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Abstract Advances in flow monitoring are crucial to
increase our knowledge on basin hydrology and to
understand the interactions between flow dynamics
and infrastructures. In this context, image processing
offers great potential for hydraulic monitoring, allowing
acquisition of a wide range of measurements with high
spatial resolution at relatively low costs. In particular,
the particle tracking velocimetry (PTV) algorithm can
be used to describe the dynamics of surface flow velocity in both space and time using fixed cameras or unmanned aerial systems (UASs). In this study, analyses
allowed exploration of the optimal particle seeding density and frame rate in different configurations. Numerical results provided useful indications for two field
experiments that have been carried out with a low-cost
quadrocopter equipped with an optical camera to record
RGB videos of floating tracers manually distributed
over the water surface. Field measurements have been
carried out using different natural tracers under diverse
hydraulic and morphological conditions; PTV’s processed velocities have been subsequently benchmarked
with current meter measurements. The numerical results
allowed rapid identification of the experimental
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configuration (e.g., required particle seeding density,
image resolution, particle size, and frame frequency)
producing flow velocity fields with high resolution in
time and space with good agreement with the benchmark velocity values measured with conventional
instruments.
Keywords River flow monitoring . Surface flow
velocity . UAS . PTV

Introduction
River flow monitoring is of great interest for the scientific community, civil protection activities, hydraulic
engineers, and hydrologists worldwide. Generally, flow
measurements can be carried out using different techniques and instruments: hydraulic current meters, chemical tracers, dyes, acoustic Doppler instrumentation, or
remote sensing observations. Traditionally, in the case
of large rivers, flow velocity is measured using hydraulic current meters (Tazioli 2011), radars, or acoustic
sensors (Yorke and Oberg 2002; Fulton and Ostrowski
2008), while in small streams, it is common to use
hydraulic tracers (Leibundgut and Maloszewski 2011).
Although such techniques are widely used in practice, most of them provide spatially averaged features;
the equipment is costly and needs long experimental
campaigns and qualified personnel. Such conditions
are prohibitive for engineering practice, and, consequently, it is common to have flow velocity information
only for low discharges, while the derivation of high
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flows is obtained by extrapolation or numerical modeling which provide high uncertainty in the estimation of
extreme floods (e.g., Di Baldassarre and Montanari
2009; Manfreda 2018). Measurement frequency and
quality depend on many factors (e.g., budget, quantity
and quality of instruments, and qualified personnel), and
there is a growing need for new strategies to increase the
number and accuracy of streamflow measurements.
In the last few years, innovative methodologies have
been developed to measure streamflow in real time at
high spatial resolution (Tauro et al. 2018; Manfreda
et al. 2018). In this context, several authors are exploring
the potential use of satellite remote sensing observations, but their use is still limited by spatial and temporal
resolutions. Other tools, instead, such as handheld radars, microwave sensors, and optical methodologies,
may provide useful information.
In this context, inexpensive optical cameras have
reached extremely high quality and small dimensions/
weight that allow a wide spectrum of applications. They
can be used for fixed installations on rivers to provide
continuous observations over time or can be mounted on
an unmanned aerial system (UAS) allowing coverage
for all possible locations along a river system. They are
also potentially applicable in inaccessible or noninstrumented sites to monitor real-time flow characteristics and their interactions with other hydraulic structures (e.g., bridges, sleepers, dams, levees). For instance,
optical techniques have been used for the kinematic
characterization of streams and rivers on the basis of
video acquisitions from portable platforms or UAS
(Tauro et al. 2014, 2015; Detert and Weitbrecht 2015;
Perks et al. 2016) using optical pattern recognition techniques for floating tracers (Fujita et al. 1998; Adrian
2005; Muste et al. 2008; Raffel et al. 2013). These
tracers may be suspended sediments naturally flowing
in the river or particles intentionally distributed for
monitoring purposes (Kim et al. 2008; Detert and
Weitbrecht 2015; Tauro et al. 2017c).
Among these pattern recognition techniques, particle
image velocimetry (PIV) and particle tracking
velocimetry (PTV) have been largely tested on different
