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ABSTRACT
Non-contact image-based velocimetry methods provide a flexible, cost-effective, and
safe alternative to standard river discharge measurement techniques, but require
prior knowledge of the bathymetry and suitable tracer distributions. Image wave
velocimetry (IWV) approaches estimate the flow velocity and water depth simulta-
neously without artificial tracers, but have a low spatial resolution and lack robust-
ness. Here, we extend a previous IWV approach to reconstruct the spatial transverse
distribution of the surface velocity and depth across a river and determine the water
discharge. We introduce a novel physics-informed approach that integrates the IWV
analysis in an entropy-based framework, improving the resolution and robustness of
the reconstructions. Testing in a shallow stream showed a 10% error in discharge for
the extended IWV method, which improved to 4% with the combined IWV-entropy
method. The results demonstrate the unprecedented capability of IWV methods to
measure the discharge of shallow rivers without requiring any contact with water.
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1. Introduction

Measuring river discharge, a key variable in the hydrological cycle, is a major task
in hydrometry due to its significance in addressing various hydrological and geomor-
phological research questions. Traditional discharge measurement approaches require
the immersion of an instrument in water, leading to increased risks for the instru-
mentation and for the operator. Small free-flowing streams, in particular, are usually
unsuitable for fixed gauging systems and require traversing by foot to measure the flow
velocity and water depth at multiple locations along a transect: a time-consuming and
potentially very high-risk activity. Non-contact methods to measure rivers’ flow rate
and velocity have become an increasingly popular alternative to traditional intrusive
methods thanks to their flexibility, rapid deployment, lower risk for the operators, and
often lower costs. These methods use radar (Plant et al. 2005, Alimenti et al. 2020),
acoustic (Dolcetti and Krynkin 2017, Dolcetti et al. 2017), or optical (Perks 2020,
Jolley et al. 2021, Manfreda et al. 2024) signals to estimate the flow velocity at the
water surface. This data is then combined with a known bathymetry and a hydraulic
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model to quantify the water discharge.
Optical methods, in particular, use videos or image sequences of the water surface to

reconstruct a quasi-instantaneous map of the surface velocity distribution across the
river, enabling the accurate representation of relatively complex flow morphologies.
The most common optical velocimetry approaches differ mostly in the image analysis
approach: large-scale particle image velocimetry (LSPIV) (Fujita et al. 1998, Hauet
et al. 2008, Peña-Haro et al. 2021) employs the spatial cross-correlation of image
sub-windows across subsequent time-frames; large-scale particle tracking velocimetry
(LSPTV) (Dal Sasso et al. 2018, Tauro et al. 2019, Perks 2020) tracks single features
in a Lagrangian framework; space-time image velocimetry (STIV) (Fujita and Tsubaki
2002, Legleiter et al. 2024) is based on the average image space-time gradient produced
by surface features; optical flow (OF) (Khalid et al. 2019, Ljubičić et al. 2024) tracks
surface features according to a transport equation. The surface features can be floating
tracers that are either naturally present (foam, leaves, etc.) or artificially added to the
flow, or local variations in light intensity caused by water surface deformations (waves,
ripples, or turbulent boils/vortices, e.g., Brocchini and Peregrine (2001)).

All optical velocimetry approaches mentioned above have two key common require-
ments: (i) surface features must be clearly visible and move approximately at the same
velocity as the flow, and (ii) the water depth distribution must be known. The first
requirement often mandates the artificial addition of tracers (seeding) (Dal Sasso et al.
2020). Passive tracers, such as leaves, floating particles, etc., are transported approxi-
mately at the same velocity as the flow near the surface. Instead, some water surface
deformations, such as ripples and/or waves, propagate in various directions with a
non-zero velocity relative to the mean flow speed, violating the first requirement. The
error caused by waves is higher when the tracers’ density is low (Tauro et al. 2014,
Benetazzo et al. 2017), and can be as high as 100 %, depending on the image frame
rate (Dolcetti et al. 2020). Advanced STIV algorithms include ways to filter out the
effects of waves (Zhao et al. 2021), but still need a suitable tracer density distribution.
The second requirement, i.e., the prior knowledge of the bathymetry, is probably one
of the main challenges for the widespread adoption of non-contact optical velocimetry
approaches. Variations in water level can be measured remotely using cameras (Young
et al. 2015). However, the water depth may change, especially during floods, due to
variations in the bed elevation. Through-water imaging (Woodget et al. 2015) has
limited accuracy at larger depths due to light diffraction and becomes impossible in
turbid waters. As a result, water depth measurements typically require physical access
to the river by an operator or through a thawed or remotely controlled boat, defeating
the purpose of non-contact methods.

