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Abstract: Knowledge of river bathymetry is crucial for accurately simulating river flows
and floodplain inundation. However, field data are scarce, and the depth and shape of
the river channels cannot be systematically observed via remote sensing. Therefore, an
efficient methodology is necessary to define effective river bathymetry. This research
reconstructs the bathymetry from existing global digital elevation models (DEMs) and
water surface elevation observations with minimum human intervention. The methodology
can be considered a 1D geometric inverse problem, and it can potentially be used in
gauged or ungauged basins worldwide. Nine global DEMs and two sources of water
surface elevation (in situ and remotely sensed) were analyzed across two study areas.
Results highlighted the importance of preprocessing cross-sections to align with water
surface elevations, significantly improving discharge estimates. Among the techniques
tested, one that combines the slope-break concept with the principles of mass conservation
consistently provided robust discharge estimates for the different DEMs, achieving good
performance in both study areas. Copernicus and FABDEM emerged as the most reliable
DEMs for accurately representing river geometry. Overall, the proposed methodology
offers a scalable and efficient solution for cross-section reconstruction, supporting global
hydraulic modeling in data-scarce regions.

Keywords: cross-section; river bathymetry; hydraulic modeling; DEM; altimetry

1. Introduction

Monitoring river discharge is crucial for managing water resources, predicting floods,
and understanding the global water cycle. Traditional approaches to monitoring rely
heavily on in situ stations, which are sparsely distributed around the globe. The advent of
satellite remote sensing (RS) has introduced novel approaches to discharge estimation [1].
However, the inability to directly measure river bathymetry using satellite instruments
limits the accuracy of RS-based river flow estimates.

Global digital elevation models (DEMs) have become essential tools for flood monitor-
ing and hydrological modeling, but improvements are needed for global modeling [2]. Due
to limitations in capturing underwater topography, DEMs’ accuracy and resolution often
fall short over water surfaces. This underlines the necessity of incorporating underwater
bathymetric data. Neglecting bathymetry leads to inaccuracies in discharge estimation and
flood forecasting, particularly at high-frequency small flood events [3].
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The reconstruction of river bathymetry has traditionally relied on in situ surveys,
such as Acoustic Doppler Current Profilers (ADCPs). While precise, these methods are
costly, time-consuming, and impractical for large-scale or global applications. Recent
advancements have focused on techniques applied to remotely sensed (RS) data. Some
build the bathymetry entirely from RS observations of width and elevation [4-6]. In contrast,
others modify the elevations of rivers in digital elevation models through geometrical or
hydraulic considerations [3,7].

These methods can be broadly classified into six categories, with increasing degrees of
complexity:

1. Slope-break (SB) methods, which identify inflection points in the cross-section profiles

to accommodate different flow conditions [6-10];

2. Channel Bankfull (CB) methods, which seek to find the relationship between channel

width, depth, and bankfull discharge using power laws [11-14];

3. Hypsometric curves, which relate surface area and elevation to infer depth [5,15];
4. Discharge inversion methods, which build the bathymetry from mass conservation

principles [3,16,17];

5. Data assimilation techniques, which reconstruct the bathymetry by integrating obser-

vational and model data [4,18-21];

6. Artificial intelligence approaches have been employed for bathymetry estima-

tion [22,23].

Despite their advancements, the existing methodologies face several limitations that
this study aims to address. Although advanced data assimilation techniques and artificial
intelligence show potential, their higher computational demands make them unsuitable
for a global simplified approach. In a comparison between the SB method and the CB
method [7], it was found that the former outperforms the latter in capturing channel depth
and flow dynamics in data-sparse regions, making the slope-break method more suitable
for this study. However, previous applications of the SB method were restricted to a single
DEM. They did not incorporate more recent and accurate products, such as the Copernicus
DEM [24], which has demonstrated superior hydraulic modeling performance [25,26].
Additionally, the slope-break methodology often neglects the continuity of the cross-section
shape along the river, which might lead to abrupt changes in hydraulic estimates that
compromise their reliability. Incorporating mass-conservation principles could mitigate
these limitations by ensuring more consistent cross-sectional profiles.

Furthermore, some studies treat bathymetry as the sole source of uncertainty, over-
looking the errors in water surface elevation observations, which may be very significant
when using remotely sensed measurements [14,27]. This study addresses these gaps by
exploring the impact of DEM choice, preprocessing techniques, and water surface elevation
data sources on discharge estimation and bathymetry reconstruction.

In the context of global discharge estimation, the main objective of the research is
to reconstruct full bathymetry as cross-sections at predefined nodes. This study is orga-
nized into seven sections. Section 2 explains the methods to extract the bathymetry from
DEMs, to preprocess them, and to estimate the discharge. Section 3 details the remotely
sensed datasets used: the nine global digital elevation models and the water surface el-
evation data. Section 4 characterizes the study areas selected due to the availability of
comprehensive bathymetric reference data. Section 5 contains the results, which are further
analyzed in the discussion (Section 6). The last section gives general conclusions and
further recommendations.
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2. Methods

In the methodology, the following notations are used:

t—time; x—coordinate along the river centerline, z—vertical coordinate;
{ti}, i=1, ..., Ny—set of time instants;

{xj},j =1, ..., Ny—set of spatial nodes;

h (x]-, ti)—the water surface elevation, counted along the z-axis, at node X; and time
instant £;;

w (x]-, z)—the cross-section width as a function of z at node Xj;

Q(xj, t;)—the discharge at node x; and time instant t;;

Hyin (xj)—the lowest water surface elevation observed at node x;, Vt;
Ninax (x]-)—the highest water surface elevation observed at node Xj, Vt;
zj(xj)—the cross-section bottom elevation at node x;;

wy (xj)—the cross-section bottom width at node x;, z = z, (x;);

b(xj) = w(xj, 2 (x;) ) —the base of a rectangular cross-section;

Zmax (Xj)—the cross-section top elevation at node xj;

Whiax (x7)—the cross-section top width at node xj, z = Zpax (¥;).

The methodological steps are illustrated in the flowchart in Figure 1. The methodology

is designed for a single or connected set of reaches without tributaries. The required inputs

are a water mask, the location of the nodes, a DEM, water surface elevation observations,

and a prior mean discharge. The outputs are 1D cross-sections located at pre-defined nodes,

discharge, and roughness estimates. The general steps of the methodology are explained

here, while more details for specific inputs or processes are given in subsections, which are

mentioned in the flowchart.
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Figure 1. Methodology flowchart.
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The methods can be divided into two main parts: dry and wet bathymetry estimation.
In this study, we define dry bathymetry as a part of the cross-section (cs) where we have
some observed data. These can be the bed elevation from the DEMs and/or the water
surface elevation (k) obtained in situ or remotely sensed. The wet bathymetry of the river
channel is where no information regarding widths or elevations is available.

Figure 2 illustrates cross-section profiles at a node and clarifies the idea of bathymetry
division. The different profiles in this figure correspond to one of the blue boxes in Figure 1.
The solid brown line is the symmetrical cs built from a DEM. It can be considered a first
reconstruction of the dry bathymetry, and it depends only on the input DEM. At the
end of this step, the bottom elevation of the cs (z;) does not necessarily coincide with
the lowest observed water surface elevation (/1 ), the lowest inverted blue triangle in
Figure 2. We then preprocess the symmetrical cs using h provided by in situ or virtual
stations. In this process, we have information on h but only partial knowledge of the width
(w); the relationship between width and height is unknown when z is smaller than z;,
w(xj, z) =2, 2 € [Myin(xj),2po(x;)]. Possible preprocessed profiles with varying bottom
widths (wbopt> are displayed in dashed green lines in Figure 2. These constitute a second
reconstruction of the dry bathymetry. At the end of this step, z,; = hj,. Under hy,;, lies the
wet bathymetry. In that region, no information on / and w is available, so the bathymetry
needs to be estimated using the prior mean discharge (Qy) and the associated probability
density function. A rectangular shape is assumed; the base is the bottom width of the
dry bathymetry, while the unknown depth goes from h,,;,, to z,,. Possible outputs of the
complete profile (dry and wet bathymetry) are shown in blue dotted lines.
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Figure 2. Cross-section processing steps at node and division between dry and wet bathymetry.

The first step of the methodology is to define the cross-section basic segments (csAB)
to extract the elevation from the DEMs. Passing through defined nodes, these segments
link the left riverbank to the right one and are perpendicular to the river centerline. In
this study, we use the existing centerlines and nodes from the Surface Water and Ocean
Topography (SWOT) River Database (SWORD) [28]. SWORD is a global vector database of
river reaches (~10 km long) and nodes (~200 m spacing) whose mean width is wider than
30 m. The riverbanks are extracted from the Global Surface Water Occurrence (GSWO) [29],
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a raster database (~30 m resolution) that shows where surface water occurred between
1984 and 2021. The delimited basic segments are then used to obtain the elevation from
selected global DEMs. The resulting profiles are converted to symmetrical profiles (brown
solid line in Figure 2). The definition of the basic segments and the extraction are explained
in Section 2.1, while the digital elevation models are further described in Section 3.1.

This study suggests three methods to preprocess the cross-sections and incorporate
the water surface elevation information. We call them “cross-section burning”. The idea
is inspired by DEM stream burning, in which the DEM pixels’ elevations are modified to
better represent flow patterns using auxiliary water masks [30,31]. In DEM stream burning,
the pixels are lowered or lifted, creating rectangular shapes. Our cross-section burning
procedures define the bottom widths (wj (x;)), from which we create rectangular channels
down to h,,;, (green dashed lines in Figure 2). The preprocessing methods are further
detailed in Section 2.2.