fluids to derive surface velocities at high temporal resolution using, respectively, the Eulerian and Lagrangian points of view. In PIV, particle displacement is
determined from the highest similarity approach between the interrogation areas of two consecutive frames.
In the PTV method, the shape of each particle is detected, and its velocity is evaluated by comparing their
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patterns in consecutive images. In the last decade, these
methodologies, originally applied at laboratory scale
and using numerical simulation, have also been used
in field surveys. For this purpose, some free software
programs have been implemented to describe the surface flow characterization with PIVand PTV techniques
(Le Coz et al. 2014; Patalano et al. 2017).
However, the implementation of optical methods in
hydrological monitoring is associated with several difficulties that have not been fully addressed. There are
several studies on the impact of specific choices or
settings, but in most of the cases, researchers provide
only qualitative description of the relative impact of
specific settings. For instance, the correct detection of
the floating particle may be affected by tracer characteristics (size, color, and shape) or other environmental
factors (Le Coz et al. 2010; Tauro et al. 2014).
With PTV method, it is necessary to identify the correct
frame rate setting for the camera in order to avoid possible
errors that may arise in cases of undersampling (low frame
per second (fps)) or excessive number of frames (high fps).
In this regard, Brevis et al. (2011)and Gollin et al. (2017)
investigated the influence of frame rate with respect to
particle dimensions, emphasizing the importance of preand post-processing elaborations to minimize these errors.
Generally, for high velocities, a large frame-by-frame displacement can result in particle deformation in flow direction causing errors; on the contrary, a high frame rate with
respect to low flow velocity can induce a loss in accuracy
of the mathematical estimation (Gharahjeh and Aydın
2015). Other issues concern tracer dimensions and seeding
density in the window of interest, expressed in particles per
pixels (ppp). It is known that measurement uncertainty
increases by increasing the seeding concentration due to
particle overlapping and with low particle image diameter
due to peak locking effects. In fact, high concentrations do
not allow an effective detection of particle position and
particle image paring, causing a progressive increment of
the measuring uncertainties (Kähler et al. 2012; Cierpka
et al. 2013).
Hydraulic and morphological river conditions also
influence the application of these methodologies. For
instance, in clear water and smooth free surface during
low flow conditions and low relative submergence, an
inhomogeneous river background, caused by the presence of vegetation patterns or sediments, can influence a
good digital processing. At the same time, in turbid
water during flood conditions, particles can move in
random directions because of surface waves and
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turbulence. A poor contrast between tracers and background due to shadows, direct water reflections, or flares
can disturb particle detection, deteriorating the quality of
the measurements (Adrian and Westerweel 2011; Raffel
et al. 2013). Weitbrecht et al. (2002) and Gharahjeh and
Aydın (2015) have highlighted from laboratory experiences the importance of direct illumination improved by
halogen photographic lamps to produce enough contrast. Tauro et al. (2012) proposed the use of ecocompatible fluorescent particle tracers for experimental
measurements in small-scale streams and on hill slopes
to overcome the problems related to illumination
conditions and particle visibility. Furthermore, Tauro
and Grimaldi (2017) recently proposed the use of ice
tracers and thermal cameras to characterize surface flow
velocities with the PTV algorithm.
Therefore, definition of the technical parametrization
in terms of particle dimension, type, concentrations,
time interval between images, and resolutions is a critical factor that is generally chosen on the basis of common sense because a quantitative evaluation of optimal
parametrization has not yet been identified. In the present manuscript, we explore PTV technique using different configurations of particle seeding density, ratio of
particle frame-by-frame displacement to particle diameter, and minimum number of frames. The numerical
experiments allowed investigation of tracking measurement techniques and the potential sources of error of
RGB image processing. In particular, we explored the
optimal parameters and experimental settings for preand post-processing configurations under different conditions to identify the different sources of errors and
respective precision in flow velocity estimations. The
results obtained from numerical analyses have been
used as guidelines for two field experiments in different
environmental conditions.