Some recent scientific innovations show the potential to overcome these longstanding
challenges. Legleiter and Kinzel (2021) employed a flow resistance equation to relate
the measured surface velocity to the local water depth, enabling the simultaneous
reconstruction of the velocity distribution and bathymetry based solely on LSPIV
data. The approach looks very promising but has some limitations: the reconstruction
requires a knowledge of the surface slope and of a hydraulic roughness coefficient, and is
based on the assumption of a constant relationship between surface velocity and water
depth at each location across the transect. Moreover, the LSPIV approach still requires
the presence of passive tracers. A related approach based on microwave Doppler radar
that does not require tracers has emerged recently as a suitable alternative (Chen et al.
2023).

Image Wave Velocimetry (IWV) techniques (Streßer et al. 2017, Dolcetti et al. 2022)
have emerged as a new physics-based approach to overcome the limitations of exist-
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ing optical velocimetry methods concerning both seeding and bathymetry knowledge
requirements. These methods exploit the expected dependence of water wave celerity
on flow velocity and water depth to estimate the velocity (Streßer et al. 2017) and/or
the average water depth (Dolcetti et al. 2022) simultaneously. They do not require
seeding but rely on the presence of gravity-capillary waves, which originate naturally
due to the interaction of the water surface with wind (Miles 1957, Phillips 1957), with
turbulence in water (Teixeira and Belcher 2006), or with the rough bed (Dolcetti et al.
2016, Dolcetti and Garćıa Nava 2019). In principle, IWV approaches enable a fully
non-contact measurement of the flow rate in all conditions where the water surface
has visible wave patterns, regardless of their forcing mechanism. In practice, however,
the sensitivity of waves to variations in water depth is rather small and limited to
long waves with a wavelength larger than the water depth. This results in a lack of ro-
bustness of the approach, leading to large uncertainties, especially in the water depth
reconstruction. Robust results can be obtained only in relatively shallow rivers where
the Froude number is larger than ∼ 0.4 (Dolcetti et al. 2022), and the size of the image
used for the analysis should be much larger than the water depth, at the expense of
the spatial resolution.

In parallel, the entropy theory has emerged as an effective framework to reconstruct
the cross-sectional velocity or water depth distributions in rivers based on a limited
amount of data. The approach applies directly to the transverse distribution of the
maxima of the velocity profile along the vertical direction (Chiu 1987, 1988). This
makes the framework particularly suitable for non-contact measurement applications,
since the maximum velocity is often found close to the water surface (Moramarco et al.
2004).

For instance, the entropy framework has been used to estimate the cross-sectional
velocity distribution and discharge based solely on the surface velocity distribution
(Bahmanpouri et al. 2022b, Rezazadeh et al. 2025), or on a single surface velocity
measurement (Bahmanpouri et al. 2022a). By extending the entropy approach to the
water depth distribution across a river transect (Moramarco et al. 2013), the shape
of the bathymetry can be linked directly to the surface velocity distribution, enabling
a non-contact bathymetry reconstruction through a single calibration parameter and
with the prior knowledge of just the maximum water depth (Kechnit et al. 2024).

So far, bathymetry reconstructions based on IWV have been limited to the esti-
mation of the spatially averaged water depth and have lacked robustness, while those
based on the entropy theory require a site-specific calibration. The goal of this work,
then, is to leverage the combined potential of both methods to overcome these limita-
tions. We propose two possible solutions: the first one consists of a spatially-resolved
extension of the IWV techniques that can reconstruct the water depth distribution
along a transect, albeit with potentially large local errors; the second employs the
entropy theory to provide a physically consistent constraint for the IWV-estimated
bathymetry and velocity distribution, hence allowing a more realistic and potentially
more accurate reconstruction of the flow discharge.

2. Materials and method

2.1. Measurement site

The field measurements were conducted on the Fersina river, a 26 km long, snowmelt-
fed, 2nd order gravel bed river with its headwaters at 2005 m a.s.l., draining a 171 km2
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catchment, and joining the Adige River at 181 m a.s.l. in Trento, Trentino Province,
Northeast Italy. The mean annual discharge of the Fersina is about 3 m3/s (based on
data from 2009). The measurements were carried out 9 km upstream from the joining
point of Fersina and Adige rivers (46◦04′53′′N11◦11′20′′E) in June 2023, when flow
discharge was lower, 1 m3/s (Fig. 1).

Velocity profiles were measured along a 6.8 m wide transect using a hand-held
acoustic velocity profiler (Hydroprofiler M-Pro). The instrument measures the vertical
distribution of the time-averaged streamwise velocity component from a distance of
7 cm above the bed to a distance of 7 cm beneath the water surface, with a fine spatial
resolution of 2 mm. It also measures the water depth, simultaneously. Its capability to
measure in relatively close proximity to the bed and water surface makes it suitable for
measurements in shallow depths. According to specifications, the instrument has an
accuracy of 1% and a measuring range of ±0.25 cm/s for velocity measurements and
0.1% for depth measurements. The velocity profiles were recorded at a set of locations
along the transect with horizontal separation of 0.5 m, and were repeated twice within
one hour.