To estimate the wet bathymetry, we apply a redesigned version of the Integrated
Modified Gauckler-Manning-Strickler (GMS) model, presented in [32]. It allows the
discharge, the added depth, and the roughness coefficient to be simultaneously estimated,
using a prior mean discharge (Qy), defined per study area over the entire study period.
This value is extracted from the validation data in this study, allowing a more effective
showcase of the impact of the geometry, which is the primary focus of this study.

The integrated GMS method [32] was developed using synthetic test cases that sim-
ulated SWOT data. This satellite can provide synchronized information on rivers’ width
and elevation. It potentially allows a reconstruction of the river bathymetry up to the
lowest observed water surface elevation (,,;, ). For the bathymetry built from SWOT, the
condition z; = h,;, is always satisfied, opposing our study, in which the condition is only
obtained after preprocessing.

To estimate the wet bathymetry, the authors [32] use a rectangular shape approxima-
tion. The rectangle’s base corresponds to the bottom width of the dry bathymetry (wp,,; in
Figure 2), while the added depth is counted from /,,;,, down to a certain elevation to be
estimated (zy, in Figure 2). To account for various sources of dry bathymetry and water
surface elevation data, the approach has been generalized in this study. More details are
presented in Section 2.3.

The water surface elevation required for the cs burning and the wet bathymetry
estimation can come from ground stations or remote sensors. In this study, we used the
observations from in situ stations and traditional altimetry sensors. RS observations are
meant to test the methodology’s potential in ungauged basins. We applied the same
methods to both sources and did not attempt to combine them. The / obtained from
traditional altimetry sensors is located in virtual stations, the intersection points between
the satellite’s paths and the rivers. More details on the & from altimetry sensors are
presented in Section 3.2.

Water surface elevation data at the node level is needed to reconstruct the bathymetry
at this spatial interval. However, both data sources analyzed in this study only provide
data at the location of the stations. On the observation date, the time-averaged & s of the
nodes between the monitored stations are filled using linear interpolation, considering the
available stations and the distance along the river centerline. The long revisit time and the
poor spatial sampling of traditional altimetry sensors limit the number of occasions one
can apply this linear interpolation approach. When the slope between the virtual stations
cannot be computed due to the lack of simultaneous overpasses, we use the average static
slope for the set of reaches from IRIS, a database built from ICESat2 measurements [33].
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2.1. Cross-Section Definition and Extraction

The cross-section basic segments (csAB) are defined from point A(x;, long, lat,) to
point B(xj, lony, laty), in which lon and lat are the projected longitudes and latitudes of
the riverbanks for node x;. Three elements are needed to define the segments: location,
orientation, and extent. Here, their location is linked to the SWORD nodes, which are
distributed along SWORD river centerlines with an approximate 200 m step. To determine
the orientation of csﬁ(xj) , two points along the river centerline, each one located 100 m
away from the node x;, are used to create a perpendicular line.

For the extent of the segments, we use the GSWO masks. An occurrence of 1% is
selected to build a binary water mask. This value was chosen to capture high flows but to
avoid capturing exceptional flood events. After the binarization, a round of morphological
binary closing is performed to bridge small gaps and smooth the boundaries of the water
bodies. The centerline is used to define the pixels that belong to the river under study and
to exclude adjacent water bodies. The river’s mask is vectorized. The intersection of the
perpendicular lines with the vector mask defines the riverbanks for each node, the points
A and B. The resulting segments match the SWORD nodes and the preprocessed water
mask. However, this procedure may result in abrupt changes in angles and the intersection
of some segments. When necessary, a manual post-processing step was performed to fix
these issues. For a full global approach, these editions can be automated considering the
changes in orientation and the presence of intersections.

The cross-section basic segments are used to extract the bed elevation data from the
selected DEMs. First, the DEMs are preprocessed so the data refer to the same geoid model
(EGM2008) and are projected to the adequate UTM zone. Second, points along csAB are
determined with a horizontal one-meter step from the left bank to the right bank. Third, we
extract the elevation of each point in each raster DEM. This extraction is performed using a
3 x 3 pixel window, centered in the point. The elevation is a weighted mean of the values
of the nine pixels; their weight corresponds to the distance between the pixel center and
the desired point. Finally, to delineate the actual riverbanks, we compute the slope from
the centerline. As implemented in the Simulation and Integration of Control for Canals
software version 5.39a (SIC?) [34], the banks are defined according to the last increasing
slope, and points out of these banks are discarded.

The cross-sections are further converted to symmetrical profiles. This is performed
by drawing horizontal lines for each elevation, considering a 0.01 m step. We define
the parts that are inside of the channel and conserve the width for each elevation. This
simplification has been accepted in other studies facing incomplete topographic information
and uncalibrated discharge estimates [6,7,9]. The profiles are then simplified using a
modified Ramer-Douglas algorithm [35]. It recursively defines which points to keep based
on distances from straight lines connecting significant points, preserving the curve’s general
shape. This algorithm is further explained in the next section, under the breakpoint method.

Finally, consistency tests have been implemented to verify the profiles; nodes that
did not meet these conditions were discarded. The difference between the top and bottom
heights must be greater than 0.5 m. The top width must be greater than the one retrieved
from the Global River Widths from Landsat (GRWL) [36].

The outputs are simplified symmetrical profiles whose width and elevation were
extracted from the DEMs (first blue box in Figure 1 and brown solid lines in Figure 2).

2.2. Cross-Section Burning

As illustrated in Figure 2, we have limited knowledge of the width under the cross-
section bottom elevation (z;,). At this step, we preprocess the cs to include the information
from observed water surface elevations. The methodologies proposed in this study define
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bottom widths (w) from the symmetrical cross-section profiles. The wy, is then used to
create a rectangular channel down to the lowest observed h (h,,;,,). The outputs correspond
to the second blue box in Figure 1 and the green dashed lines in Figure 2.

We use three methods to define the bottom width: the “breakpoint” one, based on the
slope-break method [7,9]; the “continuity” method, based on the Mass Conservation Flow
Inversion (McFLI) [16,17]; and the “bp-cont” one, which combines them by applying the
former, smoothing the output widths, and employing the latter. For each study case, we
perform a reference run with the unmodified symmetrical cross-sections, denominated as
the “keep” run.

2.2.1. The Breakpoint Method

The slope-break method identifies regions in the cross-section that accommodate
different types of hydrological conditions, e.g., low versus high flows. The researchers
diverge on how to define these regions [6,7,9]. In our approach, the breakpoint method,
we consider the first point selected in the algorithm used to simplify the cross-section
profiles [35]. This procedure is shown in Figure 3a.

Scheme of breakpoint method, half symmetrical cross-section at node
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o
2, %
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v
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o
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Figure 3. Breakpoint method (a) and T burning operator (b).
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Consider the symmetrical profile formed by the segments connecting the points
Py(wn,zn),¥n € [1,2,...,N]. We create a segment CD,C(0,z) and D(Wmax, Zimax)-
We compute the orthogonal distance from each point Py to CD, d(wy,z,). The break-
point Py(wy+,z,+) is defined as the most distant point from the segment. In Figure 3a,
Po(wn+, zp+) = Py(wy, z2). From the defined breakpoint width (wy+), we add a rectangular
channel until ,,;,. This is shown in Figure 3b and is performed by the T burning operator.

The T operator is responsible for the modification of the cross-section shape function
w (xj, z), using a bottom width (w;) and a final bottom elevation (be> ,T (w (xj, z), Wy, Zb, ).
For a given wy, the operator first defines z, the elevation that corresponds to this width
in the original profile (intersection of a vertical line drawn at wj, in the z x w coordinate
system). The operator discards the part of the cross-section located under z, and keeps
the part above it (kept and removed segments in Figure 3b). Then, the operator burns a
rectangular channel in the profile. The base of the rectangle is w;, while the height is zj, — z; ;
(added segments in Figure 3b).

Being a purely geometrical approach at the node level, the breakpoint method can cause
sudden variations in the computed wet area and hydraulic radius along the river stretch.
For given water surface elevations at a time instance, this method might create unphysical
variations in the computed discharge in short distances.

2.2.2. The Continuity Method

Consider the Gauckler-Manning-Strickler relationship (Equation (1)), where k;, (x) is
the roughness coefficient, A := A(h(x,t),w(x, z)), R := R(h(x,t),w(x, z)), the wet area
and hydraulic radius, respectively, for z € [zj(x), hmax(x)], and S¢(x,t) = —0h(x,t)/0x is
the friction slope, which can be approximated as the water surface elevation slope [37,38].

Q=kn ARY?S; )

Given the dependencies, one can notice that Equation (1) can be expressed as a
function of the water surface elevation (h(x, t)), the cross-section shape function (w(x, z)),
the friction slope, and the roughness coefficient, which is assumed constant for the reach:

Qlx,t) = Q(km, h(x, t),w(x, z),sf(x,t)),vZ € [zp(x), Zmax (¥)] )

We introduce the continuity method, which modifies the shape of the cross-sections to
ensure a (physically meaningful) flow distribution along the river channel for given water
surface elevations. At a certain time instance, we assume the flow does not present large
variations across a limited number of nodes, defined according to the SWORD reaches,
which stretch for about 10 km.

The continuity method iteratively modifies the width shape function to accommo-
date a target flow ( Qta,ggt). Preference is given to low flows, closer to the bottom of the
css, to avoid modifications in the top parts, assuming they are well-represented in the
DEMs. The method permits controlled variations in discharge (dQy;,,), accommodating
natural fluctuations. When variations exceed this threshold, the approach adjusts the
width of a rectangular-shaped cross-section with base b(x) to achieve Qtarget, minimizing
discrepancies between computed and target discharges:

b(x) = arg min( Q (ky, E(x),b(x),gf(x) — Qtarget ? (3)
min(Q( ) = Qurger)

where /1 and S are averaged values of water surface elevation and slope. To mitigate poten-
tial errors in i observations, we utilize an ensemble of time instances (see Appendix A).
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The methodology ensures continuity through a three-step procedure involving different
data subsets and conditions. In all steps, we consider only time instances where at least
one-third of the nodes have valid observations. The mathematical formulation of the core
algorithm and further details on data subsets are provided in Appendix A.

