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Abstract
Unmanned Aerial Vehicles (UAVs) have recently been applied for river flow
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measurement. In this research, UAV images were first used to acquire surface velocity
Bathymetry, Large Eddy PIV.

fields of a small river in an arid area in Iran based on the principles of Large Scale
Particle Image Velocimetry (LSPIV). Subsequently, Large Eddy PIV method was
applied on the instantaneous velocity data to obtain turbulent kinetic energy dissipation
rates along a selected cross section of the experimented river. In addition, a UAV
image was captured and processed to gain the bed material grain size distribution
and consequently the Manning roughness coefficient. The resulted gradation curve
matched the graph given by sieve analysis with an accuracy of nearly 7.8 percent.
Moreover, an equation combining the acquired surface velocity, dissipation rates
and Manning coefficient was used to estimate the river bathymetry. Although, the
Received: evaluated bathymetry does not fit the surveyed cross section very well, the average

02 March 2024 predicted depth matches the measured mean depth with a high precision. Finally, the
river flow rate calculated using the information solely resulted from UAV images
fitted the measured discharge with an accuracy of 5 percent proving the described

Revzisgei: 12004 framework to be a very effective method for primary river flow evaluation especially
pri when supplementary depth measurement is not feasible.
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Introduction

Flow discharge is a very important feature
of rivers in arid areas for water resources
management and allocation and also for
designing flood control schemes in the
case of extreme hydrological events.
Especially, under drought conditions it
is crucial to measure water flowing in
rivers as accurate as possible. Most stream
gages currently being operated in Iran are
based on stage-discharge method which
is of course of major deficiencies. The
rating curves are mainly drawn based on
measurements conducted under low flow
conditions and extrapolated for higher
amounts of discharge. Thus, discharge
records for flood events are normally
subject to significant errors. Therefore,
in the situation of water scarcity where
annual average precipitation in Tehran
Province hardly reaches 300 millimeters,
seeking alternative approaches with higher
accuracies deems essential for sustainable
management of available water resources.
Meanwhile, image-based velocity
measurement methods also referred to as
near field remote sensing techniques have
recently been widely utilized by water
professionals.

Large Scale Particle Image Velocimetry
(LSPIV) is among the most frequently
used imagery methods applied under
different conditions from very low flow to
flood events. The method firstly suggested
and experimented by Fujita et al, 1998
in Japan is built essentially upon particle
pattern recognition formed on flow surface
in consecutive images under natural light
exposures. The principles of LSPIV are
similar to the conventional PIV excluding
the necessity of laser application for flow
visualization while larger flow fields
even up to hundreds of meters might be
measured.

In addition to flow measurement, LSPIV
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has also been used to investigate time-
averaged surface flow patterns (Bieri et al.,
2009 Kantoush et al., 2011; Sutarto, 2015),
turbulence features on the free surface
(Orlins and Gulliver, 2000; Albayrak and
Lemmin, 2007; Fox and Patrick, 2008) and
the effect of free surface turbulence on the
air- water gas transfer (Mc Kenna and Mc
Gillis, 2004).

For flow discharge measurement in
waterways using image-based techniques,
two supplementary data sets are necessary
to acquire. Firstly, the mean velocity at the
surface obtained through processing the
recorded images ought to be converted to
depth-averaged velocity. This is usually
achieved by multiplying the surface
velocity by a constant coefficient (the
velocity index or coefficient) which is well
established to be equal to 0.85. However, it
is to be borne in mind that the value of 0.85
is proposed for deep hydraulically smooth
channels where it is possible to assume
a logarithmic velocity profile (Welber et
al.,, 2016). In some studies, LSPIV has
been used to measure surface velocity to
investigate the velocity index (Polatel,
2006; Welber et al., 2016; Novak et al.,
2017). Several researchers have found
different values for this index. For instance,
Weitbrecht et al (2002) obtained 0.805 fora
smooth bed. Lee & Julien (2006) obtained
values 0.61 and 0.79 for a gravel bed river
and clay bed canal, respectively. Novak et
al (2017) found values between 0.73 and
0.89 for a horizontal glass bed flume and
values 0.72 to 0.85 for a concrete flume
with a slope of 0.001 where in both cases
Vlincreases with depth. Huang et al (2018)
found 0.737 for the gravel bed Yufeng
Creek. Akbarpour et al (2020) obtained
values 0.61 to 0.78 for steep slopes (2, 6
and 10 percent) of a flume roughened with
identical glass spheres ideally representing
gravel bed rivers.
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95 Measuring Discharge in a Shallow Riverinan ...

