the model and by
the linear model functioning. A linear regression learns a model which is a linear
combination of features of the input examples. In table 3 the coefficients of each band in

the linear combination are reported.

Among all the wavelengths analyzed, the SWIR band B12 has the highest (negative)
coefficient, which reveals the significance of this band in the model and the inverse
correlation with the grain size. The B8 band in the NIR region seems also quite important,
still with a negative relation with sediment size. All other bands appear to contribute to the
regression with different signs. However, it is noteworthy that if we look at the results of
single linear regression model (i.e., each Sentinel 2 band used as single and unique input

for the classification model), each single band show a negative coefficient (Table 4).

In Table 4, values relative to R? and to the coefficients of the regression and the
correlations between grain sizes and each band reflectance values are reported. This
analysis shows that for all bands there is a certain degree of inverse correlation with the
median diameter, confirming the most important physical effect behind the observed trend.
Moreover, it shows that the most meaningful bands (R? values above 0.4) are in the SWIR
region, coherently with the results obtained with the model using all bands as input (see
Table 2 and 3). More parsimonious model calibrations with two or three bands as input
were also attempted (data not shown). The 10 bands model was used in this study,
because it achieves the best model performance compared to model with selected bands
and because we did not see any specific reason to remove one band compared to

another.

Logistic regression models were also trained on the 80% of the dataset to discriminate
between fine (sand) and coarse (gravel) patches. In Table 5 the confusion matrix -
resulting from the test set composed of 920 grain size values - is reported, , which
summarizes the performance of the binary classification model (based on 2 mm, 22.6 and

32 mm as thresholds).
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The confusion matrix shows that of the 434 data > 2 mm the model classified 86 of them
as lower than this threshold, and thus 348 are true positives (TP) and 86 are false
negative. With regards to the finer class, the total number of data were correctly classified
(TP = 486). Model performance assessment shows that 2 mm is a good threshold for a
binary classification. The use of a threshold = 22.6 mm revealed a poorer performance,

and 32 mm to be certainly not suitable for such a binary classification.

3.4 Application of the predictive model to large spatial scales

Figure 7 shows the downstream variation in the grain size (Dso) as predicted by the Huber

regression model on 10 bands (see section 3.3) along 300 km of the Po River.

The model was applied using the reflectance values of Sentinel 2 data, collected on the
14" of September 2020. We can indeed reasonably assume that there is not a significant

change in the gravel-sand transition position within the time of three years.

Model application shows a significant, abrupt decrease in the surface sediment grain size
in the Po River around 140 km downstream from Torino, just below the confluence with the
Ticino River. Here, over a relatively short downstream distance, sediment bars change
from being gravel-dominated to sand-dominated. This gravel-sand transition has been

verified also in the field.
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Two wide sediment size distributions are well distinguishable upstream and downstream
the gravel-sand transition, the former features a modal value around 28 mm, whereas the
latter around 0.1 mm. Regarding the gravel bar sampled in 2018 upstream the Ticino River
confluence, the UAV-based ground truth data (sitebar P1, Figure 1) confirm the range
predicted by the model, and the model seems to reasonably represent the observed grain
size heterogeneity (within the total average error of £8.4 mm). Close to the Ticino River
confluence, the model identifies the gravel-sand transition. In this area it was expected to
have an intervening reach, evidenced by a change in the channel morphology from
wandering, gravel-dominated bed to sinuous, sand-dominated one. This morphological
transition is clearly visible from Google satellite and confirmed in the technical report of the
Autorita di Bacino del fiume Po, 2007. Moreover, a field assessment was conducted to
validate model predictions and gravel sand transition detection. Figure 8 shows an
example of a bar selected on the gravel sand transition zone, at around 10 km upstream

the Ticino River confluence.

Figure 8 shows the grain size predicted by the model, the spatial distribution on the
sediment bar and the frequency distribution of predicted values. Photos taken in the field
confirm the spatial arrangement and the values predicted by the model. Usually, through
the intervening reach, a bimodal bed material composition is expected (Sambrook Smith
and Ferguson, 1995; Ferguson et al., 2011). As shown in the pictures, the surface material
on the bar is alternately unimodal sand or gravel, and bimodal gravel-sand mixture. Areas
covered by coarse surface layer with sand in the sub-surface are present on the bar head
while sand surface and subsurface dominate downstream, where gravel patches are found
only close to the water channel. Two sediment samples representative of the bimodal
distribution found in the bar were collected (in May 2021) and sieved in the laboratory
(total of 4.1 kg of gravel material and of 1.4 kg of sand). Results of the sieving show that
the gravel sample features a Dso of 13.94 mm and the sand sample of 0.67. These values

validate the prediction made by the model, accounting for the total error of £8.4 mm.