2.3. Discharge Estimation

The discharge (Q) is computed using an integrated version of the GMS, given in
Equation (4), where oh(t) = —(h(x + dx) — h(x)), assuming a constant k;, throughout the
reach. The deduction of the integrated version is explained in more detail in [32].

_ ki (9(1)) "
Q(t) B x+0x -2 —4/3 1/2 @)
( [559% A(x, ) 72R(x, 1) dx)

X

Solving the discharge would be straightforward if we had full information on the river
channel’s bathymetry and roughness coefficient. However, the latter is unknown, and we
only have partial information on the bathymetry. We rely on a probabilistic approach to
estimate the flow along with these unknown variables. We define possible candidates for
the discharge by varying the roughness and the wet bathymetry. The latter is considered
to be a rectangular channel defined by the bottom width of the dry bathymetry (wy)
and variable bottom elevation (z') to be estimated. For each pair of z’ x k,, candidates,

we compute the mean flow in time, Q(Z/,1), and extract its corresponding probability,

0 (km é(z’ , 1)) . The final estimated discharge per time, Q(t), is given as the weighted mean
solution given by the integral:

k;‘nb 1ub

AQt) = / K / | Q(t,z’,1)p(km{g(z’,1))dz'dkm 6)

b

To define the integration limits for the roughness Strickler coefficient, we consider a wide

range of values, from 10 to 60 s/ ml/3

, which covers the values expected for natural river
channels [39,40]. The bounds for the wet bathymetry are defined according to the prior mean
discharge by inverting the traditional GMS, similar to what is performed in the continuity
approach (Equation (3)), but solving for the height instead of the width. For each bound,
the target discharges are taken from the prior probability distribution, and the roughness
coefficient is defined accordingly to match the lower or upper limits. The ensemble of times is
selected according to the proximity to the dry bathymetry’s mean discharge.

After obtaining the discharge from Equation (5), the output roughness is picked from
the candidates as the one with the lowest root mean square error compared to the discharge
output. The final depths are resolved with the same inversion to compute the integration
limits for the wet bathymetry. Here, we use low-flow times instead of mean times and a
target discharge from the discharge output, not the prior distribution.

The output cross-sections correspond to the third blue box in Figure 1 and the blue
dotted lines in Figure 2. With the keep run for the cross-section pre-processing, the prob-
abilistic approach (Equation (5)) does not consider candidates for the bottom elevation,
assuming the cross-section provided is correct.

2.4. Evaluation Metrics

The metrics Relative Root Mean Squared Error (RRMSE), percent bias (PBIAS), Pearson
correlation (cor), Kling-Gupta efficiency (KGE), and KGE« (ratio of variances) are used as
indicators of errors. The concept of relative is frequently employed; in these cases, the error
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metric is divided by the validation mean. In some parts, the data are filtered into five flow
categories according to the cumulative probability distribution of the validation discharge (Q,g).
Minimum flows have Q,,;; smaller than 5%; for low flows 5% < Q,; < 25%; mean flows;
25% < Qpar < 75%; high flows 75% < Qa1 < 95%; and maximum flows have Q,,; > 95%.

3. Datasets

All data mentioned is openly available and listed in the Open Data section.

3.1. Global Remotely Sensed Digital Elevation Models (DEMs)

Over the past 25 years, distinct organizations have contributed to creating global
DEMs. Table 1 summarizes the (quasi) global models analyzed in this study;, all of which
are openly available for research purposes.

Table 1. Summary of (quasi-)global digital elevation models.

DEM Version Features P{xel Main Source Acqu1.51t10n Accuracy Dataset
Size Period Reference
" February 2000
SRTM 3.0 DSM 1 C band SAR (11 days) <9 m (LE90) [41] [42]
ASTER 3.0 DSM 1" Sf;i‘g’g;R 2000-2013 8.5 m (RMSE) [43] [44]
TanDEM-X 1.0 DSM 3/ X band SAR 2011-2015 <10 m (CE90) [45] [46]
AW3D30 4.0 DSM 1" Stereo PAN 2006-2011 <6 m (LE90) [47] [48]
imagery
MERIT 103 DSM * 3/ Modified SRTM T d(’lr ?j;’yi?oo <12 m (LE90) [49] [49]
MERIT-Hyro 1.0.1 DSM * 3" Modified SRTM ~ February 2000 - [50]
(11 days)
. " Modified _
Copernicus 2022_1 DSM 1 Tandem-X 2011-2015 <3 m (LE90) [51] [24]
I Reprocessed C February 2000 )
NASADEM 1.0 DSM 1 D OAR (11 days) [52]
I Modified ~ 5
FABDEM 12 DTM 1 Tandemx 2011-2015 <9 m (90%) [53] [54]

* Even though the vegetation cover was removed, MERIT and MERIT Hydro are not considered DTMs as they
still represent the heights of buildings.

The heights represent natural and/or anthropological features of the environment
(Digital Surface Models—DSMs) or the elevation of the “bare Earth” (Digital Terrain
Models—DTMs). The vertical accuracy given in Table 1 corresponds to the metrics provided
by the data producers or systematic validation studies. To our knowledge, these are not
available for MERIT-Hydro or NASADEM.

In the column “main source” of Table 1, the models can be divided into those directly
derived from remotely sensed images and those built on top of one of the existing DEMs
with added processing steps.

In the first group, SAR interferometry (InNSAR) was used to retrieve the heights for
SRTM [55], NASADEM [56], and Tandem-X [57], while ASTER [58] and AW3D30 [59]
employed stereocorrelation. InSAR limitations include (i) smooth terrain or water surfaces,
where little of the emitted signal returns; (ii) dense vegetation, urban areas, or fast-moving
water bodies, which can lead to a lack of coherence [60-62]. Stereocorrelation has limitations
over dense vegetation and water surfaces, which can confuse the matching process as they
lack distinct features [63-68]. The public version of Tandem-X DEM analyzed in this study
has no further refinement [69], while the aforementioned products were post-processed to
detect anomalies and fill voids.
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The second group comprises four DEMs. The “Multi-Error-Removed Improved-
Terrain” (MERIT) DEM was built by removing errors in the models SRTM and AW3D30 [49].
MERIT-Hydro is the hydrologically adjusted version of the MERIT DEM, built using
auxiliary water datasets [50]. Copernicus DEM [70] is a resampling from WorldDEM™ [71],
which was, in turn, built from TanDEM-X. The “Forest And Buildings Removed Copernicus
DEM” (FABDEM) modified the ESA DEM and turned it into the only DTM analyzed in
this research [53].

Both InNSAR and stereocorrelation are limited in retrieving elevation over water. Over-
coming this, most of the global DEMs were refined by modifying the water bodies. The
post-processing of SRTM [72], ASTER [73], and WorldDEM™ [71] included a stepwise adjust-
ment of the height of rivers from a point upstream to the sea, whose height is set to zero. To
detect rivers, the first and the last one employed a minimum width criteria of 183 and 50 m,
respectively. For ASTER, there was a minimum area of 0.2 km? for the detection of rivers or
lakes. The size of the step of the first two is one meter, as opposed to 0.5 m for the last DEM.
Along the river length, the breakpoints of the steps are a result of extensive iterations. After
the correction of the heights of the water bodies, the riverbanks were lifted by one meter for
ASTER and SRTM and to at least the height of the neighboring water body in World DEM™.

A core motivation for reprocessing SRTM data for the NASADEM was improving the
water representation [74]. The adjustments were mainly focused on a better agreement
between the adjacent terrain and the interpolated river heights. However, the authors mention
that the monotonicity of the river that is present in SRTM might have been lost in some
locations. As with SRTM, there was a step to ensure the banks were at least one meter higher.

For Copernicus DEM [70] and FABDEM [53], there is no mention of any extra pro-
cedures for the water bodies. According to the producers of the Copernicus DEM, the
resampling made from WorldDEM™ does not necessarily keep the hydrological consis-
tency of the original DEM.

The authors of MERIT mention the improvement in the elevation representation of
floodplains, yet no additional procedure was indicated for water bodies [49]. The producers
of MERIT-Hydro used auxiliary water masks to create a likelihood mask to burn the water
bodies on the DEM [50]. After properly defining the streams, the terrain was modified to
enforce the desired flow direction. The river heights were modified so they are always
decreasing. For AW3D30, the water surfaces were interpolated from neighboring valid
pixels without further refinement [75].

3.2. Water Surface Elevation from Virtual Stations

Since the early 1990s, satellite radar altimetry has enabled continuous monitoring
of water surface topography by measuring the round-trip travel time of electromagnetic
pulses emitted in the nadir direction. The returned signals, recorded as waveforms, are
processed using retracking algorithms to determine the distance between the satellite and
the water surface, with corrections for atmospheric and geophysical effects [76]. Originally
designed for ocean height measurement, altimetry is also applied to lakes and rivers at
“virtual stations”, where ground tracks intersect water bodies. Unlike oceans, inland water
bodies produce complex waveforms due to mixed reflections, often requiring empirical
models for accurate retrieval [77].