The variations in the velocity index might
be attributed to the parameters such as
bed roughness, relative submergence or
aspect ratio and flow regime (Polatel,
2006). Akbarpour et al (2020) also
showed that the index is increased as the
bed gradient increases and proposed an
equation relating the index to the relative
roughness and the slope. Johnson and
Cowen (2017) in a different approach
expressed the possibility of evaluating
the velocity index by estimating the
shear velocity from the turbulence spatial
spectra and the recorded surface velocity
and consequently predicting the velocity
power-law exponent. Gunawan et al
(2012) proved that the coefficient also
varies in the transverse direction along the
cross section due to the variations in the
cross sectional shape of the reach, local
vegetation and stage.

In addition to the velocity index, channel
bathymetry or depth should also be
known when measuring river flow rate
using LSPIV. Johnson and Cowen (2016)
suggested that through measuring surface
turbulence metrics and more specifically
integral length scales it is feasible to
estimate the flow depth. Jin and Liao
(2019) applied LSPIV to evaluate statistics
of surface turbulence of a natural river
and correlated the flow depth with the
turbulent kinetic energy dissipation rate of
the flow surface. They suggested that the
water depth along the cross section might
be estimated using the river Manning’s
n and the dissipation rate obtained from
processing the sequence of surface images.
On the other hand, image processing
techniques have been utilized throughout
the recent years to determine grain size
distribution of river bed material (Butler et
al., 2001: Graham et al., 2005; Buscombe
et al., 2010; Spada et al., 2018). Moreover,
some researchers have applied Unmanned

Aerial Vehicles as platforms for cameras
to be mounted on for the same purpose
(Vazquez-Tarrio et al., 2017; Lang et al.,
2020).

Recently efforts have been made to
explore the applicability of airborne
velocimetry methods to measure stream
flow discharge without any supplementary
bathymetry measurements. Detert et al
(2017) introducing applications of airborne
image velocimetry (AIV) used an off-the-
shelf action camera mounted to a lowcost
quadcopter to determine a small rivers’
surface velocity field, bathymetry, and
its flow discharge. They applied particle
image velocimetry to compute flow
velocities. In order to remotely determine
the river bathymetry they used structure
from motion (SfM) and MultiView Stereo
(MVS) techniques applied to the UAV
images. Kinzel and Legleiter (2019)
measured the surface velocity field and
bathymetry of a river employing two
small Unmanned Aerial Systems (sUAS)
equipped with a thermal infrared camera
and a polarizing lidar, respectively. Eltner
et al (2020) introduced a remote sensing
workflow for automatic flow velocity
calculation and discharge estimation using
the depth-averaged velocity obtained from
application of PTV and the wetted cross
section derived from SfM and multi-media
photogrammetry applied to UAV imagery.
In this paper a UAV was employed to
measure surface velocity of a shallow river
flowing in an arid region located in the
south of Tehran the capital city of Iran. The
results show that through the analysis of
the acquired images based on Large Scale
Particle Image Velocimetry principles
an accurate surface velocity field was
obtained. In addition, the airborne device
was used to acquire few images from
the dry river bank adjacent to the wetted
section. Image processing techniques
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were later used to determine the bed grain
size distribution and subsequently the
Manning’s n. Moreover, Large Eddy PIV
method was used to calculate turbulence
dissipation rate on flow surface. Finally,
a simple method was proposed to
estimate the river bathymetry enabling the
calculation of river discharge. The results
show that the employed framework yields
acceptable values for the river flow rate
under the experimented conditions.