Moving downstream the Ticino River confluence, in the sand dominated bars, it can be
noticed that the Ds, values predicted differ more considerably in terms of Ds, variations
from the (few) values derived from lab sieving of field samples (bars P2 and P3, Figure 1) .
On the sand bars along this river reach, a small fraction of gravel is predicted by the model

over a few pixels. A further field assessment was then conducted in May 2021, on a sand
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dominated river bar, located downstream the Isola Serafini dam (see Fig. 7 for field

assessment location).

As it can be seen from the histograms in Figure 9, most of the pixels are predicted as
sand, and very few data are measured as greater than 15 mm. It can be noticed that the
coarser particles (black color) predicted follow a specific spatial distribution pattern, being
all located at the border of the bars, close to the water channel. This pattern is found for all
sand bars selected along the Po River length. In Figure 9 is reported just a zoom of the bar
examined in the field, as an example. The field campaign confirmed the grain size data
distribution predicted and the presence of coarser material close to the river channel, as
evident from the pictures. The occurrence of gravel in this river reach is in truth not
surprising and is also confirmed in the technical report made by the Autorita di Bacino del
Fiume Po, 2007.

4. DISCUSSION

4.1 Feasibility of orbital grain size mapping of sediment size classes from Sentinel-2

imagery

In this study we have demonstrated the existence of significant correlations between
reflectance intensity in various bands of Sentinel 2 imagery and the Ds, fractions of the
surface sediment grain size. Robust predictive models were built, which allowed us to
estimate particle size classes from fine sand to coarse gravel, by orbital data, within an
error of £8.4 mm. Orbital grain size mapping of sand- vs. gravel-dominated bars from
Sentinel-2 data is possible because of the inverse relation between radiance values of

satellite data and particle size dimension.

We are aware that remote sensing data (in the case of this study, Sentinel 2 multispectral
data) are influenced by the surface roughness, which, under specific conditions, is
proportional to particles size. However, the complexity of fluvial substrates and the
uncontrolled conditions in the field make surface reflectance interpretation subject to
uncertainties. Indeed, beyond surface roughness, additional factors influence the
spectral response of different types of substrates. Swain and Davis (1978), by studying
reflectance properties of 240 types of soils, showed that all soils have a typical reflectance

shape that varies in a quite large range, depending on soil texture (percentage of sand, silt



19

566
567
568
569
570
571

572

573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593
594
595
596
597
598
599

19

and clay), soil moisture content (dry, moist, saturated), organic matter content, iron-oxide
content, lithology and surface roughness. However, based on the choice of the sites made
in our study (unvegetated, homogeneous and dry sediment bars, located in different
geological context), and on the criteria followed for Sentinel 2 data download (days with no
precipitation in the previous three days), we proceeded with this analysis to test the
potential of the dataset collected to discriminate between finer and coarser particles — thus

to see if the influence of surface roughness is strong enough to allow for that.

The spectral analysis made followed two approaches: firstly, we plotted the spectral
signature of each site (by averaging the reflectance values of all pixels belonging to a
sediment bar); secondly, we plotted the spectral signature of five sediment classes (by
mixing the values coming from all sediment bars and averaging the reflectance values of
all pixels belonging to a sediment class). The first plot (Figure 5a) showed that sites
composed of sand particles (P2, P3, Figure 1) have the highest reflectance values and can
be well discriminated from the others in the NIR and SWIR region. In the VIS region,
instead, the spectral signatures are all very closed between each other. Indeed, for these
wavelengths the inverse correlation of diameter and reflectance is less strong (as also
confirmed from our results reported in Table 4). Notably, the sediment bars selected on the
Bonamico River, featured by a Dsy of 35 mm, have a lower spectral signature over the
whole spectrum, in comparison to the other sites (B1, B2; Fig. 5a). This result is explained
by accounting for the different factors that influences spectral response of soils (Swain and
Davis 1978). Firstly, lithology plays an important role: the Bonamico River is characterized
by a mixture in the lithological conditions (substrate dominated by dark metamorphic and
sedimentary rocks) which is substantially different to the other study rivers (mainly
dominated by lighter-colored metamorphic rocks), as also testified by the different orogenic
processes that generate the geomorphology of the areas. Moreover, the Bonamico River
is located in southern ltaly, where environmental conditions (climatic, hydrological) are
significantly different in comparison to the northern sites. The second plot (Fig. 5b) is
referred to all the dataset collected, split into sediment classes. Results show that different
sediment classes have well distinguishable spectral signatures, as far as we move towards
longer wavelength. Again, the inverse correlation is stronger in the NIR and SWIR region,
as expected from literature (Pilorget et al., 2016, Carson et al., 2015, Black et al., 2014) as
well as, later, confirmed by our results (Table 4). The fact that, by mixing the dataset
collected in the different sites, thus mixing different lithology and environmental conditions,