Figure 1. Map of Fersina stream in northern Italy, showing the location of the field monitoring site.

2.2. Video-based surface and depth measurements

IWV methods are well established in oceanography (e.g., Senet et al. (2001), Almar
et al. (2021)), but they have been applied in rivers for the first time only recently.
Streßer et al. (2017) first employed an IWV approach to map the velocity distribution
in a large river, where the generation and dynamics of water waves were dominated by
wind, as in the ocean. The method was then extended by Dolcetti et al. (2022), who
demonstrated its application to simultaneously estimate velocity and water depth in
shallow rivers, where waves originate due to the interaction of the sheared flow with
the rough bed. Open-access software libraries based on the work of Dolcetti et al.
(2022) have been created in Matlab (Dolcetti et al. 2023) and python (Dolcetti et al.
2024b), and the technique was recently applied also to non-contact acoustic imaging
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(Dolcetti et al. 2024a).
The IWV approach applies a spatial-temporal Fourier analysis to sequences of im-

ages of the water surface to identify the water surface celerity. Each Fourier mode
is uniquely identified by a frequency f and wavenumber k = (kx, ky) with modulus
|k| = 2π/λ, where λ is the wavelength and kx and ky are the components along the
two horizontal co-ordinates x and y. The celerity of a mode with wavenumber k is
c(k) = 2πf/|k| directed along the same direction as k, perpendicular to the wave
crest.

It is generally observed that the surface of most rivers is deformed with vari-
ous shapes and patterns, which are classified as either turbulence-forced patterns or
gravity-capillary waves, based on their dynamics and mechanisms of generation (Broc-
chini and Peregrine 2001, Muraro et al. 2021). Turbulence-forced patterns represent
surface deformations that are direct persistent manifestations of the interaction of
turbulent structures with the water surface, such as turbulent boils, scars, or vortex
dimples, which appear fixed or very slowly changing in a frame of reference moving
with the flow (Dolcetti et al. 2016). As a result, their spectral signature has a frequency

ft = k · V /(2π), (1)

which corresponds to a plane in the (k, f) space, where V is the flow surface velocity
vector with modulus V . Patterns of natural or artificial tracers would also appear with
frequencies along the same plane since they move with the same velocity as the flow.

In contrast, gravity capillary waves originate in most rivers due to forcing by wind,
by turbulence in water, and/or by the pressure distribution on the rough bed, often
resulting in relatively broad wave spectra dominated by the presence of stationary, or
standing waves (Dolcetti et al. 2016, Dolcetti and Garćıa Nava 2019). Regardless of
their generation mechanism, gravity-capillary waves propagate relative to the mean
flow with a relative celerity ci(k) = 2πfi/k, where fi is the intrinsic frequency,

fi =
k

2π

√
gD

(1 + B)

B

tanh(kD)

kD
, (2)

D is the water depth, B = ρg/
(
k2γ
)
is the Bond number (the ratio of gravity and

surface tension effects), g is the acceleration due to gravity, γ is the surface tension
coefficient, and ρ is the water density. When the waves propagate on the surface of a
vertically-sheared flow, the celerity varies depending on the velocity profile and surface
wavelength. Let z represent the vertical coordinate such that z = 0 lies on the water
surface and z = −D lies on the riverbed, where D is the water depth. Approximating
the flow velocity distribution U as a linear function of z,

U(z) =
(
m
z

D
+ 1
)
V, (3)

the frequency of gravity-capillary waves on a sheared flow can be calculated as (Biesel
1950)

fw = [1− β(k,D)]ft ±
√

[β(k,D)ft]
2 + f2i , (4)
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where

β(k,D) =
m

2

tanh(kD)

kD
, (5)

and m = (D/V )(dU/dz) is a non-dimensional velocity gradient coefficient. m can be
linked to the so-called velocity index α, i.e., the ratio between the depth-averaged
velocity and the velocity at the surface, (Dolcetti et al. 2022)

α =
1

V D

∫ 0

−D
U(z)dz = 1− m

2
. (6)

Equations 1 and 4 indicate a direct physical link between the flow surface velocity
(V ), water depth (D), and the surface frequency and wavenumber components of the
surface spectrum that can be measured by a Fourier analysis (Dolcetti et al. 2022).
Then, V and D can be estimated by fitting the measured discrete Fourier frequency-
wavenumber spectrum of the surface with a theoretical spectrum that follows Eq. 1
and 4. This is achieved by finding the combination of V and D that maximises the
so-called Normalised Scalar Product (NSP) between the measured Fourier spectrum
I(kx,p, ky,q, fn) and the theoretical spectrum S(kx,p, ky,q, fn, V,D), where kx,p, ky,q, and
fn are a discrete set of wavenumbers and frequencies represented by the indices p, q,
and n, respectively (the approach and procedure to build the theoretical spectrum are
described in more detail by Dolcetti et al. (2022)).