Methodology
Numerical simulations
In this work, numerical simulations were performed to
test the particle tracking algorithms under controlled
conditions in different spatial and temporal configurations. The aim was to define the optimal parameters set
in each configuration, minimizing the effects of erroneous practices or external disturbances. In order to explore a wide range of possible configurations, we
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assumed floaters randomly distributed in space moved
at a constant velocity in one direction. Simulations were
carried out using tracers having a uniform circular shape
with diameter Dxp ≈ 10 pixels; disks had a uniform color
(white) which was altered with white noise in specific
configurations. Their spatial distribution was controlled
by a Poisson distribution with a density λ, and they
moved with uniform concentration and unidirectional
motion within a grid lattice of 500 × 500 pixels. The
frame backgrounds adopted in different experiments
included simple uniform color and actual images taken
from a real river as representative of clear water conditions (BField survey procedures^ section). Particle dimension was set larger than 2.5 pixels in order to avoid
peak locking effects as suggested by Nobach et al.
(2005) and Cardwell et al. (2011). The particle size
selected, Dxp ≈ 10 pixels, is typical for experiments conducted at laboratory and field scales, especially for those
performed with UAS with large observation distance
(Tauro et al. 2016). Synthetic image sequences were
generated, modifying the particle displacement/particle
size and particle concentration in the region of interest
with two different backgrounds. Particle displacement
was analyzed by varying the progressive time interval
between successive simulated frames. This allowed generation of a frame-by-frame particle displacement Dx
ranging from 1 to 50 pixels. In addition, different
seeding densities, ranging from 0.4E−05 (low) up to
1.0E−02 ppp (medium-high particle concentration),
were adopted to investigate the role of tracer concentrations. The range of variability was set using the typical
values adopted in field surveys (Tauro and Grimaldi
2017a), in which the upper limit represents the condition
in which individual particles start forming clusters. Finally, particle color was also amended, introducing a
white noise with standard deviation equal to 0.05 in
order to simulate environmental signal noises.
The sensitivity of the image processing algorithm
regarding different environmental conditions was evaluated considering the following configurations: (1) ideal
condition, white particles on dark homogeneous background (Fig. 1 a and b), and (2) real condition, white
particles with white noise on clear water background
(Fig. 1 c1 and c2). An illustrative diagram of the different configurations analyzed is presented in Fig. 1. PTV
performances have been estimated using a relative error
given by the ratio ϵ % = 100 × (Uc − Um)/Um, where Um
represents the average imposed velocity of particles in
the numerical simulation and U c is the average
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Fig. 1 Scheme of the
methodology used to explore the
optimal parameter settings in
terms of displacement, seeding
density, and number of frames.
Two different configurations were
analyzed: ideal configuration,
with white particles on dark
homogeneous backgrounds (see
examples a and b), and real
configuration, with white
particles and white noise on real
clear water background (see
examples c1 and c2, respectively
original and pre-processed
images)

computed velocity obtained by the PTV in the region of
interest (ROI). These results are preparatory to export
such a methodology in laboratory experiments or in
field surveys, where other environmental variables
could influence the final results. Each numerical experiment contains at least 20 images and each configuration
was run 10 times.
Image processing
Post-processing procedures were carried out using particle tracking velocimetry (PTV) to derive the flow
kinematic characterization. Acquired videos were analyzed by extracting RGB images and modifying their
brightness to increase the contrast between tracers and
water. Such an operation is essential to avoid erroneous
velocity vectors and obtain good results. Images extracted from RGB videos were adjusted using image editing
software GIMP (GNU Image Manipulation Program)
using histogram equalization techniques. The goal was
to make the background uniformly black and increase
tracer brightness, thus minimizing shadow effects and
inhomogeneous illumination.
PTV analyses were carried out employing the
PTVlab software (Brevis et al. 2011). This software
guides the users in the different steps of the analysis that

include the particle detection module, the PTV setting,
the validation of the detected velocity vectors, calibration of the images’ real dimension and frequency, and
finally derivation of the flow velocity field.
A critical step in the procedure is represented by the
particle detection that was carried out using particle
Gaussian mask correlation method (Ohmi and Li
2000) imposing the parameters of particle diameters
and reflectance intensity equal to 8 pixels and 70 in
maximum intensity. Particle tracking was implemented
using a cross-correlation algorithm (Wu and Pairman
1995) by setting interrogation area (IA) ranging from 10
to 60 pixels, cross-correlation threshold at 0.7, and
neighbor similarity percentage at 25%.
Parameter setting has been slightly modified for field
RGB images given the significant difference between the
two datasets. In particular, particle detection was executed
using a Gaussian mask with a pixel dimension of 5 and
pixel maximum intensity of 90. The interrogation area was
set at 20 pixels regarding cross-correlation algorithm,
cross-correlation threshold was 0.7, and neighbor similarity percentage was 25%. In field surveys, image calibration
was performed positioning a reference object in a visible
location on the banks, and the validation process was
applied. Inaccurate vectors (outliers) due to image noise
of environmental conditions (e.g., light reflections on free
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surface) were isolated and removed in order to improve the
accuracy of final results.