particles sizes are distinguishable confirms that besides many parameters that influence
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reflectance response, surface roughness of unvegetated, homogeneous, exposed and dry
sediment river bars affect Sentinel-2 data enough to discriminate different sediment
classes. Thus, these results indicate that surface roughness is one of the main parameters
that affect the soil spectral signature, despite the uncontrolled factors that influence the
overall reflectance. In this study we did not quantify the influence of each factor but we
carefully selected the data to isolate as much as possible the effect of surface roughness

over the others.

Spectral signatures analysis results were encouraging and confirmed the hypothesis made
at the beginning of the study. We then calibrated linear and no linear models. All calibrated
models showed a very high correlation (R?) which ranges from as high as 0.98 for RF to
0.92 for Huber Regression, using the Ds,. The latter model was chosen for further
investigations. Indeed, despite slightly lower R? linear models rarely overfit and the Huber
regression is thus preferable. Indeed, when we applied the RF to the entire Po, it
generated trends with peaks and high non-linearities compared to smoother paths of the
Huber Regressor. We believe this is due to overfitting issues of RF and then chose the

Huber Regression for the Po case study application.

The most important bands resulting from the Huber regression model are those in the
SWIR and NIR region, consistently with previous studies of Pilorget et al. (2016), Carson
et al. (2015), Black et al. (2014) as well as the preliminary analysis made on the spectral
signatures. Moreover, the negative coefficients appearing in single band models confirm
that the physical effect of an inverse correlation between grain size and reflectance values
of Sentinel 2 (Table 4) is likely the most influential physical processes to be captured
(again, over the other factors that influence the spectral response of soils, in uncontrolled
field conditions). The selected multiple linear regression model features some bands with a
positive coefficient, notably bands in the same spectral region (because of the higher
correlation between them). It is likely that those bands, appearing with positive sign, are
related to the other factors that influence reflectance response, such as lithological or
climate conditions. We also trained models with selected combinations of different bands
but, so far, we argue that it is still too early to identify an optimal configuration of bands
leading to a so-called 'best' predictive model and we proceeded with the 10 bands model

as it achieved the best performance both in model training and application.

Logistic regression shows that the binary classification of particles lower and greater the

threshold of 2 mm performed very well. The performance metric precision account for
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0.85, the accuracy metric is 0.91. This confirms the first statement made that orbital grain
size mapping from Sentinel 2 data is possible in terms of sand vs gravel classes, thus

leading to a binary classification of sand versus gravel dominated river segments.

When applied to the 300 km of the Po River, our model prediction illustrates two
contrasting, long river segments, two upstream and downstream of the Ticino River
confluence (Figure 7). Data collected in 2018 on the gravel dominated bars and the field
assessments carried out confirmed the predicted values and the identification of the
gravel-sand transition (Figure 8) where a change in the channel morphology from
wandering, gravel-dominated bed to sinuous, sand-dominated one is evident. Field
campaign conducted on the sand dominated bars confirmed presence the of coarser
material close to the river channel as predicted by the model (Figure 9). Indeed, as
reported in the technical report made by the Autorita di Bacino del Fiume Po, 2007, along
this river length, several important tributaries coming from the Apennines Mountain chain,
such as Enza, Trebbia, Taro, bring coarse material and high sediment supply to the main
channel. However, because of the deep and narrow channel, the river channel is sinuous,
with alternate sand bars. The coarser material coming from the tributaries is likely
transported at the bottom of the water channel. Its presence is revealed on the sand
dominated bars by surface patches of coarser material, close to the water channel.
Coarser material close to the river channel is predicted by the model in almost all sand-
dominated bars. Explanation of the gravel predicted in these areas may also be linked to
other factors such as the presence of higher soil moisture water content, grassy
vegetation, standed woody material, and silt patches which characterize such transitional

zones, thus influencing their surface spectral response.