Early studies for rivers were focused on large river basins, with river widths greater
than 1 km, due to the footprint size of the satellites available at the time (e.g., ERS1
and TOPEX/Poseidon [78,79]. Nowadays, with more suitable retracking algorithms and
modes [80,81] and the use of SAR-like processing in newer sensors (e.g., Sentinel-3 and
Sentinel-6 [82,83]), nadir altimeters can resolve water surface elevation () for rivers in the
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orders of a few hundred meters in width. Some limitations of discharge modeling from radar
altimetry can be connected to narrower channels and more mixed signals in the waveform [14].

Different organizations provide inland altimetry time series: DAHITI [84,85], G-
REALM [86], Hydroweb.next [87], and Hydrosat [88]. In this study, we obtained data from
Hydroweb.next.

The beginning of the study period of this research was defined according to the year
Jason-3 and Sentinel-3A were launched: 2016. The end of the study was mid-2024. During
this period, the following traditional altimetry satellite missions orbited the Earth: Jason-2,
Jason-3, Sentinel-3 (A and B), and Sentinel-6.

Jason-2 was launched in 2008 and remained operational until mid-2016, when it was
replaced by its successor, Jason-3. Both satellites operate with a 9.96-day repeat cycle and
are equipped with conventional low-resolution mode radar altimeters [89,90]. Overland,
the footprint of these sensors is in the order of a few kilometers; the exact value depends
on the slope of the surface and large-scale roughness.

Each Sentinel-3 is equipped with a Synthetic Aperture Radar Altimeter (SRAL) and
has a revisit time of 27 days [82]. Sentinel-3A was launched in 2016, while Sentinel-3B was
launched in 2018. These sensors’ spatial resolution is much higher than that of conventional
altimeters, around ~300 m [77].

Launched in 2020, Sentinel-6’s payload allows both SAR capabilities and the con-
ventional mode of acquisition, as with Jason-3 [83]. From April 2022, Sentinel-6 took the
position previously occupied by Jason-3.

4. Study Areas

Figure 4 displays the two study areas: the Garonne River in France and the Po River
in Italy. They were selected due to the availability of comprehensive bathymetric reference
data covering both underwater and above-water surfaces.
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Figure 4. Study reaches of the Garonne River (top right) and Po River (bottom) displayed over
Copernicus DEM. Overview of the basins (small squares in the middle) and of the studied reaches in
the basins (top left).
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4.1. The Garonne River

The Garonne runs 525 km from the Pyrenees to the Gironde estuary. The reaches
analyzed in this study are in the “middle Garonne”, a region characterized by strong floods,
under the combined influence of the tributary rivers Tarn and Lot [91]. The lowest flows
are observed in the late summer months (August-September), from which the discharge
gradually increases, reaching the peak in January-February [92]. In Tonneins, the mean
discharge in our study period was 490 m3/s, ranging from 60 m?/s to 6000 m3/s.

The part of the river under consideration in this study is shown in the top right part of
Figure 4. It corresponds to six SWORD reaches. The widths corresponding to their mean
flow, extracted from GRWL, vary from 150 to 190 m.

The data for the three in situ stations in the Garonne River can be accessed in EauFrance
HydroPortail. We downloaded instantaneous measurements of water surface elevation
and discharge. The interval between the collection times is 15 min, but some gaps exist.
We analyzed the time series visually to detect outliers. The data were then aggregated to
daily means, and the /i was corrected to refer to the geoid EGMO08 model. Unless specified
otherwise, the validation of the discharge was conducted within the reach of Tonneins.

The satellite missions Sentinel-3 (A and B), Jason-3, and Sentinel-6A fly over this study
area (respectively, S-3A, S-3B, J-3, and S-6A in Figure 4). In this study, we obtained data
from four virtual stations in Hydroweb.next, their locations are illustrated in Figure 4, with
the respective mission. In this database, their identifiers are, from upstream to downstream:
“KM201”, “KM0194”, “KM0191”, and “KM0163”. Between June 2016 and June 2024, there
are a total of 376 measurements from Jason-3, 103 from Sentinel-3, and 167 from Sentinel-6.
No further processing (e.g., removal of outliers or smoothing) was performed.

Between 2021 and 2026, the French National Institute of Geographic and Forest Infor-
mation is working to provide DEMs acquired by aerial LiDAR (Airborne Light Detection
and Ranging) surveys [93]. In 2013, an Acoustic Doppler Current Profiler (ADCP) obtained
the underwater topography at defined points of the river. Our study area has twenty-seven
surveyed cross-sections. The combination of these data was performed by Centre Européen
de Recherche et de Formation Avancée en Calcul Scientifique (CERFACS).

4.2. The Po River

The Po River flows from the Alps towards the Adriatic Sea for about 650 km. A levee
system extends for the last 420 km of the river watercourse [94]. In its alluvial plain, the
Po Valley, the river follows a pluvial regime with two peak periods, one in the autumn,
which reflects the intensification of rainfall, and another in the spring, corresponding to the
snowmelt, while the lowest flows are observed in the summer months (July—August) [95].
In our study period, the mean discharge at Sermide was 1200 m3/s, ranging from 160 m3/s
to 6000 m>/s.

Figure 4 illustrates the seven SWORD river reaches analyzed in this study. Their mean
flow widths range from 280 to 480 m.

The data for the four in situ stations in the Po River is provided by Arpae-Simc Emilia-
Romagna. We downloaded / and Q data. The interval of collection was 30 min; gaps
are also present in this dataset. The data were preprocessed in the same way as with the
Garonne River. Unless specified otherwise, discharge validation efforts were focused on
the reach where the station Sermide is located.

These reaches are in the path of the same satellite missions as the Garonne study area,
with the addition of Jason-2 (J-2 in Figure 4). In this study, we obtained data from five
virtual stations from Hydroweb.next: “KM0145”, “KM0140”, “KM098”, “KM096”, and
“KMO082” from upstream to downstream (Figure 4). In the study period, there are a total of
206, 275, 18, and 15 measurements from J-3, S-3, S-6, and J-2, respectively.
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The Po River Basin Authority produced a 2 m resolution DEM in 2005, offering
detailed information on the riverbed topography across the middle-lower section of the
watercourse [96]. This DEM integrates data acquired by aerial LIDAR and multibeam sonar
at defined cross-sections. Eighty surveyed cross-sections are present in the study area.

5. Results

The results are separated into four sections. The first section focuses on the comparison
between the DEMs and the LiDAR in the entire study area, considering only the dry
bathymetry. The second section explores how the choice of DEM and the burning methods
influence the discharge outputs using / data from in situ stations. A total of 80 test cases
were analyzed. In the third section, we study how changing the h source to virtual stations
modifies the discharge estimates. In the fourth part, the focus is then shifted to the full
bathymetry, comparing the effective output geometry in hydraulic terms for the whole
study area.

5.1. Impact of DEMs on the Dry Bathymetry

For the cross-sections’ top elevation, there is an overall agreement between the DEMs
and the LiDAR. Dikes, riparian vegetation, and buildings can cause small variations. The
LiDAR depth is typically lower than other DEMs. The bottom depth of the LiDAR reference
for the Po shows more variations than the one of the Garonne River.

In both study areas, the post-processing stepwise procedure to decrease the water
surface elevation can be observed in the SRTM, ASTER, NASADEM, Copernicus, and
FABDEM. Some sinks happen because of nearby water bodies whose height was not
modified. In the first 35 km of the Garonne River for ASTER, the stepwise procedure
resulted in values higher than those of the adjacent terrain. Our methodology for defining
and extracting the cross-section does not expect the water level to be higher, showing a
shallow, narrow channel that is relatively higher (Figure 5a).
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Figure 5. Representative cross-section profiles for the Garonne (a) and the Po (b).

The bottom profiles of AW3D30, and especially Tandem-X, present more variations.
The first has interpolation-related inconsistencies, and the last lacks special treatment for
water bodies. Overall, MERIT and MERIT-Hydro exhibit higher bottom elevations, which
are illustrated in the representative cross-sections (Figure 5). This is attributed to their
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resolution (90 m) and the width of the rivers, which increase the likelihood of capturing
mixed targets (water and land).

To analyze the dry bathymetry, we focus on the common part between the LiDAR’s
reference and the global DEMs. The results are presented in Table 2. For each node, we
first determine the lowest top elevation (zax, (x]-)) between the DEM under analysis and
the reference. The cross-sections’ top is then cropped to this common height. The common
depths with the LiDAR (Table 2) are then computed as:

(Zm“xc (xj) ~ Zbpem (xj)) / (Zmﬂxc (xf) T Zbyes (xf)>

where z;, is the bottom elevation of the cross-section. In the node located at 43.7 km in the Po
River for FABDEM (Figure 5b), for example, this value would be (14 —4)/(14 — 1) = 77%.
The values presented in the corresponding columns in Table 2 are aggregated in space. We
also analyzed the common area. For this, in addition to cropping to the z;4x, (xj) , we also
limit the bottom part to the highest elevation between the reference and the target DEM.
The area difference is expressed as relative errors in Table 2.

Table 2. Common Depth and Relative Errors in Area.