Exploring optimal experimental setup
Particle displacement (related to camera frame rate) and
particle seeding density (number of visible tracers per unit
of image surface) can influence the spatial velocity field
estimation. Numerical simulations were conducted to explore the relative errors considering two different configurations: (1) ideal condition, white particles on dark homogeneous background, and (2) real condition, white particles
with white noise (with standard deviation equal to 0.05) on
river background. The relative error was calculated considering the average velocity magnitude for a matrix of
300 × 300 pixels centered in the middle of the image in
order to exclude border effects at the contours.
Figure 2a, b shows the box plot of relative errors in
function of the ratio of particle frame-by-frame displacement to particle diameter for the whole analyzed range
(between 1 and 50 pixels). In configuration (1), results
highlight that a small frame-by-frame particle displacement (Dx ≪ Dxp) induced a variability of final results
between − 0.2 and − 0.5% (Fig. 2a). This became particularly evident in configuration (2), where the relative
error ranges between − 1.3 and + 0.9% (Fig. 2b). This is
due to the difficult application of the matching algorithm
between two frames that produces an erroneous identification of velocity vectors. For a displacement Dx >
Dxp, the results are characterized by a lower variability;
however, considering the whole region of interest for the

calculation of average velocity, the increase of the ratio
of particle frame-by-frame displacement to particle diameter can induce a higher relative error and standard
deviation of the measurements because of the border
effects, as shown in the Online Resource.
Figure 3 presents a box plot of the relative errors of
the average velocities computed adopting a homogeneous distribution of tracers with a concentration between 4E−05 and 1.02E−02 ppp. PTV is applied to 20
frames for both configurations (1) and (2). Simulation
results show that, considering ideal conditions, for tracer
density < 2.2E−04 ppp, the relative error ranges between − 0.8 and + 0.1%; instead, for tracer density between 3.2E−04 and 1.02E−02 ppp, the relative error
stabilizes gradually around − 0.2% with no appreciable
variability (Fig. 3a). In the realistic configuration (2)
(Fig. 3b), low tracer concentration (< 6.00E−05 ppp)
leads to higher relative errors that range between − 40
and 0%. Furthermore, for a medium tracer concentration
(between 8.00E−05 and 2.2E−04 ppp), the uncertainty
in velocity estimation decreases to a maximum of −
17%, while for higher particle concentrations (> 3.2E
−04 ppp), the variability of final results is lower and the
relative error is about − 0.2%. At low and medium
concentrations (between 4.00E−05 and 2.2E−04), results show that there is high variability of relative errors
because there are few correspondences between image
pairs and trajectories useful for the interpolation into a
regularly spaced grid, resulting in a higher underestimation of surface velocity field.
Given the close relationship existing between the
seeding density and the number of frames, we explored
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Fig. 2 Box plot of the relative errors calculated for experiments with different ratios of particle frame-by-frame displacement to particle
diameter in the configurations: a ideal condition, b real condition
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Fig. 3 Box plot of the relative error for the different densities investigated in the configurations: a ideal condition, b real condition

the impact of both factors on the computed velocity. In
fact, it is possible to improve PTV performances for low
seeding concentration increasing the number of sampled
velocities in space by increasing the number of frames.
Therefore, we searched for the minimum number of
frames needed to reach a complete characterization of the
2D velocity field considering three different particle displacements (Dx = 1.5Dxp, Dx = 3Dxp, and Dx = 6Dxp) for
experiments with homogeneous seeding densities and
testing-specific tracer densities ranging between 0.4E−05
and 5.2E−04 ppp. Each configuration was run 10 times to
verify a complete characterization of the velocity field for
each numerical experiment. The minimum number of
frames obtained in different configurations is plotted in
Fig. 4 as a function of seeding densities and displays a clear
exponential trend that allows to clarify the impact of these
two variables (seeding density and number of frames) on
the PTV technique. It must be stated that these results may
be influenced by the use of an interpolated map of surface