The Dss percentile, which is typically used to predict hydraulic roughness in rivers, was
also tested, and the results obtained were similar but with a slightly lower performance in

terms of prediction robustness in the texture-based model calibrated.

Further work is needed to investigate how the different grain size percentiles are predicted
in conditions other than those explored in this study, e.g., coarser sediments bars.
However, we think that to derive a complete grain size distribution, Sentinel 2 satellite is
not a suitable technology. Uncertainty and model limitations found in this work suggest that
differences in bands’ reflectance generated by varying grain sizes, roughness, and texture
detectable from Sentinel 2 allow for a broad estimation of mean grain size - e.g.,

transitions from gravel to sand, and in future studies we may enlarge to the difference
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between sand, gravel, and sand-gravel mixed patches (as already demonstrated using
satellite radar data in Purinton and Bookhagen 2020), and boulder to gravel - but not for

grain size distribution determination.

There are also constraints and limitations in the method which need to be taken into
consideration. Sentinel 2 pixels need to be selected carefully based on specific criteria: i)
satellite images need to be acquired on days not close to rainfall events since surface
wetness influences reflectance values; ii) the Sentinel 2 pixel needs to capture a zone of
bare sediment, homogeneous in terms of particle size and with no vegetation or water
patches in the 10x10m analyzed area. Filters are indeed needed to delete contaminated
pixels of water/vegetation and separate bright patches where the intensity is driven by sub-
pixel scale vegetation from those patches where the intensity is driven by finer particle
sizes. This condition is not always easy to meet. In this work we used the Fuzzy classifier
outputs (Carbonneau et al. 2020) by setting the 95% value as a threshold. Other
thresholds were tested and worked well but we preferred to remain conservative.
Moreover, we chose to use computationally expensive super-resolution to get the best
possible results from the fuzzy classifier. However, a simplified fuzzy model, generated
only with the native 10 m Sentinel 2 bands 2, 3, 4 and 8, could be used instead (as
demonstrated in Carbonneau et al.,, 2020), thus bypassing the need for the
computationally expensive super-resolution. Moreover, other classifiers can be used to
isolate sediment pixels only, also exploiting other technologies (e.g. Synthetic Aperture

RADAR (SAR) for soil moisture content estimation).

The spatial resolution of Sentinel 2 data (10 m) poses a clear limitation for our approach.
In fact, we think this methodology is reliably applicable only to rivers having exposed bars
larger > 100 m?. Therefore, our approach can be useful in relatively large rivers (>50-100
m) featuring reach-scale morphologies characterized by relatively large bars exposed at

low flows, such as braided, wandering and sinuous with alternate bars typologies.

Another crucial aspect of the study is the atmospheric correction step to avoid atmospheric
interference. Indeed, the scale of intensity changes that are caused by particle size
variations could conceivably be completely masked by a poor atmospheric correction. In
this study we used atmospherically corrected products of Sentinel 2 available as level 2A
products. Moreover, model calibration was tested using products downloaded from the
Theia catalogue, resulting from the use of the MACCS-ATCOR Joint Algorithm (MAJA) for

the atmospheric correction (Lonjon et al., 2016), and the performance were comparable.
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This further analysis gives more strength to our outputs since we can exclude that our

outcomes are strictly dependent on the atmospheric correction type conducted.

4.3 Future Developments

New model calibration would be useful to give more robustness to the model and test it on
sediment classes not included in this work (notably from 1 to 10 mm and particles in the
range of pebbles/boulders). The model was indeed calibrated using grain size data up to
coarse gravel, thus its applicability is valid in such grain size range. Any particles greater
than coarse gravel class is not considered by the model, thus resulting in a possible
underestimation of particles greater than the range considered. Future studies should
investigate the potential of our approach by enlarging the grain size dataset and testing
other satellites data (e.g. radar, Purinton and Bookhagen, 2020 and hyperspectral) to be
used in combination with the multispectral data. Specifically, for coarser sediments, we
expect that the use of radar data (electromagnetic range of the microwave), such as
Sentinel 1, can be a technology to be explored. With the use of a low-cost commercial
drone and calibration with the grain size mapping methods of Carbonneau et al. (2018),
Woodget et al. (2018), grain dataset enlargement will require little effort in terms of time
and costs. A data-driven approach able to measure grain size distributions from
georeferenced UAV images on entire river bars, centered on linear regression model such
that used in this work or more complex deep learning model such as convolutional neural

network (Lang et al., 2021) will also allow for rapidly enlarge the dataset.