Material and Methods

1. Study Area

This study was conducted in a rather
straight short reach of the river Kan located
in the south of Tehran Province, Iran at 51°
19°04” E and 35° 32’ 58” N (Figure 1). The
field measurement was carried out on May
28,2020 when the river flow rate according
to the current meter measurement was
equal to 2.82 m’/s. The site consists of a
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Fig 1. Location and an aerial image of the study area. The blue circles and the red dashed
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transect (shown with red dashed line in
Figure 1) where the bathymetry of the
river channel was manually surveyed by
a wading meter at a 0.5-m interval. The
channel top width at the time of survey
was 9.1 m at the selected transect. Bed
materials are primarily composed of gravel
without the presence of large boulders.
2. LSPIV measurements

The measurement device was a DIJI
Phantom 4 Pro which has a camera
capable of shooting 4k video at 60 fps and
capturing 20 megapixel stills on board.
In our experiment the camera recorded
videos in a resolution of 1920x1080 at
30 fps. The drone is equipped with a
stabilizing gimbal to diminish camera
movements to an acceptable level for image
processing. The camera was held at a nadir
position as much as possible throughout
the image capturing period.

2

line on the right hand image show location of the GCPs and the surveyed cross section.

The airborne image data were captured
at a flying height of about 20 meters.
Video sequences were converted into
individual frames prior to the image
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quite stable during the measurement
campaign image co-registration to remove
the camera movements was not necessary.
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Four ground control points (GCPs) were
distributed uniformly on both riversides
whose coordinates were required during
the image processing. The geocoordinates
were recorded by a Garmin eTrex which
was used three times for each GCP to
improve its accuracy. However, final
accuracy of the GCPs’ positions is
estimated to be £2-3 m which is quite poor
but sufficient for the current purpose.

It is also advised to use tracer particles in
LSPIV for the image processing step. The
tracers need to be somewhat lighter than
water to be floating on the flow surface
while not too light to represent the flow
behavior passively. In this study pieces
of walnut wood with a specific density
of 0.7 and an average size of 3%3 cm and
thickness of about 1 cm were manually
distributed on the water surface to act
as the flow tracers. However there are
evidences that natural tracing might also
work under some circumstances. For
unseeded applications, natural tracers such
as foams, bubbles or superficial reflection
patterns due to surface deformations
might be used for PIV processing (Jin and
Liao, 2019; Bentazzo et al., 2017). In this
research, the MATLAB toolbox PIVlab
was used to process the images (Thielicke
and Stamius, 2014). PIVIab and most
PIV software packages are based on cross
correlation algorithm where the images are
first divided into a number of interrogation
areas (IA). Since this algorithm is in fact
based on the recognition of the patterns
formed by the tracer particles in each 1A,
for each of the two consecutive images, the
correlation coefficient of each IA in the first
image with the adjacent IAs in a certain
area in the second image is calculated for
pattern recognition. Then the IA with the
largest value of the correlation coefficient
is determined as the destination of the
tracer particles displacement. Having the

direction and value of the displacement
within the time d¢, the velocity vector is
obtained for the desired IA. This process
continues until the velocity vector
calculation for all IAs in the image is
performed and thus the velocity field for
each two consecutive images is achieved.
In this study, the video recording was
performed for a duration of 60 seconds
at the rate of 30 fps and in total 1800
images were acquired. Before starting the
main stage of image processing the region
of interest (ROI) was cropped from the
original images by masking the unwanted
parts on either sides of the river. Then the
raw images were converted to grayscale,
contrast-limited  adaptive  histogram
equalization (CLAHE) was used to
enhance the images contrast, and a high-
pass filtering was applied. According to the
physical dimensions of the measurement
plane the size of each pixel would be equal
to 16.5 mm. In the next step, the images
were calibrated using the GCPs’ recorded
coordinates and then the image evaluation
settings were introduced. In this study,
multi-pass cross correlation method via
Fast Fourier Transform (FFT) was used
where initially the image evaluation
starts with a large A (128 x 128 pixels)
and the results are used for smaller IAs
(eventually 16 x 16 pixels) and velocity
vectors are obtained for each IA. Finally,
in post processing bad vectors are omitted
by defining the minimum and maximum
acceptable velocity values and the velocity
fields are calculated.