velocities. There are alternatives that consider the flow
velocity on particle trajectories (see Tauro et al.
2017d) rather than interpolated maps that deserve to be
explored as well. Nevertheless, it is reasonable to expect
similar trends also in these variants of the PTV methods.
Using the experience acquired with the numerical
analysis, we carried out two proof-of-concept experiments in two rivers characterized by different morphological and hydraulic characteristics. In particular, we
focused on monitoring the flow of a river with clear
water conditions and a river with significant solid transport. The characteristics of the two sites and experimental results are described in the following sections.

Field survey procedures
Field surveys were conducted under daylight conditions
with the aim of including illumination effects on tracer
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Fig. 4 Fitting curves extrapolated to estimate the number of frames required for optimal image processing as a function of the particle
seeding density
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visibility. Furthermore, clear and turbid water cases
were considered in order to investigate background
effects. Two different places were selected for this purpose: (1) Castrocucco and (2) S.S. 106, located in the
middle and valley part of the Noce and Bradano rivers,
respectively, in the Basilicata region, Italy (Fig. 5a–c).
Hydrometric stations also exist in the examined
locations.
The Castrocucco station is located in the middle
valley of the Noce river (total catchment area is about
413 km2), located in the south-west of the Basilicata
region. The river stretch morphology is single-thread
gravel-bed river, prevalently straight, with limited possibilities of lateral wandering due to valley wall confinement and regular flow. The average channel width is
approximately 28 m and the river bed slope around
1.1%.
On the other hand, the S.S. 106 station is located in
the valley portion of the Bradano river (total catchment
area 2860 km2) and has been historically investigated
due to several flood events in the past. Such a river
stretch is characterized by low slope (0.1%), low relative
submergence, and the presence of fine sand and silt
sediments on the bed and bank slope. Sediments are
principally transported in suspension, and, therefore, the
water is particularly turbid.
Field surveys were realized during July and October
under different illumination, wind, flow velocity, and
stage conditions. The entire cross section was covered
by tracers in order to have measurement points over the
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whole area of interest. Table 1 summarizes the most
important field survey characteristics, where Q is the
discharge, Hmax is the maximum water depth, W is the
river width, Us,max is the maximum flow surface velocity, and Us,med is the average flow surface velocity.
Benchmarking of velocity was performed using standard measurements carried out with Seba F1 current
meter by wading. In order to have a good reconstruction
of the flow field, surface flow velocities were taken in
measurement points inside the current but near the free
surface for different verticals considered in the cross
section. Because current meters measure only the component of the velocity in the direction of flow, the
comparison with PTV-estimated velocities was made
considering only these component velocity values of
each node represent the average of velocity values estimated in a square with sides of 0.30 m centered on the
measured point.
Image acquisition was performed employing a DJI
Phantom 3 Professional Quadcopter equipped with an
integrated 4k UHD (ultra high definition) video recording camera and a 3-axis stabilized system. Videos were
recorded hovering at a height of 10 m above the free
surface and the camera was orthogonal to the water
surface. FHD (full high definition) videos (1920 ×
1080 pixels) were recorded in Bradano and Noce river
stretches covering a surface of 17.0 × 9.6 m2. Since
stream velocity was moderate, videos were captured at
24 frames per second for some minutes in order to
obtain an adequate number of images to process.