Common Depth with Relative Errors in Area for

River DEM Reference (%) Common Part (%)
25% Median 75% 25% Median 75%
AW3D30 24.79 38.80 54.16 —61.73 —42.18 —28.38
ASTER 23.85 31.50 44.68 —37.66 —16.74 —1.49
SRTM 28.80 35.03 45.58 —40.39 —28.95 —15.62
NASADEM 44.74 54.47 62.99 —29.90 —17.45 —7.26
Garonne  MERIT 16.96 23.39 32.26 —48.27 —26.08 —15.52
MERIT-HYDRO 22.53 28.98 37.49 —30.43 —16.95 —7.79
TANDEM-X 26.82 40.64 58.80 —56.66 —34.39 —20.53
COPERNICUS 81.27 91.08 100.00 —4.71 3.40 9.64
FABDEM 80.71 90.47 100.00 —7.55 —0.25 7.73
AW3D30 35.53 46.03 57.79 —33.41 —21.31 —13.73
ASTER 48.28 57.26 65.35 —16.64 —6.21 —0.23
SRTM 46.43 54.45 62.81 —-11.72 —5.07 0.81
NASADEM 43.78 54.03 61.09 —15.75 —-7.23 —1.75
Po MERIT 28.40 35.55 41.45 —37.51 —23.28 —14.22
MERIT-HYDRO 33.97 40.42 46.89 —32.56 —21.28 —12.18
TANDEM-X 34.77 51.23 75.02 —60.17 —41.04 —25.31
COPERNICUS 50.26 58.92 66.32 —8.82 —3.53 0.10
FABDEM 48.00 56.51 64.52 —-9.21 —4.18 0.14

In Table 2, one can see there is an overall tendency to underestimate the area of the
dry bathymetry. Except for Tandem-X, Copernicus, and FABDEM, dry bathymetry is better
represented in the Po than in the Garonne River, with smaller area underestimations and a
larger common observed depth.

For both study areas, the median common depth observed by MERIT and MERIT-
Hydro is the smallest compared to the other DEMs. Tandem-X’s and AW3D30’s underesti-
mation of the area is remarkable in both study areas, indicating narrower channels, as seen
in the sample cross-section for the Garonne (Figure 5a) and the Po (Figure 5b).

FABDEM and Copernicus stand out with the smaller absolute median errors, with over
50% of the errors within £10% of the LiDAR in both regions (Table 2). This is particularly
relevant as those are also the DEMs with the largest common depth. These DEMs have a
strikingly high common depth with the reference for the Garonne. With a limited number
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of sampled locations and depth similar to these DEMs, the validation with the Garonne’s
LiDAR bathymetry must be performed mindfully.

5.2. Impact of DEMs and Cross-Section Burning on the Discharge Estimate

In this section, the results presented correspond to the runs with in situ water surface
elevations (/). In the keep run, the depth and the width of the cross-sections (cs) are not
modified. This method limits the number of time instances and nodes with outputs, as
only h observations inside the original css are considered.

In the keep run with the reference DEM (LiDAR), the estimated discharge for the Po
River is almost a perfect fit (Figure 6b). It captures perfectly the flow dynamics (cor = 1.0),
with a slight overestimation of the flows (PBIAS = 2.25%). Even with the & interpolation
and constant roughness, the model achieves outstanding performance.
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Figure 6. Output hydrographs with the unmodified LiDAR sections with in situ observations for the
Garonne (a) and the Po (b) Rivers.

For the Garonne River (Figure 6a), the dynamics are captured very well (cor = 0.99),
but it exhibits a significant overestimation of flows (PBIAS = 31.65%), particularly at lower
values. The absence of low flows (<250 m®/s) and a bottom depth that is similar to other
DEMs (Table 2) suggests the lower number of surveyed cross-sections and the interpo-
lation between them significantly influences the results. By modeling only nodes close
to the surveyed sections, the estimated discharge suffers from a strong underestimation
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(PBIAS = —59.4%), and the low flows are constantly close to zero. This indicates the &
interpolation between the in situ stations and constant roughness also degrade the results
for the French River.

In many cases of the keep run with the other DEMs, the discharge could not be
estimated due to insufficient dates. This run generally results in inferior outcomes, as
shown in the smaller KGE bars of Figure 7. Applying any of the burning methods to the
symmetrical css results in KGEs closer to 1.0, the ideal value, highlighting the importance

of this study.
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Figure 7. Estimated discharge KGE for the Garonne (a) and for the Po (b).

In the keep run for the Garonne River, Copernicus and FABDEM unexpectedly outperform
the LiDAR (Figure 7a); however, they underestimate the flows (PBIAS ~ —22.45%). The
good results of these elevation models are linked to their high observed depths (Table 2),
which dropped the need for cross-section preprocessing.

The errors decrease when one of the burning methods is applied: breakpoint, continuity,
or bp-cont (Figure 7). Overall, the Po River’s results tend to be better than those of the
Garonne. With the preprocessing, most runs effectively capture flow dynamics, with
cor > 0.95. Exceptions occur with ASTER and MERIT-Hydro for the Garonne using the
breakpoint method, where this coefficient drops to 0.81 and 0.74, respectively. ASTER’s
results improve with the continuity method (cor = 0.93).

With the breakpoint method in the Garonne River, MERIT-Hydro and ASTER under-
perform (Figure 7a), with KGE values below 0.1, while Copernicus and FABDEM deliver
exceptional results. This method performs notably better for the Po River (Figure 7b), where
the breakpoint method achieves KGE > 0.65 for all DEMs except Tandem-X. Performance
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issues with Tandem-X stem from variability in dry bathymetry (Table 2), which is related to
insufficient processing. Inconsistencies in this part of the bathymetry with AW3D30 for the
French River also diminish the predictability of the discharge model for this DEM.

The continuity method degrades the estimates” performance in the Po River for
AW3D30, MERIT, and MERIT-Hydro, with KGE reductions of at least 0.25 compared
to the breakpoint method (Figure 7). With this approach, Copernicus and FABDEM reach
high KGEs (>0.86) in both rivers, reflecting their superior representation of dry bathymetry
and high observed depths (Table 2).

The bp-cont method results in correlation coefficients consistently exceeding 0.99,
absolute bias remaining below 15%, and KGE always above 0.62. This method outperforms
others in 15 out of 18 variations (Figure 7), showcasing its adaptability.

In the relatively worse bad cases for the bp-cont technique (Copernicus and FABDEM
for the Po), there was an increase in KGE« (~1.25). Further, the model tends to slightly
overestimate the flows (PBIAS = 8%), independent of the flow patterns. The higher KGE«
and the PBIAS reflect a wider bottom of the output cross-sections.

To better illustrate the outputs of the burning methods, hydrographs are presented for
the ASTER in the Garonne (Figure 8a), MERIT-Hydro in the Garonne (Figure 8b), and Po
(Figure 8c). Representative css for each of these cases are displayed in Figure 9.

MERIT’s and MERIT-Hydro’s performance is impacted by the low depth common
depth with the LiDAR in the dry bathymetry (Table 2). In the Garonne, the breakpoints
retrieved for the latter DEM are usually quite high, resulting in deep, narrow squared
channels (Figure 9b), which are only able to capture very low flows (Figure 8b). High peaks,
such as the one of January 2022, are properly modeled when the observed water surface
elevations are within the dry bathymetry from the DEMs, e.g., above 22 m in the node
represented in Figure 9b.

The narrow, deep channel is also seen in many nodes in the ASTER DEM for the
Garonne with the breakpoint method (Figure 9a). As explained in Section 5.1, this channel
originates from a relatively more elevated water body than the surroundings. As with
MERIT-Hydro, the narrow channel of ASTER limits the model’s ability to predict higher
flows (Figure 8a). The wider cross-section reconstructed in some nodes improves the results
compared to MERIT-Hydro.

For the Garonne River, ASTER (Figure 8a) performs even worse with the continuity
method (KGE < 0) due to the persistence of narrow channels (Figure 9a). On the other hand,
MERIT-Hydro shows some improvement (Figure 8b). In the first step of this method, the
time instances in which at least ! /5 of the nodes have valid observations inside the original
symmetrical css are considered. Due to the high narrow channels seen in the original
ASTER but not in MERIT-Hydro (Figure 5a), the continuity assumption propagates the error
and further degrades the results for the first DEM but not for the latter.

An interesting anomaly is observed in the Po with MERIT-Hydro during the July 2022
drought (Figure 8c). A non-physical increase in discharge at low flows is noted for the
continuity method but not for the others. This is attributed to the GMS equation (Equation
(1)) with relatively narrow rectangular channels with very low water levels (Figure 9c).

The bp-cont method combines the strengths of the other methodologies. Particularly
for the MERIT-Hydro in the Po, this approach frequently defines two regions with distinct
widths (Figure 9¢). The highest width is derived from the breakpoint and the first part of the
continuity method, while the lowest is derived from the sequential parts of this algorithm.
Dividing the regions allows better accommodation of distinct flow conditions (Figure 8c),
resulting in a very good KGE (Figure 7b).
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Figure 8. Hydrographs with the different preprocessing methods for ASTER in the Garonne (a),
MERIT-Hydro in the Garonne (b), and MERIT-Hydro for the Po (c).
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Figure 9. Representative cross-section profiles with the different burning methods for ASTER in the
Garonne (a), MERIT-Hydro in the Garonne (b), and MERIT-Hydro for the Po (c).

5.3. Impact of Water Surface Elevation Sources on the Discharge Estimate

When remotely sensed (RS) water surface elevation (/) data are used, there is a general
decline in performance. The uncertainties RS / decreased the correlation coefficients by
approximately 0.14 for the Garonne and 0.12 for the Po, with the resulting values ranging
from 0.84 to 0.88. In the Garonne, the bias metrics also reveal critical differences, with a
significant shift from underestimation (—~15%) to overestimation (~30%). For the Po, such
shifts were not observed.

In the Italian river, the bp-cont method produces KGEs above 0.73 in all the DEMs
except AW3D30, with KGE = 0.58. The model was very good for ASTER, SRTM, NASADEM,
MERIT, and MERIT-Hydro (KGE = 0.85). The decreased performance compared to the in
situ h follows the change in the correlation coefficient. In this river, AW3D30, Copernicus,
and FABDEM had the best results with the breakpoint method (KGE > 0.85), which is similar
to the runs with in situ elevations (Figure 7b).

In the French river, the results are more limited. ASTER, AW3D30, NASADEM,
and FABDEM have 0.63 < KGE < 0.72 for the bp-cont approach. The other DEMs have
KGE« > 1.3 and a larger PBIAS (~42%), resulting in KGEs 0.38 < KGE < 0.46.