3. Flow depth estimation from surface
velocity fluctuations and Manning
coefficient

Jin and Liao (2019) assumed that Law-of-
Wall equation for the vertical profile of the
dissipation rate can be extended to the free
surface, combined it with Manning-
Strickler equation and proposed the
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following equation for water depth

estimation in rivers involving the turbulent

surface velocity measurement and the

Manning’s roughness coefficient, 7 :
K?U2n?g

h= (ke,)2/3 (1)

Where for the estimation of depth (f),
having the surface velocity (U) and
surface dissipation rate (&) is necessary
and g is gravitational accretion and £ is
von Karman constant equal to 0.41. The
velocity index (g) was taken equal to the
conventional 0.85 value since we do not
have any preceding knowledge of the
water depth to benefit from the existing
relationships.

3.1. Remote estimation of the Manning’s n
In order to evaluate the Manning’s n we
captured a supplementary image from the
left bank side of the studied river using
the aforementioned drone from a point 5
meters above the surface. A square wooden
frame (40 by 40 cm) was placed over the
selected area to ensure the possibility
of scale definition. FHWA Hydraulic
Toolbox was used to extract bed gradation
information from the digital image. The
workflow utilized by the program and
the captured digital image are shown in
Figure 2. As it could be seen in the figure,
Grain size distribution will be the outcome
of the program. Having the bed material
gradation information and using one of the
existing empirical equations the Manning
coefficient could be estimated from the bed
grain size already estimated. In this paper,
since we would intend to propose a method
to evaluate the flow rate without direct
depth measurement and considering the
fact that the experimented reach is quite
straight without any vegetation roughness,
Strickler (1923) formula was used to
convert grain size to roughness coefficient
as follows:
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n=0015D° @)
1.1,

3.2. Surface turbulence dissipation rate
approximation using Large Eddy PIV
method

Sheng et al (2000) proposed Large Eddy
PIV inspired by the concept of Large Eddy
Simulation (LES). Since in PIV
measurements image correlation is applied
on finite grid sizes, it is similar to LES
filtering where the instantaneous velocity
is decomposed into a resolved velocity Ul
, and an unresolved velocity U;:

u=U0,+17, 3)

The turbulence dissipation rate can be
estimated as follows:

&~ —=2(1y;Sy;) 4)

Where () denotes ensemble averaging and

Sij is the strain rate tensor defined as:

g 1 aU; N aU;
by 2 axi aX] (5)

And T; is the stress tensor often obtained
using Smagorinski model: ;= —C#2%ISIS;

where is the interrogation area size in PIV
and C_is Smagorinski constant equal to
0.17. In this paper this method is used to
approximate surface turbulence dissipation
rate ¢ ..

Results and Discussion

1. Surface velocity field

The two dimensional time-averaged
surface velocity field of the experimented
river reach is depicted in Figure 3.

As it could be observed the mean surface
velocity is higher tending to the left hand
side of the channel which is quite sensible
because the corresponding depth at that
part is larger in comparison to other
regions. The velocity gradient on the left
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Fig 2- The underlying workflow used to estimate bed gradation from the
digital image (a), the image captured at 5-meter height on the left bank of
the river reach (b).

Fig 3- 2D surface velocity field of the experimented river reach.

bank is more gradual because of its gentle
slope while on the right bank we observe
a sharper gradient due to the abrupt slope
of the river edge. The position of the
wading meter is also detected in the image
processing as a narrow bar with a much
smaller velocity appearing on the velocity

field.

The lateral variation of the surface velocity
against the depth-averaged velocity
measured by the current meter is depicted
in Figure 4. It is obvious that on the right
hand side of the cross section the surface
and depth-averaged velocities agree very
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well. However, in the left hand side the
depth-averaged velocity has an abrupt
increase at y= 0.2 which is not detected
accordingly by LSPIV. The reason might
be inappropriate distribution of seeding
particles or unwanted light reflections at
that area.