Fig. 5 a Bradano and Noce rivers with indication of the study locales, b Castrocucco, and c S.S. 106 gauged stations
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Table 1 Summary of the main characteristics of the cross sections studied and of the field measurements
Drainage area (km2)

Gauged section
Noce river at Castrocucco

225

Bradano river at S.S. 106

2581

Date

Q (m3/s)

Hmax (m)

W (m)

Us max (m/s)

Us med (m/s)

26 July 2017

1.70

0.45

14.60

0.48

0.437

14 October 2016

3.97

0.80

11.40

1.47

0.750

Surface flow velocities were estimated during low
flow conditions, manually distributing different natural
tracers over the water surface and recording their displacement over time. Particles were introduced on the
free surface by two operators a few meters upstream
from the recording station to reduce the possibility of
self-agglomeration and inhomogeneous concentration
in the whole cross section. Natural tracers with different
dimension, color, and shape were investigated during
field tests to optimize their use according to the local site
characteristics (Table 2).
Applying optimal experimental setup to field surveys
The evidence and results of the simulation analysis were
exported in field surveys with the aim of testing the
impact of the suggested parameters: (1) particle displacement, (2) particle concentration, and (3) number
of frames. Field campaigns were conducted using natural tracers characterized by good visibility with respect
to local background: (1) wood chips in clear water under
direct sunlight and (2) charcoal in turbid water
conditions.
Numerical analyses were used to drive some of the
experimental settings in the field. In particular, the two
case studies considered differ in many aspects. On one
hand, the Noce river has clear water conditions, while
the Bradano displays turbid water. This has a clear
impact on the choice of tracer color and on PTV estimations. On the other hand, the mean flow velocity observed in the two cases is also different and this affects
the ratio of displacement to tracer dimension. Therefore,
we reduced the frame rate (from 24 to 12 fps) of the
Noce river videos to increase such ratio. Finally, it is

necessary to underline that the effective seeding density
is generally lower than the average number of tracers
used in the field because the particle detection algorithm
encounters some difficulties in correctly identifying all
tracers used.
In the velocimetry analysis of the Noce river, the
average number of tracers tracked in subsequent frames
was fewer with respect to the tracers originally identified
in the region of interest. Therefore, the effective seeding
density was reduced overall from 3.4E−04 to 1.6E−04
ppp. In accordance with the fitting curves represented in
Fig. 4, about 140 frames were extracted from the video
captured during field surveys and processed in order to
ensure a sufficient transit of tracers along the cross
section. The following figures display the map of interpolated flow velocities in the portion of the considered
cross section in the Noce river (Fig. 6a) and tracer
trajectories recognized in the image processing analysis
(Fig. 6b).
Considering the single measurement points, results
are in agreement with measurements taken with the
current meter, particularly in the central part of the cross
section that had a higher seeding concentration. Figure 7
reports the mean surface velocity values estimated in the
different verticals from the right to left side of the
channel and those measured with the current meter
(red circle). For all the measurements considered along
the cross section, the root-mean-square error (RMSE)
calculated is 0.125 m/s; considering only the portion of
cross section with good seeding concentration, the
RMSE is 0.04 m/s. Higher uncertainties can be seen in
the reconstruction of surface velocity field near the left
and right banks because of border effects and low
seeding concentration that produce a significant

Table 2 Characteristics of different tracers used in field tests
Tracer

Material

Color

Shape

Average dimension (m)

Average seeding density (ppp)

Natural

Wood chips

Natural

Irregular

0.03

3.4E−04

Charcoal

Black

9.5E−05
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Fig. 6 a Average flow velocity map at the Castrocucco hydrometric station on the Noce river with the current meter surveys indicated (red
squares). b Tracer trajectories concentrated in the central part of the cross section

(Fig. 8a, b). For this analysis, given a seeding density
of tracer identified as 9.5E−05 ppp and considering the
average number of cross-correlated tracers, the effective
seeding density was about 6.5E−05 ppp. Therefore,
according to the fitting curves represented in Fig. 4,
about 600 frames were extracted from video sequences
and analyzed to obtain an adequate number of tracers
transiting in the whole region of interest.
Figure 9 shows the difference of surface velocities
measured (red circle) and calculated along the cross section. It is possible to note a good data agreement in the
middle part of the cross section, with a maximum error of

underestimation and variability of surface velocity. In
addition, the reconstruction of velocity field for the
marginal experimental points near the right bank is
totally absent.
In the Bradano river, the cross section chosen for
discharge measurement was characterized by irregular
flow conditions. This was evidenced by the presence of
emergent vegetation on the right side of the section. The
flow, influenced by vegetation, decelerated downstream
due to the obstacle on the left side of the cross section
and accelerated on the opposite side, as shown in the
average field velocities and tracer trajectory maps
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Fig. 7 Comparison between PTV and benchmark values of surface velocity measured at the Castrocucco station
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Fig. 8 a Average velocity field calculated at the S.S. 106 hydrometric station on the Bradano river. b Example of trajectories along the cross
section on the Bradano river