The ability of the model to reproduce large-scale downstream fining patterns, including
gravel-sand dominated bars identification, was shown for the Po River. Model application
was made on a date (14" of September 2020) selected with good hydrological and climate
conditions, in a year (2020) in between 2018 and 2021 (date of the field work activities and
model training). Other dates were also tested in 2018 and 2021 and the reproduced grain
size variations are comparable (e.g. gravel sand transition identification) and follow the
same explanations presented. Future analysis will apply the model in several dates to
study the seasonal/annual trends. The gravel sand transition identification is a main finding
of the model application and show the potential of this model in mapping and monitoring
river processes at the catchment scale. Being able to map grain size classes in the range
of sand and gravel at the catchment scale and to detect transitional zones through time

can support river processes understanding (Smith and Ferguson 1995, Knighton, 1999;
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Ferguson, 2003; Topping et al., 2018, Frings, 2011, Venditti and Church 2014) and answer
questions such as: Where is the gravel-sand transition and what is its morphology? Which
factors are causing a change in sediment composition and/or in the transition to migrate

downstream/upstream?

Given the open-access nature of Sentinel 2 data and the high temporal frequency, the
method can be applied through time and to other river systems to measure long-term
changes in grain size classes in the range of gravel and sand, along hundreds of
kilometers of river lengths. Mapping these precious data at such large temporal and spatial
scale is fundamental to integrate emerging network-scale global monitoring and modeling
(Pekel et al., 2016; Allen and Pavelsky 2018, Mouyen et al., 2018, Tangi et al. 2019,

Schmitt et al., 2019) and to support water-management decision-making.

Finally, this approach can find novel application on the grain size data characterization of
other open natural environment where an automatized sediment composition
characterization is meaningful for earth surface processes understanding. New
perspectives on natural environment both in plain and mountain areas (Williams and
Brierley 2019, Coviello et al., 2021, Trevisani and Cavalli 2016, Kofler et al., 2021) are

worth to be investigated in the future.

5. CONCLUSION

We believe that the most important contribution of this paper is the first orbital grain size
mapping of sediment classes from freely available Sentinel 2 data. This is a fundamentally
new area of remote sensing which will allow for grain size characterization of sand and

gravel sediment classes of very long reaches (>100 km) at very low cost.

In this paper, we used near-ground UAV imagery to calibrate robust linear correlations
between the grain sizes, Dsy (mm), on dry exposed river bars and reflectance values in
Sentinel 2 imagery. We obtained statistically significant predictive models for Dso, able to
predict, within an error of about 10 mm, sediment grain size classes in the range of sand
and gravel. Used in prediction, this model reproduced the expected downstream fining
trends for a 300 km long stretch of the River Po in Northern Italy, notably identifying the

gravel sand transition occurring along the river length.
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Figures Captions

Figure 1. Study area. Location of the 6 surveyed bars along the Po (P1, P2, P3), Sesia (S1) and
Bonamico (B1, B2) rivers and a photo of each bar and their sediments. TMR, TMQ, TNQ and SWC
represent the footprints of the Sentinel 2 tiles that cover the study sites.

Figure 2. The methodological workflow includes: the ground-truthing data collection carried out for
gravel-dominated bars and for sand-dominated bars. Each step is applied to each sediment bar
selected as study site, reported in figure 1. For each sediment bar the outcome is a grain size map
generated at 10 m/pixel. This map is combined with Sentinel 2 multispectral data collected in the
same site and used for Model Fitting. The Fuzzy logic classifier by Carbonneau et al. (2020) is
used to isolate sediment pixels only. Afterwards, the model was applied on sediment river bars
selected along 300 km of the Po River. Multispectral Sentinel 2 data are the input variable and the
model results in grain size maps predicted in each sediment bar (selected exploiting the Fuzzy
logic classifier).

Figure 3. Fuzzy logic classifier. Figure 3 a) shows, on the left, river corridor classified in the Fuzzy
logic members, in a wandering reach, upstream the Ticino River confluence; on the right the same
river reach on a Sentinel 2 image, where results of the model application (D s, predicted) are shown
in a gray scale color in correspondence of Sentinel 2 pixel selected as sediment; Figure 3 b) shows
the same as in a) on a sinuous river reach close downstream the Ticino River confluence, close to
Isola Serafini dam.