So far, the application of the IWV approach to reconstruct the water depth has been
limited to relatively shallow and fast flows, where the Froude number is subcritical but
finite, F = V/

√
gD ≥ 0.4 (Dolcetti et al. 2022). The reason is twofold: on one hand,

a relatively large Froude number is required for the generation of significant water
surface deformations (Brocchini and Peregrine 2001); on the other hand, the change
in wave frequency due to depth variations is extremely small when the Froude number
is low (Dolcetti et al. 2022). As a result, the accuracy and resolution of the method
depend both on the Froude number and on the size L of the image (Dolcetti et al.
2022). Given the small sensitivity of the wave dynamics to variations in water depth,
the water depth can only be estimated accurately when L is large compared to the
depth itself, since the minimum detectable variation in wavenumber scales with 2π/L.
Therefore, for the only known application of IWV methods to measure river discharge,
Dolcetti et al. (2022) applied the analysis to a single large window covering almost the
entirety of the river width. However, this may result in a potentially large bias if the
velocity and depth vary horizontally over a distance smaller than L (Weichert et al.
2024).

2.3. Entropy theory

The application of a probabilistic entropy-based framework to approximate the flow
velocity distribution in free-surface flows was derived by Chiu (1987, 1988) as a means
to reconstruct the flow discharge based on a few velocity samples. The approach con-
sists in expressing the spatial velocity distribution across a river cross-section as an
equivalent cumulative probability distribution function, which can be determined an-
alytically by means of the principle of maximum entropy. Unlike the logarithmic or
power-function velocity profiles deriving from boundary layer theory, which are in-
herently one-dimensional and monotonic, the entropy approach considers the velocity
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distribution across the whole cross-section and allows a maximum of the velocity be-
neath the water surface (the so-called velocity dip). The main assumption is that the
‘local’ velocity maximum, Umax,i = maxz{U ent

i (z)} (e.g., the maximum with respect to
the vertical co-ordinate z measured at a location with horizontal co-ordinate yi = i∆y,
which we represent as discrete without loss of generality), increases monotonically with
yi from both banks to a single ‘global’ velocity maximum, Umax = maxi{Umax,i}. Un-
der this assumption, the non-dimensional velocity distribution along the vertical axis
at the maximum velocity location can be determined analytically as a function of
a single entropy parameter, M , which is linked to the ratio between the mean and
maximum flow velocities, Umean and Umax, respectively (Chiu 1989):

ϕ(M) =
Umean

Umax
=

(
eM

eM − 1
− 1

M

)
. (7)

In the context of the present work, the main advantage of the entropy theory is
its capability to express the overall velocity (and depth) distribution in a physically
meaningful way as a function of a limited number of parameters, specifically, in terms
of a constant ratio between local maximum and average velocities. The velocity profile
U ent
i (z) at a generic i-th location along the transect can be assumed to be similar to

the one at the location of maximum velocity (Moramarco et al. 2004):

U ent
i (z) =

Umax,i

M
ln

[
1 +

(
eM − 1

) Di + z

Di − hi
exp

(
1− Di + z

Di − hi

)]
(8)

where hi is the dip depth, i.e., the depth of Umax,i below the water surface. Umax,i, and
hi are linked to M via

hi = Di − (Di/δi) (9)

and (Fulton and Ostrowski 2008)

Umax,i = ViM
[
ln
(
1 +

(
eM − 1

)
δi exp (1− δi)

)]−1
, (10)

where δi is a so-called dip-correction factor, which can be estimated based on an
empirical relation (Yang et al. 2004) as

δi = 1 + 1.3 exp (− |yi − yb| /Di) , (11)

where |yi − yb| is the distance from yi to the nearest bank with co-ordinate yb.
The entropy framework can also be used to describe the variation of the water depth

along a transect, Dent
i , by expressing it similarly in terms of a cumulative probability

distribution (Moramarco et al. 2013). As for the velocity distribution, the main as-
sumption is that the water depth increases monotonically from both banks to a single
location of maximum depth Dmax, which coincides with the location of maximum ve-
locity Umax. By setting the local value of the cumulative probability equal to the ratio
between local surface velocity and maximum velocity, Vi/Umax, one finds (Moramarco
et al. 2013)

Dent
i =

Dmax

ψ
ln

[
1 +

(
eψ − 1

) Vi
Umax

]
, (12)
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where ψ is a second entropy parameter which depends on the ratio between the mean
and the maximum depth across the transect, Dmean and Dmax, respectively:

Dmean

Dmax
=

eψ

eψ − 1
− 1

ψ
. (13)

Equation (12) indicates a direct link between the non-dimensionalised surface velocity
distribution, Vi/Umax, and the water depth distribution, Dent

i /Dmax. Modifying the
two parameters Dmean and ψ leads to a global rescaling and smoothing or sharpening
of the depth distribution, respectively. In fact,Dmax depends linearly onDmean through
Eq. (13). The parameter ψ, instead, represents the strength of the depth-velocity link,
such that when ψ → 0, the depth distribution becomes independent of Vi and the
cross section tends to a rectangular shape.