about 1%, while a higher relative error (maximum 48%) is
observable in the part of the cross section characterized by
lower velocity. In fact, the low concentration of tracers near
the banks prevented accurate velocity field reconstruction.
Near the left bank, the velocity results show a discrete
variability, probably because of the turbulent flow and
vortex present in the secondary current. The RMSE calculated over the entire set of velocity data in the cross section
is 0.139 m/s.

Discussion
Environmental factors and processing parameters can
influence the quality of surface velocity estimates using
image processing techniques. In particular, temporal
resolution of the measurements (1), particle concentrations (2), and number of frames analyzed (3) represent
the key factors for the PTV-based surface velocity estimates. In this work, numerical simulations were carried
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Fig. 9 Comparison between surface velocities measured using a current meter and those calculated using PTV method at the S.S. 106
station

out to define the optimal parameters to use in field
surveys in different hydraulic and morphological conditions. For this purpose, synthetic images were generated
reproducing ideal and real configurations in order to
evaluate the influence of different disturbances typical
of environmental conditions. To assess the accuracy of
surface flow measurements, the root-mean-square error
(RMSE) between predicted and measured values was
computed.
(1) The choice of a correct recording frame rate
with respect to local flow velocities makes it possible to obtain a particle displacement appropriate
for the PTV analysis. Other studies in literature
(Brevis et al. 2011; Gharahjeh and Aydın 2015;
Tauro et al. 2017c) have shown that frame-byframe displacement should be greater than tracer
dimensions since the algorithm must follow the
tracers’ motion. In this context, the frame rate can
be easily modified through subsampling when we
have a high-speed camera, while a low-speed camera can cause the deformation of the particles in
flow directions. In this work, numerical simulations
were performed varying the particle displacement
in order to investigate the role of this parameter in
different configurations, that is, in ideal conditions,
characterized by white particles on dark homogeneous background, and in real conditions, characterized by white particles on real river background.
The results have shown that the use of a particle
displacement Dx < <Dxp can introduce a variability
in the final results in both configurations. However,
these errors are negligible for ideal conditions (from