Figure 4. The results of the texture-based model (gravel bars): a) plot of Dissimilarity (measured on
101x101 pixels window size) vs Dso (mm); b) plot of the observed vs predicted Ds, values. Green
shading accounts for the standard error of the regression line.

Figure 5. Sentinel-2 spectral signatures. a) spectral analysis of each site, featured by different
median diameter: 34.9 mm P1 site, 32.8 mm B1 site, 42.4 mm S1 site, 0.43 mm P2 site, 0.35 mm
P3 site, 42.3 mm B2 site. b) signature analysis of each sediment class. On the y axis are reported
the radiance values, on the x axis the electromagnetic spectrum discretized according to the 10
Sentinel 2 bands available. Different colors are used to show the spectral signature of the different
study sites (a) and of different grain size classes (b).

Figure 6. Observed versus predicted Dso for the Huber Regressor model with all bands as predictor
variables. Reflectance values vs. Dso observed diameter. Each site is distinguishable by a different
color.

Figure 7. Results of downstream fining modelling on 300 km of the Po River, from Torino city to
Cremona city, using the Huber regression model with 10 bands. Blue points are the median
diameter predicted in each pixel (Sentinel 2 dimension) belonging to sediment bars. Red diamonds
refer to the Dsy values measured by the ground-truthing methods. All pixels in each bar are
assigned with a value for downstream distance. Below, a sketch of the Po River course is shown.
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Green diamonds show the location where an assessment was conducted to further validate the
model prediction.

Figure 8. Field assessment on a river bar selected in the transition zone. On the left, grain size
predicted expressed as frequency distribution as well as by gray color scale of the pixels (10x10 m)
on the bar (image background from Google satellite). On the right, pictures taken in the field.

Figure 9. Field assessment on a sand dominated bar selected downstream Isola Serafini dam. On
the left, grain size predicted expressed as frequency distribution as well as by gray color scale of
the pixels (10x10 m) in the bar (image background from Google satellite). On the right, pictures
taken in the field.



35

1038

1039

1040
1041
1042

1043

1044
1045

1046

1047

1048

Tables

35

Table 1. Ground truth data measured by photosieving technique (gravel samples) and sieving in
the laboratory (sand samples). S1, site along the Sesia river; P1-P3, sites along the Po River; B1,
B2, sites along the Bonamico.

Site Area (km?) Dso (Mmm)
Sl 0.06 42.4
P1 0.27 34.9
P2 0.22 0.43
P3 0.19 0.35
B1 0.25 32.8
B2 0.12 42.3

Table 2. Results for different modeling techniques for the train and test set. 10 bands used as
predictor variables. MSE is Mean Squared Error; MAE is Mean Absolute Error.

All bands Train set Test set
R? MSE MAE (mm) R? MSE MAE (mm)

Huber Regression  0.92 15.56 2.85 0.91 16.73 2.95

Random Forest 0.98 216 0.72 0.97 5.20 1.06

DNN 0.86 346.7 12.76 0.88 351.47 12.86
Table 3. Coefficients of the bands in the multiple linear regression model

B2 B3 B4 BS B6 B7 B8 B8A B11 B12

-193.1  104.0 59.2 2427 1964 1279 -213.0 -36.98 41.78 -356.8
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Table 4. Correlation of each band with the D50 diameter (mm) expressed as coefficient of
correlation (R), coefficient of determination (R2), and related correlation coefficients.

B2 B3 B4 BS B6 B7 B8 B8A B11 B12
R -0.65 -0.54 -0.5 -0.56 -0.57 -0.6 -0.58 -0.61 -0.73 -0.81
R? 0.3 0.06 0.07 0.09 0.1 0.2 0.2 0.2 0.4 0.6

Coeff -315.4 -264.8 -234 -2248 -221  -2129 -199.6 -2079 -164.3 -145.9

Table 5. Logistic regression results of the three thresholds (2, 22.6, 32 mm) selected for a binary
classification of sand) and gravel particles in the dataset, following the Wentworth scale
(Wentworth, 1922).

D50 > 2 mm (predicted) D50 < 2 mm (predicted)

D50 > 2 mm (actual) 348 86

D50 < 2 mm (actual) 0 486

D50 > 22.6 mm D50 < 22.6 mm (predicted)

(predicted)
D50 > 22.6 mm (actual) 271 108
D50 < 22.6 mm (actual) 15 526

D50 > 32 mm (predicted) D50 < 32 mm (predicted)

D50 > 32 mm (actual) 0 59

D50 < 32 mm (actual) 0 861
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