2.4. Extended IWV approach

As a first step, we derive a simple spatially-resolved extension of the spatially-averaged
IWV approach introduced by Dolcetti et al. (2022). Assuming that the velocity and
depth vary in space along the transverse co-ordinate yi, let Di = D(yi) and Vi = V (yi)
indicate the local values of the water depth and surface velocity, and let Ii be the
spectrum of a smaller portion of image with size Li and with centre at the transverse
co-ordinate yi, the corresponding NSPi is

NSPi(Ii, Vi, Di) =

∣∣∣∣∣∑
p,q,n

Ii(kx,p, ky,q, fn)S(kx,p, ky,q, fn, Vi, Di)

∣∣∣∣∣
×

∣∣∣∣∣∑
p,q,n

Ii(kx,p, ky,q, fn)

∣∣∣∣∣
−1 ∣∣∣∣∣∑

p,q,n

S(kx,p, ky,q, fn, Vi, Di)

∣∣∣∣∣
−1

.

(14)

The estimated local depth DIWV
i and velocity V IWV

i can be calculated by applying
the standard IWV analysis to this smaller image portion (window), i.e., looking for
the maximum of NSPi. Then, the velocity and depth distribution along the transect
can be found by ‘sliding’ the window, i.e., changing the value of the index i. The
final result is a distribution of surface velocity, V IWV

i , and depth, DIWV
i , which can be

combined to provide a refined estimate of the flow discharge,

QIWV = α∆y
∑
i

DIWV
i V IWV

i , (15)

where ∆y = yi+1 − yi identifies the spatial separation between consecutive discrete
locations along the transect.

2.5. Combined IWV-Entropy approach

With the standard IWV approach, the calculation of the Fourier spectra is preceded
by a pre-processing step and followed by a trimming and interpolation step to identify
and remove potential outliers (Fig. 2a). These steps are illustrated in more detail in the
following sections based on an example with real data. Here we propose an alternative



Au
th
or
’s
O
rig
in
al
M
an
us
cr
ip
t

AUTHOR’S ORIGINAL MANUSCRIPT - PREPRINT

combined IWV-Entropy approach, where the standard “Optimisation” step is replaced
by three separate steps: Initialisation, Optimisation, and Expansion (Fig. 2b).

The first step (“Initialisation”) is optional. Its role is to facilitate and accelerate the
convergence of the subsequent optimisation step. This is achieved by calculating an
initial approximate surface velocity distribution using the extended procedure (Sec-
tion 2.4), but neglecting the depth dependence by taking the infinite-depth limit of
Eq. 4. As with the standard approach, the initialised raw distribution, V raw, ∞

i , can
be refined by trimming and interpolation. The resulting distribution is identified with
V IWV,∞
i and corresponds to an initial approximation of the surface velocity distribu-

tion. Then, the search range of the following optimisation step is set to within ±20%
of V IWV,∞

i , to speed up and facilitate the convergence.

Figure 2. Schematic of the new measurement approaches: extended IWV algorithm (a) and combined IWV-
entropy approach (b).

For the second step (“Optimisation”), the depth dependence is reinstated, but rather
than estimating Di separately at each location, Di is calculated by means of the
entropy theory (Eq. (12)) as a function of the surface velocity distribution Vi and of
the two parameters ψ and Dmean. These parameters are unknown, but unlike Di, they
are “global”, in the sense that a single ψ and Dmean pair applies at all locations along
the transect, allowing a significant reduction in the number of parameters that need
to be estimated. In fact, ψ, Dmean, and the surface velocity distribution V ent

i can
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be estimated simultaneously by maximising a combined normalised scalar product,
defined as

NSP =
∑
i

NSPi
(
Ii, V

ent
i , Dent

i

(
V ent
i , ψ,Dmean

))
. (16)

This step results in an estimate of the surface velocity distribution, V ent
i , and entropy

parameters, ψ and Dmean. These can be employed to calculate the depth distribution
Dent
i using Eq. (12), and then the discharge

Qent = α∆y
∑
i

Dent
i V ent

i . (17)

As a third and final step (“Expansion”) the velocity distribution beneath the water
surface U ent

i (z) can be reconstructed based on the entropy theory (Eq. 12) across
the whole river cross-section, using the estimated surface velocity, V ent

i , and depth
distributions,Dent

i , as input. To this end, the unknown parameterM can be calculated
directly by means of Eq. (7) as a function of the cross-section-averaged velocity,

Umean = Qent

(
∆y
∑
i

Dent
i

)−1

. (18)

Note that this last step does not impact the calculation of the discharge since the
section-averaged velocity remains the same. However, the estimation of the full velocity
distribution across the cross-section can be useful to understand the interaction of
the flow with the bed morphology, and to compare with direct measurements, as
exemplified in Section 3.