The continuity method failed to find solutions for some DEMs for the Garonne (SRTM,
MERIT, and MERIT-Hydro). This was primarily due to a lack of valid observations inside
the original cross-sections for at least one-third of the nodes. The virtual stations reduced
the probability of finding points that would fit these more elevated and shallower css
(Table 2).

To further explore the differences in the output discharge when we move from in situ
to remotely sensed water surface elevations, we focus on the breakpoint technique. Based
exclusively on geometric considerations, the cross-sections derived from this method are
similar for both h sources before the discharge estimation part. Thus, any differences in the
results are mostly due to the variation in the & data, which influences the final discharge
estimation step.

Interestingly, the breakpoint method for Copernicus DEM for the Garonne shows dra-
matic differences: the KGE decreases from 0.88 (in situ) to 0.51 (virtual). This deterioration
can be attributed to errors introduced by the constant slope and the water surface elevation
source. Comparing these to the modeled discharge, there is a weaker correlation with
the slope errors (=0.4) and a stronger one (>0.8) for the mean & errors, emphasizing the
influence of the latter’s accuracy.
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Table 3, segmented by sensors and flow types, further explores the variation in the h
source for the breakpoint method for Copernicus DEM. As the number of samples for each
flow category is not uniform, ten random dates were selected from each class to compute
the error indicators. If there were not sufficient dates, the cell contains “nd” and the number
of dates. The indicators for the “all” rows use all available dates.

Table 3. Discharge error indicators by flow and sensor for the Copernicus DEM and the breakpoint
method.

Date

River  Flow Distribution RRMSE PBIAS
In In In
Situ All Situ ]2 ]-3 S-3 S-6 All Situ ]2 J-3 S-3 S-6 All
Min  498%  6.15%  5545% nd=0 13851% nd=4 24242% 22845% —5544% nd=0 12025% nd=4 23214% 213.40%
Low  19.99% 2326% 38.89% nd=0 131.61% 8141% 126.83% 181.08% —38.82% nd=0 121.35% 39.79%  119.36% 145.96%
Mean  50.02%  53.49% 1096% nd=0 64.64% 35.87% 74.86% 10622% —10.68% nd=0 57.70% —3029% 70.24%  48.51%
Garonne  ‘fioh  19.99%  1645%  521% nd=0 3343% 28.39%  39.69%  40.14% —505% nd=0 2596% —20.65% 36.22%  27.53%
Max 5.01% 0.66% 5.62% nd=0 nd=1 nd=2 nd=1 nd=4 —213% nd=0 nd=1 nd=2 nd=1 nd=4
All 100.00% 100.00% 9.97% nd=0 58.83%  4951% 71.66% 60.38% —897% nd=0 4212% —1299% 66.04%  38.09%
Min  502%  511%  21.09% nd=0 nd=0 4469% nd=5 24129% -20.80% nd=0 nd=0 —0.62% nd=5 143.75%
Low  19.98% 2238% 1173% nd=3 41.68% 3642% nd=7 3454% 4.62% nd=3  329% 1443% nd=7  814%
Mean  50.00% 48.42%  6.61% nd=5 1929% 752% nd=6 1426% 6.16% nd=5 1095% —349% nd=6  236%
Po High  1998% 20.68% 3.61% nd=6 986% 1080% nd=0 517%  1.62% nd=6 0.65% —58% nd=0 —0.80%
Max  5.02%  341% 441% nd=1 nd=5 nd=8 =nd=0 1612% 202% nd=1 nd=5 nd=8 nd=0 —6.58%
All 100.00% 100.00% 6.57%  11.03%  29.24%  21.67%  124.24% 2623%  3.64%  293%  697%  —235% 8410%  3.23%

Minimum flows are subject to larger errors with both in situ and in the RS observations.
This is expected as the model estimates the discharge, roughness, and bottom depth
simultaneously. Therefore, when the /s are closer to the lower part of the cross-sections,
which was also estimated, the discharge is more prone to errors. However, the magnitude of
the errors for the RS data is much larger in the min flow range, with major overestimations.

Analyzing the performance of each sensor (Table 3), Sentinel-3 (S-3) shows better
indicators than Jason-3 (J-3) for both rivers. The number of observations for Jason-2 is
limited as it was decommissioned just after the study period started. Similarly, fewer
observations for Sentinel-6 (5-6) can be attributed to the shorter period this satellite has
been in orbit.

For the Garonne River, S-6 has similar metrics to J-3, while S-3 has better indicators,
especially considering the absolute bias. For the Po River, the indicators for S-6 are signifi-
cantly worse than the other sensors. This is aggravated by the absence of observations of
high and max flows, which are usually better estimated.

An example of how the h data impact the results is shown in Figure 10 for the summer
drought of 2022 in the Po River and in the same period for the Garonne. For the Italian
river (Figure 10b), the hydrograph of the virtual observations contains remarkable peaks
that do not capture the true dynamics, which were also not modeled with the in situ data.
These peaks were all due to Sentinel-6 observations, an indicator of intersensor bias. For the
French river (Figure 10a), a smaller bias between S-3 and S-6 can be seen, with the presence
of sinks during the S-3 observations.

This figure also illustrates overestimation trends for low flows with all sensors in the
Garonne River (Table 3). In contrast, the Po does not show systematic biases in this range.
This discrepancy can be explained by differences in flow distribution between the two
rivers (Table 3). We draw attention to the low number of high and especially max flows
for virtual observations in the Garonne: during the 8 years of the study period, there were
only 4 dates for the max category. This relative lack of high and maximum flows (16% and
1%) compared to the reference (20% and 5%) skewed the distribution and impacted the
probabilistic approach used for discharge estimation, leading to systematic overestimations
to compensate for the scarcity of high flows. In contrast, the Po’s distribution (21% and 3%)
was closer to the in situ reference, avoiding this strong bias.
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Figure 10. Hydrograph varying the h source focused on low flows for the breakpoint method on
Copernicus DEM on the Garonne River (a) and the Po River (b).

5.4. Impact on the Effective Bathymetry

To compare the effective bathymetry, we introduced the concept of debitance, which
is the part of the GMS Equation (Equation (1)) that depends exclusively on the channel
geometry, excluding the slope and the roughness terms. In this section, water surface
elevations interpolated from in situ stations are used to compute the debitance at each node.

Table 4 summarizes the median relative debitance error with the reference LiDAR
cross-sections for different flow categories. For each flow, the cells are colored from green
to orange, from the lowest to the highest absolute values in each type. The color coding is
meant to help visualize the best and worst cases for each flow type in terms of the burning
method and DEM input.

Given the uncertainties of the interpolation between the surveyed wet bathymetry
sections, only nodes adjacent to the surveyed css are used, limiting the analysis to about
55 nodes in the Garonne and 155 in the Po. The similarity with the LiDAR does not
necessarily mean a better discharge estimate, especially for low flows in the Garonne River,
as seen with the keep run (Figure 6a).
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Table 4. Median relative debitance error.

River Flow Method ALOS ASTER SRTM NASADEM MERIT ﬁf]g:;r Tandem-X Copernicus FABDEM
breakpoint 293.07% 469.26% 500.04% 515.76% 489.25% 460.48% 516.10% 495.03% 509.12%

low continuity 564.43% 550.87% 610.58% 640.18% 603.97% 580.42% 639.74% 569.67% 556.99%

bp-cont 362.35% 501.42% 545.02% 530.21% 519.12% 516.38% 543.06% 517.87% 544.12%

breakpoint 82.62% 177.51% 99.65% 152.37% 217.00% 211.02% 194.21% 140.04% 123.12%

Garonne ~ 'mean continuity 63.75% 186.48% 120.73% 119.35% 154.93% 171.06% 140.19% 143.52% 140.83%
bp-cont 110.34% 178.98% 124.75% 143.98% 215.96% 226.94% 202.44% 151.86% 140.93%

breakpoint 32.44% 61.13% 57.78% 51.66% 87.01% 89.00% 55.02% 45.58% 34.53%

high continuity —15.32% 8.55% 23.45% 14.52% 27.95% 44.87% 18.00% 34.81% 35.76%

bp-cont 43.34% 74.87% 37.39% 51.77% 89.24% 97.14% 68.14% 51.35% 45.45%

breakpoint —1417%  —17.19% —19.01% —19.45% —17.68% —18.83% —16.73% —15.85% —14.12%

low continuity —19.54%  —17.96% —21.21% —16.88% —17.37% —14.94% —16.31% —12.39% —12.28%

bp-cont —17.25%  —17.63% —16.90% —16.05% —13.10% —14.33% —15.49% —17.45% —16.83%

breakpoint —0.93% —8.83% —8.97% —9.75% —7.31% —10.00% —7.70% —5.59% —3.38%

Po mean continuity —20.90% —6.39% —15.38% —10.40% —16.74% —12.82% —21.91% —10.08% —8.61%
bp-cont —1.67% —6.56% —6.09% —6.68% —0.37% —1.79% —5.60% —3.78% —3.93%

breakpoint 1.56% —6.77% —11.34% —9.81% —3.88% —7.11% —9.14% —1.24% —1.08%

high continuity —36.25% —5.69% —16.86% —11.78% —20.01% —24.27% —34.84% —9.98% —11.02%

bp-cont 8.20% —3.75% 0.28% 0.65% 5.33% 4.13% —0.37% 0.43% 2.81%

The cells are colored from green to orange, from the lowest to the highest absolute values in each flow type.

In the Garonne River (Table 4), the general trend is to strongly overestimate the
debitance, which is more pronounced in low flows. In the Po River, there is a tendency
to underestimate the debitance, which is more visible at lower water levels. The absolute
values are closer to the LiDAR than the Garonne, indicating the general methodology and
assumptions were less limited for the Po River study case.