0.2 to 0.5%) and become more appreciable in real
conditions (up to a maximum of − 1.3%) because
signal noise or environmental factors influence the
particle position detection between successive
frames. On the contrary, for a displacement Dx >
Dxp, the results are characterized by a lower variability; however, considering the whole region of
interest for the average velocity calculation, the
presence of higher tracer displacement can increase
the relevance of border effects for velocity
estimation.
(2 and 3) The present investigation focused on the
rule of number of frames with respect to seeding
densities in order to obtain a full velocity field map.
It is noted that the absence of floating objects
detected and tracked by the image processing algorithm can produce white areas in PTV maps and a
higher relative error. In field surveys, this is particularly frequent near the banks, where the seeding
density is lower with respect to the central portion
of the cross section which is generally characterized
by a good seeding concentration and low relative
errors. Results obtained from synthetic simulations
show that for a homogeneous low seeding density
(< 2.2 E−04 ppp) and a relatively low number of
analyzed frames (20 frames), a high variance of
final results with a significant underprediction of
surface velocity estimates (up to a maximum of −
40%) can be expected due to the lack of image
pairs. This variance can be reduced by increasing
the seeding density or by analyzing a higher number of frames. In fact, according to the fitting curves
plotted in Fig. 4, it is possible to obtain a full
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velocity field map with low seeding densities by
increasing the number of analyzed frames.
These numerical tests made it possible to improve the
accuracy of PTV results during field tests, avoiding
systematic errors and simplifying image processing
analysis. For instance, the low flow condition observed
in the Noce river (mean flow velocity about 0.4 m/s)
motivated us to subsample the original frame sequences
from 24 to 12 fps, obtaining satisfactory results. Instead,
in the Bradano river, the presence of higher and heterogeneous surface velocities in the cross section (mean
flow velocity about 0.7 m/s and maximum flow velocity
about 1.47 m/s) induced us to adopt the original framerate recording (24 fps). At the same time, the different
average seeding densities in the two river systems required a different number of frames (up to 100 frames
for the Noce river and about 600 for the Bradano river),
allowing obtainment of a quasi-uniform flow field and
limiting the area where the seeding was insufficient. In
both field experiences, the velocity measurements are in
close agreement with benchmark measurements (RMSE
about 0.12–0.14 m/s) with a significant improvement of
final results in the portion of the cross section characterized by a good seeding concentration (RMSE from
0.01 to 0.04 m/s).
Field experiments have pointed out the influence of
tracer color with respect to natural river background on
image processing analysis. Two different river backgrounds were analyzed: clear and shallow water conditions, characterized by a river bed roughened by stones
of different heterogeneous color clearly visible, and
turbid water conditions, typical of natural streams near
the delta, characterized by a surface with uniform color.
In the clear and shallow water configuration, the absence of clearly visible tracers, due to low contrast and
inhomogeneous background, can determine a more
scattered velocity field and lead to a less accurate flow
velocity estimation. On the contrary, in a turbid current,
natural conditions allow for good identification of patterns, minimizing the effects of solar reflections. In
turbid river systems, both wood chips and charcoal
tracers have shown a good level of contrast, while in
clear water conditions and under direct sunlight illumination, wood chips have shown the maximum visibility
because of direct sunlight illumination.
Even if further studies on the accuracy of the PTV
measurements are required, the parametrization presented in this paper offers a proof-of-concept demonstration
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of good accuracy surface streamflow estimations, compared to conventional methods. This method, together
with other no-contact techniques, such as surface velocity radars, offers the advantage of providing measurements of mean-channel velocity and streamflow during
hydrologic extremes in both gauged and ungauged settings. For instance, the estimation of maximum surface
flow velocity combined with the maximum entropy
principle and site-specific geometrical characteristics
can allow a rapid and accurate estimation of mean flow
velocity and flow discharge in several conditions, even
in non-instrumented sections (Chiu 1988; Moramarco
et al. 2013; Moramarco et al. 2004).

Conclusion
In this study, numerical simulations were carried out to
investigate how the variability in technical parametrization, in terms of particle displacement, particle concentration, and number of frames, affects the results obtained using a particle tracking algorithm. The main goal
was to identify and suggest the optimal parameters to
adopt in field surveys.
Synthetic simulations demonstrate that the use of
good resolution image sampling with a correct recording
frame rate for local flow velocities is essential to obtain
realistic velocity estimations. For low flow conditions,
subsampling the original data during post-processing
analysis makes it possible to obtain more realistic results. Furthermore, a high seeding of tracers and good
spatial distribution can improve the quality of flow field
maps, while in low seeding density conditions, the
choice of an adequate number of frames can help obtain
good results. At the same time, the choice of floating
particles with significant color contrast with respect to
the background can allow estimation of flow velocities
with good accuracy compared with conventional
methods. The selection of tracer material should be
made with care and according to the local environmental
characteristics (e.g., water turbidity, river bed material,
and lighting conditions). For instance, in turbid water,
natural black tracers like charcoal provide sufficient
color contrast with respect to the background. On the
contrary, in clear water conditions, where the effect of
the background is more substantial, the choice of white
tracers (i.e., wood chips) allows for greater color contrast under direct sunlight illumination.
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It is necessary to point out that the results presented in
this manuscript cannot be considered exhaustive. There
are additional issues that also deserve attention and will
be investigated in future applications. For instance,
some possible sources of error are represented by the
tendency of floating particles to agglomerate, the influence of air resistance in the opposite direction of the
flow, and the difficulties in obtaining a homogeneous
particle seeding on the water surface (Weitbrecht et al.
2002). A common problem is the distribution of the
tracers along the entire width of the cross sections and
the consequent lack of seeding especially near the
banks. Moreover, lighting conditions, water reflections,
surface ripples, wind, and rain also play roles in successful image pre-processing (Creutin et al. 2003; Hauet
et al. 2008; Tauro and Salvatori 2017).
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