3. Results

3.1. Video acquisition and preprocessing

An 80-second-long video of the water surface was recorded using a Sony FDR-AX53
camera, with 1440× 1080 pixel frame size and a frame rate of 25 fps. The camera was
installed onto a pole at a height of approximately 3 m above the water surface, on the
left bank. The pole was held manually, and the effects of pole and camera oscillations
were removed in post-processing using the open-access software Blender 4.2. Real-
world coordinates of six markers distributed along both banks were measured using a
Leika TCR705 total station. The markers were used as references to ortho-rectify each
image (i.e., to remove perspective distortion) using the open-access LSPIV software
Fudaa-LSPIV (Le Coz et al. 2014). The resulting orthorectified images had a spatial
resolution of 0.01 m/pixel. The whole video was split temporally into a set of 10-
second-long segments, with 50 % overlap. The rectified videos were also split spatially
into a set of rectangular windows with dimensions of 1 m×0.5 m (100×50 pixels)
along the streamwise and transverse direction, respectively. The rectangular shape
of the windows allows a higher spectral resolution in the streamwise direction, while
minimising the error due to the transverse variability of the flow velocity (Dolcetti et al.
2022). The windows were arranged equidistantly along the transect, with a transverse
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Figure 3. Example of ortho-rectified input image. The red dots indicate the measurement locations along

the transect. The rectangle indicates the dimensions of a single window. The flow was from left to right.

centre-to-centre distance of 0.10 m (80 % overlap), resulting in a set of 67 transect
grid points: yi, i = 1, . . . , 67 (Fig. 3).

3.2. Extended IWV approach

The IWV analysis was conducted using the library kOmega (Dolcetti et al. 2023) in
Matlab. As a pre-processing step, the time series of the image intensity at each pixel
were detrended and normalised based on the local standard deviation. The space-time
Fourier spectra computed separately for each window were averaged across all time
segments, normalised, and the noise floor below a fixed threshold was removed. These
steps are performed automatically in kOmega (Dolcetti et al. 2023). The spectra show
clear evidence of both turbulence-forced patterns and gravity-capillary waves following
Eq. (1) and (4), respectively (Fig. 4).

For the analysis, the vertical velocity gradient m was set as m = 0.3, which corre-
sponds to a mean-velocity-to-surface-velocity index α = 0.85 (Eq. (6)). This value is
widely regarded as a reasonable approximation in most rivers (Hauet et al. 2018). The
choice of m can significantly impact the velocity and especially depth estimation with
the IWV method (Dolcetti et al. 2022). The whole analysis was repeated with α = 0.8
(m = 0.4) and α = 0.9 (m = 0.2) to quantify the impact of m on the results.

With the extended IWV approach, the best-fit flow velocity and depth were searched
for within finite intervals of 0 to 1 m/s for the streamwise velocity, −0.2 to 0.2 m/s
for the transverse velocity, and 0.01 to 1 m for the water depth. Ten runs of the op-
timisation were conducted for each window to identify the absolute optimum among
potential local maxima of the normalised scalar product. The estimated surface ve-
locity and depth distributions were indicated as V raw

i and Draw
i , respectively (Fig. 5a
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Figure 4. Example of normalised measured frequency-wavenumber spectra of the water surface images pro-

jected along the streamwise (a) and transverse (b) directions. The red lines indicate the wavenumber-frequency
relations of turbulence-forced patterns (dashed, Eq. 1) and gravity-capillary waves (solid, Eq. 4), respectively.

and b).
Unexpectedly large velocity estimates were observed within a distance of approxi-

mately 0.5 m from the banks, where the velocity should have been decreasing to zero.
These large velocities were likely an artefact due to the reflections of the banks and
vegetation on water (see Fig. 3). Depth estimations showed a significant scatter across
the whole transect and some very large (> 0.5 m) or very small (≈ 0 m) values, es-
pecially near the centre of the channel (Fig. 5b). These are indicative of the lack of
robustness of depth estimates by the IWV method when the window size is relatively
small. To reduce the impact of these erroneous velocity and depth estimates on the
calculation of the discharge, all data (velocity and depth) within a distance of 0.5 m
from the banks and all depth data deviating from the average depth by more than
50 % were discarded, and replaced by a linear interpolation between the remaining
valid data points. The resulting surface velocity and depth distributions were indicated
as V IWV

i and DIWV
i , respectively.