In the Po River, MERIT, MERIT-Hydro, Tandem-X, and especially AW3D30 have
narrow channels for the continuity method, which results in widths around 44% smaller for
the first three and 60% smaller for the latter. As the cross-section is filled, the underestima-
tions become more significant for Tandem-X due to its smaller dry bathymetry (Table 2).
The same pattern with a similar magnitude is observed for AW3D30, given its smaller
bottom width, while the better-represented dry bathymetry of MERIT and MERIT-Hydro
attenuates this pattern.

The breakpoint and bp-cont methods produce similar results for the Po at mean flows.
Since the first method does not guarantee consistency between cross-sections, its interquar-
tile range is more significant than that of the second method by, on average, 65%. Even
though the former method resulted in better discharge estimates for the Po River for Coper-
nicus and FABDEM (Figure 7b), the output cross-sections for the latter are more similar to
the reference. This can be visualized in Figure 11a, which shows the spatial variability of
the debitance errors for the different methods on Copernicus DEM.

For the bp-cont method, the higher overestimations observed between 5 and 10 km for
the breakpoint approach are smoothed with the continuity step, reducing the overestimations
for low and mean flows. As the continuity technique targets low flows, the results for higher
discharges are nearly the same between the breakpoint and bp-cont methods in this stretch.

Figure 11b further explores the adaptability of the bp-cont method for this river. The
location of the errors is steady across the DEMs, indicating that the methodology is applica-
ble independent of the input cross-section. Nonetheless, noticeable divergences are present
between the LiDAR and the conditioned cross-sections.

Between 5 and 10 km and just after Sermide (Figure 11b), there are smaller secondary
channels. They are visibly shallower in the LiDAR, but the input DEMs show them as the
same height as the main channel. This results in smaller channels overall for the reference
and an overestimation by our output sections.
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Figure 11. Spatial distribution of relative errors in debitance in the Po River. (a) Varying the
burning method and the flow type, with in situ observations using Copernicus DEM. (b) Varying the
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Just before Ficarolo, the LiDAR's area increases by approximately 30% as the river
turns 90°. However, our output does not capture this increase due to the assumption of
continuity and constant friction. After Pontelagoscuro, the reconstructed channels are wider
and lack depth (~70%), resulting in severe underestimations. In the reach of Polesella, there
are important sinks that increase the debitance of the LiDAR but are not followed by our
output.

Changing the water surface elevation source from in situ to virtual stations, the
spatial pattern is similar for the Po (Figure 11c). The divergences are mostly further
overestimations, which increase the median debitance at mean flows from —7% to —4%
with the breakpoint method, from —14% to —13% with the continuity method, and from
—4% to 1% with the bp-cont method. The median errors for the remotely sensed & range
between —19% for SRTM with the continuity approach to 12% with AW3D30 and bp-cont
one. Considering the median error for the bp-cont method, all DEMs except the AW3D30
and Tandem-X are within £3%.

With the Garonne River, the change in / source results in further overestimations,
consistent with the discharge overestimations (Table 3), and the median debitance errors at
mean flows go from 155% to 280% with the breakpoint method.

6. Discussion
6.1. Impact of DEMs on the Dry Bathymetry

The results highlight both the strengths and limitations of the DEMs in capturing river
cross-section features. Copernicus and FABDEM stood out as the most accurate DEMs,
with 50% of the relative errors in the dry bathymetry area within £10% of the reference
and the largest observed depth in both the Garonne and Po rivers (Table 2). Copernicus
was also selected as the best DEM in other recent studies. By comparing the ESA DEM,
ASTER, AW3D30, SRTM, and NASADEM to the LiDAR point cloud and ICESat-2, a study
concluded that Copernicus was superior in all tests across vegetation types and for both
gentle and steep terrain slopes [25]. Comparing these DEMs and FABDEM to LiDAR
surveys in flood-prone areas, other research stated the products based on Tandem-X were
clearly superior [26]. By simulating different flow scenarios in the Licungo River with
eight DEMs, Copernicus permitted a more suitable representation of the flow depth in the
riverbed, which is aligned with our findings [97].

The river width required for the water body post-processing in the DEMs plays an
important role in the observed depth, especially considering the widths of the rivers under
study, which range from 150 to 480 m (GRWL). To define the rivers, Tandem-X-based DEMs
had a minimum width requirement of 50 m [71], which is much lower than the 183 m
required for the SRTM-based models [72]. In other study areas, the choice of input DEM
should consider the width of the river reaches under study. With the current global DEMs,
the application of the methodology proposed in this paper is limited to rivers wider than
50 m.

In the first 35 km in the Garonne for ASTER, the stepwise procedure to modify the
height of rivers resulted in a channel higher than the adjacent terrain, something that
was observed for SRTM in other regions and motivated the modification of the stream
burning for NASADEM [74]. The performance of Tandem-X and AW3D30 was limited due
to interpolation issues and insufficient treatment of water bodies, resulting in narrower
channel representations. These findings emphasize the importance of waterbody treatment
in the use of DEM for hydraulic modeling.
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6.2. Impact of DEMs and Cross-Section Burning on the Discharge Estimate

In the Po River, the reference run with the LiDAR shows nearly perfect results
(Figure 6b). In contrast, in the Garonne River (Figure 6a), the run is degraded due to
the interpolation of the surveyed sections, the water surface elevation () filling between
the in situ stations, and the constant roughness assumption. For this river, the hydraulic
modeling could benefit from more spatially distributed data, such as from SWOT [98,99] or
Fully Focused SAR with Sentinel-6 [100,101].

The errors for the hydraulic simulations with the analyzed DEMs decrease as any type
of preprocessing is applied (Figure 7). Overall, the results of the Po River tend to be better
than the ones of the Garonne. This can be attributed to the better representation of the dry
bathymetry on the one hand (Table 2) and the fact that this river is less impacted by our
assumptions of h interpolation and constant friction on the other.

The breakpoint method performs notably better for the Po River (Figure 7b). The wider
river channel allowed a more consistent water body finishing process in the input DEMs,
which facilitates the retrieval of the points [7]. In the Italian river, the continuity method
introduces consistency across cross-sections but also propagates certain errors (Figures
7b and 8c). The bp-cont method combines the strengths of the other approaches, yielding
robust results across different input DEMs (Figure 7b).

For both study areas, the fine results obtained demonstrate that the errors in the filled
water surface elevation are partially compensated by the reconstruction of the missing
part of the cross-section and the channel roughness. Indeed, a study advocates that the
calibration of roughness and depth using the GMS equation can absorb potential errors
from local slope variability [14].

Ultimately, the reliability of all the estimates is determined by (i) accurately represent-
ing dry bathymetry and (ii) properly accounting for the unobserved width to accommodate
the varying flow conditions. For dry bathymetry, the better representation of Copernicus
and FABDEM shows smaller errors across the different methods, while the results for
AW3D30 and Tandem-X are more limited (Figure 7). The errors in defining the unobserved
widths are connected to the relative height and observed depth of the profiles extracted
from the DEMs, as well as to the presence of narrow channels (Figure 8).

For DEMs that have relatively high channels, enforcing the double region, as per-
formed with MERIT-Hydro for the Po (Figure 9c), could be a solution. The regions could
be initially defined according to the  distribution, forcefully implementing the concept of
the slope-break method. They could then be further refined in the continuity approach or
by reach-based averaging, as performed by [7].

6.3. Impact of Water Surface Elevation Source on the Discharge Estimate

When remotely sensed (RS) water surface elevation data are used, significant method-
ological challenges emerge. The presence of outliers and intersensor bias decreases the
ability to predict the dynamics (Figure 10). In addition, systematic overestimations occur
for the Garonne River (Table 3). Nevertheless, the model still produces good results for
many scenarios.

Sensor performance varies, with Sentinel-3 discharge outputs presenting smaller errors
than Jason-3 and Sentinel-6 (Table 3). S-6 is more limited than the other sensors, especially
for the Po River. This finding opposes the ones from other research, which found lower
RMSEs with S-6 than S-3 for water surface elevations [102]. This might be linked to the
time it has been in orbit and the prevalence of the observation of flows. The intersensor
bias indicates the need for a more robust approach to combining the sensor data, which
was attempted by [103,104].
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Given the nature of the model, worse results are expected for minimum flows for both
in situ and virtual stations. However, the magnitude of the errors for the latter is much
larger. As lower flows can be linked to narrower channels and more mixed signals, this
finding is aligned with the literature in the field, which was reviewed in 2020 [14].

During the 8 years of the study period, there were only 4 dates for the max category in
the Garonne River and 14 for the Po River (Table 3). This deficiency is consistent with the
short duration of the flood waves, which are hard to capture with the large time gaps of the
altimetry sensors, an inherent constraint of RS  for flood modeling [105]. The scarcity of
high and maximum flows for the Garonne results in a systematic discharge overestimation
using the probabilistic approach. To address this challenge, future satellite missions like
SMASH [106] would help capture all flow conditions with daily # measurements. Another
solution would be to modify the model, adjusting the probability distribution to align with
expected patterns, which might be particularly relevant for intermittent rivers.

6.4. Impacts on the Effective Bathymetry

The simplified geometry adopted allows a good representation of the flow, which
agrees with the literature. By checking different configurations for effective bathymetry in
flood modeling, a study concluded that a rectangular shape with varying widths was the
most effective simplified geometrical model for the river channel [107]. For 1D hydraulic
modeling, a study analyzed bathymetric profiles with different levels of complexity [108].
According to these authors, accurately estimating the cross-sectional area is more crucial
than the thalweg location or channel shape, and they recommended simplified geometries,
such as triangles.