2. Manning roughness coefficient

As explained in section (2-3-1) image
processing was applied to approximate
river bed gradation. In order to be able to
compare the results, a sample sediment

1.5
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patch was taken from the same place as the
imaged area. Figure 5 shows the gradation
graphs obtained from sieve analysis and
image processing. The results agree very
well with the measured gradation data with
a RMSE equal to 7.8 %. The calculated
median grain size (D) obtained through
the image analysis equals 24.9 mm and
according to equation (2) the Manning
roughness coefficient is estimated to be
0.025.
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Fig 4. Surface velocity (LSPIV) versus depth-averaged velocity (current meter) and also
comparison of the estimated bathymetry using equation 1 against the surveyed cross section.

3. River bathymetry and discharge

Following equation (1) and taking
Manning’s n equal to 0.025 as obtained
from image processing techniques and
inserting the surface turbulence dissipation
rates calculated from Large Eddy PIV
method, the values of flow depth across
the selected cross section were calculated
as shown in Figure 4. Except from the near
end of the section the general trend of the
estimated depth variation agrees to some
extent with the measured bathymetry.
However, the estimated bathymetry shows
more fluctuations and with the exception
of the first two meters mostly higher
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depth values. The average depth of the
section resulted from equation (1) is 0.27
m while the average depth according to
the surveyed data is 0.288 m showing an
error of nearly 6 percent. Thus, the applied
method in this paper proves to be quite
adequate to roughly estimate the mean
water depth. Whilst, to be able to depend
on the bathymetry obtained from the
method more investigations ought to be
carried out.

Moreover, the river discharge was
calculated using the velocity-area method
as follows with the measured surface
velocity gained from LSPIV multiplied by
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K=0.85 and the water depth distribution
estimated by equation (6):
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Fig 5. Evaluated (image processing) versus measured (sieve analysis) bed sediment gradation curves.

The calculated flow rate based on equation
(6) equals 2.67 m*/s which is approximately
5 percent lower than the measured
discharge of 2.82 m’/s using the current
meter. Therefore, the proposed method
which only relies on the data acquired
from a UAV including surface velocity
and subsequently surface turbulence
dissipation rate distributions and also
bed material gradation obtained through
image processing techniques shows a great
potential to be applied for primary river
discharge estimations especially once it is
not feasible to wade the river bathymetry.

Conclusions

A UAV was used in this paper to estimate
both mean velocity and water depth
distribution (bathymetry) in a small
shallow river in an arid area in Iran solely
by imaging the free surface. According to
the surface velocity distribution obtained
from the application of LSPIV method,
the surface velocity in the left half (with
reference to the flow direction) of the
observed river reach is quite higher than

that of the right half. The trend recorded by
the current meter also shows that the depth-
averaged velocities are larger in the left
half confirming the results of the surface
velocity measurement. With the exception
of'the first one meter and the last two meters
of the cross section, for the majority of the
section width the depth-averaged velocity
is lower than the surface velocity which
is consistent with the previous findings
indicating dip phenomenon.

Bed grain size distribution was also
approximated using image processing
techniques. The estimated gradation
graph shows a very good agreement with
the measured curve with a RMSE of
7.8 percent. Subsequently, the Manning
roughness coefficient was calculated from
the calculated median grain size (D)
using Strickler formula showing a value
equal to 0.025 which is around 16 percent
lower than the calculated 0.029 from the
measured data based on Manning equation.
Hence, using the gradation acquired from
drone imagery in a gravel bed river without
major large roughness elements and
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vegetation yielded an acceptable Manning
coefficient.

The application of equation (1) proposed by
Jin & Liao to estimate lateral water depth
distribution using the Manning coefficient
obtained through image processing
and surface turbulence dissipation rate
distribution calculated from Large Eddy
PIV didnotresultin anidentical bathymetry
with the surveyed cross section. However,
the resulted average depth is really close to
the mean surveyed depth with a 6 percent
error.

The discharge calculated from the
introduced methodology agreed very well
with the measured value with a distinction
of approximately 5 percent. Therefore, it is
possible to take advantage of the proposed
methodology to estimate velocity, depth
and consequently discharge using solely a
UAV with an acceptable precision without
any supplementary measurement for
bathymetry under similar conditions to the
experimented river reach.

Finally, in order to enhance the proposed
framework, more laboratory and field
experiments should be conducted in the
future to explore correlations between flow
depth and turbulence metrics including
integral length scales and surface
dissipation rate of turbulent kinetic energy.
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