The variation of V IWV
i and DIWV

i with α is represented by the shaded area in Fig. 5a
and b, respectively. The estimated velocity distributions had a minimal variation when
α varied between 0.8 and 0.9. In turn, the estimated depth values changed by up to
10 cm, or 30 % of the average water depth. Larger depths were estimated assuming
α = 0.9. Direct measurements of the surface velocity were not available since the
instrument could not measure within 7 cm from the surface. Depth estimations by the
extended IWV approach (Fig. 5b) showed a good agreement with direct measurements,
but only after the removal of the outliers near the centre of the channel and banks. The
discharge calculated with the extended IWV approach (Eq. 15) assuming α = 0.85 was
QIWV = 0.90 m3/s (0.83 m3/s if α = 0.80 and 1.12 m3/s if α = 0.90). This compared
reasonably well with the direct measurement of Q = 1.0 m3/s.

3.3. Combined IWV-entropy analysis

Velocity distributions calculated with the combined IWV-entropy approach (V ent) are
very similar to those obtained with the extended method (V IWV) (Fig. 6a). This was
expected, since the entropy theory affects the calculations of the surface velocity only
indirectly through changes in the depth distribution, and depth variations have a
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Figure 5. Velocity (a) and depth (b) estimation based on the standard IWV approach. V raw andDraw outliers

(red circles) near the banks and the centre of the channel are removed and replaced by a linear interpolation
between valid points to obtain the final estimates V IWV and DIWV (black circles). Results indicated with

circles were obtained assuming α = 0.85. The shaded region indicates the variation in V ent and Dent when the

velocity index α changed between 0.80 and 0.90. Direct depth measurements Dmeas. are shown for comparison
(yellow).

small impact on the estimated velocity. The impact was appreciable, however, near
the centre of the channel, where the smoother depth reconstruction using the entropy
approach (Fig. 6b) yields a smoother distribution of V ent compared to V IWV (Fig. 6a).
In the same region, V IWV and V ent differed slightly also in terms of their directions
(Fig. 7). As noted previously, changes in α had a very small effect on the estimated
surface velocity distributions.

The difference between the extended IWV approach and the combined IWV-entropy
approaches becomes clearer when looking at the reconstructed bathymetries (Fig. 5b,
Fig. 6b). The reconstruction with the combined method, Dent

i (Fig. 6b) is significantly
smoother than DIWV

i . Both reconstructions are in good agreement with direct mea-
surements, although the combined-method estimates appear to be more accurate near
the centre of the channel, where the extended-method results had to be interpolated.
Near the banks, instead, the combined approach appears to overestimate the water
depth. Different choices of the parameter α (and m) had a significant impact on the
average water depth estimated with the combined approach, which varied from 0.28 m
(α = 0.80) to 0.34 m (α = 0.90). The average water depth when α = 0.85 was 0.30 m.

3.4. Vertical velocity distributions

As a last step, the velocity distribution over the whole cross-section, U ent
i (z) (Figure

8), was calculated based on the entropy theory (Eq. (8)) using the bathymetry and
surface velocity distribution estimated with the combined method (Dent

i and V ent,
respectively). The entropy parameter M was calibrated by matching the average of
U ent
i (z) over the entire cross-section with the average based on the linear velocity

profile according to Eq. (18).
The reconstruction of the whole velocity distribution based on the entropy theory

enables a direct comparison with the measured velocity profiles (Fig. 9). The velocity
profiles predicted by Eq. (8) were generally in good agreement with the measurements,
confirming the validity of the theory. The estimations based on α = 0.85 approximated
the measurements more closely, especially in terms of water depth distribution. The
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Figure 6. Velocity (a) and depth (b) reconstruction obtained with the combined IWV-entropy approach (blue

line) (V ent and Dent, respectively) compared with those obtained with the extended approach (black circles)
(V IWV and DIWV, respectively). The direct comparison is limited to the calculations obtained with α = 0.85.

The shaded region indicates the variation in V ent and Dent when the velocity index α changed between 0.80

and 0.90. Direct depth measurements Dmeas. are shown for comparison.
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Figure 7. Velocity vectors reconstruction based on the extended IWV approach (red) and the combined IWV-
entropy approach (green). The velocity vectors have been scaled by a factor of 2 to improve the visualisation.

comparison shows a good resemblance between measurements and estimations in the
central sections of the river (1.5 m ≤ y ≤ 4.0 m), where velocity magnitudes were
larger. Larger discrepancies near the banks (y ≤ 1 m and y ≥ 5 m) are attributed to
the effects of reflections in the videos and the consequent outliers removal and linear
interpolation.

3.5. Discharge calculation and uncertainties

The discharge estimations based on the extended IWV and combined IWV-entropy
approach are summarised in Table 1 along with the estimated entropy parameters
ψ, Dm, and M . The discharge estimated with the combined IWV-entropy approach
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Figure 8. Cross-sectional distribution of the velocity estimated with the combined IWV-entropy approach.