For the Garonne River, there is a tendency to overestimate the debitance, which is
more pronounced in low flows (Table 4). The discharge estimation model seems to add
a part of the cross-section that the LIDAR does not contain. For the Po River, there is an
underestimation tendency, which is more pronounced at low flows.

At lower water levels, most or all of the cross-sections are built using the burning
methods and, especially, discharge estimation (Figure 2). Therefore, there is a higher
level of uncertainty in this region. In addition, problems with our assumed rectangular
shape become evident, as this shape cannot express the decrease in channel width and
the meandering thalweg, significant for modeling low flows [3]. As the water moves up,
characteristics from the dry bathymetry start appearing (Figure 11a), so the characteristics
of the DEMs, such as a general area underestimation (Table 2), become more evident.

Although the breakpoint method results in superior discharge estimates for the Po River
(Figure 7), it stems in sections less similar to the LIDAR than the bp-cont method. The latter
method shows good adaptability to different input DEMs for mean flows (Figure 11b).

Switching from in situ to RS & increases the overestimation in some sections of the
Po River (Figure 11c). In the Italian river, the median errors for mean flows for the bp-cont
method are within £3% of the reference for seven of the nine DEMs analyzed (Table 4),
highlighting the method’s applicability to ungauged basins. In the French River, the change
in water surface elevation source significantly increases the bias in debitance, as it results in
deeper and wider modeled sections. Consistent with the overestimated discharge (Table 3),
this bias is related to the lack of observations of high to max flows. Future studies should
assess how the uncertainty of the RS h propagates to the reconstructed cross-sections. This
could be performed by adding uncertainty bounds to the output depths, similar to what
was performed by [15] for the optimized discharge.

There are spatial discrepancies when comparing modeled and LiDAR-derived cross-
sections (Figure 11). For instance, smaller secondary channels and sinks are poorly rep-
resented, leading to overestimations in narrow sections and underestimations in wider
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reaches. The local variations emphasize the negative impacts of the & interpolation and the
constant roughness over the reach.

The limited availability of validation data for the wet bathymetry limited our study to
two study regions. Future studies should include validation across a broader range of river
types and basin characteristics. It should be assessed whether variations in river features
such as width, depth, meandering channels, and sediment composition can influence
model accuracy.

Despite the local challenges, the aggregated spatial patterns generally align with the
reference, suggesting the methodology’s robustness in reconstructing the bathymetry at
the node level from a single mean flow prior while highlighting the need to refine some
assumptions. Our study used the mean in situ flow as the prior, further studies could use
priors from globally available datasets and understand how these impact the results.

7. Conclusions

This study proposes a novel two-part methodology to reconstruct river cross-sections
and estimate discharge from digital elevation models and water surface elevation (/) data.
Nine global DEMs are examined in two study areas using in situ and remotely sensed #,
which enables the method’s application in ungauged basins.

The first step of the methodology involves adjusting cross-section width and elevation to
align with h. The techniques studied include the breakpoint method for identifying different
flow regions; the continuity method for mitigating large variations in flow along the river; and
the bp-cont method, which merges slope-based region identification with continuity-based
refinements. In the second step, the bathymetry’s bottom depth, roughness coefficients, and
discharge are estimated simultaneously using a probabilistic approach.

The accuracy of the discharge estimates depends on correctly depicting dry bathymetry
and effectively considering the unobserved width to account for different flow conditions.
Results highlighted the critical role of cross-section preprocessing. It significantly enhances
the alignment between modeled and observed flows, ensuring better discharge estimates
across different DEMs. Notably, the bp-cont method permits a good representation of
the discharge, independent of the input DEM for both study areas. Among the DEMs
analyzed, Copernicus and FABDEM consistently outperform others, offering the most
accurate representation of river geometry and demonstrating their potential for large-scale
hydrological applications.

Switching from in situ to remotely sensed I decreases the ability of the model to
capture the dynamics. Further, it introduces a significant bias in one study area, which is
linked to a lack of observations for high-flow conditions, emphasizing the need for future
missions to improve the revisit time. The modeled discharge is more unreliable during
low-flow conditions, as errors in RS /1 become bigger when cross-sections are narrower and
flow conditions are more sensitive to channel geometry.

The unavailability of spatially distributed & data was a limitation of this study for
one study area, leading to inconsistencies in flow estimates with the LiDAR reference.
This limitation negatively affected the validation of the effective cross-sections, as the
reconstructed profiles could not be fully interpreted with reference data. Future studies
could address this by using denser spatial data from the SWOT satellite.

The methodology effectively corrects DEMs for hydraulic modeling, allowing better
discharge estimates across various flow conditions and a more accurate representation of
the bathymetry. However, local discrepancies with the reference cross-sections persisted,
particularly in capturing narrow channels or bifurcations.
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Appendix A The Continuity Method

The methodology ensures the continuity in a three-step procedure involving different
data subsets and conditions. First, we present the core algorithm (Figure A1), and then we
explain how the subsets are created.
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Figure A1. Core algorithm of the continuity method.

Consider:

o 1€{l,2, ...,y }—the number of iterations to modify the width;
e pc {pmin, Pmin + Psteps -+ - » Pmax }—the percentiles for temporal aggregation;
) j’ € {1, eeey, Nx/ }—a subset of the spatial nodes j;

o j'e {1, cer, Nx/ }—a subset of the spatial nodes j that were not modified;

ie {1, el Nt/ }—a subset of the time instances i;
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o € {1, ey Nt/ }—a subset of the time instances i, Vp;
e b (x]./ ) —Dbase of a rectangular cross-section, w (x]./ , z) =b (x]./> ’Vz;

®  Wpyu—the maximum top width Vx;
o  ku =k, constant roughness coefficient for the river reach considered; and

o (x].r ,z), Vj/ the initial bathymetry approximation, obtained from the DEMs for the
first step and from the previous step for the second and third steps.

The core algorithm of the continuity is formulated as follows (Algorithm Al):

Algorithm A1: Core Algorithm of the continuity method

Start 1 loop :

- Compute the discharge

Ql (x]./, ti) =Q (km, h (x]./, ti) , w1 (x]./, Z) ,oh (x]./, tl') /ax)

- Aggregate Q! (x]./, ti) in space

Ql () = meg:/liaan (x]./, ti)

Start p loop :

- Aggregate Ql(t,-) in time

_ -1
build CDF of sample {Ql(ti)}; define Q, as a p — percentile of this CDF

-1

- Compute relative absolute dif ference dQ,(t;)

— o
1Qpl1) = [Qt) - 0,

-1 =1

/Q,

-1

- Select t;, from the n" smallest relative dif ferences dQ,(t;)

-1
- Retrieve ti, weights (1/de (tip))

- Compute normalization constant ¢

I _—
Cp = Lip

1
T

dQ, (tip)

- Aggregate h (x]./, t,-p) in time as a weigthed average

Ny ] h<x]-’/tip>
hp(x]") = Cp_lzip —1

dQ, (tip)

- Minimum depth check : dfz;(x./) > dhyin

il

P

min

= min () ()
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Algorithm A1 Cont.

Start j' loop :

- Aggregate Q! (x]./, tip) in time as a weigthed average

. Q X1ty
Qp(x;) =cp—1%;, 2y)
4Qy (ti, )
- Node consistency check : dQ;,(x]./) > dQuy

Q (x/> - é;

- Aggregate S¢ (tip) in time as a weigthed average

-1

dQAlp(X]/) = /QP

3 (1)
Sfp 121,, 3 < )
- Estimate bottom width B;( ) assuming a rectangular shape

3 () = angmin (0t (57 (5 ) 511) - éL)z (A1)

be[1,wmax]

- Node improvement check : dQé,* (xj) < dle (xj/)

Q) (xyrtiy ) = QK (713, )1 (7). S5 (1))

0 ) - oy )
' de (tip)

- Modify cross — section with T operator

ol (xp,2) = T (xp.2) up (37 ), 2 (7))

The T operator modifies the cross-sections as explained with the breakpoint method,
which can be visualized in Figure 3b. The exit criteria for the loops and the choices after
the checks for minimum depth, node consistency, and node improvement are shown in
Figure Al.

In this study, we set p;,i, = 10, pmax = 50, dhyi,, = 0.1 m. Note that lower percentiles
are not considered to avoid low depths, which might cause numerical instability, while
higher ones are avoided to restrict our modifications to the bottom of the cross-sections.
We define dQy,, = 0.25 to allow certain flow variations and to account for the constant
roughness coefficient assumption. The maximum number of iterations (/;4x) is set to 5.

The continuity is ensured in a three-step procedure involving different data subsets

je { , Ny } andi € { , Nt } and conditions. In all the steps, we only consider
time instances (i) when at least ! /5 of the nodes have valid observations.

In the first step, we set the h(x], i) to NaN when h(x], i) < zb(xj). Empty time
instances and nodes are discarded. Using the T operator, the bottom elevations of the
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cross-sections are modified so they match the h,,;, (x].r) . We run the core algorithm with
these inputs. The bottom elevations of the output cross-sections at this step are the lowest
observed water surface elevations that were inside the original cross-section.

In the second step, we use the unfiltered /(x;, t;). We start by using the T operator
to lower the bottom of the cross-sections down to h,,;; (x]-). In this process, we assume a
rectangular shape from the bottom width defined in the first step. We then run the core
algorithm with these inputs.

In the final step, we also work with the unfiltered set. We compute the average area
that would be required to accommodate the mean prior discharge (QO) , mimicking the
discharge estimation (Section 2.3). The nodes are modified according to the core algorithm
described above, with small adaptations on the minimization (Equation (A1)) to consider
an added wet area when defining the bottom width.
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