The black line indicates the reconstructed bathymetry.
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Figure 9. Comparison between measured and estimated velocity profiles at each measurement location along

the transect (y between 0.5 m and 6.0 m). The measured velocities (red circles) are the average of two distinct
rounds of measurements. The solid black line indicates the predictions by the combined IWV-entropy method

assuming α = 0.85. The shaded region indicates the range of variability in the velocity profiles when α varied

between 0.8 (upper boundary of the region) and 0.9 (lower boundary).

was 4 to 7 % higher than the estimate obtained with the extended IWV method, but
still 4 % lower than the direct measurement of 1.0 m3/s obtained with the intrusive
instrumentation. Considering that both estimates were obtained fully remotely, and
with a faster and significantly less expensive setup than the direct measurements, the
accuracy was deemed satisfactory.

In terms of the entropy parameters (Table 1), increasing α led to a decrease in ψ
and an increase in M . The decrease in ψ indicates less sensitivity of the estimated
depth distribution from the velocity distribution, and a tendency towards a rectan-
gular channel cross-section, which could lead to a larger section area and a further
increase in discharge. For a fixed maximum surface velocity, the increase in M is asso-
ciated with an increase in mean velocity Umean, which also contributes to an increase
in discharge. While the entropy-based full cross-sectional distribution of the velocity
allows for a direct calculation of the discharge without explicitly including the factor
α, this distribution is affected by the choice of α indirectly due to the effects on the
intermediate IWV step results.

While a value of α = 0.85 can be reasonably assumed in most occasions, the choice
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Table 1. Estimated discharge and entropy param-

eters assuming different values of the velocity index

α.
α = 0.85 α = 0.80 α = 0.90

QIWV
(
m3/s

)
0.90 0.83 1.12

Qent
(
m3/s

)
0.96 0.86 1.16

ψ 8.60 10.0 6.35
Dm( m) 0.28 0.27 0.31
M 2.63 1.38 4.53

of the velocity index remains one of the main sources of uncertainty for discharge
estimates based on non-contact velocimetry approaches (Hauet et al. 2018). With
traditional non-contact methods, the dependence of the discharge on α is linear. With
the IWV method, however, the uncertainty is amplified by the fact that α also affects
the estimated velocity and depth according to Eq. (4)-(6) (Dolcetti et al. 2022). Here,
varying the velocity index α between 0.80 and 0.90 (±12 %) resulted in a slightly
amplified relative variation (±15 %) in estimated discharge with both the extended and
combined approach. From this point of view, the integration in the entropy framework
appears to have a limited impact on the measurement uncertainties.

4. Conclusions

We derived and validated two novel approaches to simultaneously reconstruct the spa-
tial distribution of the flow velocity and water depth along a river transect, based solely
on the non-contact imaging of water surface dynamics. The first approach, a simple
spatially-resolved extension of the previous spatially averaged approach introduced by
Dolcetti et al. (2020), shows large local errors in the depth reconstruction, indicative
of a lack of robustness. The estimated discharge in a test case study was 10 % smaller
than the direct measurement. The second approach combines the IWV method with
the entropy theory to limit the spatial variability of the estimated bathymetry using a
set of theoretical constraints that ensure the physical admissibility of the reconstruc-
tions. The bathymetry reconstruction obtained with the combined method was found
to be more robust due to the smaller number of free parameters and to the control ex-
erted by the estimated velocity distribution, which can be determined more accurately
and with a higher resolution. The estimated discharge with the combined measurement
was 4 % smaller than the direct measurement, which included the effects of imaging
errors due to reflection and shadows of the banks on the water surface. The method
has the additional advantage of enabling the reconstruction of a physically admissi-
ble velocity distribution over the entire two-dimensional river cross-section, which is
beyond the capabilities of other existing non-contact velocimetry approaches. This ca-
pability could pave the way for the remote characterisation of the bed morphodynamic
evolution and of the interaction of the flow with engineering structures.

Both measurement approaches introduced here show a clear potential to address
two key challenges of non-contact discharge measurements in rivers: the need for a
high density of passive tracers, and the need for prior knowledge of the bathymetry.
Compared to alternative fully non-contact approaches (Legleiter and Kinzel 2021,
Chen et al. 2023), they do not require an on-site calibration or the knowledge of
additional parameters, except the velocity index, which is confirmed as the key term
governing the uncertainties of any non-contact velocimetry technique. The methods
were validated at a test site where the Froude number based on the averaged velocity
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and depth was approximately 0.3. This is lower than the range of previous validations
of the standard IWV approach (Dolcetti et al. 2022, 2024a), but it is still indicative
of a relatively shallow and fast flow. The depth reconstruction by the IWV approach
has a very low sensitivity in deep flows, and it relies on water surface deformations,
which typically become visible when the Froude number is at least of order O(0.1).
For sufficiently shallow and deep flows, the proposed methodology provides a robust,
rapid, low-cost, and fully non-contact alternative to traditional and more advanced
flow measurement approaches, creating unprecedented opportunities for monitoring
rivers and/or flow conditions beyond state-of-the-art measurement capabilities.
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